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Sevgi Sengul May 2010 59 Pages
Directed by Dr. Ferhan Atici

Department of Mathematics and Computer Science Western Kentucky University

ABSTRACT

Almost every theory of mathematics has its discrete counterpart that makes it
conceptually easier to understand and practically easier to use in the modeling process of
real world problems. For instance, one can take the "difference" of any function, from 1st
order up to the n-th order with discrete calculus. However, it is also possible to extend
this theory by means of discrete fractional calculus and make n any real number such that
the ¥-th order difference is well defined. This thesis is comprised of five chapters that
demonstrate some basic definitions and properties of discrete fractional calculus while
developing the simplest discrete fractional variational theory. Some applications of the

theory to tumor growth are also studied.

The first chapter is a brief introduction to discrete fractional calculus that presents some
important mathematical functions widely used in the theory. The second chapter shows
the main fractional difference and sum operators as well as their important properties. In
the third chapter, a new proof for Leibniz formula is given and summation by parts for
discrete fractional calculus is stated and proved. The simplest variational problem in

discrete calculus and the related Euler-Lagrange equation are developed in the fourth



chapter. In the fifth chapter, the fractional Gompertz difference equation is introduced.
First, the existence and uniqueness of the solution is shown and then the equation is
solved by the method of successive approximation. Finally, applications of the theory to

tumor and bacterial growth are presented.



CHAPTER 1

A Brief Introduction to Discrete Fractional Calculus

Derivative and integral operators are two fundamental concepts of ordinary
calculus (calculus on R (the set of real numbers)). Analogously, difference and sum
operators are two fundamental concepts of discrete calculus (calculus on Z (the set of
integers)) [19]. In general, derivative or difference operators can be applied to a func-
tion up to the n-th order where n is an integer, and they are denoted by d" f(x)/dx",
A" f(x) respectively. The reasoning behind setting the order to an exact integer num-
ber, however, usually goes unnoticed in ordinary calculus. In fact, fractional calculus
asserts that orders of derivative or integral operators can be arbitrary numbers, for
instance, one could calculate the 1/2-th order derivative or v/3-th order integral of a

function.

Fractional calculus is a field of applied mathematics that deals with deriva-
tives and integrals of arbitrary orders, and their applications appear in science, engi-
neering, applied mathematics, economics and other fields [10, 11, 14, 18, 20, 21,
24, 26]. It is well known that there is a similarity between properties of differential
calculus involving the operator D = % and properties of discrete calculus involving
the operator Af(z) = f(x+1)— f(z) which is known as the forward difference oper-
ator. Expectedly, a similar correspondence exists between the operators of fractional

and discrete fractional calculus.



1.1. Historical Background of Fractional Calculus

The seeds of fractional calculus were planted over 300 years ago in a letter
from L’Hospital to Leibniz where L’Hospital raised a question about the meaning of
d"y/dz™ if n = 1/2. In his reply, dated 30 September 1695, Leibniz wrote: ‘This is

an apparent paradox from which, one day, useful consequences will be drawn.’

Later, corresponding with Johann Bernoulli, Leibniz mentioned derivatives
of ‘general order’. He used the notation d'/?y to denote the derivative of order 1 /2.
After that fractional derivatives were mentioned in several different contexts: by
Euler in 1730, by Lagrange in 1772 defining a fractional derivative by means of an
integral, by Laplace in 1812, by Lacroix in 1819 devoting less than two pages of his
700-page text to the topic, by Fourier in 1822, by Liouville in 1832, by Riemann in
1847, by Greer in 1859, by Holmgren in 1865, by Griinwald in 1867, by Letnikov in
1868, by Sonin in 1869, by Laurent in 1884, by Nekrassov in 1888, by Krug in 1890

and by Weyl in 1917.

Although later on the derivative of fractional order D®f has been considered
extensively in the literature [25, 27], difference of fractional order has attracted
less attention over the years. Differences of fractional order were first mentioned by

Kuttner in 1956 [1].

For a,, is any sequence of complex numbers and s is any real constant, Kuttner defined

the s-th order difference as

Aa, = Z (_S -l m> Qptm- (1.1)
m
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In 1974, Diaz and Osler [2] defined the fractional difference by the rather natural
approach of allowing the index of differencing, in the standard expression for the

n-th difference as

A f(z) =3 (~1)F (Z)f(m ta—k), (1.2)
« Ia+1)
(k;) T T(a—k+ Dk (1.3)

where « is any real or complex number.

In 1989 Miller and Ross [22] defined the fractional order sum and difference operators

as shown below respectively,

A7) = g 2 (e V), (1.4
A0 = AN = A Y (o), (1)

where ¢t = a (mod1) and 0 < o < 1.

In 2009 Anastassiou [3] defined the Caputo like discrete fractional difference as

t—m+ta
1

T —a) > (t—o(s) o TAf(s).  (1.6)

S=a

A“f(t) = AN (L) =

In this thesis we use definitions (1.3), (1.4). Following the work of Miller
and Ross, Atici and Eloe [6, 7, 8, 9] defined and proved several properties of these

operators and solved the initial value problems of fractional difference equations.

1.2. Gamma Function and Falling Factorial

In this section, we focus on the Gamma function and Falling factorial since
the definition of the discrete fractional difference and sum operators involve them. We

also list some well known properties of the Gamma function and Factorial polynomial.
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1.2.1. Gamma Function. Gamma function is a special transcendental

function denoted by I'(x), and was first introduced by Euler to generalize the factorial

to noninteger values. For x > 0, it is defined as:

F(:c):/ t" e tdt.
0

(2.1)

It follows that the Gamma function I'(x) (or the Eulerian integral of the second kind)

is well defined and is analytic for x > 0.

We have,

r'a) = / e tdt =1
0

and for x > 0, integration by parts yields

[x+1) = / tre tdt = [—te P + :U/ t" e tdt = al'(z),
0 0

and the relation I'(x + 1) = 2I'(z) is an important functional equation.

For integer values functional equation becomes

I'(n+1)=n!

(2.2)

(2.3)

(2.4)

and this is why the Gamma function can be interpreted as an extension of the factorial

function to nonzero positive real numbers.
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1.2.2. Falling Factorial. The falling factorial (factorial polynomial) ¢ is de-

fined as
£ —t(t—l)(t—z)(t—(n—1))—ﬁ(t—k)—P(f(j—iri)n), (2.5)

for any integer n > 0 and I" denotes the Gamma function.

