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Abstract

We perform a prediction analysis using methods of supervised machine learning
on a set of outcomes that measure economic consequences of road traffic injuries.
We employ several parametric and non-parametric algorithms including regularised
regressions, decision trees and random forests to model statistically challenging
empirical distributions and identify the key risk groups. In addition to a traditional
outcome of interest – health care costs – we predict net monetary benefits from
treatment, and productivity losses measured by the probability to return to work
after the injury. Using the predictions of each selected algorithm we construct an
ensemble machine learning algorithm - the Super Learner algorithm. Our findings
demonstrate that the Super Learner is effective and performs best in predicting all
outcomes. Further analysis of predictions by different groups of patients play an
important role in the understanding of key risk factors for higher costs and poorer
outcomes and offers a deeper understanding of risk in the health care sector.
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1 Introduction

Budget pressures on governments generate considerable incentives for healthcare payers
to develop statistical models that accurately predict future healthcare expenditures. Such
models are extensively applied in both public and private insurance payment systems to
reduce inefficiencies associated with adverse selection and to design effective provider
reimbursement systems. For instance, under prospective payments providers have a par-
ticular interest in these models as inaccurate predictions of potential care costs puts them
at risk of underpayment. Risk adjustment methodology is designed to remedy these dis-
advantages by aligning the prospective or capitated payment made to a provider with
an individual’s expected healthcare costs and thus reduce incentives to under treat or
reject high cost individuals (Kapur et al., 2000; Cucciare and o’Donohue, 2006). Yet the
theoretical design does not often reflect in practice.

Historically, risk adjustment has relied almost exclusively on patient risk factors such
as age and gender to predict individuals’ healthcare costs for the following year (Ellis
et al., 2018). More recently, case mix funding models for hospitals incorporated diagnostic
and treatment-related complexities such as the patient’s classification to diagnosis-related
groups, inlier/outlier models identifying the length of stay (Duckett, 1998; Pirson et al.,
2006; Schreyögg et al., 2006) and the prediction of any hospital acquired complications
to reflect any extra costs of a hospital admission (IHPA, 2019). A major limitation of
this approach is its failure to account for potential moral hazard associated with the
cost-quality trade-offs available to some providers (Ellis and McGuire, 1996; Jürges and
Köberlein, 2015). When clinical risk is low, the provider is incentivized to adjust their
provided quality of care in order to reduce costs and maintain a revenue surplus in low
return cases. Thus, to be efficient the payment system requires not only accurately predict
potential treatment costs, but also inform public funders about patient clinical outcomes.
In this paper we extend the work of Rose (2016) and consider additional patient outcomes
in the risk adjustment framework.

Commonly applied models in the risk adjustment literature are standard linear regres-
sions that include a small set of patient demographic characteristics and clinical diagnoses
to adjust for potential risk factors (Iezzoni, 2012). These are largely outdated given the
significant improvements in statistical modelling. The statistical profile of such outcomes
are often characterized by non-normal distributions; data are often strongly skewed and
exhibit a particularly long tail representing patients at the highest risk for high costs and
poor outcomes (Jones, 2011). Thus, modelling these outcomes comes with a number of
statistical challenges. The literature on cost modeling has evolved from applications of
various parametric approaches (see, e.g., Duan, 1983; Jones, 2000; Manning et al., 2005;
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Dixon et al., 2011; Curtis et al., 2014; Jones et al., 2014), but traditional methods of-
ten suffer from problems caused by the presence of significant correlations between the
selected covariates (James et al., 2013) and could potentially provide misleading infor-
mation about the key risk-factors. In addition, the performance of such models is often
better when data is transformed using a deterministic function (e.g. logarithmic), that
adds a level of complexity to the interpretation of results. To tackle these challenges
researchers have explored a variety of semi-parametric approaches (see, e.g., Deb and
Burgess, 2003; Gilleskie and Mroz, 2004; Manning et al., 2005; Mullahy, 2009; McDonald
et al., 2013; Jones, 2011; Jones et al., 2014, 2015), though the performance of such models
is mixed (Jones and Lomas, 2016).

As medical information has become more and more detailed, the focus has shifted
towards a variety of new statistical approaches utilised in the field of “big data”. Data
science methods such as supervised Machine Learning (ML) offer functional flexibility
and the ability to fit difficult data patterns without imposing prior assumptions. Several
data science techniques, such as testing out-of-sample performance, have already been
adopted in the modelling literature (Bertsimas et al., 2008; Jones et al., 2014; Jones
and Lomas, 2016). The main advantages of ML methods are the ability to uncover
complex structures not known/specified in advance (Mullainathan and Spiess, 2017) and
to account for potential multicollinearity when controlling for a large set of covariates
(James et al., 2013). Thus, they enable fitting very flexible functional forms without
overfitting the data and can perform better at out-of-sample predictions than standard
regression analysis (Chu and Zhang, 2003).

A small but growing literature has used such methods in research related to risk
adjustment and prediction of health care resource use, service utilisation and various
clinical outcomes (e.g., Bertsimas et al., 2008; Lahiri, 2014; Arandjelović, 2015; Einav
et al., 2016; Rose, 2016; Pyrkov et al., 2018; Burnham et al., 2018; Kan et al., 2019).
In this paper we contribute to this literature by utilising such methods to investigate
the main risk factors for high costs and poor outcomes of road traffic injuries. Around
1.35 million people died worldwide in 2016 due to a road traffic related injury, which is
currently the eighth leading cause of death and the leading cause of death among children
and adults younger than 30 years old (WHO, 2018). Alongside high fatality rates, road
traffic injuries leave around 50 million people worldwide with non-fatal injuries that are
likely to become lifelong disabilities with a heavy economic burden to victims and their
families due to costly treatment and rehabilitation care (Chen et al., 2019).

In Australia costs of road trauma are estimated to have been approximately A$22.2
billion in 2015, equivalent to 1.3 per cent of GDP. Although fatality rates have been
decreasing over time, the number of hospitalised injuries is rising. The loss of life, health
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and well-being account for the largest item of total economic costs of road injuries (42%)
while the specialised care and rehabilitation for persons who were disabled during injury
is the third largest item with an additional 10 per cent of total costs (AAA, 2017). In
an environment of rapidly increasing health care expenditure it is particularly important
for researchers and policy makers to understand the main risk factors for high costs and
poor outcomes. This will ensure cost-effective delivery of services by weighing the costs
of treatment and long-term care against the gains in health and well-being.

This paper employs a rich patient-level dataset, the Victorian State Trauma Registry
(VSTR) and complements it with the comprehensive insurance claims data provided by
the Transport Accident Commission. In Victoria, the Transport Accident Commission
(TAC) is a government-owned organisation that offers compulsory third party insurance
for those who were injured in transport collisions. With a goal to promote road traffic
safety and improve the state’s trauma system, the insurer collects funds via a TAC charge,
a component of the vehicle registration yearly fee. The insurance scheme offers ongoing
financial support for medical treatment of incident-related injuries as well as the loss
of income during the recovery time. Due to medical heterogeneity of each trauma case
and complex and expensive long-term recovery pathways it is particularly important to
find efficient ways to distribute these resources. Hence, to stay financially sustainable
organisations such as the TAC have considerable interest in understanding the main
factors and predictors of health care expenditures and other long-term outcomes.

To contribute to the growing literature on risk-adjustment in health care markets,
we employ a Machine Learning (ML) based algorithm – the Super Learner – to predict
the economic consequences of injury. The Super Learner algorithm is based on multiple
parametric and non-parametric algorithms and selects an optimal weighted combination
of them to find the best predictive model. Proposed by van der Laan et al. (2007) the
algorithm has demonstrated significant potential in research related to health care that
predicts various clinical patient outcomes (Kessler et al., 2014; Pirracchio et al., 2015).
Evidence using the Super Learner in the economic context is provided in recent research
by Rose (2016) and Rose et al. (2017) that focus on plan payment risk adjustment and
the prediction of the unprofitability of health insurance enrollees.

