














Example of stable, poor trace
Figure 6.6 : Hospital number 2
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Example of trace for PGD

Figure 6.7 : Hospital number 3
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Example of trace for AGL
Figure 6.8 : Hospital number 4
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the slope is not positive for a long enough period of time and is being clz;ssiﬁed
as stable, poor instead of its true status PGD.

The trace of hospital number — 7 — is positive just long enough for PGD to
be detected instead of being classified as stable, poor but here the values of the
lower band are extremely close to zero.

The graft with hospital number — 8 - is said by the medics to be a case of
progressive graft dysfunction but we suspect that short spikes and the sparseness

of the data are the reasons for the algorithm concluding a stable, good status.

On the whole, the algorithm seems to perform well. 1t is of interest to apply
it to more data and to continue with further analysis. Before doing so, a few

notes on problems and possible amendments should be made.

Firstly, the detection of the S-shape curve could be examined by looking at
the remaining data after detection of PGD and re-running the algorithm on this.
However, when this was tried, there was no further improvement in the success

rate already achieved and further adjustments were not attempted.

Some acute graft losses are still going undetected. There may be a need to
be more specific about the size of jumps in creatinine levels. However, this would

create yet another area requiring subjective tuning of the algorithm.

The effect of short spikes in the trace to the slope coefficient could be lessened
by using robust regression. This will be more difficult to implement, and could

affect those classifications already specified.

137




creatinine

-1/creatinine

slope

Example of misclassification
Figure 6.9 : Hospital number 5
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Example of misclassification
Figure 6.10 : Hospital number 6
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Example of misclassification
Figure 6.11 : Hospital number 7
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Example of misclassification
Figure 6.12 : Hospital number 8
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6.2.9 Results of the Algorithm

The time of event, status and covariate information were available for 446 indi-

vidual grafts. The classifications of these were :

status number in category
stable,good 306
stable,poor 419
PGD 66
AGL 25

Table 6.2: Results of algorithm

The proportions in each category are similar to those observed in the set of
test cases. This indicates confidence of a representative test sample and consis-

tency in the algorithm.

A histogram of the times associated with the onset of progressive graft dys-
function (Figure 6.13) shows how the times are distributed, with most of them

occurring within two or three years of transplantation.
6.2.10 The Experts’ Views

The algorithm was tried, tested and improved on the basis of 100 randomly chosen

grafts and the views of two experienced medics.

A more rigorous test to assess the performance of the algorithm was carried
out using the opinions of three other experienced medics on all 446 of the available
grafts. Drs. Douglas Briggs (DB), Brian Junor (BJ) and Stuart Rodger (SR)
were given the traces of serum creatinine and -1/serum creatinine for each of the
individual grafts (similar to Figures 6.1-4). On the basis of these, each expert
independently decided on an appropriate classification from stable good, stable
poor, PGD or AGL.

Tables, similar to that in section 6.2.9, could be drawn for each pairing of

expert and of expert and algorithm. The question of interest is the extent to
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which there is agreement in PGD classifications.

The categories stable good, stable poor and AGIL are merged to provide a
classification which encompasses all cases ezcept those diagnosed as PGD. (The
motivation for this is clearer when techniques for further analysis are discussed
in the next section.) For example consider the comparison of opinions of Dr.

Douglas Briggs and the algorithm.

Algorithm
PGD Other
PGD 57 29
DB
Other 9 347

Table 6.3: DB and Algorithm classfications

Note: There were occasions when the experts felt that a particular graft did
not fall into any specific classifications. Also the algorithm requires at least one

year’s data to be able to make a decision. These cases have been disregarded

from this analysis.

An obvious quantity to measure agreement would be the proportion of cases
correctly classified. For the case of DB and algorithm above, this is 0.914, calcu-
lated as 57-+347 / 57429494347 . The other combinations of opinion produce

the following results.

DB BJ RR ALGO
DB 1 0941 0941 0.914

BJ 1 0947  0.881
SR 1 0912
ALGO 1

Table 6.4: Comparisons of Experts’ Views

In assessing the performance of the algorithm, it should be borne in mind that
the opinions of the experts are themselves not in complete agreement. However,

there is slightly greater agreement among the experts than between the experts
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and the algorithm. Nevertheless, the algorithm has achieved a good level of

performance.

