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Abstract

Insurance underwriting can be time-consuming and costly for both insurers and cus-
tomers. However, the insight gained is of critical importance in addressing the informa-
tion asymmetry between insurers and customers in terms of establishing a customer’s
risk profile. Consequently, any test that assists in providing a risk assessment is crit-
ical in allowing insurance companies to manage risk and price their products appro-
priately. Gamma-glutamyl Transferase (GGT) is an enzyme which has been used by
insurers in underwriting medical tests as an indicator of potential adverse outcomes.
However, due to complexities such as differing underwriting strategies, data collection
and data storage issues, not every customer on an insurer’s books will have a GGT
value or even a complete data profile. This research investigates if statistical techniques
such as imputation and supervised learning can be used in conjunction with available
medical, demographic, underwriting and policy data to accurately predict GGT values.
A combination of multivariate imputation by chained equations (MICE) and extreme-
gradient boosted trees (XGBoost) offers a 31% improvement in accuracy compared to a
naive prediction. However, there does appear to be a limit to the performance achieved
from all implemented techniques with the analysed dataset, with various model com-
binations yielding root mean squared error (RMSE) values within a narrow range. In
addition, when comparing the predictions from a separate, unlabelled dataset to actual
data, it appears as though predictions from the models cannot be reliably deemed to be
from the same distribution. This indicates that further research is required before insur-
ers can reliably switch out blood-work based GGT results for those from a supervised
learning model.

Keywords: insurance, underwriting, gamma-glutamyl transferase, imputation, super-
vised learning
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Chapter 1

Introduction

1.1 Context

Managing risk and ensuring the ongoing financial health of their business is critical for
insurance companies. In particular, mitigating risks when issuing policies is vital as it
requires managing expected inflows and outflows of related cash.

The use of medical underwriting is commonplace in the modern life and health insur-
ance industry to assist in managing risk. By evaluating a customer’s health using med-
ical tests, insurers aim to provide for customers showing markers linked to negative
outcomes by either outright rejection of their application or charging higher premiums
on their contract to compensate for the elevated risk of the policy being claimed and
needing to be paid out.

A variety of medical data can be used in the underwriting process such as blood sugar,
smoking indicators, and body mass index (BMI). Gamma-glutamyl Transferase (GGT)
tests can be used to ascertain liver damage due to alcohol abuse and raised GGT levels
are linked to higher all-cause mortality (Koenig and Seneff, 2015). A major life insurer
may not require all customers to go for a full panel of medical tests when applying
for a new policy. This may be due to a variety of reasons: firstly, medical tests can be
costly, and they must be borne by the insurer or customer. To minimise this, insurers
have underwriting strategies that only require specific medical tests for certain cus-
tomers. Secondly, awaiting the results of tests that are not instantly available may neg-
atively affect customer experience, which companies are eager to avoid. Thirdly, more
comprehensive medical testing may require visits to specialised practitioners, such as
pathologists, adding further delays and costs. Lastly, strategic decisions may not re-
quire medical underwriting under certain criteria. For example, select customers may
be exempt if another recently purchased product had required medical tests to be com-
pleted.

The details above provide the context in which this research is set. We are now able to
define the research objective in the next section.
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1.2 Research Objective

The consequence of not sending every customer for all available medical tests is an in-
complete test result profile for certain customers in the database. This is particularly
the case for tests that are more expensive and require greater effort to conduct, such as
the GGT test. Additionally, the complex nature of customer data storage and collection
policies at large corporations adds to the difficulty in obtaining complete and trustwor-
thy customer data.

The research aims to investigate how accurately statistical techniques can predict GGT
medical test results values using the existing demographic, policy, and biomedical data.

The main approaches this research uses to achieve this objective are imputation and
supervised learning. This allows us to investigate sub-goals for this research such as:

1. Which dataset yields the best results: imputed or complete-case? If imputed, does
the inclusion of features with a high proportion of missing values affect perfor-
mance?

2. Which imputation method yields the best result?
3. Which supervised learning algorithm yields the best results?

4. Which combination of data handling technique and supervised learning algo-
rithm yielded the best results?

Comparing the predicted GGT values from the models built on the different datasets
to actual data allows an assessment of the most accurate design. This research focuses
on prediction accuracy and not inference. The techniques we use are agnostic to the
underlying physiological data, intending to avoid domain-specific medical techniques
and knowledge. Root mean squared error (RMSE) is used to evaluate model accuracy,
which Section 5.1 discusses in detail.

With the overall research objective and sub-goals clarified, the next section examines
the potential benefits of the research.

1.3 Benefits of this research

There are numerous benefits to be gained by an insurer reliably predicting GGT results.
Firstly, if a model can perform with high confidence in predicting GGT results, only
the cases of the highest concern and uncertainty need to be sent for testing. This could
reduce costs for the business and customers while improving the customer experience
when purchasing a policy.

Secondly, actuarial analysts at a life insurer compare the results of medical tests in their
underwriting data to mortality and morbidity experience to gauge their effectiveness.
However, in the current scenario insurers have an incomplete picture with missing val-
ues created due to the reasons mentioned above. A more complete analysis and im-
proved insights can be generated with a completed dataset. This information feeds
into the pricing and underwriting strategy, as described in Section 2.2
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Lastly, having a robust underwriting strategy is a competitive advantage for an insurer
and can be a differentiating factor in a competitive market. The application of mod-
ern machine learning techniques can be used to enhance an underwriting strategy in a
landscape where other financial services firms have moved into the life insurance space
over the last few years. For example, Venter (2015) describes how in 2015 a large South
African bank introduced the first predictive underwriting solution in Africa within
their credit life business. This solution utilises existing customer data and a mere 3
questions as inputs to the predictive model, which then provides an underwriting de-
cision.

A different approach to the use of technology in a medical scenario is that of wear-
able devices. The plethora of sensors providing data in modern wearable technology
can be used to provide a more holistic view of an individual’s well-being. Machine
learning methods can be used to turn this easily available data into predictions on a
wearer’s health, alleviating the need (to a degree) for customers to undergo medical
tests (McKeon, 2021). This research explores modern techniques not traditionally used
in the medical insurance field and looks towards potentially modernising parts of the
underwriting process in an industry that is generally slow to adopt newer technologies
(Wang, 2021).

With the potential benefits discussed above, we now provide an overview of the re-
search structure and summarise how it attempts to answer the research objective.

1.4 OQutline

Chapter 2: Literature Review

The literature review examines life insurance at a high level with a focus on how un-
derwriting fits in. Specifically, it highlights how medical tests fit into the process of
assessing customer risk and adjusting pricing. We then provide detail on GGT and
its usage in the medical and insurance field. The focus shifts to discussing imputa-
tion, highlighting its application with medical data. Finally, we examine how machine
learning is used in the medical and insurance industries, including notable use cases
relevant to this research.

Chapter 3: Data

This chapter describes the data we use for this research. This includes where the data
was sourced, the grain of detail and which period it covers. We describe steps taken
to explore the data, highlighting particular challenges uncovered. This is not only to
become familiar with the dataset but is also an essential step in identifying any pre-
processing required before the methodology is applied.
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Chapter 4: Methodology

Chapter 4 begins by describing the overall architecture of the experimental design. The
following sections detail the imputation methods used, the creation of training and test
datasets, and finally the supervised learning methods applied to the various datasets.
We briefly discuss how they work intuitively, their benefits and their application.

Chapter 5: Application and Results

This chapter explores how well the various methods achieved the research objective. As
a regression problem, absolute performance is difficult to ascertain, therefore relative
performance to other techniques is the main focus. However, we provide a comparison
to an analogous statistical measure to set a baseline. Furthermore, the distribution of
predicted GGT results on unlabelled data is compared to the distribution of actual val-
ues to determine if predictions appear to have similar distributions.

Chapter 6: Conclusion and Recommendations
The final chapter reflects on how well the research objective was achieved, and whether

it warrants practical usage in a business context. Additionally, recommendations are
made on future avenues that can be explored from a research perspective.



Chapter 2

Literature Review

This literature review covers two high-level themes. The first theme provides a brief
review of life insurance and underwriting, focusing on the broad mechanics of life in-
surance and how underwriting is used as a tool in the process. This includes how
medical tests are used in underwriting, and specifically how GGT tests fit in. This sec-
tion is intended to contextualise the research and highlight its potential value. It is not
intended to provide a comprehensive description of the various components of life in-
surance.

The second theme relates to the usage of statistical imputation and machine learning
techniques in medical and life insurance settings. In addition to providing a founda-
tion for this research, it gives potential guidance for which techniques may prove most
effective in achieving the research objective.

2.1 Life Insurance

As defined by Fontinelle (2021), life insurance at its core is a legal contract between an
insurance company and the holder of a policy. The contract is structured such that the
insurance company will pay out a sum of money to a designated beneficiary when the
insured party in the contract dies; this is in exchange for regular premiums paid by the
policy owner.

Insurance enables people to be protected from ruinous financial risk without having to
save funds themselves to cover substantial expenses (Cornell et al., 2016). Customers
typically purchase life insurance to provide financial security for dependants they leave
behind (Mishra and Mishra, 2011). Modern life insurers have several products that in-
crease the range of adverse events to be insured against. Examples of these include
products catering for severe illness (e.g. a cancer diagnosis) or disability (Munro and
Snyman, 1995).

With the definition of life insurance detailed above, we now discuss how their premi-
ums are set.

2.1.1 Setting of Premiums

To guarantee a claim is paid out, insurance companies use the concept of risk pooling.
This entails numerous individuals each making relatively small contributions to a pool,
which enables the pool to pay out a large amount to the few participants that do claim
a benefit (Davies and Carrin, 2001).
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Modern life insurance requires participants in the risk pool to pay a premium that re-
lates to the level of risk they are bringing in, i.e. high-risk customers are asked to pay
larger premiums (Pokorski, 1997). In addition to sufficiently funding any claims, the
premium must also cover overhead costs and provide a profit for the insurance com-

pany.

Given each person should contribute accordingly to their level of risk, the extent to
which low-risk customers (who claim less frequently) are subsidising risky customers
is minimised. This illustrates the need for an accurate customer risk profile at the sale
stage. If this does not occur it enables high-risk customers to purchase too much in-
surance for too low a cost, misaligned with the risk they are bringing to the pool; this
is known as adverse selection (Pokorski, 1997). If adverse selection occurs frequently,
insurers will increase premiums to deal with the higher-than-expected claims, making
them less competitive for low-risk customers (Pauly and Nicholson, 1999).