In this paper we contribute to this emerging evidence of the application of the Super
Learner in the economic context and consider a wider scope of policy relevant outcomes
for risk-adjustment. In addition to a traditional measure of healthcare spending, we
consider other non-medical spending associated with injury such as adaptation to physical
disability and equipment costs that are covered by the TAC insurance. To shed light on
the cost-effectiveness of such treatment we adopt the concept proposed by Stinnett and
Mullahy (1998) and estimate the net benefit based on the traditional measure of the
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Quality of Life Years (QALYs) in the cost-effectiveness literature. Net benefits from
the treatment and TAC insurance coverage provide policy relevant information about
the societal value of health expressed in the monetary value of the QALY. Lastly, as
in most cases traffic on roads involves the working age population, return to work is a
key indicator of successful rehabilitation following a road trauma. For this reason, we
consider victims’ probability to return to work after the injury.1 This paper contributes
to the current risk adjustment literature in predicting health and social care related costs.
First, in addition to a measure of resource use, we consider other societal values of health
care and employment that inform health economists and policy makers about the quality
of care. Second, we adapt advanced statistical methods to improve the predictive power
of traditional regression-based approaches and employ an ensemble ML algorithm, the
Super Learner, to construct the best predictive model.

This paper is organised as follows. The next section provides a summary of the Victo-
rian State Trauma System as well as the government-owned insurance scheme (TAC) in
the state of Victoria. Section 3 describes the data, while Section 4 outlines the method-
ology used to estimate the economic consequences of the injury and introduces the pre-
diction methods in detail. Section 5 reports prediction results and evaluates them based
on a number of evaluation criteria, Section 6 discusses potential prediction errors and
Section 7 concludes.

2 Victorian State Trauma System and TAC insur-
ance

Victoria is the second most populous state in Australia with a population of approxi-
mately 6.5 million.2 The state operates a regionalized trauma system to ensure that in-
jured patients receive the best possible medical treatment and specialized hospital care.
The system is categorized into three levels of care: three major trauma services [MTS]
(two adult and one paediatric), that provide definite care to most of the state’s trauma
patients either through primary triage or secondary transfer; metropolitan trauma ser-
vices [MeTS] and regional trauma services are the second level of care that also provide
immediate care when MTS cannot be reached in time; and Metropolitan Primary Care
Services offers the third level of care (DHHS, Feb 2014). Around 80% of trauma cases
receive care at a designated trauma centre for major trauma services and nearly 90% of

1To date the most common statistical approaches to predict the return to work have been logistic
regression and Cox proportional hazard models (see, e.g., Ip et al., 1995; Nielsen et al., 2010; Kong et al.,
2011; Van Patten et al., 2016).

2as of September 2018, The Australian Bureau of Statistics, 3101.0 - Australian Demographic Statis-
tics Catalogue.
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road injuries are treated at a MTS (VSTR, 2014). The trauma system is monitored using
a population-based trauma registry that collects data about all major trauma patients
irrespective of the admitting hospital. The registry is used for research purposes in order
to continuously enhance the quality of trauma management and improve patient out-
comes after an injury (see, e.g. DHHS, Feb 2014; DHHS, Jul 2014; VSTR, 2014; Gabbe
et al. (2012, 2014); Beck et al. (2016)).

Multiple sources of funding exist in Victoria to finance the treatment of trauma.
While Australia’s publicly funded universal health care insurance scheme (Medicare)
provides health care coverage for all Australian citizens and permanent residents, nearly
all care for road injuries is funded by a publicly-owned organisation, the Transport Acci-
dent Commission (TAC). The TAC operates on a ”no-fault” basis and provides financial
and rehabilitation support for Victorians who were injured in transport incidents. The
compensation covers out-of-pocket medical and non-medical costs3 and life-back-on-track
expenses including income assistance, rehabilitation, return to work programs, travel and
funeral costs as well as costs for specialised equipment such as wheelchairs and modified
vehicles to support patients who acquired disability due to injury (TAC, 2018). The
TAC is funded through annual vehicle registration payments and works closely with the
Roads Corporation of Victoria (VicRoads) to improve the safety on Victoria’s roads. In
addition to providing financial assistance to injured individuals TAC invests significant
funds to install various safety measures in high-risk incident locations and provides public
education to encourage safe driving in the community.

3 Data

The empirical analysis uses tdata from the VSTR that includes information on all major
trauma patients in Victoria.4 It provides a wide range of patient characteristics such
as age, gender, socio-economic status as well as comprehensive medical and non-medical
information about patient injuries. The registry records various characteristics at the
scene of the incident such as cause, place, and mechanism of the injury, that allow us to
control for potentially important differences between injuries. Detailed clinical informa-
tion recorded at the time of admission as well as during a hospital stay provides specific
information about the patient’s treatment and recovery. After discharge from the hospital

3For example, non-medical costs could be related to travelling to medical appointments, accommoda-
tion, any legal or administrative costs associated with the claims reimbursement and disability-related
health support.

4Using the ICD-10-AM information, major trauma is defined if any of the following criteria are met
(i) Death (at scene of injury or in-hospital) related to injury; (ii) an Injury Severity Score >12; (iii)
admission to an intensive care unit (ICU) for > 24h and requiring mechanical ventilation for at least
part of their ICU stay; and (iv) urgent surgery is performed.
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each patient is followed up by a telephone interview at 6, 12 and 24 months after injury.
An interviewer collects detailed information about patients’ recovery, level of physical
function, health-related quality of life and return to work.5 To identify post-discharge
deaths the registry is linked with the state’s deaths register.

Our sample of interest is restricted to patients that experienced a major trauma as
a result of a road traffic crash in Victoria during 2009–2017. We identify patients aged
above 15 years who were funded by the TAC and link it with the insurance claims data.
The TAC insurance database includes information on around 8 million instances of claims
paid to patients who were injured in a road incident. The study uses 10 years of data and
treatment-related information as well as paid benefits for losses of earnings due to the
injury. Descriptive statistics for the sample are presented in Table A.1 in the Appendix.

4 Methods

4.1 Outcomes

Direct costs of the injury

Using detailed information from the TAC insurance claims data, for each patient i we
compute total direct costs of injury (Di) attributed to the initial treatment at the hospital
as well as all subsequent costs a patient had within 24 months after discharge from the
hospital. Here Di is a function of both medical, Mi, (ambulance care, inpatient care
hospital stay, outpatient care, rehabilitation and prescription drugs) and non-medical,
Ni, (travel, accommodation, legal, administrative and disability related health support)
expenses, but is not subject to any impairment annuity or loss of earnings.6

Di = Mi +Ni (1)

Net benefits of treatment

Due to a traumatic event patients with severe injuries often experience a lengthy and
complicated recovery process with life-long consequences (McCullough et al., 2014). To
better understand benefits associated with the TAC insurance coverage, we follow the
framework developed by Stinnett and Mullahy (1998). We calculate the utility gained

5The response rate of the follow up study at 6 and 12 months was around 70% for full data collection;
10% partial data collection and around 5% reported death before the study; at 24 months the respective
figures were 65%, 20% and 7% respectively.

6We exclude any expenses related to impairment annuity, loss of earnings or death benefits paid to
a spouse or other family member to avoid double counting with health-related quality of life used to
calculate net benefits of treatment below.
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from ongoing medical and non-medical support after injury provided by TAC as the dif-
ference between the quality-adjusted-life-years (QALYs) with treatment and the expected
QALYs without treatment. For each patient i theNet Health Benefit (NHB) is defined
as the following:

NHBi = QALY T AC
i −QALY NON

i (2)

here NHB is expressed in units of ’benefit’ gained from treatment such as QALYs.
QALY T AC is the benefit gained from the treatment provided by the TAC insurance,
whereas QALY NON is the outcome without treatment for the life-threatening injury,
which likely would be fated.

To measure QALYs associated with the treatment received, QALY T AC , we rely on in-
formation about Australian life expectancy by age and gender provided by the Australian
Institute of Health and Welfare7 and the 3-level EuroQol five dimensions questionnaire
(EQ-5D-3L),8 that was included in the follow up survey conducted 2 years after the
injury. EQ-5D-3L instrument comprises five dimensions based on patient’s mobility, self-
care, usual daily activities, experience of pain or discomfort and anxiety or depression.
Each dimension is ranked in order of increasing severity according to: no problems, some
problems or extreme problems. Using this information we estimate each patient’s health
utility scores using all five dimensions of EQ-5D, representing patient’s health state two
years after the injury occurred. A number of studies have concluded that an individual
who had a traumatic injury is likely to suffer from long-term consequences from physical
and psychologic impairment, acquired disability or Post-traumatic Stress Disorder. The
highest risk for long-term effects was found in patients who were hospitalised or required
critical medical care. (Holbrook et al., 2001a,b, 2005; Sluys et al., 2005; Holtslag et al.,
2007). Following this evidence, we estimate lifelong NHB for patients who encountered
a life-threatening injury and, due to the severity and extensiveness of their injury, were
admitted to the Intensive Care Unit (ICU). Using the information recorded during the
in-hospital stay, we select a sample of patients who spent at least 1 day in the ICU and
were mechanically ventilated. If patients did not receive this medical intervention, the
counterfactual state would likely be death. Thus it is reasonable to assume that their
QALY NON would be equal to zero and all units of ’benefit’, QALY T AC

i , would be gained
from the initial medical intervention and ongoing financial support provided by TAC.

