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Abstract

Extensive research has been conducted on a modeling approach that contributes to predicting the
critical temperature of Yttrium barium copper oxide (YBCO) materials. Statistical significance of
differences in modeling approaches requires studies that can reliably distinguish between systematic
approach effects and errors resulting from modeling approach variation. In this work, we introduce
analysis of variance (ANOVA) to assess the statistical significance of differences in modeling
approach variation. Comparisons of obtained results with YBCO modeling approach variation data
of support vector machine (SVM) and linear regression with natural logarithm transformation
(LRNLT) were presented.

Keywords: Analysis of variance (ANOVA); Critical temperature; Statistical significance; YBCO
superconductors

Introduction

YBCO superconductors are of particular interest a
s they can be coated on a mechanically-strong
Ni-alloy substrate and carry very high critical
current densities (Gou and Schwartz, 2013).
Furthermore, the quality and stability of
a superconducting magnet depends greatly on T..
When temperature in the conductor rises locally
near or above T, the superconductivity in this zone
is lost and the material enters the normal state,
which incurs the Ohmic heating in this normal zone.
The failure to dissipate the heat results in normal

zone propagation through the entire magnet, which
eventually terminates the magnet operation (Yildiz,
2013; Huang and Chen, 2015). Thus, various
methods have been developed by researchers to
improve T, of YBCO superconductors, one of which
is through chemical substitution and doping (Faisal
and Al-Ani, 2013; Huang and Chen, 2015). Because
different ions, e.g., Al, Ca, Mg, Fe, Ni, Sb, and Hf
have different effects on the YBCO superconducting
state and the situation becomes more complicated
when multiple sites are partially or fully substituted
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(Lin et al., 1991; Elsabawy, 2005; 2011; Ben
Azzouz et al., 2006; 2007; Mohanta and Behera,
2009; Varshney et al., 2011; Faisal and Al-Ani,
2013). Therefore, the superconducting transition
temperature with respect to foreign ionic
substitutions, isovalent or heterovalent, carrier
concentration, oxygen octahedron around Cu?,
influence the charge transfer from the Cu-O chains
to conducting CuO; planes and changing the lattice
parameters a (A°), b (A°), ¢ (A°). Mellekh et al.
(2006) find that the lattice parameters a (A°) and ¢
(A°) increase with Al;O3 additions while b (A°)
remains almost constant, when Al is incorporated
into the crystal structure and occupies both Cu(1)
and Y sites. The rearrangement of oxygen in the
basal plane, due to the replacement of bivalent
Cu?* ions by trivalent AI®* ions, affects Tc in
a nonmonotonic way (Mellekh et al., 2006).

Shang et al. (2010) explain differences in T¢
of Fe- and Mn- co-doped YBCO samples by
correlating the incorporation of Fe and Mn cations

into the Cu-O chain with the increased Cu(2)-O(4)
bond length, which causes the localization of
carriers on Cu-O chains. The increase in the Cu(2)-
O(4) bond length is reflected in that in the lattice
parameter ¢ (A°), which is the sum of bond lengths,
i.e. ¢ (A°) = 2dcuwostdeu)-cue)t2dcue)-ow@). Attaf
et al. (2012) observe decreases in all lattice
parameters and the orthorhombicity by adding 2%
Mg, which are attributed to the reduction of the local
Jahn Teller distortion and the difference in ionic
radii of Mg?* and Cu?*. Tokura et al. (1988) and
Buckley (1991) find that the Ca-doped YBCO,
crystal structure analysis reveals that such
a substitution leads to a decrease in the
orthorhombicity of the system, which is correlated
with an increase of the density of states and
eventually the c¢ suppression. So, it is of great
importance to investigate the correlation between
lattice parameters a (A°), b (A°), ¢ (A°) and Tg,
which are much easier to determine experimentally
as compared to other physical parameters. However,