However, ignoring any fraudulent non-disclosure by a customer (e.g., an applicant con-
templating suicide), there is still an information asymmetry. Customers know more
about their health than an insurer when taking up a policy. The process of assessing the
risk of a customer in life insurance to address the information asymmetry is known as
underwriting and is discussed further in the next section.

2.2 The Purpose of Underwriting

In general, underwriting is the process of accepting a financial responsibility for a fee
(Banton, 2022). Maier et al. (2019) describes underwriting in the context of life insurance
as calculating an estimate of mortality risk, otherwise known as the expected lifetime
of an individual. Actuaries use this to model the cost of covering the mortality risk
over a customer’s lifetime, which is then transformed into regular premium payments.
Performing this risk assessment accurately ensures life insurance policies are priced
competitively and profitably (Maier et al., 2019).

Not all insurance products require underwriting; those that ignore a customer’s risk
profile from a pricing perspective are described as having limited underwriting (Marais,
2019). This research focuses on fully underwritten products, where customer-specific
risk factors impact the policy premium. Within fully underwritten products there exists
two sub-categories: general and individual underwriting.

General underwriting uses risk factors to allocate a customer to an appropriate risk
pool. Criteria often used in general underwriting include “age, gender, medical and
family histories, avocation and lifestyle” (Caplan, 2004). These criteria are used to cate-
gorise customers into standard risk classifications, where a premium rate can be calcu-
lated for that group. An example of such classification is a 49-year-old, non-smoking,
female who pays a R200 monthly premium for their life insurance (Marais, 2019). This
premium will be the same for all customers that fall under the same description.

Individual underwriting is discussed below, in particular highlighting the place of
medical tests.
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2.3 Usage of Medical Tests in Underwriting

According to Dodge (2007), “[m]edical underwriting involves the science of evaluating
medical information to determine the risk for groups of individuals with various med-
ical conditions.” In lay terms, insurance products such as life, health and disability use
medical information to help assess the risk of a future claim on a policy.

To determine the health of an applicant a medical questionnaire is completed and a
medical examination may be required in the case of large sums insured. The type and
number of tests required (i.e. the underwriting strategy) vary from insurer to insurer.

According to Marais (2019), common risk factors examined are “body weight, blood
pressure, cholesterol levels, evidence of any medical condition (like heart problems,
diabetes, being HIV positive) and family history of specific diseases”. If these factors
deem a customer to be at higher risk than their standard risk group, a loading can be
applied to their premium to compensate. These loadings range from 100% to 250%
of the standard premium rate for that risk group. In other words, a loading of 100%
would mean the standard premium would then be doubled. Dodge (2007) describes
alternative options to loadings such as increasing the elimination period, reducing the
coverage amount granted or benefit period, or adding ad-hoc criteria that exclude cer-
tain medical conditions from coverage.

Bronsema et al. (2015) further illustrate how medical tests add value to the underwrit-
ing process. Their research seeks to investigate the prognostic value of data retrieved
from patient health declaration forms and medical test results relating to extra mortal-
ity. Features such as blood pressure, lipids, cotinine and glucose levels were some of
the variables examined using logistic regression models. The study showed that for life
insurance applicants, the body mass index (BMI) followed by the overall assessment of
the health declaration were the dominant variables to discriminate between those with
and without at least 25% extra mortality.

Proponents of medical underwriting argue it ensures individual premiums are kept as
low as possible (Lawson et al., 1999). Conversely, Wang (2021) states that ”[t]raditional
underwriting is costly, time-consuming and perceived as a barrier for the underserved
population”. This indicates efforts to reduce the onerous nature of medical underwrit-
ing could be beneficial to both insurers and the customers they serve.

The discussion above shows how medical tests have an established position in under-
writing. We now provide detail on the key subject of this research, the GGT enzyme.

2.3.1 Usage of Gamma-glutamyl Transferase

This section provides a brief description of GGT and its relationship to predicting over-
all health. This in turn underlines its value to the risk assessment described in the
medical underwriting process above.

According to Kunutsor (2016), GGT is a liver enzyme which has a primary role in the
biological processes that help protect cells against oxidants produced during normal
metabolism. They go on to state that beyond this, circulating serum GGT has been
linked to a wide range of chronic conditions and diseases. These include “non-alcoholic
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fatty liver disease, vascular and non-vascular diseases and mortality outcomes”.

Pinkham and Krause (2009) describe how “[g]lamma-glutamyltransferase (GGT) has
been shown to be a marker for metabolic syndrome and diabetes, cardiovascular dis-
eases and mortality, chronic kidney disease, as well as cancer incidence, and liver dis-
ease”. Using underwriting application data from a life insurer, the study goes on to
confirm that when GGT is elevated, mortality risk is significantly increased.

Koenig and Seneff (2015) concurs with these results, stating elevated GGT as a serum
marker is linked to an “increased risk to a multitude of diseases and conditions, includ-
ing cardiovascular disease, diabetes, metabolic syndrome (MetS), and all-cause mor-
tality”. Furthermore, when the authors examined literature from several population
groups throughout the world, the predictive power of GGT tests remain valid, even
taking into account varying ethnic and gender categories.

The research above points to the valuable information on an individual’s health risks
that can be gleaned from GGT, and the value to be gained by having a robust predictive
model of it. This lends itself to the objective of this research.

The writing above establishes the context of life insurance and underwriting, high-
lighting how having GGT is of immense value to insurance companies. As mentioned
in Section 1.1 and 1.2, there are several reasons for GGT values to be missing from an
underwriting dataset. One potential method of dealing with missing data entries is im-
putation, which we discuss in the following section.

24 Imputation

Missing data points are a common occurrence when dealing with data, and manifest
for a variety of reasons and to differing degrees. Having complete data are critical to
producing reliable analyses or accurate predictive models (Zhang et al., 2020). Potential
causes of missing values include limited budget, high complexity in the experimental
setting, human error in the data capturing and participant withdrawal (Miok et al.,
2020). Imputation deals with filling in these missing values.

An important concept in imputation relates to the pattern according to which the data
are missing, as this guides which techniques may be appropriate. The three types of
ways data can be missing are: missing completely at random (MCAR), missing at ran-
dom (MAR), and missing not at random (MNAR).

Miok et al. (2020) states that for a value to be considered MCAR it is “independent with
respect to possible values of the variable and with respect to other observable variables
in the data”. In other words, no relationship exists between missing data and any other
values observed or unobserved in the data, and there is no discernible pattern to the
missing data. van Buuren (2018) states that although MCAR is a convenient scenario, it
can often be unrealistic when using real-world data.

MAR is more general than MCAR, and many modern imputation methods start from
this assumption (van Buuren, 2018). With MAR, a relationship exists between the miss-
ing data in a particular feature and observed values in other features. van Buuren (2018)



Chapter 2. Literature Review 9

provides an example of a weighing scale that may produce more missing values when
placed on a soft surface compared to a hard surface. These are not MCAR; however,
since we know the surface type we can assume MCAR within those groups. Overall the
data in this scenario are MAR. Lastly, if a value is not MCAR or MAR, then it is MNAR.
More specifically, MNAR describes where the pattern of missing value is not random
and cannot be predicted from other values in the data; the reason behind missing data
may be directly related to the value of the information requested (Bennett, 2001).

A simple and quick method of dealing with missing data is list-wise deletion or complete-
case analysis. This method deletes the entire record if any single value is missing. How-
ever, this method risks losing valuable data and potentially creating bias. This is usu-
ally recommended only if a small portion of cases in the data contain missing values
(Schafer and Graham, 2002).

2.4.1 Single Imputation

Alternatively to list-wise deletion/complete-case analysis, imputation can be used to
fill in missing data points. Examples of basic and commonly used approaches include
mean/median/mode imputation, using the last observation carried forward and im-
putation based on logical rules (van Buuren, 2018).

An issue with the methods above is that they do not take into account relationships be-
tween variables. Regression imputation addresses this by building a regression model
on available data to predict the missing values. This can be extended to stochastic re-
gression which adds a degree of variability to imputations, but this may result in a high
degree of noise being introduced to the data. However, this does not address the bigger
issue created by single imputation - that of the additional uncertainty associated with
missingness being ignored.

2.4.2 Multiple Imputation

To address the issues mentioned above, Rubin (1978) developed a method for averag-
ing the outcomes across multiple imputed datasets to account for this. The multiple
imputation method developed follows three steps: imputation, analysis and pooling.
The imputation step begins by choosing the number of completed datasets to be cre-
ated. In each copy of the dataset the missing values are completed using an imputation
procedure. This results in several completed datasets that differ in the values imputed
for missing data. The analyses (e.g. linear regression) can be performed on multiple
completed datasets separately, with the results (such as the coefficients) combined in
the final step. One of the most popular multiple imputation methods is multivariate
imputation by chained equations (MICE) (Raghunathan et al., 2001). MICE is one of
the key methods used in this research and is discussed in further detail in Section 4.2.2.

2.4.3 Imputation Usage in Medical Data

In the medical field, decisions based on incomplete data could have material conse-
quences. When dealing with electronic health records from laboratory data, missing
data could result in poor performance or bias from predictive models (Li et al., 2021).
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The research by Li et al. (2021) goes on to investigate how two advanced imputation
methods, namely Monotone Multiple Imputation and Multivariate Fully Conditional
Specification Imputation, perform on two datasets related to stroke and heart failure re-
spectively. Their investigation into patterns of missing values reveals missing data was
not at random and highly correlated with a patient’s co-morbidity information, high-
lighting the added difficulty when dealing with missing medical data. However, the
authors were able to conclude the “multi-level imputation algorithm showed smaller
imputation error than the cross-sectional method.” This research highlights the pitfalls
and potential benefits imputation represents when dealing with medical data.

