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Abstract: In the development of algorithms for convex optimization problems, symmetry plays
a very important role in the approximation of solutions in various real-world problems. In this
paper, based on a fixed point algorithm with the inertial technique, we proposed and study a new
accelerated algorithm for solving a convex bilevel optimization problem for which the inner level is
the sum of smooth and nonsmooth convex functions and the outer level is a minimization of a smooth
and strongly convex function over the set of solutions of the inner level. Then, we prove its strong
convergence theorem under some conditions. As an application, we apply our proposed algorithm
as a machine learning algorithm for solving some data classification problems. We also present some
numerical experiments showing that our proposed algorithm has a better performance than the
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Marko Kosti¢, Radu Precup and Breast cancer is the most common type of cancer in Thai women. Anxiously, although
Adrian Petrusel the breast cancer can be treated, the risk of developing diseases that affect the heart or
blood vessels is very high.

The three most common methods for treating breast cancer are surgery, chemotherapy
and radiotherapy. However, radiotherapy often involves some incidental exposure of the
heart to ionizing radiation because it was discovered, in [1], that the exposure of the heart
Publisher’s Note: MDPIstays neutral o jonizing radiation during the therapy increases the consequent rate of ischemic heart
with regard to jurisdictional claims in - djgease which begins within a few years after exposure and continues for at least 20 years.
published maps and institutional affil- - Thyg women with preexisting cardiac risk factors have higher absolute increases in risk
from this therapy than other women.

Therefore, if a patient is diagnosed with heart disease early, they will be able to prevent
the risks from this type of treatment. Similarly, the malignant cells of a patient can be treated
before it spreads to other parts of the body when cancer is detected at an early stage. To
support the diagnosis of breast cancer and heart disease, our objective in this work is
developing an algorithm for such patient prediction.
distributed under the terms and It is well known that symmetry serves as the foundation for fixed-point and optimiza-
conditions of the Creative Commons  tion theory and methods. We first recall the background of some mathematical models.
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when H is a real Hilbert space, F : H — R is a strongly convex differentiable function
with convexity parameter p, and I' is the nonempty set of minimizers of the unconstrained
minimization problem, as in the form:

min{g(x) + y(x)}, @

where i, ¢ : H — R U {+o0} are proper convex and lower semicontinuous functions and ¢
is a smooth function. Problems (1) and (2) are called outer-level and inner-level problems,
respectively. In [2-5], such a problem is labeled as a simple bilevel optimization problem.

In 2017, Sabach and Shtern [6] introduced the Bilevel Gradient Sequential Averaging
Method (BiG-SAM) for solving (1) and (2) as defined by Algorithm 1.

Algorithm 1 BiG-SAM: Bilevel Gradient Sequential Averaging Method

1: Initial step. Let x; € R" and {a;} is a sequence in (0, 1] satisfying the conditions assumed in [7].
Select A € (0, Llj] and 0 € (O, ﬁ) while Ly is the Lipschitz gradient of ¢ and Lz is the
Lipschitz gradient of F.

2: Step 1. For k > 1, compute

Yi := Proxy (X — AV (xr)),
ug = x, — oVF(xy),

X1 o= gt 4 (1 — g )y,

where V¢ and V F are gradients of ¢ and F, respectively.

They presented that BiG-SAM appears simpler and cheaper than the method desired
in [8]. Moreover, the authors in [6] used a numerical example to show that BiG-SAM outruns
the method in [8] for solving problems (1) and (2). Up to this point, the algorithm in [6]
seems to be the most efficient method for convex simple bilevel optimization problems.

In 2019, Shehu et al. [9] utilized the notion of an inertial technique, which was proposed
by Polyak [10], to be beneficial to accelerate the convergence rate of the BiG-SAM method,
called iBiG-SAM, as defined by Algorithm 2.

Algorithm 2 iBiG-SAM: Inertial with Bilevel Gradient Sequential Averaging Method

1: Initial step. Let Ly and Lr be Lipschitz gradients of ¢ and F, respectively. Given {a;} be
a sequence in (0,1),A € <O, L%) and 0 € <0, #ﬂ)} Select arbitrary points x1,xy € R" and
x> 3.

2: Step 1. Choose i € [0, 1] such that for k > 1,

. k 1k } .
mm{77 , e o if X £ Xp_q,
1 = kta—17 [lae—xe1 | ©)

ML_l otherwise.

3: Step 2. Compute

2= X+ (X — Xg-1),
Yk = Proxy, (zk — AVozy),
ug =z — oV.F (2),

X1 o= a4+ (1 — g )y,

where V¢ and V F are gradients of ¢ and F, respectively.
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They also proved that the sequence {x;} generated by iBiG-SAM converges to the
optimal solution of problems (1) and (2) under the sequence {a;} satisfying conditions:
(1) im0t = 0;

(2) 213021 N = +o0.

The above assumptions are derived from [7] by reducing some situations.

Recently, to accelerate the convergence of the iBiG-SAM algorithm, Duan and Zhang [11]
proposed three algorithms of inertial approximation methods based on the proximal gradi-
ent algorithm as defined by Algorithms 3-5.

Algorithm 3 aiBiG-SAM: The alternated inertial Bilevel Gradient Sequential Averag-
ing Method

1: Initial step. Let Ly and Lr be Lipschitz gradients of ¢ and F, respectively. Given A €

<0, L%),U € <0, ﬁ},e > 0. Let {a;} be a sequence in (0,1) satisfying the conditions as-
sumed in [9]. Select arbitrary points x1,xo € H and & > 3. Setk = 1.
2: Step 1. Compute

L Jut (= xea), ik = odd;
‘ Xk if k = even.

3: When k is odd, choose ji; such that 0 < || < i with i defined by

. k 1k } .
I = {ml?{k+”‘—1' k=251 ]] if X # X1,

FFa—1 if X = Xj—1-

4: When k is even, py = 0.
5: Step 2. Compute
Yk = prox,, (zx — AV(zg)),
up =z —oVF(z¢),
X1 = gt + (1 — o)y, k<1,

where V¢ and V F are gradients of ¢ and F, respectively.
6: Step 3. If ||x; — x;_1] < €, then stop. Otherwise, set k = k + 1 and go to Step 1.

Algorithm 4 miBiG-SAM: The multi-step inertial Bilevel Gradient Sequential Averag-
ing Method

1: Initial step. Let Ly and Lr be Lipschitz gradients of ¢ and F, respectively. Given Ay €

<O, L%), re (0, %'W)’ € > 0and a > 3. Let {a; } be a sequence in (0, 1) satisfying the conditions
assumed in [9]. Select arbitrary points xg, x1, . .., Xo—qg €H and g € Ny. Setk =1.

