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ABSTRACT

Underwriting is a risk assessment process that classifies insurance applications into different
categories. Traditional underwriting is costly, time-consuming and perceived as a barrier for the
underserved population. Despite many attempts to automate life and health insurance underwriting,
the dominant approach is a mix between rule-based engines and traditional underwriting.
Applications are first assessed by rule-based engines — approximately a third of all applications are
processed successfully by these engines. The remaining applications are reviewed by underwriters or
even referred to the reinsurers. The rule-based engines have no predictive ability of applications that
do not fit into the existing rules encoded into the engines. Therefore, the natural-step improvement
to the current approach is predictive machine learning models.

This research aims to construct predictive machine learning models to predict underwriting
decisions for life and health insurance applications, using reinsurer data that are predominantly
applications with complex medical conditions and large sum insured. The models are designed to
provide an end-to-end solution, so machine learning techniques such as natural language processing
and clustering analysis are used to process real-world data; in particular, free-text descriptions of
impairments and occupations, which the traditional statistical models cannot process. Text mining
tools such as word clouds are used as part of preliminary analyses and give some insights into
medical underwriting. Various feature selection methods such as mutual information and recursive
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feature elimination are used to improve prediction accuracies. Lastly, machine learning algorithms
such as XGB, Random Forest and bagging are used to predict the underwriting decisions.

The accuracies of various machine learning models are then compared: the extreme gradient boost
algorithm with a combination of feature selection methods performs the best, with 94% accuracy
on the training set and 71% accuracy on the testing set. This result is a significant improvement
from the rule-based engines that can process only a third of the applications. The feature ranking
function of the extreme gradient boost algorithm gives additional underwriting insights such as
the features that are the most important for the model to determine underwriting decisions. The
remarkable increase in prediction accuracies, as well as additional functionalities such as feature
ranking, indicate that predictive machine learning models could be used to improve the current

underwriting process significantly.
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1. INTRODUCTION
1.1  Background

Underwriting is a risk assessment process that categorises insurance applicants into
different risk classes. According to the Charted Insurance Institute, underwriters need to
‘assess the risk decide whether or not to accept the risk, or how much to accept, determine
the terms, conditions and scope of cover to be offered; and calculate a suitable premium’
(Charted Insurance Institute, 2020).

In the case of life and health insurances, underwriters typically make decisions based
on various risk factors such as the applicant’s age, health status, lifestyle, occupation, medical
history, the type of products and the sum insured. For a healthy applicant, the underwriting
decision is typically to accept the application with standard terms and no further information
is required; for an individual in poor health, the decision is either to decline or to accept
the application with extra premium expressed as a percentage of the standard premiums.
Underwriters also decide the magnitude of this percentage, for example, an additional 125%
of the standard premiums due to the additional risk that the applicant carries. This percentage
is called loading. In summary, underwriters need to decide if applications should be accepted
or declined, and the loading to be applied to the standard rates if applicable.

The dominant automated underwriting approach is rule-engines storing rules
translated from the existing underwriting guidelines; alternative approaches such as
predictive models are uncommon (Batty & Kroll, 2009: p.11). However, only a finite number
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of rules can be stored in a system, so rule-engines cannot process applications that do not
fit into any existing rules. In this situation, underwriters will be called upon to review the
application, and they may even refer the case to the reinsurer(s) for an opinion if the medical
conditions of the applicant are too complex, or the sum insured is too large.

The current underwriting process can take 3-4 weeks on average (Cornelius, 2015),
because, underwriters may need additional medical test results such as CT scans for many
applications. The existing process is very inefficient and has several undesirable consequences:
—  The underwriting process ‘is often cited as a barrier for underserved populations

to insure themselves’ (Batty & Kroll, 2009: p.4), partially because medical tests cost

money before the applications are even accepted.
—  The review process is lengthy, which impacts negatively on the customer experience
and could lead to lost business opportunities, for example, ‘only 40% of U.S. households

own individual life policies’ (Prudential, 2015).

—  Underwriting decisions could be prone to human errors, particularly those complicated
cases that are accessed by human underwriters.

1.2 Objectives

The life insurance companies that have successfully implemented automated underwriting
are not using it for medical underwriting; instead, the automated system is used for ‘simplified
issue and non-medical underwriting), or ‘small- to medium-sized policies’ (Batty et al.,
2010: p.3). Life insurers that have tried to replicate medical underwriting using automated
systems have had little success and have found that underwriters still need to review many
applications (Batty et al., 2010: p.4). Companies that implemented automated medical
underwriting systems found it challenging to issue more than one-third of policies directly
from the system (Batty et al., 2010: p11). In other words, this means that the rule-engines
have no predictive ability if an application does not fit into any of the rules in the system.
In a loose sense of accuracy, rule-engines can make correct underwriting decisions for only
approximately a third of all applications.

This research aims to assess whether predictive machine learning models can be used
in the context of life and health insurance policies, in particular, medical underwriting of
applications with complicated medical conditions and large sum insured.

Desirable outcomes of this research are to build predictive machine learning models
that can:

—  achieve high accuracy of predictions of underwriting decisions from the machine
learning algorithms, given rule-engines can make correct decisions for only a third of

the applications (Batty et al., 2010: p.11);

—  label applications such that, if the insurer is mainly concerned with high-risk
applications, the labels can be used to flag these policies;

—  provide underwriting insights that can be used to improve the current process; for
example, models can reveal features that have high predictive powers of underwriting
decisions.
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Data containing free-text descriptions of medical conditions and occupations are pre-
processed using machine learning techniques such as natural language processing and
k-means clustering analysis.

Several predictive machine learning algorithms are then constructed using processed
data. These include Random Forests, Decision Tree, Gradient Boosting, Extreme Gradient
boosting, bagging algorithm, AdaBoost, Support Vector Machine, Stochastic Gradient
Descent, K Neighbours, and ordinal logistic regression. Both classifier and regression models
are constructed and compared in this research. A broad range of models is constructed to
ensure that the best-performing model achieves a high accuracy score.

A secondary objective is to draw insights from the modelling results to make actional
business recommendations. For example, the modelling results can rank features by their
significance at predicting underwriting decisions, so insurers should capture these variables
as accurately as possible. On the contrary, some features have negligible impacts so they
could be omitted to reduce the amount of application processing time.