Miok et al. (2020) propose a novel approach to improving imputation performance for
biomedical data by leveraging developments in deep learning. The paper highlights
potential challenges facing current multiple imputation methods such as correct model
specification, assumptions regarding the distribution of data and inability to deal with
mixed data types. The authors propose using a Monte Carlo Dropout (MCD) method
within a variational auto-encoder. The technique can also handle large amounts of
data, non-linear relationships and complex variable interactions such as those present
in medical data; these are issues which commonly plague classical multiple imputation
methods. Their overarching aim is to generate multiple outcomes for a missing value
using de-noising auto-encoders and combining these results using the MCD method.
When tested on several publicly available datasets, the variational auto-encoder with
MCD showed improvements in imputation error compared to simple auto-encoder
techniques.

Imputation is a powerful technique, with applications displayed in a wide range of
fields. Medical data in particular seems to have valuable use cases as missing data are a
common issue in many medical surveys. Another powerful technique used in the med-
ical field is machine learning. The methodology in Section 4.4 goes into detail regarding
the subset of machine learning techniques used in this research. The next section seeks
to provide the foundation for their usage.

2.5 Machine Learning

Machine learning is the process used to describe training models with algorithms that
learn from the data itself. It has existed for several decades but gained traction in recent
years with the vast explosion of data generated via the internet and huge gains in com-
putational power (Brownlee, 2020). The combination of these factors allows algorithms
to find patterns in huge datasets that no human could.

One of the main branches of machine learning is supervised learning. This involves
having algorithms learn patterns from data using several feature variables in an at-
tempt to predict a known target variable Hastie et al. (2009). Examples of this are mod-
els that attempt to predict the price of housing using information such as area, plot size
and volume of nearby sales. It is also used in classification problems where the aim
is predicting the probability of an event occurring, such as how likely a customer is to
purchase a product. Using the data available, a supervised learning model could be
trained to predict the value of a GGT test.
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2.5.1 Use Cases of Machine Learning in the Medical Field

The use of machine learning in a medical context is by no means novel. Magoulas and
Prentza (2001) describes a few potential applications:

¢ The prediction of disease progression
* Use of decision trees to develop a system to interpret electrocardiograms

¢ Computer-based medical image interpretation systems to assist in the diagnosis
of conditions

* Effective monitoring and alarming of the continuous data generated in an inten-
sive care unit

Machine learning’s value is highlighted in a study performed by Holfinger et al. (2022).
The paper investigates how a machine learning-based tool using readily available data
compares to traditional patient survey tools in predicting occurrences of Obstructive
Sleep Apnoea (OSA). The study utilises supervised learning techniques such as ran-
dom forests, support vector machines and artificial neural networks. These in turn are
contrasted with a simple logistic regression model and the traditionally used STOP-
BANG patient questionnaire tool. The study used features such as age, BMI, ethnicity
and sex as inputs. When measured on the area-under-the-curve (AUC) metric, the Arti-
ficial Neural Network (ANN) model was shown to outperform logistic regression and
had similar performance to patient-reported STOP-BANG. This may allow for simpli-
fied and widespread identification of OSA based on routinely collected information.

Zhang et al. (2020) utilised supervised learning as part of their paper to predict the
missing values in a medical dataset. The research tests a unique approach to dealing
with missing values by initially using an unsupervised learning technique to fill in the
existing data, followed by supervised learning in the form of extreme gradient boost-
ing (XGBoost). The authors hypothesise that an appropriate pre-filling strategy can
boost model performance. This high-level structure is similar to the one we describe
in Section 4.1 in terms of using a statistical technique to fill in missing values and po-
tentially boost the performance of trained models. The proposed design in Zhang et
al. (2020) showed a 20% improvement on average in normalised root mean square de-
viation (nRMSD) when compared to other state-of-the-art techniques such as 3D-MICE.

2.5.2 A Use Case of Machine Learning in Life Insurance

The emergence of machine learning as a paradigm has resulted in many studies within
the life insurance industry on whether its application in various facets could be benefi-
cial compared to traditional methods.

Resisting attempts to automate the underwriting process, life and health insurance con-
tinue to use rule-based and traditional underwriting practices. Noting this, Wang (2021)
proposes an end-to-end underwriting solution using machine learning techniques to
overcome the issues of cumbersome, expensive and potentially ill-suited traditional
underwriting practices. The paper highlights the usage of Natural Language Process-
ing (NLP) and clustering techniques in the claim application phase to help categorise
claim types and reduce errors. However, for our purposes, the section dedicated to
supervised learning being used to create a final underwriting decision (deny, accept,
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apply a specific loading) is most encouraging.

A wide variety of popular open-source supervised learning algorithms were compared,
with results indicating XGBoost (with a combination of feature selection methods ap-
plied) performs best, achieving a 71% accuracy on the test dataset. Compared with
the roughly 33% of applications that are successfully processed by rules-based sys-
tems, this is a major improvement. Additionally, the feature importance information
extracted from the algorithm provides insights into the drivers behind underwriting
decisions. These results indicate great potential for the underwriting process to be im-
proved upon significantly (Wang, 2021). Additionally, the study highlights XGBoost’s
efficacy in an insurance underwriting context when compared to other widely used al-
gorithms.

2.6 Conclusion

This chapter provides information on life insurance and the underwriting process, and
how medical tests fit in. It then goes on to briefly discuss imputation and machine
learning, illustrating their use cases within the medical and insurance industries. This
serves to provide further context and understanding as to why this research is taking
place and provides guidance for potential techniques that may be successful. However,
before using any techniques we must consider the data we use in this research, which
we discuss in the next chapter.
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Chapter 3

Data

This chapter explores the data we use in this research. It describes where the data
are sourced, followed by a description of select key explorations needed to get a bet-
ter understanding of the data. This informs the pre-processing steps we take before
applying the methodology in Chapter 4. We also provide the actions we take during
pre-processing and the reasoning behind them. Finally, it describes the final output of
the pre-processing step.

3.1 Data Sourcing

The data are sourced from a large South African life insurer. The data extracted are a
portion of a historical underwriting portfolio for a closed book of business that operated
between 2014 and 2019. The data extract focuses on keeping as many medical fields as
complete as possible, i.e. with few missing values. This aligns with the research objec-
tive of using quick, easily available data to predict the more time-consuming expensive
GGT results. Given the sensitive nature of the data, utmost care was taken to com-
pletely anonymise the data and remove any personally identifiable information.

The dataset contains four overarching groups of features:

1. Biomedical Data

These features consist of results from various medical tests performed during un-
derwriting. They include data such as cholesterol, blood pressure, blood sugar
and cotinine values; the latter is used to determine smoker status. Additionally,
information such as height and weight are recorded to calculate BMI, both from
customer declarations and from a medical practitioner.

2. Underwriting Information

This includes information used in the underwriting process that may inform the
customer risk pool and subsequent policy pricing. This includes information such
as education levels, income bands and occupation class.

3. Customer Profile

These features consist of customer demographic information such as age, gender
and location. This type of data are often used in customer analytics to provide
insight into a company’s base.
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4. Policy Level

The policy level data consists of the customer’s product holdings at the insurer.
This includes premium values, the number of policies held, how many active
benefits are on a policy and the total value of assets managed by the insurer on
behalf of the customer.

This brief description of the metadata surrounding the extract provides good context to
explore the data in the following section.

3.2 Exploratory Data Analysis and Pre-processing

An exploratory data analysis (EDA) is a key component of the data science process. It
allows a better understanding of the dataset’s nature and informs data wrangling and
modelling decisions. Additionally, the supervised learning methods we use in Section
4.4 require their input data to be in specific formats. The quality of output produced by
these models often relies on the quality of the data being input. As such, to ensure high
input data quality, a thorough EDA is often paired with several pre-processing actions
to address identified issues that may negatively affect supervised learning methods.
For example, these can include data type conversions and the removal of duplicate en-
tries.

Below we describe important aspects of the EDA for this research. Additionally, it de-
tails how a particular issue is treated in the pre-processing step. This process explores
each variable individually, viewing the variable’s distribution and applying domain
knowledge to ascertain the suitability of the variable for this research. The initial, un-
processed dataset sourced contains 349 533 observations of 83 variables/features.

3.2.1 Feature Selection

Feature selection is an extremely important aspect of ensuring data quality for this re-
search. As mentioned above, each variable is explored individually to investigate its
distribution. This exploration assists in identifying potentially unwanted features such
as those that are zero-variance or simply empty.

It is at this juncture that the application of domain knowledge is crucial in deciding
which variables to remove and those that should remain. Unusable features such as
‘policy quote numbers’ or ‘duration of the underwriting process” are removed. Further-
more, we drop features that may cause target leakage in a supervised learning context,
such as cover loading percentage, as they are informed by the GGT value.

In addition to univariate exploration, we examine the relationships between variables.
This assists in highlighting variables that are too strongly correlated and may nega-
tively affect the model. An example of this in the dataset occurred with height, weight
and BMI. As BMl is a calculation involving height and weight it is easy to see why this
occurs and requires a choice on which features to retain.

In terms of the pre-processing steps taken, feature selection decisions result in columns
being omitted for the reasoning mentioned above. Additionally, we exclude nominal
variables with many categories (>10) as they create computational issues during impu-
tation in Section 4.2. The 30 remaining fields are listed in Table 3.1.
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TABLE 3.1: Field names, descriptions and data Type
Field Name Description Data Type
AcceleratorIndicator Indicates if a policy conta'ms Binary Indicator
an accelerator type benefit
AGE Customer age Numeric (integer)

ALL_BEN_COUNT

Number of active benefits
on all policies

Numeric (integer)

ALL_CONTRACT_COUNT

Number of policies per
customer

Numeric (integer)

ANNUAL_INVESTMENT

Total annual premium
contributions by customer

Numeric (float)

ASS_ETHNIC_GROUP Customer ethnicity Categorical (nominal)
AUM Total value of assets under Numeric (float)
management

AutoDeferredIndicator

Indicates if underwriting was
automatically deferred

Binary Indicator

BloodSugarValue Blood Sugar Value Numeric (float)

CholesterolValue Cholesterol Value Numeric (float)

CoverAmount Cover amount of insurance Numeric (integer)
product

DiastolicBloodPressureValue Bzalifhc blood pressure Numeric (integer)

DisabilityIncomeClass

Classifies degree of disability

Categorical (ordinal)

DoctorBMIValue

Customer body-mass index,
verified by a doctor

Numeric (float)

EducationID_Override

Customer education level

Categorical (ordinal)

EntryANB

Risk rating measure

Numeric (integer)

