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Abstract 

 

The General Insurance Analytics Field Guide has been created to help actuaries 
either using or planning to use data analytics in various general insurance fields. 
Version 1 of the guide, outlined in this paper, is currently a roam over the data 
analytics countryside, providing examples of current data sources, tools and 
methodologies and practical usages. 

The guide is designed to be high level, not overly technical, and able to be added to 
and modified over time to ensure it remains as useful as possible. 

Keywords: General Insurance, Data Analytics, Field Guide, Capital & Finance, 
Personal Injuries, Reinsurance & Natural Perils, Personal Lines Pricing, Lenders Mortgage 
Insurance, Performance Monitoring 
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Introduction 

 "What of the future? The future of data analysis can involve great progress, the overcoming of real 
difficulties, and the provision of a great service to all fields of science and technology. Will it? That remains 
to us, to our willingness to take up the rocky road of real problems in preference to the smooth road of 
unreal assumptions, arbitrary criteria, and abstract results without real attachments. Who is for the 
challenge?" John W. Tukey, 1962 

With the rise of computational power, data analytics is rapidly emerging as a key 
strategic priority across most industries. General insurers and accident compensation 
schemes are following this trend and are increasingly focused on optimally leveraging 
all available data assets to provide competitive advantage, enhanced customer 
experience and differentiated product offerings.  Within this context, we have 
initiated a field guide for practitioners looking to take advantage of the new 
opportunities that this will bring to the actuarial profession. 

The General Insurance Analytics Field Guide has been created to help actuaries 
either currently using or planning to use data analytics in various general insurance 
fields. It is designed to be high level, not overly technical, and able to be added to 
and modified over time to ensure it remains as useful as possible.  

Version 1 of the guide, outlined in this paper, is currently a roam over the data 
analytics countryside, covering practical pointers for a range of areas including 
capital, personal injuries, natural perils, short tail pricing, lenders mortgage insurance 
and performance monitoring. Each section covers the following topics: 

 Introduction 
 Data sources 
 Analysis approaches, tools and methodology 
 Current applications 

The sections are independent of one another and as such, the reader is invited to dip 
directly into those topics that are of most interest to them. 

We conclude with a general discussion of ways in which Actuaries can add value in 
this area.  

In keeping with the rapidly evolving nature of this field, the guide is a living document, 
able to be added to by the community over time to expand the scope of coverage, 
add to existing topics and act as an up to date resource. To this end, we have created 
a wiki version of the guide, which is currently available at 
http://www.m8asolutions.com/wiki/index.php/Main_Page1 and invite you to join in. 

Please note that this paper has been written by a number of different authors, who 
have each contributed a section to the Field Guide. Each author has adopted their 
own writing style. As we hope that more authors will edit and add to the Field Guide 
over time, we have deliberately not attempted to create consistency in writing style 
between each of the sections.  

                                                
1 The wiki is intended to be moved to www.actuaries.asn.au in the near future. 
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Section 1. Personal Lines Pricing 

Original Author: Jonathan Cohen  

Introduction 

An insurance premium can be broken down into four layers: risk, expense, profit and 
statutory charges. Traditionally, the risk layer has received the most actuarial and 
analytics attention, as insurers have sought competitive advantage by developing 
ever-more granular views of their customers. More recently, attention has also been 
paid to the profit layer, with the inclusion of price vs volume trade-off considerations 
at an individual customer level. 

This section provides an outline of the key factors that an actuary should take into 
account in setting personal lines rates including practical considerations as well as an 
outline of useful data sources and analytics techniques. For commercial reasons, the 
discussion is framed primarily in terms of risk pricing, however many of the 
considerations carry across to the profit layer. We further limit our discussion to the 
setting of rates for working perils --- i.e. we do not consider natural hazard pricing, 
which is discussed separately in Section 3. 

Data Sources 

Data sources for pricing include: 

 Underwriting form data: Information collected from the underwriting form 
provides the basis for pricing models. In particular, if a question asked on an 
underwriting form is not useful for pricing then the insurer should consider 
removing in order to increase quote completion rates. 

 Additional data on the risk: Underwriting form data can be augmented by 
data on the risk insured. For example, Glass’s Guide provides details on motor 
vehicles such as weight, power etc. and Reed Construction Data provides 
home rebuilding cost estimates based on the building characteristics.  

 Individual customer information: For renewal customers, it is possible to include 
individual customer information based on their historical interactions with the 
insurer. This includes claims history and call centre activity.  

 Geographic information: Factors derived from the census and other ABS data 
sets can be attached to data at varying levels of granularity based on the 
insured’s address.  

 Other external data: A range of additional data is available on the market for 
attaching at either an address or risk level. Examples include credit bureau 
scores and purchasing behaviour. As there is typically a significant cost for 
obtaining this data, care should be taken to test whether it adds a sufficiently 
material amount on top of information that the insurer already knows about 
the customer to justify its expense. Consideration should also be given to how 
the data can be included at the point of pricing and the proportion of 
customers to which the data can be attached. 
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Analysis Approaches, Tools and Methodology 

A pricing exercise can typically be separated into two components: 

 Calculation of rate relativities between customers: Typically, the bulk of the 
rating exercise 

 Calculation of a rate for a base customer: This is the notional customer who is 
assigned a relativity of 1. All other customers’ prices are set relative to the base 
customer. This allows for the straightforward incorporation of time-related 
variations such as inflation into rates by varying the premium for the base 
customer. 

This section provides an outline of key modelling considerations, analysis techniques 
and available software with a focus on the relativity-setting exercise. For a detailed 
description of modelling mechanics and underlying mathematical theory, the reader 
is referred to (Ohlsson and Johansson, 2014) for a detailed discussion of GLM-based 
rating and (Hastie, Tibshirani and Friedman, 2009) for a discussion of machine learning 
techniques. In the remainder of this section, we cover the following: 

 Practical considerations 
 Setting and updating base rates 
 Data considerations 
 Modelling approaches 
 Implementation considerations 

Practical considerations 

In an actuarially ideal world, an insurer would ask loads of questions on their 
underwriting form and an additional gamut of external data would be linked in; 
pricing models would take into account all available information and be updated 
daily as new experience emerges. Unfortunately, practical considerations make this 
untenable in most instances. At the early stages of a pricing project, the actuary 
should seek to understand the specific limitations at play and incorporate them into 
project plans.      

Typical limitations include the following: 

 Quote form: Each additional question on a quote form increases the likelihood 
that a customer does not complete the form and is lost to the insurer. Where 
the actuary has input into the question set, care must be taken to ensure that 
each additional question yields material new information. 

 Pricing engines: Many front line pricing engines, particularly for new business, 
are built to operate by looking up and combining a sequence of tables. 
Typically, altering these systems to include additional rating factors involves a 
material IT expense. This places two main practical limitations on the pricing 
exercise. First, the universe of predictors used in modelling may need to be 
restricted to factors already available in the system, at least in the first instance. 
New factors can be considered in the modelling of risks, but are unlikely to have 
a material impact on the resulting premium rating unless they are able to be 
incorporated into the rating engine. The second limitation is around the choice 
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of modelling algorithm used. For example, it is usually possible to convert GLMs 
into rate table form, whereas machine learning algorithms such as Gradient 
Boosting Machines are not always able to be satisfactorily converted. It’s worth 
noting that in pricing renewals, the rating engine restrictions are likely to be 
much less restrictive than for new business as they are typically calculated 
offline.  

 Policy wording: The Product Disclosure Statement may place restrictions on the 
construction of prices. For example, modelling a customer’s home and motor 
policies jointly for the purpose of offering a packaged rate may breach 
promises around multi-policy discounts.  

