Review of Injury Risk
Calculation Techniques

AP-SP51-0036

Project no.  FP6-PLT-506503
APROSYS

Integrated Project on
Advanced Protection Systems

Intrument:Integrated Project

Thematic Priority 1.6. Sustainable Development
Global Change and Ecosystems

Due date of deliverance: 09/2006

Actual submission date: 06/2006

Start date of projectt April 2004 Duration:60 months

Transport Research Laboratory Limited (TRL)

Revision:Final.




APROSYS Project Review of Injury Risk Calculation Techniques — FINAL
AP-SP51-0036

European funded project
TIP3-CT-2004-506503

APROSYS SP5

Review of Injury Risk Calculation Techniques

Deliverable 5.1.2B

AP-SP51-0036

Confidentiality level: Coensertium-/ Free / SP-/ Core-Group+Others

Rev | Issuing | Pages | Written by |Visa Verified by Visa  Approved by Visa
date
A | 26/06/06 47 D Hynd P Vezin Verriest
B Sexton
L Walter Kellendonk
(TRL)

Modifications

B

Modifications

C

Modifications

AP-SP51-0036 2/50




APROSYS Project Review of Injury Risk Calculation Techniques — FINAL
AP-SP51-0036

1.1 PARAMETRIC AND NON-PARAMETRIC INJURY RISK FUNCTIONS
1.1.1 Parametric Methods
1.1.2 Non-Parametric Methods
1.1.3 Parametric versus Non-Parametric Methods
1.2 EMPIRICAL INJURY RISK FUNCTIONS
1.3 CENSORING
14 DUMMY -SPECIFIC VERSUSHUMAN INJURY RISK FUNCTIONS
1.4.1 Human Injury Risk Functions
1.4.2 Dummy-specific Injury Risk Functions
15 INDEPENDENTOBSERVATIONS
2.1 PARAMETRIC INJURY RISK CALCULATION METHODS
2.1.1 Introduction
2.1.2 Logistic Regression
2.1.3 Probit Analysis
2.1.4 Comparison between Logistic Regression and Probihids
2.1.5 Comparison of Different Parametric Distributions
2.1.6 Notes on Confidence Limits
2.2 SURVIVAL ANALYSIS AND NON-PARAMETRIC INJURY RISK CALCULATION METHODS
2.2.1 Introduction
2.2.2 Survival Analysis
2.2.3 Kaplan-Meier
2.2.4 Cox Regression
2.2.5 Weibull Survival
2.2.6 Consistent Threshold Estimate
2.2.7 Discussion
2.3 EMPIRICAL METHODS
2.3.1 Background
2.3.2 Mertz/Weber
2.3.3 ‘Certainty Method’
3.1 INTRODUCTION
3.2 DESIGN OFEXPERIMENTS
3.2.1 Model
3.2.2 Evaluation
3.2.3 Results — Convergence
3.2.4 Bias
3.3 COMPARISON WITH THECERTAINTY METHOD

AP-SP51-0036 3/50

© © 00 N o o o u»,

e e
BI\)I—‘I—‘HOO

14
15
16
16
16
17
17
18
18
19
20
20
20
22
25
25
26
27
28
29
32



APROSYS Project Review of Injury Risk Calculation Techniques — FINAL
AP-SP51-0036

3.4 EVALUATION OF THE CONSISTENTTHRESHOLDAPPROACH 33
3.5 EVALUATION OF SURVIVAL ANALYSIS APPROACH 36
3.6 EVALUATION OF ‘EXACT’ STATISTICAL METHODS 40
3.7 CONCLUSIONS ANDRECOMMENDATIONS 42

AP-SP51-0036 4/50




APROSYS Project Review of Injury Risk Calculation Techniques — FINAL
AP-SP51-0036

1 Introduction

Crash test dummies (or anthropometric test dewicA3 D’s) have been used to assess and develop
the crash safety of motor vehicles for many yeditse dummies are designed to have similar
anthropometry (total mass, segment mass, segmegthlesegment moment of inertia, etc.) as the
human population that they represent, for instahee50" percentile male or"5percentile female.
They are also designed to have a similar respansegact loading as those human populations, that
is to have good biofidelity, and to measure thegaase to that loading. The choice of measured
parameters is made based on consideration ofesjarnd injury mechanisms in real world accidents.

Assuming that the anthropometry and biofidelityigegequirements have been met, it still remains
to have an understanding of how measurements madeeodummy relate to the risk of injury to a

human vehicle occupant in the same loading condifithat is to derive an injury risk function. Most

injury risk functions are based on volunteer andnarily, PMHS (Post Mortem Human Subject) test
data, with a few being based on scaled animal atagaacident reconstructions.

There are two basic methods that have been usédefalerivation of injury risk functions:
Develop a human injury risk function and use thiseatly with the dummy. This approach
assumes that the biofidelity of the dummy, inclgdithe interaction between body regions,
exactly matches that of the human population thatiummy represents, which is not usually the
case.
Develop a dummy-specific injury risk function. Withis approach, human tests are replicated
with the dummy and the dummy measurements are latedewith the presence or absence of
injury in the human tests. This is the approactodaed by EEVC WG12 on Biomechanics and
which has been used by previous EEVC Working Gr¢Bgd/C, 1974; EEVC, 1976].

Both methods are limited by the use of PMHS toesent living humans. The response of the PMHS
will not be the same as a living human of the sageeand stature because of the lack of muscle tone,
fluid pressure etc. in the PMHS. Some studies giteémpressurise the vascular system and inflage th
lungs, or to represent the action of key muscleugsowith externally applied forces. These help to
reduce the differences between the PMHS and aglitimman, but can never make them entirely
equivalent. PMHS samples also tend to be elderty ians known that the elderly have a lower
tolerance to load than younger people, so theprareses will not be representative of the population
mean.

Despite these limitations, these are the best appes that are currently available for estimativegy t
risk of injury in a particular loading conditionn lorder to estimate the risk of injury from the
available data, a range of statistical and empiteeshniques have been used in the literature. The
different techniques can result in markedly différestimates of the risk of injury and there is no
consensus on which may be the most appropriatsd¢o This document will review the techniques
that have been used in the literature, along vathesnew small sample statistical methods, as & basi
for a simulation study that will compare the diffet techniques and examine the efficacy of differen
experimental designs for biomechanical data adiprisi

1.1 PARAMETRIC AND NON-PARAMETRIC INJURY RISK FUNCTIONS

1.1.1 Parametric Methods

Typically, statistical methods such as logisticresgion, probit or Weibulinalysis have been used to
derive injury risk functions from biomechanical ttelata. These are known as parametric methods
because the form of the risk function (such as Ndrtog Normal or another distribution) is chosen
a priori and the coefficients (or parameters) of the form determined using methods such as least
squares or maximum likelihood. If the chosen disttion is a good match for the population from
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which the test sample is selected, quantitativéestents about the population or the differences
between populations can be made. For standard pararprocedures to be valid, certain underlying
conditions or assumptions must be met, particulimtysmaller sample sizes. Parametric injury risk
functions will be investigated further in Section 2

1.1.2 Non-Parametric Methods

If the chosen distribution for a parametric metiodot a good match, the estimated risk functidh wi
be misleading. Di Domenico and Nusholtz [2003] gikle example of a non-Normal risk function
caused by considering multiple injury types in ceges. Even if the risk function for each injusy i
Normal, the combined risk function may be non-Ndrnag shown in Figure 1.1. Such a situation
could arise if, for example, developing a risk fimic for thorax injury comprising both rib fracture
and heart injury, where ribs may start breakingredatively low compression levels for some
individuals but the heart is not injured until largompressions where it is pressed against the.spin

Figure 1.1: Combined risk function for two types ofinjury mechanism (from Di Domenico and
Nusholtz [2003])

In contrast to parametric methods, non-parametrathods require no assumptions about the
underlying distribution of the data; a non-paratcemethod will fit just to the data available.
However, it is more difficult to interpret the réding risk function as it is not continuous for taenall
samples typical in biomechanical testing. Due ldtk of parameters to describe the population, it
is also more difficult to make quantitative statemseabout the differences between populations. Non-
parametric injury risk functions are discussedeact®dn 2.2.

1.1.3 Parametric versus Non-Parametric Methods

Some typical advantages and disadvantages of paramed non-parametric methods are shown in
Table 1. For both parametric and non-parametrihoud, appropriate consideration of the censoring
of the data must be made (see Section 1.3).
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Parametric Methods

Non-Parametric Methods

Advantages

Quantitative  statements about
population or the differences betwe
populations can be made

Good for small samples [Bland, 2000]

thilakes less stringent demands on

edata

A distribution is

required

assumption ng

Techniques are well developed and

understood

Techniques are easy to interpret

the

Dt

Disadvantages

Certain  underlying conditions ¢
assumptions must be met, particula
for smaller sample sizes

Can't be used for very small samg
sizes (e.g. <6) unless the ex
population is known

Distribution must be known or at leg
an appropriate guess made: This is
an appropriate method if the distributi
is not known

rDue to the lack of parameters
rigescribe the population, it is mo
difficult to make quantitative statemer
about the population or the differeng
Ibetween populations
act
Information is discarded - rank
preserve information about the order
sthe data, but discard the actual values
not
piNot  continuous for small sample
which makes interpretation difficult

If the assumptions for parametrs
methods are true, then using a n
parametric approach loses statisti
power

to
re

es

of

I

ic
DN-
cal

Table 1: Advantages and disadvantages of parametr&nd non-parametric statistical methods

1.2 EMPIRICAL INJURY RISK FUNCTIONS

Biomechanical data sets are often small and the £Bllbjects can be highly variable due to age, sex,
condition and so forth. This means that standardmatric statistical methods sometimes do not yield
a statistically significant result. In addition,nse statistically valid estimates of the risk funatigive

a result that is not physically meaningful, suchagzrobability of injury at zero load that is grerat
than zero (see Figure 1.2).

There are several interpretations of this sorestilt:
If the 95" percentile confidence limits bracket zero, theisibnly the mean estimate of the
probability that is not meaningful. There is stllbetter than one in twenty chance that the
actual response is zero at zero input.
It is unsafe to extrapolate beyond the sample rasgd.

That the parameter under investigation is not gmate as a predictor of injury risk.
That confounding factors in the underlying data enanot been identified and adequately
controlled for.

AP-SP51-0036
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Due to the inability of traditional statistical rhetds to deal with the very small sample sizes sjpit
biomechanics databases, several empirical techsigaee been developed in an attempt to estimate
injury risk. These techniques will be discusse8&éttion 2.3.