Indicates if the customer

ExclusionIndicator e . Binary Indicator

qualifies for exclusions
FARMER_IND Indicates if the customer Binary Indicator

is a farmer

Gamma-glutamyl Transferase value o
GammaGTValue (Target Variable) Numeric (integer)
GENDER Customer gender Binary Indicator
HeightValue Customer height Numeric (integer)
IRPCode Socio-economic classification Numeric (integer)
LOAIndicator Life office association customer Categorical (nominal)

to indicate fraud /unsuitable customer

MonthlyIncome_Override

Customer monthly income,
validated where possible

Numeric (integer)

OccupationClassCode Occupation level classification Categorical (ordinal)
PROF_MARKET_IND Indicates if customer works Binary Indicator

in a classical profession
PROVINCE Customer’s Residential Province Categorical (nominal)

PUBLIC_SECTOR_IND

Indicates if customer works
fora government institution

Binary Indicator

RestingPulseValue

Customer Resting Pulse Value

Numeric (integer)

SmokerStatus

Indicates if a customer is
a smoker or not

Binary Indicator
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3.2.2 OQutliers

Outliers in this research are defined as values in a feature that are larger than 1.5 times
the interquartile range (IQR) above the third quartile or smaller than 1.5 times the IQR
below the first quartile. Agarwal and Gupta (2021) state that outliers can distort dis-
tributions of data and statistical measures used, which can result in misrepresentations
of the underlying data model. The authors go on to state that removal of outliers from
data used for modelling purposes can provide improved prediction performance. Dur-
ing the EDA it was found that several numeric fields in the initial dataset suffered from
a large volume of outliers.

We remove entries with outliers from the data as appropriate, identifying and remov-
ing rows on a column-by-column basis. This approach can be considered aggressive, as
other potentially useful information was removed in the process. However, the large
size of the initial dataset allows for the retention of sufficient data after we apply this
pre-processing step.

3.2.3 Missing values

Out of the 30 total features, 15 have missing data. Figure 3.1 indicates the percentage
of missing entries in the features that have any missing values. In addition to existing
missing data present in the initial extract, several columns saw an increase in miss-
ing values during their conversion from string to numeric. In the case of categorical
columns, missing values were often stored as a string such as “NULL”, “N/A”, or a
blank space character and needed to be manually converted to a missing value.

Supervised learning algorithms struggle to deal with missing values, necessitating pre-
processing to address them before any models can be built. As one of the research
objective questions in Section 1.2 is concerned with how the different ways of handling
missing data affect the prediction accuracy of GGT values, we create several datasets to
cater for the different intended scenarios.

The treatment of missing values from this research includes dropping any rows with
missing values (i.e. case deletion), manual filling of missing values to insert appropri-
ate values via domain knowledge, and various imputation methods detailed in Section
4.2. The manual filling of rows is limited in size and scope where domain knowledge
is certain to avoid creating bias in the data.

Figure 3.1 shows all columns with missing values; those with a high degree of missing
values are removed in the creation of dataset C in Section 3.3 below. The following
columns were dropped for dataset C (compared to A and B):

e AGE

ALL_CONTRACT_COUNT

ALL_BEN_COUNT

ANNUAL_INVESTMENT
 AUM
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It is interesting to note that four out of the five columns above are related to customer
holdings. While Age is in a similar range of missing value to other variables that were
retained, its removal was in part further motivated by computational constraints. If
there is a distinct difference in model performance, this may be the particular source.

AUM o
ANNUAL_INVESTMENT o
ALL_CONTRACT_COUNT o
ALL_BEN_COUNT o

AGE o

PUBLIC_SECTOR_IND

PROVINCE o
%
Q
Kl
< PROF_MARKET_IND a
S
>
GENDER o
FARMER_IND o
ASS_ETHNIC_GROUP °
Monthlylncome_Override —e
RestingPulseValue —e

NumberOfFailedLevellEvaluations °

EducationID_Override °

0 10 20 30 40
% Missing

FIGURE 3.1: The percentage of missing values per feature (limited to
features with missing values).

3.2.4 Target Variable Distribution

As we are aiming to predict GGT values, examining the distribution of GGT data pro-
vides valuable context. Figure 3.2 displays histograms of the GGT value before and
after the pre-processing step. As can be seen from the graphic on the left, unprocessed
data had extremely large outlier values which skewed the distribution dramatically.
While differing methodologies have varying reference ranges for GGT, the most com-
monly used methods indicate a range of <50 IU/L as a normal range for males (Vroon
and Israili, 1990; Mason et al., 2010). Vroon and Israili (1990) describes a normal range
as <30 IU/L for females, whereas Mason et al. (2010) indicates a range of <40 IU/L is
acceptable.
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The pre-processed GGT graphic on the right is a single-peaked distribution, with a dis-
tinct skew to the right. The bulk of the values sit within the normal range described
above and affirms the data wrangling applied.

This distribution will be of key importance when analysing predictions made by the
models built in Section 4.4, as the predictions made should create a similar-looking
distribution if they are to be representative.
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(A) Histogram of Unprocessed GGT Distribution  (B) Histogram of Pre-processed GGT Distribution

FIGURE 3.2: A comparison of GGT histograms before and after pre-
processing. This illustrates the skewing effect of outliers and emphasises
the need to address them.

Key components of the EDA have been explored above. Due to the nature of the re-
search objective, there are multiple datasets created as a result of the pre-processing.
The detail of these datasets is discussed in the next section.

3.3 Pre-processing Results
The main output of this chapter is 3 datasets detailed in Table 3.2 below:

TABLE 3.2: Output of pre-processing the raw Data

Dataset | Description Size (Rows x Columns)
A A complete-case dataset that dropped

rows with any missing values

A dataset containing all columns,

B including those that had a large 51378 x 30

proportion of missing values

A dataset excluding columns with

C a large proportion of missing values, 51378 x25

but still containing missing values.

30284 x 30
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We apply the methodology described in Chapter 4 to these datasets. Of particular note
is the latter two datasets (B and C), as they will be used in the imputation steps de-
scribed in Section 4.2. Dataset A has 59% of the rows that B and C have, which is a
considerable reduction in the amount of information provided. Meanwhile, dataset C
has 86% of the features of A and B; however, the amount of missing data in those fea-
tures is considerable as shown in Figure 3.1.

The change in the dimension of the raw data to its final processed form indicates the
difficulty of working with this particular dataset. The largest changes in dimensional-
ity are due to the removal of duplicate rows and outliers. The former removed 227 489
rows, whilst the latter dropped 59 893 rows. This highlights the effort needed to ensure
the quality of data input to the models.

The last output from this section is an unlabelled dataset of 10 690 rows where no GGT
value data was available in the initial extract. This dataset is pre-processed similarly
to A, B and C, and we use it to analyse the distribution of predicted values from the
models we train as per Section 4.1 on a completely unseen dataset. We compare this
to the distribution displayed in Figure 3.2 which, if the model generalises well, should
be similar. Figure 3.3 provides a visual representation of how the different datasets are
created.

All Data Dataset A

Y{GGT) X1 X2 .. |X24 X26 ... [X29 Y(GGT) X1 X2 X24 X26 X29
1 1 a a a a 1] 1 a a a a
1 2 a a a a 1] 2 a a a a
1 3 z a X X
1 4 a X X X Dataset B
1l x a a a X W¥(GET) |xa X2 x24 X26 X29
1 6 a a X a 1 1 a a a a
X X a a a X 1] 2 a a a a
X a z a X X 1] 3 z a X X
X a z a a X 1 4 a X X X
1 X a a a X
1] 3] a a X a
Dataset C
Y(GGT)  [x1 x2 %24
1 1 a a
1 2 a a
1 3 z a
1 4 a X
1 X a a
1 3] a a

FIGURE 3.3: This Figure illustrates how the data was divided into the 3

datasets used to train models. The unlabelled portion surrounded by the

bold border is used to compare the distribution of GGT created by the
models to actual data. Rows with an x value indicate missing data.
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3.4 Conclusion

In this chapter the actions we take to explore and prepare the data for use are detailed.
This is an important step in becoming familiar with the data and transforming it into
a format that can be used in supervised learning. We provide details on the target
variable distribution and missing values in the data as key points of the research. The
output of pre-processing will be three datasets to which we apply the methodology.

The first dataset is characterised by any rows or columns with missing values being
treated manually where possible or dropped completely. The second dataset retains all
the missing features and rows to be used in the imputation step. The third dataset re-
tains most variables with missing features but removes columns with a high percentage
of missing values. The variety of datasets necessitates a varied experimental design; we
describe this in Section 4.1.
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Chapter 4

Methodology

The methodology describes the techniques we use in the research. This chapter pro-
vides a high-level background on how the techniques work, explains the reasoning be-
hind their selection and details their application. To begin, we provide the architecture
of the experimental design in Section 4.1. It then focuses on imputation, briefly describ-
ing the two techniques we use. Lastly, this chapter focuses on the supervised learning
models that are trained on the datasets that have been pre-processed and imputed. As
this is application-based research, we will not provide rigorous mathematical detail but
rather a high-level conceptual description to enable an intuitive understanding.

4.1 Experimental Design

This section describes the order in which we apply the methods in Section 4.2 and
Section 4.4. The various combination of datasets, imputation methods and supervised
learning techniques produce multiple outputs. The different scenarios we create are
in pursuit of an answer to the sub-questions described in Section 1.2, regarding which
combination of missing value treatment and supervised learning algorithm produces
the most accurate GGT predictions.

The first source of differentiation in scenarios lies in the dataset being used and its
treatment of missing values, whether it is manually treating, dropping or applying an
imputation method. The use of two imputation methods provides a further point of
difference. In the case of multiple imputation, there is the added scenario regarding the
path to the final predictions.

We follow two methods, namely aggregation of the completed datasets or averaging the
completed datasets. The averaging method combines the multiple completed datasets
into one, then builds a model and makes predictions. While this method is not tra-
ditional multiple imputation, the motivation for its inclusion is provided below when
discussing the various scenarios and considering the context of the research objective.
The aggregation method trains a model on each of the completed datasets, then makes
predictions using each trained model and finally averages the predictions into one final
predicted value. This method allows for variation in the predictions of an incomplete
record, making this method closer to the true nature of multiple imputation.