 The wider market: Competitor activity directly impacts on pricing outcomes 
and consideration of competitor rating should be included in profit layer 
analysis. More subtly, market norms can lead to unintended pricing impacts if 
not allowed for. For example, it is standard practice amongst travel insurers to 
not charge an additional premium for children accompanying the 
policyholder on their trip. An enterprising actuary may observe that customers 
travelling with children have a higher average claim size than those who don’t 
and adapt rates to incorporate this fact. The rollout of such a pricing change 
should be carefully managed and tested in order to assess the impact on take 
up rates. It would likely also include an alteration to marketing (in this instance, 
removal of “children travel free” statements). 

 Statutory changes: While the statutory charge premium layer does not require 
much modelling attention in its own right, alterations in its calculation can have 
knock-on effects to the risk and profit layer calculations. For example, the 
removal of the Financial Services Levy (FSL) in Victoria in 2013 placed pressure 
on insurers to explain to customers why their premium did not change purely 
by the quantum of the FSL. Looking forward, New South Wales will restructure 
the funding of emergency services and remove the ESL levy from home and 
contents insurance premiums from July 2017. 

Setting and updating base rates 

Base rates are set so as to achieve a desired aggregate level of profitability. This 
requires estimating the portfolio composition on a forward-looking basis. As a result, 
the following may need to be considered and allowed for: 

 Risk value indexation: For example, sum insured on home policies should be 
indexed to account for building costs inflation.  

 Supplier changes: Changes to an insurer’s supplier networks may have a 
material impact on aggregate claims costs. For example, a motor insurer may 
renegotiate rates with its repairer network.  

 Exchange rates: If a significant amount of claims costs are transacted in foreign 
currency, an allowance may need to be included in base rates to incorporate 
currency movements since the modelling period.  

 Economic indicators: The outputs of an economic scenario generator may be 
helpful in setting the base rates for loan-linked products such as Lenders 
Mortgage Insurance (LMI). 
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Data considerations 

A key component of a pricing exercise is the construction of a dataset suitable for 
modelling. Factors to take into account include: 

 Date period: A sufficient history of data should be collected to represent the 
full range of experience. At a minimum, this should include sufficient data so as 
to be able to control for seasonal effects. For some products this may not be 
feasible. For example, for loan-linked products the data would ideally cover a 
full economic cycle in order to estimate the impacts of a downturn on different 
segments of customers. This is challenging given the absence of significant 
downturns in Australia’s recent past. 

 Policy exposure: Care needs to be taken to ensure that policies are treated on 
a like-for-like basis. For example, motor policies may need to be weighted by 
the number of days that they were exposed.   

 Claims development: Although personal lines products are typically very short 
tailed, claims may still take a few months to be reported. The date range of 
data extracts should be selected to ensure that all claims have had the 
opportunity to develop sufficiently. 

 Lead time: Only information available at the time of issuing a quote should be 
used in modelling. This is particularly relevant to renewal pricing, where notices 
are often sent out several weeks before the renewal date. 

 Product changes: Product changes over the course of the modelling period 
can have a material impact on claims experience. They should be controlled 
for in modelling in order to ensure that they are not spuriously included in other 
factors. One approach is to include an underwriting date variable in the 
modelling data, which can be used to control for step changes in experience. 

Modelling considerations 

Many of the considerations when building a pricing model are similar to those for any 
other statistical modelling exercise. For example, the models should be parsimonious 
– i.e. include the minimum number of factors to achieve the level of accuracy 
required. The covariates in the model should be uncorrelated with one another, and 
the model should have good out-of-sample performance. Specific considerations in 
constructing insurance pricing models include: 

 Peril structure: Risk models are typically modelled as the sum of individual peril 
premiums. For example, models for domestic contents cover may be 
decomposed into individual models for water damage, fire, theft etc. The 
choice of peril structure is driven in part by product design features and in part 
by seeking homogeneous modelling targets. For example, a travel policy for 
which cancellation cover is optional needs to be able to be priced both with 
and without cancellation cover. Moreover, a typical product’s claim size 
distribution is likely to be multimodal as different perils lead to very different 
levels of consequent loss. 

 Implementation restrictions: As discussed above, an insurer’s pricing engine 
may place restrictions on the variables that can be used in practice. In 
particular, fitting a model to a wider set of predictors and then back fitting to 



GI Analytics Field Guide: A roam over the data analytics countryside 

 
Page 9 of 42 

 

those available in the rating engine seldom leads to material improvements 
over models that are built directly using only the available predictors. Where 
additional predictors are shown to materially improve the model, a cost-
benefit analysis of incorporating them into the rating engine may be 
warranted. 

 Distribution channels: An insurer typically distributes their products via several 
channels such as online, call centres, car dealers, brokers etc. The profile of 
customers using each of these channels may be sufficiently different to warrant 
special consideration in the development of risk models and certainly in profit 
layer modelling.  

Modelling approaches 

Some of the more popular modelling methods used in pricing include: 

 Generalised linear models: GLMs have established themselves as a standard 
methodology for developing pricing models. They typically produce models 
that have low bias, are able to be easily interpreted and explained and have 
a clear relation with product design. Moreover, their structure leads to a natural 
conversion into rate table form for implementation in legacy pricing engines.  
A good overview of pricing with GLMs is given by Murphy, Brockman and Lee 
(2000) and a more detailed discussion is contained in Ohlsson and Johansson 
(2014). 

 Statistical learning: Statistical learning algorithms have the promise of 
constructing accurate models with far less effort than required for GLMs. 
However, they have the drawback of being more difficult to understand and 
explain and having greater variance in individual customer estimates between 
model updates. Gradient Boosting Machines and Random Forests are tree-
based ensemble methods that have the potential to be used in pricing models. 
Anecdotal evidence suggests that the industry is looking to move in this 
direction. A discussion of these and other learning algorithms is contained in 
Hastie, Tibshirani and Friedman (2009). 

 Hierarchical credibility and geographic smoothing: Some rating factors, such 
as vehicle make/model/variant, have a very large number of levels that make 
them difficult to incorporate directly in GLMs and can lead to overfitting in 
algorithms such as gradient boosting. One approach to incorporating them is 
to build a hierarchical credibility overlay to an underlying pricing model built 
off the less granular rating factors. More details on this approach are contained 
in Ohlsson (2008). Similarly, geographic factors can be included via smoothing 
of address-level residuals of an underlying model (see for example Taylor 
(2001)). 
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Implementation considerations 

Key implementation considerations when developing a pricing framework include: 

 Model scoring: As discussed above, rate-table based pricing engines 
significantly constrain the implementation of rates. Modern rating engines are 
able to handle a significantly wider array of pricing structures. Despite this, there 
are likely to be practical limitations on the scoring of rating models. These 
include programming language restrictions (e.g. Javascript formulation of 
rates) and timing restrictions such as a maximum turnaround time for online 
quotes. The latter can be a significant limiting factor for tree-based ensemble 
methods such as Random Forests and Gradient Boosting Machines. 

 Model update: Over time, the performance of a pricing model will deteriorate 
as customer behaviour changes. Pricing frameworks should be constructed to 
allow the monitoring of individual model performance and easy updating of 
models to incorporate changing experience. 

 Model-induced price changes: Changing a pricing model can lead to 
significant price changes at an individual customer level. Care should be taken 
to ensure that these price changes are warranted based on customer 
experience and are not simply reacting to noise (i.e. rates are increased where 
loss ratios have been poorer than average and decreased where loss ratios 
have been better than average). Moreover, caps and collars on the 
magnitude of price changes may need to be imposed in order to protect 
against very large movements for individual customers. 

Current applications 

Cloud-based price delivery 

Cloud computing frameworks such as Amazon Web Services and Microsoft Azure 
offer the promise of on-demand computational resources and the ability to rapidly 
deploy pricing model updates. There is a growing trend in the industry to shift towards 
cloud-based solutions. Such a shift requires consideration of: 

 Data security: In particular the protection of customers’ personal information. 
Mitigating this may involve the creation of private cloud resources and 
encryption of customers’ personal information. 

