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Abstract 

There has been a general rise in the awareness of the role that data can and 

should play in understanding and managing insurance businesses.  Accident 

compensation schemes have not been immune to this trend as evidenced by 

papers such as Frost and Smith (2009)1  who suggest a clustering approach to 

differentiate between chronic and traumatic workers’ compensation claims and 

Pocock et al (2011)2  who presented on TAC’s claims segmentation algorithm 

approach.  Both papers presented to previous Institute seminars. 

 

This paper provides a limited study into the advances possible in claims triage, 

management and predicted outcomes that are becoming available due to this 

increased awareness of the intrinsic value within data and using new technologies 

to unlock this potential. 

 

The Transport Accident Commission (TAC) in Victoria has provided the data on 

which this study is based.  The study itself is motivated by an attempt to improve 

predictions relating to which statutory claims are also likely to lodge a Section 93, 

Victorian common law claim. 

 

There have been over 500,000 statutory claims and nearly 31,000 common law 

claims lodged since the TAC commended 1 January 1987.  Varying levels of 

claims information has been collected and retained by TAC, including: 

 

 35 million individual payment transaction records since 1992. 

 800,000 individual claim file note entries since 2009. 

 

TAC currently use claim header information available at the time of no fault claims 

lodgement to predict whether the likelihood that particular client is going to lodge 

a common law claim is ‘high’, ‘low’ or ‘very low’. 

 

We show that these predictions can be improved by utilising more of the 

structured data (including use of transaction level payment information) and 

emerging techniques to analyse the unstructured text information in file notes. 

 

We draw upon machine learning and clustering text mining techniques to enable 

sophisticated signals in the data to be uncovered for the purpose of our 

predictive analysis.  The outcome of this is represented by the following schema. 
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Figure 1 – Improving Prediction by Better Use of Scheme Data 

 

 
 

The paper presents the results of models that utilise data ranging from claim 

header information through to payments and finally adds text.  The development 

and improvement in predictive power is described in detail.   

 

Diagnostics and tests on predictions are not documented in detail in this paper.  

However, the usual tests were prepared for each model to ensure each was valid. 

 

We show that individual claim’s predicted probabilities range between effectively 

zero and 80%+.  We also show that this modelling can be used to project IBNR 

numbers and may provide some useful insights into expectations for very 

immature injury periods. 

 

Notwithstanding the improvements to predictions made possible by the better use 

of existing scheme data, there are further advances waiting for us.  We discuss 

these is Section 8.  

 

Key words: Accident compensation, CTP, workers compensation, big data, 

unstructured data, predictive analytics, machine learning, text mining, clustering, 

claim segmentation 
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1 Detailed Findings 

1.1 Introduction 

 

General insurance and accident compensation data sets have typically been 

summarised into ‘triangles’ in the past.   

 

In the case of TAC’s Victorian common law lodgements chain ladder factors R(ij)3  

from the data appear as follows and can show some interesting features.  The 

chain ladder factors have been colour graded from red (greater than that 

development year’s average) through to blue (less than that development year’s 

average). 

 

Table 1.1 – Colour coded ratios of chain ladder factors 

 

 
 

Three features of the experience that are apparent from this view are worth 

pointing out: 

 

 Development in the first to second year (0:1) is large and volatile.  

Lodgements to the end of the second year range from 4 to 25 times the 

number of lodgements to the end of the first year. 

 A clear ‘low development’ diagonal effect is evident when moving from 

lodgements to 30 June 2005 to 30 June 2006.  This corresponds to ‘protocol 

changes’ introduced in April 2005.  These changes have been discussed in 

several presentations and paper by TAC in the past. 

 Evidence that the low lodgement activity in 2006 has not persisted as a ‘high 

development’ period has emerged subsequently. 

Typically we would project IBNR based on averaging or truncated averages plus a 

judgemental overlay if this was deemed necessary.   
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Perhaps some other approach, for example using generalised linear models 

(GLMs), to attempt to allow for some of the features in experience that isn’t purely 

random could be adopted.   

 

Taylor and McGuire (2004)4  describe the ease by which conditions can be 

breached that must hold for the chain ladder model to be valid and a GLM 

methodology that may assist in such instances.  Our analysis provides a window 

into a different approach to Taylor and McGuire built on concepts used for claim 

segmentation and triage in order to predict common law lodgements using 

information we know about the (much) more quickly lodged no fault or statutory 

claim. 

 

The main purpose of our paper is to predict which claims are more likely to lodge 

a common law claim.  TAC has developed a ‘Common Law Potential’ 

segmentation tool.  Segmentation proceeds by allocating each no fault claim 

into a ‘high’, ‘low’ and ‘very low’ chance of lodging a common law claim. 

 

Sociological, medical and accident circumstance data obtained from 

information collected on the claim form informs the segmentation model 

outcomes.  The significant factors were outlined in Pocock et al. (2009). 

 

Since the model has been running (past three years) there have been 

approximately 72% of claims assessed by the tool.  The five per cent of the claims 

that were assessed as ‘high’ potential account for 28% of the common law claims 

lodged to date.  So clearly there is a non-trivial predictive power to the current 

model. 

  

Given that there are lengthy delays between injury date and common law 

lodgement we would expect this to grow.  However, it is also worth noting that a 

non-trivial number of common law lodgements to date have come from the ‘low’ 

and ‘very low’ potential category of claims. 