The last source of difference in scenarios comes from two supervised learning algo-
rithms that are applied to all datasets.
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Firstly, we apply an imputation method to Dataset B and C (with reference to those
created in Section 3.3) to impute the missing values. Once the imputation process is
complete, we split the dataset into train and test datasets (see Section 4.3 for further
detail). This results in the following scenarios:

TABLE 4.1: Combinations of datasets and imputation methods

Scenario | Dataset | Imputation Method Applied | Output Description

1 A None 1 complete dataset
2 B missForest 1 complete dataset
3 C missForest 1 complete dataset
4 B MICE 5 datasets combined into

1 final dataset
Retained all 5 datasets

5 B MICE

as output

5 datasets combined into
° ¢ MICE 1 final dataset
7 C MICE Retained all 5 datasets

as output

On each dataset produced per Table 4.1 we train two supervised learning algorithms,
namely random forest and XGBoost. This creates 14 unique combinations, the results
of which we discuss in Section 5.2.

In the case of scenarios 5 and 7, we train a model on each of the imputed datasets and
the final predictions from each model trained on each completed dataset are averaged
into a final result. This aligns with the impute-analyse-combine framework described be-
low in Section 4.2.2. The literature on utilising tree-based methods in conjunction with
MICE is sparse, hence a combined dataset is also created for scenarios 4 and 6 to view if
any material differences are achieved. The combined dataset was created by taking the
average value of entries among the 5 imputed datasets for numeric columns, whereas
categorical columns use the relevant mode value per entry from the imputed datasets.

This section provided a high-level overview of all the techniques used in the research.
The next section goes into detail regarding the imputation techniques implemented.

4.2 Imputation

As mentioned in Section 2.4, imputation deals with filling in the missing values in
datasets. The techniques used can vary from extremely simplistic rule-based actions
to complex statistical techniques. This research will use two methods to provide re-
sults from different imputation techniques. The first method is missForest, which is a
single imputation method that results in one, completed dataset. The second is multi-
variate imputation by chained equations (MICE), which results in multiple completed,
imputed datasets. A brief description of how each technique works is provided in ad-
dition to a brief motivation for its inclusion.
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4.2.1 MissForest

The missForest algorithm was developed by Daniel Stekhoven and Peter Bithlmann
(Stekhoven and Bithlmann, 2012), with the intent to introduce an imputation algorithm
that made as few assumptions as possible about the data and can deal with mixed data

types.

MissForest makes use of the random forest algorithm — which is detailed in Section
4.4.1 — and performs the following steps to impute data:

1. Firstly, make an initial guess of the missing value e.g. mean imputation.

2. The procedure then cycles through each of the variables, setting the focus variable
as the response variable and training a random forest using the other variables
that have available information.

3. The trained model is then used to predict the missing values of the response vari-
able.

4. The imputation procedure is repeated until a stopping criterion (e.g. improve-
ment in mean squared error) is reached.

One iteration of this procedure is illustrated in Figure 4.1.

| 9 Train the Random Forest

| Score | Age |
98 10

98 10 98 10 [EENEER.  modelonthedata

o 10+6+8 94 8 ER 94 10

57 6 3 57 6 Forest 57 6

Model
78 ? Impute missing 78 8 oce 78 7
74 8 values using mean 6 7 o -
Mark missing values as [dEells, Use model to generate
mark others as [l prediction for missing value

FIGURE 4.1: This Figure illustrates the first iteration of a missForest pro-

cedure (Ye, 2020). Age contains missing values, the rows of which are

highlighted in red. Initially, the mean is used to fill in the missing val-

ues. Age is set as the target variable, with Score as a feature. A model is

built on this intermediate dataset, which is used to predict values of Age
in the original missing entries.

The random forest algorithm used is non-parametric and performs well on complex
datasets due to its ability to capture intricate interactions and non-linear relationships.
Testing performed by the authors illustrate instances of MissForest outperformaning
well-known imputation algorithms such as KNNimpute and MICE (Stekhoven and
Bithlmann, 2012). This makes it a desirable choice for missing value imputation.

The potential drawback of missForest is its current limitation to single imputation, re-
sulting in only one dataset as output. This assumes that any imputed values are cor-
rect and leaves no information regarding the uncertainty of the imputation procedure.
However, given that the overall aim of this research is using imputation as an augmen-
tation technique in building a better-performing supervised learning model, we may
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proceed with this caveat in mind.

The missForest algorithm will be implemented using the missForest package in R (Stekhoven,
2022). Key input hyperparameters and their default values are shown in Table 4.2.

TABLE 4.2: Key hyperparameters for missForest

Hyperparameter | Default Value | Description
. Defines the maximum cycles described
maxiter 10
above that can take place.
Defines the number of features sampled
mtry VP at each split. p is the number of variables
that contain missing values.
ntree 100 Controls the number of trees grown in each forest.

A drawback of the missForest algorithm is the long runtime required on large datasets
with many features that have missing values. This is mainly due to the large number of
random forests required to be trained over several iterations. Investigations with this
procedure lead to the choice of using default values for these key hyperparameters, as
they are most influential on model runtime and computational feasibility. Even at these
hyperparameter settings, one full cycle takes more than 24 hours to complete.

4.2.2 Multivariate Imputation by Chained Equations

Multiple imputation was first proposed by Rubin (1987) as an alternative method of
dealing with missing data. Where this differs from single imputation, as performed
in missForest, is the procedure results in several completed datasets that consist of ac-
tual and imputed data instead of one. Multivariate imputation by chained equations
(MICE) is one implementation of multivariate, multiple imputation proposed by van
Buuren and Groothuis-Oudshoorn (2011).

There are three overall steps described in the typical MICE procedure: imputation, anal-
ysis, and pooling. As the name suggests, the first step imputes the missing values and
is where the chained equations process takes place. van Buuren (2018) and Azur et al.
(2011) describe it in the following steps:

1. Specify an imputation model for each variable.

2. For each variable, fill in any missing values with random draws from the ob-
served data of that variable.

3. The missing values for one variable (for illustrative purposes we will call it X1)
are set back to missing.

4. The rows of X1 without missing data are used to train a model using other vari-
ables in the dataset (potentially all other variables). For example, X1 is a binary
indicator variable and logistic regression is specified as the imputation model, X1
becomes the target variable and the other variables become the features.

5. The missing values of variable X1 are replaced with predicted values from the
model trained in step 4.
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6. Steps 3-5 are then repeated for each variable that contains missing data. Once
this process has cycled through all the variables any missing values will have
been replaced with predictions. Steps 3-5 are repeated for several cycles, with
the imputed values being updated at each cycle. This continues until a stopping
criterion is reached.

This process will result in one complete dataset with no missing values. The researcher
may choose how many of these datasets are created in the imputation step. Imputed
values will differ between the datasets, capturing the uncertainty of the missing values.

The procedure will be implemented using the MICE package in R (van Buuren and
Groothuis-Oudshoorn, 2011). The default imputation models specified are as follows:

¢ Numeric — predictive mean matching
* Categorical variable with 2 categories (Binary data) — logistic regression
* Unordered categorical data with >2 categories — polytomous regression

* Ordered categorical data with >2 categories — proportional odds model

Once the imputation stage is complete the analysis may proceed on each dataset as nor-
mal. Finally, the results of the multiple analyses are pooled into one final result (van
Buuren, 2018). Azur et al. (2011) describes an example of training regression models
on each of the imputed datasets, followed by combining the coefficients and parameter
estimates of each model into a final set of estimates.

IMPUTATION ANALYSIS POOLING

incomplete mutiply analysis final results
data imputed data results

FIGURE 4.2: This Figure displays an example of a typical multiple im-

putation procedure (van Buuren, 2018). Each circle represents a dataset.

The use of multiple datasets containing different imputed values helps

to capture the uncertainty around the imputation process and provides
more robust results when the analysis is pooled together.

The three high-level procedures of multiple imputation described above are illustrated
in Figure 4.2. MICE is one of the most popular multiple imputation methods available
and can be used in a range of settings (Miok et al., 2020; Azur et al., 2011). It offers
flexibility in terms of the data types it can handle and is able to create multiple sets of
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imputed data. This allows for the uncertainty involved in the imputation process to be
captured, something not possible in a single imputation procedure.

As mentioned above, we use the MICE package in R. This package offers flexibility and
control to the user in terms of specifying the inputs into the imputation procedure, such
as selecting the variables to be used and setting the preferred imputation model to be
used on each one. The key hyperparameters and their default values for the package
are displayed in table 4.3.

TABLE 4.3: Key hyperparameters for MICE

Hyperparameter | Default Value | Description

m 5 The number of datasets to be imputed
The maximum number of iterations to
run before a stopping criterion is reached
Controls the imputation model to be
used on each variable

maxit 10

method As per above

As with missForest, the runtime and computational feasibility need to be taken into
account. Due to time and resource constraints, the default hyperparameters were used
in this research. While faster than missForest, one complete imputation procedure with
MICE requires several hours even with the default hyperparameter settings.

Multiple imputation requires careful consideration when being set up to ensure that re-
liable imputations are achieved. The imputation model selected, selection of data to be
included, appropriate input hyperparameters and checking for convergence are among
the questions that need to be asked when setting up the procedure. MICE in particular
assumes missing data are MAR by default. It is able to handle MNAR, but additional
modelling is required in this form (van Buuren and Groothuis-Oudshoorn, 2011).

Given that true randomness of missing values in data is a difficult condition to meet,
the strict requirements of MCAR indicate that this assumption is not suitable for this
research. Given the MAR definition that missingness does not depend on unobserved
data but does depend on observed values, testing for MNAR would require unavailable
information about the missing data (Li, 2013). However, there is currently no way of
directly testing whether the missingness in a dataset is MAR or MNAR (Potthoff et al.,
2006). Furthermore, the large number of features in the data, with several containing
missing values, renders manual investigation into the pattern of missingness extremely
challenging. However, examining the description of fields indicates possible relation-
ships between variables that would allow the missing values to be predicted based on
the observed values in other features. Acock (2005) indicates that factors such as age,
education level, ethnicity and gender are common mechanisms that can be used to de-
termine the pattern of missingness; all of which are currently included in the dataset.
An example of this is younger adults may have a larger proportion of missing values
in the income feature if they choose not to disclose such information. However, the ac-
tual missing income value does not affect the fact that it happens to be missing, which
would be the case for NMAR. Considering all features are related to a customer’s pro-
file and should contain some systematic relationships between them, MAR may be a
reasonable assumption to use for this research.
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The discussion above highlights the additional aspects to be cognisant of when using
MICE, and imputation methods in general. Once the various imputation procedures
have been applied the training and test datasets need to be created. This process is dis-
cussed in the section that follows.

