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The Use of Nonparametric Quantile
Regression and Least Median of
Squares Regression for Construction of
Growth Curves of Weight

Agirlikca Biiytime Egrilerinin Olusturulmasinda
Nonparametrik Kantil Regresyon ve En Kiiciik
Medyan Kareler Regresyonunun Kullanimi

ABSTRACT Objective: This study aimed to investigate the use of the Least Median Squares (LMS) re-
gression and nonparametric quantile regression model comparatively to describe children’s weight growth.
Material and Methods: Two different models were used to obtain the percentile curves to identify the
weight growth in girls. The first model was obtained by LMS regression, which is a member of the fam-
ily of nonlinear parametric quantile regression. In addition, in this model percentile curves used to define
growth were generated using the Box-Cox transformation and the cubic spline. The second model was ob-
tained by nonparametric quantile regression that did not require the assumption of a normal distribution
for construction of percentile curves. This method is a flexible approach, as well as being computationally
simple. The weight values obtained from 1771 healthy girls aged between 6 and 14 years were used in both
methods, The data were collected from the cross-sectional study conducted in schools in Diizce city. Re-
sults: The distributions of weight measurements according to ages revealed that there were deviations
from normality at some ages, there were deviated values in the tail regions of the distribution, and the vari-
ances changed according to ages. Using both methods, growth curves were constructed separately for each
age group. Predicted values of the LMS and the non-parametric quantile regression models were similar
for each age. In addition, the error sum of squares derived from non-parametric quantile regression was
lower than that derived from LMS regression for each percentile curve. Moreover, the estimations obtained
from both methods were highly correlated with the estimation values of the province Istanbul, which
was considered the reference. Conclusion: When the assumptions about the distribution and variances of
the data are violated and these assumptions cannot be achieved with the transformation, nonparametric
quantile regression method gives more reliable results for the creation of percentile curves.

Key Words: Growth&development; growth charts

OZET Amag: Bu ¢alismada, gocuklardaki afirlikca biiylimeyi tammlamada, En Kiiciik Medyan Kareler (LMS)
regresyonu ve nonparametrik kantil regresyon modellerinin karsilagtirmali olarak incelenmesi amaglanmistir,
Gereg ve Yontemler: Cahigmada, kiz ¢ocuklarinin agirlik¢a biiyiimesini tammlamak igin persentil egrilerinin
elde edilmesinde iki farkl bityiime modeli kullamilmigtir. Bu yéntemlerden birisi olan LMS regresyonu, do-
grusal olmayan parametrik kantil regresyon ailesinden olup, Box-Cox transformasyonu ve kiibik egri yardim-
1yla persentil egrilerini olugturur. fkinci yontem, LMS y6ntemine alternatif olabilecek ve dagilim 6n sarn
gerektirmeyen nonparametrik kantil regresyondur. Bu yontem, hesaplama kolayliklarinin yam sira esnek bir
yaklagimdir. Her iki yéntemin uygulamasinda, yaslar 6 ile 14 arasinda degisen toplam 1771 saglikh kiz ¢o-
cugundan elde edilen afirlik degerleri kullamlmigtr. Bu veriler, Diizce ilindeki okullarda yiiririlen kesit-
sel bir ¢alismaya aittir. Bulgular: Yaglara gore apirhk olcimlerinin dagihm incelendiginde, baz1 yaslarda
normal dagilimdan sapmalann gozlendigi, dagihmin kuyruk bélgelerinde sapan degerlerin oldugu ve var-
yanslarin yaslara gére degistifi belirlenmistir. Her iki yéntem yardimyla, her bir yas grubu i¢in ayn ayn bii-
yiime efirileri olusturulmustur. Bu egrilerden elde edilen tahmini afirhk degerleri birbirine benzer ¢ikmigtir.
Bunun yam sira olugturulan her bir persentil efrisi igin parametrik olmayan kantil regresyon tahminlerinin
hatasi, LMS yéntemine gore daha kiigiik bulunmugrur. Aynca her iki yontem sonucunda elde edilen tah-
minlerin, referans olarak kabul edilen Istanbul ili tahmin degerleri ile hayli kuvvetli bir iligki iginde oldugu
belirlenmistir. Sonug: Verilerin dagilim ve varyanslar ile ilgili varsayimlann bozuldugu durumlarda ve trans-
formasyonla bu varsayimlarin saglanamadif kogullarda, nonparametrik kantil regresyon metodu, persentil
efrilerinin olusturulmasinda daha giivenilir sonuglar vermektedir.