6.3 Factors Affecting the Onset of Progressive Graft Dys-
function

To investigate which factors may cause, or have an influence on, the onset of
PGD, we grouped together cases in the stable good, poor and AGL categories.
This allows us to employ survival analysis techniques since we use our time event
of interest (discussed in an earlier section) as “survival time”, grafts which have
experienced PGD will be said to be “failures” and “censored” observations will
be all those which fall into the other three categories. The classifications used
are those obtained from the algorithm since these have been shown to be in close
agreement with diagnoses by medical experts and the criteria on which they are

based are expressed explicitly.

Firstly we found the Kaplan-Meier survivor function estimates for these data
and a plot of these can be seen in Figure 6.14. This gives a very basic illustration
of the probability of suffering PGD over time. Point estimates for this probability
for different years are helpful.

Estimated cumulative
Year | Probability of onset
of PGD

0.05

0.12

0.15

0.17

0.19

U Q2 DN

Table 6.5: Survival by Year

This reflects the pattern displayed by the histogram in the previous section,
namely that most of the occurrences of the PGD are detected within one or two

years of transplantation.




Various covariates which were thought likely to have an effect on the occur-
rence of PGD, were analysed using Cox’s proportional hazards model(Cox,1972).

The results of careful model comparisons can be summarised as follows.

A variety of covariates were not found to be related to the occurrence of PGD.

e Neither the age of the recipient nor the donor at the time of transplant was

found to significantly affect the onset of PGD.

o Neither sex, male or female, is significantly more at risk to this condition

than the other.

e The mismatch score, used to assess the acceptability of the kidney to the
patient, and the number of peak panel level reactive antibodies were

also found to be non-significant in their effect on PGD.

e The number of days between the date of the kidney first functioning
and the date of transplant does not have a significant effect on the onset of

PGD either.

e Cyclosporin dosage and blood level and the number of hypertensive
drugs were included as time-dependent covariates in the model but none of

these was found to have a significant effect.

o There are several immunosuppressive drugs used to suppress the natural
immunity of the body which would otherwise cause the transplanted organ
to be damaged by a rejection process, but none of these, nor any combination
of them, was found to have a significant effect on the occurrence of PGD.

(Perhaps due to small numbers in some groups.)
The following covariates were found to be related to the occurrence of PGD.
e The type of transplant (cadaver or living-related donor) was found to have

an effect which bordered on significance (p-value = 0.08) when fitted in the

Proportional Hazards model.
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When investigated further, using the log-rank test statistic to cdmpare
the two Kaplan-Meier survivor functions, there was again a borderline effect
(x* = 3.1, p-value = 0.078). Figure 6.15 shows these two curves and we
suspect that the difference would be more statistically significant if more
cases were available in the living-related donor group (Only 2 out of 37
grafts experienced PGD in the living-related donor group, as opposed to 60

out of 375 in the cadaver group.)

e The first covariate which was found to be strongly statistically significant
was the number of rejection episodes treated with steroids. (coefl =
; 0.06, p-value < 0.005)

Since there were dates available for when each rejection occurred, the
number of days to rejection from transplantation was entered as a time-
dependent covariate in the Proportional Hazards Model and found to be
significant.(coeff = 0.0007, p-value = 0.015)

A simple way to analyse this effect is, to use the log-rank test statistic to
test for different Kaplan-Meier survival curves.(See Figure 6.16)

Further investigation showed that the principle difference lies in whether or
not the graft has suffered a rejection episode, irrespective of how many. (x?

= 16, p-value < 0.0001) Point estimates for the two groups, similar to those

used earlier for the basic curve describing onset of PGD, are shown below.

year | no rejection episodes at least one
rejection episode
1 0.01 0.08
2 0.06 0.18
3 0.06 0.22
4 0.09 0.25
5 0.10 0.26

Table 6.6: Probability of survival by year and rejection episode

Recalling that the type of transplant was of borderline significance, the effect

of the number of rejection episodes treated with steroids was re—analysed on

cadaver transplant patients but the results were found to be very similar.
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e Systolic and diastolic blood pressure, fitted as time-dependent cov‘ariates
separately, are significantly related to the occurrence of progressive graft
dysfunction. (coeff = 0.0284 & 0.0327, p—value = 0.0001 & 0.0199 respec-
tively) These quantities are more traditionally analysed as a mean blood
pressure (ssystolic + 2diastolic) and, not surprisingly, this also produces a

result which is significant. {coeff = 0.0416, p-value = 0.0002).

