IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 19 August 2023, accepted 30 August 2023, date of publication 4 September 2023, date of current version 11 September 2023.

Digital Object Identifier 10.1109/ACCESS.2023.3312015

== RESEARCH ARTICLE

Variable Selection of Lasso and Large Model

HUIYI XIA

School of Big Data and Artificial Intelligence, Chizhou University, Chizhou 240007, China
e-mail: xiayz_88@163.com

ABSTRACT In order to clarify the variable selection of Lasso, Lasso is compared with two other variable
selection methods AIC and forward stagewise. First, the variable selection of Lasso was compared with that
of AIC, and it was discovered that Lasso has a wider application range than AIC. The data simulation shows
the variable selection of Lasso under orthonormal design is consistent with AIC, Lasso under orthonormal
design can be solved by using the stepwise selection algorithm. The removed variables of Lasso appear again
under nonorthonormal design, the variable selection of Lasso under nonorthonormal design isn’t consistent
with AIC. We continue to compare the variable selection of Lasso and forward stagewise. Based on the
analysis of these studies, it is pointed out that the variable selection of Lasso is complex. An infinite number
of parameters enable the design matrix to achieve orthonormalization, so that the solution of Lasso can be
found with the stepwise selection algorithm, which may be the reason for the success of the large model

represented by ChatGPT.

INDEX TERMS Variable selection, Lasso, AIC, forward stagewise, complexity, ChatGPT.

I. INTRODUCTION

With the development of science, more complex and large
data sets appear, statisticians and researchers are also devel-
oping different statistical models to extract valuable informa-
tion from these data-sets, performing parameter estimation,
hypothesis testing or statistical inference. To simplify the
calculation of data, methods of variable selection are widely
applied in data analysis.

The traditional variable selection method is subset selec-
tion. If the model has p variables, the subset selection
obtains the optimal model by comparing 27 — 1 sub mod-
els, and the amount of calculation is too large. To reduce
the number of calculations, many scientists have conducted
research. Breaux proposed a stepwise regression that includes
two regression methods. The first method is forward selec-
tion, and the second is backward elimination [1]. Stepwise
regression improves computational efficiency, but it cannot
guarantee that the obtained model is optimal. The model
obtained by subset selection is the optimal model, but the
number of calculations is too large. To determine the opti-
mal model, Breiman proposed a nonnegative garotte [2].
Tibshirani inspired by the garotte, put forward a new
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technique, called the Lasso (least absolute shrinkage and
selection operator). it shrank some coefficients and set others
to 0, and hence tried to retain the features of both subset selec-
tion and ridge regression [3]. To reduce the computational
cost of Lasso, Efron et al. proposed least angle regression
(Lars) and proved that modified Lars could solve Lasso [4].

Owing to the fast-computing speed of Lars, it has become
the main algorithm for studying high-dimensional data. Khan
and Shaw considered variable selection methods for the AFT
modeling of censored data, and introduced classes of elas-
tic net type regularized variable selection techniques based
on SWLS [5]. Kane and Mandal proposed applying the
adaptive Lasso regression as an analytical tool for designs
with complex aliasing [6]. Febrero-Bande et al. considered
the problem of variable selection in regression models for
functional variables [7]. Xia studied the disturbance phe-
nomenon in the process of Lasso’s variable selection, and
pointed out the complexity of Lasso’s variable selection [8].
Borboudakis and Tsamardinos proposed a heuristic that
significantly improved its running time, while preserving
predictive performance. The idea is to temporarily discard
variables that are conditionally independent with the out-
come given the selected variable set. Depending on how
these variables are reconsidered and reintroduced, this heuris-
tic gives rise to a family of algorithms with increaseingly
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stronger theoretical guarantees [9]. Febrero-Bande et al.
considered the problem of variable selection in regres-
sion models for functional variables [7]. Liang et al.
proposed VSOLasso-Bag, which is a variable selection-
oriented Lasso bagging algorithm for biomarker discov-
ery in omic-based translational research [10]. Wasserman
and Roeder performed variable selection in high-dimensional
models, and considered three screening methods: the Lasso,
marginal regression, and forward stepwise regression [11].
Austin et al. studied penalized regression and risk prediction
in a genome-wide association study by Lasso [12]. Ahrens
and Bhattacharjee exploited the Lasso estimator and mim-
icked two-step least squares to account for the endogeneity
of the spatial lag [13].