 Compliance: In particular complying with requirements that customer data 
does not leave Australia.  

 Integration: Integration with an insurer’s systems is often the biggest hurdle to 
moving to cloud-based price delivery. For example, it requires integration with 
back end data mainframes, the insurer’s website and call centre systems. This 
can be a significant undertaking for established insurers writing multiple lines of 
business. 
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Section 2. Performance Monitoring 

Original Author: Tanya Wood  

Introduction 

The assessment of risk is fundamental to the success of insurers. Large amounts of data 
are collected by insurance companies from many sources and in many forms and 
these need to be analysed and translated to provide meaningful insights. Appropriate 
key performance indicators (KPIs) need to be derived which measure, monitor and 
help the business assess their risk and performance against their strategy. 

Determining the appropriate set and level of KPIs is a key challenge for many 
insurance companies. Often insurers struggle with the challenges of managing the 
enormous amount of data they possess amplified by data quality and system legacy 
issues. This may mean that for many, the performance indicators they are currently 
measuring against are either not correctly calibrated to their business, or do not add 
appropriate insights and value into the areas of their business that need strategic 
targeting. An obvious example of this is the regulation of claim costs by detecting 
fraudulent claims early in the life-cycle and avoiding their payment. 

Some of the expected benefits that effective and timely performance monitoring can 
deliver to an insurance company include (Hexaware 2014): 

 Premium growth  
 Expense reduction 
 Improved customer service 
 Leakage reduction 

Key challenges that general insurers face include: 

 Lack of quality data 
 Lack of single, enterprise-wide view 
 IT infrastructure 
 Relevant and valid models and KPIs 

Data Sources 

Internal data 

Performance monitoring/business intelligence reporting covers a wide span of 
information so key internal data information will include (but not be limited to) the 
following: claims data, policy data, reinsurance data, marketing data, sales data and 
operations. 

Key to generating insightful performance metrics and reports, is understanding the 
available data fields to ensure the most appropriate reflection of end user needs are 
met and understanding the limitations of the available data. Another important 
consideration should be around the correct interpretation of the performance metrics 
and reports and the ability for non-statistical people to make correct inferences from 
what the data and reports are suggesting. 
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Some general insurance companies will have a centrally managed data analytics or 
business intelligence function whose responsibility will be to collect, collate, interpret 
and integrate the data sources, build and refine the analytical platforms and produce 
and present the required business intelligence reports.  

If the business intelligence/data analytics function is not centrally managed, care will 
need to be taken to ensure consistency and accuracy across the different functions 
such as in the treatment and collection of data, interpretation of data fields and in 
how the performance monitoring reports are generated. 

A challenge many insurers face is regarding legacy systems or where there has been 
a history of mergers/acquisitions which hinder the ability to get consolidated, quality 
data from various sources in a timely manner. 

External Data 

The use of external data is extremely useful. It allows the insurer to supplement their 
historical data to gain a more informed and rounded single view of their customers 
and potential future customers. External data may include social media data, 
demographic data such as census data, customer survey information, economic 
data or other third party data. Australian Prudential Regulation Authority (APRA) data 
may be used as a source to supplement competitive analysis alongside company 
financial reporting data. 

Analysis Approaches, Tools and Methodology 

Approaches and methodology 

Analytics in performance monitoring can take two major forms (Saporito, 2014): 

Traditional analytics 

A regular reporting dashboard may be used to summarise pre-defined KPIs and to 
show progress against strategic objectives and variances against plan. Key drivers of 
results are explained and any observed trends are monitored and reported. We note 
the following: 

 Traditional analytics usually occurs after the processing transactions take place 
and is generally based on more aggregated analysis, for example loss 
development trend analysis or emerging loss exposure analysis.  

 Generally, the analytics will allow for single variable analysis, thereby resulting 
in focus on a set of pre-determined questions. 

 More advanced traditional analytics will use data analytic software to slice and 
dice data based on key data to identify trends, issues and opportunities. This 
enables a drill down of the data to a more granular level. 
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Operational analytics or embedded analytics 

Analytics is embedded right into the business processes or application systems such 
as underwriting, marketing and claims adjusting. Operational analytics is more real 
time because immediate access to the data brings higher value for certain functions 
before an action is taken (for example claim fraud detected during a first notice of 
loss reporting). 

New software is focusing on enabling users to better see what the data is telling. 
Visualisation tools such as graphs and story boarding are increasingly being used to 
view metrics across multiple dimensions simultaneously and communicate key 
insights. For example, customer segments can be developed, identifying cohorts of 
customers with common needs, priorities, characteristics and behaviours though the 
use of self-organising maps or other clustering techniques. 

Insights gained from the embedded analytics will then allow the user to determine the 
appropriate basis and initial calibration of their performance measures based on their 
use of the full dataset (for example in determining what their initial targeted prudential 
coverage ratio should be). The enriched data, modelling and capabilities will allow 
continual refinement, calibration and tracking of these performance measures over 
time. Additionally, because the insurer is not limited to insights gained from pre-
determined KPIs, the insurer can better target the areas of its business that need it 
most. 

In both these areas, traditional and embedded, analytics is increasingly using 
predictive analytics indicators and correlation metrics to forecast what will happen 
and to optimize future business performance. 

 

 

Figure 2.1 analytics complement business intelligence (Deloitte, 2014) 
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Tools 

The analytics landscape is rapidly evolving. A range of statistical software can be 
chosen to complete performance monitoring including traditional platforms such as 
Microsoft Excel and other more advanced platforms such as QlikView, SAS, Python 
and R. There are also new platforms, such as Hadoop, Spark, and Storm, with higher 
processing capabilities that can handle real-time, unstructured data. 
 

 

Figure 2.2 Align analytics tools with business needs (Deloitte, 2014) 

Current Applications 

Performance monitoring data analytics can be used to monitor retention levels to 
predict the likelihood of customers churning or lapsing and help monitor portfolio 
quality over time. To do this, multiple data sources are collated and collected, such 
as behavioral data, demographic data, product usage data, customers’ service 
data and third party data. Explanatory variables are sought out using statistical and 
qualitative techniques and a propensity to lapse model can be built to predict the 
outcome based on the explanatory variables. This is iterated, refined and validated 
using the available data. The analytical process can be incorporated into relevant 
strategy development. For example, it can be used to derive contact strategies and 
communications at the correct time to maximize impact and/or to target customers 
with the right cross-sell and upsell offers. 
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Another example of performance monitoring data analytics is in the monitoring of 
large loss events including catastrophes. As described in Section 3, third party 
specialised data can be purchased which details the expected flooding (including 
flooding type) and subsidence at an individual address level. This data can then be 
integrated with the pricing and underwriting models to inform performance against 
the model and to predict for major events what the costs projected from the 
modelling imply. 
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Section 3. Reinsurance/Natural Perils  

Original Authors: Yifan Fu and Irene Chen 

Introduction 

Property is complex and unique: no structure is the same; no two exposures are the 
same and no year is the same. Most residential property owners have difficulty 
providing a reliable estimate of the replacement value of the dwellings in a particular 
time. This leads to the inability of insurers to correctly price insurance policies, making 
catastrophe insurance less affordable or unavailable. 

The sizing and evolution of big data has brought solutions to some of the insurance 
industry’s long standing issues, such as unreliable sum insured estimates, under-
insurance, lack (and high cost) of property evaluators and inflation adjustment. Being 
able to utilise such information can improve areas such as risk assessment, premium 
calculation, exposure and accumulation control, claims management, catastrophe 
modelling, reinsurance, solvency calculation, enterprise risk management (ERM) and 
many other of an insurer’s operations. 