Figure 1.2: Non-zero risk of injury at zero thoracic spine acceleration (from [Kuppa and
Eppinger, 1998))

1.3 CENSORING

A special source of difficulty in the analysis abimechanical injury data is the possibility thatreo
specimens that fail (i.e. are injured) may havenbkmded to a level greater than their failure
threshold, but that the difference between thestiolel and the applied loading is not known. Equally
uninjured specimens may have been loaded to wielhbthe threshold, but the difference is again not
known. This has been described as censoring inbibmechanics literature [Koch, 1988]. The
phenomenon is analogous to the censoring of sdriviviinical trial data [Cox and Oakes, 1984] and
care must be taken to ensure that appropriatstatatimethods are used with censored data.

Non-injury data are always censored as it is nesiinbe to know how much additional dose would be
required to generate an injury. This is known gétrcensored, because the threshold for injury for
that specimen is to the right of the test load dypécal plot of applied load versus probability of
injury. In biomechanical data sets, injury tests aften also censored; it is known that the applied
force exceeded the injury threshold, but it is kebwn by how much the threshold was exceeded.
That is, an injury was generated, but it is notwnaf just enough load or much more than enough
load was applied to generate the injury for thagcgpen. This is known as left censored as the
threshold for injury for that specimen is to thé l&f the applied load as shown on a typical plbt o
applied load versus probability of injury. Datattisboth right and left censored is sometimes kmow
as doubly censored.

Some researchers have endeavoured to generatesarextimijury data by using additional methods,
such as acoustic measurements of bone fracture Hark et al, 2001], to determine the time of
injury. In some cases this has proved to be vecgessful and has been used to determine the exact
loading at the time of injury. This gives uncensb(eften called exact or actual) data, and differen
statistical methods should be used.

Note that it may be important to measure the tifnieagture, through acoustic or other means, not to

assume that a measured peak force corresponde tiinth of a particular injury. Figure 1.3 and
Figure 1.4 show the axial force-time history footjulate and tibia axial loads, along with the aticus
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signal giving the time of fracture (from Fuek al. [2001]). For example, if the footplate force were
not measured, it may be assumed that the peakftbia corresponded to the time of calcaneus
fracture, but this would lead to a large overestimaf the fracture force (approximately 6 kis.

2 kN).

Figure 1.3: Axial force-time history and Figure 1.4: Axial force-time history and
acoustic emission for a calcaneus fracture acoustic emission for a tibia pilon fracture
(from Funk et al.[2001]) (from Funk et al.[2001])

1.4 DumMMY-SPECIFIC VERSUS HUMAN INJURY RISK FUNCTIONS

As noted in the introduction to Section 1, two ty@é injury risk functions have been presentedhe t
literature: human injury risk functions and dumnpesific injury risk functions. The two approaches
are discussed below.

1.4.1 Human Injury Risk Functions

Human injury risk functions may be developed disefitbom PMHS test datasets. These human injury
risk functions are sometimes used to determineayrtjureshold values for crash test dummies used in
research, regulatory or consumer testing. Howewer,use of a human injury risk function with a
crash test dummy assumes perfect biofidelity of dmenmy, including the interaction between
different body regions that may affect the overaponse, which is not generally the case [EEVC,
1974; EEVC, 1976].

Human injury risk functions have the advantage tect data can be acquired for some injury
criteria. For instance, if the time of injury isdimn from independent data such as acoustic reagsdin

of bone fracture, then the exact force or compoasd$or fracture can be determined for each
specimen. There is also the advantage that matchingny tests are not required. Aside from a cost
saving during the initial testing due to not havingeproduce each test condition with a dummy thi

removes the difficulty of repeating accurately BIRIHS tests with each new design of dummy that is
developed. The original equipment or laboratoryni always available for this task and the

descriptions of the equipment and testing in therdiure are not always sufficient to allow acaairat

reproduction of the test conditions.

The development of human injury risk functions s&full for developing an understanding of human
tolerance to loading, but is not so useful for gujdvehicle design unless the dummy biofidelity is
perfect under all loading conditions under whicé ttummy may be used. If the dummy biofidelity is
not perfect, the dummy measurements will not beagepresentation of the loading to a human and
the assessment of the risk of injury may not bes@te. This is the main limitation for using human
injury risk functions with dummies [EEVC, 1974; EEY 1976]. It is also necessary that the
measurements made on the dummy are equivalerg to¢asurements made on the PMHS.

AP-SP51-0036 9/50
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1.4.2 Dummy-specific Injury Risk Functions

The largest source of systematic error in the detextion of injury risk functions, the use of PMHS
mounted instrumentation, can be reduced throughigheof matched dummy tests [Kental, 2001],
where the dummy is tested in exactly the same hgadonditions as the PMHS, and then the dummy
measurements are compared with injury in the edemv@MHS tests. This has a number of benefits:
1. Instrumentation mounting points need not be idahtic the dummy and PMHS. For instance,
acceleration at the centre of gravity of the thonsey be measured in a dummy, but may only be
approximated in a PMHS, e.g. by measuring T1 acatiba.

2. Invasive instrumentation, such as a load cell, ne®tdbe fitted to the PMHS specimens. This
eliminates the possibility that the instrumentatimay affect the response of the PMHS or even
modify the likelihood of injury (for instance, rilmsay fracture at an accelerometer mounting site).

3. If a criterion can be identified that allows a duynta predict injury risk for restraint and impact
conditions that span the range of conditions inciwhhe dummy will be used, then the imperfect
biofidelity of the dummy becomes less important.

Developing dummy-specific injury risk functions halse disadvantage of adding cost to the
development of a risk function, as dummy tests havme performed to match the PMHS tests. There
is also additional cost in the development of neamnohies, as the process has to be repeated for each
new dummy. However, the use of dummy-specific ijusk functions offers the possibility to
improve the accuracy of injury prediction and tliere to guide vehicle design more accurately and
deliver the predicted cost-benefit of new test pthaes more reliably.

Two approaches to developing dummy-specific injusk functions have been described in the
literature:
. Test dummy in the same conditions as the PMHS angpare dummy readings with injury in
the PMHS tests.
Use exact (or actual) data to develop a humanyimjek function and then transform this to the
dummy (i.e. a human injury risk function for anklersiflexion injury was developed [Rucx
al., 2004] and transformed to the THOR-Lx by the raftiaghe human and dummy ankle angle-
moment response).

1.5 INDEPENDENT OBSERVATIONS

For most parametric and non-parametric methods gissential that the observations are independent,
i.e. that the results of one test do not influetheeresults of another test.

There are circumstances where the statistical pofver study can be increased by using matched
pairs of specimens, e.g. left and right legs, wiikeeresult of a test with one of the pair is used
decide the impact severity for the other speciniifferent techniques, taking into account the
interdependence of these matched pairs, are akaifl@bwhen these circumstances occur; however,
these methods will not be considered further ia thport.

AP-SP51-0036 10/50



2 Injury Risk Estimation Methods

2.1 PARAMETRIC INJURY RISk CALCULATION METHODS

2.1.1 Introduction

Techniques involving the testing and or estimabbmparameters (for example population means or
proportions) of a set of data are called paramdeahniques. These techniques rely on detailed
assumptions about the nature of the populationgbsampled; in particular, that the distribution of
the population that the sample is taken from isskmar his is not often the case but as the sampée si
increases, better guesses can be made about thdyingldistribution.

The power of the statistical tests, given thatabsumed distribution is correct, is greater thau fibr
test where a distribution is not known. The mora ik known or can be correctly assumed about a
sample, the more appropriate the tests can benasdetter information can be achieved.

Some advantages and disadvantages of paramethoasetre shown in Table 1.

2.1.2 Logistic Regression

Regression is a family of parametric techniquesduse determine whether a relationship exists
between variables and how the variables are rel&ietple linear regression is not appropriate ia th
case as this defines a straight line which, urdesstly horizontal, will predict meaningless valies

this case, proportions of failures) above one aidwp zero. A dichotomous outcome - a ‘yes’ or ‘no’
whether or not the subject has the characteridtimterest - implies that a logistic regression is
suitable. The logit function of the proportion ised as the outcome variable. The technique allows
more than one predictor variable within the analymid confounding factors can be controlled for.
The equations below show the logit transformatiang Figure 2.1shows a logistic regression
plotted with its original dichotomous outcome.

P

proportionof failures:odds:1 )

logit(p) =Iog(ﬁ)

Logistic regression has been widely used in theachgiomechanics literature, e.g. Klopp al.
[1997], Kuppa and Eppinger [1998] and Jilatilal.[1998]. The logistic regression process produces a
continuous sigmoid curve similar to thatfilgure 2.1which enables conclusions to be easily read
from the axes.

The general consensus is that this method is apategdor large samples (a rule of thumb suggests
that there should be at least 10 per group, arfénatdy 20 for each predictor variable [Bland, 2)00
and that it is a less reliable method for censalad than for uncensored data. Using this method fo
censored data may give a biased result becauseithiess precise information available in censored
data - for example, it is known that the specimexs wninjured at 5 kN, but it's failure threshold
could be 5.01 kN or any other value greater th&N5
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Figure 2.1 Logistic regression curve

2.1.3 Probit Analysis

Probit analysis, short for probability unit and readrby Chester Bliss in the 1930s, is an alternative
method to logistic regression, yielding extremelyikar results. Probit analysis was developed to
evaluate the relationship between dose and respon$gological systems [Finney, 1971]. The
method is specific to the analysis of binary datdguantal’ data in probit terminology, and thetis

of much of the development was to determine theagy of insecticides and fungicides. In most
probit analyses, the binary responses are deadiver &robit statistical techniques are, however,
applicable to other data, both biological and namdgical. Probit analysis has been used to develop
injury risk functions in impact biomechanics fomamber of years, e.g. Lowne and Wall [1976],
Eppingeret al.[1984], Viano and Lau [1985], Mer&t al.[1991] and Hyncet al.[2003].

Instead of the log odds that the logistic regressises, probit depends on the cumulative Normal
probability distribution. The probit model is dedih by

p=P(y=1x)=F (xb)
whereF is the standard cumulative Normal probability disition.

This technique also allows more than one predictorable within the analysis and confounding
factors to be controlled. Interpretation of thelpranodel is not as transparent as the logisticehad

it involves utilising Normal probability tables. €huse of the Normal distribution necessitates the
assumption that the probabilities of failure aremally distributed, which is best estimated byitegt
several samples at the same response, even ifeduis in smaller samples. The suggested sample
size is not less than 10 per group and preferablys2milar to the logistic method. The probit nedh
itself is a Maximum Likelihood method leading t@tmost precise parameter estimators.