Following is a brief introduction to Lasso:

Suppose that we have data (x',yj),i=1,---,N, where
xI = (i1, ,xjp) are the predictor variable and y; are
responses. As in the usual regression set up, we assume
that either the observations are independent or the y;s are
conditionally independent given the x;s. Assume that the x;;
is standardized such that Zl | X” =0, Zl 1xlJ =1.

Without a loss of generality, we assumed that y = 0. Let-
A ~ AN\T A
ting B = (,31, e ,,BP) , the Lasso estimates S is defined by

2
N p
B = argmin Z Vi — Zﬁjxij
i=1 =1
p
subject to Z }ﬂj‘ <t (1)

j=1
Here t > 0 is a tuning parameter.
N A\ T
Let 80 = (,80, cee, ﬂg) be the least squares estimation
and X be the n x p design matrix with ijth entry x;;. Under
orthonormal design (XTX = I, I denotes the p x p identity

matrix), the soft threshold estimation of Lasso was proposed
in 1996, and the expression is as follows:

i =sien () (|42 )" @

where y is determined by the condition ‘ ,éj‘ =1t
Based on summarizing previous research, under orthonor-

mal design, and when ‘ ,3?‘ << ‘ ,ég , the author provided

the exact solution of Lasso using the Lagrange multiplier
method, and the expression is as follows:
+
)

A _ A0 A — B0 cihyi P20
Bi=p. - Bp=8 subjecttot =>. |8
P
B = sgn (,Bk) (‘ﬂk’ - —] 1 (Zk _
3)
The soft threshold solution of Lasso is a numeri-

P ~
subject to t < h =t
) Zi=1 1 T’ Zk=j ’ﬂk)
cal solution, and the exact solution of Lasso is an
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analytical expression. These theoretical studies indicate that
Lasso under orthonormal design can be solved by the step-
wise selection algorithm.

Under nonorthonormal design (XTX # I), letting 8 =
(Br, - ,,BP)T, equation (1) is equivalent to:

B = argmin [ (ﬂ - B())TXTX (ﬂ—,@o)l
subjectto Z

Because XX # I, equation (4) cannot be solved by the
Lagrange multiplier method; we can only find numerical
solutions by computer simulation.

The software used in this paper is R software.

Although Lasso has a wide range of applications, there
are still many issues with its variable selection. Therefore,
the variable selection of Lasso is studied in this paper and
being compared with that of the other two method Akaike
Information Criterion (AIC) and forward stagewise.

This study is divided into five sections. The first section
is the introduction, which highlight the research origin of
Lasso’s variable selection. The second section introduced the
variable selection of Lasso, and compares it with the variable
selection of AIC. The third section compares the variable
selection of Lasso with that of forward stagewise. The fourth
section concludes the paper by pointing out the complexity of
Lasso’s variable selection and the relationship between Lasso
and the large model.

|Bi| <t “)

Il. VARIABLE SELECTION OF LASSO AND AIC

First, we study the variable selection of Lasso under orthonor-
mal design. We then study the variable selection of Lasso
under nonorthonormal design. Finally, we study the variable
selection of Lasso on the data set. Meanwhile, the variable
selection of Lasso was compared with the variable selection
of AIC, and their relationship was determined.

A. VARIABLE SELECTION UNDER ORTHONORMAL DESIGN
Here is an example of Lasso under orthonormal design.
Example 1: The design matrix is

05 0 05 -05 -05
X=105 0 -05 05 -05
05 0 —-05 —-05 05

The response variableisy = (1, —5, —4, 3, S)T. The variable
selection of Lasso and AIC was observed.
The least squares estimation of g8 is (—4.5, 1.5, 2.5)T and

XTX =

S O =
S = O
- o O

This is the problem of Lasso under orthonormal design.