1.3 Overview

Section 2 discusses the existing research pertaining to various aspects of this topic,
although there is no extensive literature on the exact subject of this research. Section 3
outlines the methodologies and briefly discusses the rationale for employing various machine
learning techniques. Section 4 introduces the datasets used for this research, details the
machine learning techniques used for preprocessing free-text data, and ends with preliminary
data analyses. Section 5 explains various methods used for feature selection and dimension
reduction. Section 6 discusses the models, compares their performances, and interprets the
results. Section 7 discusses the business applications of the model results and the adaptions
for underwriting for specific insurance products. Section 8 concludes this research, discusses
the limitations of this research, and makes suggestions for further research.

2. LITERATURE
2.1 Data source and treatment of missing data

There is a lack of public life insurance data with sufficient detail and dimensions,
and the majority of existing research uses online databases that are pre-anonymised and
preprocessed in the sense that variables in these databases are already numerical or
categorical. However, real data are rarely strictly numerical and categorial. For example,
descriptions of medical conditions and occupations in the applications are texts, and a large
part of underwriters’ work is to read through descriptions of medical impairments and
decide if an insurable medical condition is applicable. Similarly, applicants do not come with
labels of occupation classes, and underwriters need to decide which occupational classes
applicants belong to, based on their job descriptions. Being able to handle free-text data
is thus an essential feature of an implementable predictive model that provides an end-to-
end business solution. Existing research using datasets that are already in numeric formats
skip this functionality of processing non-numerical variables entirely. In fact, insurers found
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desirable underwriting systems should ‘have a broad array of functionalities including
processing medical lab tests’ and ‘more developed reflective applications (which provide
details into impairments)’ (Batty et al., 2010: p.11).

Furthermore, without the knowledge of how original data are transformed into
numerical and categorical variables, it is difficult to make assumptions about the nature of
missing data. Thus, the treatment of missing data amongst the existing research could be
misguided. Missing values can be one of the three scenarios:

—  Missing Completely At Random (MCAR): the missing and the observed values have
no systemic difference;

—  Missing At Random (MAR): the systemic difference between missing and observed
values can be explained and thus predicted by the observed values;

—  Missing Not At Random (MNAR): the systemic difference between missing and

observed value cannot be predicted by the observed values (Sterne et al., 2009).

In their paper, Boodhun and Jayabalan (2018) assumed that the missing values were MAR
because the visualised missing values appeared to be random, so multiple imputation
techniques were used to replace the missing data . However, MAR may not be valid: Boodhun
and Jayabalan identified 13 variables with missing values, all of which are medical conditions,
family medical history or insurance history, which are numbered but not described, so users
do not know what each variable means. For example, ‘Medical_Condtion_10’ is identified
as having the most missing values, but it is unknown what exact condition this variable is.

The meanings of variables with missing values are important because it is entirely
plausible that these missing values are MNAR and cannot be imputed. For example, ‘Medical _
Condition_10’ has 58824 missing values out of 59381 data points, so 99% of the values are
missing. It is therefore likely that ‘Medical_Condition_10" is a rare medical condition that
most applicants never heard of and did not have, so they left the field blank. In this case, data
are missing precisely because this medical condition is not applicable. Similarly, insurance
history may have been left blank because the applicant has not bought any prior insurance.
Therefore, MNAR is more plausible than MAR.

In their paper, Jakobsen et al. (2017) discussed the practical considerations of using
imputation techniques and summarised common scenarios where imputation is not
appropriate, and these scenarios include:

—  the percentage of missing data is either negligible (less than or equal to 5%);
—  the percentage of missing data is significant (greater than or equal to 40%);
—  data are only missing on the outcome variables;

—  neither MCAR nor MNAR is plausible.

When MAR is not plausible, using multiple imputation could lead to bias in the substantive
analysis (Sterne et al., 2009).

Furthermore, Boodhun and Jayabalan used the Multivariate Imputation via Chained
Equations (MICE) package in R to carry out imputation (Boodhun & Jayabalan, 2018), and
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this package is developed with the assumption that the missing values follow multivariate
normal distributions (van Buuren & Groothuis-Oudshoorn 2011). Given that all the missing
values in Boodhun and Jayabalan’s dataset are binary dummy variables, the multivariate
normality assumption may be invalid, in which case using MICE R package to replace
missing values may be inappropriate.

2.2 Feature selection and dimension reduction

Dimension reduction projects the original data into a lower-dimensional space,
and Principal Component Analysis (PCA) is one of the most commonly used dimension
reduction methods, which generates new features from the original features with
minimal loss of explained variance (Sarveniazi, 2014). It is an excellent tool for increasing
computational efficiency and visualising the decision boundary if the dimensions can be
reduced to two or three components. However, for high-dimension data with hundreds of
features, the interpretation of new features created can be obscure and difficult to explain,
particularly in a business context. It is even more challenging to draw any actionable business
recommendations.

Unlike PCA, feature selection does not create new features but selects a subset of the
original features. Several feature selection methods are discussed below.

Filter methods can be based on correlation or mutual information. Correlation-based
filter methods may use the correlations between input variables only and eliminate the
input variables that are highly correlated because they are redundant. Mutual information
methods typically select the features based on entropies between input and output variables.
Filter methods are computationally efficient, less prone to overfitting, and independent from
the machine learning algorithm used for modelling. However, they may include redundant
features that are highly correlated to the output variable, or eliminate features that are not
highly correlated to the outcome variable in isolation, but provide useful information when
used jointly with other features (Chandrashekar & Sahin, 2014). The modeller should apply
their domain knowledge to check features to be eliminated by filter methods before removing
them from the data.

Wrapper methods interact with the machine learning algorithm used for modelling.
Wrapper methods are more accurate than filter methods but more computationally expensive
and prone to overfitting (Chandrashekar & Sahin, 2014). It also requires the modeller to
predefine the number of features to be selected. Given that insurance data are typically large
with high dimensions and many noisy features, without knowing the optimal number of
features at the outset, using wrapper methods is impractical for this research.

Recursive Feature Elimination (RFE) is essentially a backward selection method that
works particularly well with tree-based algorithms such as Random Forest (Kuhn & Johnson,
2019). REE trains the model, computes the feature importance using a score function, and
eliminates the least important features recursively (Kuhn & Johnson, 2019). An additional
advantage is that RFE can be implemented with cross-validation in sklearn, which reduces
overfitting. Lastly, RFE with cross-validation does not require the modeller to predefine the
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number of features to be selected; instead, the method will determine the optimal number
of features.

Each feature selection or dimension reduction method has its advantages and
drawbacks. This research considers various methods, assesses each method concerning its
practicality, efficiency, accuracy and applicability in the business context. This research uses
a combination of feature selection methods, and the rationale is discussed in more detail in
section 5.2.

2.3  Machine learning models

This section gives a brief overview of the more advanced or less familiar machine
learning algorithms used for modelling. Some well-known algorithms, such as logistic
regression and decision tree, are not discussed even though they are used for this research.