Figure 2.2 shows the probit plot for the same daté&igure 2.1. The plots are extremely similar and
are compared in Section 2.1.4.
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Figure 2.2 Probit analysis curve

2.1.4 Comparison between Logistic Regression and Probéthbds

Figure 2.3 directly compares the logistic and pgrebives for one set of data. It is clear thattfis
particular data set that the results are extreraghjlar. In fact the logistic regression and probit
analysis methods produce very similar probabilif@sall data sets except in the tails where the
predicted probabilities are very small or very &arg

0 & & & & &
@ \ 4 \ 4 A 4 @

—— Logistic — Probit

Figure 2.3 Probit analysis and logistic regressiooomparison

The two methods themselves, in particular the egusitthat generate the probabilities, appear
initially substantially different. The probit analg assumes an underlying Normal probability of
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failure whereas the logistic method assumes a thamaus outcome, but still has the concept of an
underlying probability of failure.

Traditionally, probit has been easier to interfetause the output is easier to convert to a pilitgab
by hand (using Normal probability tables) thanhe tase for logistic regression. However, modern
statistics software packages convert to probadslitautomatically, so there is little difference or
advantage for injury risk analysis. Currently thbuthe favoured technique is the logistic regrassio
as the outcome can be more simply interpreted aslds ratio, and the techniques and tools arerbette
developed and understood.

Traditionally, probit analysis is used for desigrexgeriments, whereas logistic regression is more
appropriate for observational studies. However, shmilar results show that this may occur for
historical reasons only.

2.1.5 Comparison of Different Parametric Distributions

Many other distributions have been used to deveippy risk functions. For example two and three
parameter Weibull (e.g. Raat al.[1985], Cavanaugbt al.[1993] and Yoganandaet al.[1996]) and
log-Normal (e.g. Hertz [1993]).

Kent and Funk [2004] compared the fit of a rangearfiimonly-used parametric distributions to seven
biomechanical data sets taken from the literatlite distributions were the Normal, log-Normal,
Weibull and logistic distributions and the analysese performed using Minitab statistical software
version 13.32. Table 2 shows the data sets analysed

Dataset Reference Number of Stimulus Injury Data
Tests Outcome Censoring
1 [Funket al, 2002] 34 Axial force in the | Foot/ankle Right censored
tibia (N) fracture or not | non-injury,
exact injury
2 [Kentet al, 2003] 93 Sternum deflection >0 rib fractures | Doubly
(%) or not censored
3 [Kentet al, 2003] 93 Sternum deflection >6 rib fractures | Doubly
(%) or not censored
4 [Kentet al, 2001] 60 PMHS, | Hybrid-lll internal | AIS 3+ rib Doubly
33 Hybrid-1ll | chest deflection fractures or not | censored
(mm)
5 [Duma and 13 Particle energy (J)| Corneal Doubly
Crandall, 2000] abrasion or not | censored
6 [Duma, 2000] 17 Axial force (5 ‘Injury’ ranged | Doubly
female Hybrid-Ill) | from AIS 1 to 3 | censored
(N)
7 [Duma, 2000] 27 Axial force (5 ‘Injury’ ranged | Doubly
female Hybrid-IIl) | from AIS 1to 3 | censored
(N)

Table 2: Datasets used to compare parametric and neparametric injury risk models (from
[Kent and Funk, 2004])

The injury risk functions for all seven datasetgavessentially identical over the range of the inpu
data, regardless of the method used, with somati@ribelow the lowest dose (i.e. where there is no
information available). The 95% confidence limitere also very similar for the five larger datasets
over the range of the input data. The two smatlatdsets (13 and 17 tests respectively) showed some
variation in the 95% confidence limits even wittiire range of the data. As shown in Figure 2.4,
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dataset 1 had very narrow confidence limits evengh the size of the dataset was modest at 34 tests
This was probably due to the inclusion of exactmnjdata, which contains more information than
censored injury data and can therefore give a ipi@eise estimate of the risk function.

Figure 2.4: Comparison of parametric and Figure 2.5: Comparison of parametric and
non-parametric models from dataset 1 (from  non-parametric models from dataset 2 (from
[Kent and Funk, 2004]) [Kent and Funk, 2004])

This study showed that no particular parametritribistion was consistently more appropriate than
any other, for the biomechanical datasets congid&#ferences between the parametric distributions
were greatest at the tails. Based on these regultas concluded that ‘it is typically unnecesstoy
evaluate different parametric distributions wherdelbng a new set of data since biomechanical tests
usually are of insufficient quantity to differertéabetween parametric forms. An exception may exist
in studies with a large amount of data or in casbere the injury type changes as a function of
stimulus level (i.e. where the risk curve is poi@ht discontinuous)’.

2.1.6 Notes on Confidence Limits

Confidence limits should always be given, but dteronot (e.g. [Hertz, 1993]). This may be because
the statistics package will not give"™&onfidence limits if the goodness of fit of theaneestimate to
the data is poor. This may be due to a numberasomes:

The assumed underlying distribution is inappropriat

There are confounding factors in the data that lshbe controlled for but which have not been

included in the analysis;

The injury criterion does not correlate well wittetobserved injuries.

This last reason is possible for PMHS data beimgparyed with an injury criterion based on e.qg. live
animal testing, accident reconstruction and sdnfdttis also possible where there is a real catieh
between the injury criterion and the injury (foetpopulation), but where bias in the sample masks
this effect. This may be systematic (e.g. eldedgcémens with bone deterioration, lack of muscle
tone...) or random (which is more likely to be a penbb with small samples than with large samples).
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2.2 SURVIVAL ANALYSIS AND NON-PARAMETRIC INJURY RISK CALCULATION METHODS

2.2.1 Introduction

If the assumptions of a known distribution are teoiable then a non-parametric technique is required
For example the Wilcoxon Mann Whitney test mightused instead of a t-test if the differences

between groups are not Normally distributed [BlaB800; Cox, 1972]. With a reasonably large

sample size (n > 30) it is likely that estimatedapaeters (e.g. the sample mean) will be normally
distributed, which justifies the use of parametriethods. Complications are added if the injury risk

function to be developed depends on several inpgghanisms. For instance, if developing an injury
risk function for the thorax, combining rib fractrlung injury and heart injury, any assumed

distribution could be erroneous. Even if all thpagate distributions can be assumed to be Normal,
this assumption about the joint distribution may Ine@ valid. It is advisable to model each mechanism
separately then bring them together for the inttgtion.

Non-parametric tests will commonly be more powedubtetermining population differences in non-
Normal data. Advantages and disadvantages of p#iameethods are shown in Table 1.

2.2.2 Survival Analysis

Survival Analysis was developed in medical resedwlanalyse times between two well defined
events (for example, diagnosis and death in a castoely or treatment and conception in fertility
treatment studies). A common feature of survivdhda its censoring. Data points are censored at a
time t if no more information is available aftern.a medical trial, for example, censoring caretak
several forms: patients may drop out of the stuliy;from another, unrelated cause; or the study may
end. Censored data requires special techniqguessandval Analysis groups these techniques into
parametric (assuming for example, an exponentialWeibull distribution - e.g. Cox and Oakes
[1984]); semi parametric (e.g. Cox [1972]) or nargmetric (e.g. Kaplan- Meier [1958]).

Survival data can be pictured as in Figure 2.6.hEsubject, shown as a separate line, fails or is
censored at a point in time defined by the x-axis.

fail not fail

Time

Figure 2.6 Survival analysis plot
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Because of its ability to deal with censored d&arvival Analysis, and particularly parametric
Survival Analysis, has been suggested and indeed tsanalyse biomechanical data. Conclusions
are drawn in Section 3.5 as to whether this istalsle method or not.

2.2.3 Kaplan-Meier

The Kaplan-Meier technique (or product limit estiora- [Kaplan and Meier, 1958]) is a non-
parametric technique (i.e. no assumptions are rahdat the distribution of the data) which estimates
the proportion of subjects surviving (not failingp to a time t.

The Survival function S(t)iS defined by

1 if failureatt;

whered = .
0 if censoreditt,

andt; is thetimeof theith event

The interpretation of the survival function S(tXe proportion of subjects that survive (or do fad)

up to timet.
1 \_I—I;

0.8 -

0.6

0.2

time

Figure 2.7 Kaplan- Meier step function

The method produces a decreasing step functionHigeee 2.7) starting from one. A small sample
size causes large jumps in the graph but as thelsasize increases the step function approaches a
smooth survival curve. A smooth curve enables detetion of the Survival probability i.e. the
proportion of subjects that survive (or do not)fail least to a tim& An injury risk function would
take the form 1 - S(t).

2.2.4 Cox Regression

One type of semi-parametric Survival Analysis mdtithe Cox proportional hazards model [Cox,
1972]. It is semi-parametric as the covariatesazseimed to have a known distribution (parametric)
and the time variable distribution is not known r{rarametric). This multivariate method assesses
the interdependence of the covariates (e.g. agardeeight) within the model.

Cox regression is governed by the equation:
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h(t,x) =h, (t)exp@®'x)
where h, (t) is the baseline hazarlare the covariate values afds the regression value. The hazard

functionh(t,x)is interpreted as the instantaneous failure raf@gaportion of subjects that die per time
unit.

The Kaplan-Meier curve can be used to graph this,dasually distinguishing between several

groups. Figure 2.8 plots the Kaplan-Meier curvetian groups. It is easy to see differences between
groups with this method.

T

0.8 —

0.6

I
0.4 1 L

0.2 4

time

Figure 2.8 Kaplan Meier curve with one binary covarate

2.2.5 Weibull Survival
Weibull Survival analysis is a member of the parim@roup of Survival Analysis [Cox and Oakes,
1984]. Clearly the assumption is that the data d@a¥eibull distribution. The method allows for
censored data. The Survival function is defined by:

S(t) =exp( /t%)
where/ (the scale parameter) aadthe shape parameter) are estimated from the data:
a

i
t?

/A:

and @, andt; are defined in Section 2.2.3. With a parametrithoe the added advantage is that a

smooth curve is produced, similar in appearandkedogistic curves in Section 2.1.2, which allows
determination on a continuous scale of the Suryivabability i.e. the probability that a subjectlwi
survive up to a timé This method (and all other parametric methods)fisourse, not accurate if the
assumed distribution is incorrect.

Weibull survival analysis has been used in a nurobegcent impact biomechanics papers such as
Kennedyet al.[2004], Kent and Funk [2004], and Ruedal.[2004].