96515



IEEE Access

H. Xia: Variable Selection of Lasso and Large Model

LASSO

AN

Standardized Coefficients

\

I I I T
0.0 02 04 0.6 038 1.0

|betal/max|beta|

FIGURE 1. Graph1 of Lasso’s variable selection.

1) VARIABLE SELECTION OF LASSO

Figure 1 shows the variable selection of Lasso in Example 1.
As Figure 1 shows, the order of Lasso’s variable selection is
as follows:

First, the variable X2 is removed, and the absolute value
of X2 is the minimum absolute value of the least squares
estimators.

Then, the variable X3 is removed, and the absolute value of
X3 is the second smallest absolute value of the least squares
estimators.

Finally, the variable X1 remains, and the absolute value
of X1 is the maximum absolute value of the least squares
estimators.

Figure 1 was drawn using the built-in software lars in R.
The numbers at the top of Figure 1 represents the node of
Lasso’s variable selection. Number 3 represents the starting
node for Lasso’s variable selection, number 2 represents the
node when variable X2 is removed, and number 1 represents
the node when variable X3 is removed. The numbers on
the right side of Figure 1 represent the specific variables.
For example, the number 1 represents variable X1, and the
corresponding line represents the variable selection process
of variable X1.

The variable selection of Lasso is consistent with the abso-
lute value size of the least squares estimators.

Table 1 shows the values of parameter § at each node in
Figure 1. As listed in Table 1, the value of parameter 8 at
each node is as follows:

Node 1: The value of parameter g8 is (—4.5, 1.5, 2.5)T,
which is the least squares estimation.

Node 2: The value of parameter 8 is (3.0, 0, l.O)T, and
variable X2 is removed.

Node 3: The value of parameter 8 is (—2.0, 0.0, 0.0)T, and
variable X3 is removed.
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TABLE 1. Coeffcient changel1 of Lasso.

By B2 Bs

Node 1 -4.5 1.5 2.5
Node2 -3.0 0.0 1.0
Node3 -2.0 0.0 0.0

TABLE 2. AIC of two variable.

RV X2 X3 X1

AIC 15.511 16.075 17.661

TABLE 3. AIC of one variable.

RV X3 X1

AIC 14.366 15.874

2) VARIABLE SELECTION OF AIC
AIC, also known as the Akaike Information criterion, can
improve the goodness of fit and avoid over-fitting. We use
AIC to select variables, and the variable selection of AIC in
the problem involves two steps:

Stepl: Table 2 shows the AIC values of the model after
removing one of the three variables. As listed in Table 2,
according to the principle of minimizing the AIC value, the
variable X2 is removed.

Here, RV denotes Removed variable.

Step2: Table 3 shows the AIC values of the model after
removing one of the two variables. As shown in Table 3,
according to the principle of minimizing AIC values, variable
X3 is removed.

In summary, the variable selection order of AIC is:

First, variable X2 is removed, and the absolute value of
variable X2 is the minimum absolute value of the least
squares estimators.

Then, variable X3 is removed, and the absolute value of
X3 is the second smallest absolute value of the least squares
estimators.

Finally, variable X1 remains, and the absolute value of X1
is the maximum absolute value of the least squares estimators.

Therefore, the variable selection of the Lasso is consistent
with the variable selection of the AIC in the example.

B. VARIABLE SELECTION UNDER
NONORTHONORMAL DESIGN
There is variable disturbance in the variable selection of
Lasso under nonorthonormal design, that is, the removed
variables will enter again. This means that the stepwise selec-
tion algorithm cannot solve Lasso.

Here is an example of nonorthonormal design.
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FIGURE 2. Graph2 of Lasso’s variable selection.

Example 2: The design matrix is

12 1/4/95 1/4/6  1/J/14
0 1/+/38 1/v/6 0

X=| 12 —2/4/95 0 —3/V/14
-2 2/J95 —2//6 0

=12 1/V/38 0 2//14

The response variable is y = (1, —1, —3, 2, I)T.The vari-
able selection of Lasso and AIC was observed.

