Sdii Saglik Bilimleri Dergisi / Cilt 11 Say1 2 /2020

Comparison Of Piecewise Regression and Polynomial Regression Analyses

In Health and Simulation Data Sets

Simiilasyon ve Saghk Veri Setlerinde Parcali Regresyon ile
Polinom Regresyon Analizlerinin Karsilastirilmasi

Bugra Varol', Iimran Kurt Omiirlii2, Mevliit Tiire?

!Aydin Adnan Menderes University, Institute of Health Sciences, Division of Biostatistics, Aydin, Turkey.

2Aydin Adnan Menderes University, Medical Faculty, Division of Biostatistics, Aydin, Turkey.

Abstract

Objective: Piecewise regression, which one or more pieces
are combined in breakpoints, is widely used as a statistical
technique. It was aimed to compare piecewise regression
analyses and polynomial regression analysis using both
simulated data and real data sets.

Material-Method: In the application step of the study,
algorithms were created by using R software for simulation
practice. Polynomial and piecewise regression analysis
methods were compared using data sets with n=100 units
and 1000 times running simulation. Additionally, estimation
performances of piecewise and polynomial regression were
built by using the data sets which contained in the number
of tuberculosis cases according to age in 2010 year and the
number of measles cases from 1970 to 2015 years in Turkey
were compared according to the coefficient of determination
(R?), mean square error (MSE), Akaike information criteria
(AIC) and Bayes information criteria (BIC).

Results: It was found that there was a significant difference
between all of the polynomial and piecewise regression
models (p<0.001). R? values of piecewise regression models
were higher than polynomial regression models; MSE, AIC
and BIC values were observed to be lower. According to
the result of both simulation and real data set applications,
piecewise regression models which were generated according
to optimal knots were found to have better estimation
performance than polynomial regression models according to
R2, MSE, AIC and BIC criteria.

Conclusions: This study revealed that data analysis with
piecewise regressions having optimal knots provided
superiority statistically, although polynomial regression
methods are preferred in the field of health studies mostly.

Keywords: Piecewise Regression, Simulation, Tuberculosis,
Measles, Knot.

Ozet

Amac: Bir veya daha fazla parcanin kirilma noktalarinda
birlestirildigi pargali regresyon, istatistiksel bir teknik olarak
yaygin bir sekilde kullanilmaktadir. Bu c¢alismada hem
simiilasyon verisi hem de gercek veri setleri kullanilarak tek
degiskenli polinom regresyon analizi ile karesel ve kiibik
parcali regresyon analizlerinin karsilastirilmasi hedeflendi.

Materyal-Metot: Caligmanin uygulama basamaginda R
yazilim programi kullanilarak simiilasyon uygulamasi i¢in
algoritmalar yazildi. Polinom ve siirekli parcali regresyon
analiz yontemlerinin karsilastirilmasi n=100 birimlik veri
setleri i¢in 1000 tekrarlt simiilasyon ile gergeklestirildi.
Ayrica Tirkiye’de 2010 yilindaki tiiberkiiloz vaka sayilarini
iceren tiiberkiiloz veri seti ile Tiirkiye’deki 1970-2015
yillar1 arasindaki kizamik vaka sayilarini igeren kizamik veri
setleri kullanilarak olusturulan polinom ve parcali regresyon
modellerinin tahmin performanslari; belirtme katsayisi (R?),
hata kareler ortalamas: (HKO), Akaike bilgi kriteri (ABK) ve
Bayes bilgi kriteri (BBK) degerlerine gore karsilastirildi.

Bulgular: Tim polinom ve pargali regresyon modellerinin
R?, HKO, ABK ve BBK degerleri bakimindan performanslari
istatistiksel olarak birbirinden farkli bulundu (p<0,001).
Pargali regresyon modellerinin R? degerlerinin polinom
regresyon modellerine gore daha yiiksek; HKO, ABK ve BBK
degerlerinin ise daha diisiik oldugu gozlendi. Gergek veri
setleri ile yapilan uygulamalarda en uygun doniim noktalarina
gore olusturulan tiim pargali regresyon modellerinin R?
degerlerinin polinom regresyonlardan daha yiiksek; HKO,
ABK ve BBK degerlerinin ise daha diisiik oldugu belirlendi
Olusturulan pargali regresyon modellerinin veri setlerini
polinom regresyonlara gore daha iyi tahmin ettigi belirlendi.