2.2.6 Consistent Threshold Estimate

The Consistent Threshold method is a non-paramaiimum Likelihood method generating a step
function of risk probabilities. Several forms okttechnique deal with combinations of doubly, right
or left censored and exact data. The proof of fhls method is detailed in Turnbull [1974].
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DiDomenico and Nusholtz [2003] outline two formstbis method: the simplified version for doubly
censored data and the Extended Consistent Threfhvadmixture of doubly and exact data.

The majority of biomechanical injury data is douldgnsored so DiDomenico and Nusholtz's
simplified version can be applied.

Define d, = number of deaths arlg= number of losses at a series of discrete timésroest, then
d,
d,+l,

k:

The Consistent Threshold is reached by replacipgwithl, +I,,, andd, withd, +d,,, if

R, >R\, until R,..R, is a monotonically decreasing series. The poirfitshe step function

(Figure 2.9) are then defined by the values ofGbasistent Threshold. As the sample size increases
the step function tends towards a smooth curvegehiew with a small sample size, the step function
has large steps and thus interpretation of suryikababilities is difficult or impossible.

\
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Figure 2.9: LLBT Leg injury data, probit (with 95 % confidence intervals in magenta), CT
estimates (cyan), and CT estimates with overlaid sk function as described by Di Domenico and
Nusholtz [2003]

The accuracy of this model for biomechanical injdaga is investigated in Section 3.4.

2.2.7 Discussion

If a parametric test and a non-parametric testbath applicable to the same set of data, the more
efficient parametric method should be used [Wal@wld Myers, 1993]. However, if the assumptions
about the underlying distribution of the populatioom which the sample is taken cannot be justified
then parametric methods may be useful. It shoulddied that the loss of power in non-parametric
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methods, compared with parametric methods, meatslalger sample sizes are required for non-
parametric studies [Walpole and Myers, 1993]. Tas also stated in Bland [2000], Section 12.7:

‘There is a common misconception that when the raumalb observations is very small,
usually said to be less than six, Normal distrilmutmethods such as t tests and regression
must not be used and that rank methods should dx instead. | have never seen any
argument put forward in support of this, but ingfmet of Tables 12.2, 12.6, 12.8 and
12.9 will show that it is nonsense. For such srsathples rank tests cannot produce any

significance at the usual 5 % level. Should onedrn&tatistical analysis of such small
samples, Normal methods are required.’

Prob that T the tabulated Prob that T the tabulated
Sample size n value Sample size n value

5% 1% 5% 1%
5 16 30 19
6 1 17 35 23
7 2 18 40 28
8 4 0 19 46 32
9 6 2 20 52 37
10 8 3 21 59 43
11 11 5 22 66 49
12 14 7 23 73 55
13 17 10 24 81 61
14 21 13 25 90 68
15 25 16

Table 3: Two-sided 5% and 1% points of the distribdion of T (lower value) in the Wilcoxon
one-sample test (from [Bland, 2000])

Kent and Funk [2004] noted that, ‘It is also cowled that a non-parametric model, while the best
representation of the data at hand, is not nedgsshe best representation of risk for a larger
population since it underestimates injury riskie low end and overestimates risk at the high end.’

2.3 EMPIRICAL METHODS

2.3.1 Background

As noted in the introduction (Section 1.2), a mgpooblem with the development of injury risk
functions for anthropometric test devices over mdagades has been the small size of many of the
data sets from which the injury risk functions dae derived. Standard large sample parametric
statistics sometimes give a mean estimate of the-desponse relationship that does not go through
zero (see Figure 1.2). That is, the mean estimaes @ positive risk of injury for zero applied tba
This may be difficult to interpret when deciding anthreshold value for an injury criterion. As a
result, a number of empirical methods have beemldped in an attempt to make better use of the
limited biomechanical data that is available. Savef these methods are discussed below.

2.3.2 Mertz/Weber

The Mertz/Weber method [Mertz and Weber, 1982] esadibed in detail in Appendix A. It is

described as a ‘simplification of the Median Rankthod that is used to estimate the cumulative
distribution function for the life expectancy ofngales that have been tested to failure (uncensored
data)’. In essence, the lowest value associateu spéecimen failure (the weakest known specimen)
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and the highest value associated with specimenfaiture (the strongest known specimen) are
selected as being representative of the threshaldes. An assumed distribution is then fitted
between these two points. For example, if a nomistibution is assumed, a straight line is plotted
between the two selected data points (on a pratabdale).

They noted that the accuracy of the method is digrgnon having knowledge of the form of the
cumulative distribution function and the ability tfe investigator to conduct tests to determine the
weakest and strongest specimens of the samplemétieod allows the investigator to select and test
specimens to obtain estimates of the thresholdegafar the weakest and strongest specimens. In
other words, the investigator is encouraged tolkbotlea requirement that observations are independent
by selecting the test dose based on how strongpdemen looks.

The Mertz/Weber method was evaluated in the SIDOZDC project [Hyncet al, 2000], from which
the following comments are taken:

‘This method [Mertz and Weber, 1982] assumes that tblerances follow a normal
distribution, but calculates the parameters forrbamal curve in a different way from
the usual statistical method of maximum likelihodtie approach is as follows: let m be
the smallest dose value in the sample that prodadescture (i.e. the weakest subject)
and M be the largest dose in the sample that getesponse (i.e. the strongest subject).
Then the mean of the distribution is estimatedMsn{)/2. The variance is estimated
based on the assumption that a sample of sizenm dramormal distribution resulted in a
range of M-m; this is done using tabulated factirst give the expected range as a
function of the distribution standard deviation @hd sample size.

‘This method is not based on statistical theory @nd felt that if the tolerance levels
follow a normal distribution then a statistical he@ue such as maximum likelihood
should be used to estimate the parameters (i.bitpegression).’

Hertz [1993] showed very similar risk functions #IC vs. skull fracture for Normal, logNormal and
Weibull (c.f. the comparison of parametric resuftsSection 2.1.5), giving approximately 40% to
45% risk of skull fracture at a HIC of 1000. Heaizo showed the Mertz/Weber function for the same
data, which gives a risk of <20% at the same HN&ll§see Figure 2.10). This clearly shows the
misleading effect of using a method not based atistital theory.

Mertz et al. [1996] note the intention of the authors (of Meatzd Weber [1982]) to estimate the

fracture threshold for the adult driving populatignen the PMHS results, not estimate the fracture
threshold for the PMHS sample. He notes that mdrphe PMHS had poor bone condition factors

that biased the PMHS sample towards the weakeiopodf the adult population and that the

Mertz/Weber method was specifically chosen by Rrasal Mertz to compensate for this bias. It is
most unlikely that the Mertz/Weber method actudlhes this. It is possible that they could seleet th

‘strong’ sample and declare it representative efghbpulation, which together with the steeper curve
may be close. However, this would be conjecture.

In conclusions, using only two data points is ppehan unusual way to try and solve the problem of
small data sets. The method has been used inahgbhanics literature, although not widely, but it
is not recommended for further use. The low usagan® that it is not considered in the simulation
section of this report (see Section 3).
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Figure 2.10: Skull fracture probabilities using theMertz/Weber method (NRM), Weibull
distribution (WEIB), LogNormal distribution (LGNRM) and Normal distribution (NRMML),
from Hertz [1993] - reprinted with permission from the Association for the Advancement of
Automotive Medicine © AAAM

2.3.3 ‘Certainty Method’

The ‘certainty method’ [Mertzt al, 1996] was described in detail and analysed inB@eproject
SID-2000 [Hyndet al, 2000]. The method makes the pragmatic assumghianif a specimen was
uninjured at a particular dose, then it would benumed at all lower doses. It is not possible &y s
whether the specimen would be injured or uninjustdhigher doses (conventional censoring).
Similarly, if a specimen is injured at a particuthrse, then it would be injured at all greater do#te

is not possible to say whether the specimen woelohjored or uninjured at lower doses. Strictlysth
ignores the probabilistic aspect of the event (inpr non-injury), but it does make sense physycall

However, for each uninjured subject, the subjecbignted at the level at which it was tested, d§ we
as at all lower severities that happen to be indai& set being used. Injured subjects are treated
similarly. In effect, most subjects are counted ynames and the effect is to generate a much larger
data set than one started with. This artificialfaeged data set is then analysed with a conveaition
statistical method, typically logistic regressiéntypical original data set and the artificiallylarged
data set are shown in Figure 2.11 and Figure 2gifal data set from ISO WG6 document N498).
It is clear that not only is the data set enlar¢2t0 pointsversus27 actual data points in this
example), but that the new data has been biaseardswhe extremes. This means that the high-dose
end of the scale is biased by the particularly wagsdcimens that failed at low doses and that the lo
dose end of the scale is biased by the particukdrbng specimens that survived at high doses. The
affect of this on the resulting injury risk funatioss shown in Figure 2.13. Typically, the certainty
method overestimates the dose required for a p&ticisk of injury where the risk is less than 50%
as would typically be used in a regulatory or consutest protocol. Nusholtz and Mosier [1999] note
that this is due to discarding data that is nottaig’, but it seems to be more likely to be duaising
most data points more than once in the analysis.
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NFRadj 4+ Thorax Injuries - Raw Data NFRadj 4+ Thorax Injuries - Certainty Method
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Figure 2.11: Adjusted number of fractured ribs Figure 2.12: Adjusted number of fractured ribs
(NFRadj) 4+ versusrib compression - raw data (NFRadj) 4+ versusrib compression - raw data
+ ‘certainty’ data
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Figure 2.13: Comparison of probit injury risk function and ‘certainty’ injury risk function for
the same biomechanical data set

It is interesting to note the affect of using tleertainty’ method on a data set know to have a 50%
probability (e.g. of injury) at all doses (see KigR.14). A similar result can be shown for engirel
random data. As a result of these consideratioissntiethod is not recommended. However, the
method is widely used, particularly for ISO injungk functions (e.g. ISO [2005]) and so is given
further consideration in the simulation sectiortha$ report (see Section 3).
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Figure 2.14: Probability of response for a small saple of data (with an actually probability of
response of 50% at all doses) using the ‘certaintyhethod.
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3 Injury Risk Simulations

3.1 INTRODUCTION

This section reports on a number of simulated stidrhese have been used to determine the most
efficient strategy when conducting dose-respongeem@xents, especially when the sample size is
small. The main advantage of simulation is thatatial dose-response relationship is known, hence
it is always possible to compare the output fromngig particular model with the actual relationship
The final sub-section suggests a recommended agpraien planning small sample injury-risk
experiments.