 

Some confounders to current explanatory data and predicted result might 

include: 

 

 Cars, roads and driving attitudes are changing (for the better). 

 Tort temperature’ (Lee et al 20125 ) can be an influence. 

 Societal expectations for impairment, illness, disability and injury 

compensation are changing. 

Our aim was to make better use of scheme data to improve predictions of 

common law lodgement. Although TAC currently has a segmentation tool, by 

using more data and applying ‘big data’ techniques to existing information we 

aim to improve on the ranking of claims and allow a finer categorisation. 
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2 Data 

We were provided access to the entire TAC data including claims, payment and 

file note data. While there is clearly a significant volume of information that is able 

to be used for predictive modelling, our preference and process for the majority of 

the analysis performed here, was to only use data where all sources contained a 

complete history. 

 

File notes were able to be easily extracted only from June 2009 onward.  Therefore 

we have constructed our main analysis using injury dates and subsequent claim 

information on or after June 2009. 

 

Table 2.1 –Available Data 

 

Source Availability Volume 

Claims data 1987-2013 531,000 claims 

Transaction level payments 1992-2013 35 million payments 

Claims files notes (text data) June 2009-2013 800,000 file notes 

 

Relaxing this limitation on the time period from which we have limited the data 

available to our models is a key area to explore in the future. 

 

Claims resulting from accidents outside Victoria, fatalities, work cover claims, 

claims for emergency expenses only, denied claims, or claims lodged for common 

law purposes only were also excluded from the analysis. 

 

Table 2.2 – Common Law Lodgements 

 

Claim 
Year 

# Claims 
Common Law 

Lodged  
(to date) 

Propensity to 
Lodge  

(to date) 

Propensity to 
Lodge  

(30 months)*  

2009 11,235 1,029 9.2% 5.9% 

2010 11,126 902 8.1% 6.1% 

2011 11,030 623 5.6% 5.3% 

2012 11,477 239 2.1% 2.1% 

2013 11,334 27 0.2% 0.2% 

     *Based on 30 months from claim 
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3 Model Structure and Techniques 

We have used a generalised linear model (GLM) to predict the probability that an 

individual claim will lodge a common law claim within 30 months of initial no fault 

claim report  

 

In order to assess the benefit of additional data sources, we’ve developed three 

separate models based on: 

 

1. Claims data (Model 1) 

2. Claims & payment data (Model 2) 

3. Claims, payment & file note data (Model 3) 

 

The claims data provided by TAC was in a typical structured format where each 

row of data corresponds to one claim. The claims variables were assessed and 

standard transformations were applied to ensure suitability for modelling purposes.   

 

The payment data was at a transaction level where each claim has multiple single 

payments over the entire lifetime of the claim.  Data reduction techniques were 

used to enable the millions of payments to be used in the predictive model. 

Specifically, payments were grouped at the most granular payment type for each 

claim and ‘unsupervised’ clustering analysis was used to create appropriate 

payment variables for modelling purposes (further details are provided in Section 

5). 

 

While payment and file note data is available up to and beyond any common 

law lodgement, we restricted the data to payments and notes within 12 months of 

the initial claim lodgement. By restricting the payment and file note information, 

the model is able to be applied at a point in time that hopefully allows sufficient 

time for predictions of lodgement to be useful in claims management.  

 

The claims file notes were provided in a free-form text format where each claim 

has multiple notes over the life of the claim. The unstructured format of this type of 

data required the use of text mining techniques to process the data into a 

useable format for predictive modelling. The process we used is described in detail 

in Section 6. 

 

All three models have been developed on 2009-2010 claims, where 70% of data 

has been used for each model development and 30% as a hold-out validation. 

The models have also been applied to later years (specifically 2011) to allow for 

comparison to the TAC segmentation tool, actual experience and to quantify the 

uplift in predictive power between the three models themselves. 
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4 Model 1: Claim Data 

4.1 Claim Header Information 

 

The initial model to predict the likelihood of common law lodgement was 

developed using the structured claims header data. This included variables such 

as age and gender of claimant, details of injury, and circumstances of accident6.  

The purpose of developing a model using only claims header information was to 

provide a comparison to the existing TAC segmentation tool. 

 

4.2 Results 

 

The claims header model successfully ranks claims according to the likelihood of 

lodgement. The predictions range from 0% to 85% probability of lodging a 

common law claim.  Given the overall probability of lodgement (to date) is 6% for 

the 2009-2010 claims, this separation is significant.  

 
Figure 4.1 – Ranking of Probabilities (Model 1) 

 

 
 

The significant variables used to predict the lodgement of common law claims 

were similar to the variables used in the existing TAC segmentation tool. However, 

the combination and level of variables used in the claims header model allows for 

a finer segmentation of claims. Full results are provided in the Attachment. 
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Table 4.1 – Predictors of Common Law Lodgement 

 

Variable Included in existing TAC model 

Days in hospital Yes 

Age at time of accident No 

Months from accident to initial claim No 

Employment Type Yes 

Role in accident Yes 

Injury classification Yes 

Number of vehicles in accident Yes 

English as second language Yes 

Number of injuries Yes 

Psychological injury Yes 

 

 

In comparison to the TAC segmentation tool, the claims header model provides a 

result in terms of ranking claims with a high to very low propensity to claim. Of the 

“High” TAC category which accounts for 5% of all 2011 claims, 21% proceed to 

lodge in the next 2 years. In comparison, of the “highest” or riskiest 5% of this 

updated claim only model, a slightly higher 27% proceed to lodge in the next 2 

years. 