Sonug¢: Saglik alaninda yapilan c¢alismalarin ¢ogunda
polinom regresyon yontemlerinin tercih edilmesine ragmen
bu caligma ile en uygun doniim noktali pargali regresyonlarla
veri analizinin istatistiksel agidan Ustiinlik sagladigi
uygulamalarla ortaya konmustur.

Anahtar kelimeler: Pargali Regresyon, Simiilasyon,
Tiiberkiiloz, Kizamik, Donlim noktasi.
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Introduction

Scientific studies in the field of health, polynomial regression
models are used in addition to the linear regression models
which are widely used for examining the relationship between
the dependent and independent variables (1-4). However, if
the point distribution of the relationship between dependent
and independent variables shows deviations that cannot be
expressed by polynomial regression models, the distribution
of these models is reduced. In such cases, piecewise regression
models are used (4-6). Examination of point distribution
with piecewise regressions provides the researcher with
possibilities to deal with low-level polynomials, to estimate
for any interval of the independent variable, to obtain more
flexible curves and to easily model complex distributions that
cannot be explained by the known models according to the
optimal knots (7, 8).

Polynomials that form piecewise functions can easily be
combined in computer programs. Therefore, the use of
piecewise polynomials is suitable for predicting particularly
the experimental data or modelled curves (9, 10).

This work aims to compare the performances of quadratic and
cubic piecewise regression analyses and univariate polynomial
regression analysis using simulation data. Moreover,
performances of quadratic, cubic piecewise regression and
univariate polynomial regression were compared using
2010 tuberculosis data set and from 1970 to 2015 measles
data set in Turkey. The performance of the generated models
evaluated according to the coefficient of determination (R?),
mean square error (MSE), Akaike information criterion (AIC)
and Bayesian information criterion (BIC).

Material and Methods
Piecewise Regression

"Piecewise regression" refers to the examination of point
distributions of dependent and independent variables divided
into pieces at specific points called knot (6, 11-13).

It may not always be appropriate to estimate a large number of
(x,y) data points in a data set in the form of {(x;y,)): =1,..., n}
with a single curve. As the number of points increases,
deviations from the point distribution will also increase and
estimation power of the generated model will be lower since
the degree of polynomial representing the relation between
x and y will increase too (14, 15). The piecewise regression
approach is recommended for such cases. Piecewise
regression is based on the principle involving a division of the
data sets at specified intervals and an method in each interval
with polynomials of an appropriate degree (4, 11, 16). If the
knot is determined by the researcher at the beginning of the
trial, such knots are called “fixed knots”. If it is not previously
known and is determined by examining the point distribution
obtained through the research, such knots are called the
“variable knots” (17-19). The functions formed between
the knots starting from the first knot are polynomials in the
d’th degree (20, 21). Determination of location and number
of a knot is closely related to the shape of the distribution.
The approximate location and number of knots in piecewise
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regressions can usually be detected by visual inspection (22).
Visual inspection of point distribution gives essential clues
to the researcher about the division form to be applied, how
a function (quadratic or cubic) will be used and how many
pieces of point distribution will be examined (4, 23).

It is important to note that the areas with sudden directional
changes are the possible knot regions. Furthermore, the
function to be used in the division also determine the point
at which the knot or points will be formed in the point
distribution (7, 19).

“+” Functions

The “+” functions are commonly used to create piecewise
regressions. The regression models can be divided into pieces
according to the knots determined by the functions “+”. A
function “+” expressed by (x-t),, t being the knot, and (x-
t) being the independent variable of piecewise function, is
defined as follows:

x >t
x<t

x —t,

(x—t)s = {O,

If x is less than or equal to knot point t, then function equals
to 0. Otherwise, the function is equal to (x-t). Thus, an
expression given by the function "+" does not affect the part
of the piecewise regression model before the corresponding
knot (24-26).

Piecewise Regression Models

It is called to be “continuous piecewise regression” when
different regions of point distributions show the distributions
in respect of the same function or different functions, the case
where functions created before and after any specified knot
gives the same “y.” value at this knot (11, 16, 27).