Anahtar Kelimeler: Biiyiime ve gelisme; biiyiime gozlem kartlart
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rowth is expressed as a structural increase
G_and is defined as an increase of body volu-

me and mass with the increase of number
and size of cells.! Various growth models have be-
en used to describe the growth occurring in diffe-
rent physical dimensions or organs of the human
body and to reveal whether the current growth is
healthy growth. Some of them focus on the mean
and the others are able to describe the entire con-
ditional distribution of the dependent variable (lo-
gistic nonlinear mixed model). Moreover, these
models are classified as linear and nonlinear mod-
els or parametric, semi-parametric, and non-para-
metric growth models.'?

Quantile regression (QR) techniques are wi-
dely used in preliminary medical diagnosis to iden-
tify unusual subjects in the sense that the value of
some particular measurement lies in one or another
tail of the appropriate reference distribution. QR
can therefore help us to obtain a more complete
picture of the underlying relationship between out-
come such as weight and covariate such as age. QR
results are characteristically robust to outliers and
heavy-tailed distributions.**

Least Median Squares (LMS) method belongs
to the family of nonlinear semi-parametric quanti-
le regression and is a generalized form for the de-
termined quantiles of median regression. Recently
some alternative methods have been developed to
LMS, which have insufficient results, and one of

those is the nonparametric quantile regression
(NPQR) model.5”

This study aimed to compare the use of LMS
regression model and nonparametric quantile reg-
ression model to describe the weight growth of a
healthy child.

I MATERIAL AND METHODS
LMS METHOD

The distribution of the outcome variable changes
according to age is shown by the reference centile
curves. The changing distribution of three curves
representing the median (M), coefficient of variati-
on (S), and skewness (L or A), which is expressed as

Turkiye Klinikleri | Med Sci 2013;33(3)

a Box-Cox power, are summarized by the LMS met-
hod. Three curves (L, M, and S) can be fitted as cu-
bic splines with non-linear regression using
penalized likelihood, and the amount of smoothing
needed can be given in terms of smoothing parame-
ters or equivalent degrees of freedom. These para-
meters can be interpreted as the dimensionality of
the fitted function and are measured by computing
the trace of the pseudo-projection matrix defining
the estimator.®® In the selection of appropriate ef-
fective degrees of freedom (edf) value, the changes
in the Deviance and Akaike Information Criteria
(AIC) values are considered. The curves are created
by taking combinations of L, M, S where Deviance
or AIC values have the smallest number. The edf va-
lues that give good results in many circumstances
for L, M, S parameters, are 3, 5, 3 respectively.

LMS method selects appropriate A, applies
Box-Cox transformation according to this lambda
and transforms Y (t) ‘s measurements to standardi-
zed Z (t) values to ensure normality. The transfor-
med observations are independent and normally
distributed with constant variance.’

Y([) .\Et!_]

Z(t)=[|1(t)—_
Mt)o(t)

After transformation, quantile curve for o« €
[0,1] is estimated by the following model.

Q (aIt)=p(O)[ 1+A()a(t)d " (o)] A

In this equation;

a: The lower tail area of the centile,

z,.: The normal equivalent deviate of size o.*!°

A main assumption of the LMS method is that
the data are normally distributed. The main prob-
lem about the assumption may be the presence of
kurtosis, which could not be adjusted with trans-
formation. However, kurtosis tends to be less im-
portant than skewness as a contributor to non-
normality.®

When the assumptions of normality and the
constancy of the variance of outcome variable are
not valid, NPQR method is preferred instead of
LMS for construction of growth charts."
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NONPARAMETRIC QUANTILE REGRESSION

Various non-parametric quantile regression NPQR
tools have been proposed in the literature.'"'* Non-
parametric spline-based quantile regression is a fle-
xible approach, as well as being computationally
simple, allowing a different grade of curvature for
each conditional quantile.'