Case One: Estimate Replacement Value 

Unlike most life insurance policies for which there is a fixed amount of benefit payable, 
the value of property changes over time as a result of depreciation or the economic 
environment. The two most common manners in which an insurer covers a property 
loss are market value and replacement cost. If an ornate old house is damaged by 
an earthquake, market value will pay the amount to purchase/build a new house in 
this location, while replacement cost will include the cost of restoring all the artisanal 
woodwork, plastering etc to their original design. In either case, estimating the 
property’s value is a challenge for the insurer. 

The first case study outlined below gives an example of how data analytics is utilised 
in the area of insured value estimation. We have used CoreLogic®, a property 
information provider in Australia and New Zealand, as the subject of this study. There 
are also other similar providers for property data solutions such as Australian Property 
Monitors and Pricefinder.com. 

Data Sources 

The main sources of data for CoreLogic® are: 

 recent real estate transaction data 
 mortgage valuation 
 commercial property data (tenant leasing information etc.) 
 property development proposals/details 
 historical residential property claims  
 direct marketing data 
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Traditionally, insurers use information provided by the policyholder or underwriter in 
the application form to estimate the insured property value. The wealth of market 
information has allowed insurers to have a more up-to-date view on their exposure.  

One utilisation of this database is to develop an algorithm for replacement cost 
estimation. Such estimation is based on basic property information such as location, 
total area, housing features and accessibility, coupled with market data such as 
labour and material costs, equipment hire and contractor costs associated with the 
location. 

Current Applications 

The Cordell calculator, developed using CoreLogic® data, has been widely used by 
insurance companies and financial institutions to help their customers estimate 
property values. As a result, more accurate sum insureds can be provided in the 
policy, reducing uncertainties around underinsurance. Moreover, some insurers have 
built this calculation algorithm into their system and are therefore able to adjust 
premiums and sum insureds on a more frequent basis, resulting in better portfolio 
management performance. 

Case Two: Underwriting and Risk Management  

Another major challenge for the general insurance industry is the assessment of 
natural peril risks to an individual property or portfolio-wide exposures. The ability to 
accurately assess natural hazards risk is relevant to the insurer and reinsurer in two main 
areas: product underwriting/pricing and capital requirements. The Australian 
Prudential Regulation Authority (2011) has mandated that insurers meet the capital 
requirements associated with insurance concentration risk related to natural perils. 
However, due to the lack of historical data associated with large catastrophic events, 
the loss cost of a catastrophe can be hard to determine through traditional 
experience rating methods. It is therefore important to understand the underlying 
exposure rather than simply relying on historical loss experience. As for pricing, a rating 
mechanism that reflects the actual hazard exposure will enable insurers to perform 
more accurate pricing and avoid anti-selection. 

In this second case study, we investigate how non-traditional insurance data is being 
used to assist with underwriting decisions and portfolio management. The subject of 
this study is a hazard derived database, developed by Aon Benfield, covering every 
address in Australia.  
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Data Sources 

There are various data sources available that can be used to derive hazard 
characteristics, depending on the peril. Some examples are: 

 Bushfire: 
o National Vegetation Information System (NVIS), Department of the 

Environment and Energy 
o Satellite imaging data  
o Insurance Council of Australia historical event data 

 Cyclone: 
o Bureau of Meteorology cyclone frequency data 
o Bureau of Meteorology historical event data 

 Earthquake: 
o Geoscience Australia National Earthquake Hazard Map 2012 
o Insurance Council of Australia historical event data 

 Flood: 
o National Flood Information Database (NFID) 
o Risk Frontiers Flood Exclusion Zones 
o High resolution flood modelling (i.e. Ambiental® flood data) 

 Other (non-natural hazards): 
o Australian Bureau of Statistics crime data 
o Geoscience Australia National Exposure Information System 

The data sources listed above are examples only and do not provide an exhaustive 
list. 

Analysis Approaches, Tools and Methodology 

There are a variety of rating methodologies that can be used. These methodologies 
can be different for each peril. Using bushfire rating as an example, a cost allocation 
“top-down” approach can be applied. The first stage of this approach is to identify a 
list of key factors that will influence loss costs. The selection of key risk factors can be 
based on scientific literature, expert opinions or historical experience. An example of 
key factors of interest utilised in this approach include: 

1. Location of the property 
2. Distance to the nearest area of major bushland 
3. Vegetation type of the nearest bushland 
4. Slope between the property and the nearest bushland 

These factors can be recorded for each Geocoded National Address File (GNAF) ID, 
which is a unique identifier for an Australian address. Each combination of the key 
factors represents a cluster/risk group which will be used for risk profiling in the next 
stage.  

After defining relevant risk groups, the address level information is then aggregated 
up to a regional level, where a risk profile is created by analysing the properties in 
each pre-defined risk group. The national average annual loss for all insurable risks, 
calculated by vendor catastrophe models, is then re-distributed to each region based 
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on the relative riskiness of the area. There are more sophisticated adjustments needed 
to take into account other aspects such as sum insured values, historical experience, 
significance of the risk factor and credibility of data, but the general idea is to develop 
a risk rating based around true hazard exposure.   

 

  

Figure 3.1 Example of distance to bush profiling to identify bushfire hazards. 

 

  

                               (a)                                                                                          (b) 

Figure 3.2 Example of flood risk profiling in Bundaberg, QLD. Graph (a) indicates the distance to river for 
each property and graph (b) shows difference in elevation. 

 

In terms of portfolio risk management, innovations are currently involved in two main 
areas; risk mitigation and real-time hazard forecasting. Further, underwriting metrics 
can capture land-use data as well as property density, distance to rural fire station(s) 
and distance to water tanks. The effectiveness of risk mitigation measures can then 
be spatially visualised on maps and therefore enable an insurer to better prepare for 
catastrophic events. As for hazard forecasting, again using bushfire as an example, 
the McArthur Forest Fire Danger Index (Dowdy et al, 2009) can be calculated by 

Historically, 75-95% of 
properties destroyed in 
catastrophic bushfires have 
been within 100m of bush 
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capturing real-time or forecast weather information. By combining this index with 
geographical characteristics such as distance to bush and vegetation type, we are 
able to identify properties with high bushfire risk and send out warnings in advance. 

Current Applications 

It has been a trend for insurers to use hazard information for underwriting and portfolio 
management. Multi-tier risk rating methodologies for writing new risks can be 
generated using hazard data. Rating tables can be developed using the risk index 
and embedded in the insurer’s online underwriting system. 

Insurers have also used such information to identify the most hazardous areas in an 
attempt to manage overall risk concentration in a portfolio. Real-time hazard warning 
tools have been developed to help insurers and policyholders identify potential risks 
and plan ahead. 
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Section 4. Personal Injuries  

Original Author: Amanda Aitken 

Introduction 

Injury schemes include private insurers and public entities who provide personal injury 
cover such as for workplace and motor vehicle accidents. They are always on the 
lookout for ways to better balance outcomes for injured people with the need to 
remain affordable and sustainable. 

Data analytics is fast being adopted as a strategic opportunity in many businesses. It 
is therefore not surprising that injury schemes are also utilising data analytics to help 
balance outcomes for their key stakeholders; injured people and premium payers 
(e.g. employers and motorists). Currently, data analytics is being used by injury 
schemes in areas including pricing, claims management, fraud detection, reserving, 
marketing and customer service. 

The information presented in this section of the guide is a summary of research 
undertaken for a paper presented at the Actuaries Institute’s 2015 Injury Schemes 
Seminar, “How Data Analytics is Driving Outcomes in Australian Injury Schemes” 
(Appleton, Aitken and Fu, 2015). 

The information was collected through a short survey of 18 Australian and international 
injury schemes, providing insight into how they use data analytics to achieve goals 
and overcome challenges, as well as the lessons they have learnt and further 
opportunities that were identified by the participating schemes. 

Additionally, a number of schemes were generous enough to share experiences 
where data analytics was a key component of a project. A brief summary of these 
experiences has been provided. 