Each part that forms the piecewise regression has a unique
fixed-term causing discontinuity. The coefficients that impair
continuity can be removed from the model by applying
continuity constraints into the piecewise regression model.
The general form of piecewise regression without any
restrictions is as follows (25, 26, 28, 29).

m d
DD buln -t +e

l=1v=0

K
Slx) =y = Zb(,jxij + i=12,..,n
Jj=0

In this equation; x represents the value of the independent
variable, t is the knot value, bo; is the regression coefficient,
by, is the regression coefficient of the function “+”, k is the
degree of the independent variable, d is the degree of the
function “+”, e is the error term, m is the number of knots,
and n is the sample unit number (25).

The piecewise regression equation given in the general form
above can also be expressed as:

S(xp) = boo + borx; + ...+ borxf
+ [bro(x = 6%+ byg (o — t) 3 + byplag — t) 3+ byala;— £ 4]
+ [baolx; = )4+ bag(x; = )3+ boplxi = )3+ boglo — ) 4] + ..
t,

+ [Bmo(xi = ) § + D1 (Xi = t) b+ (i = )3+ Ba(xi — t) §] + &
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This equation is constrained by applying continuity constraints
and by, by, ..., by the constants can be removed from the
model. So the model becomes continuous (25, 28, 30).

S(x;) = boo + borX; + ...+ borxf + [b11(x; = t1) 4 + bialx; — t1)3 +... bralx; — £) 4]
+ [bar(x; — t5) 4 + boya; — )3 + .. bya(xi — t) 4] +...

+ [bma (% = tm) 4+ ba(x; = t) 3+ Dyna(x; — t) ] +

Simulation Applications

Two different simulation algorithms were performed in
this study. These algorithms have some differences in the
data generation phase. The comparison of polynomial and
continuous piecewise regression analysis methods was
performed according to R%, MSE, AIC, and BIC values that
were calculated after the simulation of n=100 with 1000 runs.
Descriptive statistics were specified as median (25th-75th
percentiles). The data was analyzed using the base and stats
packages in R software.

Second Degree Simulation Application:

Independent variable, one knot and error term were
randomly derived from x~U(1,100), t~U(40,60), e~U(-15,15)
distributions, respectively.

Then the independent variable z=x-t and the dependent
variable y=-10+15%*x-0.22*x?+15%z+0.07*2*-¢ were
generated.

The quadratic regression model was estimated by the least
square method (LSM) and the R?, MSE, AIC and BIC values
of this model were calculated.

The LSM method was used to estimate a piecewise regression
model including two partial pieces in quadratic+quadratic
structure divided into two according to the knot t, the first
piece being formed only with the variable x, and the second
piece being formed with the variables x and z. The R%, MSE,
AIC and BIC values of the model were calculated.

Third Degree Simulation Application:

Independent variable, two different knots and error term
were randomly derived from the distributions x~U(1,100),
t~U(30,50), t,~U(51,70), e~U(-4,4), respectively.

Then the independent variables z =x-t,, z,=x-t, and the
dependent variable y=-10+7%x-0.2%*x*+0.0012*x’+5.2%7 -
0.02*z2+0.00009*z-2*z +0.01*23-0.00009*z;-¢ were
generated.

The cubic regression model was estimated by the LSM
method and the R?%, MSE, AIC and BIC values of this model
were calculated.

A piecewise regression model with two partial pieces in
quadratictcubic structure divided into two according to the
knot t,, the first part is formed only with the variable x and
the second part being formed with the variables x and z,, was
estimated by the LSM method. The R?, MSE, AIC and BIC
values of the model were calculated.

Knot t3= % and the independent variable z,=x-t, were

created to estimate a piecewise regression model with two
partial pieces in a cubic+cubic structure.
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t, was determined as the knot and a piecewise regression
model with two partial pieces in a cubic+cubic structure was
estimated by the LSM method. The first part is formed only
with the variable x; the second part is built with the variables
x and z, in the generated model. The R?, MSE, AIC and BIC
values of the model were calculated.

A piecewise regression model with two partial pieces in
cubictcubic structure divided into two pieces according to
the knot 3, the first piece being formed only with the variable
x and the second part being formed with the variables x and
z,, was estimated by the LSM method. The R2, MSE, AIC and
BIC values of the model were calculated.