The least squares estimation of j is

(0.923, 1.423, —1.884, 3.166)T, and

100 —041 061 —053
[ —041 100 —046 052
XX=1 061 —046 100 o011

~053 052 011 1.00

This is the problem of Lasso under nonorthonormal design.
The example is constructed by the author, the stepwise selec-
tion algorithm cannot solve Lasso under nonorthonormal
design. When Lasso under nonorthonormal design satisfies
the conditions, we can use the stepwise selection algorithm
to solve it, which is a complex problem and very valuable.
However, further research was not be conducted in this study.

1) VARIABLE SELECTION OF LASSO

Figure 2 shows the variable selection of Lasso in Example 2.
As shown in Figure 2, the variable X1 is removed, and, then
entered. Variable X1 is the disturbance variable in the variable
selection of Lasso.

We observe the coefficient changes in Table 4. According
to Table 4, we found that variable X1 was removed at node 2,
variable X1 appeared at node 4, and variable X1 was removed
again at node 5, variable X1 was the disturbance variable in
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TABLE 4. Coeffcient change2 of Lasso.

By B Bs B

Nodel 0.923 1.423 -1.884 3.166
Node2  0.000 1.894 -0.944 2.267
Node3  0.000 1.972 -0.519 1.837

Node4  -0.351 2.181 0.000 1.332
Node 5  0.000 1.824 0.000 1.070
Node 6  0.000 0.754 0.000 0.000

50
|

Standardized Coefficients
-50

-100
|

-150
|

I I I I
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FIGURE 3. Graph3 of Lasso’s variable selection.

the variable selection of Lasso. As shown in Table 4, the value
of parameter § at each node is as follows:

Node 1: The value of parameter f is

(0.923,1.423, —1.884, 3.166)T.

Node 2: The value of parameter  is

(0.000, 1.894, —0.944, 2.267)T.

Node 3: The value of parameter f is

(0.000, 1.972, —0.519, 1.837)T.

Node 4: The value of parameter 8 is

(—0.351, 2.181, 0.000, 1.332)T.

Node 5: The value of parameter g is

(0.000, 1.824, 0.000, 1.070)T.

Node 6: The value of parameter f is

(0.000, 0.754, 0.000, 0.000)T.

Figure 2 was drawn using the built-in software lars in R,
where variable X1 is the disturbance variable.

2) VARIABLE SELECTION OF AIC
The result of computer simulation is “AIC is infinity for this
model, so ‘step’ cannot proceed.” That is, AIC cannot be used
as a variable selection for this example.

Therefore, the variable selection of Lasso is not consistent
with the variable selection of AIC in the example.
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C. VARIABLE SELECTION OF DATASET SEATPOS
Example 3: Seatpos is a data set of faraway packages in R,
the variable Hipcenter of Seatpos was used as the response
variable, and other variables of Seatpos were used as the
observed variables, and the variable selection of Lasso and
AIC was observed.

The least squares estimation is

(11.92,0.94, —-30.02, 6.72,2.63, —4.48, —4.43, —21.92).

XTX is not an identity matrix in the example; this is the
problem of Lasso under nonorthonormal design.

1) VARIABLE SELECTION OF LASSO
Figure 3 shows the variable selection of Lasso in Example 3.

Figure 3 is drawn using the built-in software lars in R, and
variable X4 is the disturbance variable.

As shown in Figure 3, we found that variable X4(ht) is
removed at node 2, and variable X4 appears at node 6, vari-
able X4 is the disturbance variable. As shown in Table 5, the
value of parameter 8 at each node is as follows:

Node 1: The value of parameter  is

(11.92,0.94,-30.02,6.72,2.63,—4.48,—4.43,-21.92)T.

Node 2: The value of parameter f is

(11.75,0.99,—23.57,0.00,2.55,—4.37,—4.24,—21.82)T.

Node 3: The value of parameter  is

(11.42,0.21,—20.13,0.00,0.00,—4.13,—4.52,-22.13)T.