Instead of growing one classification tree in the case of Decision Tree (DT), Random
Forest (RF) grows many trees, each of which is constructed using a subset of the data
samples and a subset of features. The data subsets and feature subsets are chosen at random,
so RF is less prone to overfitting than DT. RF performs well on imbalanced data, or large
high-dimensional datasets with missing values, and can rank features by their importance
(Breiman et al., 1984).

AdaBoost trains weak learners on weighted versions of the dataset and combines
the outputs through a weighted majority vote to produce the final output. Higher weights
are given to more accurate learners (Hastie et al., 2009). Traditionally AdaBoost handles
multiclass classification by converting the problem into multiple binary classification
problem; Zhu et al. (2006) proposed an algorithm ‘SAMME’ that extends AdaBoost into a
single multiclass problem and ‘adaptively implements the multiclass Bayes rule by fitting a
forward stagewise additive model’ In their paper, Zhu et al. (2006) also demonstrated that
SAMME outperforms traditional AdaBoost slightly on six benchmark datasets. For this
research, the SAMME algorithm is implemented to maximise the performance of AdaBoost.

Gradient boosting is similar to AdaBoost but aims to minimise the residual errors by
optimising the loss function at each iteration (Friedman, 2001).

XGBoost is a scalable tree boosting algorithm based on gradient boosting. It has
several improvements compared to the gradient boosting: for example, XGB adds a penalty
term to the loss function, so XGB is designed to select models with less complexity to avoid
overfitting (Chen & Guestrin, 2016). Its other advantages include its ability to handle sparse
data, and the parallel and distributed computation that increases learning speed (Chen &
Guestrin, 2016).

Bagging algorithms are similar to boosting algorithms in the sense that they also
combine weak classifiers to increase the performance of the final output. Bagging algorithms
train weak learners in parallel independently on randomly bootstrapped samples of the
original training set, whereas boosting algorithms adjust weights to the weak learners
sequentially (Quinlan, 1996). In his paper, Dietterich (2000) found that boosting performs
better than bagging on datasets with little noise, but bagging performs better on datasets
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with substantial noise. However, Dietterich’s paper mainly compared Adaboost and bagging,
and it was published before the invention of XGB. The comparison of these two ensemble
algorithms is discussed further in section 6.

Support Vector Machine (SVM) is a popular classification algorithm that transforms
non-linear input variables into a feature space, and a decision boundary is constructed
(Cortes & Vapnik 1995). This algorithm requires the modeller to specify the kernel function
to be used. A comparison of different kernel functions for SVM-based classification shows
that the Radial Basis Function (RBF) kernel performs the better than linear and polynomial
kernels (Yekkehkhany et al., 2014).

Stochastic gradient descent (SGD) is a popular optimisation algorithm that uses
approximate gradients estimated from samples of the training data and updates the
parameters iteratively (Tsuruoka et al., 2014). When the loss function is specified as ‘log),
the algorithm effectively trains logistic regression through SGD. L1 regularisation is better
L2 in practice since many of the weights of unimportant features can be zero under L1 and
more compact model is selected (Tsuruoka et al., 2014). Indeed, it has been demonstrated
empirically that SGD for L1-regularised log-linear models performs well on several high-
dimension datasets (Tsuruoka et al., 2014).

3. METHODOLOGY

The methodologies used for this research are illustrated in Figure 1.

The first step is to process free-text data, in particular, descriptions of impairments and
occupations. Free-text data are typically entered into the data-capture system manually by
administrators. Such unstructured data contains words of the same meaning but in different
variations. For example, alcoholism may be described as ‘excessive alcohol consumption,
‘alcoholic’ and so on. In addition to different variations, free texts are prone to typing errors
or other issues associated with natural languages. Typically, underwriters can recognise
these errors and different word variations or synonyms. Natural language processing is used
to imitate this process, so words appear in lower case and their word origins. Lastly, some
descriptions of impairments or occupations do not exist in the medical condition list or
occupation list, and underwriters need to apply judgements as to which medical condition(s)
and occupations are applicable. Clustering analysis is applied to imitate this thought process.

In short, the first step aims to imitate the process that underwriters use to correct
errors in text data and apply judgements to these data. The machine learning techniques are
discussed in detail with examples in section 4.2.

The second step is to transform the text data into numerical data, so further statistical
analysis and modelling can be carried out. This step requires knowledge of how data are
captured and what each column in the data means.

The third step is to look at the missing data and decide on the appropriate treatment
of the missing data, as well as carry out preliminary data analysis. This step is typically the
starting point of previous research.

The next step is to apply various machine learning techniques for dimension reduction
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FIGURE 1 Methodology flowchart

and feature selection. PCA is used to demonstrate that it is not appropriate in the context
of insurance data. Correlation-based filters are applied to select a subset of features before
modelling because these feature selection methods are independent of the underlying models.
The threshold for feature elimination is set to be very conservative, and the features to be
eliminated are sensibility-checked before being removed. This ensures that no important
feature is deleted before model training.

In addition to correlation-based filter methods, other feature selection methods
such as mutual information method and recursive feature elimination (RFE) are used for
this research in step 5. The model training is performed on various subsets of features
selected by a combination of these feature selection methods in step 6. Steps 5 and 6 are
performed iteratively because some feature selection methods such as RFE are dependent
on the machine learning models. Furthermore, some feature selection methods such as
mutual information method require the modeller to specify the number of features to be
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selected, but this number is unknown at the outset. Iterative selection compares the model
performances using various numbers of features and eliminates the need to predefine the
number of features to be selected. A combination of various feature selection methods is
relatively computationally efficient and avoids the pitfalls of each method used in isolation.

Ten machine learning algorithms are considered for this research. Underwriters
firstly decide whether the application can be accepted; if an application is too risky, it will
be declined, and no further assessment is required, so this is a binary classification problem.
Next, underwriters need to decide whether loadings need to be applied to the accepted
applications; if an application is accepted on standard rates, no further assessment is
required, so this is also a binary classification problem. Lastly, underwriters need to decide
how much loading to apply for those applications that have higher risks than standard or
preferred applications, but the risks are still acceptable. The loadings are multiples of 25%
and rarely exceed 400% because a loading higher than 400% would mean the application is
too expensive for the applicant or too risky to accept for the insurer. On the rare occasions
that loadings exceed 400%, the application would be heavily scrutinised by underwriters on
a case-by-case basis. In other words, loadings can only be 25%, 50%, 75% up to 400%. As
a result, the underwriting decision can be modelled as a multiclass classification problem.
Class labels and descriptions are summarised in Table 1.