The simulation study attempts to answer the follmaguestions:
- What is the minimum sample size to use in a study
How likely is the analysis to converge to a solatio
What level of bias may exist
What experimental design should be used
What analytical approach should be used

It is not tenable to conduct large numbers of @rpemts in order to determine the best approach and
so the only practical alternative is to use simalet. They have the advantage of being able to @ary
large number of potentially influencing factors att@ actual underlying dose-response model is
known. They can also be repeated many times irr tod#etermine:

the precision of the approach,

the extent of bias in the solutions and

the probability of the solution converging

The efficiency of an experiment designed to esenaat injury risk relationship (i.e. a dose-response
model), depends on:

the sample size

the sample design

the nature of the underlying causation mechanism(s)

In order to investigate the effectiveness of edfimgaa known loadrersusresponse relationship, a
range of sample sizes and sampling designs werdated and used to fit logit and other models.

Given, that in the field of injury risk calculatisnthere have been several alternative approaches
suggested for determining dose response models #hdimited comparison (generating 100
simulations) has also been made with the ‘certamsthod, the ‘consistent threshold’ approach and
fitting survival curves.

3.2 DESIGN OF EXPERIMENTS

The experimental design and the sample size wdkcathe likelihood of convergence and the extent

of any bias in the results. This section explorearse of samples sizes and experimental designs. |
considers a range of different dose-response gitgaand experimental designs across a number of
sample sizes (from 10 to 100). These have beeitaggd 1000 times and the results used to look at
bias and convergence when using logit models.
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3.2.1 Model

The models simulated data sets which covered vamgnges of load values, see Figure 3.1, which
either :

No relationship between load and response, i.er@slope.

Covered just the middle of the response range, shogving just a linear relationship of load
and response

Perfectly covered the range of loads where theoresp relationship was operating, thus
showing an ‘S’ shaped relationship of load and sasp

Covered a range of loads far in excess of the respoange, thus showing a steep ‘S’ shaped
response curve with long tails of either zero dd%Qesponse

no relationship data just in centre of response range

1.0 1.0
o 0.8 z 0.8
S 0.6 S 06
= Z
3 1 T 04
g 04 §
S 021 S 02
o o

0.0 . . . . ; 0.0

0 2 4 6 8 10 12 0 2 4 6 8 10 12
load load
data cover response range data extend beyond response range

1.0 / 1.0 /
= 0.8 / o 0.8
S 0.6 5 0.6
2 / 2
i F 04
5 0.4 / 2
Qo Qo
© 0.2 2 0.2
= _/ =

0.0 ; . . . . 0.0 ; .

0 2 4 6 8 10 12 0 2 4 6 8 10 12
load load

Figure 3.1: The distributions modelled in this stug

For the main set of simulations the data valuesvaircentred on a load of 5 with values generated
for load values of 1, 3, 5, 7 and 9. Replicatesaah of these values were generated for betwead 2 a
10 pseudo-subjects per data load values thus damgefi@m 20 to 100 pseudo-subjects.

A number of sampling strategies were investigated:

A fully balanced design with equal numbers per lealdie

An adaptive strategy where the second of a nonimdtpair of values depended on the
outcome from the first in the pair — one specifi@ptive strategy was simulated, clearly there
many potential candidates and further work is negilito investigate others

A biased sample of values towards the lower ertl@fesponse distribution

A biased sample towards the upper end of the respdistribution

The distribution of load values generated depemaledhe strategy being investigated. The fully

balanced design had equal numbers of load poitts.abaptive design had pairs of subjects, if the
first of the pair failed then the load for the sedan the pair was decreased otherwise it was
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increased. The loads for the bias to the lowerdadrite distribution only used loads of 1, 3 andhfl a
for the upper end of the distribution used loadS,af and 9.

Further simulations were also run using a randatrisad value in the range 1 to 9 for the ‘balanced’
design, randomised load values 1 to 9 for the adagesign for just the first of the pair, usingudis

of 1 to 4 for the low load design and loads of ®tfor the high load design. The load values used
thus covered more points on the load scale.

The model used in the simulations is representdtidyollowing equations:

+

zZ= . load + noise

with the probability of failing Pr(fail) = 1/ (1 exp(-z))

and are varied in order to achieve the required priibaldistribution, and the noise introduces
some Normally distributed random variation.

The simulation generated a random number betwesamd(L and if this was less than the computed
probability then the trial counted as a fail othisewvit was a pass, i.e. either a fracture or nah@
case of loading femurs.

The number and range of simulations computed fgit lnodels are summarised in Table 4. A logit
model was used as it was the simplest to implerfiegrguch a large number of simulations. However,
similar simulations using probit models demonsttatery similar levels of convergence, bias and so
forth, and very similar overall results and conias would be expected.

Range of load values used in simulation
Just the middle of  Covering the | Extending beyond

Sample design No relationship

model response range| response range the response
range
Balanced design 10, 20, 30, 40, 510, 20, 30, 40, 50, 10, 20, 30, 40, 50, 10, 20, 30, 40, 50
100 100 100 100
Adaptive design 10, 20, 30, 40, 5010, 20, 30, 40, 50 10, 20, 30, 40, 50, 10, 20, 30, 40, 50
100 100 100 100
Bias sample tg 10, 20, 30, 40, 50, 10, 20, 30, 40, 50, 10, 20, 30, 40, 50, 10, 20, 30, 40, 50
upper end of load 100 100 100 100

range

Bias sample tg
lower end of load
range

10, 20, 30, 40, 50
100

, 10, 20, 30, 40, 50
100

, 10, 20, 30, 40, 50
100

, 10, 20, 30, 40, 50
100

Table 4: Simulation designs and sample sizes (1,08inulations per combination)

3.2.2 Evaluation

The generated data for every strategy and sangpdeves replicated 1,000 times. Every set of data
was analysed (and generated) in SAS using thetilogegression procedure. Not all of the analyses
converged to give a solution. The results fromdimeulation were stored together with an indication

if the analysis had converged.

In order to determine which sampling strategy anglea size best estimated the underlying (known)
relationship between the load and the probabilitfadure some criteria measure was required. Two
measures were calculated: the average bias indhieed parameters (and ) and the number of
converged runs across all 1,000 replications.
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3.2.3 Results — Convergence

The number of analyses that converged out of t@0lgenerated per combination of sample size and
design for the initial set of simulations are potin Figure 3.2.

no relationship case data cover just centre of response range
1000 77;. T 1000 +— % ~m—n—w
980 /
] ,/ g 950 J
§’ 960 S
g —e— balanced g —e—balanced
S ; S 900 - H
3 940 + —=—adaptive | | o —=— adaptive
lowload lowload
highload highload
920 T T 850 T T
0 50 100 150 0 50 100 150
sample sample

data cover response range, noise=0.2

data extend beyond response range

1000

1000 — ™

800 800
3 / 3
g 600 / g 600 /'
= =
g 400 —% —e— balanced|| g 400 / / —e— balanced ||
3 —=— adaptive S / —=— adaptive
200 lowload | 200 ./vf/l lowload H
highload 0 v highload
0 T T T T
0 50 100 150 0 50 100 150

sample sample

Figure 3.2: Convergence — (load points at 1, 3, 3,and 9)

The plots show that there is not very much diffeeebetween the sampling strategies, but that the
adaptive procedure generally converged more rapidly

The model with data points extending beyond thparse range was also run with more load points
which, not surprisingly, considerably increased miuenber of convergent solutions. The pattern of
convergence by sample size was similar to thahaws for the graph where the loads points were
perfectly selected. This indicated how importaris ito plan trials such that they span the appabgri
load levels in the underlying response model.

The convergence results for using a randomiseaaltin of load values for the model with data
points extended beyond the response range and mtiheldata points perfectly selected for the
response range relationship cases is shown iné-g@3c The noise was increased for these runs to an
SD of 0.4. It shows that the adaptive design istriiksly to converge and that sampling at the tafls

the load response relationship (i.e. biased taufheer or lower tail of the response distributiadges

not lead to good convergence even for large samyes the relationship is strong.
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Figure 3.3: Convergence — runs using more load pdis (randomly allocated)

The general message seems to be that samples 4ff 80-more are required in order to have a
70-80% chance of the analysis converging to a isoluiThe range of data values should cover the
response range where there is information, i.e.ptiedability of pass/fail ideally should be in the
range 0.1 to 0.9. Samples of only 20 may be adequhbén there is no relationship or only a model
with data points in just the centre of the respaasge. This suggests that if the response range ca
be determined (guessed) fairly well then it maydyeable to run a trial with as few as 20 subjents a
have an 80% or greater chance of the analysis cgimge Unevenness in the plots occurs at around a
sample size of 40 because it was generated fromlaions, i.e. it is an empirically derived plotdan
subject to variations due to the random samplirg@ach used.

3.2.4 Bias

Bias in the estimated parameters reduces withasanrg sample size. Bias has been calculated as the
percentage difference from the average estimaiggesio the actual slope for the dose-response
model. A positive bias indicates the slope has lmeen-estimated, i.e. is too steep and a negatage b
that it is too shallow. For example, Figure 3.4wbdhe average expected slope is too low (less than
the actual parameter of -1) for a sample size gberOsimulation and then slightly too high for larg
samples.

slope estimate for balanced data model

-O. 6 T T T T
07 20 40 60 80 100

(]
% 0.8 \
£ \
o -0.9
o \\
g -1.0
o
® 1.1

-1.2

sample size
—— expected lower —— predicted upper ‘

Figure 3.4: Average slope estimates for the baland@lata set covering the response range (with
actual value, estimated value and the 95% confideednterval)
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The bias of the average slope corresponds to tandecolumn of bias figures in the first section of
Table 5, i.e. the -24.6%, -1.3% etc. The impactlendose-response curve using different averaged
sample sizes can be seen in Figure 3.5, whereuttve corresponding to sample size of 10 is clearly
more shallow a relationship than the actual respangve. The response curves for other samples
reproduce the actual curve quite well.

balanced sample data
1.0
f —1
_ 08 20
5
5 0.6 - 30
2z 40
5 04 50
8
S 0.2 - —100
——actual
00 T T T T T
0 2 4 6 8 10 12
load

Figure 3.5: Dose response curves from the averagarameters using the balanced model with
data covering the response range for a range of sauhe sizes

The size of the bias can be judged from Figurea®® is greater where there is a model with data
points extending beyond the response range. Sagipés of 20 subjects would be adequate to
obtained un-biased estimates where the data peosats just in the centre of the response range,
however samples of a 100 may not be adequate witbdel with data points extended way beyond
the response range. Small sample sizes tend tatdead under-estimation of the parameter values.
The design and spread of the load values alsotaffedias.

