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Abstract. This paper will employ a novel approach that builds upon the lasso method, utilizing it in two stages.
The first stage applies to the principal components to select the important principal component and exclude the
unimportant ones. This technique is effective in identifying significant principal components while attempting to
eliminate bias in selecting these components over others. Additionally, it removes the ranking in determining the
principal components compared to classical methods. Moreover, the second stage involves determining the
effective nmrmnre within each component by zeroing out the scores loading values within each component. To
compare the perﬁ;rmaof the proposed method in principal component analysis, a simulation approach can
be used. Subsequently, the performance of the proposed method is tested using real data.
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1. INTRODUCTION

A potent statisticalﬁcthod for dimensionality reduction, data compression, and
exploratory data analysis is principal component analysis (PCA) (Wold, S., Esbensen, K., &
Geladi, P. (1987)). We begin with vectors in (p)dimensions, (PCA) is mathematical approach
is try to reducing thﬁp)dimensions into (g)dimensions subspace (g < p) (Jolliffe, I. T.
(2002)). It converts a large number of variables in a dataset into a smaller collection of
variables (called principle components) but yet include the most crucial information. These
new varaalcs called principal components are produced by linearly combinations of the
original variables in a dataset. It seeks to minimize the dimcnﬁnality of the data while
capturing the greatest variance in it. Principal components reduce a large number of variables
into a smaller set while preserving the iﬁ)ortant information, allowing for easier analysis and
visualization. It assists in lowering the volun&of data required for processing while
preserving important data. It assists in lowering the volume of data required for processing
while preserving important data. The eigenvalues greater than one are used to determine the
major primary components. This strategy is regarded as classical and has a lot of
disadvantages because it favours eigenvalues larger than 1(Zha, H., & Wang, H. (2002)).
Principal components with eigenvalues somewhat less than one are disregarded. Its reliance
on ranking is another drawback of this approach. In this paper, we will combine the Lasso
approach (Tibshirani, R. (1996)) with principal component models to propose a novel and
efficient way for choosing significant principal components. By eliminating the unnecessary

principle components and keeping the relevant ones, this method allows us to automatically




choose the important ones without the need for ranking, and so on. The second stage of using
the Lasso technique iw apply this method for selecting important variables within each
important component. In this paper, we propose a new approach via achieving components
selection and variables selection by utilizing %) stage lasso . The current paper is illustrated
by using simulation scenario and a real data. This paper is organized as following: In Section
two, we briefly review of principal component analyses, two stage lasso with wcipal
component show in section three. In Section three, we use simulation experiments and real
data to demonstrate the effectiveness of the proposed approach. Conclude and

recommendation the current paper demonstrate in five Section.

2. LITERATURE REVIEW
We briefly review of principal component analyses

It is a statistical method that analyses the data using tE primary dimensions. Through
the identification of the primary factors (dimensions) that account for the majority of the
variation in the data set, this technique seeks to simplify complex data(Jolliffe, I. T. (2002)).
The principal component method focuses on reducing high dimensions as well as uncovering
data patterns by analyzing the relati%ships between those dimensions, etc. Assume we have
a dataset with (n)observations and(p)variables, which can be represented as a matrix (X)of

dimensions(n * p)Transforming this data to a standardized form can be achieved using the

following formula: z = ﬂ, In this case, the z is the standardized matrix ,the g is the
a

arithmetic mean and o is the standard deviation. Before performing Principal Component
Analysis (PCA), it is essential to standardize the range of the variable data using min-max

scaling. This helps transfortﬁ:e data to a specific range, typically between O and 1, using the

=min(x)

following formula: x = W

where X is represented the scaled value ,x is

represented the scaled value, min(x) is represe the minimum value and max(x)the
maximum value. With these two transformations(Hastie, T., Tibshirani, R., & Friedman, J.
(2009)), the variable data is now ready for analysis, as it eliminates different measurement
units and addresses any outliers. Finding the standardized data covariance matrix might be
the first step in performing Principal Component Analysis (PCA):

1
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Where C is the covariance matrix, z is the standardized matrix. The eigenvalues (t;)
and related eigenvectors (V) can be found from the covariance matrix (c) previously
described.The following steps are used to do this:

CVij =1,V (2)

The eigenvalues (7;) is computed through the characteristic equation det (C — 7;1) =