Node 4: The value of parameter g is

(11.34,0.00,—20.01,0.00,0.00, —4.04,—4.52,—22.10)T.

Node 5: The value of parameter 8 is

(9.88,0.00,—20.98,0.00,0.00, —2.29,—4.09,—22.14)T.

Node 6: The value of parameter § is

(7.83,0.00,—13.51,—9.11,0.00,0.00,—3.29,—22.04) .

Node 7: The value of parameter g is

(5.37,0.00, 0.00, —24.21, 0.00, 0.00, —0.94, —22.17)7.

Node 8: The value of parameter f is

(4.32,0.00, 0.00, —24.82, 0.00, 0.00, 0.00, —19.33)T.

Node 9: The value of parameter f is

(0.00, 0.00, 0.00, —23.72, 0.00, 0.00, 0.00, —15.95)T.

Node 10: The value of parameter B is

(0.00, 0.00, 0.00, —7.77, 0.00, 0.00, 0.00, 0.00)T.

2) VARIABLE SELECTION OF AIC
The variable selection of AIC involves seven steps:

Stepl: At the beginning, the AIC value was 283.99. After
removing variable X8, the AIC value was 283.99, so variable
X8 was removed to obtain a model with seven variables.

Step2: As shown in Table 6, the minimum AIC value was
282.00, and variable X2 was removed to obtain a model with
six variables.

Step3: As shown in Table 7, the minimum AIC value was
280.01, and variable X4 was removed to obtain a model with
five variables.

Step4: As shown in Table 8, the minimum AIC value was
278.10, and variable X7 was removed to obtain a model with
four variables.
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TABLE 5. Coeffcient change3 of Lasso.

By B Bs B

Nodel 11.92 0.94 -30.02 6,72
Node2 11.75 0.99 -23.57 0.00
Node3 11.42 0.21 -20.13 0.00
Node4  11.34 0.00 -20.01 0.00
Node5  9.88 0.00 -20.98 0.00
Node 6  7.83 0.00 -13.51 -9.11
Node7  5.37 0.00 0.00 -24.21
Node 8  4.32 0.00 0.00 -24.82
Node9  0.00 0.00 0.00 -23.72
Nodl0  0.00 0.00 0.00 -1.77
Bs Bs B Be
Node1l 2.63 -4.48 -4.43 -21.92
Node2  2.55 -4.37 -4.24 -21.82
Node3  0.00 -4.13 -4.52 -22.13
Node4  0.00 -4.04 -4.52 -22.10
Node5  0.00 -2.29 -4.09 -22.14
Node 6  0.00 0.00 -0.94 -20.04
Node7  0.00 0.00 -0.94 -20.17
Node 8  0.00 0.00 0.00 -19.33
Node9  0.00 0.00 0.00 -15.95
Nodl0  0.00 0.00 0.00 0.00

Here, Nod 10 denotes Node 10.

TABLE 6. AIC of seven variable.

RV X2 X4 X7 X3
AIC 282.00  282.01 282.05  282.11
RV X5 X6 X1

AIC 282.21 282.57  284.76

TABLE 7. AIC of six variable.

RV X4 X7 X3 X5
AIC 280.01 280.05  280.11 280.21
RV X6 X1

AIC 280.58  282.86

TABLE 8. AIC of five variable.

RV X7 X5 X6 X1 X3

AIC 278.10 27822  278.65  280.01 282.36

TABLE 9. AIC of four variable.

RV X5 X6 X1 X3

AIC 27637  276.82 27929  281.59

Step5: As shown in Table 9, the minimum AIC value was
276.37, and variable X5 was removed to obtain a model with
three variables.
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TABLE 10. AIC of three variable.

RV X6 X1 X3

AIC 27528 27741 286.15

TABLE 11. AIC of two variable.

RV X1 X3

AIC 27545  312.07

TABLE 12. Coeffcient change1 of forward stagewise.