2: Step 1. Given xy, Xx_1,..., Xk—g+1 and compute

zi =X+ Y Pige(Xk—i — Xp—1-i),
i€

where Q = {0,1,...,9 — 1}. Choose p; such that 0 < |p; ;| < pij with i defined by

otherwise.

e — {mi?{HZV o e } if Yieg lIxk—i — xk—1-ill #0,
FFa—T
3: Step 2. Compute
Yk = Prox, o (zc = M Vp(z¢)),
up =z — oV.F(zx),
X1 = apup + (1 — o)y, k<1,

where V¢ and V F are gradients of ¢ and F, respectively.
4: Step 3. If || x; — x¢_1|| < €, then stop. Otherwise, set k = k + 1 and go to Step 1.
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Algorithm 5 amiBiG-SAM: The multi-step alternated inertial Bilevel Gradient Sequential
Averaging Method

1: Initial step. Let Ly and Ly be Lipschitz gradients of ¢ and F, respectively. Given Ay €
(0, L%), oe (O, #ﬂ)] ,€ > 0and a > 3. Let {«;} be a sequence in (0, 1) satisfying the conditions

assumed in [9]. Select arbitrary points xg, x1,...,¥2—4 € Hand q € N4 Setk = 1.
2: Step 1. Given xg, X1, . .., X441 and compute

i€Q

X+ Y Hig(Xk—i — Xo1—i),  ifk = odd;
Zj =
Xg if k = even.

where Q = {0,1,...,4 — 1}. Choose y;  such that 0 < |; x| < # with i defined by

. k 7k } .
min f Yy, X — X ;
P = ! {kﬂ‘*l’ Treo Tei—xiill S 1 Yieq %k—i = xk-1-i # 0,
k otherwise.

k+a—1
3: Step 2. Compute
Yk = proxy,  (zk — AV (zk)),
g =z — oVF (zg),
X1 =ttt + (1 — o)y, k<1,

where V¢ and V F are gradients of ¢ and F, respectively.
4: Step 3. If || x; — x¢_1|| < €, then stop. Otherwise, set k = k + 1 and go to Step 1.

The convergence behavior of Algorithms 3-5 was shown, in [11], to be better than that
of BiG-SAM and iBiG-SAM.
It is known that the following variational inequality:

(VF(x*),x —x*) >0, VxeT (4)

implies x* is a solution of convex bilevel optimization problem (1); for more details, see [12].
For recent results, see [13,14] and references therein.
It is worth noting that x* € I' can be described by fixed-point equation:

Prox,, (x* — AV¢(x*)) = x%, (5)
where A > 0 and prox;y(x) = argm'm{lp(u) + ol — x||%}, which was introduced by
ucH

Moreau [15]. This means that solving the bilevel problem is equivalent to finding a fixed
point of the proximal operator. It is well known that the fixed point theory plays a very cru-
cial role in solving many real-world problems, such as problems in engineering, economics,
machine learning and data science, see [16-24] for more details. For the past three decades,
several fixed point algorithms were introduced and studied by many authors, see [25-34].
Some of these algorithms were applied for solving various problems in images and signal
processing, data classification and regression, for example, see [19-23]. In addition, fuzzy
classification is another important data classification mechanism, see [35,36].

All of the works mentioned above motivate and inspire us to establish a new acceler-
ated algorithm to solve a convex bilevel optimization problem and apply it for solving data
classification problems.

We organize the paper as follows: In Section 2, we provide some basic definitions
and useful lemmas used in the later section. The main results of the paper are given
in Section 3. In this section, we introduce and study a new accelerated algorithm for
solving a convex bilevel optimization problem and then prove a strong convergence of our
proposed algorithm. After that, we apply our main results for solving a data classification
problem in Section 4. Finally, a brief conclusion of the paper is given in Section 5.
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2. Preliminaries

Throughout this paper, a real Hilbert space, denoted by H, with the inner product
(-,-), inducing the norm || - ||.
A mapping T : C — Cis called L-Lipschitz if there exists L > 0 such that

ITx = Ty|| < Lllx —yll, Vx,y € C S H.

If L € [0,1), then T is called contraction. It is called nonexpansive if L = 1. We denote
by F(T) the set of all fixed points of T, that is, F(T) = {x € C : Tx = x}. For a sequence
{x} in H, we denote the strong convergence and the weak convergence of {x;} tou € H
by xx — u and x; — u, respectively.

Let {Ti} and  be families of nonexpansive operators from C into itself with @ #
F() C N F(T), where F(S) is the set of all common fixed points of & and F(Ty) is the
set of all fixed points of Tj.

The sequence { T} is said to satisfy the NST-condition (I) with < if for every bounded
sequence {x;} in C,

lim ka — Tkka =0= lim ||xk — Tka =0, VT €S,
k—ro0 k—ro0

see [37] for more details. In particular, if & = {T}, then {T} is a sequence satisfying
NST-condition (I) with T.

Later, NST*-condition was proposed by Nakajo et al. [38] which is a weaker condition
than that of NST-condition (I). A sequence {Tj} is said to satisfy NST*-condition if for
every bounded sequence {x;} in C, if limy . ||xx — Xk 41| = 0 and limy ., ||xx — Tgxk|| = 0
imply wy (xx) C Ny F(Tx), where wy (i) is the set of all weak cluster points of {x;}. Itis
easy to see that if { Ty } satisfies the NST-condition (I), then it satisfies the NST*-condition.

In a real Hilbert space H, these properties hold: for any u,v € H,

@ u+ol? < ffull* +2(v, u + 0);
@ ru+ @ =)ol =rllul? + Q@ =7)ol> —r(1—r)[u—o]?, Vre01].

If C is a nonempty closed convex subset of H, then for each x € H, there exists
a unique element in C, say Pcx, such that

lx = Pex| < [lx =yl vyecC
The mapping Pc is known as the metric projection of H onto C and it is also nonex-

pansive. Moreover,
(x — Pcx,y — Pcx) <0 (6)

holds forall x €¢ Hand y € C.
The following results are also essential for proving our main results.

Lemma 1 ([39]). Let {uy}, {tc} be nonnegative real numbers sequences, {vy} a sequence in [0, 1]
and {wy } a sequence of numbers such that
upr1 < (1 —op)ug +vpwg +t, Vk €N,
If all following conditions hold:
(1) Y20 =400

(2) 212021 tp < +o00;
(3) limsup,_,  wi <0.

Then, limsup;_,  ux = 0.

Lemma 2 ([40]). Let H be a real Hilbert space and T : H — H a nonexpansive mapping with
F(T) # @. Then, for any sequence {xy } in H such that x, — u € H and limy_,q ||xx — Txg|| =0
imply u € F(T).
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Lemma 3 ([41]). Let {Ay} be a sequence of real numbers that does not decrease at infinity in the
sense that there exists a subsequence { Ay, } of { Ay } which satisfies Ay, < Ay, 41 foralli € N. Define
{@(k) }k>m, of integers as follows:

@(k) = max{j < k: Ap <A},
where my € N such that {j < mq : Ay < Ag1} # @. Then, the following hold:
(1) ¢(mgy) < @(mp +15 <...and ¢(k) = oo;
(2) )L(P(k) S )L(P(k)+1 and )\k S )\(P(k)Jrl fOT all k 2 my.

