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Abstract

Significances of the work function in the field of surface science need knowledge of how electrons are
transported out of the Fermi surface to the vacuum as well as ways the energy needed can be
accurately estimated. Full knowledge of work functions as well as the surface energy of the metallic
surface enhances understanding of the formation of grain boundaries and surface segregation.
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, researchers introduced analysis of variance and correlation analysis to assess
the statistical significance of differences in modeling approach variation. Comparisons of obtained
results with estimating the work function of semiconductor variation data of support vector machine
(SVM) and linear regression with natural logarithm transformation (LRNLT) were presented.
Keywords: Analysis of variance; Correlation analysis; Semiconductors; Statistical significance;
work function

Introduction

The importance of the work function in the field of
surface science necessitates in-depth knowledge of
how electrons are carried from the Fermi surface to
the vacuum, as well as methods for precisely
estimating the energy required. The creation of grain
boundaries, surface segregation, and growth rates,
to name a few, is enhanced by a thorough grasp of
the work functions and surface energy of metallic
surfaces (Wang and Wang, 2014). Inadequate
experimental determination of the minimal energy
required to transfer electrons to the metal’s surface
(work function) using a scanning kelvin probe force

microscope (SKPFM) (Rohwerder and Turcu, 2007)
necessitates the use of theoretical models.
Theoretical work function calculations may be
traced back to 1935 (Wigner and Bardeen, 1935)
when the estimate was made as the energy
difference between two lattices containing the same
number of ions but varied by one electron. This
qualitative estimation of work function was far from
the experimental values, necessitating revision.
The hypothesis was further strengthened by
employing pseudo-potential theory to account
for the actions of ions (Lang and Kohn, 1971).
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This model could only estimate simple metals while
noble gases deviated from experimental values
(Lang and Kohn, 1971). In the process of
determining an appropriate technique of predicting
work function, a stabilized jellium model with a
constant potential in addition to the metal’s effective
potential was developed (Kiejna, 1999). The density
functional theory method was recently used to offer
another set of work functions for Body Centre Cubic
(BCC) and Face Centre Cubic (FCC) metals (Wang
and Wang, 2014).

Using a different methodology than the
previous models, the model suggested in this study
accurately calculates the work function of elemental
semiconductors. The statistical significance of
differences in modeling methodologies is assessed
using analysis of variance and correlation analysis.
The obtained results were compared to predicting
the work function of semiconductor variation data
using support vector machines (SVM) and linear
regression with natural logarithm transformation
(LRNLT). The results of Maksuwan et al. (20233;
2023Db) studies show that the development of the
LRNLT model can be used better than the SVM
model for superconductivity research. The results of
this research show that the statistical significance of
differences in modeling approaches requires further
study. Because the statistical significance approach
can reliably distinguish between systematic
approach effects and errors resulting from modeling
approach variation.

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.) show 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 a group, variance
corresponds to variance in the sample after other
sources of variation have been accounted for and
represent 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 the average squared
deviation of treatment means from the grand mean.
As noise within samples drops, a larger fraction of
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.

Proposed Method

The uniqueness of this research work is that it
adopts the ANOVA together with assessing the
statistical significance of differences in the
modeling approach. To demonstrate the outstanding
efficiency of the ANOVA results. In this work,
we compared obtained results with work function
modeling of semiconductors between support vector
machine (SVM) and adopting a simple model
(linear regression) through which they developed by
using a natural logarithm transformation (LRNLT)
approach.