This is in apparent contradiction to the non-significant effect of the number of

} hypertensive drugs and the interpretation of this is not clear.

l In this analysis the mean blood pressure (MBP) of individuals was noted
annually, for a maximum of six years. The time-dependent proportional hazards
model requires a survival time for each observed MBP measurement. So, indi-
viduals who had not yet been observed to fail in a particular time interval/year,
were classed as being censored at the upper end of that interval. Each of these
times is treated as an observation and Cox’s PH model is fitted using all these
measurements. For example, a patient observed to experience PGD after 1500

days will contribute 5 observations to the analysis.

Start End Status MBP at year ...

0 365 0 1

365 730 0 2

: 730 1095 0 3
1095 1460 0 4

1460 1500 1 )

Figure 6.17 displays the data as it would be analysed using the time-dependent
PH model. The high proportion of censored data and sparsity of large failure
times may be masking the evidence of an effect. A percentile lifetime curve un-
der the PH model would help to provide a graphical interpretation of how MBP
changes with time. It may also be informative to consider a doubly-smooth per-
centile curve as this does not have the restriction of being forced to be monotonic

unlike the PH curve. The smooth and PH 5% percentiles across the mean blood

pressure are shown in Figure 6.18. The axes have been swapped round to help




the understanding of the key features. Both curves suggest that the time to PGD

decreases as MBP increases.

To investigate this further, each year’s data, as it is entered in the time-
dependent model, is analysed separately.

The results of fitting Cox’s PH model to each year were as follows :

Year | Coeff. | p-value
11 0.035 0.064

2| 0.087 0.001
3 |-0.027 0.548
41 0.055 0.061

Table 6.7: Analysis of Mean Blood Pressure by Year

There is too little data to analyse the effect of MBP during years 5 and 6.
Also, since only 4 failures occurred in each of the third and fourth years, the
results from these time intervals are dubious. The effect of mean blood pressure
on progressive graft dysfunction in year 1 is marginally significant but the effect

during the second year is larger.

The subjective technique applied earlier to assess the effect of MBP on all the
data is employed here for data observed only during the second year. The smooth
and PH 5% percentile curves are calculated and shown in Figure 6.19. Under the
PH model, the curve decreases sharply at 100mm#Hg, with slope gradually becom-
ing less steep at around 120mmHyg. The smooth curve displays a less dramatic
shape although there appears agan to be a change in gradient around 115 or 120
mmHtg. Categorising the data into 2 groups, survival times with MBP<115mm#Hg
and MBP>115mmHg, the Kaplan—Meier survival curves can be drawn and com-
pared (see Figure 6.20). Results from this analysis show that there is significant
evidence that patients with mean blood pressure >115mmHg are likely to suffer
from PGD earlier than those with lower MBP. (x? = 6.4, p-value = 0.012)

Attempts were made to separate the data into three groups to assess whether
it is more applicable to consider MBP as low, medium and high but the results

implied that the lower 2 groups should be merged. Lack of data would also sug-




mean blood pressure (mmHg)

100 120 140 160

1

80

Figure 6.17 : Mean BP vs Survival Time

1

(0] 0
0
X 0 0
X X (0] g 0 (0] (0]
X X X 0 8 00
}’Q X o X ® 8.0
@
X W ®
XX x KX o CP%@%%@
x> %6
X %00
0 00
365 730 1095 1460 1825 2190 2555 2920

time (days)

Figure 6.18 : Survival time vs Mean BP
with 5th smooth and PH percentiles

0 03 000 @ ®
8 000038 28D 00 0 0 0

N

X
00 O

100 120 140
mean blood pressure (mmHgQ)
broken jne = PH * solid line = smooth

160




T e

gest keeping only 2 categories as we want a reasonable number of individuals in

each.

Since the mean blood pressure at year 1 was observed to be a marginally
significant effect, it may be worth further investigation. The same procedures
were carried out as for the year 2 data but, as would be expected, evidence of an
effect was less obvious. In particular, the smooth 5 percentile curve, of Figure
6.21, displays very little change over the range of MBP (apart from those areas
where it is clear that one particular point is having an effect on the curve). The
value at which the PH curve decreases is around 100 mmHg which is consistent
with the data analysed in year 2.

The cutpoint 115mmHg was used to distinguish between high and low MBP
as before but the two Kaplan—-Meier curves were not found to be significantly
different. (x? = 2.2, p—value = 0.141). However the effect of moving the cutpoint
to 110mmHg produces a result which borders on significance. (x* = 3.8, p-value
= 0.051). Between 110 and 115, there are a lot of censored values and four failure
times, two of which are low. Figure 6.22 shows the 2 sets of KM curves for these
different cutpoints. It is very difficult to determine the nature of the effect of
blood pressure on survival time due to high censoring proportions and the extent

to which even one or two failure times can affect, or change, the conclusions.