These are some properties of the factorial polynomial that will be used in this thesis.

THEOREM 1.2.1. (i) At = at®= Y where A is the forward difference operator.

(ii) (t — p)t® =t where p € R.

(iii) 4 =T (p+1).

(iv) tlath) — (t — B)(@¢B),

Proof.

According to the definition of the falling factorial and its properties proofs can be

shown directly as below.

. o) L(t+1)
(i) At = Am

I((t+1)+1) I'(t+1)

I'(t+1)—a+1) T'(t—a+1)

I'(t+2) I't+1)
T(t—a+2) T({t—a+1)

(t+1DI(t+1) I'(t+1)

(t—a+DI'(t—a+1) T(t—a+1)




P+ 41 D@+ a

:F(t—a+1)(t+1—a_ >_F(t—a+1)(t—a+1)
DE+D ey
" Tlt—a+2) ° '
3 T+ Cit+1) o

(iii) p =TI'(u+ 1) directly from the definition of falling factorial.

L(t+1)
F't+1—a—p)

(iv) o) = . Multiplying and dividing by I'(t — 8+ 1) we get

Tt —-p+1) Lie+1) N
T Tt+l—a—-3)T(t—0+1) = (=B,

d
REMARK 1.2.1. In calculus, for any given real number o > 0, we have %ta = at*™!

and in discrete calculus we have At(® = at(@=D_ Therefore, the powers " in ordinary

calculus and 2™ in discrete calculus behave similarly.

Since some proofs in this thesis depend on the product rule for discrete calculus, let

us define and prove this rule.

EXAMPLE 1.2.1. Let f and g be real valued functions, then
A(f()g(1) = g()Af () + f(o(t)Ag(t) = g(a())Af(L) + f()Ag(t),  (2.6)
where o(t) = t + 1. For the first equality, we have
A(f()g(t)) = f(t+ Dg(t+1) — f(t)g(®).
= flt+1)g(t +1) — f(t+Dg(t) + f(t+ 1)g(t) — f()g(®).

= [+ D (gt +1) —g(1)) +g(O)(f(t+1) = (1))



= f(o(t))Ag(t) + g()Af(?).

For the second equality, we have

A(f()g(t) = f{t+1)g(t+1) = f(t)g(t).
= flt+1)g(t +1) — gt + 1) f(t) + gt + 1) f () — f()g(®).
=gt +D(f(t+1) = (1) + f(E)(g(t + 1) — g(t)).

= g(a()Af ) + f(H)Ag(?).

REMARK 1.2.2. From the equation (2.6), we have

g(OAf(t) = A(f()g(t)) — fa(t)Ag(t).

Applying the Zf;i operator to both sides gives

b—1 b—1 b—1
D OAF(B) = > A(f(B)g(1) = Y (flo(D)Ag(t).
b—1 b—1
D gOAFE) = FDg)} =D flo(D)Ag(t), (2.7)

where b > 1 is an integer. This is known as the summation by parts formula in

discrete calculus [19].



CHAPTER 2

Fractional Sum Operator and Fractional Difference Operator

In this chapter some basic definitions and results are given about discrete
fractional calculus. A, f(z) will denote the fractional sum of a function f(z) to an
arbitrary order o > 0, starting from a. A®f(z) will denote the fractional difference

of a function f(z) to an arbitrary order o where v is a positive real number.

2.1. Definition of a-order Fractional Sum and a-order Fractional

Difference

Let a be any real number, a be any positive real number. The a-th fractional sum

(a-sum) of f is defined by

820 = 1 (- o(s) @ £(5). (1.1)

Here f is defined for s = a (mod 1) and A, *f is defined for ¢t = a + a (mod 1); in
particular, A;* maps functions defined on N, to functions defined on N,,, where

N, ={t,t+1,t+2,...}.

REMARK 2.1.1. We note that for & = 1 definition (1.1) reduces to discrete sum
t—1
operator A1 f(t) = Z f(s).

10
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Let a be any real number, o be any positive real number such that m — 1 < a <m
where m is an integer. The a-order fractional difference (a-difference) of f is defined

by
1 t—m+ta
A“f(t) = AmATm f(1) = Amm Z:; (t—a(s)" Y (s).  (12)
The fractional difference of a function can be defined by the fractional sum of the same
function. This property can be interpreted as the fractional difference depending on
its whole time history. It does not depend on just the instantaneous behavior of the

function. Therefore, a-order difference and sum operators are perfectly suited for

modeling of materials with memory, such as tumors.

2.2. Properties of the Fractional Difference and Fractional Sum

Operators

2.2.1. Law of Exponent for Fractional Sums. The law of exponent for frac-
tional sums is proved by Atici and Eloe [6] as below and it is very useful to calculate

certain types of sums and to simplify the expressions that include them.

THEOREM 2.2.1. Let f be a real valued function, and let p,oc > 0. Then for all t

such thatt = p+a,  (modl),

A [ATRF ()] = A0 f(t) = AH[Af (1))

Proof. By definition of fractional sum, we have

AHATF0) = A Dt = () 1)
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- m Z(t — U(s))(u—l) - (s — 0<7a))(a—1)f<r)
Rt 2o (= o) s o)V ),

Next we interchange the order of summation in the double sum to get

Let us call z = s — (r 4+ 1). Then the above expression becomes

t—(pta) t—o(r)—p
~ ()0 (u) Z; (Y (t=o(r)—o(@) Vale D) f(r).

r=a—1

By definition of the fractional sum operator, we have

1 t—(pta)
X (A= )
t—(p+a)
@ X e o)
N 0

REMARK 2.2.1. Let f be a real valued function defined on the set of integers. In
discrete calculus, we have AA™!f = f. For any positive real number «, this equality
is valid for discrete fractional calculus as well. In fact, by definition of the discrete

fractional difference,
AA=f(z) = AAT-DA= f (),

where 0 < o < 1.
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Thus using the exponent law (Theorem 2.2.1),

— AACAC) f(2) = AA f(x) = f(a).