0, det is represented the determinant,/ is the identity matrix of dimension equal to that of

matrix C. V;; is Eigenvectors: Reintroduce each eigenvalue (7;) into the equation: (C —

7;1)V = 0 , The principal components' directions in the original feature space are represented
by the eigenvectors (V) that result from this. In order to convert the original data into the
principal component space and to comprehend_the relevance of each principal component,
these eigenvalues and eigenvectors are crucial(Zou, H., Hastie, T., & Tib%rani, R. (2006)).
Thus, the mathematical model for Principal Component Analysis (PCA) can be represented
by the following equation:
Z =XV, 3

Where , Z is converted into the new principal component space from the data matrix ,
X is the original, standardized data matrix. V,is represents the principal components as an
eigenvector matrix ,which .it corresponding K that has the largest eigenvalues. To determine
the important and significant principaﬁomponents, various methods can be used, including
the Kaiser method, which focuses on principal components with eigenvalues greater than or
equal to one. Another approach relies on the explained variance ratio, selecting components
that account for more than 80% of the total variance, among other methods employed (Kaiser,
H.F.(1960)).
Lasso i& Principal Component Analysis

Lasso, which stands for Least Absolute Shrinkage and Selection Operator denoted by
(Lasso), are especially helpful in statistical modeling . To improve the statistical model it
generates' interpretability and prediction accuracy, it selects important principal and applies
regularization(Biihlmann, P., & van de Geer, S. (2011)). From the equation (3), we can
rewrite the this equation with more detail as following

Zi = ayV [i=12,..plli=12..k] &) ,

Principal Component Analysis can be re-modeled using the Lasso technique as a first
stage to identify useful and important principal components, while excluding the unimportant
components by setting their coefficients to zero((Zou, H., Hastie, T., & Tibshirani, R.

(2006))). Therefore, we can rewrite the equation (4) with lasso technique




k
Zi =,V +AZ|aU-| (5)
j=1

Z; is the princi&l component,( @;;) are the loadings for the corresponding
eigenvectors term of V; , 4 is the regularization parameter which sets the penalties strength

and the terij-‘zli |aij-‘ encourages sparsity in the model by shrinking the coefficients

towards zero (Tibshirani, R. (1996)).
Loading lasso in Principal Component Analysis

The coefficients that show the connection between the original variables and the
principal components are referred to as loadings. They are essential for deciphering PCA
results and figuring out the relative %nributions of each original variable to each main
component(Kaiser, H. F. (1960)) . The eigenvectors of the covariance matrix of the
standardized data are where loadings are found. They show how much eacﬁnitial variable
affected the principal omponents (Jolliffe, I. T. (2002)). The loading of the Principal
Component Analysis is computed by the formula:

L=VVw (6)

Where ﬁs represented loadings matrix, V is represented matrix of eigenvectors. vw
is represented the square roots of the eigenvalues' diagonal matrix. According to the above
equation, we observe that all original variables are related to the principal components, but
with different loadings that determine the strength or weakness of each variable's contribution
to the loading value. where Every loading value indicates how much of a matching original
variable went into a certain principal component((Jolliffe, I. T. (2002))). While loadings near
zero imply a moderate influence, high absolutﬁalucs of loadings indicate that the variable
has a large influence on that major component.in this paper we proposed a new technique for
variable selection within principal component, via using the lasso technique for choosing
important variable within one principal component and exclude unimportant variable when

its loading closed from zero exactly as the following formula:

k
L=V /o + )IZ|0)U-| (7)
j=1

L is stand for the principle component loadings, or loadings matrix((Toczydlowska,

Detal 2017).




V is stand the component components matrix, or eigenvector matrix.

\[uTl is represents the eigenvalue's square root for the i-th principal component more
detail ((Jolliffe, I et al 2003)) .

A is represented the regularization parameter.

The term of /12?=1|mij|is encourage sparsity, a penalty based on the loadings'
absolute values is added.