Working Principle of SVM

SVM stems from supporting vector machines
which are derived from statistical learning theory
and structural risk minimization principle (Cortes
and Vapnik, 1995; Vapnik, 1995). It employs
a 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)
and 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;, x).

f) =X = 2K (xi, x) + b @)

Where 17 = 0,1; < C,K(x;,x)is the polynomial
kernel function, and b kernel parameters.
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Figure 1. Work Function Wo (eV) predictions by SVM and LRNLT

Working Principle of LRNLT

The multiple linear regression models are built
on the same simple linear regression (Goldman
et al., 1977; Efron, 1983; Efron and Gong, 1983).
However, in addition to the concepts discussed so
far for simple linear regression, which remains
applicable, a new concept set has to 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 @)
in which,
Y, X1 X Xim
V= Y, X = Xo1 Xy Xom ’
_yn_ _1 an XnZ Xnm
b, &
b, £
B=| 2| W=|"?2
_bm_ _ngI

We develop a multiple linear regression model
for predicting by using linear regression with natural
logarithmic transformation (LRNLT). Start by
considering the nonlinear regression problem by
following Maksuwan et al., (2023a; 2023b).

y = aeb*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 become
=In(a) + bx +u

In(y) (4)

in which, u = In(U)

Performance Evaluation

Performance of obtained results with work
function modeling of semiconductor approach
variation data is evaluated using the root mean
square difference (RMSD), mean bias difference
(MBD), and Coefficient Correlation is expressed by

Iy in Equations (5)-(7) respectively (Maksuwan
et al., 2023a; 2023b), where N is the number of
data points, T, and TM°4¢! are the i-th (i = 1, 2,

4 N). Xand Y are mean of a linear relationship
between the X; and Y; variable of obtained results

work function modeling of semiconductor approach
variation data, respectively.

i (T| Model _Ti Exp )2

Ak ©
RMSD = N x100
ZTi Exp
i=1 N
T Model T Exp
o1 .
MBD = ——N %100
ZTiExp
i=l N
Z(Xi - XXYi Y) @)
rxy — - i=1 -
o7 S-v7
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Figure 2. The Kolmogorov-Smirnov Test of Normality of (a) Actual work Function Wo (b) SVM Estimated
Wo (eV) and (c) LRNLT Estimated Wo (eV)

Table 1. The actual work function of semiconductors Wo (eV) data and predictions from “SVM Estimated
Wo (eV)” and “LRNLT Estimated Wo (eV)”