Gl BZ BS
Node I  -4.5 0.0 0.0
Node2 -4.5 0.0 2.5
Node3 -4 L5 2.5

Forward Stagewise
0 1 2 3

T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Standardized Coefficients

|betal/max|beta|

FIGURE 4. Graph1 of forward stagewise.

Step6: As shown in Table 10, the minimum AIC value was
275.28, and variable X6 was removed to obtain a model with
two variables.

Step7: As shown in Table 11, The AIC value after remov-
ing variables is greater than the original AIC value, and the
final model contains two variables.

Therefore, the variable selection of Lasso is not consistent
with the variable selection of AIC in the example.

lll. VARIABLE SELECTION OF FORWARD STAGEWISE
A. FORWARD STAGEWISE OF EXAMPLE 1
We compare the variable selection of Lasso with the variable
selection of the forward stagewise, and point out the complex-
ity of Lasso’s variable selection.

We draw forward stagewise’s figure of Example 1.
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Forward Stepwise
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FIGURE 5. Graph2 of forward stagewise.

TABLE 13. Coeffcient change2 of forward stagewise.

By B, Bs B
Node1 0000 3567  0.000  0.000
Node2 0000 2606 0000  1.852

Node3  0.000 1.880 -1.017 2.340
Node4  0.923 1.423 -1.884 3.166

Table 12 shows the values of parameter § at each node in
Figure 4. As shown in Table 12, the value of parameter 8 at
each node is as follows:

Node 1: The value of parameter g is (—4.5.0, O.O)T .

Node 2: The value of parameter § is (—4.5, 0, Z.S)T.

Node 3: The value of parameter § is (—4.5, 1.5, 2.5)T.

From Figure 4 and 1, the variable selection of forward
stagewise is consistent with Lasso under orthonormal design,
which shows that the stepwise selection algorithm can solve
Lasso.

B. FORWARD STAGEWISE OF EXAMPLE 2
We draw forward stagewise’s figure of Example 2.

Table 13 shows the values of parameter § at each node in
Figure 5. As shown in Table 13, the value of parameter § at
each node is as follows:

Node 1: The value of parameter f is

(0.923, 1.423, —1.884, 3.166)T.

Node 2: The value of parameter g is

(0.000, 1.894, —0.944,2.267)T.

Node 3: The value of parameter f is

(0.000, 1.972, —0.519, 1.837)T.

Node 4: The value of parameter f is

(—0.351, 2.181, 0.000, 1.332)T.
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Forward Stepwise
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FIGURE 6. Graph3 of forward stagewise.

Node 5: The value of parameter f is

(0.000, 1.824, 0.000, 1.070)T.

Node 6: The value of parameter f is

(0.000, 0.754, 0.000, 0.000)T.

From Figure 5 and 2, the variable selection of forward
stagewise is different from that of Lasso, which shows that
the stepwise selection algorithm cannot solve Lasso.

C. FORWARD STAGEWISE OF EXAMPLE 3
We draw the forward stagewise’s figure of Example 3.

Table 14 shows the values of parameter § at each node in
Figure 6. As listed in Table 14, the value of parameter 8 at
each node is as follows:

Node 1: The value of parameter g is

(0.00, 0.00, 0.00, —47.65, 0.00, 0.00, 0.00, 0.00).

Node 2: The value of parameter 8 is

(8.01, 0.00, 0.00, —46.93, 0.00, 0.00, 0.00, 0.00)™.

Node 3: The value of parameter f is

(8.93,0.00, 0.00, —25.98, 0.00, 0.00, 0.00, —22.94)T.

Node 4: The value of parameter g is

(9.72,0.00, 0.00, —21.70, 0.00, 0.00, —4.83, —23.66)".

Node 5: The value of parameter 8 is

(11.46, 0.00, 0.00, —19.99, 0.00, —4.39, —4.06, —22.36)T.

Node 6: The value of parameter g is

(11.26,1.29,0.00,—21.04,0.00, —4.44, —4.06,—22.36)" .

Node 7: The value of parameter 8 is

(11.32,1.17,0.00, —23.41, 1.99, —4.28, —3.80, —22.02)T.