2.2.2. Power Rule for Discrete Fractional Calculus. The power rule states
the a order fractional sum of a factorial function. Miller and Ross [22] obtained the
following lemma in the case that p is a positive integer by induction and p = 0 with
a straightforward calculation. For any positive real number p, the power rule was

proved by Atici and Eloe [6].

LEMMA 2.2.1.

I(p+1)

tluta)
M'p+a+1)

Ao —

REMARK 2.2.2. It is interesting to note that for any constant ¢, A%c is not zero.
To see this, we use the power rule and the linearity property of sum operator, the

fractional difference of a constant c is

AA-G-a) o A C 400 _ __ ¢ 4o
¢ r'2-a) 'l -—a) ’

where 0 < a0 < 1.

For the definition of Caputo difference A®c is not zero with respect to definition 1.6.

ExAMPLE 2.2.1. Let f and g be defined on the set of integers. For o = 1/2 by means
of the power rule, we can compute and generalize a-th sum of factorial polynomials

as below.

A-1/240) — P ap . T TE+1)
T(3/2) T3/ T+ 1/2)
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A-1/24(1) _ I'(2) £(3/2) _ I'2) Iit+1)
I'(5/2) (52 T(t—1/2)°

A-1/242) — I'(3) 4(5/2) _ I'3) I+1)
T(7/2) T(7/2)T(t = 3/2)

So 1/2-th order sum for (™ is

L+ D) iy Lit1l)  T(t+1)

AT = ) P(n+3/2)T(t—n+1/2)

2.2.3. Commutative Property of the Fractional Sum and Difference
Operators. The commutative property states that we can interchange the order of
sum and difference operators and this effects the result as a constant. Since many

mathematical proofs depend on this property, it is worthwhile to mention it here.

THEOREM 2.2.2. [6] For any o > 0, the following equality holds:

(t —a)eb)

A_aAf(t) = AA_af(t) - F(Oé)

f(a), (2.1)

where f is defined on N,.

Proof. First recall the summation by parts formula [19]:
Ay((t =)V f(s) = (t = 0())*VAF(s) = (@ = 1)(t = a(5)) 2 £(s)).

Using summmation by parts to obtain

1 tza o — 1 iy (t - 8)(a_1)f<5> ’t+1fa

— —o(s))leb 5) = —o(s) @2 f(s
iy (o) IAS(s) = Frs D (t=a(a) () + s

sS=a S=a
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a—1A a—1)@b -« a)@=b
= g 2 ot ste) + R = i
e . (0-2) (t —a)@D
T X (e - e
1 t—(a—1)
Since AA™*f(t) = Ta—1) Z (t — o(s)) @D f(s), the desired equality follows.

OJ

REMARK 2.2.3. Replace a by a + 1 in equation (2.1) and employ Theorem 2.2.2 to

obtain
ATTTAS(t) = AT f(t) — (t——“)(a)f(co
I'a+1) ‘
This implies
—a —a—1 (t B CL) (@)
ATF(t) = ACTIAS () + f(a). (2:2)

['(a+1)
REMARK 2.2.4. Let p — 1 < a < p, where p is a positive integer. Theorem 2.2.2

implies that

AATF(t) = AN(AE (1) = AFH(AC) f(1)

— q)p—a-1)
= AP(AA=@=9) £(1)) = AP[A-P-IAF(t) 4 (t F(p)_ . fa)
= ArATE) Pl
APA Af(t)+ A T0p—a) fla)
— )
— ACAf(H) + %ﬂa)

So we conclude that (2.1) is valid for any real number «.



CHAPTER 3

Leibniz Formula and Summation by Parts Formula

3.1. Leibniz Formula

The Leibniz rule is a generalization of the product rule in calculus. If f and
g are n times differentiable functions, then the n-th derivative of the product fg is

given by

(f.9)" = y (Z)f(’“)g(""“)
k=0

In difference calculus, corresponding Leibniz rule is

A'(fg) =Y (Z) AFFAPFERG. (1.1)

k=0

where E*g(t) = g(t + k) is the shift operator.

In discrete fractional calculus, a relevant question to ask is whether the prod-
uct rules for fractional difference operators exist in the same way as they do in
fractional calculus. The affirmative answer to this question can be found in an early
paper by Miller and Ross [22]. Here we give an alternate proof to Leibniz formula

for a-sum while carefully defining the domains of each function f and g.

16
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LEMMA 3.1.1. Let f be a real valued function defined on Ny and let g be a real valued
function defined on N, U Ny, where o is a real number between 0 and 1. Then the

following equality holds

2590 =Y () 1A%a0A " p(e+ b

where t =« (mod 1) and
—a\ I'(—a+1)
< k ) S Tk+D)I(~a—k+1)

Proof. By definition of discrete fractional sum, we have

t—

Q

1

Fag 22— o) (5)gls),

s=0

Ay (f9)(t) =

where ¢t = a (mod 1).

By Taylor expansion of g(s) (page 40, [13]), we have

> (s —t)*) s k
o) =3 O Ak = S S o) 4 iy

k=0 k=0

Thus by substituting the Taylor series expansion of g(s) in the sum, we have,
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['(—a+1)I'(a)
IN—a—k+1DI'(k+ )

expression on the right becomes

Since (—1)F = for any nonnegative integer k, the above

o0

> () iatatolias P sie+ )

k=0

This completes the proof of the lemma. 0

Next we state and prove another version of the Leibniz formula which involves the

nabla (V) operator, Vf(t) = f(t) — f(t — 1).

LEMMA 3.1.2. Let f and g be real valued functions defined on Ny and o be any real

number between 0 and 1. Then the following equality holds

2510 = 3 ()19t - Il )

k=0

where t = o (mod 1) and
—a\ I'(—a+1)
< k ) S Tk+ D) (—a—k+1)

Proof. By definition of discrete fractional sum, we have

o(6) = Y- E ot = o1k - A,
[(s—t+k)

where (s — t)F = oo is the rising factorial power.
S E—
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Thus by substituting Taylor series of g(s) at ¢ — « in the sum, we have,

AT U9)0) = gy 0= o)) DI -
Since tza: (t—a—s)® =0and (t—o(s))* Dt —a—s5)® = (t —o(s))HhD),

we have
oo k —a ~ i
AT (Fa)(E) = gt — ) A F(0) + S T+ k)L IEZ O (pyepsons iy

['(—a+1)I'(a)
IN—a—k+1DI'(k+ )

expression on the right becomes

Since (—1)F = for any nonnegative integer k, the above

> ()9 ot - s )

0

This completes the proof. O

EXAMPLE 3.1.1. Let us derive the av —th order difference of the product ¢ f(t), where

f and t are defined on Ny and on N, U Nj respectively, and 0 < o < 1.