Tablel. The experimental Tc(K) data and superconducting transition temperature predictions from “SVM
estimated Tc(K)”, “LRNLT estimated Tc(K)” and “LRNLT (C.F.) estimated Tc(K)”

a b c Experimental SVM LRNLT  LRNLT (C.F.)
Index Sample (A% (A% (A% Te(K) estimated estimated estimated
Tc(K) Tc(K) Tc(K)
1 Y100Ba2Cu276C0021066 3.8740 3.8740 11.7250 35.00 38.69 52.28 34.68
2 Y1.02Ba2Cu30C0006063 3.8678 3.8678 11.7740 67.00 66.80 60.57 65.35
3 Yo.99Ba2Cus0C000706.4 3.8684 3.8684 11.7720 67.00 67.11 59.72 63.32
4 YoeHfo4Ba2CusO; 3.8004 3.8160 11.5631 71.60 75.56 74.26 80.82
5  YosBosBa:CusOy 3.8610 3.8610 11.5870 77.00 76.82 72.79 80.10
6 YosCaoiBaz(Cuo.eoNio.01)O7-y 3.8289 3.8864 11.6372 81.00 81.30 82.97 83.90
7 Yo4ShosBa:CuzO; 3.7712 3.7364 11.5127 81.60 81.90 79.24 82.69
8  YosCao2Ba:CusOry 3.8369 3.8784 11.7365 82.00 79.91 78.24 82.36
9  YosSho.sBa:CuzO; 3.7904 3.7762 11.5131 82.70 82.64 82.27 83.67
10 Yo9Cao1Ba2Cu3Or.y 3.8328 3.8764 11.7484 83.00 83.94 83.41 84.05
11 YosSho2Ba:CusO; 3.8033 3.7902 11.5591 83.10 82.80 93.40 88.66
12 YBa2(Cuo.95ZN0.05xGax)307.y:x=0 3.8293 3.8864 11.6832 83.50 85.56 83.79 84.18
13 Yo.sSho.1Ba,CusO; 3.8178 3.8163 11.6131 84.40 85.86 89.96 86.71
14 YBCO (0.6% of Al.O3doped) 3.8370 3.8810 11.7000 85.00 80.12 75.60 81.39
15  YBCO (0.5% of Al,O3doped) 3.8300 3.8830 11.6940 86.00 85.60 82.28 83.67
16 YBCO (0.4% of Al,O3 doped) 3.8270 3.8850 11.6940 87.00 87.25 86.28 85.09
17 YosHfo2Ba:CusO; 3.8133 3.8392 11.6013 87.10 82.05 77.86 82.23
18  YBCO (0.3% of Al,O3 doped) 3.8260 3.8850 11.6920 87.50 87.83 87.20 85.46
19 YooHfo1Ba:CusO, 3.8398 3.8463 11.6631 88.40 88.03 79.42 82.75
20  YBCO-un-doped 3.8273 3.8882 11.6859 88.70 86.43 87.13 85.43
21 YBCO (0.2% of Al.O3 doped) 3.8240 3.8850 11.6890 89.00 93.15 89.14 86.32
22 YBa:CuzOry 3.8067 3.8821 11.6789 89.00 88.84 105.37 99.81
23 YBCO (0.0% of Al.03 doped) 3.8210 3.8840 11.6860 90.00 90.27 91.53 87.54
24 YBa:CusOy 3.8230 3.8850 11.6820 91.00 89.01 89.66 86.56
25  YBaxCusOr 3.8234 3.8662 11.7941 91.88 91.82 101.01 94.88
26 YBaxCuz.955Al0.04506 54y 3.8354 3.8813 11.4948 92.00 95.04 92.91 88.36
27 YBaxCusOr 3.8234 3.8662 11.6631 92.56 90.96 80.27 83.03
28 YBa2Cuz297Al0.030654+y 3.8203 3.8855 11.4835 95.00 104.25 106.04 100.66
29 YBa2Cu2.98Al0.02065+y 3.8203 3.8855 11.4835 102.00 104.25 106.04 100.66
30 YBaxCuz99Al0.02065+y 3.8202 3.8854 11.4837 108.00 104.12 105.94 100.54
31  YBa2CusOgs+y 3.8200 3.8855 11.4835 116.00 104.31 106.21 100.88
Mean 3.8261 3.8264 11.6380 85.32 85.23 85.25 84.38
Maximum 3.8704 3.8882 11.7941 116.00 104.31 106.21 100.88
Minimum 3.7712 3.7364 11.4835 35.00 38.69 52.28 34.68
Standard deviation 0.0214 0.0375 0.0968 13.67 12.72 13.61 12.65
Variance 0.0005 0.0014 0.0093 186.1925 161.8884 185.2749 160.2065
Correlation with experimental Tc(K) -0.470 0.196 -0.463 - - - -
Root Mean Square Difference (RMSD) - - - - 4.06 8.41 6.08
Mean Bias Difference (MBD) - - - - -0.11 -0.08 -1.11

Note: “a (A°)”, “b (A°)” and “c (A°)” are lattice parameters of YBCO superconductors. “Reference” shows sources of all

experimental data in (Owolabi et al., 2016).
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Lattice  parameters, processing  parameters,
compositions, and other physical parameters
have been utilized to predict Tc of several
superconducting materials, such as MgB,, Fe-based
superconductors, BiPbSrCaCuOF, and YBCO
films, through different computational techniques
models (Cai et al., 2010; 2013; Owolabi et al., 2014;
2015; Hamidieh, 2018).