 

There is a modest improvement in the predictive power just by adding age and 

duration from accident to claim, and optimising the classing of existing variables. 
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5. Model 2 : Claim and Payment Data 

5.1 Claim Payment Information 
 

Since 1992 there have been 35 million payments made to claimants. Each 

individual payment is assigned to one of over 150 benefit codes based on the 

nature of payment ranging from a consultation with a GP through to child minding 

services. Each benefit code can be rolled up to a benefit category (27 levels) and 

benefit type (12 levels). For example a benefit code for a CHIROPRACTOR would 

be assigned to PARAMEDICAL PRIVATE benefit category and PARAMEDICAL 

benefit type. This hierarchical cascading structure groups like with like benefits. 

 

The hierarchical benefit code structure allows the millions of transactions to be 

analysed in a much more simple way. However, the pre-defined hierarchical 

structure may not provide the optimal structure for predicting common law 

lodgement. We have employed clustering techniques to allow similar payments to 

be grouped together. The grouping is based on both the number of, and value of 

payments that occur together on the one claim. That is, every single payment 

transaction was observed in order to undertake this alternative grouping.  This 

“unsupervised” technique allows the data to determine associated payments 

rather imposing a payment structure.  

 

The resulting payment clusters were used as additional variables in the model. (The 

full results of the payment clustering are shown in the Attachment). In addition to 

the payment clusters, the amount of Loss of Earnings (LOE) paid was also 

considered (our prior expectation was that this would be significant.  However, as 

described later the unsupervised clusters were quite good enough without this 

additional information). 

 

 

5.2 Results 
 

Three payment clusters were included in the model, where an increasing number 

of payments in each particular cluster results in a higher probability of common 

law lodgement. The greatest impact of all payment clusters includes payments 

made for: 

 

• IMPAIRMENT REPORT NOT REQUESTED BY TAC or 

• OTHER REPORT NOT REQUESTED BY TAC 

 

Any claim with one payment made for either report has a 6 times higher chance 

of lodgement than claims without any payment in this category, and claims with 2 

or more payments have a 15 times higher chance of lodgement than those with 

no payments in this category. 

 

The dollar amount of LOE payments was also a significant variable in the model. 

However, the inclusion of LOE payments results in key claims variables (English as 

Second Language, Gender, and Employment Type) becoming insignificant in the 

model. The overall fit of the model is similar whether the claims variables are 

included or the LOE payments. It was decided to remove LOE and allow the 
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claims variables to re-enter the model as these variables are available at the time 

of the initial claim. 

 

The addition of payment data provides significant uplift over Model 1 (claims 

header data only model), particularly at the higher end. For example, claims that 

had a predicted likelihood of common law lodgement of between 20% and 25% 

based on Model 1 have a reassessed probability of between around 5% and 50% 

based on Model 2. 

 
Figure 5.1 – Comparison of Predictions Model 1 vs Model 2 

 

 
 

We further analysed the distribution of probabilities to assess the alignment of 

predictions to the actual lodgement experience. For each claim, the prediction 

from Model 1 (grouped into bands shown on the x-axis) is compared to updated 

prediction from Model 2. The distribution of predictions is then assessed based on 

upper and lower quartiles. For example the upper quartile for claims that had a 

predicted likelihood of common law lodgement of between 20% and 25% based 

on Model 1 is between 22% and 50% based on Model 2 and the lower quartile of 

probabilities is 5%-10% (with the overall distribution ranging from 5% to 50%).  

 

Similarly, for claims that had a predicted likelihood of common law lodgement of 

greater than 25% based on Model 1, the upper quartile of probabilities based on 

Model 2 is between 40% and 80% and the lower quartile of probabilities is 12%-20%. 
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The figure below shows that where the prediction based on Model 2 is higher than 

Model 1 (the upper quartile) the predicted probability of common law lodgement 

based on Model 2 has a better alignment to the actual lodgement experience 

compared to Model 1. For example, the claims with a predicted probability of 20% 

-25% based on Model 1 now have an average predicted probability of 44% which 

aligns to the actual lodgement experience of this group of claims which had a 

lodgement rate of 44%. Similarly, for the lower quartile, the claims with a predicted 

probability of 20% -25% based on Model 1 now have an average predicted 

probability of 7% which aligns to the actual lodgement experience of this group of 

claims. 

 
Figure 5.2 – Alignment of Predictions- Upper Quartile 

 

 
 

 
Figure 5.3 – Alignment of Predictions- Lower Quartile 
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6 Model 3: Claim, Payment & Text Data 

6.1 File Note Text Data 

 

Another useful source of information, and one that is currently not actively used, is 

the text data from the file notes associated with each claim.  Each claim will have 

many file notes associated with it written by claims managers.  These describe the 

TAC client’s ‘story’ as it develops. Three sources of claim notes were provided by 

TAC: 

 

• Legal - notes referring to any matters of a legal nature dealt with or received 

by TAC for a particular claim 

• Decision - notes on decisions made for a claim e.g. payments approved 

• General - notes referring to general aspects of the claim 

 

The entire collection of text data is referred to as the ‘text corpus’7  and we 

describe here how this information can be included in the model. 