Proposition 1 ([6]). Suppose F : H — R is strongly convex with convexity parameter p > 0 and
continuously differentiable function such that ¥V F is Lipschitz continuous with constant L z. Then,
the mapping 1 — oV F is contraction for all ¢ < ﬁ, where 1 is the identity operator.

Definition 1 ([15]). Let ¢ : H — R U {+oo} be a proper convex and lower semicontinuous
function. The proximity operator of parameter A > 0 of ¢ at u € H is denoted by prox, and it is
defined by

— - 1 2
proxpy(u) = argergm{v,b(v) + ﬁHv —ul| }

The operator T := prox,y (I — AV¢) is known as a forward-backward operator of
¢ and ¢ with respect to A, where A > 0 and V¢ is the gradient operator of function ¢.
Moreover, T is a nonexpansive mapping whenever A € (0, L%) where Ly is a Lipschitz

gradient of ¢.

Lemma 4 ([42]). For a real Hilbert space H, let ¢ : H — R U {+oo} be a proper convex and
lower semicontinuous function, and ¢ : H — R be convex differentiable with gradient V¢ being
Ly-Lipschitz gradient for some Ly > 0. If { Ty} is the family of forward—backward operators of ¢ and

Y with respect to ¢ € (0, %) such that {cy} converges to c, then { Ty} satisfies NST-condition (I)
with T, where T is the forward—backward operator of ¢ and 1 with respect to ¢ € (O, L%,,)

3. Main Results

We start this section by introducing a new common fixed point algorithm using the
inertial technique together with the modified Ishikawa iteration (see [43—45] for more
details) to obtain a strong convergence theorem for two countable families of nonexpansive
mappings in a real Hilbert space as seen in Algorithm 6.

Algorithm 6 IVAM (I): Inertial Viscosity Approximation Method for Two Families of Non-
expansive Mappings

1: Input. Let xo, x; € H, {1} a positive sequence and f : H — H a contraction with constant +.
Choose {ar}, {Br}, {&} € (0,1) and 6 > 0.
2: Select py € (0, ;] such that for k > 1,

min{@k, I

Mk
= 1|

} if xp # xp_1,

O otherwise.

@)

=
-~

3: Compute
zj = X + (X — X5_1),
Yk = Brzk + (1= Br) Trz,

Wi = Gxyk + (1 — Ck) Skyk

X1 = apf (wi) + (1 — g )wy.
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Lemma 5. Let {Ty} and {Sy} be two countable families of nonexpansive mappings from H into
itselfsuch that T = (24 F(Ty) ()31 F(Sk) # @ and let f : H — H be a contraction. If

limy_, o, 2 a = O, then the sequence {x} generated by Algorithm 6 is bounded. Furthermore,
{f(we)}, {wi}, {yx} and {z;} are bounded.

Proof. Let x* € T be such that x* = Prf(x*). Then, by the definition of z; and yj in
Algorithm 6, for every k € N, we have

llzi — x*|| = ||k + prre (2 — xp—1) — X7
<l — x|+ el — xx—a Il ®)
and
lyx — 2" < Billzk — x*[| + (1 = Bi)l| Trzx — x™||
< Brllzk — 2% + (1 = Bi) |z — x|
= [lzp — x| )
This implies

Jwk — x| < Gillyx — 2" + (1 = &) | Skyx — x|
< Ckllyk — x| + (1 = G llyx — x™|]
= |lyx — x*|| (10)
< lzx — 2. (11)

It follows from (8) and (11) that

k1 = [ = Nl (f (i) = x%) + (1 = ae) (w — x7) |

|| f (wie) — x*|| + (1 = ae) [ — 27|

ai|| f(wg) = f() + f(7) = 27| + (1 — ) [Jwg — x|

|| f(w) = fFO) 4 el | f(x7) = 27+ (1 = a) [l — 27
iy [lwe — ¥ 4 | (%) — 27| 4+ (1 = ae) [l — %7

(1 — (1= )] llwox — x| + el f (x *) — x|

IN

IN A

<[ =g (T=)lzk — x| + gl f(x*) — x|

< —wy(1- )](||xk—x*||+ﬂk||xk—xk 1)+ agl| £(x*) — x|
= [1—ar (1= ) llxx — 2| + pllcx — 21l = (T — V) pll ke — x4 |
+ o] f(x*) — x|
<[ —ap(X = p)xx — 2" + pll vk — x| + gl f(x7) — x|

= [1 = ar (T = p)]lloex — x| + ax (1T =) [

Bl = e [+ [1F () — o]
§max{||xkx*||, s / }

%ﬁl\xk = x|l + (%) — x|
1—7

1—o
Usmg 11m Z = 0 and (7), we obtain
k
lim 2 |(x, — x —lim — Ty — x|l = lim & =,
oo & || k k— 1“ P akak xk71|||| k k 1” koo (g
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Thus, there exists 0 < M such that % l|xx — xx_1]| < M for all k € N, which implies

*H M+||f(x*)x*||}' (12)

¥l < —
It = 2] < maxf -, 2 UEEED

By mathematical induction, we conclude that |x; — x*[| < M for all k € N, where
M = max{ llxg — x|, M*"'q%;)_x*“ } It follows that {x;} is bounded. This implies that the
sequences { f(wy)}, {wi}, {yx} and {z;} are bounded. O

We now prove a strong convergence theorem of the sequence {x;} generated by
Algorithm 6 to solve a common fixed point problem as follows.

Theorem 1. Let {Ty} and {Si} be two countable families of nonexpansive mappings from H
into H such that T = N4 F(Ty) (\Np21F(Sk) # @. Let {x} be a sequence generated by
Algorithm 6. Suppose { Ty} and { Sy} satisfy NST*-conditions and the following conditions hold:
(1) 0<a<u<i<l;

2) 0<b<pPr<b<i;

(B) O<c<&E<eé<l;

(4)  limy_ o = 0and 2;0:1 K = +00;

(5)  limp_e Z{ =0,

where a, b, c,d,b and ¢ are real positive numbers. Then, {x;} converges strongly to x* € T, where

x* = Prf(x*).

Proof. Let x* € I be such that x* = Prf(x*). It follows from (11) that

Ixsr = 2117 = [laelf (o) — f ()] + (1= ) (we — %) + ae(f (x*) = 2%) |12
< lalf (i) = F(r)] + (1= ) (wr — %) |2 + 200 (f (27) = 2%, 21 — 27)
= al|f (i) = F() 1 + (1 = ) ooy — 212
— (1= ) | (f (i) = (")) = (g — ") || + 20 {f (x*) = 1%, x40 — )

el f(we) = F*) P + (1= ) we — 2|2 + 205 f (2) = 2%, 241 — 27
ey leo — 21 4 (1 = ag)[feog — 21 + 2 (f (%) — 2, 241 — 1)
[1— ax (1= ")l — 2% + 205 (f () = &%, 21 — )

< U= ag (1= )Nz — 217 + 200 f () — 6%, xpeq — ).