Kernel, Local polynomials or smoothing spli-
nes are used for smoothing the percentile curves
predicted in NPQR method. We used series estima-
tors, which are constructed based on cubic B-spli-
nes. These splines directly extend linear and low
order polynomial models. To generate B-splines, n,
m, and p values are needed. Here, p is the degree of
B-spline, n +1 is the number of control points, m is
the number of basic functions and m= n+p+1. In ge-
neral, the lower the degree, the closer a B-spline
curve follows its control polyline.”'>!® The appro-
ximation abilities of B-splines are well known from
the theoretical standpoint; spline models retain the
advantages of algebraic polynomials. Iterative steps
are used for smoothing and appropriate smoothing
coefficient is determined by error of model in each
iteration and proximity to each other of coefficients
estimated for each smoothing parameter. Smoot-
hing parameters are estimated by reweighted least
square method iteratively.

In the NPQR method, the quantiles are esti-
mated as a linear combination of multiple basis
function.'

DATA

Weight is one of the most important indicators for
growth of children and adolescents. The distributi-
on of weight and changes in variances of weights
are important issues for the selection of suitable
growth curve in each age group.'®

The data were obtained from a cross-sectional
study carried out in Diizce city, located in the nort-
hwest of Turkey with a heterogeneous sociocultu-
ral structure. Therefore weights were measured
only once from each subject in each age group.
Schools were selected by stratified sampling met-
hod according to income level. Weights were me-
asured twice in 770 girls from high-income schools,
288 girls in middle income schools and 713 girls in
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low-income schools. The arithmetic mean of the
two measurements were recorded. Weights were
measured with precision digital scales (Felix
brand), which are sensitive to 0.1 kg. In summary,
the data set consisted of the body weight measure-
ments of 1771 healty Turkish girls aged between 6
and 14 years, in Diizce city between 2009 and 2010.
The study was approved by the ethical committee
of the university.

In this study, unconditional growth curves
were constructed for each age by using LMS and
NPQR. However, other covariates (other social-
demographic features) were not considered to bu-
ild these curves.

Fitting of the percentile curves was performed
using the LMS Chart Maker Ligth software prog-
ram (version 2.3; The Institute of Child Health,
London) and R[is a public domain language for da-
ta analysis sustained by the R Development Core
Team (2004)]. R commands for LMS and NPQR
methods were given in the Appendix section.

I RESULTS
DESCRIPTIVE VALUES

Mean, median, standard deviation (SD), minimum
,and maximum values were given in Table 1. The
proportional distribution of age groups were as fol-
lows: 6.21% of subjects were 6 years-old, 13.15%
were 7 years-old, 12.93% were 8 years-old, 12,87%
were 9 years-old, 11.85% were 10 years-old,
14.54% were 11 years-old, 13.21% were 12 years-
old, 11.57% were 13 years-old, and 3.71% were 14
years-old. Although the rate of 6 and 14 years-old
children was smaller than the rate of other age gro-
ups, the sample sizes of those two age groups was
not too small. The standard deviation seemed to in-
crease with age (Table 1).

Percentile values of this study were frequently
used to identify human growth percentile values
(Table 2).

The distribution of weights according to ages,
revealed that the weight values of the girls who we-
re 8, 9 and 11 years old were close to the deviation
from normality. In contrast, the values in the other
age groups were distributed normally (Table 2).

Turkiye Klinikleri | Med Sci 2013;33(3)
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APPENDIX

> library (Imsqreg)
> centiles <- ¢(0.03,0.05,0.10,0.25,0.5,0.75,0.9,0.95,0.97)

> Ims.fit <- Imsqreg.fit (weight, age, edf=c(3,5,3) pvec=centiles)
> plot (Ims.fit)

> points (age, weight, col="blue")

> print (Ims.fit)

> library (MASS)

> plot (age, weight, xlab = "age", ylab = "weigth (kg)")
> library (splines)

> plot (age, weight, xlab = "age’, ylab = " weigth (kg)",
+type="n")

> points(age, weight, cex = 0.75)

> X <- model.matrix (kilo ~ bs(age, df = 5))

> library (quantreg)

> for (tau in ¢ (0.03,0.05,0.10,0.25,0.5,0.75,0.9,0.95,0.97)) {
+fit <- rg(weight ~ bs(age, df = 5), tau = tau)

+ weight.fit <- X %% fitScoef

+ lines(age, weight.fit)

t}

Table 3 showed that skewness and kurtosis co-
efficients of weight values of the girls between 7
and 11 years-old showed more deviation than the
normal distribution values. These results were
compatible with the normality test in Table 2. Mo-
reover, the variances at different ages were hetero-
geneous, leading to the conclusion that variances
are not stable (Figure 1).