 

Text data is the most difficult type of data to use in a predictive modelling analysis 

due to its “free-form” nature. One of the main challenges is to represent key 

features, keywords and ideas that are hidden in human language in a structure 

which can be used in a model.   

 

Fortunately there are many software packages and routines developed for this 

purpose.  Many commercial statistical software packages contain text mining 

modules, and there are also many publicly available text mining routines. We 

have used the tm package in R for this analysis. 

 

 

6.2 Text Data Preparation 
 

The approach we have taken to analyse the text data is outlined below. This 

process was repeated for each of the three sources of claims notes (general, 

decision and legal). However, for illustration purposes we have used the entire 

collection of claims notes in this section. Full results are provided in the 

Attachment.   

 

1. Clean and Transform the Raw Text 

This step includes removing any extra white space, converting all text to lower 

case, removing all punctuation and numerals. 

 

2. Remove Stopwords 

Stopwords are extremely common words which are unlikely to be of value in 

extracting information from text data.  These include words such as “the”, “and”, 

“an”, “of”. We have included domain specific stopwords for this analysis such as 

“client” which occurs in almost every claim note. 
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3. Stemming 

Stemming is the process of simplifying derived words to their “stem”.  For example, 

all the words “updated”, “updating”, “update” would be stemmed to their root 

word “updat”.  This represents all the variations of a word as a single stem when 

counting word frequencies. 

 

4. Recoding 

Because the file notes are written by humans, there are potentially spelling 

mistakes and inconsistent use of abbreviations and acronyms.  Some re-coding is 

recommended for frequently occurring terms.  For example in this set of file notes 

the word “client” is often abbreviated as “clnt”, so all instances of “clnt” are re-

coded as “client”.  This is a somewhat manual process requiring some domain 

knowledge. 

 

5. Create the Term-Document-Matrix 

The main data structure which allows analysis of text information is the Term-

Document-Matrix (TDM).  This is an n-by-m matrix where n is the number of 

documents and m is the number of unique words in the entire text collection.  The 

value of each entry is the word frequency for the particular word/document 

combination.  This represents each document as a row and each word as a 

variable.  A selection of several documents (file notes) and terms is shown here.   

 
   Figure 6.1 – Sample Term Document Matrix 

 

 
 

The TDM is in most cases very sparse (i.e. most entries equal to 0) and most 

information is contained in a small number of columns.  The TDM for the entire TAC 

file note collection contained roughly 200,000 unique words, but most of these 

occur only a few times.  All such words with a very low frequency can be 

excluded by specifying a minimum word count or maximum sparsity for the TDM.   

 

6. Text Analysis 

Once the TDM has been created and sparse terms excluded, we can begin to 

understand the structure of the corpus.  The TDM now represents text information 

in a format useable by statistical methods. In fact, from a statistical perspective, 

the TDM is just like any other dataset.   

 

The most basic analysis is to consider the term frequencies overall.  The top 20 

most frequent words are shown in the chart below. The word frequency chart 

Document Number request claim loec review paid

1 0 1 0 0 0

2 1 0 1 0 1

3 0 0 0 0 0

4 0 1 3 0 0

5 2 0 0 0 0

6 0 0 0 0 1

7 1 1 0 1 0

8 0 0 0 0 0

9 0 0 0 1 0

10 0 0 0 0 1
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shows the effects of stemming i.e. the frequency of “injuri” refers to key words 

“injury”, “injured”, “injuries”. Additional stopwords may also be identified at this 

stage. 

 
Figure 6.2 – Term Frequency for Claim Notes 

 
Word clouds are another useful technique to display the information of a TDM.  

Here we show a word cloud based on the most frequent 200 words.  The size of 

the word indicates its relative frequency. In each case presented here, the 

depiction of word frequency relates to all claims i.e. is not limited to common law 

lodgements (See Attachment for common law claims only). 

 
Figure 6.3 – Key Words occurring in TAC Claim File Notes 
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7. Feature Extraction 

Having investigated relative frequencies, we can now focus on extracting useful 

features from the data to include in a predictive model of common law 

lodgement.  What is needed is some automated way to uncover relationships 

between words.  This is where unsupervised learning methods are useful.  We have 

used two methods for this exercise.   

 

7.1. Hierarchical Clustering 

The first approach, hierarchical clustering, describes how “similar” any two words 

in the TDM are. The algorithm starts with each word representing a single cluster.  

The algorithm then searches through the possible ways of combining two clusters 

and selects the combinations which group together the closest words.  This 

process is repeated until all words are grouped together into a single cluster. This is 

a useful method for understanding the natural groupings of words within the text, 

but can be difficult to interpret for a large number of words.  We have used the 50 

most frequency words for this method.   

 

The results of this algorithm can be visualized in a dendrogram as below.  Here, the 

level of dissimilarity between merged clusters increases up the hierarchy and this is 

the value on the vertical axis.  So in tracing the path between any two words in 

the dendrogram, the height travelled by such a path indicates the dissimilarity of 

the two words or clusters.  Each level of the hierarchy represents a clustering of the 

data into mutually exclusive groups.  The red boxes here identify a partitioning of 

the words into ten clusters. 