IN A

This together with z; — x* = (x; — x*) + pr(xx — x5_1) and 0 < ¢ < 1 give us that

ltn = %1% < —ap(L=p)] (e — 2*) + g = 2x-0) |2+ 2 F(3*) = 6, g — 3)
< 11— (1=9)] (e 2+ 2= e = e |+l — 12
+ 20 f (1) — X%, Xpg — 2°)
= [1— (1= )]l — 21 + 20 f(2*) — 2%, X1 — 57)
+ 1= o (1 — )]l — e (12l — x|+ plloek — x5 [])- (13)

Because lim py||xg — x_1|| = lim ockﬂ |xx — xx_1|| = 0, there exists 0 < M such that
k—o00 k—oo

il Xk — x| < My (14)

forallk € N.
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Put My := sup{||xx — x*||, My }. This together with (13) and (14) yields
keN

1241 — 2% < [1 = ae(1 = )]l — 21> + 2 (f (x*) — 2%, x4 — x7)
+ picllxk — xx—1[[(2fxx — x| + M)
<1 — g (1= )]lax = 2|2 + 204 (f (") — &%, 21 — x*)
+ pillxx — xp-1[|(2M2 + Ma)
= [1— (1 — )] flxe — x* 1> + 205 (f(x*) — X%, g — X¥)
+ 3Map || 2k — xx—1]|
=[1—ap(1—7)]flxx —x
BMoEE||x — x|+ 2(f (x*) — X%, x40 — x%)

+ar(l—1) = T . (15)

*HZ

We now set uy, vy and sy as the following:
= |l =%, o= ar(1—9)

and
5 1= Mok
ap(1—1)

So, we have from (15) that

2
[[xx — x 1l + m<f(X*) =X, X — X)),

U1 < (1 — vk)uk + UkSk, Vk € N. (16)

Next, we analyze the convergence of sequence {x;} by considering the following
two cases:
Case 1. Suppose {||xx — x*|| }x>m, is nonincreasing for some n1y € N. Because {||x —
x*||} is bounded from below by zero, we obtain lim ||x; — x*|| exists. It follows from
o k—o0
lim ap =0and ) & = +oo that
k—o0 =1
o0 o [o0]
Yo=Y a(l—79)=(1—7) ) a = oo
k=1 k=1 k=1

To apply Lemma 1, we need to claim that limsup,_, . (f(x*) — x*, x1 — x*) < 0.
Indeed, by definition of yx, we have

i = %11 = [|Be(zx — x*) + (1 = Bi) (Trze — x) |12
= Bllzk — 1> + (1 = Bic) | Tz — x*[1> — Bie(1 — Bic) |z — Tiezel|?
< Brllze — 211> + (1= Bio) 2k — x* 11> = Br(1 — Bie) |z — Tezel?
= Jlze — x* |1 = B (1 = Bio) |z — Tzl (17)

By Algorithm 6, (10) and (17), we obtain
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repr = 2117 = lloe(f (0g) — ) + (1 — I

)
(i) = 2|2+ (1 — ) g — 21 = e (1 — )| f (o) — ||
< | f (i) + (1= ag) wg — 212 (18)
< | f(wie) = 2|2+ (1= ) e — 2|2
(wr) +( )
) +(
Br)

wy) — |2+

(wy — %)
|
|
|
< e f (i) — 12+ (1 = ) (112 = x* 12 = Be(1 = Bi) 2 — Tezel?)
= ae|| f(wie) = x* )7 + (1 = ) | (e — %) + pare (e — x-1) |12
— (1= &) B (1 = Bie) 2k — Tiezel |
< el f (we) — 21> = (1 — ) Be(1 = Bi) |2k — Tzl

(1= ) (v = %2 4+ 2 = o e = a4+ 1 e = 3 [P,

which implies that for any k € N,

(1= o) B (1 = Bi) 12k — Tezi |l < al|f (wr) — ¥ 1> + (1 — )| — *[|* = [| 21 — 2™

+ 2pi (1 — age) [l — x| ||k — 21 |
+ (1 — ) e — x|

= o (| (f (wi) = f(xi)) + (f () — x)?)
+ (1= ag) e = 217 = [lgsn — 212
+ 2p5e(1 — o) |2k — x| ||k — xp—1 |
+ (1 — ) e — x|

< ka(Hf(wk) — FOo) 12 + 201 f (we) — £ 1Lf () —X*H)
ol f () — )P+ (1= ) [l — x|
— kg1 — x| + 20 (1 — ) |2 — x| |0k — i1 |
+ (1= ) [l — x|

Taking k — oo, we obtain

lim ||zx — Tyzg|| = O. (19)
k—o0
This implies
im [y — zi[| = lim (1 — Bi) || Tiezie — 2|
k—o0 k—o00
< lim || Tyz — z]|
k—o0
—0. (20)
Because ||z — xi|| = prllxx — xx_1|| and limy_, 0 pi||xx — x5_1]| = 0, we derive
lim sz — ka =0. (21)
k—o0

From ||y — x¢|| < llyk — zkll + llzx — x4/, (20) and (21), we obtain

lim ||y — x¢|| = 0. (22)
k—o0
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Moreover, we have from (9), (18) and nonexpansiveness of Sy that

Ixes1 = 212 < aell f i) = 21 + (1 — ) g — 2|2
= al|f (0r) — %[ + flwog — |2 = a[Jewye — 212
< gl f (wg) — |2 + g — 2|2
= ol f (@) — 2|2 + 116k (v — x*) + (1= &) (Siye — x7) |17
= agllf (we) = 212+ Gillye = 21 + (1= G lISeyx — |2

— & (1= &) lye — Siyell?
< || f(wie) — 2|1 + Eellyie — ¥ + (1 = &) llye — x*1?
— (1= &) vk — Sil?
= || f (wr) = ¥ + [y — ¥ 1> = & (1 = &) vk — Sewell?
< || f(wr) — ¥ + (|25 — 211 = & (1 = &) vk — Skvell®
= || f (i) = [P+ 1] (o = x*) + pe (e — -1 1P = (1 — &) lye — Sivel®
< ]| f(wie) — 21 + [l — 2|17 + 2pil [ — ||| — x|
+ pllxe — e l1? = (1 — &) Iy — Seyill*.
The above inequality implies
(1 =G vk — Sivell® < el f(we) — x* 1 + [l — 11 + 2piell o — 217 [l — xea |1
+ pllxe = k1 |P = Nlaega — 41

By assumptions (3), (4) and limy_, 4, ||x; — x*|| exists together with klim il X — xk_1]] =
—00

0, we obtain
Jim lyx — Skyxll = 0. (23)
— 00

From the definition of wy and assumption (3), we have

lwe — xill < Grllyk — xill + (T — &) [l Sk — xxl
< Crllyk — xell + (1 = &) ISy — vl + lyx — xxll)
= [lyk — x|l + (1 = &) [ Skvie — vl
< ye — xell + [1Skye — yill-