From the equation (7) , the first part V\/aL calculates the loadings using the square
root of the appropriate eigenvalues of the eigenvectors. This establishes the relative
contribution of each original variable to each primary component. but the second part
/lzjf=1|wij |by penalizing lesser values, the second term offers a regularization impact that
helps to reduce over fitting and encourages the model to concentrate on the most significant
loadings Biihlmann, P., & van de Geer, S. (2011).This concept is helpful in high-dimensional
data analysis because it offers a means of controlling complexity through regularization and
comprehending the contributions of original variables to the principal components(Zou, H.,

Hastie, T., & Tibshirani, R. (2006)).

3. RESULTS AND DISCUSSION
Simu]agn approach

In this section, simulated examples are used to evaluate the effectiveness of our
proposed approach (Two stage Lasso in Principal Component Analysis)(TS LASSO PCA) .
Through these simulations, we are able to assess the method's performance in a variety of
scenarios and conditions. giving information about its resilience and efficacy for our
proposed method . In order to assess the approach's advantages and disadvantages, we shall
compare the outcomes with other methods, where appropriate, with current techniques. The
our simulation in current study is implemented in two ways,

First way belong to choosing optimal principal component. in this study, we
compered our proposed method with two other methods: First the (Kaiser, 1960) method is
based on the eigenvalues greater than one to determine the important principal components.
Second BARTLETT method, which it proposed by (BARTLETT 1951), thisdnethod is
modified by( K.V.MARDIA 1979). For comparison, three criteria were used: Root Mean
Square Error (RMSE), explained variance ratio(EVR), and the number of significant
principal component(NSPC). The second way belong to selection important original

variable within principal component . The matrix of original variables X are generate from




multivariate normal distribution X~Np(0,2p). In our simulation three sample size has

been used, (n = 50,150and 250). There are three simulation examples
Simulation Example

In this simulation example, we simulated ten original variables some these variables
have different correlation as following ;, = 0.45, p; = 0.65 and p; = 0.99. From the
results show in the below table we see our propo method have a good performance
compared with other two methods. This Ebeeause the Root Mean Square Error (RMSE)
calculated from our proposed method was significantly lower than that of the other methods.
Therefore, our proposed approach demonstrates its superiority in identifying the important
principal components. Also, We observe that the extracted variance according tbour
proposed method was higher than the extracted variance from the comparison methods. From
these results, we conclude that our proposed approach has an advantage over the previous
methods.

Table -1- The Root Mean Square Error (RMSE) ,explained variance ratio and number of
important principal component in First Simulation Example

Sample Methods pp =045 py = 0.65 pq =099
size RMSE | EVR | NSPC | RMSE | EVR | NSPC | RMSE | EVR | NSPC
Kaiser 1.862 61% 5 1.313 65% 5 1.562 64% 5
n=50 BARTLETT 1.661 63% 4 1.223 67% 5 1.473 61% 5
TSLASSO 1.005 76% 4 0.822 T4% 4 0.683 72% 5
PCA
Kaiser 1.313 58% 5 1.619 69% 5 1.114 64% 5
n=150 BARTLETT 1.107 63% 6 1323 64% 4 1.107 67% 5
TSLASSO 0.823 T4% 5 0.755 1% 5 0.752 81% 6
PCA
Kaiser 1.764 62% 5 0.627 64% 4 1.473 59% 5
n=250 BARTLETT 1.728 66% 5 0.582 68% 5 1.107 61% 6
TSLASSO 0.531 2% 7 0505 T76% 6 0.626 64% 5
PCA

The results are show in table -1- ;we can summarized via the below table
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Figure -1- show the root mean square error (RMSE) .explained variance ratio and number of

Simulation Example

important principal component

In this simulation example, we simulated twenty original variables some these

variables have different correlation as following p: 0.45, p, = 0.65 and p; = 0.99.

From the results show in the below table we see our propﬁsed method have a good

performance compared with other two methods. Thig is because the Root Mean Square Error

(RMSE) calculated from our proposed method was significantly lower than that of the other

methods. Therefore, our proposed approach demonstrates its superiority in identifying the

important principal components. Also, We observe that the extracted variance according to

&JI’ proposed method was higher than the extracted variance from the comparison methods.

From thﬁ results, we conclude that our proposed approach has an advantage over the

previous methods.