4.3 Train-Test Splits

If an algorithm is trained on an entire dataset, there is a risk of learning the structure
of that specific instance of data too well. If this algorithm is tested on a new extract of
data from the same source as the training data, it may perform poorly; this is known
as overfitting (James et al., 2013). To ensure a model generalises well on data it has not
been trained on, a common technique used is splitting the dataset into two. One dataset
will be used to train the model, while the other is kept aside to evaluate the model once
training is complete, i.e. to test the model on unseen data.

Once we apply the imputation procedure, the train-test split is executed. The applica-
tion of a train-test split for this research requires specific attention to ensure that model
performance is comparable across differing datasets. To achieve this we employ the
following;:

1. Create a unique key at row level on the raw data before pre-processing. This is
carried throughout all work done.

2. Using dataset A, perform a random 74:26 train-test split and retrieve the relevant
row indices for the training and test datasets.

3. With the test set index and their related unique keys, remove any test set related
rows from all datasets.

4. Use the test set indices to create a test dataset from one of datasets A, B or C.

This process ensures that none of the training sets will see any of the data related to the
test set, making for a fair and comparable dataset to evaluate the performance of dif-
ferent data treatments and supervised learning combinations. The test set is extracted
from dataset B. Some values will have been imputed due to slight differences in pre-
processing compared to values in dataset A. However, this particular choice of dataset
was made deliberately to more accurately reflect a real-world scenario where missing
data are prevalent in input features and may need to be imputed.

The test set would make up a different proportion of each dataset. A middle ground
was chosen in terms of the final train-test ratio to ensure a reasonably sized test set for
all datasets while leaving sufficient data for model training. The final dataset sizes are
as displayed in Table 4.4.

The missForest and MICE techniques above are key components in dealing with the
missing values in the datasets. Once the imputation processes have run, the research
moves to training supervised learning models. These techniques are discussed in the
next section.
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TABLE 4.4: Train-test split dataset sizes

Related | Overall Training Data | Test Data Test Data

Dataset | Size (rows) | (rows) (rows) (Proportion of Overall)
A 30284 22412 7879 26%

B 51378 43056 (Same dataset) 15%

C 51378 43056 15%

4.4 Supervised Learning

The goal of a supervised learning exercise is to use a set of input variables, which may
have some influence on an output variable, to predict the output (Hastie et al., 2009).
Below we briefly examine a few key concepts related to the supervised learning process
that we use. This is followed by a description of the supervised learning techniques
implemented in Chapter 5. It briefly motivates why the technique was selected and
provides a high-level intuitive understanding of its mechanics.

It is important to note we are explicitly using heuristics that are agnostic to the under-
lying physiological data. It may be the case that techniques more specific and attuned
to a medical context could work but would require specific domain knowledge to set
up and execute. A combination of imputation and supervised learning is data agnostic,
allowing us to sidestep the need for a specific combination of statistical and medical
knowledge.

K-Fold Cross-Validation

The first supervised learning concept we discuss is K-Fold cross-validations. Cross-
validation is a valuable technique in assessing how an algorithm may generalise on
unseen data, without necessarily having to set aside a separate dataset. If a test set is
infeasible due to a lack of data, this allows the maximum amount of data to be used in
training the model. K-Fold cross-validation works by segmenting the training dataset
into k folds. The model then trains on k — 1 folds, while the held-out fold is used as
unseen data to validate model performance. The process revolves until each segment
has been used as unseen data. The algorithm’s performance on each fold can then be
viewed, and an average score can be taken to get an overall idea of model performance.
This is useful when comparing algorithms as it gives an indication of performance on
unseen data while keeping the test set completely untouched (James et al., 2013). Fig-
ure 4.3 displays the concept of K-fold cross-validation.

While k can be chosen to be as large as needed, due to computational limitations this
research limits use to 5-fold cross-validation.
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FIGURE 4.3: This Figure is an example of 5-fold cross-validation (Patro,

2021). The blue portions represents the training datasets, while the grey

represents the validation datasets. The cross-validation error is obtained
by averaging the prediction error from the 5 grey portions.

Hyperparameter Tuning

The performance of supervised learning algorithms is sensitive to their input hyperpa-
rameters. For example, in a random forest, this can be the number of trees trained or
the learning rate for a neural network. A grid search can be used to determine possi-
ble values for these hyperparameters to extract as much performance from a model as
possible. A grid search requires an input of a range of values for a hyperparameter that
an algorithm will use and trains a model on each of the values supplied. The hyperpa-
rameter value for the best-performing model can then be extracted. If values for more
than one hyperparameter are supplied a grid search will train several models over all
combinations of hyperparameter values.

We have briefly discussed supervised learning and its key concepts of k-fold cross-
validation and hyperparameter tuning. The following sections discuss the supervised
learning algorithms we use in this research.

44.1 Random Forest

Developed by L. Breiman (2001), the random forest algorithm has proven to be highly
successful in both classification and regression tasks (Biau and Scornet, 2016). Biau and
Scornet (2016) describes the high-level idea behind random forests involving 3 main
steps:

1. Sample multiple fractions of the data
2. Train a randomised tree predictor on each fraction

3. Aggregate the predictions of all the trees

The steps described above are visualised in Figure 4.4. Each tree is built on a subset
of the data and a subset of variables. In the case of regression, the prediction values
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FIGURE 4.4: This Figure provides an example of random forest architec-

ture (McCandless and Haupt, 2019). Random subsets of data and fea-

tures make up each tree. The prediction from each tree is averaged into

a single final prediction. In regression, this can be the average value of
the prediction.

from all the trees are averaged into a final prediction. In classification, the class with
the majority of votes from each tree is the final prediction.

Random forests are an ensemble type of algorithm and build upon the established tech-
niques of decision trees and bagging (Biau and Scornet, 2016). Randomisation is in-
troduced via two sources: one via random sampling of data, which takes place with
replacement. The second is at the node split on each tree: the best split is made from a
randomly selected subset of the input features (Bentéjac et al., 2019).

Biau and Scornet (2016) describes several benefits of random forests that contribute to
their popularity. It is recognised for its accuracy and ease of use, requiring few hyperpa-
rameters to tune. Furthermore, it can deal with smaller datasets and high-dimensional
feature spaces. Simultaneously, it is highly parallelisable and can therefore deal with
the large datasets common in modern settings while remaining computationally effi-
cient. Furthermore, it has shown success in a wide variety of use cases from air quality
predictions to 3D object recognition. Lastly, it is able to return a measure of feature
importance. The full technical details of the algorithm are beyond the scope of this re-
search but can be found in Breiman (2001). The aforementioned benefits make it a good
candidate to be used in the supervised learning section of this research which trains a
model to predict GGT test results.
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The random forest algorithm will be implemented using the CARET package in R
(Kuhn, 2008). This package also performs any cross-validation and hyperparameter
tuning required. We describe key hyperparameters of random forests Table 4.5.

TABLE 4.5: Key hyperparameters for random forest

Hyperparameter | Description

ntrees Number of trees grown in training the model.
Number of variables selected as candidates

for each split. This helps to prevent overfitting.
Number of entries needed in a leaf node.

Acts as a form of regularisation.

mtry

min.node.size

4.4.2 XGBoost

The XGBoost algorithm was proposed in 2016 by Tianqgi Chen and Carlos Guestrin as
“a scalable end-to-end tree boosting system” (Chen and Guestrin, 2016). Similar to ran-
dom forests, XGBoost is an ensemble type of algorithm. However, it is built from the
family of boosting algorithms; these combine several weak learners (typically decision
trees) into one strong learner (Bentéjac et al., 2019). It does this by iteratively building
decision trees to fit the residuals created by the preceding tree. The overarching idea is
that with each tree created, the prediction becomes a little closer to the actual values and
the overall model improves. Gradient boosted trees have a tendency to over-fit, which
has resulted in many of them employing regularisation and shrinkage techniques dur-
ing the model training process to counteract this.

XGBoost is an implementation of the gradient-boosted trees algorithm, with a strong
focus on computational efficiency in tandem with accuracy. According to Chen and
Guestrin (2016), it achieves this through specific implementations such as:

* Regularised Learning objective function

Shrinkage and Column Sub-sampling
¢ Approximate Greedy Algorithm

Weighted Quantile Sketch and Parallel Computing
* Sparsity aware split finding

The items listed above all deal with reducing over-fitting and computational load. The
last item — sparsity aware split finding — enables XGBoost to deal with missing values
in the input features, giving it greater flexibility. An interesting component of the XG-
Boost implementation is its focus on computational efficiency unrelated to statistics.
Two examples of this are cache-aware access to utilise the fastest memory available
where possible, and blocks for out-of-core computation to reduce read time off a hard
disk. The full technical detail of the algorithm is beyond the scope of this research but
can be found in Chen and Guestrin (2016).

The XGBoost algorithm has shown impressive performance in a wide variety of use
cases and has come to dominate many Kaggle competitions (Chen and Guestrin, 2016).
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Its impressive accuracy on tabular data and computing efficiency make it a good can-
didate to be used in this research.
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FIGURE 4.5: This Figure displays the boosting procedure used by XG-
Boost Guo et al. (2020). Successive learners are trained on the residuals
(i.e. errors) of the previous learner. All predictions from individual learn-
ers are aggregated into a final prediction.

Figure 4.5 illustrates a portion of the XGBoost algorithm. It shows how each sequential
tree, which are all weak learners, is trained to predict the errors (residuals) of the previ-
ous tree. The final prediction is an aggregate of the initial prediction and the predicted
errors provided by the trees.

The XGBoost algorithm will be implemented using the CARET package in R. As with
random forests above, this package is able to perform cross-validation and hyperpa-
rameter tuning. The key hyperparameters for XGBoost are described in Table 4.6.
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TABLE 4.6: Key hyperparameters for XGBoost

Hyperparameter | Description

nrounds Number of rounds for boosting.