% bias on slope estimate

60%
40%
20% -

0% \ \
D /270 40 60 100
-20% -

-40% -|

% bias

-60%
sample size

—— balanced-cente of range —— balanced-cover range
balanced-extend beyond range adaptive-centre of range
—— adaptive-cover range —— adaptive-extend beyond range

Figure 3.6: Percentage bias on slope estimate farst set of balanced and adaptive strategy
simulations

AP-SP51-0036 30/50



APROSYS Project Review of Injury Risk Calculation Techniques — FINAL

AP-SP51-0036

In particular the bias was larger (for a given skngize) when the sample focused on just low dr jus
high load values, i.e. in the tails of the respatis&ribution. There was no particular evidencd tha
adaptive design introduced more bias when the plaitsts selected for the response range / model
extended beyond the response range, but using aptieal design to estimate a model with data
points in just the centre of the response rangsiogiship introduced considerably more bias than fo
a balanced design.

using only loads 1,3,5,7,9 — (1st set) loads 1-9 (rjandomlsed -
% bias on slope estimate (2nd set)

Load range Load range
model with | model with | model with [ model with | model with
data points| data points| data points| data points| data points

design samplé in just the perfectly extended perfectly extended
centre of thg selected for| beyond the| selected for| beyond the

response | the response response | the response response

range range range range range

10 19.0% -24.6% -57.1% -11.2% -40.7%
20 14.5% -1.3% -42.2% 10.6% -19.2%

balanced 30 12.0% 4.8% -34.2% 16.8% -6.6%

40 7.0% 7.4% -27.7% 13.2% 0.6%

50 6.0% 9.1% -23.4% 8.8% 2.3%

100 1.0% 6.1% -12.5% 4.1% 5.8%
10 45.0% -21.8% -55.5% 0.4% -32.7%

20 32.0% 0.4% -38.6% 17.8% -8.9%

. 30 17.0% 7.9% -30.1% 18.9% 0.9%

adaptive

40 14.5% 10.3% -24.8% 12.7% 6.3%

50 12.5% 9.7% -21.3% 10.1% 8.1%

100 4.5% 5.7% -8.9% 2.9% 6.1%
10 7.5% -37.8% -64.7% -41.7% -65.1%
low loads 20 14.0% -6.9% -44.6% -14.0% -65.5%
1,3,5 (f'set) 30 14.5% -0.9% -36.5% -4.0% -55.2%
or 40 7.5% 4.9% -32.4% 2.7% -50.2%
12,34 (2set) 50 5.0% 6.2% -24.8% 5.1% -42.9%
100 -2.0% 5.4% -12.8% 7.8% -27.7%
10 -16.0% -36.7% -65.7% -44.7% -80.4%
high loads 20 19.5% -12.6% -45.4% -18.0% -62.7%
5,7,9 (f'set) 30 15.5% -1.2% -37.4% 1.2% -56.0%
or 40 11.0% 3.4% -32.8% 1.2% -48.2%
6,7,8,9 (2'set) _ 50 6.5% 5.7% -28.8% 4.3% -43.9%
100 4.0% 7.3% -14.6% 7.5% -27.0%

Note: +ve bias is an over-estimate (too steep)is'am under-estimate (too flat)

Table 5: Bias on slope estimate — averaged over @(0simulations

Table 5 shows how the percentage bias varies oadtimated slope parameter for the four sampling
designs used and for a range of sample sizes mrdy8is of relationship models.

Figure 3.6 illustrates for just the first set ofmsiation runs (using loads of 1, 3, 5, 7 and 9§ th
relationship between sample size and the perceriage for just the balanced and the adaptive
designs. It shows that sample sizes of 30 areylikebe needed in order to have any confidenchén t
analysis. It also suggests that the best (zerQ bample size for the “cover range” set of datads
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and bias increases after this point. This is oelgvant, however, if the distribution of the data i
known to cover the range; it is more likely thag @istribution is not known, so a sample size of a
minimum of 30 is more reliable.

3.3 COMPARISON WITH THE CERTAINTY METHOD

Some experimenters in this area have suggested (teycertainty method’ Mertet al, 1996 - see
Section 2.3.3) of artificially increasing the apgrar sample size. It can be demonstrated that this
method artificially generates a dose-responseioektiip even if random data are used [Hytdil,
2000]. It also violates the basic premise for aayistical analysis of not generating data, ansl itot

to be recommended.

An example was computed and compared with a knomeh estimated response relationship.
Figure 3.7 shows a single set of ‘raw’ data gemerdy the simulation of 10 values plus the various
derived curves. There were two values per loadtpoin

Example and certainty method (n=10)

1.0

0.8 -
2 0.6 -
8 .
o}
© 04
o

0.2

00 T T ’ T T

0 load 2 4 6 8 10
actual estimate ——certainty ¢ raw data

Figure 3.7: Example compared to the ‘certainty’ metod

The estimated logit relationship follows the actredhtionship quite closely. The relationship using
the ‘certainty’ approach generates a much stedppesConsequently the 0.5 probability value for
the ‘certainty’ relationship indicates a load o$tjwver 4, whereas in reality it is 5. The effettios

for a fractureversusload curve would be to imply a much higher chaoté&acture for lower loads
than iss actually the case.

In order to establish the confidence interval aisdéed with the certainty method as compared wiéh th

logit or other approaches further simulations weoaducted. These are reported in section 3.5
together with logit and Weibull fitted survival s on the same data.
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3.4 EVALUATION OF THE CONSISTENT THRESHOLD APPROACH

The CT approach, in effect, simply makes the respofunction monotonically increasing by
concatenating adjacent load points. Provided thatet are enough data points and the interval
between load values is sufficiently small then aath response function is achieved, and it is one
that will follow the underlying functional form. Ipractice this may happen without concatenating
adjacent groups if there are many sample pointedoh load value, i.e. the sample size is suffilyien
large.

Simulations for a range of sample sizes (n=10,3%0,40, 50 and 100) were run with a defined
probability function with alpha=-5 and beta=1 withise ~N(0,0.2) (i.e. Normally distributed about
zero with a standard deviation of 0.2).

z = alpha + (beta * load) + noise Pr(fail) = 1/€xp(-z))

The logit fit was derived for a single case for le@ample size. The load applied was in the range
min=1 to max=9, and an equal number of values weeel defining an interval as interval = ((max —
min) / n) and load values at every (2*interval). &aaptive design was employed where the load was
increased or decreased by 1 interval value depagrifiihe first value for that load resulted in d &
pass. That is, if the load was 4 on the first taiatl failed then the next load was (4-interval)if arr
passed it was (4+interval). Hence the range of lades covered the whole range and had an
adaptive element.

The probability that the simulation converged dejsehon the sample size, see Table 6 below
(figures based on 1000 replications).

Sample size 10 20 30 40 50 100
% converge 60.5% 93.1% 99.2% 99.7% 99.9% 100.0%

Table 6: Convergence reached for simulation

The convergence of the CT method to the estimateldaatual response distributions are shown in
Figure 3.8 below:
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Figure 3.8: Comparison of CT method with logit fitfor various sample sizes

In the situation when the underlying response cuiegends on several mechanisms then it may not
be ‘S’ shaped and hence a logit curve may notditywvell. This is illustrated by the following
examples where two mechanisms were operatingheaesponse relationship was non-Normal.

The first mechanism was a respongesusload relationship over the range 1 to 9, the sécuas a
mechanism with a very steep response curve at lgads close to 5. The form of the actual
distribution can be seen in the following two pl&igure 3.9 and Figure 3.10, together with thetlogi
fit and the CT fit. The difference between the dations was in the step interval size used between
load values, the first used integer values anddoend 1/10ths, (one with 1000 simulated values and

the other with 30).
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force is integer (n=1000) model with force to 0.1 interval, (n=1000)
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Figure 3.9: Comparison of CT method with logit fitand non-Normal response curve (n=1000)

In Figure 3.9 it is clear that the CT approachdat the actual curve better than the logit fit, and
much better when a small load interval size is dpeised. However a very large sample size was
simulated and in practice samples are far mordylilcebe just 20 or 30 cases.

Figure 3.10 shows the results with sample siz&0ofThe CT approach is not better than the logit fi
and it is unlikely that inspection of the CT fit wid result in a decision that multiple mechanisimes (
non-Normal response curve) were operating. Integigtusing integer points for the load produced a
better fit than when allowing non-integer valuéss is probably because there were at least 3 or 4
values per load point, i.e. the design was moreiefit.

sample size=30, dual mechanism - integer loads sample size=30, dual mechanism (random loads)
1.0

P
0.8 0.8

3 3
5 06 /] 5 06
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= / | = |
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= —cT « v —CT
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Figure 3.10: Comparison of CT and logit fit with nan-Normal response curve (n=30)

The CT approach can only be more helpful than &@/pgbit fit if the underlying injury mechanism
is multi-faceted. In the case of an underlying ogse curve which follows the Normal 'S’ curve then
using a parametric approach is preferred becaugheoinferences that can then be made. It is
noticeable that the CT approach will tend to ureldrmate the probability of injury for low load
values and over-estimate for higher load values.

Provided that the responses are informative, hehé 10%-90% response area, and cover the load
range in a reasonably adequate way (small intes@isad across the range), and there are sufficient
numbers - then a logit/probit model is best if theponse distribution is 'S' shaped, but if mutipl
mechanisms are operating then the CT approachoetiler reproduce the response curve. However,
large sample sizes are required in order for thea@droach to be of real benefit in determining that
the response relationship is clearly non-Normal.
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The usefulness of a statistical test (Kolmogorovf8av) to compare a logit/probit response curve
with the CT derived curve depends on the numbelatd points available. This was used for a range
of simulations using different sample sizes. Thbexve to be large samples (e.g. n > 40) for
reasonable size differences to be statisticallypiiant. Hence with small samples, a comparison
with the CT and parametric curve is not going ttptvath any decision process on which method to
choose. Further, the confidence interval on thg@parametric approach) will be large if the saanpl
sizes are small or not very informative.

3.5 EVALUATION OF SURVIVAL ANALYSIS APPROACH

It has been suggested that data from experimevgstigating injury risk may be analysed as survival
data, i.e. the load applied is analogous to ‘time&lassical survival data. Survival curves wilivalys
monotonically increasing, i.e. as time increasesdges the probability of failure, whereas dose-
response relationships are also usually monotdyiga¢reasing but need not be — so there is a
fundamental difference in the underlying assumgtion

If injury risk data are considered as ‘survival alahen the 'time’ will be right-censored for any
specimens which do not fail, i.e. they were tested load which was insufficient to cause a fraetur
and they are only tested once. It could also beearghat those that do fail may be left-censored
because the exact time of failure is not knowrfaited at or before the current load. However the
survival analytical approach will assume that ifails then the failure point is known. It couldvea
failed at a lower load but was never tested atpbait and to be tested at the higher load themuit
have survived at the lower value.