Number Actual work SVM LRNLT
Index Element Valence R (a.u.) Er (eV) Function Estimated Estimated
electron Wo (eV) Wo (eV) Wo (eV)
1 Li 1 3.26 4.74 2.90 133 3.15
2 Na 1 3.99 3.24 2.75 2.47 2.68
3 K 1 4.95 212 2.30 3.17 2.26
4 Rb 1 531 1.85 2.16 2.94 2.15
5 Cs 1 5.75 1.59 2.14 2.82 2.02
6 Be 2 1.87 12.00 4.98 3.05 4.38
7 Mg 2 2.65 7.10 3.66 3.52 3.67
8 Ca 2 3.26 5.20 2.86 3.29 3.23
9 Sr 2 3.55 4.49 2.59 3.64 3.06
10 Ba 2 3.73 3.84 2.70 3.76 2.98
11 Se 2 3.72 7.54 3.50 4.38 3.19
12 Y 2 2.99 6.88 3.10 4.26 3.46
13 Ti 3 2.24 8.84 433 4.84 4.43
14 Zr 3 2.33 8.50 4.07 4.61 4.34
15 Hf 3 2.43 8.69 3.90 4.00 4.24
16 \% 3 2.09 11.09 4.30 4.96 4.56
17 Nb 3 213 10.82 4.30 5.07 4.52
18 Ta 3 213 10.19 4.25 4.38 4.52
19 Cr 3 1.98 11.95 4.50 4.15 4.68
20 Mo 3 2.03 11.36 4.60 4.84 4.62
21 w 3 2.04 11.47 4.55 4.61 4.61
22 Mn 3 2.01 12.20 4.10 4.00 4.66
23 Re 3 2.01 10.90 4.72 4.86 4.63
24 Fe 3 1.96 11.81 4.50 4.96 4.69
25 Ru 3 1.96 10.82 4.71 4.79 4.68
26 Os 3 1.97 11.06 4.83 4.72 4.67
27 Co 3 1.93 10.52 5.00 4.15 471
28 Rh 3 2.07 9.26 4.98 4.81 4.59
29 Ir 4 1.87 10.26 5.27 4.70 5.47
30 Ni 3 1.92 9.66 5.25 4.73 4.74
31 Pd 3 2.92 7.69 5.12 5.03 3.80
32 Pt 4 191 8.79 5.65 4.50 5.61
33 Cu 2 212 9.03 4.65 4.61 4.07
34 Ag 2 1.39 7.84 4.26 4.01 4.58
35 Au 3 2.22 7.25 5.10 4.26 457
36 Zn 2 2.30 8.65 433 4.61 3.95
37 Cd 2 2.59 6.45 4.22 4.50 3.69
38 Hg 3 2.51 5.66 4.49 3.69 4.45
39 B 2 1.84 15.40 4.45 4.03 4.75
40 Al 3 2.07 11.30 4.28 4.38 4.59
Maximum 4 5.75 15.40 5.65 5.07 5.61
Minimum 1 1.39 1.59 2.14 1.33 2.02
Mode 3 1.87 10.82 4.30 4.61 4.52
Meadian 3 2.13 8.82 4.32 4.38 4.49
Mean 2.5 2.60 8.45 411 414 4.09
Standard Deviation 0.78 0.996 3.23 0.93 0.81 0.86
Variance 0.62 0.992 10.44 0.87 0.65 0.74
Correlation with Actual work
Function We (eV) 0.724 -0.767 0.607 - - -
Correlation with SVM Estimated
We (V) 0.682 -0.441 0.532 - - -
Correlation with LRNLT Estimated
Wo (V) 0.787 -0.924 0.808 - - -
Root Mean Square Difference
(RMSD) - - - - 16.83 9.05
Mean Bias Difference (MBD) - - - - 0.66 -0.43
Note:  “Number Valence electron”, “electron density parameter R (a.u.)” “Femi energy EF (eV)” are the predictors work functions of elemental semiconductors. “Reference”

shows sources of all work function of semiconductors WO (eV) data in (Olatunji et al., 2011; 2014).
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Results and Discussion

The actual data (obtained experimentally) employed
in this research work was drawn from the literature
(Michaelson, 1977; Wang and Wang, 2014). A total
of forty raw data points were used for both training
and testing, as presented in Table 1 (Olatunji et al.,
2011). Before the analysis of variance, we used the
Kolmogorov-Smirnov test to check the normality of
the set of raw data, which comes from each
modeling approach in Figure 2.

The graph in Figure 2 shows the test maximum
statistic D of (a) Actual work Function W, (b) SVM
Estimated Wo (eV) and (c) LRNLT Estimated
Wy (eV) equals 0.1975, 0.1583, and 0.2136,
respectively, which had a trend lower than the
critical test maximum statistic D, which equals
0.2102. In those results, it was assumed that the data
distribution was not normal. In other words, the
difference between the raw data sample and the
normal distribution was not big enough to be
statistically significant. For this reason, the raw data
sample conflicted with the ANOVA under elements
of the parametric statistical model (Siegel, 1956).

The procedure uses a nonparametric approach
to the one-way ANOVA to compare three or more
groups on a dependent variable that is measured on
at least an ordinal level. It is sometimes called the
Kruskal-Wallis test. The graph in Figure 3 shows
the nonparametric approach to the one-way
ANOVA to compare three groups: Actual work
function, SVM from Equation (1), and LRNLT
estimated Wy (eV) from Equation (4). The test
statistic H under the chi-square distribution equals
0.084, which is in the 95% region of null hypothesis
acceptance: [0, 5.991]. This result means that the
mean ranks of all groups are assumed to be equal.
In other words, the difference between the mean
ranks of all groups is not big enough to be
statistically significant.