This area may be worth further investigation, in particular to find more evi-
dence as to whether blood pressure is a causal or subsequent effect. However, it
should be borne in mind that the large amount of missing data and high propor-

tion of censoring casts doubt upon the significance of the results.

At first, it may seem surprising that only a few covariates were found to have
a significant effect on the onset of progressive graft dysfunction. However, since
relatively little is know about the occurrence of this type of deterioration perhaps
other factors, which have not been considered here, require analysis. These results
are still interesting and important and will, hopefully, help future research into

this condition.
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Figure 6.21 : Survival time vs Mean BP during year 1
with 5th smooth and PH percentiles
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6.4 Summary

Progressive graft dysfunction is a condition suffered by some kidney transplant
patients. It is a steady deterioration of the function of renal gr=ft but little is

known about what causes it.

An algorithm has been developed to provide an explicit rule for detecting
incidents of progressive graft dysfunction. Previously these cases have been diag-
nosed by the experienced, though subjective, impressions of doctors, who observe
| the transformed serum creatinine levels measured over time following transplan-
/ tation. The algorithm also uses these levels as the basis of its diagnoses and a
| graft can be classified as one of four conditions ~ experienced progressive graft
dysfunction or acute graft loss (a much more severe deterioration) or in a stable,
good or poor, state. A time corresponding to the number of days until the event
occurred is also given. The proportion of correctly classified grafts by this method

has been demonstrated to be high.

Cox’s Proportional Hazards Model and log-rank tests were used to analyse
the data obtained from the algorithm with appropriate covariate information.

The event of a rejection episode significantly increased the chance of the onset
of progressive graft dysfunction, although the risk did not seem to increase if
there were subsequent rejection episodes. This may be explained by early acute
rejection damaging the graft, rendering it susceptive to later immunological in-
jury, or perhaps further reducing the number of functioning nephrons. Another
study by Almond et al. also found this to be an important factor.

It also appears likely that patients whose kidney was from a living-related
donor are less likely to suffer from progressive graft dysfunction than those who
had a cadaver transplant. It is thought that the living-related donor grafts are
likely to be better matched and suffer less damage during organ donation and
transplantation.

The effect of blood pressure is interesting. It is thought that an increase in

blood pressure could cause injury to the graft through haemodynamic mecha-
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nisms but as yet it is unclear as to the extent of its significance.

Cyclosporin nephrotoxicity was observed to have an effect on the occurrence of
PGD in a study by Salomon (1992) but, in this analysis, the drug dosage did not
appear to have a significant effect. At the beginning of this chapter, other causes
of late graft loss were listed, such as donor age, but these would not appear to
be directly relevant to PGD sufferers and perhaps more distinction between the

different causes of rejection is required.
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Chapter 7

Linear Growth Curves for
| Children with Cerebral Palsy

. 7.1 Introduction

At the Kennedy Krieger Institute in Baltimore, Jackie Krick and Patti Miller
have collected data on a large number of children with cerebral palsy. They are
interested in assessing the growth and weight of these children relative to their

ages and how this compares to the development of normal children.

Cerebral palsy (CP) is caused by non—progressive abnormality of the imma-

ture brain and results in disorders of movement and posture. Other symptoms

may include mental retardation, seizures, visual and auditory deficits.

The cause of the brain damage, which results in cerebral palsy, can only be
identified in 60% of all cases but is distinguishable from other brain disorders in
that it occurs before a child’s brain has fully matured, which is usually when a

child is about sixteen years old, and its lack of progression.

There are different types of cerebral palsy, corresponding to differently dam-
aged regions of the brain, which in turn determines which limbs are most affected

by spasticity. The main types are :-
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e quadriplegia - all four limbs affected
e diplegia - legs affected more than arms
e hemiplegia - arms affected more than legs

e paraplegia - legs only affected, no involvement of arms

The National Centre for Health Statistics (NCHS) constructed percentile
curves which could be used to assess the physical development of normal chil-
dren. Data from other previous studies was combined providing measurements
on a sample of over 20,000 children. (Care was taken to ensure that this was
a representative sample of all children in the United States of America.) The
four curves derived from this research were various percentile curves for height,
weight and head circumference vs. age, and weight vs. height. Each chart was
constructed for males and females individually and for the two age groups 0-36
months and 2-18 years. We want to present similar charts for children with cere-
bral palsy. Although we obviously do not have as large amount of information
as was used to create the NCHS charts, there is enough data to achieve useful

results.