Therefore, the success of computational
techniques directly relate to the lattice parameters
a (A°), b (A°), ¢ (A°) and the T¢ paves a significant
way for quick and accurate estimation of Tc¢ of
doped YBCO superconductor and eventually eases
the usual highly demanding experimental
procedures that involve the use of expensive
cryostat (Owolabi et al., 2016).

In this work, we directly relate the lattice
parameters a (A°), b (A°) and ¢ (A°) to the Tc (K)
through computational techniques. Because, most of
variations in Tc are reflected through or correlated
with lattice distortions (Zhang and Xu, 2020). So in
this research, we introduced the idea to illustrate
blocking between variance of computational
techniques, which can be partitioned, so-called
ANOVA (Krzywinski and Altman, 2014).

For data source by (Owolabi et al., 2016) in
Table 1, we developed the predictor variable
coefficients (lattice parameters a (A°), b (A°), ¢
(A®)) through different modeling or computational
techniques to estimate the superconducting
transition temperature (Tc (K)). Under these
different modeling, between group variation of
modeling means and within group variation of
modeling, values are predictably related.

By using analysis of variance (ANOVA) to
assess the statistical significance of differences in
modeling approach variation. To demonstrate the
outstanding efficiency of the ANOVA results. The
comparisons of obtained results with YBCO
modeling approach variation data of support vector
machine (SVM) and linear regression with natural
logarithm transformation (LRNLT) were presented.

Materials and Methods

Brief Description of Analysis of Variance
(ANOVA)

ANOVA is used to determine significance
using the ratio of variance estimates from sample
means and sample values (Krzywinski and Altman,
2014). Their ratio or test statistic F can be used
between group mean squares (MSg) and within
group mean squares (MSw), which are calculated
from between treatment sum of squares (SSg) and
within treatment sum of squares (SSw) weighted by
degrees of freedom (d.f.). The degrees of freedom

(d.f.) shows the number of independent deviations
in the treatment sum of squares (SS); the deviations
are not all independent because deviations of
a quantity from its own mean must sum to zero.
The ANOVA null hypothesis is that all samples are
from the same distribution and have equal means.
Under this null, between group variation of sample
means and within group variation of sample values
are predictably related. We introduced the idea that
variance can be partitioned within group variance
was interpreted as experimental error and between
group variance as structural and topological
parameters variation. In one way ANOVA,
the relevant quantities are within group variance and
between group variance. Within group variance
corresponds to variance in the sample after other
sources of variation have been accounted for and
represents experimental error. If some sources of
error are not accounted for (e.g., structural and
topological parameters variation), within group
variance will be inflated. Between group variance is
another estimate for within group variance,
additionally inflated by average squared deviation
of treatment means from the grand mean. As noise
within samples drops, a larger fraction variation is
allocated to between group variance, and the power
of the test improves (Armstrong et al., 2022). This
suggests that it is beneficial to decrease within group
variance. We can do this through a process to
identify and isolate likely sources of sample
variability.

YBCO Superconductors

YBCO superconductor having high Tc
indicates that little effort is to be done before putting
it into applications. Adequate understanding of
their charge reservoir layer and the mechanism of
charge transfer is required for improving their
superconducting transition temperature (Behera
etal., 1997). Incorporation of dopants such as B, Ce,
Al, Ca, Ag, and Ni among others into the CuO»
planes weakens the antiferromagnetic ordering.
The concentration of holes in CuO, planes as well
asthe level of the charge of oxygen within the plane
contribute enormously to the value of the T¢ of this
superconducting materials (Ben Azzouz et al.,
2006). Meanwhile, ionic substitution has been
established as one of the ways of controlling the
level of the charge of oxygen within the planes (Ben
Azzouz et al., 2006)and affects the Tc as a result of
the strain and disorder created by the dopants in the
lattice (Paturi et al., 2012). Variations in T, can be
caused by multiple mechanisms, most of which
are reflected through or correlated with lattice
distortions. Therefore, it is of great importance to
investigate the correlation between T. and lattice
parameters, which are much easier to determine



030124-4

The Application of ANOVA to Different YBCO Superconducting Transition Temperature Modeling

experimentally as compared to other physical
parameters.