Data Sources 

Many schemes primarily work with internal, structured data sources. For example, 
WorkSafe Victoria utilises information from their claims payment and provider invoicing 
systems, treatment requests and processing database, client service survey database 
and audit reports. A number of schemes are also experimenting with other data 
sources such as external, unstructured data (see graph below). This data is sourced 
publicly, or from third parties. Additionally, qualitative information (e.g. subject matter 
expertise) was identified as a key data source. 

Analysts are now experimenting with the use of more disjoint data sources, from 
internal and external data, including sources such as news articles and social media. 
This gives rise to the need to improve the integration of these data sources to perform 
more effective analysis. For example, the TAC uses data from a range of external 
sources, such as the Victorian State Trauma Registry, police and ambulance services 
as well as hospitals. 

Data sources used by injury schemes, both internally and externally sourced, can 
present a number of issues such as: 
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 manual entry errors 
 lack of precision for fields that are not regularly audited 
 changes in uses and therefore meaning of fields over time, often 

undocumented 
 converting non structured data (such as open-field text format) into a 

workable/structured format 

 

 

Figure 4.1 Data Sources used by Injury Schemes 

In addition, the desire for more information and the importance of protecting scheme 
participant’s privacy are often competing forces. As injury schemes have access to a 
wide range of personal and sensitive information, protecting an individual’s privacy is 
an important consideration. Various privacy laws restrict insurers from doing things 
such as using unique customer identifiers to join internal and external data sets 
together (Brindley, 2014). However, insurers are becoming more creative in navigating 
their way around these laws. For example, insurers are beginning to use social media 
posts to better price insurance products (Enthoven, 2014). 

Additionally, whilst working with more data sets can allow a more holistic analysis, it 
also creates the risk of the analysis becoming unwieldy and error-prone. Some of the 
key challenges surrounding data collection, storage and use include: 

 knowing what data to collect 
 the availability of reliable data 
 combining multiple data sources without losing too much valuable data, and 
 managing the large volumes of data often collected by these schemes. 

Accident Compensation Corporation NZ found that simpler datasets and models are 
often more impactful, stressing the need to strike a balance between accuracy and 
simplicity. 
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Analysis Approaches, Tools and Methodology 

Injury schemes are already experimenting and successfully using a number of 
methods and tools to perform analysis. It is rarely the case that only one piece of 
software is used. More commonly, a number of different tools are combined to 
perform analysis, as outlined in the figure below. 

 

Figure 4.2 Data Analytics Software Packages used by Injury Schemes 
 

Currently, the most common tools being used are traditional analytical software such 
as Excel, SAS and SQL, with Access and R following close behind. However, in addition 
to traditional analytical software, new tools such as Tableau, Hadoop, Qlikview, 
Orange and Salford systems are gradually being adopted by the schemes. Each tool 
has its own set of advantages. For instance, Excel is a flexible tool that provides 
familiarity and comfort for a wide range of users. Software such as SAS and R can offer 
increased computational speed and greater version control. Packages such as 
Qlikview and Tableau can offer more effective result presentation solutions. 

Along with these tools, injury schemes also utilise a number of different algorithms and 
modelling techniques to perform analysis. Various statistical techniques such as 
regression analysis are commonly utilised, especially for use in prediction and claims 
segmentation. 

As an example of schemes effectively using various software solutions in combination, 
ReturntoWorkSA developed a model known as CAPO, for measuring performance of 
individual return to work service providers. They used SAS for data extraction and 
statistical modelling, utilising the generalised linear modelling component and a 
range of extra modelling functionalities and Tableau to present the modelling 
diagnostics. Excel was used for final calculations and presentation. 

Schemes identified that among the biggest data analytics challenges they face are 
IT system related challenges. This includes having sufficient capacity to keep up with 
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data processing demand and being able to enhance models in a timely, cost 
efficient manner. However, the emergence of software with open-source, cloud-
based functionality may help schemes overcome data volume, structure and 
processing issues. 

Current Applications 

Several injury schemes shared case studies of using analytics to help achieve their 
scheme objectives. Some of these are outlined below, demonstrating the impact that 
data analytics is having in different areas across the schemes. 

Improving Common Law Claims Management 

The Transport Accident Commission (TAC) has a mix of no-fault benefits and common 
law, with the latter for serious injury only. The TAC’s common law claim numbers were 
increasing, with a greater proportion of clients pursuing common law payments, 
causing increasing costs and delays in settlement. 

The TAC was motivated to build a tool to address this problem, with the aim of 
improving the review process of new common law lodgements and enabling both 
faster delivery for clients entitled to common law damages and better use of limited 
resources in managing common law costs. 

In order to achieve this outcome, the TAC created a model which utilised an intuition 
based approach to identify potential predictors in conjunction with a multi-variate 
logistic regression model to test the predictive ability of the identified fields. Whilst the 
model was built in SPSS and SAS, it was implemented in Excel using macros, allowing 
for a user-friendly interface. 

The software became known as ‘Hamlet’, which predicts the likelihood (“to be or not 
to be”) of injured clients receiving a serious injury grant at common law. The software 
helped the TAC achieve a number of outcomes: most notably, reducing the 
settlement times for clients to the lowest experienced in 10 years. 

The TAC reported that the model was well adopted by claims managers, primarily 
due to good stakeholder engagement from the outset of the project. In particular, 
they worked alongside case managers in the design of the final desktop solution, to 
ensure the information provided was easy to understand and contained the right 
amount of information. 

Improving Health and Safety Outcomes for Injured Workers 

WorksafeBC was interested in exploring ways to encourage and assist employers to 
make health and safety improvement investments. They aimed to reduce injuries by 
improving the information available to employers about their workplace injuries and 
the related costs and impacts on their insurance premiums. Additionally, they aimed 
to help make a case for investing in safety improvements. 

The Canadian Occupational Health and Safety regulator utilised an operational data 
warehouse, allowing them to pull together data from a number of sources such as 
workplace inspections, prevention activities and insurance payments. 
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.Net, along with Infragistics, a charting tool, were used to present the reporting online. 
WorkSafeBC’s web based portal 
(www.worksafebc.com/about_us/open_data/default.asp) and .NET framework 
engine are being used to communicate results to employers and improve the flexibility 
of customised outputs. Employers are able to compare their own performance with 
that of their peers, as well as better understand the impact that operational and 
health & safety changes have on their future premiums. 

This tool is an example of how data analytics does not necessarily need to be 
complicated to address issues surrounding personal injury schemes. It also showcases 
the use of relatively new analytical tools such as .Net and Infragistics. 

Future Research 

Injury schemes interviewed discussed a number of areas of opportunity relating to 
both injury schemes and the wider general insurance industry. 

Many schemes are currently using data analytics for pricing, reserving and claims 
management. By extending the use of data analytics to areas such as injury 
prevention and fraud detection, schemes may be able to obtain some valuable new 
insights from the resources they currently own. Extending the reach of their data 
analytics need not necessarily require significant investment, but could provide a 
multitude of benefits. 

As an example, AXA UK has produced a model that identifies and initiates an 
investigation into potential fraudulent claim trends for networks of individuals and 
motor garages. In applying this model to both existing policies as well as new policies, 
AXA UK has been able to improve their underwriting and claims decisions. 

Currently, injury schemes typically analyse their experience by grouping clients by 
injury date, benefit type or provider network. By adopting a customer centric focus, 
much like commercial organisations such as supermarket chains, injury schemes may 
gain more insight and understanding of how to improve recovery and independence 
outcomes by understanding more about who is claiming and their reasons for 
claiming, as well as what their past claim experience has been.  
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Section 5. Lenders Mortgage Insurance 

Original Author: John Connor 

Introduction 

Lenders Mortgage Insurance (LMI) is a type of insurance that protects the mortgage 
lender in the event of a default on the mortgage. LMI generally applies when the Loan 
to Value Ratio (LVR) is more than 80% and is usually paid as a one-off insurance 
premium.  