Table -2- The Root Mean Square Error (RMSE) .explained variance ratio and number of
important principal component in secon Simulation Example

Sample Methods py = 0.45 p, = 0.65 p; =099
size RMSE | EVR | NSPC | RMSE | EWVR | NSPC | RMSE | EVR | NSPC
Kaiser 1.562 65% 5 1403 63% 6 1.562 57% 5
n=>50 BARTLETT 1.131 68% 5 1.234 62% 5 1.362 61% 5
TSLASSO 0822 74% 5 0987 71% 5 1.003 69% 4
PCA
Kaiser 1.651 61% 5 1712 61% 6 1.496 64% 5
n=150 BARTLETT 1496 | 66% 4 1565 67% 5 1.205 69% 5
TSLASSO 0964 | 72% 4 0683 | 75% 5 0.923 73% 4
PCA
Kaiser 1.563 64% 5 1.834 61% 7 1.373 71% 6
n=250 BARTLETT 1472 68% 5 1.607 67% 6 1.014 | 73% 5
TSLASSO 0.604 74% 5 0.892 76% 5 0.820 82% 6
PCA

The results are show in table -1- ;we can summarized via the below table
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Figure -2- The Root Mean Square Error (RMSE) .explained variance ratio and number of

important principal component

The second way of our simulation

in first and second simulation examples are focus to testing best methods to selection
important principal component. However, the selection of the original variable within the
principal component is focus our simulation's second part .In this part, we used our proposed
method for selection of the original variable within principal component, we choose some
simulation scenario as following:
simulation at n=50 p; = 0.45 within first simulation example

First simulation example, there are (10) original variables, we used our proposed
method (Two stage_Lasso in Principal Component Analysis)(TS LASSO PCA)_ in this
simulation example ae number of important principal component is (4), the totalgplained
variance ratio of these important principal component is equal (76%). for selection of

original variables as following table

Table-3- show loading scaling of important principal component

Original Variables Compl Comp?2 Comp3 Comp4 Comp5
X, 0.8315 0.5456 .07654 05442
X, 01744 0.8354 06554 06932
X3 0.4007 0000 0000 0000
Xy 0000 0.1684 0.1684 03421
Xs 0000 -0.7865 -0.7865 02314
Xe 0.0828 -0.8516 -0.8516 05347
X 0000 0000 0000 0000
Xg -.00072 0.8028 0.8028 05427
Xy 0000 0.7743 0.7743 05633

X10 0.5812 0000 0000 0000




From the results show in the above table, In first principal component there are 6
important original variables and four unimportant original variables. Also, in second principal
component there are 7 important original variables and three unimportant original variables .
In third principal component there are 7 important original variables and three unimportant
original variables . In fourth principal component there are 7 important original variables
and three unimportant original variables . Based on the above results, we find that our
proposed method automatically eliminated the insignificant original variables by setting their
loadings within the principal component to zero exactly , while retaining the important
original variables.

Simulation at n=50 p; = 0.45 within second simulation example

Second simulation example, there are (20) original variables, we used our proposed
method (Two stagcéasso in Principal Component Analysis)(TS LASSO PCAh in this
simulation example the number of important principal component is (5), the total explained
variance ratio of these important principal component is equal (74%). for selection of
original variables as following table.

Table-4- show loading scaling of important principal component

Original Variables Compl Comp2 Comp3 Comp4 Comp5
X, 0.5921 0.6853 0.5091 0.1183 0.3991
Xy 0.6725 0.3907 0.7820 04510 04872
X5 0.1674 -0.3419 -0.6773 0000 0.7211
Xy 0000 0000 0000 0000 0000
X- -0.3720 0.6772 0.9834 0.3294 0.8332
Xg 04229 0000 0000 0000 0000
X 0000 0000 0.6733 05319 0000
0000 0000 0000 0000 0000
Xy -0.6452 -0.3440 0.6745 0.3064 0.7701

X10 0.4907 0.7629 0.4542 0.1932 0.2241
X 05782 -.08546 -.07662 -.07042 0000
X1 0000 0000 0000 0000 0000
X3 04051 0.8789 0.0940 0000 0000
X4 0.5993 0.3923 0.6602 0.7719 0.8741
Xs 0000 0000 0000 0000 0000
Xig 04637 0.6619 0.5624 03772 04562
X 0.5684 0.7638 0.3391 0.4932 0.6511
Xig 02832 0.6792 0.4997 04677 0.7724
X9 0000 0000 0000 0000 0000
Xa 08734 07561 03307 09472 04519