Proposed Method

The uniqueness of this research work is to
show that it adopts the ANOVA together with
assessing the statistical significance of differences
in the modeling approach will also enhance
researchers that are incapacitated to acquire
equipment to carry out low temperature research as
well as, serving as a premise through which the full
understanding of superconductivity can be grown.
To demonstrate the outstanding efficiency of the
ANOVA results. In this work, we compared
obtained results with YBCO modeling between
support vector machine (SVM) and adopting
a simple model (linear regression) through which
they developed by wusing natural logarithm
transformation (LRNLT) approach. In addition,
the outstanding performance of ANOVA leads to
the creation of an optimization correction factor
(C.F.) for simple models.

Working principle of SVM

SVM stems from supporting vector machines
which is derived from statistical learning theory and
structural risk minimization principle (Cortes and
Vapnik, 1995; Vapnik, 1995). It employs mapping
function called kernel function to map non-linear
regression to high dimensional feature space where
linear regression is conducted. SVM adopts support
vector regression (SV regression) takes some
input parameters (such as hyperparameter A,
regularization factor C and kernel option) by which
the chosen kernel function generates a relation
between the predictor and the target. The complete
regression function is presented in Equation (1) with

the inclusion of the mapping function K(x;, ).

®

where 4 >0, A <C , K(x,x) is the polynomial
kernel function, and b kernel parameters.

Working Principle of LRNLT

The multiple linear regression models are built
on the same simple linear regression (Goldman
et al., 1977; Diaconis and Efron, 1983; Efron and
Gong, 1983). However, in addition to the concepts
discussed so far for simple linear regression, which
remain applicable, new concepts must be
introduced. This discussion will focus on situations
where there are two predictors and one outcome
variable. With all three variables, a three-

dimensional figure can be used to visualize data.
Models with more predictive variables follow the
same principle but are difficult to visualize. We
consider multiple regression and linear relation as
follows,

Y = BX+W 2
in which,
[ y1 1 Xll X12 le
Y — yz X 1 X21 XZZ XZm
>Yn 1 an Xr|2 Xnm
7b1 &
Bl w<|®
_bm Em

We develop a multiple linear regression model to
predicting the critical temperature of crystal
structures of YBCO materials from structural and
topological parameters by using linear regression
with natural logarithmic transformation (LRNLT).
Start by considering the nonlinear regression
problem is as follows,

_ bxy
y=ae’U 3)

With the parameters a and b and the multiplication
error term U. If we find the natural logarithm of both
sides, this will becomes

In(y)=In(a)+bx+u (4)
in which, u = In(U)

Performance Evaluation

Performance of obtained results with YBCO
modeling approach variation data is evaluated using
the root mean square difference (RMSD), mean bias
difference (MBD), and Pearson’s Coefficient
Correlation is expressed by rxy in Equations (5)-(7)
respectively, where N is the number of data points,
TP and TM°%! are the i-th (i = 1, 2, ..., N)
experimental and model model of superconducting
transition temperature.X and ¥ are mean of a linear
relationship between the X; and Y; variable of
obtained results with YBCO modeling approach
variation data, respectively.

g(—l—lModel -T, Exp)z
N
N (5)

RMSD = x100
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Results and Discussion

The experimental data used, shown in Table 1 are
obtained from (Owolabi et al., 2016). This dataset
contains lattice parameters obtained when dopants,
such as aluminum, boron, calcium, cerium, cobalt,
nickel, and silver, are incorporated into the
lattice structure of the parent compound YBCO
superconductor. Superconducting transition
temperature is affected by incorporated dopants and
the effects manifest through variations of lattice
parameters along a, b, and ¢ axes. Data visualization
in Table 1 reveals nonlinear relationships, which are
modeled through the SVM from Equation (1) and
LRNLT from Equation (4) as presented in Figure 1.

We were used ANOVA together with correlation
data to assess the statistical significance of
differences in modeling approach variation in
Tables 2 and 3, respectively.