It is thought that there are less differences in height and weight between
children with cerebral palsy of a similar age, even children of different sex, than
we would find in normal children. So, we should assess the similarities of the
charts and consider the possibility of creating a “combined cerebral palsy chart”

to represent the growth of both sexes.

One of the major aims of the analysis is to compare the rate of growth of
normal children with that of the children with cerebral palsy. The latter are
thought to be both lighter and smaller than normal children.

Deductions from a visual comparison of the charts may not be enough since,
as was mentioned before, the sample of children with cerebral palsy is small

relative to that used to construct the NCHS charts. Therefore, we will assess the
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sample variability to validate our conclusions.

Objectives

o Compile growth curves for children with cerebral palsy
o Assess similarity of male and female curves.
e Compare CP and NCHS growth curves.

e Analyse sample variability and differences with NCHS curves.

7.2 The Data

We have data on 282 boys and 262 girls. During visits to the Kennedy Krieger
Institute, the age, height and weight of each child was recorded. The number of
measurements for each child varies widely and there is no set frequency to the
visits. In total, we have 1080 measurements on the boys and 1088 measurements
on the girls (although there are a few missing data points occurring where the
height was not recorded.) Data were not collected on head circumference as it
was not thought to be of interest in this research.

While it is tempting to utilise all of the available data, there is a longitudinal
aspect to the measurements. If a method appropriate for cross-sectional data
is used, there would be a risk of over-, or under-, representing some patterns of
growth. For example, very small children may be monitored more closely and
would therefore contribute more measurements to the data-set than children of
average height. (An informal investigation showed there to be some evidence
of this.) Therefore, for each child, only the information recorded for one visit,

chosen at random, is used in the analysis.

We must distinguish between the different types ot cerebral palsy from one

another as they are thought to develop at different rates, just as their growth rate

differs from that of normal children. However, we have an insufficient amount
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of data on any of the types of cerebral palsy apart from quadrilplegia so we will

consider only children with this condition.

In the NCHS charts, separate curves were derived for two age groups — <36
months and 36 months —18 years. However, we do not have enough information
on children under 36 months so charts will be constructed using the whole range

of data from 0-18 years.

Figures 7.1-6 show scatterplots of the complete data—set. (Other figures will
show only the data analysed.) These are plots of height vs. age, weight vs. age

and weight vs. height for males and females individually.

Although a smooth line representing the median growth rate on these plots
is informative, it is important to identify a region in which most of the data will
occur. This will be illustrated by also considering the 10th and 90th percentile
growth curves. The 10th(90th) percentile curve is defined to have 10(90) percent

of children’s heights below the curve at the corresponding age.

In both the girls’ and boys’ data, there appears to be a couple of observations
which look, almost unreasonably, large. There was assurance however, that these
were genuine measurements. These cases help to highlight the need to calculate
percentiles since the size of the value will not have as large an effect as it would

if we were calculating, say, mean values.
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Scatter plots
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7.3 Methodology

The topic of nonparametric percentile curves has been discussed at length already
in Chapters 2 and 3, where kernel estimates were used to derive quantile curves
for survival data. Here there are no censored observations and this is therefore

an opportunity to explore other nonparametric methods.

A common technique for fitting a curve to non-linear data is smoothing
splines. The rationale behind this is as follows. (See Hastie and Tibshirani

| (1990).)

Let {(X;,Yi)}~, be the set of n data points which have been collected,
where Y is the response variable and X is the explanatory variable. We wish to
characterise the dependence of Y on X. Suppose the relationship can be described

as
Y: = go(Xi) + &
where ¢, is an unknown mean curve. For any curve, g, the residual sum of squares

" (Y — g(X;))? measures the extent to which this curve is close to the data.

This residual sum of squares can be reduced to zero if we choose any curve
which interpolates the data. However, this would obviously produce a curve
which is too rough, and we expect our fitted curve to have a reasonable degree

of smoothness without too much local variation.

In order to choose a suitable curve, g, we can quantify local variation through

the integrated second derivative.

J(g"())d

This measures the roughness of the curve g and can be used as a penalty to ensure
sufficient smoothness, by constructing the weighted sum.
S3(9) = Yo% — g(X)) + A [ (" ()P
i=1

The quantity A denotes a smoothing parameter, whose choice determines the

trade-off between fidelity to the data and the smoothness of the curve. Choosing
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A to be small results in a larger roughness penalty, and hence a less smooth curve,
but a smaller residual error. Choosing X to be large gives a smoother curve but

larger residual error.