7The life expectancy tables can be found here: https://www.aihw.gov.au/reports/life-expectancy-
death/deaths-in-australia/contents/age-at-death [Accessed 14.04.2020]. The data were collected from
the AIHW 17 Jul 2019 report. We count the expected years of life subject to patient’s age and gender.
As the patient’s age was recorded at the time of injury, we adjust it by adding two years in line with the
time when the follow up study was conducted.

8For a detailed documentation about EQ-5D-3L questionnaire see https://euroqol.org/eq-5d-
instruments/; and more information on use of EQ-5D-3L in injury setting see Derrett et al. (2009).
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Considering that patients have positive time preference we follow the recommendation
by the National Institute for Health and Care Excellence and discount NHB to current
values at a rate of 3.5 % per year (Whitehead and Ali, 2010).

To express NHB in monetary terms we compute a Net Monetary Benefit (hereafter:
NMBi) including the direct costs. For each QALY gained from treatment, Huang et al.
(2018) propose that an individual is willing to pay approximately A$67,0009 for a sus-
tained health improvement. NMBi is then defined by

NMBi = NHBi ∗WTPQALY −Di (3)

with patient’s Willingness to Pay for each QALY, WTPQALY , gained from treatment.

Return to work

We exclude any expenses related to loss of earned income from previous measures on
the grounds that its inclusion alongside a utility measure of physical and mental well-
being, that already includes aspects of work related utility, would lead to some double
counting. However, health-related quality of life may not capture all of the utility related
to paid work, thus we consider the return to work (RTW) as another relevant outcome
to complement the risk adjustment model. Individuals who are unable to return to
work after an injury experience greater physical difficulties and poorer mental health
(Hoffman et al., 2007; Iles et al., 2008), thus understanding the main barriers resuming
employment could potentially mitigate patients’ economic losses in the long run. As the
most prevalent group among road-traffic injuries are of working age who have many years
to participate in the labour market, RTW is a crucial indicator of potential consequences
of road injuries.

We model a binary response outcome - patient’s likelihood to return to work within
one-year of the injury. This information was collected in the questionnaire in the follow
up study subject to the condition that patient worked (for income) before the injury. The
working population in this study accounts for around 70% of all road-traffic injuries.

Observed Outcomes

Figure 1 presents all outcomes considered in this study. Direct Costs features a non-
normal and positively skewed distribution and a particularly heavy tail. This is typical of
health care spending where the vast majority of patients exhibit low costs and a few have

9The selected willingness to pay for one QALY is a high value in comparison with other international
estimates. However, in this paper we are primarily interested in the relative contribution of risk factors,
thus any change in the constant monetary value for QALY does not have an impact on the interpretation
of the estimation results.
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extremely high costs more than 10 times higher than the population average. The middle
panel illustrates the distribution of Net Monetary Benefit. Recall, that this outcome is
estimated for a sub-sample of patients who were admitted to the ICU.10 Similar to Direct
Costs, this distribution is non-normal. With a significant proportion of patients having a
positive net benefit from treatment, the outcome is skewed left and has a lower kurtosis
than the Direct Costs. Patients in the left tail either died soon after the discharge or
reported very poor outcomes are classified by the EQ5D as “worse than death”. The
distribution has several modes that adds an additional complexity to the modelling.

Figure 1.
The Presentation of Prediction Outcomes

Note.— Figure presents the empirical distribution of Direct costs of injury on the left panel, the distri-
bution of Net Benefit in the middle panel (both expressed in 100 thousands AU$) and the interaction of the
former and the latter with Return to Work on the right panel. Return to Work is averaged over five
quantiles.

The right panel of Figure 1 illustrates the variation in the binary outcome, RTW,
with respect to the Direct Costs (presented on the x axis) and Net Monetary Benefit
(presented on the y axis) using a sub-sample of patients who worked prior to the injury.
Patients who were less likely to return to work within one-year of injury are presented by
the darker shaded area while those who were more likely to return to work by the brighter
areas. Figure 1 shows that in most cases patients who return to work have higher net
benefits of treatment irrespective of their treatment costs suggesting that gains in QALYs
outweigh higher costs. These patients presumably recover well or have sufficient support
to return to work and other social activities. Patients with a more significant and long-
lasting disability have the lowest probability of returning to work with low utility and
high costs. However, a number of patients are situated away from this pattern and while
they return to work, they still have comparatively low utility and high costs of initial
treatment or ongoing supports. Predicting the pattern for these groups is the challenge

10This sub-sample has slight differences in estimated Direct costs. While the distributional properties
and extreme values of treatment costs are statistically similar, the costs of care for these patients were
on average higher due to an expensive treatment at the ICU.
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in this paper.

4.2 Prediction methods

To perform the predictions we utilise an ensemble machine learning (ML) framework –
the Super Learner algorithm. The Super Learner utilises various selected algorithms and
builds a prediction function as a weighted combination of them. This makes the Super
Learner a very versatile algorithm that often outperforms any single (ML) algorithm
(Laan and Rose, 2011) and, similar to other ML algorithms, has the ability to model
difficult data patterns with a better out-of-sample performance (Chu and Zhang, 2003;
James et al., 2013; Mullainathan and Spiess, 2017). The algorithm was first suggested
by van der Laan et al. (2007) and has been used in previous research to predict various
clinical patient outcomes such as post-traumatic stress disorder (Kessler et al., 2014)
and mortality in intensive care units (Pirracchio et al., 2015). In the context of risk
adjustment in health insurance markets, Rose (2016) has used the algorithm to predict
health care expenditures and the construction of plan payment risk adjustment model in
the U.S. market and Rose et al. (2017) focused on the prediction of the unprofitability of
health insurance enrollees.

To allow for flexibility of the prediction function we consider both parametric as well as
non-parametric methods. We set up the super learner based on the following menu of six
prediction algorithms. First, we employ a regression model11 with the set of all covariates
shown in Table A.1. Due to the large number of intercorrelated covariates, least squares
estimators might suffer from high variance and over prediction. We supplement our menu
with several other algorithms based on regularisation methods. There are two types of
regularization methods: L1-regularization augments the OLS loss function with a tuning
parameter for all non-zero coefficients that penalizes the sum of coefficients’ absolute
values, whereas L2-regularization introduces a penalty for the sum of squared coefficients.
While a high L2-penalty shrinks covariates towards zero, a very high L1-penalty sets them
to be zero and in this way drops the covariate from the best fitting model (Tikhonov and
Arsenin, 1977; Tibshirani, 1996; Zou and Hastie, 2005; Tikhonov et al., 2013). We add two
regularisation algorithms: lasso which is a penalized regression with a tuning parameter
λ chosen via an internal 10-fold cross validation; and an elastic net regularized regression
method with α and λ values selected via an internal 10-fold cross validation. In addition,
we consider unpenalized lasso regression, that is a linear regression with a sub-set of
covariates that are selected in the first step using L1-regularization.

11We employ linear regression models when modelling the continuous outcomes: Direct Costs and the
Net Monetary Benefit; and logistic regression models when modelling the binary response outcome -
RTW.
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To better map non-linear relationships of the predicted outcomes we supplement our
menu with several non-parametric methods. We first set up a tree-like model, a com-
mon machine-learning data structuring approach, that can be visualised as a flow-chart
process. A Decision Tree splits the data into a set of subsamples defined by a classifi-
cation rule and represented by a tree branch. Each branch could either lead to another
sub-tree or have a leaf/terminal node with an assigned decision label. By applying this
data splitting method each observation can be split using tree branches. To boost the
accuracy and stability of the tree, the tree is pruned by setting constraints on the model
parameters (Breiman et al., 1984; Biggs et al., 1991; Mola, 1998; Breiman, 2001; Scornet
et al., 2014; Maimon and Lior, 2014). We set a constraint of at least 50 observations in
the terminal node and estimate a decision tree model. Additionally we supplement the
analysis by introducing a Random Forest, an ensemble learning method that is based on
sampling multiple decision trees (Maimon and Lior, 2014). Similarly we constrain each
tree to have at least 50 observations in the terminal node and grow 500 random trees to
estimate bootstrapped standard errors.