Real Data Applications
Tuberculosis Data Set:

The 2010 tuberculosis data set used in the study was retrieved
from the study called “The Battle of Tuberculosis in Turkey
2012 Report” by the Turkish Public Health Institution (https://
hsgm.saglik.gov.tr). The data set consists of 96 units and
contains total tuberculosis cases according to age values
ranging from 0-99. In order to create regression models, the
total number of cases was taken as the dependent variable
(y); age variable was taken as an independent variable

(x) from this data set.

Measles Data Set:

The measles data set used in the study was retrieved from
the webpage on “The Statistical Data of the Department of
Vaccine-Preventable Diseases” on the website of the Turkish
Public Health Institution (https://hsgm.saglik.gov.tr). The data
set consists of 46 units and contains measles cases ranging
from 1970 to 2015. In order to create regression models,
the number of cases variable (y) was taken as the dependent
variable and time variable (x) was taken as an independent
variable from this data set.

Results
Simulation Results

In the study conducted with the data derived from the second
degree, it was observed that none of the R?, MSE, AIC and BIC
values were normally distributed according to the quadratic
regression model. According to the piecewise regression
model in quadratictquadratic structure, only R? value was
not normally distributed; MSE, AIC and BIC values were
found to be normally distributed. For this reason, the Mann-
Whitney U test was used to compare differences between
formed models in terms of the R?, MSE, AIC and BIC values
in simulation with second-degree derived data. The models
were found statistically different with respect to these values
(p<0.001). As shown in Table 1, the pieccewise regression
model in quadratictquadratic structure has higher R? value
and lower MSE, AIC and BIC values. In the study conducted
with the data derived from the third degree, it was observed
that R? and MSE values were not normally distributed and
AIC and BIC values were normally distributed. According
to the piecewise regression model in quadratictcubic
structure, none of the R?, MSE, AIC and BIC values were
normally distributed. According to the cubic+tcubic structure
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in piecewise regression model, it was determined that only
MSE value was not normally distributed, R?, AIC and
BIC values were normally distributed. For this reason, the
Kruskal-Wallis test was used to compare differences between
formed models in terms of the R?2, MSE, AIC and BIC values
in simulation with third-degree derived data. The models
were found statistically different with respect to these values.
(p<0.001). In addition, as a result of multiple comparisons, it
was concluded that all models are statistically different from
each other with respect to R?, MSE, AIC and BIC values
(p<0.001 for comparison of all regression models). Piecewise
regression models were found to have higher values of R?
and lower values of MSE, AIC and BIC. The highest R?
value was found in quadratic+cubic regression model, and
the lowest values of MSE, AIC and BIC were also found in
quadratic+cubic regression model (Table 2).

Table 1. Descriptive statistics and comparison results of R?, MSE,
AIC and BIC values of quadratic and piecewise regression models
(quadratic+quadratic)

Model
Criter
Quadratic Quadratic+Quadratic
R? 0.82 (0.65-0.93) 0.98 (0.97 - 0.99) <0.001
MSE 876.32(760.00-1050.96)  71.30 (67.02 - 76.45)  <0.001
AIC  969.36(955.12-987.54)  722.48(716.30-729.45) <0.001
BIC  979.78 (965.54-997.96)  738.11 (731.93-745.08)  <0.001

Table 2. Descriptive statistics and comparison results of R?, MSE,
AIC and BIC values of cubic regression model and piecewise
regression models (quadratict+cubic and cubic+cubic)

Model
e Cubic Qrgﬁg;zic Cubic+Cubic
R (069.085 (096-098 (095007 00!
MSE (52-230-‘17%-59) (6.887 '-65.72) (8.539 ! ?1.4) <0.001
AlC (689.;;)%#9.4ﬂ (490.28}756124.39) (514.%?%.15) <0.001
pic 71647 519.85 S4828 oo

(70240-73250) (508.83-532.63) (53502 -564.00)

Table 3. Quadratic and cubic regression parameter estimates
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Tuberculosis Data Set Application Results

The quadratic and cubic models were examined in polynomial
and piecewise regression as the distribution of the number of
cases according to age was more appropriate for the cubic
structure in the tuberculosis data set.

Model Estimation By Polynomial Regressions:

Created quadratic and cubic regression equations to estimate
the age-related tuberculosis cases were estimated by the LSM
method.