From the results show in the above table, In first principal component there are 15
important original variables and five unimportant original variables. Also, in second principal
component there are 14 important original variables and six unimportant original variables .In
third principal component there are 14 important original variables and six unimportant

original variables . In fourth principal component there are 12 important original variables




and eight unimportant original variables . In fifth principal component there are 11 important
original variables and nine unimportant original variables . Based on the above results, we
find that our proposed method automatically eliminated the insignificant original variables by
setting their loadings within the principal component to zero exactly , while retaining the
important original variables.
Real dataset

In this study, we will focus on medical dataset are consistingé 249 observations
collected from Marjan Hospital in the city of Hilla. This study aims to identify the most
significant variables affectingﬁe increase of Interleukin-27 (IL-27) hormone. There are
many variables that affect the increase of Interleukin-27 (IL-27) hormone, such asx;: White
Blood Cells denoted by (WBC), x,: Monocyte denoted by (MON), x3: Platelets denoted by
(PLT), x,: Red Blood Cells denoted by (RBC), x5;: Hemoglobin denoted by (HGB), x,:
Hematocrit denoted by (HCT), x,: Mean Corpuscular Hemoglobin denoted by (MCH), xg:
Mean Corpuscularéemoglobin denoted by (MCH), x4: Interferon denoted by (IFN), x,,:
AGE and x,: sex. To test the effectiveness of our proposed method, it will be compared with
the comparison nahods using real data as follows:

Table -5- The Root Mean Square Error (RMSE) .explained variance ratio and number of
important principal component in real dataset

Methods RMSE EVR NSPC
Kaiser 1.5621 68% 5
BARTLETT 1.0562 69% 5
TSLASSO PCA 09342 % 4

From the results in the above table we see our prowed method have a good
performance compared with other two methods. Thibis because the Root Mean Square Error
(RMSE) calculated from our proposed method was significantly lower than that of the other
methods. Therefore, our proposed approach demonstrates its superiority in identifying the
important principal components. Also, We observe that the extracted variance according to
&ll’ proposed method was higher than the extracted variance from the comparison mcthn&
From these results, we conclude that our proposed approach has an advantage over the
previous methods. Based on the simulation results and the outcomes from the real data, we
find that our proposed method exhibits good performance. Thergfore, we will employ the
proposed method in data analysis, where we identify that the number of important
components is 4 principal components out of a total of 11. These 4 principal components
accounted for 79% of the total variance. The significance of the original variables can be
illustrated as follows:

Table-6- show loading scaling of important principal component in real dataset




Original Name Variables Compl Comp2 Comp3 Comp4
Variables
X, WBC 04134 05617 0.4625 0.6723
X, MON 0000 0000 0000 0000
X3 PLT -0.8983 -0.3895 -.04728 -0.2553
Xy RBC 0000 0000 0000 0000
X5 HGB 0.5073 0.5804 0.7393 0.5612
X, HCT -0.7244 -0.6723 -0.3439 -0.4558
X MCH 0000 0000 0000 0000
Xy MCH 0.7312 05738 0.7681 0000
Xy IFN 0.6513 04514 0.4574 0.5612
X10 AGE 0000 0000 0000 0000
X1 sex 0.7553 0.553 0.704 0.7124

The first component has seven important original variables and four unimportant
original variables. Also. In the second component has seven important original variables and
four unimportant original variables. Also. In the third component has seven important
original variables and four unimportant original variables. But the forth component has six
important original variables and five unimportant original variables. Based on the above
results, we find that our proposed method automatically eliminated the insignificant original
variables by setting their loadings within the principal component to zero exactly . while

retaining the important original variables.

4, CONCLUSIONS AND RECOMMENDATION
Conclusions

Our proposed method balances bias and variance in selecting the important principal
components, as well as in choosing the original variables within the same component. Based
on the results presented in the simulation under various correlations. We observe that our
proposed method demonstrated outstanding performance in automatically selecting the
important principal components by setting the eigenvalues of the insignificant components to
zero exactly. This method offers several advantages, including eliminating the bias in the
selection of principal components and avoiding the ordering in the selection of principal
component. Second stage of our proposed method . The process of selecting original
variables focuses on employing the Lasso technique, which selects original variables in a
manner that offers several advantages. One of the most significant benefits is that the
selection is automatic, leading to time savings. Additionally, the exclusion of insignificant
variables occurs by setting the loadings of the original variables within the component to zero
exactly.