Employing this diverse set of algorithms, we follow the strategy outlined in Rose et al.
(2017) and specify the super learner algorithm as follows:

Ψ(P0) = α1ψ̂reg + α2ψ̂L1reg + α3ψ̂lasso + α4ψ̂enet + α5ψ̂tree + α6ψ̂forest + ε (4)

and estimate it using least squares method. We select a comprehensive collection of pre-
dictors to find the best performing prediction function. We choose predictors based on
risk factors associated with the severity of injury and the cost of routine treatments that
lead to poor health and labour market outcomes. The full set of covariates before reg-
ularization contains various patient demographic characteristics (age, gender, residential
region, SES quintiles); clinical treatment-related characteristics (Injury Severity Score
[ISS], Glasgow Comma Scale [GCS], number of days in ICU, number of ventilated hours,
number of commorbidities as well as the comorbidity index); injury-specific controls (in-
jury group, mechanism, activity, cause and place); health related behavioural covariates
(if alcohol/drug/substance use, if any mental issues, if mood or neurotic disorders); ad-
mitted hospital, year and month fixed effects and a large set of binary main diagnosis
variables.
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4.3 Performance evaluation

Metrics

We employ several statistical metrics to evaluate the performance of each algorithm
including the Super Learner. When modelling the continuous outcomes Di and Bi we
estimate the coefficient of determination, R2, that evaluates the proportion of the variance
explained by the selected set of covariates, and the mean squared error (MSE) measuring
the prediction error (Wooldridge, 2020). These metrics are defined as follows:

MSE(ψj) = 1
J

∑
j

(yi − ψ̂j
i )2 (5)

R2(ψj) =
∑

i,j(yi − ψ̂j
i )2∑

i(yi − ȳ)2 (6)

for each outcome y of patient i predicted by algorithm j. These metrics are evaluated
based on the cross validation re-sampling procedure outlined below.

The prediction of a qualitative response, such as a binary outcome RTW, is known
as a classification exercise in the ML literature. To evaluate the performance of the
classification we set up a confusion matrix that represents a number of true positives
(TP), a number of false positive (FP), a number of true negatives (TN) and a number of
false negatives (FN) as outlined in the matrix below:

Table 1.
Confusion matrix

Observed

Positive(1) Negative(0)

Classified
Positive(1) TP FP
Negative(0) FN TN

Based on the confusion matrix we estimate two accuracy measures for a binary clas-
sifier: the Sensitivity - a true positive rate that is a rate of correctly classified positive
outcomes and the Specificity - a true negative rate or a rate of correctly classified negative
outcomes defined as the following

Sensitivity = TP

TP + FN
(7)

Specificity = TN

TN + FP
(8)
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Accuracy = TP + TN

TP + TN + FP + FN
(9)

We plot a receiver-operating-characteristics (ROC) curve that evaluates the performance
of the classifier summarized over various classifying thresholds. Due to the unbalanced
structure of our selected binary response outcome we chose a set of classifying thresholds
that fluctuates around the mean value of the outcome and calculate the accuracy measures
using each of these thresholds. The ROC curve plots Sensitivity on the vertical axis
against (1 − Specifity) on the horizontal axis and represents the overall performance of
the prediction by the area under the ROC curve. The larger the size of the area, the better
the prediction performance. Using this, we classify the final prediction using a threshold
with the largest area under the ROC curve. Additionally, we consider the Accuracy, that
describes the prediction accuracy in percentages (James et al., 2013; Maimon and Lior,
2014).

Cross-Validation

We perform two types of cross-validation. First, we perform an external cross-validation
by randomly dividing the sample into two parts: a training sample that is used to fit
each of the algorithms and a validation sample used to predict outcomes, validate the
predictions and to estimate the Super Learner algorithm. This re-sampling procedure
is based on 60:40 % split. Second, we implement 10-fold internal cross-validation when
fitting regularized regressions and non-parametric models. We partition the training
sample (selected via the external cross-validation) into inner training and validation sets
and repeat the process 10 times (folds), with each of the randomly selected validation
sample used only once to evaluate the prediction. The results from all folds are then
averaged (van der Laan and Duboit, 2003; James et al., 2013).

All results in this paper are presented for the validation sample selected via external
cross-validation.

5 Prediction results

In this section we discuss prediction results using the set of algorithms outlined in Sec-
tion 4. We first employ the training sample via 10-fold cross-validation to fit each single
algorithm and then obtain predictions using a leave-out sample to validate the prediction
performance. Results for both continuous outcomes are shown in Figure 2 and Figure 3.
The upper panel illustrates the distribution of predicted values, whereas the bottom
panel reports statistical measures for goodness of fit to evaluate the performance of each
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algorithm.
As shown in the upper left panel of Figure 2, all single algorithms have captured the

positive skewness of the data, but several of them (particularly the OLS regression with
a full set of covariates) (mis)predict negative values for patients with very low treatment
costs. Only non-parametric models such as the Regression Tree and the Random Forest
perform better in this particular feature by predicting only positive values.12 However,
only the Regression tree performs well when describing the long tail of the distribution
that represents patients with very high costs. In the case of the Random Forest, a poor
prediction of high costs comes at the expense of higher predicted levels of low costs
patients visualized by a spike at low values. The bottom panel of Figure 2 reports
statistical metrics as defined in (5) and (6) to evaluate the overall performance. Based on
these measures, all single algorithms, except for the Regression Tree, perform similarly
with an R2 value equal to 0.64 and aMSE of 0.52. The Regression tree, while performing
better in predicting the tail, failed to accurately predict low costs patients leading to a
significantly lower R2 value of 0.54 and a higher MSE of 0.68. The Elastic Net is the
best performing single algorithm with R2 value equal to 0.65 and a MSE of 0.52. The
Super learner algorithm has remarkably outperformed all single algorithms considered in
this paper with predictions shown in the upper right panel of the Figure 2 with R2 value
equal to 0.79 and MSE equal to 0.49.

A more perceptible difference in the performance of single algorithms is noted in Fig-
ure 3 that presents the prediction results for Net Monetary Benefit. Here parametric
models perform better in quantifying the left tail of the distribution. However, par-
ticularly the Lasso regression and the Elastic Net predicts significantly higher levels of
patients with low positive net benefits ranging from 0 to around $4000. Non-parametric
models are better of predicting the bimodal shape of the distribution. Based on the
goodness of fit measures reported in the bottom panel, the Random Forest is the best
performing single algorithm with a R2 value equal to 0.45 and a MSE of 4.39. A similar
performance is noted for the Lasso Regression (R2: 0.44 and MSE: 4.46) and the Elas-
tic Net (R2: 0.44 and MSE: 4.45). Similarly as in the case of Direct Costs the Super
Learner had best overall performance in predicting the distribution of the Net Monetary
Benefit with the highest R2 equal to 0.54 and the lowest MSE value equal to 4.18. For
more detailed evaluation of each algorithm, refer to the additional evidence provided in
the Appendix.13

12Descriptive statistics of all predictions can be found in Table A.2 in the Appendix.
13Additional graphical evidence for the performance of each single algorithm as well as the Super

Learner is presented in the Section 7. We show empirical distributions of predicted values in Figure A.1
and Figure A.2; quantile-quantile scatter plots that plots the quantiles of predicted values against the
quantiles of the observed values in Figure A.4 and Figure A.5 and prediction errors for each observation
in the scatter plots presented in Figure A.6 and Figure A.7.
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Figure 2.
Outcome: Direct Costs

The distribution of observed outcomes and predictions

The Goodness of fit: Mean Squared Error and R2

Note.— Figure presents the prediction results for the outcome Direct Costs: the empirical distributions
(restricted to the validation sample only) of predicted values in the upper panel and statistical measures on
Goodness of fit in the bottom panel. Both MSE and R2 statistical measures to evaluate the Super Learner
algorithm are estimated using a reduced form model and the validation sample.
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Figure 3.
Outcome: Net Benefit