Alternatively, we could select the value of the smoothing parameter by spec-

ifying the degrees of freedom for the smooth curve. For the function, S, the
degrees of freedom is defined to be the trace of the matrix S, or, equivalently,
the sum of the eigenvalues of Sy. So the choice of degrees of freedom controls
the flexibilty of the fitted curve, g. This is analogous to degrees of freedom in a
E linear model. The unique solution to the problem of minimising S\(g) over the
class of all twice differentiable functions is a cubic spline. This produces a good

estimator of the true mean function g,.

Hamill et al. (1977) derived the NCHS curves by calculating the percentiles
from the empirical quantile function for small intervals of data across age. The
values for each centile were then smoothed using a cubic spline. Here, less data
is available and the number of points within each interval would be insufficient to
produce reasonable empirical quantile values so a more direct approach must be
used. An estimator of this type was proposed by Jones (1988) and is explained

below.

We are interested in producing a spline estimator for percentiles, rather than
mean values. In order to construct the median smoothing spline, the sum of the
absolute deviances should be used instead of the residual sum of squares. So, we

now solve the following

1‘1‘(li1)lz |Y; — g(X3)| + Af(gu(“))gd“
GE) =1

which can also be written as

mnzly g( (%~ 9K 4 [ (")

9(z) i

This is now a similar function to the one defined above, but with a weighted
residual sum of squares to result in the median spline being evaluated. To

generalise to the p'* percentile, 0 < p < 1, we adapt these weights further and
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use

min S Wilg) (% — g(X0))? 4 [ (" ()

where _
IYi—g(Xi)] LY, —g(Xi) >0

1— .
Wi(g) = Wl——g(%.)l if Y, —g(X;) <0
0 Y, —g(X;)=0

In applying these techniques, it can be helpful to first remove as much as
possible of the linear trend in the data. The quantile spline then has less pattern

to detect and so its fit to the data should be improved.

In the cerebral palsy data, transformations of age and weight improved the
linearity in the plot of response vs. explanatory in each of the charts. The
problem of scarcity of data on older children and the wider variability of height
and weight values of these children is also reduced by making these adjustments.
The transformations used were to take the square root of age and the natural

logarithm of weight values.

Least squares estimation was used to fit a linear regression model to each pair
of transformed (where applicable) variables. So the residuals from this analysis
and the transformed (again, where applicable) explanatory variable were then
used to fit a smoothing spline with 5 degrees of freedom for a specified percentile.
It is a straightforward procedure to transform the results from this back to their

original scale so that we have our curve of interest.
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7.4 The Cerebral Palsy Growth Curves

Figures 7.7-12 are the scatterplots of the different pairs of variables for the
individual sexes with the 10th, 50th and 90th percentiles superimposed.

As we would have expected, both from looking at the data and by intuition,
the rate of growth in the first two or three years following birth is high and
eventually slows down as children get older. Also, initially there is little variation
in the height and weight of children of similar ages but this variability becomes

larger between older children.

As we would expect, the weight vs. height charts show that, for most children,
these attributes will vary proportionally implying that small children will tend to
be much less heavy than tall children.

As mentioned before, information on older children is sparse and, as a result,
we would be wary of using these charts to make any conclusive remarks on children
over the age of 120 months. Despite this, the charts could be very useful in
determining the size of a child with quadriplegic cerebral palsy relative to other

children with this condition.

165




Height (cms)

Weight (kgs)

Weight (kgs)

CP growth curves

Figure 7.7
Boys : Height vs. Age

-
[N I ARl

~

w

L2501 N O O
4 4 7

96 120 144 168 192 216

Age (months)

Figure 7.9
Boys : Weight vs. Age

N A
LDt

R
joo 111431

AuHin

LD S I O D U A T U O |

24 48 72 96 120 144 168 192 216

Age (months)

Figure 7.11
Boys : Weight vs. Height

e AU T AC T A % R - ¢ ¥ B S e
9;!H]J|ﬂ:|lm||mumum||m||a:|1m||m||mum|lmnm

T L3N] T

T T L T
100 125 150
Height {(cms)

166

1

Height (cms)

Weight (kgs)

im--ammmwnbmwmo:\l

Weight (kgs)

—_ e NN W W R B3

Figure 7.8
Girls : Height vs. Age
:
E

L5 I A D O 2
24 48 72 96 120 144 168 192 216

Age (months)

Figure 7.10
Girls : Weight vs. Age

TT T T TTTTTTT I I T T I T T T T TP T T T T T T T TET T oo
0 24 48 72 96 120 144 168 192 216

Age (months)

Figure 7.12
Girls : Weight vs. Height

T T T T 171
100 125

Height (cms)




7.5 Comparison of Sexes

The possibility of representing both males and females in a single chart was
discussed earlier. To assess the plausibility of this, the curves for males and

females were plotted together and can be seen in Figures 7.13-15.