In Tables 2 and 3, ANOVA and correlation
coefficient between variations of lattice parameters
c, a, and critical temperature T. were highly
significant at the 0.01 level. Because of parent
compounds of all high T¢ cuprates are
antiferromagnetic insulators, where the CuO; plane
Cu d - ? orbital is exactly half filled. High T,
superconductivity occurs as a result of weakened
antiferromagnetic orderings when holes are doped

Actual —Tec SVM Te LRNLT

temperature (K)

Te LRNLT
185.2749
8.41
2008

Te SVM
161.8884
4.06
-0.11

Variance
RMSD (%)
MBD (%)

0123 45678 9 1011121314151617 18192021 22 23 24 25 26 2728 20 30 31

Actual and predicted superconducting

Index

Figure 1. Superconducting transition temperature
predictions by SVM and LRNLT

Table 2. Analysis of variance (ANOVA): “experimental Tc(K)”, “SVM estimated Tc(K)” and “LRNLT

estimated Tc(K)”

Anova : Single Factor

SUMMARY

Groups Count Sum Average Variance
Experimental T¢(K) 31 2645.040 85.32387 186.8925
SVM estimated Tc(K) 31 2642.220 85.23290 161.8884
LRNLT estimated Tc(K) 31 2642.793 85.25140 185.2749
ANOVA

Source of Variation SS df MS F P-value F crit

Between groups 0.14332 2 0.07166 0.000403 0.999598 3.097698
Within groups 16021.68 90 178.0186
Total 16021.82 92 174.1502

Table 3. The correlation data of experimental Tc (K) through variations of lattice parameters “a (A°)”,

“b (Ao)” and “C (Ao)”

a (A°) b (A°) c (A°) Experimental T¢(K)
a (A°) Pearson Correlation 1 0.579** 0.533** -0.470**
Sig. (2-tailed) .001 .002 .008
N 31 31 31 31
b (A°) Pearson Correlation 0.579** 1 0.348 0.196
Sig. (2-tailed) 0.001 0.055 0.291
N 31 31 31 31
¢ (A°) Pearson Correlation 0.533** 0.348 1 -0.463**
Sig. (2-tailed) 0.002 0.055 0.009
N 31 31 31 31
Experimental T¢(K) Pearson Correlation -0.470** 0.196 -0.463** 1
Sig. (2-tailed) 0.008 0.291 0.009
N 31 31 31 31

** Correlation is significant at the 0.01 level (2-tailed)
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into planes. For YBCO without foreign ions, the
lattice parameter c is of great interest as it is very
sensitive to the change in the oxygen content and
both electron and hole concentration. This reason
correspond with Liang et al. (2006) evaluate both
electron and hole concentration p in the CuO; planes
by using the lattice parameter c, with a simple
estimation of p in the chain oxygen-ordered phases.
In other words, the empirical relationship between ¢
and p allows for the calculation of p from ¢ for the
entire doping range of YBCO (Liang et al., 2006).
So, we can formulate an optimization correction
factor of LRNLT model as follows
In(y)=In(a)+bx+u=A (8)

For change in A, rewrite the optimization
correction factor from LRNLT model as

y=—e* >y= eln(CF.+A2) ©)

in which C.F. is the correction factor.

The creation of an optimization correction
factor by using 4" degree polynomial regression
forms as follows,

CF.=-14.059x" +722.1x* — 7875.2x"

+35170x -45262 (10)

inwhich, x=A=In(y)=In(a)+bx+u

LRNLT from the creation of an optimization
correction factor LRNLT (CF.) and ANOVA as
presented in Figure 2 and Table 4, respectively.

The comparisons of obtained results with
YBCO modeling approach by using t-Test as
presented in Table5.

By assigning within group variance was
interpreted as experimental error causing the
variations in the superconducting transition
temperature, i.e. valence fluctuation in Cu ions,
superexchange mechanism (O’Mahony et al.,
2022), oxygen vacancies, oxygen hole content,
charge-transfer gap (Kowalski et al., 2021), types of
dopants, type of ionic dopant etc. They are not
included in between group variance as predictor
variable coefficients through different lattice
parameters a (A°), b (A°), ¢ (A°) to estimate the

18 Actual Te SVM Te LRNLT ~—Te¢ LRNLT (C.F.)

cting transition temperature (K)

Te SVM
161.8884

Te LRNLT
185.2749
8.41
-0.08

Te LRNLT (C.F)
160.2065
6.08
-L11

Variance
RMSD (%)
MBD (%)

4.06
-0.11

345678 91011121314151617 181920212223 24 25

Index

2627 28 29 30 31

Figure 2. Superconducting transition temperature
predictions by LRNLT and LRNLT (C.F.)