The distribution of observed outcomes and predictions

The Goodness of fit: Mean Squared Error and R2

Note.— Figure presents the prediction results for the outcome Net Monetary Benefit: the empirical dis-
tributions (restricted to the validation sample only) of predicted values in the upper panel and statistical
measures on Goodness of fit in the bottom panel. Both MSE and R2 statistical measures to evaluate the Su-
per Learner algorithm are estimated using a reduced form model and the validation sample. Analysis sample
is restricted to patients admitted to the ICU.
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Table 2 presents estimated contributions of each single algorithm as specified in (4).
From the left to the right each column reports results from a full (indicated by I ) and
a reduced (indicated by II ) form of the Super Learner for each outcome discussed in
Section 4.1. The reduced form model is an equivalent to a model specified in (4) with
a preceding step of selecting a subset of potential predictors using the L1-regularization
method. Recall, that the specification of the Lasso regression is conceptually similar to a
linear regression, but, in contrast to the traditional least-squares estimation, it augments
the loss function and introduces a penalty for model parameters. Moreover, the Elastic
Net is a related technique that has a flexibility to generate close to zero coefficients along
with a variable selection when zero-valued coefficients are eliminated from the model.
Thus, in practice, these models often make statistically similar predictions when selected
tuning parameters for optimum performance cause one algorithm to resemble the other.
Similarly as depicted in Figure 2 and Figure 3, we observe a strong collinear relationship14

between these algorithms in Table 2 and, as a result, we perform a reduced form of the
Super Learner with selected predictors via L1-regularization to avoid over-fitting the data.

Table 2.
Estimation of the Super Learner

(1) (2) (3) (4) (5) (6)
Direct costs Direct costs NMB NMB RTW RTW

I II I II I II

Lasso -1.095∗ -0.752 27.12∗∗∗

(-2.31) (-1.64) (6.80)
Elastic net 1.024∗ 0.872 0.182 -48.21∗∗∗

(2.08) (1.80) (0.88) (-11.61)
OLS/Logit: full 0.205 0.214 -0.213 2.086∗

(1.50) (1.57) (-1.59) (1.97)
OLS/Logit: lasso 0.331 0.267 0.548∗ 0.278 8.219∗∗∗

(1.76) (1.92) (2.51) (1.75) (5.89)
Decision tree 0.0665∗∗ 0.0736∗∗ 0.0465 0.0583 -0.491

(2.70) (3.02) (0.68) (0.86) (1.75)
Random forest 0.475∗∗∗ 0.449∗∗∗ 0.5568∗∗∗ 0.542∗∗∗ 11.88∗∗∗ 1.464∗∗∗

(10.44) (11.36) (5.94) (5.72) (19.55) (28.01)

Observations 4650 4650 1379 1379 2948 2948
R2 0.79 0.79 0.54 0.54
MSE 0.494 0.494 4.170 4.179
Accuracy 0.778 0.759

Note.— The predictions of Direct Costs and Net Monetary Benefit are based on a linear
specification of lasso, Elastic Net and OLS regressions, while the predictions of RTW are
estimated using a logistic regression specification. All estimations performed on validation
sample. Columns I report the full specification, while Columns II report estimation results
from reduced form models with a preceding step of the L-1 regularization to select the
predictors. Models with RTW outcome restricted to a subsample of patient who worked
prior to the injury and models with Net Monetary Benefit are restricted to patients who
were admitted to the ICU during their hospital stay. ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

14Further evidence on the collinearities between the predicted values are shown in the correlation
matrixes presented in Figure A.9, Figure A.10, Figure A.11 and in the descriptive statistics of predictions
reported in Table A.2 in the Appendix.
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With respect to the outcome Direct Costs reported in Columns (1) and (2), we note
that the reduced form model does not significantly alter the estimated contributions and
does not affect the overall prediction performance with a steady R2 value equal to 0.79
and a MSE of 0.49. The contribution of the Random Forest algorithm is the highest in
magnitude with an estimate of 0.45, following by the OLS specification with lasso selected
covariates and the OLS specification with a full set of covariates, respectively. The lowest,
albeit statistically significant, contribution is estimated for the Regression Tree. Next,
Columns (3) and (4) show estimation results on the outcome Net Monetary Benefit using
a subsample of patients admitted to the ICU units. Unlike in the case of Direct Costs,
in addition to the Lasso regression the prior L1-regularization suggests to eliminate the
OLS full specification. It noticeably reduces the contribution of the Elastic Net and the
OLS specification with lasso selected covariates, but only slightly alters the contribution
of the Random forest, that is also the highest in magnitude and the strongest in terms
of the statistical significance.

Lastly, Columns (5) and (6) in the Table 2 outline the Super Learner specification for
classifying the binary response outcome RTW. Similarly, as in the case of previously dis-
cussed outcomes, the Super Learner is likely affected by high collinearities between single
algorithms that is reflected by reversed signs of algorithms’ contributions. It is expected,
that due to high positive correlation, as in the case of the parametric models such as the
logistic regression, Lasso and the Elastic Net, one algorithm withdraws the contribution
from the other. Thus, using similar techniques, we perform L1-regularization and re-
estimate the the Super Learner logistic regression in the reduced form. L1-regularization
here suggests that selecting the Random Forest with a contribution of 1.464 leads to
the best classifying model. This result goes in line with the existing literature on the
performance of the Random Forest in the classification that has been demonstrated to
have improved prediction accuracy in comparison to other supervised learning methods
(Breiman, 2001; Svetnik et al., 2003; Kuhn and Johnson, 2016).

Additional evidence on the classification performance by each single algorithm as well
as the Super Learner is presented in Figure 4. Recall, that the ROC curve plots the
Sensitivity on the y-axis against (1-Specificity) on the x-axis and the main measure of
interest is the calculated area under the ROC curve. The larger the area, the better
overall classification performance. The left panel of Figure 4 reports these measures for
each single algorithm with a selected classification rule that leads to the largest area under
the ROC curve, accordingly.15 These results, again, demonstrate that the Random Forest
algorithm outperforms other single algorithms and provide further support to the L1-

15To find the best fit for each single algorithm we perform a classification with a number of different
thresholds fluctuating around the mean of the outcome. For more detailed evidence on the performance
using various selected classification rules refer to Figure A.8 in the Appendix.
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regularization performed in the reduced form specification. Only a slight improvement in
the classification performance is noted by the Super Learner specification. In comparison
to the Random Forest the estimated area under the ROC curve is nearly the same as in
the case of the Super Learner, however the Accuracy reported in the panel header shows
that the Super Learner has a slightly better prediction performance with an accuracy
rate of approximately 75%. For more detailed information on the empirical distribution
of predicted probabilities, refer to Figure A.3 in the Appendix.

Figure 4.
The ROC curves

Note.— Figure presents the Goodness of Fit measures for the prediction of RTW. In the left panel each
line indicates the Specificity/Sensitivity measures for each single algorithm using a classification rule that
leads to the largest area under the ROC curve. The panel header reports the statistical metrics in detail
for the best performing single algorithm. The right panel presents the prediction results of the Super
Learner using several selected thresholds that fluctuate around the mean value of the outcome. The blue
line indicates the metrics using the classification rule with the best performance and the panel header
reports its statistical evaluation metrics. The results are shown on the validation sample and are further
restricted to a sub-sample of patients who worked prior to the injury

6 Risk adjustment errors by different groups

We next study the extent of prediction errors from the Super Learner in risk adjustment.
Using the reduced form specification presented in Table 2 in Section 5, we analyse the
differences between the observed and predicted outcomes for different group of patients.
This provides a better understanding who are at risk for high costs and worse outcomes
and may form a group of policy interest. Figure 5 and Figure 6 provide graphical illus-
tration for outcomes Direct Costs and Net Monetary Benefit, respectively.