TABLE 1 Class labels and descriptions

(lass Label | Description
0 loading is 0, the application is accepted on standard terms

1 loading is 17 25% = 25%, the application is accepted with loading 25%

2 loading is 2 * 25% = 50%, the application is accepted with loading 50%

3 loading is 3 * 25% = 75%, the application is accepted with loading 75%

4 loading is 4 * 25% = 100%, the application is accepted with loading 100%
5 loading is 5 * 25% = 125%, the application is accepted with loading 125%
6 loading is 6 * 25% = 150%, the application is accepted with loading 150%
7 loading is 7 * 25% = 175%, the application is accepted with loading 175%
8 loading is 8 * 25% = 200%, the application is accepted with loading 200%
9 loading is 9 * 25% = 225%, the application is accepted with loading 225%
10 loading is 10 * 25% = 250%, the application is accepted with loading 250%
11 loading is 11 * 25% = 275%, the application is accepted with loading 275%

12 loading is 12 * 25% = 300%, the application is accepted with loading 300%
13 loading is 13 * 25% = 325%, the application is accepted with loading 325%
14 loading is 14 * 25% = 350%, the application is accepted with loading 350%
15 loading is 15 * 25% = 375%, the application is accepted with loading 375%
16 loading is 16 * 25% = 400%, the application is accepted with loading 400%
20 the application is accepted with loading greater than 400%

100 declined applications
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There are several reasons that underwriting decisions, including loadings, could be considered
as a multiclass classification problem. Firstly, the natural underwriting decision process
resembles a decision tree, so it fits the nature of classification models better, in particular, tree-
based models. Even with variable transformation, the output variable, underwriting decision,
and the input variables are unlikely only to have linear relationships for which regression
models are more appropriate. Secondly, the loadings have discrete values as multiples of
25%, so they are not continuous variables and thus need to be modified to be modelled by
classic regression models. As explained above, the loadings are one of 16 possible values, and
rarely exceed 400% so they behave more like ordinal variables which can be modelled by
classification models. Lastly, underwriting assessment stops when an application is declined,
and no loadings would be assigned to declined applications. If loadings were to be modelled
using regression models, artificial loadings need to be assigned for the declined applications
for modelling. In this case, declines application is labelled as ‘100’

Ordinal logistical regression models are included in the research because they are well
studied and understood, so they are useful for drawing insights. For this research, all major
machine learning algorithms are trained, including logistic regression models and classifiers
such as decision tree and random forests.

The prediction accuracies are computed to compare model performances. Micro
precision scores, as opposed to macro precision scores, are computed because the dataset is
imbalanced, as shown in Figure 2.

The micro-average precision score is calculated from the individual classes’ true
positives (TPs), true negatives (TNs), false positives (FPs), and false negatives (FNs); whereas
the macro-average F1-score is calculated as the arithmetic mean of individual classes’ F1-
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FIGURE 2 Frequencies of class label
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score. Using macro scores therefore would give more weight to smaller classes. In some
circumstances, the macro score may be considered more appropriate, for example, the
user is concerned with the underwriting decisions for risky classes only, and might want to
assign a high weight to class 20 However, this research aims to achieve a high prediction
for all applications; therefore, high weights for smaller classes are inappropriate because the
accuracy scores would be biased towards small classes with sparse data.

4. DATA

This section discusses various aspects of data, with an emphasis on section 4.2,
which explains in detail how data are preprocessed. In practice, predictive machine learning
algorithms are uncommon for modelling underwriting decisions, partially because the real-
world data contain free-texts, so several machine learning techniques are used to resolve this
issue.

4.1 Data source

The data used for this research are a reinsurer’s dataset. Reinsurers act as the insurers
for insurance companies, so typically policies with complex medical conditions and large
sum insured are referred to reinsurers. This means that the dataset is skewed towards the
applications with complex medical underwiring risks and large sums insured. Although
the dataset does not represent the population, this is advantageous for the aim of this
research — assessing the applicability of predictive machine learning models in replicating
medical underwriting and for applications with a large sum insured.

The primary dataset contains 29317 applications from January 2017 to June 2020.
There are 37 columns in the data, several of which are free-text variables. The detailed
descriptions of these columns in this dataset are summarised in Appendix 1. This dataset
contains information about the applicants such as age, gender, weight and height, their
health status such as impairments, the product information such as sum insured. Each row
is an application, and each column is a feature of applications.

Two supplementary data files are used to assist in processing the primary data: the
first is a list of medical conditions and their associated symptoms for underwriting. The
second supplementary data file is an occupation list that categorises different jobs into four
occupational classes. Occupational class 1 is the lowest risk group and class 4 is the highest.

The two supplementary lists are in-house lists based on medical research and
experience analysis. Insurers or reinsurers typically have similar in-house lists that reflect
their underwriting guidelines.

4.2  Pre-processing

Two columns in the primary dataset are free-text data that require preprocessing:
‘AssessmentImpairment’ and ‘Occupation’ Appendix 10.2.1 is an extract of the primary
dataset, showing these two columns for several applications.

Column ‘AssessmentImpairment’ contains descriptions of impairments or symptoms
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of each applicant; if this column is empty, it means that the applicant does not have any known
pre-existing medical condition. Typically, underwriters would match the impairments in the
application to the impairments in the medical condition list, which is mapped to a medical
condition; this medical condition is then used with other information such as age and gender
to look up the correct loading in the rule-engines. For example, the impairment description
in the second row is ‘back pain’; this exact impairment can be found in the medical condition
list, and it is mapped to condition ‘skin, muscles, bones, joints, or connective tissue.

Sometimes, spellings or word variations in the application may be different from those
used in the condition or occupation list. For example, an impairment in the primary data
(Appendix 10.2.1), ‘Hodgkin disease, does not match any of its variations in the condition
list in Appendix 10.2.2. This problem is resolved by using natural language processing which
converts all words into lower case, removes all punctuation, converts all words into their
word origins through stemming and lemmatisation so the exact match can be found.

If an exact match is not found, underwriters will check for similar impairments listed
in the medical condition list to find a suitable condition. For example, an impairment in the
primary data, ‘wrist complaints, is not one of the listed impairments. However, searching for
‘wrist’ in the condition list would yield several results such as ‘wrist break], ‘wrist injury’, and
‘wrist pain; all of which are mapped to condition ‘skin, muscles, bones, joints, or connective
tissue. Given the vague description ‘wrist complaints, it can be reasonably deduced that
condition ‘skin, muscles, bones, joints, or connective tissue’ is applicable. This thought
process of an underwriter is imitated using a Python function ‘get_close_matches’ which
returns a list of close matches to the word of interest, sorted in descending order of similarity
scores. The closest match is used for mapping to a suitable condition. In the example here,
the closest match that the Python function returns is ‘wrist pain, which is what a human
underwriter would have used too.