It follows from Lemma 3.1.1 that

A (tf(1)) = AATCTI(tf (1))

_ AZ <—]. + Oé) AktAf(lfa+k)f(t+ k),

k
k=0

for t = o (mod 1).
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Since A*t =0 for k > 2, we have
AY(tf(1)) = AMtA D F(1) + (o = DATE I f(t +1)].
AYtf(t) = AT FE 4 1) + tAY (1) + (o — DATE=D (1 4 1).
AY(tf(t) = aA"U" f(t 1) + tAYf (1), (1.2)

for t = o (mod 1).

If we consider the domain of the function g(¢) =t as the set of whole numbers, then

it follows from Lemma 3.1.2 that

A (tf(1)) = AACI(tf (1))

-4 (_1; a)vk(t—1+oz)A‘“‘°“+‘“>f(t),
k=0

for t = o (mod 1).

Since A*t =0 for k > 2, we have
AY(tf(1) = Al(t =1+ ) AN f(1) + (@ = DATEI f(2).
A(tf (1) = AV L(E) + (E+ a) A () + (a = AT f(2).
A(tf(t) = aA™" F(1) + (t + ) A% f(1). (1.3)

One immediate observation can now be made. Since lim,_; A® = A (see[22]), we
apply this limit to both sides of the equations in (1.2) and (1.3) to obtain the forward

difference of the product ¢f(t) in discrete calculus, namely,

AG@F() = F(E+1) +AF(E) = F(£) + (E+ DAF(D).
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3.2. Summation by Parts Formula in Discrete Fractional Calculus

One of the basic methods of integration in calculus is ‘integration by parts’ ,
the counterpart of which is ‘summation by parts’ in discrete calculus. In this section,
we argue that a summation by parts formula can also be defined and proved for
discrete fractional calculus. By doing this we see the generalization of the discrete

summation by parts formula.

In order to obtain the summation by parts formula in discrete fractional cal-

culus, we shall start by defining left and right discrete fractional difference operators.

3.2.1. The Left and the Right Discrete Fractional Difference Operators.

DEFINITION 3.2.1. Let f be any real-valued function and « be a positive real number
between 0 and 1. Then the left discrete fractional difference and the right discrete

fractional difference operators are defined as follows, respectively,

t—14+«

AL = M) = s A Y (= () f (o)
t=a+1—a (mod1l),
1 b

A = =80 = gy (58) D (5= o)),

s=t+1l—a

where t =b+a—1 (mod 1). We will use the symbol A* for ;A% except otherwise

stated.
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REMARK 3.2.1. Note that for a =1

ALF() = Af(t) and yAl f(t) = —Af(2).

3.2.2. Proof of the Summation by Parts Formula.

THEOREM 3.2.2. Let F and G be real valued functions and 0 < o < 1. If F(b+a—2) =
0and Fla+a—2)=0o0orGla+a—1) =0 and G(b+a —1) =0, then the following

equality holds

b—1
Z F(s+a—1),A%,,G(s) =Y G(s+a—1)a1AZF (s +2(a — 1)), (2.1)

s=a

where F* = F o p with p(t) =t — 1.

Proof. Using the definition of fractional difference on the left side of the equality,

we have
b—1 b—1
Y Fls+a—1),A%, ,G(s) =Y F(s+a—1)AAG(s).

Using summation by parts formula for A-operator, we have

b—1 b b1
ZF sta—1)A, Aa+1a C?G( ) = F(s+a—2), A;(rlofl)G(s) —ZSA;_,(_IQ:C;)G(S)ASF(S—FQ—Q)

(2.2)

b—1 s— 1a

I(1—a) a2 Z (s—a(m) VG (T)AF (s+a—2).

s=a T=a+a—1

Next we interchange the order of summation in the double sum to obtain

b—2+a

Z Z s —o(1)TYG(T)AF (s + a — 2).

T=a+a—1s=7+1—«
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Let us call u =7+ 1 — a. Then the above expression becomes

b—1 b—-1

m—_aZZs—a—u) “IG(u+ o — 1)AF (s +a —2). (2.3)

u=a S=u

Now let us look at the following expression closely,

b—1

F(l___la)z(s_a_u)<—a>AsF(s+a—2). (2.4)

S=Uu
Using summation by parts, we have
b—1

Z(s —a—u)"YAF(s+a—2)

S=u

—[(s—a—-—u—1)"YF(s+a—2)]° - ZA (s—a—u—1)"YF(s+a—2).

Since [(s —a —u — 1)"YF(s + a — 2)]|> = 0, then

b—1
m—_a;s a—u) YA F(s+a—2) 1_@ ZASS a—u—1)"YF(s+a—2)
1 b—1
= m(—a) ;(S—O{—U—l)(la)F(S‘i‘O{—Q)
It follows from (Theorem 8.50, [13])
b—1
AUZ(S —a—u)"YF(s+a—2)= aZ(s —a—ow) V(s +a—2).

Hence the expression in (2.3) becomes

b—1
1 q
—a—u)Y _9) — —o—u) Y _
T —a) ;(s a—u) " YAF (sta—2) F(l—a)AuSEu(S a—u)"YF(s+a—2)
1 b—1
F(l_a)Ausgzu(s olu+a—1))"YFP(s+a—1)
1 b+a—1

_ o) (—A,) Z (s—o(ut+2a—2)) "D FP(s),

s=u—14+a
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=pra-1 AJFP(u+2(a — 1)).
Replacing this back in (2.2) we have the desired result.

If we prove the equality (2.1), starting from its right side, we need to use the condi-

tions G(a+a—1)=0and G(b+a—1)=0.

Using the definition of fractional difference on the right side of the equality, we have

b—1 b—1
3 Glsta—L)prat AT PP (s42(a—1)) = 3 Gls+a—1)Apras A - F(s42(a1)).