According to the results, quadratic and cubic regression
models were found statistically significant (For quadratic
model: F=101; df =2, df=93; p<0.001; for cubic model:
F=128; df =3, df, =92; p<0.001). Additionally, all coefficients
of both models were found statistically significant (Table 3).

Model Estimation By Piecewise Regression:

The distribution graph of the number of tuberculosis cases
varying by age was given in Figure 1. When Figure 1 is
examined, it is noticed that the number of cases of tuberculosis
increased between the age of 6 and 21, the number of cases
started to decrease after the age of 21, there was a steady
course between ages 33-57 and a quick decline after age 57.
Therefore, it was decided to model with two knots and three
partial pieces functions. Ages 21 and 33 were determined as
the best knots for applying piecewise regression as a result
of experiments in regions where the number of cases of
tuberculosis had jumps or deviated direction of distribution.

{ decreasing; decreasing

.
e ol ¢ v
i + S on .o
i et e,
{ ¥ ¢ .

Number of Cases

ey T T
0 7 14 2 2 35 42 49 % 6 70 7 B4 9

Age
Figure 1. Distribution of tuberculosis cases according to age and
candidate knot regions

Model
Variable Quadratic Cubic
b S, t b S, t p
Constant 60.42 20.6 2.93 0.004 -44.39 21.2 -2.09 0.04
X 10.53 1 10.51 <0.001 24.13 1.94 12.42 <0.001
x? -0.13 0.01 -12.58 <0.001 -0.49 0.05 -10.24 <0.001
x? 0.003 0.0003 7.66 <0.001
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The following piecewise function structure was created
according to the determined knots.

boo + bg1x + bgyx? 0< x <21
S(x) = {bgo + bo1x + boyx? + byy(x —21) + byp(x —21)2 21< x<33
boo + bo1x + boyx? + byy(x —21) + byy(x = 21)% + byy(x —33) + byp(x—33)% 33 <x <99

According to the function above, it is the first piece between
0-21 years old, the second piece between 21-33 years old
and the third piece between 33-99 years old. A piecewise
regression model with restricted fixed coefficients was formed
by the “+” functions based on the specified knot as follows:

Vi = bgo + bo1X; + boaxZ + by1(x; —21) 4 + byo(x; —21)2 + byy(x; —33) 4 +
byo(x;—33)2 + ¢ i=12,..,96

The regression equation was estimated by the LSM method.
Piecewise regression model was found statistically significant
according to the obtained results (F=340; df=6, df=89;
p<0.001). In addition, all coefficients of the model were
found statistically significant (Table 4).

Graphical representation of formed models was given in
Figure 2. Marked points are knots of the piecewise regression.

Table 4. Parameter estimates in piecewise regression with
quadratict+quadratic+quadratic structure

Variable b S, t p
Constant 69.19 14.81 4.67 <0.001
X -15.80 3.18 -4.97 <0.001
x? 1.52 0.14 10.71 <0.001
(x-21), -45.35 7.37 -6.15 <0.001
(x-21)? -2.65 0.37 -7.27 <0.001
(x-33), 23.29 4.95 4.71 <0.001
(x-33)? 1.08 0.39 2.75 0.007
i /‘?."\‘(‘1
Quadratic Il I
Il =
8o < -
3¥ ;'/,}
g /Z'/ / -§
E et ’// E
2 | s &
> -

3 9 15 21 27 33 P 4'5A5'1 57 63 69 75 81 87 93 99
ge

] Data - - Quadratic Model - + Cubic Model — Quadratic+Quadratic+Quadratic Model I

Figure 2. Representation of estimated and observed values by
regression models of the number of age-related tuberculosis cases

Table 5. The R?, MSE, AIC and BIC values of models

Model R? MSE AIC BIC
Quadratic 0.68  4569.95 1089.45 1099.71
Cubic 0.81  2791.50 1044.13 1056.95
Quadratict

Quadratic+Quadratic 0.96 604.59  903.37  923.79

148

Varol et. al.

Comparison Of Models For Tuberculosis Data Set:

The comparison results according to the calculated model
selection criteria were given in Table 5.

According to the results, the piecewise regression model with
quadratic+quadratict+quadratic structure formed by three
partial pieces is more successful than quadratic and cubic
regression models in estimating the number of age-related
tuberculosis cases (Table 5 and Figure 2).