Recommendations




We recommend using our proposed method in analysis the dataset with high
dimensional data. Because of this proposed method has many features for selection principal
component and selection of original variables within the same component. We recommend
expanding the current study to include a other legalization tools that possess better features
than the Lasso technique and have high practical applicability. This would provide significant
advantages in selecting the optimal principal component that is highly beneficial for

analyzing the studied phenomenon.

REFERENCES

Bartlett, M. S. (1951). The effect of standardization on a chi-squared test. Journal of the
Royal Statistical Society: Series B (Statistical Methodology), 13(2), 190-197.

Biihlmann, P., & van de Geer, S. (2011). Statistics for high-dimensional data: Methods,
theory and applications. Springer.

Hastie, T., Tibshirani, R., & Friedman, J. (2009). The elements of statistical learning: Data
mining, inference, and prediction (2nd ed.). Springer.

Jollifte, I. T. (2002). Principal component analysis (2nd ed.). Springer.

Jolliffe, 1. T., Trendafilov, N. T., & Uddin, M. (2003). A modified principal component
technique based on the LASSO. Journal of Computational and Graphical Statistics,
12(3),531-547.

Kaiser, H. F. (1960). The application of electronic computers to factor analysis. Educational
and Psychological Measurement, 20(1), 141-151.

Tibshirani, R. (1996). Regression shrinkage and selection via the Lasso. Journal of the Royal
Statistical Society: Series B (Statistical Methodology), 58(1), 267-288.

Toczydlowska, D., Peters, G. W., Fung, M. C_, & Shevchenko, P. V. (2017). Stochastic
period and cohort effect state-space mortality models incorporating demographic
factors via probabilistic robust principal components. Risks, 5(3), 42.

Wold, S., Esbensen, K., & Geladi, P. (1987). Principal component analysis. Chemometrics
and Intelligent Laboratory Systems, 2(1-3), 37-52.

Zha, H., & Wang, H. (2002). Principal component analysis and its applications. In
Proceedings of the IEEE International Conference on Data Mining.

Zou, H., Hastie, T., & Tibshirani, R. (2006). Sparse principal component analysis. Journal of
Computational and Graphical Statistics, 15(2), 265-286.




Two Stage Lasso in Principal Component Analysis With an
Application

ORIGINALITY REPORT

14, s. O T

SIMILARITY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY SOURCES

jgcsm.qu.edu.iq

Internet Source

2%

pubmed.ncbi.nlm.nih.gov

Internet Source

(K

Cem Kocak, Erol Egrioglu, Eren Bas. "A new
explainable robust high-order intuitionistic
fuzzy time-series method", Soft Computing,
2021

Publication

(K

Sylvain Sardy, Xiaoyu Ma. "Sparse additive
models in high dimensions with wavelets",
Scandinavian Journal of Statistics, 2023

Publication

(K

ir.library.osaka-u.ac.jp

Internet Source

(K

Submitted to Manipal University

Student Paper

(K

=

Roya Asadi, Mitra Asadi, Sameem Abdul
Kareem. "An efficient semisupervised

<1%



feedforward neural network clustering",
Artificial Intelligence for Engineering Design,
Analysis and Manufacturing, 2014

Publication

dffox.com
n IEternet Source <1 %
n John P. Klein, Hans C. van Houwelingen, <1 o
Joseph G. Ibrahim, Thomas H. Scheike. ’
"Handbook of Survival Analysis", Chapman
and Hall/CRC, 2019
Publication
mdpi.com
InternEt Source <1 %
zs.dstu.dp.ua
IEternetSource p <1 %
Gopal Krishan, Nina Singh. "Researching
. <1
Geography - The Indian context", Routledge
India, 2019
Publication
Muhammad H. Al-Sharoot, Omar M. <1 o

Alramadhan. "Forecasting the gas prices in
Investing.com’s weekly economic data table
using linear and non-linear ARMA-GARCH

models for period 2016-2018", AIP Publishing,

2019

Publication




Wen Shi, Yongming Huang, Guobao Zhang. <1
: : %
"Dynamic weight-based granular
representation of time series and its
application in collective anomaly detection",
Computers and Electrical Engineering, 2024
Publication
ure.uvt.nl