It is worth considering this further. If the ‘tinte fail’ is thought of as being left-censored, thvemat
does this mean? An argument is that the load app8ienot instant and hence the specimen
experiences an increasing load until it fractu®metimes an exact failure point can be estimated,
but generally it is not known when the fracture wscand the load continues to increase even after
the specimen has fractured due to the presencelapla load paths.

What is more usual in survival analysis is for sahg (specimens) to be tested at regular interitals.
is then known that they have survived at a cenpaint in time but have died by the next inspection
time, so the data may be left-censored. Thererabsp be late entries, i.e. left-truncated, or subjec
could leave the study before dying, both are cotscémat cannot apply with dose-response data,.
Using dose response data as survival data meahshthaurvival analysis procedure assumes the
specimen did not fail at the earlier load pointisTis an assumption that cannot easily be deferded
because they were not tested at other than thdoadepoint. A survival analysis of dose response
data assumes that the specimen failed at the load ipwas tested at or was right-censored ifigt d
not fail.

It may be helpful to compare diagrammatic repredé@ris of the usual survival data and dose-
response data. Figure 3.11 shows a typical surgitahtion, there are 9 cases in total, two of Whic
join the study late. Five cases fail before the ehthe study and 4 survive. There are thus 4 tight
censored cases and 2 left-truncated, the survived for those that fail will probably be known
exactly or perhaps left-censored.
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Figure 3.11 Representation of survival data
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Figure 3.12 Representation of dose-response data

Figure 3.12 shows a typical dose-response situatigain for 9 cases. However, cases are only
known about at the time they are tested. They efdieor not at the load applied. The concept of
late-entry cannot apply. The 3 cases that do ribaffa right-censored. The 6 cases that fail may be
left-censored in that they fail at a specific Igamint and it is not known if they may have failed
earlier (hence the ‘dotted line’ leading to therppomvhen they were tested), however the extent of
censoring is not known and they are treated dwitkact load is known (which is not necessariy th
case in a ‘traditional’ survival analysis study).the above figure, the percentage failing at chifie
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load points can be estimated, i.e. 0% for load€Rp Sor load=4, 75% for load=6 and 100% for
load=8.

Accepting that there are some questions over thkcapility of using survival analysis techniques t
dose response data, it is still of interest to camapghe results from an analysis of the same sghtaf
using survival and the ‘classical’ approach. Ashsuie Weibull distribution was fitted to some
generated data as was the use of the logit modehan certainty method'.

Simulations of a known dose response relationslegewun, and generated data sets with 36 records.
There were 4 records at each of 9 integer loadegalith values from 1 to 9. The simulation was
repeated 100 times and the parameter averagescalerdated. The following plot shows the actual
dose response curve, the logit fit, the ‘certamthod’ fit and the Weibull fit (assuming that tihata
were right-censored).

It is clear from Figure 3.13 that the average Idgitction fit reproduces the actual dose response
relationship very well. As usual, the ‘certainty thhed’ generates a steeper dose relationship curve.
The survival function curve has basically the saimgpe as the actual curve.

Average of 100 simulations

—actual —s— logit —a— certainty —e— weibull ‘

1.0 /(*f
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Figure 3.13: Comparison of certainty and logit fitwith non-Normal response curve (small load
intervals)

The parameter averages from range of solutionsreterduring the 100 simulations was used to
construct an ‘average’ solution. The standard diewiaof the parameter estimates has also been used
to construct the 95% confidence interval in whilsh solutions fitted; these are shown in Figure 3.14
for the logit, ‘certainty’ and Weibull fits.
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Average over 100 simulations - with 95% CI

‘ —actual logit certainty ———weibull

Probability of failure

force

Figure 3.14: Average fit to a known dose responseitiv the associated 95% confidence interval

There does not seem to be any advantage in ussugvaval curve to fitting the usual logit model,

they both reproduce the actual dose-responsearsiip very well (sample size of 36). The 95%
confidence intervals are all very similar in sieegen for the ‘certainty’ method which is somewhat
steeper than the actual curve and the other sohitio

As was mentioned above, the Weibull survival cumilé always be monotonically increasing. This is
logical, given that any subject in the trial must ddive on entering the trial and may die sometime
later. However, dose-response relationships coelddgative, i.e. it may be that in some experiment
it just happens that stronger ones are testeadjaehloads — giving a weak but negative dose-respon
relationship. This will be reflected in a fittedgib model, but not by a Weibull fitted curve or t6&
approach. This illustrated in a simulated weakr®gative dose-relationship model, see Figui&

sample size=36, negative dose-response

1.0
5 \
S 0.6
2 \
S 04 actual
©
9 \—Iogit
s 0.2 weibull
0.0 T T T T
0.0 2.0 4.0 6.0 8.0 10.0

load

Figure 3.15: Weak but negative dose-relationship model, stving how the Weibull curve is still
positive
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How the Weibull model handles a dual-mechanism ther dose-response relationship has been
investigated with an analysis of a single simulati®he analysis generates the models as seen in
Figure 3.16.

sample size=36, dual mechanism
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Figure 3.16: Fitting survival curve, CT and logit to non-Normal dose-response relationship

This test of a survival model on a non-Normal resgorelationship found that the Weibull model
reproduces the lower half of the actual responseegubut is very poor for the upper half. It cannot
handle the dual mechanism or reproduce the non-Aloamderlying relationship. However, neither
does the logit model or the CT approach. This tithtes the inadequacy of existing parametric
techniques for handling risk curves generated withitiple injury mechanisms. If each mechanism
could be identified then they could be separatebdetied and then combined to produce a better
representation of the actual underlying risk curves

3.6 EVALUATION OF ‘EXACT’ STATISTICAL METHODS

The usual approach for estimating the parameteis liogistic regression is to use an asymptotic
method maximising an unconditional likelihood fupot (the maximum likelihood method).
However, it is possible to use ‘exact’ methbtis determine the parameters, which can be useful f
small or unbalanced data sets where usual methagsbe unreliable. Even with ‘exact’ methods
there can be difficulties in finding solutions;tinis case, the ‘exact’ software automatically adapt
second, less robust, approach to be adopted t@fsndution. Any requirements on the data to dé wit
censoring, independent observations and so foahatpply to the asymptotic method will also apply
with the ‘exact’ method.

A simulation of 100 sets of data was run using exaethods as well as the usual asymptotic
approach. They were based on the model defineedtidh 3.4 (sample size of 36, with 4 ‘tests’ at
each of load points 1 to 9), with intercept of falope of 1, and assumed a Normally distributed
error with mean of 0 and standard deviation of I3e Parameter estimates were averaged and define
the following models, which are shown, togetheihwiite actual line in Figure 3.17:

Actual y=-5+1.0 * load

! An exact method bases the inference on exact patimoal distributions of the sufficient statistics
corresponding to the regression parameters ofestaronditional on fixing the remaining parametarsheir
observed values. It thus does not depend on stmderlying distributional assumptions.
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Asymptotical: y=-5.59 + 1.11 * load

Exact: y =-4.50 + 1.08 * load
1 ‘
/v
0.8 pal

(]
5 / Va
8 0.6 —e—actual
:; ~ —=— exact
= 0.4 - asymp
©
o)
(@]
g 0.2 -

0 "\ T T T T T T T

1 2 3 4 5 6 7 8 9
load

Figure 3.17: Comparison of mean exact and asymptatiogistic regression response curves

It can be clearly seen that in Figure 3.17 the gagtit method line follows the actual line closely,
whereas the exact method line does not. This mag henction of the simulations conducted (i.e.
because the sample used was balanced or becauas @f moderate size), but examination of the
individual results suggest that the exact methaatipealways generates smaller absolute parameter
values than the asymptotic approach.

The slope parameters are not statistically sigmifity different from each other. However, the
intercept parameter estimate for the ‘exact’ mettdtatistically significantly different from the
actual value. Confidence intervals for the paramsetge larger for exact methods than for the
asymptotic method even though the exact methodiatdrerrors were generally smaller. The test
performed to determine whether the parameter valtesignificantly different from zero gives small
p-values (p<0.01) for both parameters using both @bymptotic method and the ‘exact’ method,
suggesting that all parameters are statisticagjgiBcantly different from zero. The p-values tedde

be slightly smaller for the ‘exact’ method.

Only 2% of the estimation analyses failed to cogeemwhen using the asymptotic approach.

Convergence was achieved in 100% of the ‘exactukitions; however, 34% of intercept and 2% of

the scale parameter estimations needed to useesBerdbust solution approach within the ‘exact’

method in order to reach convergence. There wasviaence that using the less robust approach
affected the average parameter values. In othedsydine mean curve for all the more robust ‘exact’
results was very similar to the mean curve fottadl ‘exact’ solutions combined.

The overall conclusion from this limited simulatienthat the usual asymptotic approach produces an
average line which is very close to the actual, limkereas using an exact method seems to produce a
bias. However, this finding may change if smalletess balanced samples were investigated where
exact methods may be more justified. Hence, pravitiat a reasonable sample size has been used
and the experiment adequately covers the load nesp@nge then there is no need to consider using
exact methods. It may be worth considering thecéxaethod if a much smaller sample size or an
unbalanced sample was to be analysed.
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3.7

CONCLUSIONS AND RECOMMENDATIONS

A number of key findings have emerged from thesmikitions:

It is important to design a trial such that thebadoility of the outcome (e.g. leg fracture) is
informative, i.e. in the range 0.1 to 0.9. Onlyrtheill the trial results provide information.
Information is required to facilitate the estimatiof the response model, i.e. there is not much
value in using load/deflection values where thébphility of failure or non-failure is very low.
Using an adaptive design, where randomly selectéd f subjects (e.g. legs) are available
and the load applied to the second of the paipiglitioned by the outcome to the first of the
pair — can increase the likelihood of obtainingamwergent solution. However, if the data
points are only in the middle of the response rafagenon-existent) the parameter estimates
may be biased especially with small samples.

Using loads that obtain responses in just the lailarie or just the high failure regions of the
response curve will generate biased parameter astsnand the chance of the solution
converging is generally much reduced. The exceptieing for small sample sizes when the
design uses data points in just the centre of &spanse range or the relationship is non-
existent, because even a small sample is adeqush®iv a lack of relationship.

If there is a non-existent load response relatignsh the range of interest, then small sample
sizes (n = 20) will be adequate to show this.

It is better to have a spread of load points rathan focus on just a few load points, this
generally will provide a better representationtsf tactual’ response curve.