Result from the one-way ANOVA to compare
three groups in Figure 3. Let us know just that the
difference between the mean ranks of all groups was
nonsignificant. However, we still don’t know how
the predictions of each model compare to the
experimental values. Therefore, we have to make
pairwise comparisons using the measure of the
central tendencies of the two groups under the
nonparametric approach, so-called the two-sample
Mann-Whitney U test. The result of the two-sample
Mann-Whitney U test is presented in Figure 4.

The graph in Figure 4 shows the test statistic
Z of (a) Actual Wy vs. SVM Estimated Wy (eV),
(b) Actual Wo vs. LRNLT Estimated Wy (eV), and
(c) SVM Estimated Wy (V) vs. LRNLT Estimated
Wy (eV) equals 0.0385, 0.04812, and 0.4283,

Distribution: Chi-Square(df:2) o =().05

Zew= 0.084

Zew=5.991

Figure 3. The test statistic H under the chi-square
distribution was obtained by using
a nonparametric approach to the one-way
ANOVA to compare three groups: actual,
SVM from Equation (1), and LRNLT from
Equation (4) estimated work function

respectively, which is in the 95% region of null
hypothesis acceptance as [-1.96: 1.96]. Paired
comparisons for all 3 pairs show results trending in
the same direction, namely that the randomly
selected value of the population from all 3 pairs is
assumed to be equal. In other words, the difference
between the randomly selected values of the
population from all 3 pairs is not big enough to be
statistically significant.

Results from the two-sample Mann-Whitney
U test in Figures 4(a), 4(b), and 4(c) let us know that
the difference between the measures of the central
tendencies of the two groups was nonsignificant.
In other words, although the performance of the
obtained results with %RMSD and %MBD of
LRNLT was lower than the SVM modeling
approach, the difference between the measures of
the central tendencies from both modeling was
nonsignificant with the actual work function of
the semiconductor. For this reason, a comparison of
the performance of the LRNLT and SVM modeling
approaches with only %RMSD and %MBD is not
enough to confirm that the performance of LRNLT
is higher than that of the SVM modeling approach.

Therefore, we must assess the performance of
the LRNLT and SVM modeling approaches to
determine how well the relationship between two
variables can be described using the analysis of
variance of correlation under a nonparametric
viewpoint. Such assessments of this performance
use the so-called Spearman correlation coefficient
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as presented in Tables 2, 3, and 4 for correlation
with actual work function, SVM estimated Wy (eV),
and LRNLT estimated Wy (eV), respectively. Those
tables indicate the direction of association between
the predictors, namely Fermi energy (Ef), electron

density parameter (R), and number of valence

electrons, and the work function of the
semiconductor.
Results from the Spearman correlation

coefficient as presented in Tables 2, 3, and 4 showed

Table 2.  The actual work function of semiconductors Wy (eV) data and predictions from “SVM Estimated
Wo (eV)” and “LRNLT Estimated Wy (eV)”
Number Edlectl_’on . Actual work
Valence ensity Femi energy Function
parameter EF (eV)
electron R (a.u.) WO (eV)
Spearman’stho  Number Valence Correlation Coefficient 1.000 -.609™ .610™ 724
electron Sig. (2-tailed) . .000 .000 .000
N 40 40 40 40
Electron density Correlation Coefficient -.609™ 1.000 -.824™ - 7677
parameter R (a.u.) Sig. (2-tailed) .000 . .000 .000
N 40 40 40 40
Femi energy Er (€V)  Correlation Coefficient .610™ -.824™ 1.000 .607™
Sig. (2-tailed) .000 .000 . .000
N 40 40 40 40
Actual work Function Correlation Coefficient 724™ -767" .607™ 1.000
Wy (V) Sig. (2-tailed) .000 .000 .000 .
N 40 40 40 40