It follows from (22) and (23) that

lim ||wy — xk|| = 0. (24)
k—00
Using the definition of x4, 1, we have

k1 — xiel] < el f(or) — xpel| + (1 — age) [[wg — x|
<ol f(wi) — FO) + ol £ () = xpel| + (1 — age) [|wog — x|
< apyllwe — x|+ ol £ (7)) — xpel| + (g — x|

Due to limy_,, ¢ = 0, (24) and the boundedness of {x;} and {wy}, we obtain

lim [|xg1 — x| = 0. (25)
k—o00

Let { = limsup,_, . (f(x*) — x*, x411 — x*). The boundedness of {x;} implies that
there exists a subsequence {xk],} such that

lim (£(x") — %, 3 41 — ¥°) = limsup(F(x*) — X", xga1 — ¥°) = {
J—oo ! k—00
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and Xp — X € H. It derives from the nonexpansiveness of Tj that

ek — Tiexl| < [lxx — zell + [lzx — Tizell + | Tz — Tl
< lxg = ziell + Nz — Tezeel| + |2 — x|l
= 2[|xx — zx || + [|zx — Tiezxll- (26)

It follows from (19) and (21) that klim lxx — Texk]| = O.
—00

Using Lemma 2, we obtain x € N° ; F(Tj). Due to S; being nonexpansive, we have
forany k € N,

2k — Sxill < [lxx — il + lye — Syl + [ Skyx — Skl
< e = yiell + Ny — Sl + 1y — x|
= 2|xx — yill + vk — Skvxll, (27)

which implies klim ||xx — Skxk|| = 0 by employing (22) and (23). By Lemma 2, we obtain
—00
x € N2, F(Sk). Because klim Ixks1 — xx|| = 0, it follows that Xj,+1 converges weakly to x.
— 00
In addition, utilizing x* = Prf(x*) together with (6) gives us that
¢ = lim(f(x*) — x*,xk],ﬂ —x*) = (f(x*) —x*,x —x*) <0.

j—oo

Therefore,
limsup(f(x*) — x*, x — x*) = 0. (28)

k—o0

Invoking klim % |xx — xx_1]] = 0 and (28), we obtain
—o0 K[

H

k 2 * * *
I X, — )| <0, (9
ak(l—’)’) ka Xk 1” + <f(x ) Xy Xep1— X > = (29)

limsup s = limsup |3M, 1=

k—o0 k—o0

Coming back to (16), by Lemma 1, we can conclude that x; — x*.

Case 2. Suppose that {||xx — x*||} is not a monotonically decreasing sequence. To
apply Lemma 3, put A; := [[xx — x*[|. Then, there exists a subsequence {Aj,} of {A}
such that

Mgy < A1, VieN

In this case, let ¢ : N — N be defined by
¢(k) :=max{j e N:j <k A, < Agp1}

Therefore, ¢(k) satisfies the condition in Lemma 3. Hence, we have A ;) < A1) 11
for all k. This means that

1% = X" I < 1xguy41 — "I, k.

As the proof in Case 1, we also have that for any &,

Byt (1= Bo)) (1 = ) 12p(6) — Tpii 2o I

< @i | (Wee)) = F(Xpa)) 1P + i ILf (X)) — X117

+ 2001 || f (W) — F(xpu) IHLf (xg@)) — ™[] — a1 Xpw) —x
_ X*HZ

*HZ
+ %) = X117 = % +1

+ (i (1= ) %0t = X1 (2g(10 = X | + (i 16 = g1
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%) — Ty

Because [|x, ) — X*|| < [[xyk)+1 — x*|| for all k, the above inequality leads to

Bot) (1= By (1 = ) llzp() = Ty Zgew I
< i L f (@) = F(Xgao) I + @i | f (X)) — X117
+ 20500 L f (@ g k) = F (X o) L () = X1 = gy 1 Xy — X117
+ po) (= a o) [ Xk) — Xp(k) -1l (2||x(p(k) = X+ o) 1Xpk) — Xp(k)—1 ||)-

Using klgrolo ay(k) = 0and ]}Ln;o o) Xpk) — Xg(t)—1/l = 0, we obtain
B [|z4) = To( 2ol = 0. (30)

Similar to the proof of Case 1, we conclude

U [|zg4) = x| =0, (31)
B [[yp0) = %ol = 0, (32)
B [y = Sew Vel =0, (33)
and so
U [lxp() 41— %ol = 0. (34)

Put 0 := limsup(f (x*) — x*, x4 (x)41 — x*). Due to {x, ) } being bounded, there exists
k—o0
a subsequence {xq,(kj)} of {x (k) } such that

¢ = limsup(f(x*) — x%, xp()41 — x7) = 6 1= lim (f(x*) —x%, Xp(k;)+1 — x*)
k—00 J—=®

and Xp(k) =V for some v € H. The nonexpansiveness of T,y and S,y implies

WXl < X0y = 2o Il + 1Zp06) = T Zgm) | + 1 Tpw Zpk) — T X |

< %ot = 2t | + 12000 = Toto 2ol + 129) = X0 (35)

and

1% o) = S X o | < 1%pk) = Yool + 1Y) = Sot) Yo | + 11Sem Vo) — So) Xp

< %oy = Yol + 11¥e0) = Sott) Yol + 1Vox) — Xpm - (36)
Taking k — oo in (35) and (36), we derive from (30)—(33) that

B [lxp) = Ty )Xo [l = 0 (37)

and
dm %) = o Xem | = 0 (38)
By Lemma 2, we obtain v € I. Due to ]lggo ngo(k]-)Jrl — xgo(k]_)H = 0, we obtain

Xp(k;)+1 — V. Furthermore, it follows from x* := Pr f(x*) and (6) that

6 = lm (f(x") = X%, Xy 11 — x7) = (f(x") = Prf(x"),v = Prf(x")) <0,

j—oo
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and thus

limsup(f(x*) — x%, Xy 41 —x") =6 < 0. (39)

k—o0

Because /\fP(k) < /\(P(k) 11, as in the proof of Case 1, we have that for every k,

1200 — x* |17
< xgpys1 — 2117
< (1= (1= 1) llxpp — I

i %0~ %o 1l + 207 () = %" xp0941 = x*>] . (40)

M,
+ ay(x) (1=7) T

Therefore,

i) (1= 7) [xp) — x* |7

Hok) * * *
:xz<k ngv(k) - x(p(k)fln +2<f(x ) X Xpk)+1 — X >] @)

My o

From a ) € (0,1) and 7y € [0,1), we obtain &) (1 — 7) > 0, which implies

Ma g2 2y ) = g1l + 20 (x*) = %, xpa 51 = %) )
1—7 ’

ngo(k) - X*Hz <

Invoking ]}Ln;o Zl—: |2 — xx_1]] = 0 and (39), we obtain

limsup [|x,) — x*|| =0,
k—o0

and hence
. S
Jim [lxp00 — 7| = 0.