 

In the example shown here, we see that the words “med” and “cert” are very 

close together. These two words could also be grouped together with “rtw”, “per”, 

“task”, “employ” “full” and “paid”.  This could be a set of terms to use in a model.  

Also “request” and “review” also are very similar; the combination of these two 

words could also be an interesting key word phrase to investigate to describe the 

probability of a common law claim lodgement. 

 
Figure 6.4 – Hierarchical Clustering of Text 

 

 
 

 



Making better use of Scheme Data 

 

 

 17 

7.2. K-Means Clustering 

The second clustering method we have used is a K-means clustering.  For K-means 

clustering, the number of clusters must be specified prior to the clusters being 

derived.  Often the ideal number of clusters won’t be known beforehand so 

several iterations may be required to find the best set of clusters.  The result of this 

method is a set of variables which represent the information contained in the text 

data.  

 

The K-means clustering approach results in each document (or in this case each 

claim) being assigned to a single cluster based on the combination of words 

contained within the document. As such, K-means clustering can often be easier 

to interpret or use for a larger subset of terms than hierarchical clustering. We have 

created 20 clusters and the top 10 terms (by frequency) are shown in the table 

below. These 20 clusters become inputs into the common law lodgement model. 

Unlike hierarchical clustering, here you can see that words or phrases can appear 

in multiple clusters in combination with others. 

 
Figure 6.5 – K- Means clustering of Text 

 

 
 

 

6.3 Results 
 

For the purposes of this model we have taken the best of both worlds and used 

both the results of the K-Means clustering and hierarchical clustering as inputs to 

the model. The K-Means clusters form the basis of the clusters used in the model, 

and we’ve selected keywords and phrases from the hierarchical clustering as 

additional inputs to the model.  

 

Separate clustering analysis was used for the different types of claims notes 

(general, legal, and decision). The original 20 clusters for each type of claim note 

were further reduced based on propensity to lodge a common law claim and to 

ensure sufficient volumes of claims in each cluster. Also, a number of text clusters 

were excluded from the analysis due to correlation with the claims and payment 

variables.  

 

Based on the results of the hierarchical clustering and discussions with claims 

managers, the following additional phrases were considered as explanatory 

variables8 : 

 

1 2 3 4 5 6 7 8 9 10

cluster1 claim injury loec will.request.review accid request.review vehicl accept polic pain

cluster2 vehicl will.request.review accid claim request.review driver report polic injury review

cluster3 claim will.request.review loec request.review form sent review injury mxs request

cluster4 will.request.review request.review request claim review injury file report note will

cluster5 loec period partial payslip paid week net sub per rtw

cluster6 file loec will.request.review request.review segment rtw claim review accept pleas

cluster7 progress will.request.review request.review injury partial current fractur request claim review

cluster8 loec will.request.review request.review per period request med cert work task

cluster9 loec per full task period will.request.review paid cert med request.review

cluster10 period loec week partial sub net payment paid receiv work

cluster11 will.request.review claim request.review injury loec file request accid review report

cluster12 will.request.review request.review request review loec claim injury report file will

cluster13 rtw week plan letter date loec will.request.review pleas hour report

cluster14 will.request.review request.review will manag case claim review request discuss injury

cluster15 will.request.review request.review will request review tac manag case advis discuss

cluster16 will.request.review request.review request claim review file injury loec will report

cluster17 loec will.request.review per period rtw full request.review med cert file

cluster18 rtw week plan date will.request.review loec letter hour employ request.review

cluster19 loec will.request.review request.review request rtw file claim med per injury

cluster20 loec period partial payslip week paid will.request.review per net rtw
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• Key word: “LOEC” 

• Key word: “review” 

• Keyword: “request” 

• Phrase: “will request review” 

• Phrase: “request review” 

 

The final model resulted in text clusters based on the decision file notes being 

included in the model, with the clusters containing words including “accept”, 

“accid”, “approv”, “assess”, “attend”, “loec”, “injuri”, “request”, “work”, “tax” 

having a higher probability of lodging a common law claim (note that this is only a 

selection of the most frequent words in the cluster rather than the entire 

combination of words). The legal notes and general notes had insufficient 

information to be a significant indicator of common law claim lodgement.   

 

The inclusion of the text cluster results in marginal uplift in the overall model and 

has most impact at the higher end. Again, we analysed the distribution of 

probabilities to assess the alignment of predictions to the actual lodgement 

experience. Recall that the comparison of Model 1 and Model 2 showed a 

significant realignment across the full range of predicted probabilities. In 

comparison, the addition of text data has had a more marginal impact. However, 

the upper and lower quartile graphs show a slightly better alignment of 

predictions to the actual lodgement experience.  

 
Figure 6.6 – Comparison of Predictions Model 2 vs Model 3 
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Figure 6.7 – Alignment of Predictions- Upper Quartile 

 

 
 

 

 
Figure 6.8 – Alignment of Predictions- Lower Quartile 
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7 The Value of Additional Scheme Data 

 
The results presented in previous sections show the improvement in ranking the 

propensity to lodge a common law claim, possible by alternative modelling 

techniques and expanding the universe of data to model. Depending on the 

model, the propensity to claim ranges from almost 0% through to over 85%-95% 

chance at the higher end. By adding additional claims variables we were able to 

see an improved ranking of claims over the existing TAC segmentation tool. The 

addition of payment data and text data improved the ranking and alignment of 

predictions to actual lodgement experience, with the most significant uplift due to 

the addition of unsupervised clustered payment data. 