**_Correlation is significant at the 0.01 level (2-tailed).

Table 3. The correlation between the data set contains the predictors and the SVM Estimated Wo (eV)
Number Izlect_ron . Actual work
Valence ensity Femi energy Function
electron parameter EF (eV) WO (eV)
R (a.u.)
Spearman’stho  Number Valence Correlation Coefficient 1.000 -.609™ .610%* .682**
electron Sig. (2-tailed) . .000 .000 .000
N 40 40 40 40
Electron density Correlation Coefficient -.609** 1.000 -.824** - 441
parameter R (a.u.) Sig. (2-tailed) .000 . .000 .000
N 40 40 40 40
Femi energy Er (eV)  Correlation Coefficient .610** -.824** 1.000 532**
Sig. (2-tailed) .000 .000 . .000
N 40 40 40 40
Actual work Function Correlation Coefficient .682** - 441** .532** 1.000
W (eV) Sig. (2-tailed) .000 .000 .000 .
N 40 40 40 40

**_Correlation is significant at the 0.01 level (2-tailed).

Table 4. The correlation between the data set contains the predictors and the LRNLT Estimated Wo (eV)
Number %Igﬁgfyn Femi energy Actual work
Y parameter | EF@)) el
(au.)
Spearman’s tho ~ Number Valence Correlation Coefficient 1.000 -.609** .610** 787**
electron Sig. (2-tailed) . .000 .000 .000
N 40 40 40 40
Electron density Correlation Coefficient -.609** 1.000 -.824** -.924**
parameter R (a.u.) Sig. (2-tailed) .000 . .000 .000
N 40 40 40 40
Femi energy Er (eV)  Correlation Coefficient .610** -.824** 1.000 .808**
Sig. (2-tailed) .000 .000 . .000
N 40 40 40 40
Actual work Function Correlation Coefficient 787** -.924** .808** 1.000
W (eV) Sig. (2-tailed) .000 .000 .000 .
N 40 40 40 40

**_Correlation is significant at the 0.01 level (2-tailed).
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the difference in the magnitude-changing trend of
correlation between the predictors and work
function Wy (eV) as presented in Figure 5.

The column chart in Figure 5 lets us know that
the magnitude-changing trend of correlation
between the predictors and work function Wy (eV)
as presented by LRNLT Estimated Wo (V) (green
dotted line) had the magnitude-changing trend that
was likewise with work function Wy (eV) as
presented by Actual Work Function Wy (eV) (blue
dotted line). Conversely, the SVM-presented
predictors and work function Wy (eV) Estimated Wq
(eV) (red dotted line) showed a magnitude-changing
pattern that was paradoxical with work function Wy
(eV) as provided by Actual Work Function Wq (eV)
(blue dotted line). Because of this, it was sufficient

to verify that the LRNLT modeling approach
performed better than the SVM modeling approach
by comparing the performance of the two
approaches using %RMSD and %MBD to gather
the relationship between two variables using the
analysis of variance viewpoint of the correlation
analysis.

Because of the effects of ions, the qualitative
estimation of work function would be affected by
theoretical calculation (Wigner and Bardeen, 1935).
Therefore, we tested the statistical difference of
work function Wy (eV) values between the actual,
SVM, and LRNLT modeling approaches. By using
the number of valence electrons from raw data in
Table 1 as a condition for dividing test groups,
which can be divided into four groups, the numbers

0.924

0.724

0.808

L]
Correlation with Actual work
Function W, (eV)

0.532

Correlation with SVM
Estimated W, (eV)

Correlation with LRNLT
Estimated W, (eV)

The correlation between the predictors and work function W, (eV)

Number Valence electron
R (a.u.)