Data Sources 

There are multiple sources of data that can be used to assist when conducting analysis 
on an LMI portfolio. Data sources can broadly be categorised into internal, public and 
private.  

Internal Data 

Claims and policy data are the key sources. Centrally managed claims and policy 
data will tend to be more reliable. If claims are not centrally managed, clear 
definitions will increase the user’s understanding. This will ensure greater transparency 
and reduce any risks associated with misinterpreting data.  

Claims data can be supplemented with arrears experience (e.g. arrears 30/60/90 
days past due) to allow a deeper understanding of emerging risks and quantification 
of key risk measures. Key risk measures include the proportion of null claims, the 
conversion rate from arrears to Mortgage in Possession (MIP) and MIP to claim.  

Additional internal information that could be considered is the number of hardships 
as this can distort historical experience. This is especially the case if there has been a 
change in the hardship definition over time, a change in hardship management 
practices or natural catastrophes creating unusually high hardships in a specific area. 
These changes should be identified. 

If the company is a captive of a financial institution or part of a global institution there 
will be further internal data available. An international LMI provider could leverage 
from international claims experience or if the financial institution has a mortgage 
portfolio, internal default experience and internal credit risk mortgage models could 
be used. Additional variables about the policy holder may be available from other 
products purchased. It is important to consider the differences between the LMI 
portfolio and the supplementary internal data source. For example, there will be 
jurisdictional differences between domestic claims experience and international 
claims experience and the default experience of mortgages without LMI is likely to be 
from a portfolio with a lower loan to value ratio, yielding different risk drivers. When 
using internal data from other countries or from other subsidies within the group it 
should be confirmed prior to use whether this is permitted and if so, whether certain 
fields need to be excluded. 
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Public data 

Systemic risk can be linked to the economic cycle and public data could be used to 
assess and model the impact of the economic cycle on the portfolio and measure 
systemic risk. Some key economic variables include Gross Domestic Product, Interest 
Rates, House Prices, Unemployment Rate and Participation Rate. Domestic economic 
variables and indexes are available at a range of sources such as at the Reserve Bank 
of Australia and the Australian Bureau of Statistics (ABS).  

Census data can be a useful source of data to capture social trends. It is important to 
consider any ethical concerns when using public data. For example, the ABS’s Socio-
Economic Indexes for Areas (SEIFA) could be used as a variable for pricing but it should 
be considered whether you would price discriminate based on socio-economic 
status.  

There are several mono-line LMI providers in Australia and this allows the Australian 
Prudential Regulatory Authority (APRA) General Insurance Statistics to be used to 
compare LMI portfolio performance to that of other companies in the market. It is 
important to note direct comparisons may not be suitable due to sudden changes in 
key variables. For example, a change in the earned premium pattern could impact 
the earned premium and loss ratio comparisons.  

International public data is a useful resource and can be essential for benchmarking 
extreme events; sources include overseas government websites and The Organisation 
for Economic Co-operation and Development (OECD). When using public data, it is 
important to consider the lagged effects between an economic event and claims 
experience and understand correlations between regions. 

Private data 

There are a range of external companies that provide data which could be used to 
supplement analysis. Companies such as CoreLogic RP Data, Residex and Australian 
Property Monitors provide more granular house price movements and security 
information than what is publicly available. When using granular data such as house 
prices by postcode it is important to consider options such as spatial smoothing the 
data to reduce spurious volatility due to small volumes. 

There are also external companies producing indices such as the Westpac-Melbourne 
Institute index of Economic Activity, ANZ-Roy Morgan index of consumer confidence 
and the Genworth Home buyer confidence index which are publicly available and 
could be used to supplement any analysis. 

The Insurance Council of Australia has public and private data on Lenders Mortgage 
Insurance. 
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Links to data sources:  
http://www.oecd.org/australia/ 
http://www.residex.com.au/ 
http://www.corelogic.com.au/ 
https://www.apmpropertydata.com.au/ 
http://www.rba.gov.au/ 
http://www.abs.gov.au/ 
http://www.apra.gov.au/GI/ 
http://www.insurancecouncil.com.au/ 

Analysis Approaches, Tools and Methodology 

Approaches 

Whatever the approach taken, it is important to understand the data and any 
changes over time caused by external and internal factors. Some key issues 
associated with LMI include: 

 Definitions – It will help to clearly define terms before using data. One example 
of this is in using the LVR; clarification is needed to understand whether this is a 
dynamic LVR (adjusted for loan payments and property price changes), LVR 
at origination or some other hybrid measure. Another example involves 
refinance loans; one should determine whether a refinance is considered a 
new loan in the source data or an amendment to the original loan.  

 Observation period – if the observation window has a relatively benign claims 
experience, it must be considered whether external data is required to 
supplement the results to avoid underestimating the variance. 

 Legislative changes – Key legislative changes can create trends over time and 
need to be considered. One example is the definition of hardships. A change 
in the hardships definition can distort delinquencies over time. 

 Business processes - It is important to understand business processes and how 
changes in processes can impact the results. One example is the need to 
understand what a company considers a null claim to be and whether this 
definition has changed over time. 

 Methodologies  

 Traditional Actuarial Techniques - Caution should be taken when using 
traditional actuarial models such as a chain ladder due to the calendar year 
effects associated with credit risk. Hybrids to the traditional approach, such as 
the extended chain ladder model (Kuang, Nielson and Nielson, 2010) may 
address calendar impacts as such models consider forecasting of reserves 
where calendar parameters change out of time. Regression and survival 
analysis can also be used. 

 Generalised Linear Models – Claim costs can be modelled or individual models 
can be built for claim severity and frequency. Claim severity tends to fit well to 
right skewed distributions such as a log normal or gamma. LMI policies claim 
only once so caution must be taken in selecting a suitable link function. Due to 
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the cyclical nature of LMI, it is import to consider correlations between error 
terms and adjust to account for these correlations. Any correlation between 
claim frequency and claim size or claim severity should also be considered. 

 Markov Chains – Markov chains can be used to model transitions over time. In 
using Markov chains, it is important to identify key states. The main states used 
are Healthy, Arrears, MIP, claim and nil claim or sold no claim. An assessment 
of whether there are sufficient observations to have a credible model should 
be conducted. Using economic variables may increase model performance. 

 Retail Models – leveraging traditional credit risk modelling such as scorecards 
can be beneficial, especially if the LMI provider is a captive of an Australian 
Deposit-taking Institution (ADI) writing mortgages and these models are 
already available. Comparisons can be made to regulatory or economic 
capital models and to Loss Given Default (LGD), Probability of Default (PD) and 
Exposure at Default (EAD) models to enrich and cross validate any models. It is 
important to understand the composition of the LMI portfolio relative to the 
total portfolio to ensure the model is fit for purpose. Credit score models can 
also be used to supplement the results. 

 Spatial smoothing and cluster analysis – Spatial smoothing and cluster analysis 
can be used to identify key regions of high risk. Using population as a weight 
can avoid regional suburbs impacting urban centres. Care must be taken 
when selecting the level of smoothing as the smoothing will depend on the 
granularity of the available data. One example of smoothing could be to 
develop a measure of smoothness using the theory of thin plate splines (Green 
& Silverman, 1994) and incorporate the measure with 2-dimensional Whittaker 
graduation to effect the necessary smoothing. Whittaker graduation is a 
technique that can be used to understand the compromise between 
smoothness and fit to data (Whittaker, 1923). 

Whatever techniques are used, it is important to identify the systematic and 
idiosyncratic risks. Given LMI tends to be highly correlated to the state of the economy, 
using key economic indicators as variables or some transformation of key economic 
indicators can increase the predictive power.  

Tools 

A range of statistical software can be used to analyse LMI portfolios including SQL, 
SAS®, R®, Python® and SPSS® alongside the more traditional platforms such as 
Microsoft Excel®.  