The upper panel of Figure 5 reports average injury costs by selected injury & treatment-
related characteristics and their corresponding average prediction error. Treatment costs
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are on average higher at the Major Trauma Services, that is expected as this type of
hospitals offers the highest level of trauma care in Victoria and, in most cases, treat very
severely injured patients. A vast majority of patients (around 90%) are treated in a MTS
with a considerable variation of type of injuries as well as patients characteristics pro-
viding enough evidence to make accurate predictions. The Super Learner demonstrates
a high performance in predicting treatment costs for MTS, but exhibit a positive pre-
diction error for patients treated in hospitals offering lower levels of trauma care, often
located in more regional and rural areas. Regional variations in patients’ clinical and
socio-demographic characteristics as well as the quality of care provided are likely de-
terminants of such differences in prediction errors. A similar pattern we observe when
looking at the type of residential location and the socioeconomic status shown in the
bottom panel of Figure 5. While costs of care are on average lower for patients living
in lower socioeconomic status households and in metropolitan areas, the prediction error
is much the same as for patients residing in more remote areas and does not exceed an
overprediction of AU$ 2,000. More significant errors we note for patients living in higher
socioeconomic status households and for those who were injured in Victoria but perma-
nently residing outside the state and likely have more unobserved characteristics in the
registry.

One of the most complex groups of patients to predict costs of care is patients who
experience spinal cord injury, the most expensive road traffic injury. The variation in
treatment costs for these patients is substantial, with some patients having very high
costs and others – significantly lower. This is partially driven by lower chances of sur-
vival during hospital treatment as well as after discharge that causes total treatment costs
to be lower than the algorithm predicts. In addition, age is also a significant factor as
older individuals often have lower costs because of their lower chances of successful recov-
ery that often result in assisted living without long-lasting and expensive rehabilitation
services. For similar reasons the prediction error is high in absolute terms for patients
with an isolated head injury. However, in this case, the prediction error is negative.
With additional and more detailed clinical information about the extent and severity of
the injury these errors could be addressed in the risk adjustment. This result signals the
importance of discussed characteristics in the prediction of treatment costs, in particular
for the youngest and the oldest groups of patients with the most severe injuries such as
the spinal cord injury and those who are treated and reside in more rural and remote
areas.

A comparison of averages in Net Monetary Benefit and it’s respective prediction errors
are presented in Figure 6 and tells a similar story; patients with spinal cord injuries have
the highest benefits from treatment, but is one of the most complex groups of patients
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to obtain accurate predictions of. In addition, residents living in regional and remote
areas as well as outside Victoria have higher prediction error. Unlike in the case of Direct
Costs, the error is mostly positive, meaning that the algorithm predicts greater benefits
from treatment than they are observed. It is an important result for policy makers
targeting various groups of patients such as residents of regional and remote areas. These
patients are more cost-burdened and, in addition, have lower observed benefits from
treatment than residents living in metropolitan areas. The benefits from treatment are
often overpredicted, thus it is important to consider this group of patients when applying
recoupment adjustment to hospital payments. Moreover, it is worth noting, that the
patient group with the lowest and negative benefits from treatment are patients with
chest and abdominal injuries, suggesting the urgency to target this group for potential
improvements in their recovery process. These results, again, illustrate a significant
variation of costs and benefits among different group of patients defined by their type of
injury and residential location. However, considering that only a moderate proportion
(54%) of variance in the Net Monetary Benefit is explained using the Super Learner, we
acknowledge the need for further observable characteristics to improve the accuracy of
the prediction.

Similar to the error analysis of the continuous outcomes, Table 3 reports details about
the classification errors made by the Super Learner when classifying RTW. Based on the
classification error rate, the algorithm performs better in classifying a negative outcome.
From a total of 944 patients who did not return to work, the algorithm correctly classified
753, implying a misclassification of every 5th patient. From a total of 2004 patients who
returned to work, the algorithm suggested 1445 positive outcomes with an approximate
error rate of 28%. The Super Learner appears to be more sensitive to the prediction
of positive outcome that is more common for these patients. Two out of three patients
successfully return to work after the injury, but the prediction algorithm suggests a
slightly lower success rate. Among the group of misclassified patients approximately two-
thirds reside in metropolitan areas and are the youngest group of patients aged 15-24 years
(results not reported in the table). More commonly, the misclassification of a negative
outcome is made for patients with severe and moderate orthopaedic injuries, while a
positive outcome is more incorrectly specified for patients with head, chest and abdominal
injuries. One possible reason for this result could be that patients with orthopaedic
injuries to treat, though are not among the most costly groups of patients, require longer
rehabilitation care. On the other hand, patients with head, chest and abdominal injuries
are one of the most expensive injuries, suggesting a higher severity of a clinical case and
poorer outcomes than otherwise expected. Interestingly, we do not observe any differences
in misclassification across socioeconomic statuses.
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Figure 5.
Prediction errors in Direct Costs

by injury & treatment-related characteristics

by patient characteristics

Note.— Figure presents average prediction errors by selected groups of patients that are made by the Super
Learner algorithm in the prediction of Direct Costs. Here MTS refers to the Major Trauma Services - the
highest level of trauma care in Victoria. Patients considered in this analysis were admitted to two different
MTS, that were de-identified using indicator I and II. MeTS refers to Metropolitan Trauma services; lower
levels of care include regional trauma services and rural healthcare services. SES refers to the Social
Economic Status as defined buy the Index of Relative Socio-Economic Advantage and Disadvantage. All
prediction errors are reported on the validation sample.
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Figure 6.
Prediction errors in Net Monetary Benefit

by injury & treatment-related characteristics

by patient characteristics

Note.— Figure presents average prediction errors by selected groups of patients that are made by the
Super Learner algorithm in the prediction of Net Monetary Benefit. Here MTS refers to the Major Trauma
Services - the highest level of trauma care in Victoria. Patients considered in this analysis were admitted to
two different MTS, that were de-identified using indicator I and II. MeTS refers to Metropolitan Trauma
services; lower levels of care include regional trauma services and rural healthcare services. SES refers to
the Social Economic Status as defined buy the Index of Relative Socio-Economic Advantage and Disadvantage.
All prediction errors are reported on the validation sample. Analysis sample is restricted to patients
admitted to the ICU.
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Table 3.
Prediction errors in RTW

(1) (2) (3)
Observed: 0 Observed: 1 Total

Classified: 0 753 559 1312
Classified: 1 191 1445 1636

Total 944 2004 2948

Error rate 0.20 0.28 0.25

Note.— Table presents the classification errors made by the Super Learner algorithm.
Error rate denotes a share of misclassified outcomes. Estimation performed on validation
sample and restricted to a subsample of patient who worked prior to the injury.

7 Conclusion

In this paper we employ supervised machine learning algorithms to construct a powerful
risk adjustment model for injury related resource use. In addition to traditional health
care costs we consider risk adjustment to other policy relevant outcomes that are particu-
larly important for the understanding of the societal value of health and work in recovery
from injury. We employ a comprehensive patient-level dataset of Victorian State Trauma
Registry that incorporates all major trauma patients in Victoria. We link this dataset to
detailed insurance claims records provided by the Transport Accident Commission and
compute health care costs for each patient who suffered a major trauma in a road-traffic
related injury. To better inform policy makers about the potential patient outcomes after
treatment and account for potential moral hazard, we estimate the net monetary benefit
gained from treatment and support funded by TAC insurance. This measure relies on the
concept of Quality Adjusted Life Years used in the cost-effectiveness literature and offers
a tool for interpretation of the societal value of health (Stinnett and Mullahy, 1998).
Lastly, to inform policy makers about potential losses in labour market we consider pa-
tient’s probability to return to work after suffering from a major trauma. To predict the
latter outcomes we utilise both parametric and non-parametric algorithms to construct
an ensemble machine learning framework - the Super Learner - and predict the economic
consequences of road traffic injury: Direct Costs, Net Monetary Benefit and Return to
Work.