(2.5)

Using summation by parts formula for A-operator, we have
b—1
Z Gls+a—1)Aya 1 A7 EP(s + 2(a — 1))

b
= G(s+a—1)pa 1AV (s +2a — 1)

a

_Zb+0‘ VAT EP (s 420 — 1)AG(s + o — 1)

b—1 b+a-—1

S % (r—o(s + 20— 1)V (p(r) AGls + a — 1).

s=a T=s+«

l—a

Next we interchange the order of summation in the double sum to obtain

b—14a 1—a

Ti—a) 2 2T ols+ 20 = D)TVF(R)AGE +a - 1)

T=a+a s=a

Let us call u =7 — «. Then the above expression becomes

—F(l—la ZZu—a—s)( DE(u+a—1)AG(s +a —1). (2.6)

u=a s=a

Now let us look at the following expression closely,
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i(u—a—s)(_a)AsG(s—i—a— 1). (2.7)

S=a

1
I'l—«)
Using summation by parts, we have

D (u—a—s)"VAG(s+a—1) = [(u—a—s) "G (s+a—-D)|iT =) " A (u—a—s) VG (s+a).

S=a S=a

Since [(u —a — 8)"YG(s + o — 1)][“" = 0, then

1 “ Y -1 u »
m;(u—a—s)( )ASG(S"‘@—D—m;As(u—a—s)( G (s+a)
- F(l_——la)(_o‘) Y (u—a—o(s)) "G (s+a).

S=a

It follows from (Theorem 8.50 [13])

AUZ(U —a-5)"YG(s+a)=a Z(u —a—0(s) " YG(s + ).

Hence the expression in (2.6) becomes

1 “ Cu B 1 u .
gy a9 G (ka1 = Y (o) Gls o)
= ﬁAu;(u—a(s+a—1))(_o‘)G(s+a—1)

With v = s + a — 1 transformation

u+a—1

- T L T Y (o) I6w)

v=a+a—1

=u Anga—lG(U) O
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REMARK 3.2.2. Here we note that for a = 1, equation (2.1) reduces to the standard
summation by parts formula for difference calculus as we proved in Section 1, the

equation (2.7).

b—-1 b—1

D 9OAF(E) = f(Dg@)F = D f(t+1)Ag(t).



CHAPTER 4

Simplest Variational Problem in Discrete Fractional Calculus

The calculus of variations is one of the oldest and most developed branches of
mathematics. The history of variational calculus dates back to the ancient Greeks,
but no substantial progress was made until the seventeenth century in Europe. A
classic problem of historical interest is the ‘brachistochrone problem’; given two points
A and B in a vertical plane, what is the curve traced out by a particle acted on only by
gravity, which starts at A and reaches B in the shortest time?, proposed by Johann
Bernoulli in 1696. In fact, Newton was challenged to solve the problem by Johann
Bernoulli. Later, the solution to the brachistochrone problem, which is a segment
of a cycloid, was independently given by Johann and Jacob Bernoulli, Newton and

L’Hospital.

Another important variational problem is the data modeling problem. A
conventional approach is the method of least squares, first proposed by Legendre and
Gauss in the early nineteenth century as a way of inferring planetary trajectories
from noisy data [6]. More generally, the aim of a variational problem is to find a
function which is the minimal or the maximal value of a specified functional. A
functional is a correspondence that assigns a number to each function belonging to
some class and can be formed by means of integrals involving an unknown function

and its derivatives. The calculus of variations gives methods for finding extrema of

27
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such functionals. Problems that consist of finding minimal and maximal values of

functionals are called variational problems.

In addition to its significance in mathematical theory, calculus of variations
has been widely used in the solution of many problems of economics, engineering,
biology and physics. The theory of calculus of variations in fractional calculus has
been first introduced by Agrawal [4] in 2002, and later developed by other scientists
15, 16].

Here we will demonstrate one application of the summation by parts formula

(Theorem 3.2.2), which we derived in Chapter 3, and introduce the calculus of vari-

ations in discrete fractional calculus.

4.1. Calculus of Variations and the Euler-Lagrange Equation

Let F(t,u,v) be a real valued function with continuous partial derivatives and let ©
be the set of all real valued functions y defined on [a + o — 1,0+ a — 1] C Nyjq1

with yla +a—1) =y, and y(b+a — 1) = y.

We consider the following functional
b—1

Tyl =Y Flt+a-Lyt+a—1),,A%, yt).

t=a

Here our aim is to optimize this functional assuming that J has an extremum. This

is called the ‘simplest variational problem’ in discrete fractional calculus. To develop
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the necessary conditions for the extremum, let us assume that y*(¢) is the desired

function such that

y(t) =y*(t) +en(t), e€R

where n € A = {w|w(t) is a real valued function defined on [a+a —1,b+ o — 1] with

Ba+a—1)=nb+a—1) =0}
Since ; Ay, ,_ is a linear operator we have ;A% | y(t) = Ay, 1y () +e g, o 1n(t).

If we substitute this expression into the functional, we have

b—1
J(Z/*"‘G??) = Z F(t-'-Oé—l, y*(t_'_a_1)+€n(t+a_1)7tAngafly*(t)+€tAg+a7177(t))'

t=a

Then differentiating J(y* + en) with respect to €, we have

b—1
= Z[Fu(t +a— 1ay(t +a— 1)7tAg+a—1?/(t))77(t +oa— 1)+

t=a

Fy(t o= Ly(t+a = 1), A% 0 19(0):Az aan(D)],

OJ(y* + en)
Oe

where F,, and F, are partial derivatives of F'(-,u,v) with respect to u and v respec-

tively.

Therefore for the functional J[y| to have an extremum at y = y*(¢), the following

must hold

AJ(y* + en)

b—1
86 |e:0 - ZFuT/(t +a— 1) + thAg—i-a—ln(t) = 0 (11)

t=a
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Using summation by parts formula in discrete fractional calculus (Theorem 3.2.2),

we have
b—1 b—1
SRt a— 1A, ) =D 0t +a— Dira AFFL(t+2(a — 1)),
t=a t=a

where F,(7) = Fo(7,y(7), 1A o1 y(T —a+ 1)).