Table 4. Analysis of variance (ANOVA): “Experimental Tc (K)”, “SVM estimated Tc (K)” and “LRNLT (C.F.)

estimated Tc (K)”

Anova : Single Factor

SUMMARY
Groups Count Sum Average Variance
Experimental T¢(K) 31 2645.040 85.32387 186.8925
SVM estimated Tc(K) 31 2642.220 85.23290 161.8884
LRNLT (C.F.) estimated Tc (K) 31 2615.767 84.37957 160.2065
ANOVA
Source of Variation SS df MS F P-value F crit
Between groups 16.82411 2 8.412054 0.049581 0.951654 3.097698
Within groups 15269.62 90 169.6625
Total 15286.45 92 166.1570
Table 5. t-Test: Two-sample assuming equal variances
Two-Sample Popled t Stat df HMD terit
Variance
Experimental T¢(K) VS SVM estimated T¢(K) 174.3904 0.0271
Experimental T¢(K) VS LRNLT estimated Tc(K) 186.0837 0.0209
Experimental T¢(K) VS LRNLT (C.F.) estimated T¢ (K) 173.9495 0.2822
60 0 1.6706
SVM estimated T¢(K) VS LRNLT estimated Tc(K) 173.5816 0.0055
SVM estimated T¢(K) VS LRNLT (C.F.) estimated T¢ (K) 161.0474 0.2647

Note: t-Test: Two-Sample Assuming Equal Variances at significance level of 0.05, Hypothesized Mean Difference (HMD)
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superconducting transition temperature. But these
factors are included within group variation of
modeling in the ANOVA approach.

The contribution of the block effect to
illustrate blocking of variances is shown in Tables 2
and 4, now a substantial component of the variance
in each computational technique. ANOVA owing
to computational technique by LRNLT (C.F.)
estimated T¢ (K) has distribution of variance lower
LRNLT estimated Tc (K) correspond with
decreased of RMSD. This result explains that the
development of the LRNLT estimated Tc (K)
became LRNLT (C.F.) estimated Tc (K) with the
ANOVA makes the model more accurate near to the
famous model, as SVM estimated Tc¢ (K).

The reason ANOVA makes the model more
accurate is because the result of ANOVA leads to
the analysis contribution of the block effect to the
deviations. By using correlation analysis and
multiple regression analysis with block effect of the
deviations in Table 3, it leads to a correlation factor
(C.F.) of LRNLT (C.F.) estimated T¢ (K) in
Equation (10), which causes a decrease in RMSD.
To confirm the efficiency of ANOVA, it can reduce
the distribution of variance, leading to the model
being more accurate for development of the LRNLT
model, corresponding with a decrease in RMSD
until near to the famous model. ANOVA can be
used to test the efficiency between two models from
different computational techniques, which can be
done using test statistic t as shown in Table 5.
The (pooled) variance is the lowest when compared
to both the experimental T¢ (K) and SVM estimated
Tc (K), respectively, at a significant level of 0.05.

Although the application of ANOVA to
develop a simple model (LRNLT) with similar
performance to a complex model (SVM) succeeds
in reducing the value of RMSD. But the
superconducting transition temperature mean
(average) between experimental Tc (K) and LRNLT
(C.F.) estimated Tc (K) is more than different
compared to the superconducting transition
temperature mean between experimental T¢ (K) and
SVM estimated Tc (K). We assume that such
a difference may cause the RMSD of LRNLT (C.F.)
estimated Tc¢ (K) to deviate from experimental T¢
(K) rather than SVM estimated T¢ (K).

Since, in the view of parametric statistics,
ANOVA uses means as representative of the raw
data set to analyze variance. Such methods may
cause the analysis of variance to be influenced by
raw data with very large or very small value.
Therefore, we propose to combine the median
together with  ANOVA under the concept of
nonparametric statistics. To reduce the influence of
extreme raw data and increase the likelihood of

RMSD has decreased, until it is close to SVM for
next times.

Conclusions

The application of ANOVA to assess the statistical
significance of differences in modeling approach
variation is developed to predict doped yttrium
barium copper oxide superconductor transition
temperature based on lattice parameters. The high
correlation coefficient between the predicted
and experimental superconducting transition
temperature, the low prediction root mean square
difference and mean bias difference, and the
outstanding efficiency of the ANOVA results
suggest the usefulness of the ANOVA for modeling
and understanding the relationship between lattice
parameters and  superconducting  transition
temperature.
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