 

By ranking each claim according to the predicted probability of lodging a 

common law claim, we are able to demonstrate the improvement by each 

model in terms of uplift. The top 10% of claims (based on the highest probability of 

lodging) captures 48% of the common law lodgements based on the claims data 

model, while the adding payment and text data allows 61% of common law 

lodgements to be captured. Taking the top 20% of claims, we are able to 

correctly predict 80% of common law lodgements.  

 

 
Table 7.1 – Adding Data sources improves the model 

 

 
Cumulative % of Common Law Lodgements 

Cumulative % 
Claims 

Claims Model 
Claims + Payment 

Model 
Claims + Payment + 

Text Model 

10% 48% 60% 61% 

20% 67% 77% 80% 

30% 78% 88% 89% 

40% 85% 93% 93% 

50% 90% 95% 95% 

60% 93% 97% 97% 

70% 95% 98% 98% 

80% 97% 99% 99% 

90% 99% 100% 100% 

100% 100% 100% 100% 

 

 

We have applied the model to claims from 2009 to 2012 financial years to also 

show how the probabilities obtained from Model 3 can be summed to provide a 

prediction of total common law claim numbers and hence  the IBNR.  At this stage 

modelling imposed data limitations mean that we are only predicting lodgements 

within 30 months from initial claim. 
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Table 7.2 – Lodged and Projected Common Law Claims 

 

 
 

 

Clearly this area of the analysis requires further development in order to fully 

replace any existing methodology of projecting ultimate common law lodgement 

numbers. 
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8 Where to next 
 

The results of this analysis have shown a significant benefit in using alternative 

modelling techniques and additional data to predict common law lodgement. 

We have used data up to 12 months from the initial claim and further work is 

required to determine earlier indicators of lodgements. The algorithms used in this 

analysis are scraping the surface of the possibilities of text mining. More 

sophisticated text mining algorithms may identify earlier indicators of lodgement 

and allow models to be developed predicting the timing of lodgement.  

 

The next phase of modelling is to develop a ‘layered model’ to predict future 

lodgements at a given development time. This type of conditional probability 

modelling could replace the chain ladder model and result in more accurate 

predictions of ultimate common law lodgements. There is also benefit in 

undertaking further analysis of the complete data source to understand the 

change in mix of claims over time i.e. what claims are new and what claims are 

no longer lodging. 
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Actuaries of Australia 

3. Let L(ij) denote the number of claims lodged in accident quarter i and 

development quarter j.  C(ij) is the cumulative version SUM(K=0 to j) of L(ik).  

Then chain ladder factors R(ij) = C(ij+1)/C(ij) 

4. Taylor, G. and McGuire, G. (May 2004).  Loss Reserving with GLMs: a case 

study.  Research Paper number 113. University of Melbourne Centre for 

Actuarial Studies. 

5. Lee, S , Atkins, G,. and Beens, F. (2012) Gauging the Tort Temperature and 

the Tort Temperature Scorecard. General Insurance Seminar of the Institute 

of Actuaries of Australia, 2012. 

6. External data sources such as ABS census variables and socio-economic 

indices were also considered but were not significant predictors of common 

law lodgement. 

7. A text corpus is a term used in linguistics to describe a large and structured 

set of text. 

8. The key words and phrases used here are only a subset of the possibilities 

available. Further work is required to identify additional phases and signals in 

the text data. 
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Attachment 

A. Details Results 

A.1 Claims Data 

 

Variable Grouping Estimate 
Standard 

Error 
P Value Relativity 

Intercept 
 

-4.93 0.13 <.0001 - 

Days in hospital 

2-3 0.97 0.12 <.0001 2.63 

4-7 1.50 0.13 <.0001 4.46 

8-10 2.02 0.17 <.0001 7.52 

10+ 2.34 0.10 <.0001 10.42 

0-1 0.00 . . 1.00 

Age at time of accident 

0-15 -1.33 0.27 <.0001 0.26 

15-20 -0.60 0.14 <.0001 0.55 

20-30 -0.27 0.09 0.004 0.76 

30+ 0.00 . . 1.00 

Months from accident to initial 
claim 

1-12 -0.21 0.08 0.0083 0.81 

13+ 1.30 0.21 <.0001 3.68 

z.0 0.00 . . 1.00 

Employment Type 

Self-employed/ 
Unemployed 

0.97 0.12 <.0001 2.63 

Employed 0.96 0.08 <.0001 2.62 

Other (incl. pensioner, 
student) 

0.00 . . 1.00 

Role in accident 

Passenger 1.10 0.09 <.0001 3.01 

Pedestrian 1.45 0.11 <.0001 4.24 

Other 0.00 . . 1.00 

Injury classification 
Catastrophic 0.53 0.20 0.0093 1.70 

Other 0.00 . . 1.00 

Number of vehicles in accident 

2 0.68 0.08 <.0001 1.98 

3+ 1.02 0.11 <.0001 2.78 

1 0.00 . . 1.00 

English as second language 
Y 0.58 0.22 0.0088 1.79 

N 0.00 . . 1.00 

Number of injuries 

10+ 0.33 0.17 0.0528 1.39 

6-9 0.29 0.09 0.001 1.33 

0-5 0.00 . . 1.00 

Psychological injury 
Y 1.23 0.17 <.0001 3.43 

N 0.00 . . 1.00 

 