Measles Data Set Application Results

Because the distribution of the number time-varying measles
cases in the measles data set is more appropriate for the
cubic structure, cubic models were examined in polynomial
regressions, and quadratic models were examined in piecewise
regressions.

Model Estimation By Polynomial Regression:

Created regression equation for estimating the distribution
of time-varying measles cases was estimated by the LSM
method. A quadratic regression model was statistically
significant according to the obtained results (F=13.81; df =3,
df;=42; p=0.002). In addition, all coefficients of the model
were statistically significant. (Table 6).

Table 6. Parameter estimation for cubic regression

Variable b S, t p
Constant 16 880 000 000 6 048 000 000 2.79 0.008
X -25420 000 9107 000 -2.79 0.008
x? 12760 4571 279 0.008
X3 -2.14 0.77 -2.79 0.008
500004
.
.o
g i) ‘e y .
g . »
H . * N/ o
. oo
* >
v . .
1000 .o . o* %
-
o o Ceresess *o
Time

Figure 3. Point distribution of measles cases between 1970-2015
years

Model Estimation By Piecewise Regressions:

Distribution of measles cases from 1970 to 2015 was given
in Figure 3. The knot was determined according to jump or
sudden change points. As shown in Figure 3, the number of
cases of measles is fluctuating in some regions. So each of the
points in these regions is a candidate knot. For this reason, it
was decided to model with one knot and piecewise function
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with two pieces and year 1993 was determined to be the best
knot for applying piecewise regression as a result of the trials.

According to the determined knot, the following piecewise
function structure was formed:

boo + bo1x + bgax?

boo + bo1x + boyx? + byy(x —1993) + by,(x —1993)2
According to the function above, it is the first piece between
the 1970-1993 years; the second piece is between the 1993-
2015 years. A piecewise regression model with restricted
fixed coefficients were created by “+” functions based on the
specified knot as follows:

,1970 < x <1993

S(x) = {
,1993 < x <2015

¥i = boo + boyx; + boax? + byy(x; — 1993 ), + byp(x; —1993) 3 + ¢; i=12,...,46

The regression equation was estimated by the LSM method.
Piecewise regression model was found statistically significant
according to the obtained results (F=18.63; df =4, df =41;
p<0.001). In addition, all coefficients of the model were found
as statistically significant (Table 7). Graphical representation
of formed models was given in Figure 4. Marked points are
knots of the piecewise regression.

Table 7. Piecewise regression with quadratict+quadratic structure
parameter estimates

Variable b S, t P
Constant 680 600 000 135600 000 5.02 <0.001
X -686 300 136 800 -5.02 <0.001
x? 173 34,52 5.01 <0.001
(x-1993), -5757 1431 -4.02 <0.001
(X-1993)3 -125 40.56 -3.08 0.004
g8 '
E® N Eta .
2 N | o e o,
%— Quadratic Ruadratic \/‘;\\\' 3
1968 1973 1978 1983 1988 1993 1998 2003 2008 2013
Time (Year)

] ~ Data - Cubic Model — Quadratic+Quadratic Modell

Figure 4. Estimated and observed values of measles cases between
1970-2015 by the regression models

Comparison Of Regression Models For Measles Data Set:
The comparison results according to the calculated model
selection criteria were given in Table 8.

Table 8. R?, MSE, AIC and BIC values of generated regression
models

Model R? MSE AIC BIC
Cubic 0.50 82550036 979.07 988.22
QuadratictQuadratic ~ 0.65 58190 618 964.99 975.96
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According to the results, the piecewise regression model
with quadratic+quadratic structure that formed by two partial
pieces is more successful than cubic regression model about
estimating the number of time-varying measles cases (Table
8 and Figure 4).

Discussion

Although piecewise regressions are used in many areas, their
use in the field of health is not common yet. Polynomial
regressions were not as popular as piecewise regressions
because they provided more straightforward analysis than
piecewise regressions and were included more often in
statistical package programs. This led researchers to use
polynomial regressions. However, the polynomials that form
piecewise regressions can easily be combined in computer
programs and provide the researcher with the required ease
for analysis.