Hence (1.1) becomes

b—1
Y F(tta=Ly(t+a—1), 1A 0 1y (1) Forat AFFL(E+2(a— 1))yt +a—1) = 0.

t=a

Since n(t + « — 1) is arbitrary, we have

Fut+o =1yt +a—=1),A0,191) Forar ATF(E+2(a = 1)) =0,
on[a+1,b—1].

We just proved the following theorem.

THEOREM 4.1.1. If the simplest variational problem has a local extremum at y*(t),

then y*(t) satisfies the FEuler-Lagrange equation

Fult+a = Ly(t+a — 1), A% o y() +prat APFL(E+2(a—1) =0,  (12)

fortela+1,b—1].
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4.2. Modeling with Discrete Fractional Calculus

We developed the simplest variational problem for discrete fractional calculus.
According to this theory, we now are concerned with the following optimization

problem

with the constraint
At —a+1)=(0b-1Dyt)+a , y(0)=c
or with a transformation t =t 4+ o — 1

At)=0b-1yt+a—-1)+a, (2.1)

where y(t) is the size of a tumor and U is a function with continuous partial deriva-

tives.
We have
Jly] = z_:{U(y(t—i—Oz — 1))+ At+a—1)(A%@t)— (b—1Dylt+a—1)—a)}.

It follows from Theorem 4.1.1, Euler-Lagrange equations with respect to A and y are

Uyt +a—1)) =AMt +a—1)(b—1) + rra AN (E+2(@— 1)) =0,  (22)

or

Uyt+a—1)) = At+a—-1)(b—1)
1 T+a—1

ey ) D (s—o(t+(2a-1))) T A(p(s)),

s=t+a—1
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and

A%t)—(b—1y(t+a—1)—a=0, (2.3)

where t € [1,T — 1].

At this point, to the best of our knowledge, there is no known numerical
method for solving the above system of equations (2.2)-(2.3). In the next chapter,
we will call equation (2.1) Gompertz fractional difference equation. We will focus on

proving the existence and uniqueness result for this equation with an initial condition

y(0) = c.



CHAPTER 5

Modeling for Tumor Growth

David Hilbert famously stated that ‘Physics is becoming too diffcult for physi-
cists’ implying the increasing mathematical complexity of ideas necessary for mod-
ern physics. The same argument is becoming more and more applicable for today’s
Mathematical Biology. As mathematical models describing biological phenomena
are getting more sophisticated and realistic, the attention needed from specialists
is growing at a fast pace. There are several recent areas of specialized research in
mathematical biology: Enzyme kinetics, biological tissue analysis, cancer modeling,
heart and arterial disease modeling being among the popular ones. In this thesis, we
specifically focus on tumor growth modeling with newly developing discrete fractional

calculus.

Cancer is a disease in which abnormal cells divide uncontrollably and have the
potential to invade other tissues. These abnormal cells might form masses of tissues
known as tumors. All tumors are not cancerous, tumors can be benign or malignant.
Benign tumors are not cancerous and can often be surgically removed, in most cases
they do not come back. Malignant tumors, on the other hand, aggressively expand
and spread to other parts of the organism. The spread of cancer cells from one part
of the body to another is called metastasis. A highly metastasised cancer is usually

unstoppable and results in the death of the organism. The rapid growth of these

33
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tumors and the absence of a cure for cancer make the timing of diagnosis and treat-
ment very crucial. Understanding the kinetics of tumor growth enables physicians
to determine the best treatment available. There is a plethora of experimental data
available pending for systematic analysis and therefore it is clear that mathematics

could significantly contribute to many areas of experimental cancer investigation.

Although the kinetics of cancer is usually very complex depending on many
details such as the type, location and stage of the cancer, over the years mathematical
models for tumor growth have helped to quantitatively analyze the behavior of the
disease at different stages. Mathematical modeling of tumors began in the early
1950s after scientists discovered that the initiation of cancerous growth could only
occur after multiple successive mutations in a single cell’s DNA. The first models
were used statistics to examine the correlation between age and incidence of cancer,
but the field continued to develop as more information about the disease became
available. Today, many different types of models exist, including probabilistic and

deterministic, continuous and discrete models.

Mathematically, tumor growth is a special relationship between tumor size
and time. Three mathematical equations are typically used to model growth behavior

in biology: Exponential, logistic and sigmoidal.

Exponential growth is given by %}Eﬂ = \G.
dG(t G
Logistic growth is given by % = A\G(1— 5)
dG(t
Sigmoidal growth is given by % = -G ln(%).

In these equations, A defines the growth rate and 6 defines the carrying capacity.
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In the literature, tumor growth, however, is best described by sigmoidal functions.

5.1. Gompertz Fractional Difference Equation

In 1825, Benjamin Gompertz introduced the Gompertz function, a sigmoid
function, which is found to be applicable to various growth phenomena, in particular

tumor and embryonic growth (see [17]).

The Gompertz difference equation describes the growth models and these
models can be studied on the basis of the parameters a and b in the recursive for-
mulation of the Gompertz law of growth [11]. a is the growth rate and b is the

exponential rate of growth deceleration in the equation.
The Gompertz difference equation in [11] is given by
InG(t+1)=a+blnG(t).
Here we introduce Gompertz fractional difference equation
AnGt—a+1)=(b-1)InG(t) + a. (1.1)
For simplicity if we replace In G(t) = y(t), we obtain

A%t —a+1)= (- 1)y(t)+a. (1.2)

5.2. Existence and Uniqueness for the Gompertz Fractional Difference

Equation

Consider the following fractional difference equation with an initial condition
A%t —a+1)= f(t,y(t)), t=0,1,2,--- (2.1)

y(0) =c (2.2)
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where « € (0, 1], f is a real-valued function, and ¢ is a real number.

Applying the A~* operator to both sides of the equation (2.1) and with t + o — 1

shift at the same time, we obtain
ATOATY(t) = A f(t+a — Ly(t+a— 1)), (2.3)

where t =1,2,---.

Applying Theorem 2.2.2 to the left-hand side of the equation (2.3), we get

(t+a— 1) Vy(0)

ATAYY(t) = AT AATE=y (1) = AATCATU=y () — o) . (2.4)
Hence we have
- rec e L Z(t ta—1-0(s) V), (25)
fort =0,1,2,---.