If neither an exact nor similar impairment is found, underwriters would typically apply
judgements to find an applicable condition. This process is imitated by clustering analysis:
all impairments in the condition list are grouped by their corresponding conditions, so
35 clusters are created to represent 35 conditions, each of which contains many impairments
all belonging to the cluster. Cluster analysis is performed on impairments without an exact
or a close match, so they are mapped to the most appropriate condition cluster given the
impairments. For example, an impairment in the primary data is ‘underweight’ for which
neither an exact nor a close match can be found. However, condition ‘other’ includes
multiple impairments such as ‘weight loss’ and ‘slimming), so an underwriter would map
‘underweight’ to ‘other’ condition. Indeed, the clustering analysis maps ‘underweight’ to
‘other’ as an underwriter would.

The occupations in the primary data are processed similarly by natural language
processing and clustering analysis, so they are mapped into the correct occupational classes.
If no occupation information is available in the application, the occupational class is labelled
as 0, so the coeflicient of occupational class in a regression analysis has no impact on
applications with no occupation data.
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After mapping impairments and occupations into the right conditions and
occupational classes, 35 dummy variables are created for each of the 35 conditions, and one
categorical variable is created for occupational class with values 0 to 4.

The resulting primary data used for modelling contain the output variable ‘loading’
and 118 input variables or features.

4.3 Missing data

There are five variables with missing values, and their correlations with one another
are visualised in Figure 3. BMI is calculated as the weight divided by the square of the height
measured in metres, so it is highly correlated with height and weight. There are some missing
values in ‘EntryAge’ and ‘FaceAmount], but these two are not correlated with each other or
with BMI, height or weight.

The percentages of missing values are examined and illustrated in Appendix 3. The
percentages of ‘EntryAge’ and ‘FaceAmount’ missing are less than 1%, so they are negligible
and deleting these missing values would not affect the modelling results. However, the
missing ‘BMI, ‘Height’ and ‘Weight’ are approximately 40%.

Furthermore, the correlations of missing variables with other variables are computed
and illustrated in a correlation matrix (Appendix 4), which reveals that the missing ‘BMI;
‘Height’ and ‘Weight” can be entirely attributed to a few companies, possibly as a result of
these companies’ data capturing issues or their application form design. This pattern suggests
that the values are MNAR and cannot be imputed.

Due to large percentages of missing values, and that MNAR is plausible, imputation
to replace missing values is not appropriate, so only complete data are used for modelling.

FaceAmount

EntryAge 0.1

Height 0.1

Weight 04

y
%,

W

FIGURE 3 Variables with missing values and their correlations
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4.4  Preliminary data analysis

There are only five continuous numerical input variables, and pairwise scatterplots of
these five variables are shown in a matrix (Appendix 5). As seen in the scatterplots, if entry
age is high, that is, the applicant is over 60, the application is more likely to be declined
than younger applicants in their 30s or 40s. There are some outliers in BMI, height, weight,
‘FaceAmount and ‘EntryAge’ These are data errors, for example, BMI smaller than ten or
greater than 100 are erroneous, so they are removed.

The other input variables are either dummy variables or categorical variables. Due
to large dimensionality, plotting pairwise scatterplots in one matrix would result in visual
clutter, so only six variables are chosen as examples. The scatterplot matrix is attached in
Appendix 6. The plot of ‘DatelnputYear’ suggests that there were more declined cases in
2017 than other years, suggesting a change in the underwriting guideline. The blue line,
which represents accepted applications on standard terms, peaks for applicants with no
heart-related conditions, suggesting that this medical condition is an important feature for
modelling underwriting decisions.

After removing missing values and outliers, there are 18182 applications in the data.

5. FEATURE SELECTION
5.1 Principal component analysis

PCA aims to transform a high-dimensional dataset into a lower-dimensional dataset
with minimal loss of explained variance. Figure 4 shows the explained variance against the
number of new features derived from the original features using PCA.

It is clear that at least 100 new features are required to obtain near 100% explained
variance, and at least 85 new features are required to obtain approximately 95% explained
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FIGURE 4 Explained variance vs number of derived features for PCA
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variance, so 5% of the variance is lost before model training. PCA is not useful at reducing
the number of features for this dataset.

Another use of PCA is visualising the decision boundary that separates different
classes when the original dataset is projected into a two-dimension feature space. For
demonstration purposes, four class labels are used to avoid visual clutter. These four classes
are shown as scatterplots in a two-component PCA in Figure 5.

There is no clear decision boundary between these four classes, and the boundaries
would be even less clear with all 19 classes shown.

Since PCA is not useful at reducing the dimensions or visualising decision lines, and
the interpretation of new features generated is obscure, PCA is not used.

5.2  Feature selection methods
This research uses a combination of correlation-based filter methods, mutual
information, and recursive feature elimination. These methods are chosen with the following
considerations:
—  Practicality: some methods such as wrapper methods are too computationally
expensive to be practical for insurance data with large dimensions; the three methods
used are relatively computationally efficient.

Principal Component 2

-4

-4 -2 0 2
Principal Component 1

FIGURE 5 Two-component PCA
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—  Parameter-tuning: the recursive method can determine the optimal number of
features to be selected; the mutual information method is adapted to do so using the
loop described below.

—  Accuracy: correlation-based filter methods may eliminate features which are
important, and the candidate features are checked before being removed. The other
two methods are fairly accurate.

—  Business applicability: PCA is considered but not used; the rationale is discussed
above.

First, correlation-based filters are applied to remove features with constant values.

Next, the correlations between all the input variables are computed. The variables
with correlations higher than 0.97 are deemed redundant and candidates for removal.
The threshold is set at 0.97 to be conservative to avoid deleting important variables. Four
variables have correlations higher than 0.97 with preceding variables: ‘FollowUp, LumpSum,
‘ADB’ and ‘Mortality’ ‘FollowUp’ is a dummy variable indicating whether the application is
a follow-up or a new application and equals to 1 minus the preceding indicator ‘New’, so
‘FollowUp’ can be removed. For example, if the application is a follow-up, the follow-up
indicator for this application would be 1 and the ‘new’ indicator for this application would
be 1 minus 1 which equals to zero and vice versa. ADB’ stands for ‘Accidental Death Benefit’
so it is the same as ‘Accident’ and thus can be removed. ‘Mortality’ and ‘LumpSum’ are highly
correlated because products exposed to mortality risk are always paid as a lump-sum benefit.
Of the 18182 applications, 14154 are exposed to mortality risk, all of which have lump-sum
benefits, and there are 14323 applications with lump-sum benefits. Their relationships are
illustrated in Figure 6. ‘Mortality’ can be treated as a baseline category of product risk when
other product risk indicators such as ‘Disability’ are in the feature subset; thus, ‘Mortality’
is removed and ‘LumpSum’ is kept. After a reasonability check, three out of four candidate
features are removed, which results in a subset of 107 features.