It follows from (34) that klim [Xp(k)4+1 — x*|| = 0. By Lemma 3, we obtain
— 00
0< Jim [lxg —x*[| < Jim [z — ') =0

Therefore, {x;} converges strongly to x*. [J

We observe that Algorithm 6 can be reduced to Algorithm 7 by setting Sy = T for
finding a common fixed point of a countable family of nonexpansive mappings of {Tj}.

Corollary 1. Let {T} be a countable family of nonexpansive mappings from H into itself such that
I' = N1 F(Tx) # @. Suppose { Ty} satisfies NST*-conditions and the following conditions hold:

(1) O<a<a<a<l;
2) 0<b<pBr<b<i;
(3 0<c<g <<y,
(4)  limy_ o =0and Y32 4 o = +00;

(5)  limp_e % =0,

where a, b, c, 4, b and ¢ are real positive numbers. Then, the sequence {xy} generated by Algorithm 7
converges strongly to x* € T, where x* = Prf(x*).
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Algorithm 7 IVMIA (II): Inertial Viscosity Approximation Method for a family of Nonex-
pansive Mappings

1: Input. Let xo,x; € H, {n} a positive sequence and f : H — H a y-contraction.
Choose {ag}, {Bx}, ¢k C (0,1) and 6 > 0.
2: Select py € (0, 7] such that for k > 1,

mind 6, — %L if x £ x o,
}Ik = { k ”xk—xk,lﬂ} k 7& k—1 (43)

(8 otherwise.
3: Compute
zk = x + pr (X — 2%-1),
Y = Brzx + (1 — Br) Trzk,

wi = Cxyx + (1 — Gi) Tryk

X1 = apf (wi) + (1 — ag)wy.

4. Application to Convex Bilevel Optimization Problems
The aim of this section is to apply our proposed algorithm for solving the following
convex bilevel optimization problem:

in F(x), 44
where 7 : H — R is strongly convex differentiable with V F being L r-Lipschitz continu-
ous and I is the set of all common minimizers of the following unconstrained minimiza-
tion problems:

min{g1(x) + $1(x)} and  min{ga(x) + ya(x)}, 45)

where ;, ¢; : H — (—o0, —i—oo], i = 1,2, are proper convex and lower semicontinuous
functions and ¢, ¢, are differentiable functions. Problem (45) can be reduced to (2) if
$1 = ¢ and ¢P; = Y. As in the literature, we know that x* € I if and only if

x* = proxy (I = AV¢r1) and x* = prox,,, (I — &V¢2),

where A} € (O, ﬁ)/ﬁk € (0, L%Z) while Ly, and Ly, are Lipschitz gradients of V¢ and

V¢, respectively. In addition, x* € T also is a solution of problem (44) if it satisfies the
following form:
(VF(x*),x—x*) >0, VxeT. (46)
Therefore, we solve convex bilevel optimization problems (44) and (45) by finding
a common fi>.<ed point x* of prox, ., (I —AxVé¢r) and Prox,, y, (I — &V ¢»), which satisfies
the formulation of (46).
Next, we present the algorithm derived from our main result for solving the convex
bilevel optimization problem as defined by Algorithm 8.
In order to solve (44) and (45), we suppose the following conditions hold:
(1) f:H — Hisay-contraction with v € [0,1);
2 2 ; .
@) M) C (o, E) and A € (0, q) with Ap — A;

B) A{e} C (O,i) and ¢ € (0, ﬁ) with g, — ¢
(4)  {ax}, {Bx} and {&;} are sequences in (0,1);
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(®5) v, i =1,2, be two lower semicontinuous functions and convex from H into R U +oc;

(6) ¢i,i =1,2, be two smooth convex loss functions and differentiable with Lg,-Lipschitz
continuous gradients of V¢;,i = 1,2, respectively;

(7) F:H — Ris strongly convex differentiable with V F being L z-Lipschitz constant

and o € (O, %ﬂa) where p is a parameter such that F is strongly convex.

Theorem 2. Let {x;} be a sequence generated by Algorithm 8 such that all conditions as in
Theorem 1 hold. Let Q) be the set of all solutions of (44). Then, {x;} converges strongly to x* € Q)
which satisfies x* = Pr f(x*).

Algorithm 8 iVMBI(I): Inertial Viscosity Method for Bilevel Optimization Problem (I)

1: Input. Let xo, x1 € H, {1;} a positive sequence. Choose {a}, {B}, {¢x} C (0,1) and
6, > 0.
2: Step 1. Select y € (0, 7] such that for k > 1,

- min{@k,

} if xp # xp_1,

O otherwise.

"k
[l =g 1]

(47)

3: Step 2. Compute

zk = X + P (Xk — Xk—1),

Yi = Bz + (1= Br)prox . (I = AVer)z,
Wi = Gy + (1= Cr)proxg, g, (I — ek V) yi
up = (I —oVF)(wy),

X1 = gty + (1 — ag)wy.

Proof. Let Ty := prox,,y, (I — AcVe1) and Sy := proxe,y, (I — &xV¢2) as in Algorithm 6,

where A; € (0, %),sk S (0, %) while Ly, i = 1,2, are Lipschitz gradients of V¢,
1 2

i = 1,2, respectively. Using Proposition 1, we get that I — oV F is a contraction mapping.

By Theorem 1 and setting f := I — ¢'V.F, we obtain that {x; } converges strongly to x* € T,

where x* = Prf(x*). Observe that f(x*) = x* — ¢ V.F(x*). It is derived from (6) that for

any x €T,

0 <(Prf(x*) = f(x"), x = Prf(x"))

Because 0 < o, we conclude 0 < (VF(x*),x — x*) for all x € T, that is, x* is an
optimal solution of problem (44). Hence, we obtain the desired result. [

Furthermore, our algorithm can be applied to solving convex bilevel optimization
problems (1) and (2) by using the same proximity operator in step 2 and 3 as seen in
Algorithm 9.
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Algorithm 9 iVMBI(II): Inertial Viscosity Method for Bilevel Optimization Problem (II)

1: Input. Let xo, x1 € H, {1, } a positive sequence. Choose {«y}, {Bx}, {¢x} C (0,1) and
6, > 0.

2: Step 1. Select py € (0, 7| such that for k > 1,

min{ 6, — &L if x Xp_1,
Uy == { k ka*xkqﬂ} k 7 Xk—1 )

(o otherwise.

3: Step 2. Compute

zk = X + p (X — X—1),

Yk = Przk + (1= B)proxy o, (I — AV)zg,
wi = Ckyk + (1= Gr)proxy o (I = AV)yk
ue = (I = oVF)(wy),

X1 = ey + (1 — ag)wy.

The following result is immediately obtained by Theorem 2.