Decile # Claims Actual Predicted Validation 

1       1,637  0% 1% 1% 

2       2,430  1% 1% 1% 

3          828  1% 1% 1% 

4       1,438  1% 2% 2% 

5       1,517  2% 2% 2% 

6       1,675  3% 3% 3% 

7       1,479  4% 4% 4% 

8       1,554  7% 6% 6% 

9       1,585  11% 12% 12% 

10       1,549  29% 29% 30% 

Total     15,692  6% 6% 6% 
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A2 Claims and Payment Data 
 

 
Variable Group Estimate Standard 

Error 
Pr > Chi-
Square 

Relativity 

Intercept   -5.57 0.16 <.0001 0.00 

Days in hospital 2-3 0.60 0.14 <.0001 1.83 

4-7 0.90 0.14 <.0001 2.47 

8-10 1.22 0.20 <.0001 3.41 

10+ 1.40 0.13 <.0001 4.09 

0-1 0.00 . . 1.00 

Age at time of accident 0-15 -1.05 0.28 0.0002 0.35 

15-30 -0.21 0.09 0.0228 0.81 

30+ 0.00 . . 1.00 

Months from accident to initial 
claim 

13+ 1.69 0.22 <.0001 5.43 

0-12 0.00 . . 1.00 

Employment Type Self employed/Unemployed 0.70 0.14 <.0001 2.02 

Employed 0.64 0.09 <.0001 1.90 

Other (incl. pensioner, 
student) 

0.00 . . 
1.00 

Role in accident Passenger 1.17 0.10 <.0001 3.21 

Pedestrian 1.40 0.12 <.0001 4.06 

Other 0.00 . . 1.00 

Gender 
F -0.18 0.08 0.0304 0.83 

M 0 . . 1 

Number of vehicles in accident 

2 0.66 0.09 <.0001 1.93 

3+ 0.95 0.12 <.0001 2.6 

1 0 . . 1 

English as second language Y 0.51 0.25 0.0368 1.67 

N 0.00 . . 1.00 

Pyschological injury Y 1.13 0.19 <.0001 3.09 

N 0.00 . . 1.00 

pmt_cluster_6_gr2 b.3-9 0.62 0.15 <.0001 1.85 

c.10- 1.10 0.17 <.0001 2.99 

d.16+ 1.50 0.12 <.0001 4.50 

z.0-2 0.00 . . 1.00 

pmt_cluster_9_gr d.4-5+ 0.41 0.12 0.0004 1.51 

z.0-3 0.00 . . 1.00 

pmt_cluster_18_gr 1 1.86 0.16 <.0001 6.44 

2+ 2.74 0.13 <.0001 15.43 

z.0 0.00 . . 1.00 

 

Decile # Claims Actual Predicted Validation 

1      1,772  0% 0% 0% 

2      1,370  1% 1% 1% 

3      1,635  0% 1% 1% 

4      1,536  1% 1% 1% 

5      1,536  1% 1% 1% 

6      1,567  2% 2% 2% 

7      1,570  3% 3% 3% 

8      1,605  6% 5% 5% 

9      1,532  11% 10% 10% 

10      1,569  36% 36% 37% 

Total     15,692  6% 6% 6% 
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A.3 Claims, Payment and Text Data 
 

Variable Group Estimate Standard 
Error 

Pr > Chi-
Square 

Relativity 

Intercept   -5.94 0.18 <.0001   

Days in hospital 2-3 0.59 0.14 <.0001 1.80 

4-7 0.88 0.14 <.0001 2.41 

8+ 1.27 0.12 <.0001 3.55 

0-1 0.00 . . 1.00 

Age at time of accident 0-15 -0.99 0.28 0.0004 0.37 

15-30 -0.19 0.09 0.0324 0.82 

30+ 0.00   . 1.00 

Months from accident to initial 
claim 

13+ 1.62 0.22 <.0001 5.06 

0-12 0.00 . . 1.00 

Employment Type Self employed/Unemployed 0.55 0.14 <.0001 1.74 

Employed 0.53 0.09 <.0001 1.70 

Other (incl. pensioner, 
student) 

0.00 . . 
1.00 

Role in accident Passenger 1.18 0.10 <.0001 3.25 

Pedestrian 1.39 0.12 <.0001 4.01 

Other 0.00 . . 1.00 

Gender F -0.18 0.08 0.0331 0.84 

M 0.00 . . 1.00 

Number of vehicles in accident 2 0.67 0.09 <.0001 1.95 

3+ 0.96 0.12 <.0001 2.62 

1 0.00 . . 1.00 

English as second language Y 0.54 0.24 0.0264 1.72 

N 0.00 . . 1.00 

Pyschological injury Y 1.12 0.19 <.0001 3.06 

N 0.00 . . 1.00 

pmt_cluster_6_gr2 b.3-9 0.57 0.15 0.0002 1.77 

c.10- 0.97 0.17 <.0001 2.64 

d.16+ 1.29 0.13 <.0001 3.63 

z.0-2 0.00 . . 1.00 

pmt_cluster_9_gr d.4-5+ 0.34 0.12 0.0039 1.40 

z.0-3 0.00 . . 1.00 

pmt_cluster_18_gr 1 1.79 0.16 <.0001 5.96 

2+ 2.69 0.13 <.0001 14.78 

z.0 0.00 . . 1.00 

textCluster_DecNotes 3 0.58 0.12 <.0001 1.79 

4 0.89 0.14 <.0001 2.43 

z.1 0 . . 1.00 

 