There seems to be very little difference between the actual measurements
or the rates of growth in height and weight. The largest differences can be seen
in children over 120 months. Although it is known that boys are usually bigger
than girls as age increases, we should remember about the scarcity of data and

our consequent reluctance to make any conclusions about children in this region.

Merging the data for the two sexes results in the curves shown in Figures

7.16-18.

There is an argument that the two sexes are so biologically and physically
different that to assess the development of all children together is inappropriate,
regardless of the evidence of the similarity between them in Figures 7.13-15. Also,
the NCHS charts are constructed for males and females individually and we wish
now to compare these with the CP curves. For these two reasons, we shall proceed

treating the sexes separately.

7.6 Comparison with NCHS Charts

In order to reconstruct the NCHS curves, values for the various charts were taken

from the Normalized NCHS/CDC Anthropometric Reference Book.

For the height and weight vs. age curves, the 10th, 50th and 90th percentiles
of height and weight were plotted at 3 monthly intervals. This information was
only available up to the age of 120 months. However, this was not a problem
since we have maintained throughout the analysis that the curves beyond this
age were unreliable anyway. The “blip” at 24 months in the height vs. age chart

occurs because a distinction is made between how a child is measured. Children
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up until the age of 24 months have their length measured and children older than
this are measured by their height. Since children with cerebral palsy are unable

to stand up straight, their length is regarded as being equivalent to their height.

For the weight vs. height charts, the 10th, 50th and 90th percentiles of
weight were recorded for two values in every 5 centimetres between 50 and 135
centimetres. Again the full range of values available was used and here the height

measurements less than 65 centimetres are actually lengths.

Figures 7.19-24 show the charts for the different pairs of variables for both

the males and females individually.

In the height vs. age plots, the NCHS 10th percentiles lie between the 50th
and 90th percentiles of the CP curves suggesting that the children with cerebral
palsy are much smaller than normal children. During the first few months after
birth, there is only a small difference between the two types of curve but this
increases with time. So it appears that children suffering from cerebral palsy also

have a slower rate of development in height than normal children.

We see the same sort of effect in weight vs. age and so children with cerebral
palsy also seem to be much lighter and gain weight at a slower rate than normal

children.

The differences in the weight vs. height charts are not quite so strong but,
since age is not taken into consideration here, this reflects the fact that children

with cerebral palsy are only slightly lighter than normal children of similar height.

7.7 Assessing Sample Variability

As we discussed in the previous section, from the comparison of NCHS and CP
curves, children with cerebral palsy appear to be lighter and smaller than normal
children of a similar age. However we must remember that the sample used to

construct the CP curves is considerably smaller than that used in the NCHS
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charts. We therefore must assess the sample variability of our CP curves and

take this into account when making our comparisons between the two curves.

Estimating the variance of the quantile spline would be mathematically com-

plex but, using bootstrap samples, the variability of the sample can be assessed

in a relatively simple way.

As discussed in Chapter 4, the most basic method of bootstrapping is random
sampling with replacement from the available dataset under the cumulative distri-
bution function. So, for a dataset containing n observations, a bootstrap sample

will be of size n with 0,1,...,n repetitions of each of the original observations.

To assess the variability of a statistic, we draw a large number of bootstrap
samples, calculate the statistic of interest for each sample and create a histogram
of the values. The variability across the bootstrap replications represents the

uncertainty in the statistic calculated for the original sample.

In the CP case, we have resampled children rather than individual observa-
tions, so the resampling is from the joint distribution rather than the conditional
distribution. The percentile splines were calculated for each of 50 bootstrap sam-
ples. Figures 7.25-30 show the NCHS curves as seen before in Figures 7.19-24
but here the shaded areas on the plots indicate the region in which these curves
fell, with the boundaries representing the minimum and maximum values at 3

monthly intervals.

As we would expect, the variability in the percentiles varies slightly between
the variables and the sexes and there is a lot of overlap in the first few months.
The NCHS curves are still above these shaded areas in the comparison of age
vs. height and weight, and the comments of the last section still seem viable.
This analysis confirms that children with cerebral palsy appear to be shorter and

lighter in weight than normal children of the same age.
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7.8 Conclusions

In the previous sections we have built up a picture of what is of interest in

assessing the development of children with cerebral palsy.