Theorem 3. Let {x;} be a sequence generated by Algorithm 9 such that all conditions as in
Corollary 1 hold. Then, {xy} converges strongly to x* € argmin(¢ + ) which satisfies

x* = Prf(x*) and (VF(x*),x —x*) >0, VxeT,
that is, xix — x* € Q, where () is the set of all solutions of problems (1) and (2).

Next, we use Algorithm 9 as a machine learning algorithm for solving some data
classification problems applying on UCI-datasets of breast cancer and heart disease. More-
over, we compare the performance of Algorithm 9 with BiG-SAM, iBiG-SAM, aiBiG-SAM,
miBiG-SAM and amiBiG-SAM.

In order to employ Algorithm 9 for solving data classification, we need to know
what is the objective function of the inner level. To obtain this, we use a single-layer
feedback neuron network (SLFNs) model and the concept of extreme learning machine
(ELM) introduced by Huang et al. [46].

In supervised learning, we start with the training set of N samples S := {(p, qx) : px €
R", g € R™,k =1,2,...,N}, where py is input data and g is a target. The mathematical
model of ELM for SLFNs with M hidden nodes and activate function G is given by

M
0j =Y mG((w,p;)+r), j=12,...,N
i=1

where m; is the weight vector connecting the i-th hidden node and the output node, r; is a
bias and w; is the weight vector connecting the i-th hidden node and the input node.
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Let A be a matrix given by the following:

G((wy, p1) +r1) - G({wm, p1) +7rm)
A . . .

g(<wl/P‘N> +r) - G((wm, P'N> +7m)

This matrix A is known as the hidden-layer output matrix.
For prediction or classification problem by using ELM model, we need a zero mean,

N
that is, E |0]- — q]-| = 0. Hence,
i—1

)
M

q; = Zm,-Q((wi,xj) +r), i=1,2,...,N.

i=1

We can write the above system of linear equations of M variable and N equations as a
matrix equation as follows:
Am =Q, (49)

where m = [m!,..., m},)T and Q = [g],...,qL]" is the training data. To solve ELM, it is to
find a weight m satisfies (49). If the Moore—Penrose generalized inverse A’ of A exists, then
m= A+Q. However, in the case that AT does not exist, we can find m as the minimizer of
the following convex minimization problem:

min | Am — Q|3 (50)

Using a least squares model (50) may cause the over fitting problem. In order to
prevent this problem, the regularization methods were proposed. The classical one is
the Tikhonov regularization [47], which was employed to solve the following minimiza-
tion problem:

Minimize: ||Am — Q|3 + B||Km|3, (51)

where B is the regularized parameter and K is the Tikhonov matrix. In the standard form,
K is set to be the identity.

Another regularization method is the least absolute shrinkage and selection oper-
ator (LASSO), which was proposed by Tibshirani [48] for solving the following convex
minimization problem:

Minimize: |Am — Q|3+ B|lm||y, (52)

where  is the regularized parameter and ||(x1, x2,...,xp) |1 = L, |xil-

In this work, we set (m) = B||m||; and ¢(m) = ||Am — Q||3. Based on model (52),
we can apply Algorithm 9 for solving the convex bilevel optimization problems (1) and (2)
while the objective function of the outer level F(m) = }|m||3. We now conduct some
numerical experiments for classifications of the following datasets.

In these experiments, we aim to classify the datasets of breast cancer and heart disease
from https:/ /archive.ics.uci.edu, accessed on 12 June 2022.

Breast cancer dataset [49]. This dataset contains 699 samples, each of which has
11 attributes. In this dataset, we classify two classes of data.

Heart disease dataset [50]. This dataset contains 303 samples, each of which has
13 attributes. In this dataset, we classify two classes of data.

Throughout these experiments, all the results are performed under MATLAB 9.6
(R2019a) running on a MacBook Air 13.3-inch, 2020, with Apple M1 chip processor and
8-core GPU, configured with 8 GB of RAM.

In all the experiments, sigmoid is used as an activation function, and we set the number
of hidden node M = 30. The following formula for the accuracy of the data classification is
given by

TP+ TN
TP+ TN + FP+ FN

Accuracy (Acc) = 100,
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where TP is the model successfully predicting the patient as positive, TN denotes the
model successfully predicting the patient as negative, FN represents the prediction of the
diseased patient as healthy by negative test results and FP means the prediction of a healthy
patient as diseased by a positive test result.

We also compute the success probability of making a correct positive class classification

as the following form:
TP

TP+ FP’
In addition, we measure the sensitivity of the model toward identifying the positive
class as the following form:

Precision (Pre) =

TP
TP+ FN’
The Lipschitz gradient Ly of V¢ is computed by 2[|A||?. When the dimension of A is so

large, it is hard to compute such Ly. All parameters for each algorithm of our experiments
are given in Table 1.

Recall (Rec) =

Table 1. Chosen parameters of each algorithm.

Parameters  Algorithm 9  Algorithm1  Algorithm 2  Algorithm 3  Algorithm 4  Algorithm 5

- 2 2 2 2 2 2
Lr+p Lf1+p Lf1+p L}‘1+p Lr+p Lr+p
A - 1 1 1 _ -
Ly Ly Ly
Ak 1 - - - 1 1
Ly Ly Ly
o - - 3 3 3 3
o 1 1 1 1 1 1
k 50k k2 5 k2 k2 k+2
0 _k_ - - - - -
k k+1
10 i, 100 o oy o
Mk 2 2 7001 7001 7001
q - - - - 4 4

From Table 1, we select the best choice of parameter for each algorithm in order
to achieve the highest performance. It is worth noting that all parameters satisfy the
assumptions of each convergence theorem, see [6,9,11] for more details. In addition, we set
B = 0.00001 which is a regularized parameter of problem (52). In Algorithm 9, we choose
Cr, Br = H% for experimentation on the breast cancer dataset, while the classification of
heart disease uses ¢; = 0.5 together with 8; = 0.1.

We compare the performance of each method at the 100th and 500th iterations and

obtain the following results, as seen in Tables 2 and 3, respectively.

Table 2. The performance of each algorithm at 100th iteration on each dataset.

Dataset Algorithm  Pre Train RecTrain Pre Test RecTest AccTrain  Acc Test
Algorithm 1 0.8845 0.9812 0.9718 1.0000 90.4082 98.0861

Algorithm 2 0.9686 0.9625 0.9857 1.0000 95.5102 99.0431

Breast Cancer Algorithm 3 0.8845 0.9812 0.9718 1.0000 90.4082 98.0861
Algorithm 4 0.8966 0.9750 0.9718 1.0000 91.0204 98.0861

Algorithm 5 0.8845 0.9812 0.9718 1.0000 90.4082 98.0861

Algorithm 9 0.9747 0.9625 0.9857 1.0000 95.9184 99.0431

Algorithm 1 0.7656 0.8522 0.7647 0.7800 77.6190 75.2688

Algorithm 2 0.8306 0.8957 0.7719 0.8800 84.2857 79.5699

Heart Disease Algorithm 3 0.7656 0.8522 0.7647 0.7800 77.6190 75.2688
Algorithm 4 0.8049 0.8609 0.7593 0.8200 80.9524 76.3441

Algorithm 5 0.7656 0.8522 0.7647 0.7800 77.6190 75.2688

Algorithm 9 0.8268 0.9130 0.7667 0.9200 84.7619 80.6452
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Table 3. The performance of each algorithm at 500th iteration on each dataset.