The predictors

Electron density parameter

Femi energy
Er (eV)

Figure 5. The magnitude-changing trend of correlation between the data set contains the predictors and work

function Wo (eV)

Distribution: Chi-Square(df:2) « =0.05
05

04 3
Xca= 0.780
Zin= 5.991

02

: 0 5 10
G2:Number Valence electron 2

Distribution: Chi-Square(df:2) « =0.05

04 3
Xca= 0.605
Zew=5.991

0.1

00
0 5 10

G3:Number Valence electron 3

Figure 6. Kruskal-Wallis-test, using Chi-Square (df:2) distribution of G2: Number Valence electron 2 and

G3: Number Valence electron 3
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of valence electrons 1, 2, 3, and 4 were G1, G2, G3,
and G4, respectively. In this process, we analyze the
statistical differences in work function Wy (eV)
values between the actual, SVM, and LRNLT
modeling approaches when ny, nz, and nz were the
sample sizes of the actual, SVM, and LRNLT
modeling approaches, respectively. By doing the
one-way ANOVA by ranking the Kruskal-Wallis
test as follows:

The first, G1, had sample sizes of n1 = 5,
n, = 5, and nz = 5. Probabilities associated with
values of H=0.98 equal 0.102 (p = 0.102). From the
statistical test (Table O in Siegel, 1956), the value of
probabilities (p) is less than 0.05. The second, in
Figure 6, shows that the test statistic H under the
chi-square distribution of G2 sample size n; = 12,
n; =12, n3 = 12, and G3 sample size ny = 21, n; =
21, n3 = 21, equals 0.780 and 0.605, respectively,
which is in the 95% region of null hypothesis
acceptance: [0, 5.991]. Lastly, sample sizes for G4
were n; = 2, np = 2, and n3 = 2. Probabilities
associated with values of H = 3.429 are equal to
0.200 (p = 0.200). Based on the statistical test
presented in Siegel (1956) Table O, the probability
(p) value is less than 0.05. The mean ranks of all
groups are taken to be equal based on the outcomes
of G1, G2, G3, and G4. As stated otherwise, there is
not a significant enough difference between the
mean ranks of all the groups to warrant statistical
significance.

Findings from a one-way ANOVA were used
to compare the G1, G2, G3, and G4 groups. Tell us
only that there was no statistically significant
difference in the mean ranks of all the groups.
However, we are still unsure of the paired
comparison model’s difference. Therefore, we have
to make pairwise comparisons using the measure of
the central tendencies of the two groups. Depending
on sample size, we used the two-sample Mann-
Whitney U test for G1, G2, and G3, together with
the median test for two independent samples in G4.
The result of paired comparisons into G1, G2, G3,
and G4 is as follows:

The first is the critical probability p = 0.05 of
G1, as follows in Table J of Siegel (1956) associated
with (1) Actual vs. SVM. Estimated Wy (eV)
comparison with sample sizes n; = 5and n; = 5, as
the observed value of the test statistic U = 8 equals
0.210 (p = 0.210), therefore p = 0.210 > p = 0.05.
(2) Sample sizes ny = 12 and n, = 12 are linked to
the probability of Actual vs. LRNLT Estimated W
(eV), since the observed value of the test statistic
U =11equals 0.421 (p = 0.421),and p = 0.421 > p
=0.05.,and (3) SVM vs. LRNLT estimated Wy (eV)
comparison with sample sizes ny = 5 and n; = 5,
as the observed value of the test statistic U = 9

equals 0.274 (p = 0.274), therefore p = 0.274 >
p = 0.05.

Results from the two-sample Mann-Whitney
U test in G1 let us know that the difference between
the measures of the central tendencies of the all
pared was not significant. In other words, the
difference between the measures of the central
tendencies in G1 as the numbers of valence
electrons equal to 1 from all pared was not
significant with the actual work function of the
semiconductor.

The second is the critical value of U (Ucrit)
equal to 42 of G2, as follows in Table K of Siegel
(1956) associated with (1) Actual vs. SVM.
Estimated Wy (eV) comparison with sample sizes
ny = 12 and n, = 12 for a one-tailed test at o< = 0.05.
The observed value of two samples Mann-Whitney
U (Uonbs) as 62.5, so that Ucrit. = 42 < Ugps, = 62.5.
(2) Actual vs LRNLT Estimated Wy (eV)
comparison for a one-tailed test at < = 0.05 with
sample sizes n; = 12 and np = 12. Since the two
sample Mann-Whitney U has an observed value
(Uows.) of 72, Ugrit. = 42 < Uops. = 72, and (3) SVM
vs. LRNLT Estimated Wy (eV) comparison with
sample sizes ny = 12 and n, = 12 for a one-tailed test
at « = 0.05. The observed value of two sample
Mann-Whitney U (Uobs,) as 55.5, so that Uc;it. = 42
< Uogps. = 55.5.