Maximum depth of a tree. Shallower trees are less

complex and less likely to overfit.

Step size shrinkage. This reduces the impact of a

single learner’s prediction and acts as a form of regularisation.
Specifies the minimum loss reduction required to further
gamma partition a leaf node. A larger gamma will result in a more
conservative algorithm

Defines proportion of columns that are subsampled for

each tree grown

Minimum number of instances required in each node.

A larger value is more conservative

The proportion of training data that can be randomly sampled
prior to growing a tree. This helps to prevent overfitting

max_depth

eta

colsample_bytree

min_child_weight

subsample

4.5 Conclusion

This chapter provides detail on the techniques we apply in this research. Initially, we
provide a strategy on how the research goes about achieving its final results presented
in Chapter 5. Secondly, a high-level description of the techniques is provided to enable
an understanding of how they work without delving into mathematical detail. This
chapter also provides some of the advantages of each technique to bolster the decision
to use them. The methodology composition is crucial to achieving the goals set out in
the research objective.



34

Chapter 5

Results

This chapter provides results of applying the techniques described in Chapter 4. Firstly,
we provide a discussion on how model performance is measured. We follow this with
results from all techniques that were applied to the datasets as per Section 4.1. Further-
more, we provide an analysis comparing unlabelled GGT predictions to actual data.
Lastly, we review the results and determine if meaningful progress towards the re-
search objective was made.

5.1 Discussion on Performance Metric

Regression models focus on predicting continuous variables, with applications such as
predictions for housing prices or temperature. We evaluate regression model perfor-
mance using metrics to examine the error (i.e. distance) between predicted and actual
values. These can be difficult to interpret without context. This is unlike classification
models which can be evaluated on absolute performance metrics that are easier to in-
terpret, such as the accuracy of class predictions.

Popular metrics used to measure regression performance are mean squared error (MSE),
root mean squared error (RMSE) and mean absolute error (MAE) (Botchkarev, 2018).
For this research RMSE was chosen as the key metric used to measure performance.
While several metrics can be used to measure regression model performance, there is
no clear consensus on which is best. Willmott and Matsuura (2005) puts forward MAE
as a superior indicator of average error, whereas Chai and Draxler (2014) advocates for
RMSE - particularly when the error distribution is expected to be Gaussian.

Ease of calculation and the units being the same as the predicted variable (unlike MSE
which is units squared) are some advantages of RMSE and contributed to it being used

as the metric of choice for this research.

The formula used to calculate RMSE is displayed below:

1 N
= —_ 7. — )2

where 1j; are the predicted values, y; are the actual values and N is the number of ob-
servations.
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As we are unable to evaluate regression model performance in absolute terms, we focus
mainly on relative comparisons. However, a simple baseline value is needed as a target
to be improved upon to determine if the techniques can add value. This research uses
the standard deviation of the data as this baseline. If we were to choose the mean as a
value for all predictions, the standard deviation acts as an analogous measure of vari-
ation to RMSE. Therefore, for a model to add value it must offer a lower RMSE on its
predictions than the standard deviation. Furthermore, the comparison of RMSE on the
test set predictions from the different models trained determines the best-performing
scenario.

This section discusses the manner of model performance evaluation for this research.
In the following section, the results are provided and interpreted.

5.2 Results

When the imputation process converges, diagnostic checks like those shown in Figure
5.1 can be performed to view if the imputed values are reasonable. Each trace line
represents one of the five imputed datasets. The aim is to see the trace lines intermin-
gling within a reasonable range. Large values or strict patterns would indicate an issue
with the imputation, potentially with the imputation model used. From the diagnostic
checks, no major issues were revealed.
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FIGURE 5.1: This Figure is an example of the diagnostic checking offered
by the MICE package in R. We examine four features with the most miss-
ing values in the data. The trace lines display the mean and standard
deviation values of the features across iterations. The intermingling of
lines indicates a desirable outcome for this imputation procedure.
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Once the imputed data are deemed reasonable, we can analyse results from the su-
pervised learning models that are trained on them. Table 5.1 details the 14 different
scenarios and the related result that emerge from the application of the methodology
detailed in Section 4.1.

TABLE 5.1: Model performance results

Scenario | Dataset Imputztll;l))rlliz;ethod Model RT;[SStE
1 A None RF 12.415
2 B missForest RF 12.463
3 C missForest RF 12.385
4 B MICE - combined RF 12.503
5 B MICE - 5 datasets RFE 12.491
6 C MICE - combined RF 12.666
7 C MICE - 5 datasets RF 12.629
8 A None XGB 12.034
9 B missForest XGB 11.965
10 C missForest XGB 12.210
11 B MICE - combined XGB 11.998
12 B MICE - 5 datasets XGB 11.725
13 C MICE - combined XGB 12.295
14 C MICE - 5 datasets XGB 11.888

We evaluate the performance of a model based on RMSE, as described in Section 5.1,
using test set data predictions. The test set, as per Section 4.3 was not used by any of the
supervised learning methods during training and acts as a measure of how the model
generalises and performs on unseen data.

To begin with, we make a comparison to the standard deviation of the data. The stan-
dard deviation acts as an analogous measure of variation if all predictions were set to
the mean value. Therefore, it acts as a baseline measure to evaluate if model perfor-
mance is better than a simple prediction. In other words, do the techniques applied
add value and enable accuracy better than a guess? The standard deviation of the test
set is 17.065. All scenarios in the results appear to perform better than this. The worst
performing model occurs in Scenario 6 with an RMSE of 12.666, while the best perform-
ing can be found in scenario 12 with an RMSE of 11.725. This is an improvement of 26%
and 31% respectively. The lowest RMSE per dataset, model and imputation method
respectively are presented in Section 5.4 as they pertain to the research questions posed
in Section 1.2.

While it appears that the techniques can add value to GGT prediction, there does appear
tobe a limit to the accuracy it can provide. This is despite varying the input dataset with
differing numbers of rows and columns, imputation techniques and supervised learn-
ing algorithms. Additionally, we perform a hyperparameter tuning exercise to find the
combination of hyperparameters that results in the lowest RMSE. We use a grid search
over the key hyperparameters described in Section 4.4 for every model trained. The
initial grid search performed was over a wide range of values for each hyperparameter.
Over several iterations, the range of values was narrowed down to those providing the
best results. The grid values searched that create the final models are shown in Tables
5.2 and 5.3. Certain hyperparameters such as nrounds (for XGBoost) and num.trees (for
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random forest) display a single value. During iterative training rounds, these values
were narrowed down such that the marginal gain in performance was not outweighed
by increased runtime.

The resulting scenarios in Table 5.1 show a difference in RMSE of merely 0.941 between
the best and worst scenarios. This may indicate that improved performance in GGT
may not lie within the application of these techniques, but perhaps a more varied set
of input features. Alternatively, an increase in the sheer volume of input data may be
where this performance could be extracted, given the large reduction in dataset size
from the initial raw extraction as described in Section 3.3.

Another consideration is though the test set has some imputations, do the models per-
form similarly on a dataset with a higher degree of imputation? Fortunately, the cross-
validation results provide a proxy for a heavily imputed test set. Analysis of the cross-
validated RMSE reveals that a similar pattern of performance emerges around the var-
ious scenarios, indicating that a material performance differentiator may not lie in the
degree of imputation in a dataset.

TABLE 5.2: Random forest final grid search values

Hyperparameter | Values Searched
num.trees 100

mtry [34,35,36]
min.node.size [2,3,4]

TABLE 5.3: XGBoost final grid search values

Hyperparameter | Values Searched
nrounds 500
eta 0.1
colsample_bytree | 0.8

min_child_weight | 1

subsample 0.8
max_depth [6,12]
gamma [0,0.1]

5.2.1 Best Performing Model

As Table 5.1 indicates, the best-performing model from an RMSE perspective can be
found in scenario 12. This consists of using dataset B, which contains all features — in-
cluding those with a large degree of missing values. The MICE package was used to
apply a multiple imputation procedure to impute any missing values in the features.
An XGBoost model was trained on each of the 5 imputed datasets. These models were
then used to make predictions on the test data set, with a final prediction being the av-
erage of all 5 model predictions.

As mentioned above, a grid search is used to determine the combination of hyperpa-
rameters that offered the best performance. From the values searched over described in
Table 5.3, we display the best performing hyperparameters for XGBoost from an RMSE
perspective in Table 5.4.
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TABLE 5.4: Hyperparameters of best performing model

Hyperparameter | Value
nrounds 500
eta 0.1
colsample_bytree | 0.8
min_child_weight | 1

subsample 0.8
max_depth 12
gamma 0.01

While the design above produces the most accurate predictions of GGT in the research,
we return to the previously mentioned comment on the perceived ceiling in the predic-
tive performance of the models. Given the small spread of RMSE among the differing
scenarios, computational efficiency may dictate a preferred method in practical terms
if a slight trade-off in accuracy is acceptable.

If this is taken into account, dataset A is the simplest to prepare, avoiding the long
runtime required to perform MICE imputation. Furthermore, the XGBoost algorithm
is one built for speed. This describes scenario 8, which produces a test RMSE of 12.034.
This is an increase of 2.64% RMSE for simpler implementation and quicker run time.
Depending on the scenario this may be preferable.

The results above discuss the errors found between predicted and actual values, allow-
ing us to determine the best-performing scenario. In the next section, we examine how
the distributions produced from predictions on an unlabelled dataset compare to actual
GGT data.

5.3 Predicted vs. Known Distribution

This section utilises the dataset from Section 3.3 of 10 690 rows that had missing GGT
values. The best-performing random forest and XGBoost model from an RMSE per-
spective are used to predict GGT values on this dataset. The distribution of these values
is then compared to the distribution of actual GGT values seen in the data.

Figure 5.2 displays distributions of predicted and actual values. It appears for both
random forest and XGBoost, the distribution of predicted values does not match those
of the actual GGT data. The predicted values appear to have a narrower spread, with a
larger proportion of the values appearing between 25 and 50 IU/L. It also appears less
skewed than the actual data, with fewer values greater than 50 IU/L.