The recursive iteration to the sum equation implies that (2.5) represents the unique

solution of the IVP.

5.3. Solution with the Method of Successive Approximation

We obtain a solution for the equation (2.1) with an initial value condition
y(0) =c.

Replacing f(s,y(s)) = (b —1)y(s) + a in (2.5), the solution of the IVP (2.1)-(2.2) is

a— (a—l) t—1
o F(os) oF F(la) > (tra—1—0a() Vb~ 1y(s) +al.

s=0

y(t) =
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Next, we employ the method of successive approximations that is also known as the

Picard iteration. Set

(t+a—1)b

[(«)

c+ A%t +a—1)0,

Yo(t) =

ym(t) = (b— DAy (t+a—-1), m=12---.

Apply the power rule (Lemma 2.2.1) to see that

yi(t) = (b— 1Ayt + a—1),

(t + 2a — 2)(2D)
I'(2a)

=c(b—1) + (b — 1)A™>a(t + 2a — 2)©)

and

yo(t) = (b— DA™y (t + o — 1),

,(t+ 3a — 3)BaD)

=cb=1) T'(3a)

+(b—1)2A7%(t + 3a — 3)©.

With repeated applications of the power rule, it follows inductively that

(t + (m+1)(a — 1))(m+Da=1) (t+ (m+1)(a — 1))m+De)

Ym(t) = c(b=1)" +(b—1)"a

I'((m+1)a) I'((m+1)a+1)

Z Ym converges to the unique solution of the initial value problem

m=0

Ayt —a+1)—(b—1Dy(t) =a, y(0) = c.
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Hence we have

- = St (m+ 1) (a—1))mFDe-D) o0 (+ (m (o — 1))t
vt =c 2 (-1 T'((m+1)a) +a§;®_w I'((m+1)a+1) '

One immediate observation can be made. Set &« = 1. Then

Since the IVP with o = 1 has the unique solution

a

a
t) =cb' + ——b" — 3.1
y(t) = b + o0 — o, (3.1)
L (b—1)
we obtain the equality b* = E ( : ) t@ which appears as a special case of (12,
i!

i=0
Lemma 4.4] for a time scale T = Z, the set of integers.

The solution of the equation (1.1) is G(t) = e¥®.

5.4. Graphical Results

Growth comparisons, especially in tumor growth, are usually very important.
These comparisons are typically made according to growth stimulation or growth
inhibition.

There are two ways to measure growth alterations that are used in practice:
Assays with time as the independent variable and the changing tumor size as the
dependent variable or assays with tumor size as the independent variable and the
time to reach a given size as the dependent variable. Since experiments are limited
in time these assays generally measure alterations of growth rates. Therefore growth

stimulation or growth inhibition usually refer to an increase or a decrease of the
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growth rate (see Figure 5.1, 5.2 and 5.3 for « = 1, @ = .94 and a = .83).

The gompertzian analysis of alterations of tumor growth patterns are shown
in Figure 5.1, Figure 5.2 and Figure 5.3. We apply fractional gompertz model results
to human renal cell carcinoma, which is a malignant tumor of the cells that cover and
line the kidney, in nude mice data. (Nude mice are labaratuary mice without hair.
They have inhibited immune system due to a greatly reduced number of T cells.)

Parameters for control growth are taken from ([10]).

Size
12F
10F

[ e (=2 oo
T T T T

. . . L g
5 10 15 20

FIGURE 5.1. Alterations of Growth : Control Growth (a=2, b=.85,
c=L,Y:a=1 X:a=.94,7: o= .85

Figure 5.1 shows the control growth with parameters a = 2, b = .85 and
¢ = 1. We draw the control growth with different o values. First observation in
here is when o — 1, fractional model converges to the continous model as expected.
This convergence is clear for low values of ¢ in Figure 5.1. So, a values other than 1,
behave like the growth deceleration. Since the parameter b represents the exponential

growth deceleration, next we change b to observe the growth behaviour.

In Figure 5.2, if we take b = .9, we observe stimulation for each a value. It

can be seen that in this graph, curves Y and Z’ behave similarly. Y is the curve with
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Size

A i
z —-==-Z
x ®

. . . L g
5 10 15 20

FIGURE 5.2. Alterations of Growth : Stimulation (a=2, b=.9, c=1,
Yia=1,X:1a=.94,7":a=.83)

= .85 and a =1 and Z’ is the curve with b = .9 and o = .83. This shows that we

can observe different behaviors by changing the parameter « in discrete fractional

calculus.
Size
12}
10}
s[
6L
4F i s
z -——==z
2 % x

FIGURE 5.3. Alterations of Growth : Inhibition (a=2, b=.7, c¢=1,
Yia=1 X :1a=.94,7":a=.83)

Moreover if we set b = .7, which is less than the control growth, we observe inhibition

for each a value.

Based on the results above, we also observe that growth behaviour shows
significant variation with respect to «. Using fractional calculus for curve fitting,
we could get more accurate results for data analysis since we have one more fitting

parameter, «, in addition to the model parameters. To support this insight, we
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compare our model for different o values with the continuous model by using real

data.

5.4.1. Bacterial Growth Application. In this section, we evaluate the Gom-
pertz fractional difference model and the Gompertz differential model for the growth
curve of Pseudomonas putida which is a kind of soil bacterium. Then we compare two
models searching for a better fit for the actual growth by varying «. Square of resid-
uals (SQR) between the expected values and the experimental values is calculated

for each of these models to determine the best fit clearly.
The bacterial growth curve(]|28]) is generally given by

U =A+ BC! (4.1)
where U; represents the time series value at the time ¢ and A,B,C' are constant
parameters.

In the method of partial sums, the given time-series data are split up into three
parts each containing n consecutive values of U, corresponding to ¢t = 1,2,...,n;

t=n+1,n+2,....2n;and t=2n+1,2n+2,...,3n.