The findings of the two-sample Mann-
Whitney U test in G2 demonstrated a significant
difference between the evaluations of each pared’s
central tendencies. Stated differently, the findings of
the two-sample Mann-Whitney U test show that the
measures of the two group’s central inclinations
differed statistically significantly. In other words,
the real work function of the semiconductor differed
significantly from the measures of the central
tendencies in G2, as the numbers of valence
electrons were equal to 2 from all pared.

The third is the test statistic Z of G3: (a) Actual
W, vs. SVM Estimated Wy (eV), (b) Actual Wy vs.
LRNLT Estimated Wy (eV), and (c) SVM Estimated
Wy (eV) vs. LRNLT Estimated Wy (eV), which is
displayed on the graph of the two-sample Mann-
Whitney U test in Figure 7. This corresponds
to -0.2139, -0.2139, and 1.0822, respectively, and
falls within the 95% region of null hypothesis
acceptance, which is [-1.96: 1.96]. In G3, all three
pair’s paired comparisons trend in the same
direction, indicating that the population’s randomly
chosen value is taken to be equal in each pair. In
other words, there is not a significant enough
difference between the population’s randomly
picked values from all three pairs to warrant
statistical significance.
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Figure 7. Two Sample Mann-Whitney U, using Normal distribution (two-tailed) of G3: Number Valence
electron as 3 groups (a) Actual Wo VS. SVM Estimated Wo (eV) (b) Actual Wo VS. LRNLT
Estimated Wo (eV) and (c) SVM Estimated Wo (eV) VS. LRNLT Estimated Wo (eV)

Figures 7(a), 7(b), and 7(c) show the results of
G3 by using the two-sample Mann-Whitney U test,
which indicates that there was no statistically
significant difference between the measures of the
central inclinations of the two groups. The outcome
indicates that there was no statistically significant
discrepancy between the semiconductor’s actual
work function and the measures of the central
tendency in G3, where the number of valence
electrons equals three from all three pair’s paired
comparisons.

Finally, the result of the median test for two
independent samples and the calculation of the
difference significance by the Fisher test of G4,
namely (1) Actual vs. SVM. Estimated Wy (eV)
comparison with the probabilities associated with
meadian = 4.985,n; =2, np =2, and ny + n, < 20 as
observed value by using the Fisher test equals 0.167
(p=0.167), so that p = 0.167 > p = 0.05. (2) Actual
vs. LRNLT Estimated W, (eV) comparison with
the probabilities associated with meadian = 5.541,
ny =2, N, =2 and n; + n2 < 20 as observed value by
using Fisher test equals 0.667 (p = 0.667) so that,
p = 0.667 > p = 0.05. (3) SVM. vs. LRNLT
estimated Wy, (eV), the probability is related to
meadian = 5.084,n; =2, n, =2, and n; + n, < 20 as
the observed value. Calculating the estimated
Wy (eV) comparison using the Fisher test yields
aresult of 0.167 (p = 0.167), meaning that p = 0.167
>p=0.05.

The difference in the measures of the central
tendency of the entire sample was not significant,
according to the results of the median test for two
independent samples in G4. In other words, there
was no statistically significant difference between
the measures of the central tendency in G4 as the

number of valence electrons equals 4 from all pared
and the semiconductor’s actual work function.