Irzternet Source <1 %
Submitted to Sikkim Manipal Universit

Student Paper p y <1 %
Submitted to Yeditepe Universit

Student Paper p y <1 %
dergipark.org.tr

Intern?t Seurce g <1 %

Haider Kadhim Abbas Hilali, Rahim <1 o
Alhamzawi. "Bayesian Adaptive Lasso binary ’
regression with ridge parameter", Journal of
Physics: Conference Series, 2019
Publication

Junjun Cui, Lizhen Liu, Hanshi Wang, Chao Du, <1 o
Wei Song. "Tagged image clustering via topic ’
models", The 27th Chinese Control and
Decision Conference (2015 CCDC), 2015
Publication

Yoshiaki Uchida, Koichi Fujiwara, Tatsuki Saito, <1 o

Taketsugu Osaka. "Causal Plot: Causal-Based



Fault Diagnosis Method Based on Causal
Analysis", Processes, 2022

Publication

Zengguang Xu, Yongbo Yang, Cheng Cao.
| . . . <l%
"Simulation and analysis of dam leakage inlet
detection based on pseudo-flow field
method", Journal of Applied Geophysics, 2024
Publication
www.ncbi.nlm.nih.gov
Internet Source g <1 %
Ggert Molenberghs, Garrett F.itzma.ur.ice, <1 0%
Michael G. Kenward, Anastasios Tsiatis.
"Handbook of Missing Data Methodology",
Chapman and Hall/CRC, 2019
Publication
U.we Engel, Anabel Quan-Haase, Sunny Xun <1 o
Liu, Lars Lyberg. "Handbook of
Computational Social Science - Data Science,
Statistical Modelling, and Machine Learning
Methods", Routledge, 2021
Publication
Zakariya Yahya Algamal, Rahim Alhamzawi, <1 o

Haithem Taha Mohammad Ali. "Gene
selection for microarray gene expression
classification using Bayesian Lasso quantile
regression"”, Computers in Biology and
Medicine, 2018

Publication




digitalcommons.library.uab.edu
Integrnet Source ry <1 %
scholar.sun.ac.za
28 Internet Source <1 %
29 B. Lamrini, A. Benhammou, M.-V. Le Lann, A. <1 y
Karama. "A neural software sensor for online °
prediction of coagulant dosage in a drinking
water treatment plant”, Transactions of the
Institute of Measurement and Control, 2016
Publication
J.P. Buchet, H. Roels, G. Hubermont, R. <1 o
Lauwerys. "Placental transfer of lead, ’
mercury, cadmium, and carbon monoxide in
women", Environmental Research, 1978
Publication
Kou Fujimori, Yuichi Goto, Yan Liu, Masanobu <1 o
Taniguchi. "Sparse principal component ’
analysis for high-dimensional stationary time
series", Scandinavian Journal of Statistics,
2023
Publication
Yi Wang, Qinglai Guo, Yang Yu. "Cooperative <1 o
0

Pricing for Vehicle-Traffic-Power Nexus to
Support City Decarbonization: A Federated
Deep Reinforcement Learning Framework",

IEEE Transactions on Industrial Cyber-Physical

Systems, 2023

Publication



link.springer.com
Internet g)urceg <1 %
t.scribd.com
IF:ternet Source <1 %
WWWw.ecocyb.ase.ro <1
Internet Source %
WwWWw.yumpu.com
Internets%)/urce p <1 %
S.-C. Tai, C.-C. Sun, W.-C. Yan. "A 2-D ECG <1
: %
Compression Method Based on Wavelet
Transform and Modified SPIHT", IEEE
Transactions on Biomedical Engineering, 2005
Publication
tukasz Komsta, Yvan Vander Heyden, Joseph <1 o
Sherma. "Chemometrics in Chromatography", ’
CRC Press, 2018
Publication
Dong Sun Oh, Eunha Kim, Guangqing Lu, <1 o

Rachelly Normand et al. "SARS-CoV-2
infection elucidates unique features of
pregnancy-specific immunity", Cold Spring
Harbor Laboratory, 2024

Publication

Exclude quotes On Exclude matches Off



Exclude bibliography On