In reviewing the literature, some studies using piecewise
regressions are remarkable. Hurley et al. conducted a
simulation work with 2000 runs with five data sets of different
structures and formed in order to compare the performances
of the piecewise regressions and simple regressions using
one dependent variable and one independent variable derived
from the distribution of x~U(1,100) consisting of 201 units
(31). Three of the data sets had a quadratic structure, and
the remaining two data sets had a cubic structure. They
constructed six regression models for each data structure: linear
regression, polynomial regression (cubic and quadratic), and
piecewise regression (linear, quadratic and cubic). For each
piecewise regression model, they defined the points x=32 and
x=68 points to be fixed knots, and formed linear, polynomial
and piecewise regression models according to the LSM
method conforming to the data structure in order to estimate
the data sets they derived. They reported that piecewise
regression models had higher R? values and lower MSE
values. Mulla reported that the use of piecewise regression
modeling technique would provide significant benefit to the
researcher in clinical trials, especially in studies on the dose
and response of the drug given to the patient (32). For the
said study, it was used records from 117 patients who were
given serum albumin ranging from 1.1 to 5.1 g/100 mL. it
was used the cubic piecewise regression model and a classical
model, both created with the LSM method, and identified a
knot determined by visual inspection for the cubic piecewise
regression model. According to the results, it was reported
that the cubic piecewise regression model predicted the whole
of the blood concentration values of 60 patients with real-like
accuracy; whereas the classical model only predicted the
values of 25 patients with real-like accuracy, and the results
of the remaining 35 patients contained considerably more
significant differences than the real concentration values
which gathered around the knot determined for piecewise
regression. In our study, polynomial and piecewise regression
models were created by using simulation data and real data
sets, and the performances of these models were compared. In
the simulation application, fixed knots determined according
to the breakpoints created in the data production phase were
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used. The number of knots for all piecewise regression models
were set to one. Changeable knots were used in applications
incluiding real data sets. Knot numbers were determined to
be two in the study with the tuberculosis data set and one
in the study with the measles data set. In determining the
changeable knots, first the number of knots to be used was
decided after visual inspection, and the candidate knot arecas
were identified. After that, the points that provided the highest
performance after trials were chosen as knots. If none of the
points tested as knots in an area designated as the candidate
area had a significant contribution to the model’s estimation
strength, then no selection of knots was made from that area.
According to the results of the applications performed by
using both the simulation datasets and real datasets, it was
seen that the performances of the piecewise regressions are
better than polynomial regressions with higher R? value and
lower MSE, AIC, BIC values.

Determination of appropriate knots is crucial for the
estimations with high performance. Parkhurst et al. used
regression models with both fixed and variable knots (33).
They found that all the variable knot models have higher
prediction power than the fixed knot models in the same
structure. Seber and Wild and Eubank found that the use of
unnecessarily high-degree polynomials for point intervals
that are formed according to the most appropriate knots
didn’t lead to a significant increase in R? but also caused
an excess of parameters and loss of degree of freedom (4,
18). Wold pointed out some details about the determination
of the number and location of knots and reported that each
interval forming a piecewise regression must contain at
least 4-5 observation points and thus the number of knots
should be chosen as few as possible (19). Although the point
distribution of the measles data set used in our study is more
appropriate for the cubic structure, it is predicted by excellent
performance through the use of the piecewise regression
model with quadratictquadratic structure formed according
to optimal knot. Working with low-degree polynomials is
desirable in terms of providing the process if it doesn’t lead to
the need for an increase in the number of knots. In our study, it
was observed that the position of the knot is closely related to
the shape of the distribution and optimal degree polynomials
were used for sub-intervals formed by using as few knots as
possible. Also, it has been found that the contribution of the
model to the performance is close to each other if any point in
the candidate knot determined by visual inspection is selected
as a knot. Firstly the number of knots should be determined,
and then the candidate areas to select the knots should be
decided. Afterwards, the position of the knots should be
identified and the knots providing the best prediction strength
should be selected by trials from candidate regions.

Conclusion

Although researches in the field of health mostly prefer
polynomial regression methods, this study showed through
applications that data analysis by piecewise regressions
with optimal knot provides statistical superiority. The future
studies should consider the piecewise regression method as
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a powerful alternative for all data sets where the relationship
between the dependent and independent variables would
be examined. Furthermore, the use of piecewise regression
should be extended for estimations with higher performance
in health-related researches.

Presented as an oral presantation at the "4th International
Researchers, Statisticians and Young Statisticians Congress
(IRSYSC)" on April 28-30, 2018.
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