The results of paired comparisons into G1, G2,
G3, and G4 showed the effects of ions; the
qualitative estimation of work function would be
affected according to the theoretical calculation by
(Wigner and Bardeen, 1935). The results of paired
comparisons into G1, G3, and G4 showed the
difference between the measures of the central
tendencies from the LRNLT estimated W, (eV) was
not significant with the actual and SVM estimated
W, (eV) of the semiconductor. Performance of
LRNLT estimated the W, (eV) of G1, such as Li,
Na, Cs, and G3, namely Al, corresponding to
estimated by using Lang and Kohn’s (1971) model
under the concept of pseudo-potential theory, which
includes the effects of ions. Such an impact will
affect the minimum energy required to move
electrons to the surface of the metal (work function).

Due to the fact that germanium (Ge) and
silicon (Si) are far superior electrical conductors to
diamond, the performance of LRNLT estimated the
Wy (eV) is likely to be compatible with the
predictions of G4, namely Si and Ge. The difference
between the measures of the central tendencies from
the LRNLT estimated W, (eV) was not significant
compared with the actual and SVM estimated Wy
(eV) of Si and Ge work function predictions from
research by Owolabi et al. (2014). Also, in such
research, the work functions estimated using SVM
were compared with the experimental results as well
as the results from other theoretical models, namely
the excellent agreement with the experimental work
function in comparison with the metallic plasma
model (MPM) of Olatunji et al. (2011).
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The explanation virtually explains the
properties of metals using Band theory (Singleton,
2001). The set of forbidden energies does not
correspond to any allowed combinations of atomic
orbitals. They extend farther from the nucleus, the
valence orbitals of adjacent atoms, and interact
much more strongly with one another than do the
filled core levels; as a result, the valence bands have
a larger bandwidth. So the result is overlapping
bands. Molecular orbitals are derived from two or
more different kinds of valence electrons that have
similar energies. These have molecular orbitals
derived from two or more valence orbitals with
similar energies. The valence band is filled with one,
two, or three electrons per atom for Na (G1), Mg
(G2), and Al (G3), respectively.

The combined band that arises from the
overlap of the 3s and 3p bands is also filling up; it
has a total capacity of eight electrons per atom (two
electrons for each 3s orbital and six electrons for
each set of 3 p orbitals). With Na, therefore, which
has one valence electron (G1), the combined
valence band is one-eighth filled; with Mg (two
valence electrons; G2), it is one-fourth filled; and
with Al (G3), it is three-eighths filled, as indicated.
The effect of the combined band that arises from the
overlap leads to different unoccupied energy levels
at an infinitesimally small energy level above the
highest occupied level.

Although the performance of the obtained
results with G1, G3, and G4 of LRNLT was not
significantly different from the SVM estimated Wy
(eV) of the semiconductor. But both modeling
approaches were significantly different from the
actural work function W (eV) with G2. Due to this
fact, the prediction of work function from both
LRNLT and SVM modeling approaches covers the
variance due to the effect of the combined band that
arises from the overlap of G1, G3, and G4, but it is
not covered by G2. Therefore, the LRNLT modeling
approach must be developed. It is proposed to
include factors related to the effect of the combined
band that arises from the overlap in the next model
as well.

Conclusions

The main goal of this research is to compare the
obtained results with estimating the work function
of semiconductor variation data from SVM and
LRNLT. The findings of predicting the work
function from semiconductor variation data reveal
that the LRNLT outperforms the SVM modeling
strategy. The statistical significance technique
revealed a comparison of the performance of the

LRNLT and SVM modeling approaches with only
%RMSD and %MBD, which is insufficient to
confirm that the LRNLT performs better than the
SVM modeling approach. As a result, we must
evaluate the effectiveness of the LRNLT and SVM
modeling approaches in order to establish how
effectively the relationship between two variables
can be described using the analysis of variance of
correlation from a nonparametric perspective. In
addition, the statistical significance approach shows
the imperfection of LRNLT modeling that is caused
by factors related to the effect of the combined band
that arises from the overlap, which leads to the
development of LRNLT modeling being perfect

next time.
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