On the other side, the raw percentile curves,
which were not transformed and not smoothed

according to age were given in Figure 2. The per-
centile values that were taken into consideration,
are important in health literature. Because of vi-
olations of the assumptions for parametric tests,
firstly Box-Cox transformation was applied to the
data. And then percentile curves were constructed
with the LMS method.

RESULTS OF LMS METHOD

Weight values deviated from normal distribution
at some ages and deviated values existed in tails of
distribution. In addition, the variances changed ac-
cording to age. Since these assumptions were dam-
aged, the LMS method that includes Box-Cox
transformation was used. The corrected percentile
curves, that were predicted according to ages after
the LMS method was applied, and the L, M, S esti-
mation curves were given in Figure 3.

TABLE 1: Descriptive statistics of weights.

Age N Mean Median SD  Minimum  Maximum

7 233 24913 24,800 3816 17,200 38,800

228 30,937 30,200

256 39,324 38,400 7,778 25,200 66,400

205 49,908 49,200

N: Number; SD: Standard deviation.

TABLE 2: Raw percentile values of weight.

Percentile values

Normality test
75 95 97 P)

Turkiye Klinikleri ] Med Sci 2013;33(3)
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TABLE 3: Shape parameters of weight distribution and homogeneity test results.

Levene test for Homogenity of variance

(df1=8, df2=1762)
Age Skewness:S.E. KurtosisS.E Test statistics P value
0,792 + 0,159 1,000 + 0,318
0,729 + 0,161 0,030 + 0,321
0,697 + 0,152 0,274 + 0,303
0,413+0,170 0,111 0,338
SE: Standard error.,
80.0 - -
) g &
b %
g =3 " // //:.’.-:m
g ! " 5 =
7] b b » |
0.0 i — = =
' , ' ’ n “ “ " “ & T L L] w n u 13 "
Ages cir:

FIGURE 1: Distribution of weight values of girls at each age.

While there was a linear increase in L and M
values in Figure 3, S value seemed to increase until
the age 10-11 years followed by a decreasing trend
later. The blue spots in the graphic show
real weight values and the discontinuous lines shows
the percentile curves that are estimated with LMS.

The percentile values that were estimated with
LMS method were given in Table 4. These values
were obtained after both transformation and smo-
othing.

In Table 5, the estimated values of L, M, and S
parameters according to ages were shown. Percen-
tile values were estimated by using these values.

RESULTS OF NONPARAMETRIC QUANTILE REGRESSION

Percentile curves were reconstructed by using non-
parametric quantile regression on the same data be-
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FIGURE 3: Predicted percentile curves according to the LMS method.
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TABLE 4: Smoothing percentile curves obtained from LMS.
LMS
Predicted Percentile Values
Age 3 5 10 25 50 75 90 95 97

31,813

56,659

50,012

LMS: Least median of squares.

cause there was deviation in tails of distribution
even if Box-Cox method was applied. The percen-
tile values that were estimated by the NPQR met-
hod were given in Table 6.

The percentile curves for the NPQR method
were illustrated in Figure 4. In the figure, sym-
metric percentile curves were shown with the sa-
me color. The effect of covariate (age) occured
differently on different percentile curves in both
LMS and NPQR methods because the estimated
percentile curves were not exactly parallel to each

other,

The results of symmetric percentiles were gi-
ven in Tables 7-11, which involves NPQRL model
coefficients for each percentile values. ‘bs’ is the ba-

TABLE 5: L, Mand S values at each age.