Our findings demonstrate that the Super Learner is effective and performs well in
predicting all outcomes considered in this paper. In addition to high overall performance
in predicting outcomes for patients with a mild and a moderate severity of an injury, it
performs well in describing patients with uncommon characteristics and is able to classify
patients with the highest health care costs and the lowest net benefits gained from treat-
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ment. The algorithm only slightly outperforms the Random Forest prediction of a binary
response outcome that is often referred to as the best performing classification algorithm
in the machine learning literature. We extend our prediction analysis by examining in
detail the Super Learner’s performance by different groups of patients. This analysis
reveals further information about sensitive groups and has a strong relevance for future
budget planning and reimbursement for health care providers. Injury groups such as a
spinal cord injury and chest and abdominal injuries are one of the most complex groups
to get an accurate prediction of potential future costs indicating a need of particularly
detailed information about the treatment of these patients to ensure an adequate remu-
neration. Average cost and net benefits from treatment vary widely across injury types
and patient characteristics but in a way that is largely predictable. The algorithms used
here predict over half of the variation in cost and net benefits suggesting that adjustment
to capitation or prospective payments are feasible. Thus, our results suggest that pay-
ments for health care providers should take into account these risk factors when adjusting
the reimbursement system. The Super Learner is a powerful tool in predicting economic
consequences of the road traffic injury including the health care spending, giving a strong
advice to be considered in health policies for the near future.
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Appendix: Additional tables and figures

Table A.1.
Descriptive statistics of prediction covariates

Mean Sd Min Max

— Sample restriction variables —
Training sample 0.60 0.49 0 1
If admitted to the ICU 0.30 0.46 0 1
If worked prior to the incident 0.67 0.47 0 1
— Outcomes —
Direct costs of injury, $ 000’s 0.95 1.29 0 17
Net Monetary Benefit, $ 000’s 2.50 2.57 -17.45 6.75
Return to Work within 1 year 0.68 0.47 0 1
— for the computation of outcomes —
Net Health Benefit 0.25 0.32 -0.22 1.43
Quality-Adjusted Life years 24.10 17.99 0 67
Quality-Adjusted Life years (discounted) 5.15 2.92 0 10
— Patient demographics —
If male 0.68 0.47 0 1
Age: 15-24 0.21 0.41 0 1
Age: 25-34 0.18 0.38 0 1
Age: 35-44 0.16 0.36 0 1
Age: 45-54 0.14 0.35 0 1
Age: 55-64 0.11 0.32 0 1
Age: 65-74 0.09 0.28 0 1
Age: 75+ 0.11 0.31 0 1
Education: Tertiary 0.46 0.50 0 1
Education: Secondary 0.42 0.49 0 1
Education: Primary 0.03 0.16 0 1
Education: Other 0.01 0.10 0 1
Education: Unknown 0.09 0.28 0 1
Marital Status: Single - Never married 0.15 0.35 0 1
Marital Status: Currently married 0.17 0.37 0 1
Marital Status: Separated 0.02 0.12 0 1
Marital Status: Divorced 0.02 0.15 0 1
Marital Status: Widowed 0.03 0.16 0 1
Marital Status: Living with partner (defacto relationship) 0.06 0.23 0 1
Marital Status: Partnered but not living together 0.03 0.18 0 1
Marital Status: Other 0.00 0.01 0 1
Marital Status: Unknown 0.53 0.50 0 1
Type of residence: Major City 0.71 0.45 0 1
Type of residence: Regional & Remote 0.24 0.43 0 1
Type of residence: Outside VIC 0.03 0.16 0 1
Type of residence: Unknown 0.02 0.14 0 1
Region: Barwon South West 0.09 0.28 0 1
Region: Gippsland 0.06 0.23 0 1
Region: Grampians 0.04 0.19 0 1
Region: Hume 0.06 0.24 0 1
Region: Loddon Mallee 0.04 0.20 0 1
Region: Eastern Metro 0.14 0.34 0 1
Region: Northern Metro 0.16 0.37 0 1
Region: Southern Metro 0.23 0.42 0 1
Region: Western Metro 0.14 0.35 0 1

Continued on next page
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Table A.1 – Continued from previous page
Mean Sd Min Max

Region: Overseas 0.00 0.04 0 1
Region: Unknown in Victoria 0.01 0.09 0 1
Region: Unknown outside Victoria 0.00 0.01 0 1
Region: New South Wales 0.01 0.12 0 1
Region: Queensland 0.00 0.06 0 1
Region: South Australia 0.00 0.06 0 1
Region: Western Australia 0.00 0.04 0 1
Region: Tasmania 0.00 0.03 0 1
Region: Northern Territory 0.00 0.03 0 1
Region: Australian Capital Territory 0.00 0.03 0 1
SES: Q1 0.18 0.38 0 1
SES: Q2 0.17 0.37 0 1
SES: Q3 0.19 0.39 0 1
SES: Q4 0.20 0.40 0 1
SES: Q5 0.25 0.43 0 1
SES: Unknown 0.02 0.14 0 1
— Clinical treatment-related —
If patient died in hospital 0.04 0.19 0 1
ISS < 12 0.28 0.45 0 1
ISS > 12 0.53 0.50 0 1
ISS unknown 0.19 0.39 0 1
CCI = 0 0.71 0.45 0 1
CCI = 1 0.22 0.41 0 1
CCI > 1 0.07 0.26 0 1
Days in ICU 2.22 5.48 0 140
Hours ventilated 29.56 99.43 0 3089
— Injury-related characteristics —
MTS I 0.52 0.50 0 1
MTS II 0.41 0.50 0 1
MeTS & lower 0.07 0.26 0 1
Unintentional 0.97 0.16 0 1
Intentional-self harm 0.01 0.11 0 1
Assault/Maltreatment 0.00 0.06 0 1
Intent cannot be determined 0.00 0.07 0 1
Intentional-other 0.01 0.08 0 1
AIS: Upper extremity 0.75 0.94 0 4
AIS: Lower extremity 1.16 1.32 0 5
AIS: Thorax 0.47 0.50 0 1
AIS: Head 0.96 1.49 0 6
AIS: Spine 0.86 1.18 0 6
AIS: Face 0.39 0.72 0 4
AIS: Abdominal pelvis 0.50 1.08 0 6
AIS: Neck 0.07 0.42 0 5
AIS: External burns 0.10 0.32 0 5
Inj. group: Isolated head injury 0.02 0.14 0 1
Inj. group: Head/other 0.03 0.17 0 1
Inj. group: Head/ortho 0.12 0.33 0 1
Inj. group: SCI 0.01 0.11 0 1
Inj. group: Severe orthopaedic injuries 0.24 0.43 0 1
Inj. group: Chest/abdominal injuries only 0.01 0.11 0 1
Inj. group: Chest/abdo/other 0.00 0.05 0 1
Inj. group: Chest/abdo/ortho 0.05 0.21 0 1
Inj. group: Other/multi-trauma 0.27 0.45 0 1
Inj. group: Other orthopaedic injuries 0.24 0.43 0 1

Continued on next page
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Table A.1 – Continued from previous page
Mean Sd Min Max

Cause: Motor vehicle driver 0.36 0.48 0 1
Cause: Motor vehicle passenger 0.14 0.34 0 1
Cause: Motorcycle driver 0.26 0.44 0 1
Cause: Motorcycle passenger 0.01 0.09 0 1
Cause: Pedal cyclist-rider or passenger 0.08 0.26 0 1
Cause: Pedestrian 0.15 0.36 0 1
Cause: Other transport related circumstance 0.01 0.10 0 1
Place: Home 0.01 0.10 0 1
Place: Residential Institution 0.00 0.02 0 1
Place: School, public admin area 0.00 0.03 0 1
Place: Medical hospital 0.00 0.05 0 1
Place: Athletics and sports area 0.01 0.07 0 1
Place: Road, street, or highway 0.91 0.29 0 1
Place: Trade or service area 0.01 0.11 0 1
Place: Industrial or constructional area 0.00 0.02 0 1
Place: Farm 0.01 0.09 0 1
Place: Place for recreation 0.01 0.08 0 1
Place: Other specified place 0.03 0.18 0 1
Place: Place unknown 0.01 0.10 0 1
Activity: Sports 0.02 0.15 0 1
Activity: Leisure 0.06 0.23 0 1
Activity: Working for Income 0.01 0.10 0 1
Activity: Education 0.00 0.01 0 1
Activity: Other Work 0.00 0.07 0 1
Activity: Being Nursed 0.00 0.02 0 1
Activity: Vital activity 0.01 0.07 0 1
Activity: Other activity 0.61 0.49 0 1
Activity: Activity unknown 0.29 0.46 0 1
— Health-related behaviour —
Alcohol condition 0.06 0.23 0 1
Drug conditions 0.02 0.15 0 1
Substance use condition 0.08 0.26 0 1
Any Mental condition 0.10 0.29 0 1
Mood disorders 0.01 0.11 0 1
Neurotic disorder conditions 0.01 0.11 0 1
— Insurance coverage-related characteristics —
TAC indicator for catastrophic injury 0.05 0.22 0 1
TAC division: Independence 0.08 0.28 0 1
TAC division: Rapid Recovery 0.87 0.34 0 1
TAC division: Supported Recovery 0.05 0.21 0 1
TAC division: Unknown/Other 0.00 0.05 0 1
Vehicle premium risk zone: high 0.39 0.49 0 1
Vehicle premium risk zone: medium 0.17 0.38 0 1
Vehicle premium risk zone: low 0.21 0.40 0 1
Vehicle premium risk zone: unknown 0.24 0.43 0 1
TAC premium insurance class: Passenger vehicle 0.47 0.50 0 1
TAC premium insurance class: Goods vehicle 0.08 0.27 0 1
TAC premium insurance class: Motorcycles 0.18 0.38 0 1
TAC premium insurance class: Other 0.03 0.17 0 1
TAC premium insurance class: Unknown 0.24 0.43 0 1
— Time —
Year 2009 0.10 0.30 0 1
Year 2010 0.10 0.30 0 1
Year 2011 0.12 0.32 0 1