RFE with cross-validation has the capability of determining the optimal number of
features, so it is used next. Five-fold cross-validation is used to reduce overfitting. RFE is
model-dependent, and XGB is used as the underlying algorithm. As discussed in the literature

FIGURE 6 Relationship between ‘LumpSum’ and ‘Mortality’
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review, tree-based models benefit more than other algorithms when used with RFE, and
XGB has an in-built penalty to avoid overfitting compared to other tree-based algorithms, so
it is used as the underlying algorithm. Furthermore, XGB performs the best on the data with
the original feature set compared to other models. F1 micro is used as the scoring function
due to data being imbalanced. The cross-validation score against the number of features
selected is plotted in Figure 7.

We can see that the score increases steeply before 40; thereafter, the score increases
marginally with each additional feature before peaking at 67, after which the score starts to
drop a little.

The mutual information method is then used to select features further from the 67
features. This method requires the modeller to specify the number of features to be selected,
but this is unknown, so a loop is used to compute the accuracies of all algorithms on the testing
set for k features, where k = {5, 6..., 67}. The performance of the testing dataset using the
teature selected by each loop is compared, and multiple loops can produce the same maximum
accuracy score. The loop that maximises the performances across all models is chosen, and
the number of features in this loop is 43, which contains ‘BMI, ‘FaceAmount, ‘EntryAge,
‘LumpSum;, ‘OccClass;, ‘heart, ‘neurological, ‘psychiatric; ‘diabetes, amongst other features.

6. MODELS AND MODEL PERFORMANCES
6.1 Models

There are ten machine learning algorithms included: Random Forests, Decision Tree,
Gradient Boosting, Extreme Gradient boosting, bagging algorithm, AdaBoost, Support
Vector Machine, Stochastic Gradient Descent, K Neighbours, and ordinal logistic regression.
Some are classification models; others are regression models.

0.65 —

0.60 —

0.55 —

0.50 —

Cross validation score
(nb of correct classifications)

0.45

T T T T T
0 20 40 60 80 100

Number of features selected

FIGURE 7 Score vs number of features selected
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The parameters are tuned such that the accuracy score is maximised for each classifier.
For some parameters, the range can be estimated due to the nature of the problem. For
example, for boosting or bagging algorithms, the ‘max_feature’ is set to be no greater than
the total number of features selected. Parameter ‘n_estimators’ is the number of trees built
for tree-based algorithms. It is set to be 80 initially. This parameter, together with other
parameters such as learning rate, are finetuned using a five-fold randomised search after the
optimal subset of feature is selected. A randomised search of optimal parameters is done on
parameters that may reduce overfitting. For example, eta is the parameter that controls the
model complexity of XGB and may reduce overfitting, so it is one of the parameters that is
tuned for XGB.

For Adaboost, ‘SAMME’ algorithm is implemented, so the underwriting decision is
modelled as a single multiclass classification as opposed to multiple binary classifications.
The theories are outlined in section 2.3.

For the SGD algorithm, the loss function is set to log’ so the underlying learner is
logistic regression and the penalty term is set to be L1 regularisation. Lasso regression is
chosen because it removes noisy features; whereas L2 regularisation reduces the weights on
these features.

For the SVM algorithm, Radial Based Function (RBF) is used as the kernel. Insurance
underwriting decisions are unlikely to have linear or log-linear relationships only with the
input variables, due to the complex nature of medical underwriting, so the linear kernel is
unlikely to be suitable. As discussed in the literature section, previous studies have found that
RBF generally performs better than polynomial, so RBF is chosen.

Default settings are used for other algorithms.

6.2  Performances
Table 2 shows the model performances with no feature selection or parameter tuning;

Table 3 shows the model performances after feature selection and parameter tuning.

TABLE 2 Model performances before feature selection and parameter tuning

Model_Name Precision Recall | Train_Accuracy | Test_Accuracy| F1_Score
7 XGBClassifier 0.71 0.71 0.94 0.71 0.71
1 RandompForestClassifier 0.70 0.70 0.94 0.70 0.70
4 BaggingClassifier 0.70 0.70 0.94 0.70 0.70
5 | GradientBoostingClassifier 0.66 0.66 0.94 0.66 0.66
0 DecisionTreeClassifier 0.60 0.60 093 0.60 0.60
9 KNeighborsClassifier 047 047 0.66 0.47 047
2 LogisticRegression 0.44 0.44 0.44 0.44 0.4
3 AdaBoostClassifier 0.44 0.44 0.44 0.44 0.44
6 SvC 044 044 044 0.44 0.44
8 SGDClassifier 044 044 044 0.44 044
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TABLE 3 Model performances after feature selection and parameter tuning

Model_Name Precision Recall | Train_Accuracy | Test_Accuracy| F1_Score
7 XGBClassifier 0.71 0.71 0.94 0.71 0.71
1 RandompForestClassifier 0.70 0.70 0.94 0.70 0.70
4 BaggingClassifier 0.70 0.70 0.94 0.70 0.70
5 | GradientBoostingClassifier 0.68 0.68 0.94 0.68 0.68
0 DecisionTreeClassifier 0.63 0.63 091 0.63 0.63
9 KNeighborsClassifier 0.49 049 0.66 0.49 0.49
2 LogisticRegression 0.44 0.44 0.44 0.44 0.44
3 AdaBoostClassifier 0.44 0.44 0.44 0.44 0.44
6 SvC 0.44 044 0.44 0.44 0.44
8 SGDClassifier 023 0.23 0.24 0.23 0.23

Noticeable differences are observed between accuracies of training and test sets across all
models, indicating overfitting. Although feature selection methods and parameter tuning
are used to reduce the extent of overfitting, this is often inevitable with real-world data. That
said, feature reduction is still useful: the performances of gradient boost and decision tree
models improved from 0.66 to 0.68, and 0.60 to 0.63, respectively.

The best performing algorithm is XGB, followed by RF and Bagging. All three
algorithms combine outputs of weak learners into the final output, and the underlying weak
learners are decision trees. This is not surprising, because the natural process that human
underwriters use to reach a decision resembles a decision tree.