Dataset Algorithm  Pre Train RecTrain Pre Test RecTest AccTrain Acc Test
Algorithm 1 0.9506 0.9625 0.9857 1.0000 94.2857 99.0431

Algorithm 2 0.9778 0.9625 0.9928 1.0000 96.1224 99.5215

Breast Cancer Algorithm 3 0.9506 0.9625 0.9857 1.0000 94.2857 99.0431
Algorithm 4 0.9536 0.9625 0.9857 1.0000 94.4898 99.0431

Algorithm 5 0.9506 0.9625 0.9857 1.0000 94.2857 99.0431

Algorithm 9 0.9778 0.9625 0.9928 1.0000 96.1224 99.5215

Algorithm 1 0.8065 0.8696 0.7679 0.8600 81.4286 78.4946

Algorithm 2 0.8455 0.9043 0.7797 0.9200 85.7143 81.7204

Heart Disease Algorithm 3 0.8065 0.8696 0.7679 0.8600 81.4286 78.4946
Algorithm 4 0.8115 0.8609 0.7544 0.8600 81.4286 77.4194

Algorithm 5 0.8065 0.8696 0.7679 0.8600 81.4286 78.4946

Algorithm 9 0.8455 0.9043 0.7833 0.9400 85.7143 82.7957

Table 2 shows that our algorithm performs the best accuracy at the 100th iteration.
Moreover, Table 3 shows the performance of each algorithm at the 500th iteration. We
found that Algorithm 9 has a better accuracy than the others.

Next, we show the performance for the prediction of each algorithm in terms of the num-
ber of iterations and training times for which each algorithm achieves the highest accuracy.

From Table 4, comparing with Algorithm 1 (BiG-SAM), Algorithm 2 (iBiG-SAM),
Algorithm 3 (aiBiG-SAM), Algorithm 4 (miBiG-SAM) and Algorithm 5 (amiBiG-SAM),
Algorithm 9 provides a higher value of accuracy for training. In the testing case, we found
that the accuracy of Algorithm 2 (iBiG-SAM) is better than our algorithm on the breast
cancer experimentation. However, our method has the lowest number of iterations and
training times compared with the others.

Table 4. The iteration number and training time of each algorithm with the highest accuracy on
each dataset.

Dataset Algorithm Iteration No. Training Time Acc Train Acc Test
Algorithm 1 819 0.0272 95.1020 99.0431

Algorithm 2 264 0.0095 96.1224 99.5215

Breast Cancer Algor%thm 3 819 0.0267 95.1020 99.0431
Algorithm 4 531 0.0320 95.1020 99.0431

Algorithm 5 819 0.0330 95.1020 99.0431

Algorithm 9 78 0.0054 96.1224 99.0431

Algorithm 1 2024 0.0293 86.1905 79.5699

Algorithm 2 556 0.0096 86.1905 81.7204

Heart Disease Algorithm 3 2024 0.0452 86.1905 79.5699
Algorithm 4 1226 0.0517 86.1905 79.5699

Algorithm 5 1398 0.0317 85.7143 78.4946

Algorithm 9 192 0.0064 86.1905 82.7957

We also construct a 10-fold cross validation to appraise the performance of each
algorithm and use Average accuracy as the appraising tool. It is defined as follows:
N .
Average Acc = ) — x 100%/N.

=1 Yi

where N is a number of sets considered during the cross validation (N = 10), u; is a number
of correctly predicted data at fold 7 and v; is a number of all data at fold i.
Let Erry; = sum of errors in all 10 training sets, Errg = sum of errors in all 10 testing
sets, M = sum of all data in 10 training sets and K = sum of all data in 10 testing sets. Then,
error) o, + errorgo,

Errory, = > ,

where errory o, = Efvr[M x 100% and errorgo, = Eg’( x 100%
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We split the data into training sets and testing sets by using the 10-fold cross validation,
as seen in Table 5.

Table 5. Number of samples in each fold for all datasets.

Breast Cancer Heart Disease
Train Test Train Test
Fold 1 630 69 273 30
Fold 2 629 70 272 31
Fold 3 629 70 272 31
Fold 4 629 70 272 31
Fold 5 629 70 273 30
Fold 6 629 70 273 30
Fold 7 629 70 273 30
Fold 8 629 70 273 30
Fold 9 629 70 273 30
Fold 10 629 70 273 30

In Table 6, we show the average of the accuracy of each algorithm with the 500th
iteration.

Table 6. Average accuracy of each algorithm at 500th iteration with 10-fold cross validation.

Breast Cancer Heart Disease
Algorithm

Acc Train Acc Test Erroro, Acc Train Acc Test Erroro,
Algorithm 1 95.8989 95.9876 4.0534 79.8319 78.5484 20.8104
Algorithm 2 96.7094 96.9876 3.1474 85.0318 82.8387 16.0616
Algorithm 3 95.8989 95.9876 4.0534 79.8319 78.5484 20.8104
Algorithm 4 96.0420 96.1304 3.9103 80.9683 80.5269 19.2519
Algorithm 5 95.8989 95.9876 4.0534 79.8319 78.5484 20.8104
Algorithm 9 96.7889 97.4182 2.8930 85.8148 82.8387 15.9883

Table 6 demonstrates that Algorithm 9 performs better than Algorithm 1 (BiG-SAM),
Algorithm 2 (iBiG-SAM), Algorithm 3 (aiBiG-SAM), Algorithm 4 (miBiG-SAM) and Algorithm 5
(amiBiG-SAM) in terms of the accuracy in all the experiments conducted.

5. Conclusions

We propose a novel iterative method based on a fixed-point approach with an inertial
technique for approximating a common fixed point of two countable families of nonex-
pansive mappings in a Hilbert space and also present strong convergence theorems. Our
algorithm leads to a sequence converging strongly to a solution for convex bilevel optimiza-
tion problems for which the inner level consists of the minimization of the sum of smooth
and nonsmooth functions. Furthermore, we apply the proposed algorithm to the data
classification of breast cancer and heart disease datasets and then their performances are
assessed and compared with the other algorithms. We derive from the experiment that our
algorithm provides a higher value of accuracy of training and testing on various datasets.
We can conclude the advantages of our proposed algorithm from our experiments in that it
requires a lower number of iterations and less training time compared with the others. It
is worth mentioning that our proposed algorithm is intelligent machine learning for the
prediction and classification of big data. It is an efficient algorithm that can be developed to
software/applications for prediction and classifications in future works. Furthermore, we
aim to employ our proposed algorithm for real datasets of the patients at Sriphat Medical
Center, Faculty of Medicine, Chiang Mai University, Thailand.
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