Continued on next page
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Table A.1 – Continued from previous page
Mean Sd Min Max

Year 2012 0.11 0.31 0 1
Year 2013 0.11 0.32 0 1
Year 2014 0.11 0.31 0 1
Year 2015 0.12 0.32 0 1
Year 2016 0.12 0.33 0 1
Year 2017 0.11 0.31 0 1

Observations 11625

Note.— Table presents descriptive statistics of variables used to restrict the sample, gener-
ate the prediction outcomes and covariates included in the prediction models. In most cases
all models include a set of dummy indicators divided into groups: patient demographics, clin-
ical treatment-related, injury-related characteristics, health-related behaviour and insur-
ance coverage-related characteristics. Here SES is the Social Economic Status as defined
by the Index of Relative Socio-economic Advantage and Disadvantage; MTS refers to Ma-
jor Trauma Services, MeTS - Metropolitan Trauma Services, lower levels of care include
Regional Trauma Services and Rural Healthcare Services; ISS refers to the Injury Severity
Score; CCI - Charlson Comorbidity Index and AIS - the Abbreviated Injury Scale. In addi-
tion, in all prediction models we an extensive set of dummy indicators for the main diagnosis.
This is not reported in the table.
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Figure A.1.
The Distribution of Predicted values: Outcome Direct Costs

Note.— Figure presents the Kernel Density estimation of predicted values of the Direct costs within two
years of the injury by each single algorithm and the Super Learner. Grey solid line refers to the observed
values of the outcome, while the dashed green line to the predicted values. The subtitles report the main
statistical measures of the predictions. Statistics shown on the validation sample.

Figure A.2.
The Distribution of Predicted values: Outcome Net Monetary Benefit

Note.— Figure presents the Kernel Density estimation of predicted values of the Net Monetary Benefit
following 2 years after the injury by each single algorithm and the Super Learner. Grey solid line refers
to the observed values of the outcome, while the dashed green line to the predicted values. The subtitles
report the main statistical measures of the predictions. Statistics shown on the validation sample and are
further restricted to a sub-sample of patients who were admitted to the ICU.
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Figure A.3.
The Distribution of Predicted values: Outcome RTW

Note.— Figure presents empirical distributions of predicted values of the RTW by each single algorithm.
The subtitles report the main statistical measures of the predictions on the validation sample. Statistics
shown on the validation sample and are further restricted to a sub-sample of patients worked prior to the
injury.

Figure A.4.
The Quantile-Quantile plot: Outcome Direct Costs

Note.— Figure presents the Quantile - Quantile plot that plots quantiles of the observed values against
the predicted values for the outcome Direct Costs. The subtitle reports the Goodness of Fit statistical
measures of the predictions on the validation sample. Quantiles estimated on the validation sample.
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Figure A.5.
The Quantile-Quantile plot: Outcome Net Monetary Benefit

Note.— Figure presents the Quantile - Quantile plot that plots quantiles of the observed values against
the predicted values for the outcome Net Monetary Benefit. The subtitle reports the Goodness of Fit
statistical measures of the predictions on the validation sample. Quantiles estimated on the validation
sample and further restricted to a sub-sample of patients who were admitted to the ICU.

Figure A.6.
The Prediction Error for each observation: Outcome Direct costs

Note.— Figure presents the prediction error for each observation of the outcome Direct Costs. The
reference line denotes a perfect prediction. The observations shown on the validation sample.
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Figure A.7.
The Prediction Error for each observation: Outcome Net Monetary Benefit

Note.— Figure presents the prediction error for each observation of the outcome Net Benefit. The ref-
erence line denotes a perfect prediction. The observations shown on the validation sample and further
restricted to a sub-sample of patients who were admitted to the ICU.

Figure A.8.
The Distribution of Predicted values: Outcome RTW

Note.— Figures present the Goodness of Fit measures for the prediction of RTW by each single algorithm
(on the left panel) and the Super Learner (on the right panel). In each graph each line represents the
Specificity/Sensitivity statistical measures for different selected classification thresholds that fluctuate
around the mean of the outcome. The blue lines indicate the best prediction performed by each algorithm
according to the estimated area under the ROC curve and the subtitle reports its statistical metrics in
detail. The results are shown on the validation sample and are further restricted to a sub-sample of
patients who worked prior to the injury.
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Table A.2.
Descriptive statistics of predictions

mean sd min median max

—Direct costs—

Observed 0.92 1.22 0.00 0.51 12.41
Lasso 0.93 0.99 -0.76 0.62 11.23
Elastic Net 0.93 0.99 -0.75 0.62 11.26
OLS: full 0.93 1.03 -0.93 0.62 11.23
OLS: lasso 0.93 1.03 -0.85 0.62 11.69
Regression tree 0.93 1.12 0.05 0.57 12.11
Random forest 0.93 0.98 0.16 0.59 9.27
Super Learner 0.93 0.99 -0.27 0.60 10.35

Observations 4650

—Net Monetary Benefit—

Observed 1.10 2.81 -12.11 1.39 6.75
Lasso 1.05 1.79 -9.14 1.45 5.87
Elastic Net 1.04 1.73 -9.00 1.41 5.40
OLS: full 1.07 2.06 -9.09 1.38 7.74
OLS: lasso 1.08 2.03 -10.11 1.43 7.84
Regression tree 1.05 2.01 -6.61 1.51 5.10
Random forest 1.03 1.85 -5.89 1.26 4.53
Super Learner 1.11 1.93 -7.89 1.42 4.73

Observations 1379

—RTW—

Observed 0.69 0.46 0.00 1.00 1.00
Lasso 0.68 0.19 0.02 0.73 0.97
Elastic Net 0.68 0.18 0.02 0.73 0.97
Logit: full 0.69 0.22 0.00 0.75 0.99
Logit:: lasso 0.69 0.22 0.01 0.75 0.99
Regression tree 0.69 0.24 0.00 0.80 1.00
Random forest 0.74 0.23 0.10 0.82 1.00
Super Learner 0.74 0.07 0.54 0.77 0.81

Observations 2948

Note.— Table presents the descriptive statistics of predictions made using single algorithms
and the Super Learner. The predictions of Direct Costs and Net Monetary Benefit are based
on a linear specification of lasso, elastic net and OLS regressions, while the predictions
of RTW are estimated using a logistic regression specification. All estimations performed
on validation sample. Models with RTW outcome restricted to a subsample of patient who
worked prior to the injury and models with Net Monetary Benefit are restricted to patients
who were admitted to the ICU during their hospital stay.
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Figure A.9.
Correlation Matrix: Outcome Direct costs

Note.— Figure presents the correlation matrix of predictions made by each single algorithm in the predic-
tion of the outcome Direct costs. The results are shown on the validation sample.
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Figure A.10.
Correlation Matrix: Outcome Net Monetary Benefit

Note.— Figure presents the correlation matrix of predictions made by each single algorithm in the pre-
diction of the outcome Net Monetary Benefit. Sample is restricted to patients who were admitted to the
ICU during their hospital stay and the results are shown on the validation sample.
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Figure A.11.
Correlation Matrix: Outcome RTW

Note.— Figure presents the correlation matrix of predictions made by each single algorithm in the pre-
diction of the outcome Net Monetary Benefit. Sample is restricted to patients who worked prior to the
injury and the results are shown on the validation sample.

45


	WP 20 20 cover (2)
	Sriubaite_Harris_Jones_Gabbe HEDG WP (2)
	1 Introduction
	2 Victorian State Trauma System and TAC insurance
	3 Data
	4 Methods
	5 Prediction results
	6 Risk adjustment errors by different groups
	7 Conclusion