Generally samples of 40 or more, in the responsgerawill produce analyses that converge
80% or more of the time and where the slope bidkdly to be 10-15% or less.

The certainty method should not be used; it geasnalationships that the underlying data (or
model) cannot support. It will produce a relatiapskven when one does not exist and a
stronger one when a weak one does exist. Its usmisdead.

The consistent threshold method will reproduceuhderlying response relationship provided
sufficient data points are available. It will alveagroduce a monotonically increasing response
curve. However, it does tend to under-estimatepitmdability of injury for low values and
over-estimate for higher values. If the underlyiagponse curve is clearly non-Normal then the
CT approach will not mislead, whereas the logitiironodel could. The consistent threshold
method is, however, a non-parametric approach aridmnsay not be so easy to use in order to
estimate specific probabilities of interest.

Use of survival curves raises some fundamental toumss on the appropriateness of the
technique given the required assumptions, i.e.igiranalysis technigues usually assume the
specimen is known about at the start of the tnal smspected at intervals, not just once. The
guestion of how to handle censoring thus needsiderdion. However, it was demonstrated
that using right-censoring with the Weibull distriton reproduced the ‘known’ dose
relationship very well, albeit with no real advaggaover using a logit model.

Overall, it is recommended that sample sizes shbaldt least 30-40 and the spread of load values
should cover the 0.1 to 0.9 probability of resporsege. Adaptive sampling strategies using sample

pairs

can improve the efficiency of the trial (s@mples should not come from the same PMHS, i.e.

not matched pairs).

The following steps should be considered when paynconducting and using the result from a
study:

1.

Sample Size — as large as possible, preferaBe >

Range of values — cover the 0.1 to 0.9 probahiétyge of responses as
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well as can guesstimate

Interval size between loads — as small as possia@sistent with
covering the required range of load values for igiseample size

2. | Design

Load values a) — spread half of the sample loadegévenly within the

range of interest, i.e. balanced across ranga@fast

Load values b) — use a load value that dependshernotitcome of &
previous trial, increasing or decreasing the vdlyé/ the interval sizg
being used depending on the outcome

Select samples at random for each load point

Use the same ‘test-rig’ for all experiments, butthfs is not possiblé
ensure that rig/laboratory effects are not confedndith treatment (load
levels

3. | Analysis

Fit logit/probit model — allow for covariates if oessary (i.e. relevant an
available)

Fit consistent threshold model — can always be ifspdrametric mode
does not converge

nd

Compare results and conduct formal test (K-S)

Consider if there are any reasons why multiple-raaigms may be

operating such that the response curve is non-Norma

4. | Results

Accept logit/probit model unless there is cleardevice that multiple

dose-response mechanisms are operating, otheregepteCT model

1)

Determine 95% confidence interval on responseecur

Do not extrapolate much (if at all) beyond the ®nfload values used
the experiment

Be aware that there may be bias in the estimatdg;ations of the likely
level of bias have been simulated in this papes. diesirable to simulate
known relationship using the experimental desigmleyed in order tg
determine the level of bias that may occur.

a

Make a ‘reality check’ on any estimates, the modigsved etc., i.e. d

not accept blindly
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4 Conclusions and Recommendations

Parametric Distributions

Parametric methods assume an underlying resporsdgbdiion and it essential that the
assumed distribution is reasonable. For data setgporating a single injury mechanism, such
as rib fracture through direct contact with the rmidhis may be expected to be reasonable.
However, the assumption of an underlying distritnutmay not be reasonable for data sets that
include multiple injury mechanisms.

It is not possible to demonstrate the benefit & parametric distribution over another for most
biomechanical data sets. An exception may existudies with a large amount of data or in
cases where the injury type changes as a functistimulus level (i.e. where the risk curve is
potentially discontinuous)

Parametric methods will be relatively insensitioethe accuracy of the assumptions about the
underlying population (for instance, of a Normadtdbution) for samples sizes greater than 30
[Walpole and Myers, 1993]. On this basis, there lkdoe a great deal of benefit to using
sample sizes greater than 30.

If a parametric test and a non-parametric testoath applicable to the same set of data, the
more efficient parametric method should be usedpdla and Myers, 1993].

Non-parametric Methods

The Consistent Threshold (CT) method (or other parametric methods) may be useful for
confirming the suitability of a chosen distributjdout the method needs quite a large sample
size in order to be able to make a useful judgererihis.

The CT method can be used for actual or censoredsg#s and a simplified form is available
for entirely censored data.

It has been noted [Kent and Funk, 2004] that ‘a-parametric model, while the best
representation of the data at hand, is not nedsHa best representation of risk for a larger
population since it underestimates injury riskleg bow end and overestimates risk at the high
end.’

The loss of power in non-parametric methods, coetharith parametric methods, means that
larger sample sizes are required for non-paramstuidies [Bland, 2000; Walpole and Myers,
1993].

It may be useful to undertake a non-parametricyamal such as the CT method, for all data
sets: if the resulting risk function is not smoditis can demonstrate that the data set is too
small and should be enlarged.

Survival Analysis

Use of survival curves raises some fundamental toqumss on the appropriateness of the
technique given the required assumptions, i.e.igiranalysis techniques usually assume the
specimen is known about at the start of the tnal smspected at intervals, not just once. The
guestion of how to handle censoring thus needsiderdion. However, it was demonstrated
that using right-censoring with the Weibull distriton reproduced the ‘known’ dose
relationship very well, albeit with no real advaggaover using a logit model.

Survival analysis could be used, and there seentseta clear benefit in doing so if the
experiment can be designed to generate entirelgrijorarily) actual (uncensored) data.
However, the method provides no check on the wglidf the input data and it is entirely
possible to generate a reasonable-looking injusl¢ function from highly biased data. One
benefit of using other methods (parametric or narametric) is that any problem with the data
should be obvious.
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Empirical Methods
These are not based on statistical theory and genezlationships that the underlying data (or
model) cannot support.
Empirical methods should not be used for regulatorgonsumer assessment protocols.

Dummy-specific Injury Risk Functions
The development of dummy-specific injury risk fupnas is recommended, as they are more
tolerant of the imperfect biofidelity of the dummy.
Developing dummy-specific injury risk functions ettively always gives censored data sets
for analysis.

Sample Size

. You can get a statistically significant result wjtist 20 tests, but the result is likely to be
biased and to be sensitive to an inaccuracy im$isemptions about the underlying distribution
of the population from which the sample has be&ertaA sample size greater than 30 will
generally reduce the bias and reduce the sengitivinaccuracies in the assumptions made.
Generally samples of 40 or more, in the responsgerawill produce analyses that converge
80% or more of the time and where the slope bidkdly to be 10-15% or less.
If there is a non-existent load response relatignsh the range of interest, then small sample
sizes (n = 20) will be adequate to show this.

Experimental Design

. It is important to design a trial such that thelatoility of the outcome (e.g. leg fracture) is
informative, i.e. in the range 0.1 to 0.9, i.e.rthés not much value in using load/deflection
values where the probability of failure or non-fiad is very low.
Using an adaptive design, where randomly selectéd pf subjects (e.g. legs) are available
and the load applied to the second of the paipiglitioned by the outcome to the first of the
pair — can increase the likelihood of obtainingamwergent solution. However, if the data
points are only in the middle of the response rafagenon-existent) the parameter estimates
may be biased especially with small samples.
It is better to have a spread of load points rathan focus on just a few load points, this
generally will provide a better representationtsf tactual’ response curve.

Confidence Limits

. With existing small data sets, wide confidence tiéngi.e. very low confidence in the injury risk
curve) may have to be accepted or it may evendtenthvalid injury risk curve can be derived
from the data. The only robust option is to ad@xesting data sets to increase the amount of
data and the confidence in the result (or to aeh@estatistically significant result).
Wide confidence limits have particularly importamiplications for cost-benefit studies - if the
true injury risk curve is near the confidence lsr(ior beyond), rather than near the mean curve,
then the actual benefit will be very different toegicted benefit. This suggests that it may
sometimes be appropriate to undertake larger stu@iey. 30 specimens) if the injury risk
functions developed are intended to be used in Rggn.
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7 Appendix A: Mertz/Weber Method

The Mertz/Weber method was first published in Mentd Weber [1982] and has been used in the
literature, e.g. Prasad and Mertz [1985]. The detson below is taken from Mertet al.[1996]

‘The Mertz/Weber method is a simplification of thikedian Rank method that is used to estimate the
cumulative distribution function for the life exgancy of samples that have been tested to failure
(uncensored data). For the Median Rank methodutitensored threshold failure values are rank-
ordered and an integer failure number is assigoezhth value; the lowest failure being assigned 1,
the next lowest being assigned 2, and so, witthiteest failure value being assigned N, which & th
number of samples tested. Using a table of MediamkRralues or the approximate formula, p = (j -
0.3)(N+0.4) where j is the failure number and Nhe number of samples tested, a Median Rank
value, p, is determined for each threshold valdee Ppairs of threshold values and corresponding
Median Rank values are analysed, either analyiaall graphically, to determine the cumulative
distribution function that best fits these values.

‘Mertz/Weber noted that for data sets that contaily right-and left-censored values it made no eens

to rank-order the values and assign Median Ranksdth value, since it was highly unlikely that the

specimens would be ordered according to their dttwesholds. Consequently, there was absolutely
no assurance that the resulting distribution of suead values and corresponding Median Rank
values would have any relationship to the actuadthold failure distribution of the sample.

‘They proposed to modify the Median Rank methoddnk ordering only the values starting with the
lowest value associated with specimen failure (tleakest known specimen) and ending with the
highest value associated with specimen non-faiftire strongest known specimen). Median Ranks
were assigned to the values of this subset ofah®pke. While it still made no sense to determiree th
cumulative distribution function for this subseteit/Weber noted that the values associated with
end points of the subsample could be used as detinfiar the failure thresholds and corresponding
Median Ranks for the weakest and strongest spesinmethe subsample. Furthermore, they noted
that if the form of the cumulative distribution fttion was known a priori, and if it was charactediz
by two constants, then these end points and tlwhesponding Median Ranks could be used to
determine values of the two characteristic constamtd provide an estimate of the cumulative
distribution of the failure thresholds for the sbspecimens.

‘They noted that the accuracy of the method is ddeet on having knowledge of the form of the
cumulative distribution function and the ability thfe investigator to conduct tests to determine the
weakest and strongest specimens of the samplempariant feature of the method is that the actual
failure threshold distribution of the tested spemi®: does not have to match the failure threshold
distribution of the population which is assumediann This allows the investigator to select ardtt
specimens to obtain estimates of the thresholdegdior the weakest and strongest specimens.’