XGB is the winner of multiple Kaggle challenges (Chen & Guestrin, 2016). Some
medical conditions are rare, so there are sparse data for these conditions. The accuracy score
stops improving or even decreases a little after the optimal subset of features is selected, so
there are features that are noises in the dataset. XGB handles sparse data well and is designed
to avoid overfitting by penalising complexity, so it is unsurprisingly the best performer here.
Another major advantage of XGB is the in-built penalty term added to the loss function, so
the algorithm prefers models with less complexity and thus is less prone to overfitting.

The bagging algorithm indeed outperforms other boosting algorithms, namely
AdaBoost and Gradient Boost. The insurance dataset contains noise, so this result echoes
Dietterich’s research that bagging algorithms perform better than boosting algorithms on
datasets with many noises (Dietterich, 2000).

Not surprisingly, logistic linear regression, SGD with log loss function and SVM with
RBF kernel did not perform well. The underwriting decision resembles a decision tree, so
the relationships between the outcome variable and input variables are unlikely to be solely
logistic linear. Furthermore, regression models typically do not perform well on datasets
with many features, which is the case here.

However, regression models are well studied and understood. The coefficients of input
variables are summarised in Appendix 7. An extract is shown in Table 4.

ACTUARIAL SOCIETY 2021 VIRTUAL CONVENTION, 1922 OCTOBER 2021



YAFEI (PATRICIA) WANG PREDICTIVE MACHINE LEARNING FOR UNDERWRITING LIFE AND HEALTH INSURANCE | 21

TABLE 4 Coeflicient extract

feature name standard decline
FaceAmount 5.92E-06 6.03831E-06
EntryAge 2.23E-08 5.85535E-08
BMI 1.33E-08 3.3228E-08
Height 9.86E-08 2.17097E-07
Weight 4.17E-08 1.00749E-07
New 2.99E-10 8.43409E-10
OccClass 9.9E-10 2.22577€-09
heart —2.8E-11 456341E-11
neurological 2.28-12 3.07357E-11
psychiatric 1.63E-11 2.67144E-11
diabetes -1E-11 1.18047E-1
investigation -1.9E-12 2.72756E-12

As seen above, ‘heart’ has a positive coefficient for label ‘declin€] so an application with
cardiovascular conditions is more likely to be declined. On the other hand, ‘heart’ has a
negative coefficient for label ‘standard, so an application has no cardiovascular condition is
more likely to be accepted on standard terms. The similar applies for ‘diabetes’

The best performer, XGBoost, achieved 94% accuracy on the training dataset and 71%
accuracy on the testing set, which is a rather significant improvement from a random guess for
a 19-class classification problem. From a practical point of view, it is also a good improvement
to the current rule-engines that found it ‘challenging to issue more than one-third of policies
directly from the system’ (Batty et al., 2010). It is worth noting that these scores are achieved
despite several limitations which are discussed in section 8.3. With further developments
such as more data with more detailed and accurate information, greater computational
power to implement more efficient feature selection methods and hyperparameters for each
predictive algorithm, it is possible to improve further the accuracies achieved on the test
dataset. The results show that the XGBoost is undoubtedly a promising predictive machine
learning algorithm in the context of automating underwriting decisions.

7. BUSINESS APPLICATION

The most obvious application to improve the current underwriting process is to
implement predictive machine learning algorithms to predict underwriting decisions. XGB
shows significant improvement compared to the rule-engines, and there is scope to improve
the accuracy score of XGB even more with increased computation power and more high-
quality data.

Another obvious application is to implement natural language processing, clustering
analysis for data mining and preprocessing into the underwriting process. This should reduce
the amount of work that underwriters are currently doing by checking the impairments
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and occupations against underwriting manuals or having to enter these into the rule-
engines system to reach a decision. Another byproduct advantage of implementing these
preprocessing techniques is that data errors such as typos and informal descriptions are
handled in the process.

The feature importance ranking under XGB of all features is illustrated in Appendix 8. It
is clear that LumpSum’ is the most important feature, and that the accuracy stops increasing
after ‘accident’ is selected. This demonstrates that some information captured in the
application is unnecessary for underwriting. Insurers can cross-check with other functions
such as pricing and risk management to see if these features are necessary; if not, these
features can be removed to speed up the application process, which should, in turn, improve
customer experience. Some features are important and relatively simple to capture, but oddly
some insurers do not capture these features. For example, BMI is ranked as one of the most
important features by all feature selection methods, yet several insurers do not capture this
feature in their application process. This should be investigated.

In addition to the above, the models can be adapted for different insurance products.
For example, microinsurance products targeted at the lower-income class with a cap on
the sum insured. Another example is group products with limited underwriting required
and sum insured typically capped. These products typically have a smaller sum insured
and simple product design. The underwriting decision is typically declining or accepting
the application. For these products, a subset of data of small sum-insured products can
be extracted for modelling, and the outcome variables can be transformed into a dummy
variable indicating accept or decline only. The problem becomes a binary classification, and
the accuracy achieved by XGB is 83% without feature selection or parameter tuning. The
feature ranking is then tailored to the product of interest only, as opposed to all products. For
example, ‘no condition, as opposed to ‘LumpSum, is the most important feature for this kind
of product. The application form should be then streamlined to capture these features only,
thereby significantly speeding up the underwriting process.

An interesting observation is that the optimal feature subset contains medical
conditions such as ‘heart, ‘neurological, ‘psychiatric, ‘diabetes, but not ‘cancer’, so from an
underwriting point of view, more research should be devoted to understanding the health
and risk impacts of cardiovascular disease, as opposed to cancer.

For companies that would like to implement predictive machine learning models in
parallel to employing underwriters, predictive algorithms can be used to flag policies for
review. For example, insurers concerned about policies with large underwriting loadings can
extract policies with labels above the desired threshold for analysis.

8. CONCLUSIONS AND RECOMMENDATIONS
8.1 Conclusions

The best performing predictive algorithm is XGB, using a combination of correlation-
based filter methods, mutual information method, and recursive feature elimination for
feature selection. The accuracy score is 94% on the training set and 71% on the test set, and
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the precision score is 71%. This is a significant improvement from the existing rule-based
underwriting engine that can handle only a third of all applications.

For insurers that focus on the riskiest group of applications with loading larger than
400%, the predictive model produces a label for this group of policies, so this can be used to
flag policies for review, should insurers wish to implement the predictive model in parallel
to underwriters.

Finally, the output of models can be used to improve the underwriting process in the
short term. For example, BMI is revealed to be a significant predictor, so insurers aiming
to improve underwriting accuracies are encouraged to capture this variable as accurately
as possible. The model can be adapted to suit the requirements of more niche insurance
products such as microinsurance that typically targets low-income groups with simple accept
or decline decisions. In these cases, the accuracy of models can be even higher, and the
feature rankings are tailored to the product.