Mapping software can also be useful to identify concentration risks. Shape files in 
order to plot maps can be downloaded from the ABS.  
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Current Applications 

Reinsurance Selection  

It is possible to optimise the return on capital and set risk to align with the risk appetite 
by selecting a suitable reinsurance strategy using traditional and non-traditional 
reinsurance. The terms and cost of the reinsurance will depend on the reinsurance 
cycle. The approach will involve projecting the expected losses and calculating the 
regulatory capital requirement with and without reinsurance. One of the key 
challenges of projecting ultimate losses is that claim frequency and claim severity will 
be very much dependent on the state of the economy. Key economic indicators such 
as house prices, unemployment and interest rates can be used to determine a 
relationship between the economy and claims. 

Concentration Risk 

Geospatial data coupled with spatial smoothing techniques can be used to identify 
concentration risk and suitable policies can be designed to limit this risk. Using external 
data with internal data allows the demographics of a region to be analysed. For 
example, it is possible to identify a town or a region dependent on a single industry. 
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Section 6. Capital/Finance  

Original Author: Anna Baburina  

Introduction 

Capital is linked to multiple assumptions underlying each function of a general 
insurance company. Staub (1998) approaches the topic of capital2 as a function of 
several key components: claims, expenses, investment returns, premiums, risk 
tolerance and retention. This breakdown demonstrates the huge amount of 
information that computation of capital requires; from claims assumptions (frequency, 
severity, distribution), to catastrophe claims loss tables, through to economic scenario 
generators supporting investment modelling. 

This overview aims to provide insights into some of the more data intensive processes 
of capital estimation. The scope of this section has been inspired by the goal “starting 
a wiki”, rather than “completing a wiki” and the author hopes that others will edit and 
add to this text over time. 

There is an excellent overview of the (pre Life and General Insurance Capital 
Standards or LAGIC) target capital requirements of General Insurance companies 
(Gomes, 2005) that is readily available and a general overview of capital can be 
found in an excellent consultation paper by the Actuaries Institute Cross-Practice 
Target Capital Working Group (2016). Recent developments in modelling have seen 
the advent of proxy or light modelling techniques in the spirit of Einstein’s quote 
“Everything Should Be Made as Simple as Possible, But Not Simpler”. Several firms have 
produced papers discussing the usefulness and application scope of these 
techniques (Murphy & Messenger, 2014).  

The goal of this section is to support actuaries to navigate the increasing burden of 
regulatory oversight, as requirements such as stress testing become more prevalent 
and detailed. We tackle this in the form of two applications:  

1. Simplifying existing data and models to better illuminate the impact of 
changes in assumptions or sensitivities to particular stress tests  

2. Shifting to “continuous” capital monitoring so as to be able to anticipate cash 
flow gaps and more readily provide compliance information. 

Case One: Capital Sensitivity Modelling 

Typically, the more complex a financial structure is, the more obvious is the way in 
which actuaries add value, particularly given the increasing pace of interactions with 
the regulators. It is not uncommon for Level 2 groups to have an internal model that is 
heavily based on economic scenario generators (Varnell, 2009). Hence the source 
data for the analysis is twofold: one is internal data, in addition to any external sources 
that may come in useful (e.g. event loss tables) and the other is economic scenario 
generators (ESGs). 

                                                
2 In this paper “capital” refers to “economic” capital, and not to “accounting” capital (i.e. Target Capital less 
Regulatory Capital) 
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Data Sources 

The mathematics behind the ESGs is quite frequently complex and elegant at the 
same time (it has to be for the software to run at a reasonable speed!). A good 
overview of the models used can be found in several spots including Moody’s view 
(Grandchamp, 2013) and Conning view (Pedersen et al, 2016). 

Large insurers may develop their own internal ESGs. However, the majority of insurers 
rely on external providers. InsuranceERM brief (2013) outlines some of the key ESG 
providers. 

Analysis Approaches, Tools and Methodology 

There is increasing pressure on turn-around time when communicating with regulators. 
This case study illustrates how the use of dimension reduction techniques can simplify 
the results of a complete financial model and help speed up the analysis of the 
impact of a particular interest rate movement. 

In order to illustrate this principle, we outline an approach to determining the sensitivity 
of capital (liability or surplus) to interest rates. Similar considerations apply to more 
complex scenarios, such as combining multiple inflation indices into one (Jain & 
Shapiro, 2003). 

Current Applications 

Dimension reduction 

Principal Components Analysis (PCA) is a statistical technique for combining many 
potentially correlated variables into fewer orthogonal factors. In other words, it 
compresses the data into a small number of dimensions. It is applicable in many areas 
such as fraud (Derrig & Francis, 2014) and pricing (Ohlsson & Johansson, 2014). Its utility 
in sensitivity modelling arises from the fact that the liabilities of a company (as well as 
assets) rarely have one key maturity date, hence being able to transform the entire 
yield curve of maturities to a few components is very helpful in terms of trying to assess 
the expected change in capital to movements in the yield curve.  

The first thing to keep in mind when using this method is explainability. For example, if 
your business consists primarily of short tail lines and your assets are equity or short term 
debt, then the explainability of the interest rate factors is likely to be poor (Lewin, 2009). 

PCA can be used to reduce the dimensions of a yield curve. More information on the 
process can be found in several papers (Smith, 2002 and Kennedy, 2015). The first 
factor represents the shift of the dataset, the second twist, and the third butterfly twist. 
By finding particular percentiles (eg. 90th) of the resulting principle components, one 
can readily determine a particular yield curve that will correspond to the extreme 
percentiles of interest rate movement. Similar procedures can be performed with the 
twist and butterfly twist. By applying the resulting yield curves to the model one can 
determine the sensitivity of capital/liabilities to particular extreme shifts in interest rates 
(Volger, 2008). 
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Shift analysis 

When performing shift analysis, it is sometimes helpful to present the results in terms of 
shifts of the key rate. For example, the 10 year tenor (if at valuation date it’s X.X%, then 
here is a value of these liabilities/assets at X.X%+0.5% and so on -  see figure 6.1). This 
is helpful, as the analysis is typically performed at a later date, by which time the 
absolute interest rate value may have shifted from the original analysis point. Similarly, 
for twist and butterfly, it may be helpful to think of the sensitivity as change to term 
premium (eg. 50bps increase in term premium where term premium is defined as the 
difference between X and Y tenors) and increase in convexity/concavity of the curve 
(although perhaps this is more esoteric, but then butterfly twists are relatively rare). 

 

Figure 6.1 Capital/liabilities sensitivity 

The analysis can be taken further to identify the resulting drivers of the outcome at 
certain percentiles. The resulting change in surplus may be used to reproduce part of 
the model linked to insurance risk and change the previous values. This exercise is 
more complex when the yield curve change is expected to flow through to several 
risk sources, in which case it is helpful to identify which of the risk sources will have the 
greatest sensitivity to the change (see figure 6.2 for example). 

 

Figure 6.2 Attribution of net profits to risk category 
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Future research 

There are a number of ways to improve upon the methodology outlined in this case 
study, including but not limited to finding variables with better explanatory power. 
Future research potential also includes optimising multiple variables simultaneously, to 
determine which plausible scenarios may cause a breach in target capital on 
continuous capital models (via LSMC (Vedani & Amaharobandro, 2013)), or 
constructing efficient frontiers (Correnti & Sweeney, 1995). The approximation of 
continuous capital models is discussed in the next example. 

The outcome of sensitivity testing is helpful for a number of reasons, including business 
planning (Patrik, Bernegger & Ruegg, 1999), pricing organic/inorganic growth 
possibilities (Ahmedov, 2014) and capital allocation (Nakada et al, 1999 and Patrik, 
Bernegger & Ruegg, 1999). 