Group # Claims Actual Predicted Validation 

1      1,661  0% 0% 0% 

2      1,479  1% 0% 0% 

3      1,637  0% 1% 1% 

4      1,506  1% 1% 1% 

5      1,579  1% 1% 1% 

6      1,555  1% 2% 2% 

7      1,583  2% 3% 3% 

8      1,554  5% 5% 5% 

9      1,575  11% 10% 10% 

10      1,563  37% 36% 38% 

Total     15,692  6% 6% 6% 

 

  



Making better use of Scheme Data 

 

 

 27 

B. Details Results 

B.1 Decision Claim Notes 
Cluste

r Top Words by Frequency 

1 accid claim injuri loec injury pain report employ medic attend 

2 pain claim loec injury accid accept injuri attend neck vehicl 

3 vehicl driver accid claim road attend collis polic travel general 

4 loec claim accept employ 
asses

s injury paid leav rtw accid 

5 
appro

v 
progres

s session orp improv fractur 
reques

t week work right 

6 accid attend claim injury proof injuri vehicl scene 
transpor

t ambul 

7 week loec per gross accid interim claim period return rate 

8 
appro

v request servic week home per date tac taxi reason 

9 claim accid polic report vehicl attend injuri elig decis general 

10 work tac accid return loec earn claim employ loss 
transpor

t 

11 
appro

v request reason tac servic week per date home taxi 

12 june return tax year inform financi accid end claim individu 

13 claim accid polic attend vehicl 
suppor

t injuri elig decis accept 

14 claim loec accid accept injury polic attend nil ice vehicl 

15 tac approv 
treatmen

t 
reques

t accid date servic 
physiotherap

i review 
transpor

t 

16 
appro

v request week reason date servic tac per injury taxi 

17 claim accid loec vehicl 
asses

s accept paw report attend polic 

18 
appro

v loec request assess letter sent tac claim paw rtw 

19 claim injury attend loec accept polic vehicl ambul doa injuri 

20 
appro

v request physio reason claim injury tac loec servic date 

 

B.2 General Claim Notes 

Cluster Top Words by Frequency 

1 claim loec accid injury vehicl accept polic pain report review 

2 vehicl accid claim driver report polic review loec road law 

3 claim loec form review request sent mxs letter report med 

4 loec rtw file request work claim week review employ med 

5 loec period partial payslip week paid net sub per rtw 

6 file segment loec review claim accept pleas busi rule required 

7 progress partial current fractur request claim review injury independ week 

8 loec period partial payslip week paid net per rtw sub 

9 loec per full period task cert med paid rtw file 

10 period loec week partial sub net payment paid receiv work 

11 request claim review report tac accid date note will loec 

12 loec request per med work cert claim date review period 

13 rtw week plan letter date loec pleas hour employ report 

14 loec per full task period paid med cert pay date 

15 will request case manag review discuss tac advis home meet 

16 request review claim file approv date will tac transit receiv 

17 loec rtw period file full per claim med employ cert 

18 rtw week date plan loec letter hour employ pleas report 

19 will manag claim case review request tac discuss support report 

20 claim request accid review report loec injury pain injuri file 
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B.3 Legal Claim Notes 
 
Cluste

r Top Words by Frequency 

1 note tac accid surgeri claim request review report provid 
confir
m 

2 review pleas tac issu letter alloc case arrang thank day 

3 vehicl claim vpar driver law common accid potenti review appear 

4 claim tac accid employ accept review 
recommen

d work confirm report 

5 accid claim tac review accept note report 
recommen

d vehicl 
confir

m 

6 
commo

n law potenti claim accid review vehicl car vpar road 

7 car claim accid vpar law common potenti driver polic accord 

8 tac 
revie

w loec note decis issu letter pleas date incom 

9 claim accid 
commo

n law polic potenti file note review 
reques

t 

10 advis tac review call report state case note receiv claim 

11 claim accid vehicl vpar loec law common accord driver motor 

12 claim accid driver 
commo

n law scene polic obtain 

stateme
n
t vehicl 

13 claim accid tac form note transport advis receiv attend provid 

14 claim accid vehicl driver note vpar file tac review obtain 

15 claim tac employ note accept denial review 
recommen

d confirm advis 

16 hour week tac care per period use servic note entitl 

17 polic accid vpar claim obtain 

stateme
n
t 

recommen
d common law potenti 

18 polic 
obtai

n claim accid driver common law 
recommen

d car vpar 

19 note accid report left 
shoulde

r tac pain request hip attend 

20 vehicl accid motor road act transport drive regist claim use 

 

B.4 Word Cloud- Common Law Lodgement Claims Only 

 