Node 8: The value of parameter § is

(11.92,0.94, =30.02, 6.72, 2.63, —4.48, —4.43, —21.92)T.

From Figure 6 and 3, the variable selection of forward
stagewise is different from that of Lasso, which shows that
the stepwise selection algorithm cannot solve Lasso.
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TABLE 14. Coeffcient change3 of Lasso.

By B B3 Bs

Nodel 0.00 0.00 0.00 -47.65
Node2  8.01 0.00 0.00 -46.93
Node3  8.93 0.00 0.00 -25.98
Node4 9.74 0.00 0.00 -21.70
Node5 11.46 0.00 0.00 -19.99
Node 6  11.26 1.29 0.00 -21.04
Node 7  11.32 1.17 0.00 -23.41
Node8  11.91 0.94 30.02 6.72
Bs Bs B Bs
Node1  0.00 0.00 0.00 0.00
Node2  0.00 0.00 0.00 0.00
Node3  0.00 0.00 0.00 -22.94
Node4  0.00 0.00 -4.83 -23.66
Node5  0.00 -4.39 -4.24 -22.22
Node 6  0.00 -4.44 -4.06 -22.36
Node7  1.99 -4.28 -3.80 -22.02
Node 8  2.63 -4.48 -4.43 -21.92

The simulation results show that under orthonormal
design, the stepwise selection algorithms are consistent with
Lasso, and the stepwise selection algorithm can solve Lasso.
The variable selection of stepwise selection is inconsistent
with Lasso under nonorthogonal design, the stepwise selec-
tion algorithm cannot solve Lasso. Therefore, the variable
selection of Lasso is very complex.

IV. CONCLUSION
According to the above research, we get the following
conclusions.

First: statistical modeling is important. Under orthonormal
design, the variable selection of Lasso is consistent with that
of AIC and that of forward stagewise, and the stepwise selec-
tion algorithms can solve Lasso. Therefore, we attempted to
establish a statistical model under orthonormal design to sim-
plify the model we establish easy to calculation. These studies
verified the soft threshold estimation of Lasso proposed by
Tibshirani in 1996 and the exact solution of Lasso proposed
by the author.

Second: the complexity of Lasso’s variable selection under
nonorthonormal design is highlighted. There was a situation
in which the removed variables appeared again in the variable
selection of Lasso, but AIC and forward stagewise do not
have this property. Computer simulation indicates that the
variable selection of Lasso is more complex than that of AIC
and forward stagewise. We cannot use the stepwise selection
algorithm to solve Lasso under the nonorthonormal design.

Third: the research conclusion of this study can explain the
success of ChatGPT. For a specific problem, when the num-
ber of parameters is increased, the design matrix becomes
sparse. The infinite number of parameters enables the design
matrix X to achieve orthonormalization (XXT = I), so that
the stepwise selection algorithm can find the Lasso solution
for the large model. This may be the reason for the success of
the large model represented by the ChatGPT.
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When the parameters and sample size of the large model
are both large, the design matrix becomes sparse, and orthog-
onalization occurs between different column vectors of the
large design matrix with a probability of 1.

Let’s set the design matrix as:

10 0
0 1 0
vyl o o 1

0 0 O

nxp

We standardize the elements of the design matrix to obtain
a new design matrix that meets the conditions of Lasso. The
new design matrix is expressed as follows:

X

~Vaasn Vo
nn—1) Vnmn-—1)

\/ \/n—l 1
B nn—1) n B nn—1)
\/ 1 \/ 1 n—1

“Vnmn—-1 Vnm—-1) V n
_/ ! _J ! _%_L_
n(n—1) n(n—1) n(n—1)

n_

nxp
Based on this new data matrix, it can be concluded that:
1 1I/m—1) 1/(n—1)
I/n—1) 1 1/n—1)
xTx=| 1/m—=1) 1/(n—1) 1
1/a—1) 1m-1) 1/a-1 -
XTX = Ipxp

Therefore, the stepwise selection algorithm can determine
the Lasso solution of the large model.
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