It is important to know how quadriplegic children compare to normal children

and to appreciate the amount of sample variability.

The last six growth charts, Figures 7.25-30, combine all this information.
They provide a chart to which a child with cerebral palsy’s height and weight
could be compared to that of both other children with the same condition and
normal children. This comparison can also be quantified in terms of whether the
child’s measurements lie within the 10th, 50th or 90th percentile curve areas. All
of this helps to give parents of children with quadriplegic cerebral palsy some idea

of how their child is developing.
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‘ Appendix A
Taylor Series Arguments
|

Consider the uncensored case of the weighted Kaplan-Meier estimator 5(t|z) and
use the results,

for X ~ Bi(n,0) E(X)=n# var=nf(l-9).
Recall that, for illustration, the covariate values here are assumed to be uniformly
distributed on the design space. The limits of the integration are assumed to

correspond to the range of the z values.

Z] 1 lelj

BE() = B(5852) where Y~ Bi(l,5(2))

(52) 5 tlz»/zw(f%fl)
Jw () sty ] [w (=
= WS - uh)du / JWw)du

= 2w

Q

- / W (w){S(t]2) — uhS'(t|z) + CRE8(¢|2) + O(h?)}du / / W (w)du

= S(t|z) + B.5"(t]z) f u*W (u)du + O(h2)

assuming i to be small and / uK (u)du = 0.

174



var(S(t]z)) =

= wiw

Q

" W,Y,
var (—z—;z’—ﬁ—‘———»v";i> where
g=1 "2

Yj ~ Bi(1,5(¢]2))

I (35 van(¥;) [ & eI (552)

%/111_21;(2 (_Z_;};_g) S(tv)[1 - S(t|v)]dv/%/h%[{2 (z;v) dv

_ %/%K?’(U)S(ﬂz —uh)[1 — S(t|z — uh)]du/;i—/%f@(@du

&

—
’ Ps =4

Pr =

3=

E(Tu(p)) =

Q

~
~>

assuming A to be small.

J K*){S(t]z) - (wh)S'(t]z) + S5=8"(tl))
AL = S(t|2) + (uh)S'(t]z) — BE-S"(t|2)}du [ [ K*(u)du

{J K3 (w)S(t|2)[1 — S(t|2)]du + [ K*(u)uhS'(¢]2)[25(t]z) — 1 — uhS'(t|2)]du

+O(h?)} /f K*(u)du

= S(tz)[1 = 5(=)] + O(R)

again, assuming i to be small.

Now consider the expectation and variance of the quantile estimator, T.,.

Recall from sections 2.1.1 and 2.2.1 that
Q(p) = F~(p) = inf{z : F(z) > p}

with B(X@) = Q(p) ,  cov(Xw), X()) = % »2.(L = po)(F7) (pr) (F ™)' (ps) and

LS Lk (4n=2) F=1(i/n)
! 1 r— 1

/0 L (252) F(2)da
(1=r)/h

K(u)F~Y(uh + p)du

FY(p) + & (F~1)" (p) f u?K (w)du + O(R?)
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var(Th(p))

and

&

Q

= HT i DFEIVEEYE) K (s

o i cov(Xe, X;) K (z=2) K ({2=2)

) i (1)
[ [ e my @) (B y )k (252) K (52) de dy
2/01{/011517_‘11(17'1)’(@(}7“ V() m K (552) K (2 )dx} dy

2/01 {L(:;p)/h%(uh + p)(l - y)(F_l)/(Uh + p)(F‘l)’(y)K-(u)%f{ (%ﬂ) du} dy

2[ [ sk p)0 - 1><p)+uh(F Y)Y ()
( = )du dy

/ (:,:)/ f_ , /,j:(uh +p)(1 = p — vR)[(FYY(p) + vh(F~1)"(p)]
AF~Y(p) + vh(F~1Y'(p) K (w) K (v)du dv

= 2/ ;(ub+p)(1 = p —vh){[(F~ () + ub(F~)(p)(F~)"(p)

+oh(F~Y) (p)(F~1)"(p)} K (v)K (v)du dv
21 H{p(t = p) + uh(l = p) — vhp} K () KX{(#1) (p))* + .. .}du dv

p(1 = p)[(F1 ()] = 2 (1) (0)2h f wK (u) K*(w)du + O(})

where K*(u) = [;° vK(v) dv and assuming & small, so that

p/h
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/
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