Table 5.5 provides a 5-number summary of GGT values in the actual data and those pre-
dicted by a random forest and XGBoost model. This further emphasises the narrower
range when observing the minimum and maximum values. The 3rd XGBoost appears
to perform better than the random forest, with values closer to the actual data in each
category. The differing mean and median values of the predictions compared to actual
data further emphasise the difference in distributions.
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FIGURE 5.2: A density plot of predicted vs. actual GGT values. The

distributions do not appear to be matching, with predicted values occu-

pying in a much narrower range. Visually it does not appear as if the

predicted values are obtained from a similar distribution to the actual
data.

Given the comparison of two distributions, a Goodness of Fit test such as a two-sample
Kolmogorov-Smirnov test could be applied. However, the resulting test statistic will
likely have little value due to the large sample sizes (Lazariv and Lehmann, 2018).
Therefore, we examine the distributions visually and empirically to draw insights.

This finding presents an issue if the models were to be used in an actuarial analysis to
fill in missing GGT data, as predictions made would not fall within the expected val-
ues and potentially bias the overall analysis. A note here may be that this particular
population may not be representative of the whole, and their related GGT values are
indeed within this range. Further testing on wider samples may be needed to confirm
if the models are indeed unable to produce predicted values from a similar distribution
to the actual data.

TABLE 5.5: Five number summary comparison

Actual Data Unlabelled Prediction: | Unlabelled Prediction:
Random Forest XGBoost

Minimum 2 13.56 11.9

1st Quartile | 19 29.43 27.94

Median 27 34.6 33.38

Mean 31.72 34.88 34

3rd Quartile | 40 40.36 39.45

Maximum 88 61.18 70.96

Now that the results have been discussed they can be evaluated against the original

research objectives, which we examine in the next section.



Chapter 5. Results 40

5.4 Evaluating the Research Objective

Table 5.1 allows us to evaluate how well the research addresses the questions posed
in Section 1.2. The research goals are restated below and discussed individually in the
context of available results.

Overall Question: How accurately can GGT values be predicted from existing data?

Initial comparisons of RMSE to the standard deviation of the data indicate a combi-
nation of missing value treatment and supervised learning algorithms can add value
in terms of accuracy over a simple prediction choice. However, despite varying ex-
perimental designs and hyperparameter tuning, there appears to be a limit within the
current feature set as to how accurate a model it can produce.

Question 1: Which dataset yields the best results: imputed or complete-case?

Table 5.6 displays the lowest RMSE achieved for each dataset. Dataset B produced the
lowest RMSE among all scenarios. As per Table 3.2, this dataset contained all 34 input
features and retained all 51 378 rows. The input features include those with a high de-
gree of missing entries. Despite this, it appears that having more data available overall
was valuable, which is the benefit of retaining all features and rows. This does align
with the rule of thumb that more data are usually preferable.

TABLE 5.6: Lowest RMSE achieved per dataset

Dataset | Lowest RMSE Achieved
A 12.034
B 11.725
C 11.888

Question 2: Which imputation method yields the best result?

Table 5.7 displays the lowest RMSE achieved for each imputation method used, with
MICE (using 5 imputed datasets) achieving the lowest overall value. Additionally,
while neither imputation method seems to have gained a significant advantage over the
other, Table 5.1 indicates on average MICE produced lower RMSE values than missFor-
est when comparing all scenarios. Furthermore, in execution time MICE had a distinct
advantage over missForest. MissForest required more than 24 hours to run, whereas
MICE required a fraction of this.

TABLE 5.7: Lowest RMSE achieved per imputation method

Imputation Method | Lowest RMSE Achieved
None 12.034
missForest 11.965
MICE - combined 11.998
MICE - 5 datasets 11.725
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Question 3: Which supervised learning algorithm yields the best results?

Table 5.8 displays the lowest RMSE achieved for each supervised learning algorithm,
with XGBoost returning the lowest RMSE between the two. Furthermore, as per Table
5.1, in every like-for-like scenario pitting random forest against XGBoost, XGBoost has
emerged as the superior supervised learning method from an RMSE perspective. Given
its dominance in data science competitions, this is not surprising. However, the algo-
rithm itself fails to provide a substantial decrease in RMSE relative to random forests.

TABLE 5.8: Lowest RMSE achieved per supervised learning algorithm

Model Lowest RMSE Achieved
Random Forest | 12.385
XGBoost 11.725

Question 4: Which combination of data handling technique and supervised learning algorithm
yielded the best results?

As mentioned in Section 5.2.1, the combination of MICE (applied to a dataset to impute
missing values) and XGBoost (to train a supervised learning model to predict GGT val-
ues) yielded the best results. What is important to note is that this scenario retains all 5
complete imputed datasets, and trains an XGBoost model on each one. All the models
are then used to make predictions, with the average of all 5 predicted values being out-
put as the final value.

5.5 Conclusion

This chapter displays and interrogates the results of applying the methodology de-
scribed in Chapter 4. It discusses how success is defined for the models created and
determines the structure of the model with the best-performing results as per this de-
fined metric. Lastly, it discusses the results in the context of the research objective and
its various sub-goals to determine if they have been met.
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Chapter 6

Conclusion and Recommendations

This chapter summarises the research done, evaluates the results against the research
objective and provides recommendations for future research that may lead to improved
outcomes.

6.1 Summary of Research

In Chapter 1 we provide the context and motivation for the research and its potential
benefits to life insurance companies. An overall outline of the research is included to
give the reader a high-level overview of what to expect.

Chapter 2 provides a review of relevant literature. To provide sufficient background to
the analysis and to orient the reader, this begins with an exploration of life insurance
and its mechanisms. A selection of use cases from the medical and insurance field high-
lights the usage of both imputation and machine learning techniques in the respective
tields and provides a basis for the research.

Once the foundation is established, we introduce the data we use in Chapter 3. Data
exploration is a critical step in gaining insight and unearthing issues. We describe how
the data has been sourced, and the various types of fields included within the dataset.
It then describes how the data was explored and highlights the common issues that
affect supervised learning such as outliers and zero-variance features. Lastly, it uses in-
formation from the exploration to perform any pre-processing that needs to take place
before the methodology can be applied as per Chapter 4.

Chapter 4 provides a high-level explanation of how the imputation and supervised
learning techniques work and describes the advantages that contribute to their selec-
tion for the methodology. It also provides an overall plan of how they are applied to
the data to achieve the final results in Chapter 5.

Chapter 5 provides a brief discussion of the metric chosen to measure performance. It
then provides the overall results before discussing them. Crucially, it provides a com-
parison between predicted and actual GGT distributions to see if predictions on unseen,
unlabelled data achieve a similar distribution and validates the predictions further.

The descriptions above provide an overview of the objective of each chapter. The fol-
lowing section provides a summary of Section 5.4, where we evaluate the results of the
research against the initial research objectives outlined in Section 1.2.
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6.2 Evaluation of Research Objective

Section 1.2 states the research objective is to determine how accurately statistical im-
putation techniques and supervised learning algorithms could be used to predict GGT
results using customer, underwriting, policy, and available biomedical data.

The discussion of results in Section 5.2 indicates that the application of techniques de-
scribed in Chapter 4 does indeed offer gains in accuracy when compared to a simple
baseline estimate. The best-performing combination of techniques is MICE for impu-
tation and XGBoost for supervised learning; specifically retaining all 5 datasets and
averaging the predictions from 5 models trained on each dataset. Comparisons of the
test dataset RMSE achieved by this design to standard deviation resulted in a 31% im-
provement in accuracy. However, it must be noted that the difference in performance
between the various techniques was minimal. This indicates that although imputation
and supervised learning do offer advantages over not using them at all, the actual tech-
niques themselves may have an upper limit to the accuracy they can offer.

Furthermore, when comparing distributions of data without actual GGT values to the
distribution of GGT values found in the data, the predicted values do not appear to
match.

Given these findings, it appears that while the techniques could be useful in terms of
providing a more complete analysis of the data where no alternatives exist, further
gains in accuracy may be required before it can be deployed for usage in actuarial anal-
ysis or indeed as an alternative to pathologist blood tests in front-line sales.

With the progress against the research objective described above, it is prudent to ex-
plore avenues of research where improvements may lie. We discuss these potential
options in the next section.

6.3 Recommendations

This research has indicated there are possible benefits to supervised learning methods
and imputation techniques being used to predict GGT using existing data. The chal-
lenge from this point forward is investigating how far accuracy can be improved upon,
and indeed if there is a tipping point where life and medical insurance companies may
consider the model reliable enough to implement into their business and reduce the
need for physical GGT assessment.A few options are open to future research looking to
expand into this area:

Firstly, the sourcing of data could be looked into. Though marginal, results indicate
that both more entries and features lead to superior results. This could take the form
of using datasets over a longer period, having fewer initial filters, using different prod-
uct sets or perhaps even sourcing data from a variety of insurers. An alternative set of
data may be obtained purely from clinical studies involving GGT, removing the demo-
graphic and customer-related fields to access more medically detailed features. Alter-
natives could be investigated if more detailed customer information is needed, such as
scraping social media to engineer features to augment and diversify input features.
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Secondly, the data wrangling and pre-processing could be expanded upon. Alternative
methods in the treatment of issues mentioned in Section 3.2 could be investigated. This
would create a different dataset that may result in greater accuracy for models trained
on it. For example, the treatment of outliers could be changed in an effort to retain
more data entries. This could involve a thorough investigation of the outlier fields in
the database and a manual correction of outlier values where appropriate. However,
this would be an extremely time-consuming and manual process.

The third potential avenue for improved accuracy would be an investigation into differ-
ent imputation and supervised learning techniques. A particular technique may lend
itself to performing at a higher level with underwriting data. Imputation techniques
such as KNN-impute or the expectation-maximisation with bootstrapping algorithm
implemented by Amelia II in R (Honaker et al., 2011) are examples of imputation al-
ternatives. In terms of supervised learning, deep learning techniques such as neural
networks or well-known algorithms such as support vector machines may yield im-
proved results. The opportunity for research in this spectrum is diverse, as experimen-
tal designs can be created in many ways. As illustrated in the Chapter 2, Miok et al.
(2020) provides an example by using Monte Carlo Drop-out Autoencoders to augment
the multiple imputation techniques used.
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Appendix A

Github Repository

The code used during this research to perform the exploratory data analysis, data pre-
processing and modelling can be found at this link:

https:/ /github.com/YPerumal/Msc-coding-R.


https://github.com/YPerumal/Msc-coding-R
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