In summary, the desired outcomes discussed in section 1.2 are achieved.

8.2  Limitations and future developments

The data used for this research are a reinsurer’s dataset containing only referred policies
that cannot be processed by the rule-based engines. This is particularly suitable for the aim of
this research — assessing the applicability of predictive machine learning models in replicating
medical underwriting and for applications with a large sum insured. However, it means that
the prediction accuracies would have been higher using a dataset more representative of the
general insured population which contains more standard simple applications.

For the purpose of this research, the models need to predict the underwriting decision
as well as the actual loading for loaded cases. In practice, it is more likely that the outcome
is a binary (decline/accept) or three-factor (decline/load/standard) variable. This means that
when the algorithm is implemented in practice, the prediction accuracy should be higher
still.

All the predictive machine learning algorithms such as XGB are supervised
algorithms. The class labels are the underwriting decisions that underwriters made in the
past. This means effectively that the accuracy scores compare the decisions that the machine
learning algorithms reached, and the decisions that underwriters made. This means that the
class labels are subject to human errors, so the difference between class labels and predicted
decisions should be further analysed by experts.

After removing missing data and outliers, the dataset contains only 18182 data points
but 118 features. Some machine learning models require a large number of data points
for each feature, and 18182 data points are insufficient. This could contribute to the poor
performance of some models such as SVM. More data may improve performances of these
models.

Although removing missing data is the most appropriate treatment for this dataset,
the missing data points are entirely attributed to a couple of companies’ applications. This
could result in some biases in the result if these companies have significantly different
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underwriting practices to the rest of the companies. However, given the competitive pressure
in the market, this is unlikely.

Currently ‘occupation’ is filled with job titles but the nature of work for some jobs
with the same job title could be very different. For example, a director at a construction
company would spend significant time on site; whereas a director at a consultant company
would work predominantly in an office. The former would fall into class 3, whereas the latter
would be class 1. If the application form is redesigned to include a brief job description,
the model performances could improve. Another practical limitation is that medical
conditions are entered manually, so there are errors in the data; some mandatory checks in
the administration system should improve prediction accuracies.

The combination of feature selection methods and underlying algorithms is a design
choice that could be further studied. For example, RFE could be tested on other classifiers.
Furthermore, there is no clear guidance on the choice of feature selection methods -
alternative methods such as heuristic search methods for feature selection exist. The final
choice is based on the existing research on various aspects using non-insurance data. All
these design choices could be studied to further improve the accuracies or predictive power
of machine learning algorithms applied to the underwriting decisions in the context of life
and health insurance.
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10.1 Appendix 1 - Data description

Column Description

Company Insurer's company name, anonymised to protect data
DatelnputYear (alendar year in which the application is submitted
NoofAssessment Number of assessments carried out on the application
ProductRisk Broad product risk, e.g. mortality risk or disability risk

AssessmentDetaillD

D assigned to the application

Decision&Details

Underwriting decision: decline, accepted or accepted with loading

DatelnputMonthYear (alendar year and month in which the application is submitted
FaceAmount Sum insured

SABand Sum insured band; 3 categories are available

Uw The name of underwriter who assessed the application
DateOfBirth Date of birth of the applicant

ExtraMortality Extra loading applied due to extra mortality risk

FlatExtra Flat loading applied due to various risk

LoadingPercentPremium

A percentage loading applied as a catch-all

FollowUpIndicator

Indicator whether the application is a follow-up application

EntryAge The age of the applicant

EntryAgeBand The age band of the applicant, bands are in 10 years
Assessmentimpairment Descriptions of medical impairments

ParticipatingCMO The name of medical doctors who assisted medical underwriting
NonmedRisk Non-medical risk such as dangerous hobbies

ProductTotalline

Broad product line, e.q. life insurance, TPD

ResponsetimeMinutes

The time spent on assessing the applications

Gender

Gender of the applicant

Occupation Occupation or job title of the applicant
BMI BMI of the applicant
OccupationClass(d Letters, cannot be used directly without knowing the code meaning

AdditionalConditionsNonmed

Additional non-medical conditions

BenefitType Benefit type can be lump sum or annuity

Decision Broad underwriting decision, either accept or decline
Indexation Whether the benefit is indexed

Index% The percentage of indexation

MaritalStatusCd Marital status of the applicant

PlanTypeLongname Detailed product plan type

Height Height of the applicant

Weight Weight of the applicant

New Whether the application is new

FollowUp Whether the application is a follow-up
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10.2 Appendix 2 - Extracts of datasets

10.2.1 EXTRACT OF THE PRIMARY DATASET

10.2.2 SUPPLEMENTARY LIST: EXTRACT OF THE CONDITION LIST
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10.2.3 SUPPLEMENTARY LIST - OCCUPATION LIST
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10. 3 Appendix 3 - Missing value percentages
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10.4 Appendix 4 - Correlation matrix of missing values and other variables

DatelnputYear -
EntryAge -
Height -

New —
OccClass =

Disability = =00
Citicallliness —
SATtosm —
AgeLess3t -
Age511060 - —-02
Age61to70 -
LifestyleRisk —
LumpSum = u =
Fixindex —
Index—
single -
widowed =
PHI - " mmmma e
JLi-
P-
TA-
ci2- 06
TPD -
TPDown —
WOP -
ADB -
skin =
earseyes -
cancer -
psychiatric -
diabetes —
hyperlipidaemia ~
checkup - --10
pancreas —
infection —
anaphylaxis —
operation —
alcohol -
medication —
other —
allergy -
hiv =
accident =
loading -

--04

--08

EntryAge -

Height -

New -

OccClass -

CoB -

CoD -

CoF -

CoH -

CoJ-

Col -

CoN -

CoP -

CoR -

CoT -

CoV -

CoX -

Coz -
CoAB -
CoAD -
Disability -
SATto5m -
Ageless31 -
Fixindex -
Index -
single -
widowed —
PHI -

JLt-
earseyes -
cancer -
psychiatric -
diabetes -
hyperlipidaemia -
operation -
alcohol -
other -
allergy -
hiv -
accident -
loading -

Age51to60 -
Age61to70 -
LifestyleRisk -
LumpSum -
anaphylaxis -

DatelnputYear
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10.5 Appendix 5 - Scatterplot matrix of continuous input variables
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10.6 Appendix 6 - Scatterplot matrix of categorical input variables
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1C regression
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10.8 Appendix 8 - Feature ranking
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