L M S (Goeﬂ' Var.)
-0 391 24,285

-0,755 30,138 0,172

39,067

0,183

0,177

49,208

se function and all the models constitute of 5 base
functions. “B” is the regression coefficient of the
base function and in the next column standard er-

TABLE 6: Smoothing percentile values obtained from NPQR model.

Age 3 5 10 25

NPQR
Predicted Percentile Values
50 75 90 95 97

NPQR: Nonparametric quantile regression.

Turkiye Klinikleri | Med Sci 2013;33(3)
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Table 12 includes the mean error of the mod-
els, and standard deviation of those errors with mi-
2t T— o E nimum and maximum values. Errors were
T Gianies (010090 : computed by summing the squares of the differen-

8 1 | — quaniles (0.26/0.75) pH 7 : 8 q
e ces between the estimated values from the LMS

FIGURE 4: Predicted percentile curves for the nonparametric quantile reg-
ression (NPQR) method.

ror of that coefficient. Next column of the table in-
dicates standart error of B coefficient. t value shows
the hypothesis test of the B coefficient. The inter-
cept value is equal to the minimum weight value
in the percentile. Percentile value of a new subject
is estimated by using the intercept value and the
regression coefficients.

and NPQR models and their observed weight valu-
es. This table revealed that the sum of error squa-
res of the NPQR estimates was lower than the LMS
estimates in all percentile values. Especially this
difference was highest at a percentile value of 10%.
This result indicated that the estimations of NPQR
method were more successful (Table 12).

The studies that are conducted in Istanbul
constitute the basis of growth curves that are de-
veloped in Turkish children. Neyzi et al.”” descri-
bed the reference values for various percentile
values of girls aged between 12-14 years (Table 13).
These values were obtained via the LMS method.
When the reference values described by Neyzi et
al.'” were compared with the LMS estimations
(Table 4) and NPQR estimations (Table 6), similar
results were obtained.

TABLE 7: NPQR model coefficients for 3" and 97™ percentiles.

Model coefficients B

T

Std. Error
bs(age, df = 5)1

t value

0.78279 0.76576 1.02224

bs(age, df = 5)3 11.20669 1.7237 6.50151

2.33766 10.09558

bs(age, df = 5)5 236

Model coefficients for 3. percentile
Pr(>[t]) B

0.30681

Model coefficients for 97. percentile
Std. Error

t value

Pr(>t])

5.23904 2.05577 2.54846

0.0109

30.30452 3.19347

1.10715 0

40.8

B: Regression coefficient of the base function; NPQR: Nonparametric quantile regression; Pr(>[t]): Actual p value,

TABLE 8: NPQR model coefficients for 5" and 95" percentiles.

Model coefficients Std. Error

bs(age, df = 5)1

t value

bs(age, df = 5)3

df = 5]

bs(age, df = 5)5

Model coefficients for 5. percentile

Pr(>[t)

0.99774

Model coefficients for 95. percentile
Std. Error t value

Pr(>t])

248221 2.13695 0.03274

3.3393 8.7101

20.13061

2.04663

B: Regression coefficient of the base function; bs: Base function; df: Difference; NPQR: Nonparametric quantile regression; Pr(>{t|): Actual p value.
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TABLE 9: NPQR model coefficients for 10" and 90" percentiles.

Model coefficients B Std. Error t value

0.98684

bs(age, di=5)1 0.66805 0.67695

bs(age, df=5)3 11.36023 1.20989 9.3895

bs(age, df=5)5 256 136196 18.79646

Model coefficients for 10. percentile
Pr(>[t]) B

0.49852

Model coefficients for 90. percentile
Std. Error t value

Pr(>[t])

4.49177 2.35082 1.91072 0.0562

153

27.52696 2.2648 12.15425 0

39.4 258122 15.26411 0

B: Regression coefficient of the base function; bs: Base function: df: Difference; NPQR: Nonparametric quantile regression; Pr(>|tf): Actual p value.

TABLE 10: NPQR model coefficients for 25" and 75" percentiles.