Case Two: Continuous Capital Monitoring 

Continuous monitoring is of use to both Level 1 and Level 2 companies. One key 
motivation for its use is in supporting the dividend approval process, as the 
organisation can demonstrate that it will be continuously above the target 
capital/prescribed capital requirement even during the dividend payout period 
(Beens & Collings, 2014). A pragmatic approach to continuous monitoring is to 
approximate it through shifting from an annual model to one that is quarterly or even 
monthly. This in turn forms a robust foundation for monitoring and reporting.  This 
approach can be applied to companies running standard as well as internal models. 

There are a number of ways in which having monthly surplus capital results aids an 
insurer. Among them are the ability to assess the continuous need for capital and 
fluctuations of targets to ensure that no one quarter would push the capital into trigger 
territory, for purposes of regulator and credit agency review. The analysis performed 
helps companies with regulators when it comes to returning the capital to 
shareholders.  It also helps with assessing the optimal time for capital injection, as it 
identifies points at which the surplus level may be getting close to trigger points. 

 

*Please note that this data has been anonymized 

Figure 6.3 Capital monitoring analysis 
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Data Sources 

Depending on the dynamic financial analysis (DFA) model being used, there may be 
several components that are challenging to convert to monthly or quarterly format. 
Sometimes this is due to computational intensity, while at other times it is because of 
lack of information. For the purposes of this section, availability of ESG scenarios on a 
monthly basis is assumed as this presents potentially the least computational 
challenge (although this is not applicable to Level 1 groups, it is still relevant for some 
Level 2 insurers). 

The focus of this segment is granularization of the insurance risk charge, which in turn 
triggers several elements associated with it; reinsurance, expenses, investment returns, 
premium and claims. Beens and Collings (2014) suggest using the accountancy based 
outcomes where possible. 

Analysis Approaches, Tools and Methodology 

The following paragraphs focus on the two examples of monthly modelling (premium 
and claims), as they should enable the organisation to drive values of reinsurance and 
expenses (whether explicitly, or by replicating the full DFA model). Investment returns 
and discount rates should be less problematic, as it is reasonable to align the 
investment return with strategic asset allocation (or tactical asset allocation, 
depending on one’s preference) and create a formula to compute the discount rate 
from stochastic inputs (or just have a constant set of values a.k.a. “central scenario”).  

A proposed solution to simplify the modelling is the adoption of replicating portfolios 
for premium modelling. This is motivated by the fact that premium income behaviour 
tends to be correlated with economic conditions, in particular the insurance cycle. 
There are several methodologies for implementing replicating portfolios (e.g. balance 
sheet, aggregate, cash flow) (Burmeister, Dorsel & Matson, 2010), out of which Cash 
Flow is probably most useful for our purposes (and in the spirit of Beens and Collings 
(2014)). TW Replica, SunGard’s replicating portfolios, are examples of programs that 
create replicating portfolios. 

For claims liabilities, one cannot use replicating portfolios as they have weak 
dependency on the state of the economy. Hence other techniques like polynomial 
fitting, FFT (Parodi, 2014) or even the classical Poisson aggregate modelling can be of 
use, as less emphasis is placed on the tail (as Beens and Collings (2014) state). Some 
papers suggest that using polynomial fitting is not suitable for all General Insurance 
products (eg. is best suited to modelling continuous loss functions, or it makes little 
sense in the tail) and distribution fittings are a better way. Needless to say that large 
claims and catastrophes would have to be modelled separately from attritional 
claims, or potentially added as an overlay. There is a recent paper exploring the ideas 
of conversion of “heavy” models into “light” or “proxy” models (Hursey et al, 2014) 
and an article exploring the implementation of the concepts (Hursey, 2013).  However, 
if you are already dealing with a simpler model, it should be evident that the transition 
to monthly assessment can be smoother (Keller, 2006). 
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Future Research 

Future areas of research include, but aren’t limited to modelling the other capital 
components (aggregation benefit, for example), more efficient ways for creating the 
DFAs, reinsurance and alternative risk transfer calculations, as well as modelling 
capital raisings. This topic is increasingly pertinent given the current trend towards 
catastrophe bonds. As discussed, in most capital exercises, embedding a holistic view 
of risk capital budgeting in the organisation is always a priority. 
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How Actuaries Add Value 

There is a shortage of individuals possessing data analytics skills with expertise in the 
insurance industry. As a result, data from internal and external sources is often not able 
to be effectively integrated into a single data set. Companies who can successfully 
integrate big data and analytics will create a competitive edge by implementing low 
cost structures, greater efficiency and proactive customer engagement. 

Actuaries have a reputation not only for strong technical (especially numerical and 
statistical) expertise, but also for their ability to take a holistic view and effectively 
communicate the findings of their analysis to inform business strategy. 

Particular areas in which actuaries can add considerable value to analytics for a 
general insurer include: 

 validating data – Actuaries are trained to consider which elements of a model 
have the greatest impact on the end result. They are well placed to consider 
how data limitations (eg missing, invalid or unreliable data) may impact the 
final result and therefore how much effort should be spent in trying to 
overcome such data limitations. 

 embedding of assumptions – This skillset includes making sure that assumptions 
used are central (not deliberately over or under stated), fit for purpose (eg. a 
different assumption may be justified in pricing and reserving scenarios) and 
that their impact on the model has been tested, understood and clearly 
communicated to end users. 

 actuarial control cycle – The Actuarial Control Cycle (ACC) is a core 
component of actuarial training. It represents a continuous improvement 
cycle, involving steps such as specifying the problem, developing a solution, 
monitoring the consequences of the solution and repeating the process. The 
ACC is a strong process for use in any data analytics exercise, ensuring that 
analysis is linked to the business need and continuously adapted as business 
needs and circumstances evolve.  

 communicating results – Actuaries are trained to test the reasonableness of 
model projections and clearly explain the results, within the business context. 
They are taught to communicate complex technical findings in a language 
that their audience can understand. As data analytics techniques become 
more sophisticated, it will become more important to ensure that the results 
from such analyses are explained in a manner that is easy to understand and 
useful in business decision making.  

 business knowledge – Within general insurance, actuaries have a unique skill in 
their knowledge of insurance products and modelling claims experience. This 
knowledge helps to interpret analytical findings within the business context and 
also helps to communicate results in a language that the business will 
understand. 

 longer term view – Experience in valuing liabilities in long term classes of general 
insurance provides actuaries with an understanding of how today’s decisions 
and experiences can have a long term impact on a business. 

 professionalism and integrity – Actuaries, through their Code of Conduct and 
Professional Standards, are able to offer a high level of professionalism and 
integrity to any business problem, which helps to set them apart from other 
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data analytics professionals who aren’t subject to the same rigorous 
accreditation processes and professional standards. 

There are also a range of skills that actuaries, as a profession, need to further develop 
to become recognised leaders in the field of data analytics: 

 coding/programming – This has not traditionally been a key component of 
actuarial training. Universities and actuarial bodies are currently looking at 
ways to strengthen this part of actuarial education. 

 use of alternative data sources – Many actuaries will be familiar with the use of 
internal, structured data sources such as underwriting and claims data. 
However, the amount and variety of available data is rapidly increasing and 
actuaries need to remain on the lookout for alterative data sources to 
supplement and enhance their analysis. Data sources to consider include 
those external to the company (eg ABS and Census data and published 
General Insurance industry data) and particularly unstructured data such as 
that collected via social media and customer feedback.  

 knowledge of other business areas – General Insurance actuaries typically 
have most experience in areas such as reserving and pricing. Knowledge of 
areas such as operations, marketing and customer behaviour would benefit an 
actuary in taking a holistic approach to business analysis. 

In summary, actuaries use their understanding of statistics, probability, finance and 
insurance to understand and communicate the implications of business decisions and 
risks. As insurers continue to deal with high levels of uncertainty, additional insight that 
advanced actuarial analytics can provide will be increasingly valued. 
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