Model coefficients B Std. Error t value

0.64853

1.0978

bs(age, df = 5)1 1.43838 221791

bs(age, df = 5)3 13.72472 12.50207

bs(age, df = 5)5 26.2 0.70188 37.32829

Model coefficients for 25. percentile
Pr(>[t)) B

0.02669

Model coefficients for 75. percentile
Std. Error t value

Pri>lt)

2.91646

0.93504 3.11907 0.00184

2262521 1.8715 12.08937

328 2,06976 15.84727 0

B: Regression coefficient of the base function; bs: Base function; df: Difference: NPQR: Nonparametric quantile regression; Pr(>Jt|): Actual p value.

The relationship between the reference valu-
es'” and the estimated values obtained in the pres-
ent study was given in Table 14 collectively. Table
14 revealed that there was a significant and very
strong relationship between reference values !7 and
the estimation values obtained by the LMS and
NPQR methods in the present study.

I DISCUSSION

Many studies have defined human growth in the
medical research literature.®®72! QObserving
growth stages is a very important process for un-
derstanding whether the development of children
is healthy or not. Assessment of children’s growth
is monitored by using percentile curves that are
developed for weight, height and head circumfe-
rence measurements according to the age and
gender.

In this study, percentile curves were construc-
ted using weight data of healthy girls by using the
LMS and NPQR methods where the distribution of
weight values was skewed and the variance of the

Turkiye Klinikleri | Med Sci 2013;33(3)

TABLE 11: NPQR model coefficients for 50" percentile.

Model coefficients for 50. percentile
Model coefficients B Std. Error  tvalue  Pr(>|t])

09

bs(age, df = 5)1 24435 0.86432 2.82707 0.00475

bs(age, df = 5)3 18.4484 122 1512163

bs(age, df = 5)5 296 117999 2508489 0

B: Regression coefficient of the base function; bs: Base function; df: Difference;
NPQR: Nonparametric quantile regression; Pr(>t|): Actual p value.

weights varied according to age. Some researchers
have emphasized that the quantile regression mo-
del gives better results in such circumstances.? The
results of the Monte Carlo simulation study sho-
wed that non-parametric quantile regression met-
hods might provide better and more robust
estimation results especially when the underlying
model was non-linear and/or the error term follo-
wed a non-normal distribution compared to their
parametric counterparts.?
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TABLE 12: Goodness of fit results of LMS ve NPQR methods.

Percentile N Mean Error Std. Dev. Sum of error square Minimum Maximum

0,074 0,586 2,793 -1,364 0,820

3 9
é 5 9 0,008 0,567 2,661 1,080 0,670
g 10 9 0,057 0,322 0,858 0,460 0,380
S 9 0,133 0,436 1679 0,400 0,950
3 50 9 0,008 0,498 1,087 -0,940 0,700
S 7 9 0,066 0,645 3,370 0,760 0,850
S w 9 0,334 0713 5,069 0,540 1,700
-g % 9 -0,051 0,746 4,476 1,520 0,650
& g7 9 0,337 0,785 5,049 1,322 1518

N: Number; LMS: Least median of squares; NPQR: Nonparametric quantile regression.

LMS method is used mostly for construction of TABLE 13: Weight values of Turkish girls estimated
percentile curves. However, this method was sugges- from Istanbul reference values (Neyzi et al 2008).

ted to give good results when assumptions like the

; Girls' weight percentiles (reference values)istanbul
homogenity of the variances and normal distribution Age 3% 0%  25% 50%  75%  90% 97%

were met.*® In addition, the NPQR method is more
flexible than the LMS about taking different covari-
ates to the model and it is more suitable when the
parametric model assumptions are not valid.'®

Our results suggest that the sum of error squ-
ares of the NPQR estimates was lower than LMS
estimates in all percentile values. Especially this
difference was highest at a percentile value of 10%,

TABLE 14: The relationships between estimates and reference values.

The relation between LMS predicted values in The relation between NPQR predicted values in
this study and reference values in Table 13 this study and reference values in Table 13

Percentiles r R-sqr (%) p r R-sqr (%) p

am 0.997 99.4 <0.0001 0.998 99.6 <0 0001

LMS: Least median of squares; NPQR: Nonparametric quantile regression.

700 Turkiye Klinikleri ] Med Sci 2013;33(3)
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which led to the conclusion that the NPQR met-
hod was less affected by outliers. In addition, the

reference values in the Istanbul study and estima-
tes of our models were highly correlated.!”
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