Let 51,59 and S3 represent the partial sums of the three parts respectively so that:

n 2n 3n
Si=Y U, S= > U, S3= > U.
t=1

t=n+1 t=2n+1

Substituting equation (4.1) into 57,52 and S, we get

Si=Y (A+BC")=nA+B(C+C*+--- +C")

t=1



Similarly

SQ =nA + BC"“(

Sg = TZA + BC2"+1(

cr—1
-1
cr—1
C—l)'

Subtracting S7 from S5 and S; from S5, we get respectively:

Sy — 51 = BC CEDR
_ - n+1 (Cn B 1>2
Sy — Sy = BC IR
Dividing equation (4.3) by (4.2), we have
S3 =5
S, 5 cn.
Therefore,
53— S231m
C= (52 — Sl) .

Substituting C in equation (4.2), we get

BC [S;— S, 2
5 = —1] .
52 =51 0—1{52—51 ]
Hence
B (C—1)(S, — S1)?

C(S;— 259+ 52

Finally substituting the values of B and C' in the expression of S, we have

2
Il

Sl 3l 3l 3|

Sy —

Sy —

Sy —

Sy —

m(cn - 1)}’

(S — 51)°

(S5 — 255 + 5)2 (e - 1)} ’

(82 — S1)? {53 ~ S 1”
(S5 — 28 + S1)2 | Sz — 8 ’

(S — S51)° {53 —25 + 5 H
(S5 — 25, + 51)? Sy — S ’

42

(4.2)

(4.3)

(4.4)

(4.5)
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_1{5’_ (SQ—Sl)2 }
T Tt (S5—285,+8)]

1[&%—g]

A -0 s
Sy — 255 + 51

(4.6)

)
Thus, by the method of partial sums, the three parameters A,B and C' are determined
and the modified exponential growth curve is fitted. Gompertz and discrete fractional
Gompertz models are fitted by the same approach, modifying their basic equation

into a form of an exponential growth curve.

Time{h) BExp.Value 14 0.482
1 0,216 15 0,452
2 022 16 0,592
3 0.24 17 0.544
4 0.25 18 0.584
a 0.26 13 0,594
3 0.27 20 n.e2
7 n.z2a 21 0,644
a .23 22 0.eda
9 n.zz2 23 0.e48

10 0.26 24 0.e48
11 n.z8 23 0.eda
1z 0.4 26 0.e48
13 0,45 27 0.e48

FIGURE 5.4. Growth rate of Pseudomonas putida at various time in-
tervals [27].

The equation of Gompertz curve is

where a,b and c are parameters.

It is converted into a modified exponential form as

Iny =Ina —e’(e™®)", (4.7)
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which can also be written as
U, = A+ BC", (4.8)

where U; =Iny, A =1Ina, B=—€’, C =e¢“and t = z.

The In values of the growth data in Figure 5.4 are calculated and a set of nine such

values are summed up

9 18 27
51:2111%, Sy = Zlnyn, S3 = Zlnyn.
n=1

n=10 n=19

Hence we get
Sp = —12.135, Sy = —6.921, 53 = —4.049.
Using the formula (4.6), we obtain

) 1{&&—%

2128 T 0.0585. 4.9
‘%—z%+sj 0 (4.9)

n

Since Ina = —0.0585 which gives a = .943.

Using the formula (4.4), we obtain

S3 — Sy

02(52—51

)™ = 0.9358. (4.10)
Since e~¢ = 0.93581 which gives ¢ = .066.

Using the formula (4.5), we obtain

(C—1)(Ss — S))°
= = —1. ) 411
b=t —as v o - 1T (411)

Since —e” = —1.773 which gives b = —.573.

Therefore, the Gompertz curve for the growth of Pseudomonas putida is given by
the parameters calculated above:

(.573—.0662)

y = .943¢° (4.12)
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We fit our model with these parameters. Our solution for o = 1 is given by the

equation (3.1) as

(4.13)

When we fit this equation by y(t) = A + BC", our parameters become

a
A:—m, C:b and B:C+m

After substituting the values A = —0.0585, B = —1.773 and C' = 0.9358 and solving
for a, b and ¢ we obtain the paramaters for our model as a = —.0037557, b = .9358

and ¢ = —1.8315.

U.ﬁ_— - s ®

Continuows

nal > ____ Com
- T
; 4
. 34:-*. * 10 13 a0
.

0zl *®

FiGURrE 5.5. Data fitting

In Figure (5.5), it is shown that each curve visually gives reasonably good
fits to the given data. To determine the curve that gives the best result, the table
in Figure (5.6) presents the data points and the square of the residuals between the
experimental and expected values. The best model is the one showing the least sum

of the square of residuals.

It is clear from the table in Figure (5.5) that Gompertz fractional difference

model with av = 1 gives the least value of SQR(=.023986). It yields very close results



Time(h) Bx¢p.Value Expected SQR

1
2
3
|
3
b
-
a
E

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

to the continuous Gompertz curve as expected. It can also be seen that the fractional

0.216
0,22
0.24
0.25
0.26
0.27
0.28
0.23
0.33
0.36
0.38

0.4
0.46
0.4a2

0.492

0.592

0.544

0.284

0.294
0.62

0.644

0.643

0.643

0.643

0.643

0.643

0.643

0.179247 0.001351
0,139293 0.000429
0.220098 0.0003%6
0.241532 7.17E-03
0.263485 1.Z1E-03
0.285341 0.000251
0.308484 0.000811
0.331305 0.001706
0.354195 0.000583
0.377054 0.000231
0.339783 0.000332
0.422312 0.000433
0.444545 0.000239
0.466413 0.000243
0.4373683 1.71E-03
0.508841 0.006915
0.529291 0.000216
0.54318 0.001212
0.568474 0.000652
0.58715 0.001073
0.60518%2 0.001506
0.622573 0.000646
0.639308 7.56E-03
0.655377 5.44E-03
0.670786 0.000519
0.685533 0.001409
0.699643 0.002667
0.024245

a=1
0173483
0.199657
0220585
02432151
0264239
0.23673
0.309509
0.332461
0.353479
0.3784d6
0.40131
0.423942
0. 446274
0463238
0.4897:59
0.510814
0.5313%6
0.551267
0.570605
0.589315
0.60738
0624786
0641545
0.657397
0.673001
0687742
0.701829

SQR
0.001333
0.000414
0.000377
6.16E-03

1.8E-05

0.00028
0.000871
0.001803
0.000643
0.000341
0.000454
0.000573
0.000188
0.000189
4,93E-06
0.006591
0.000161
0.001071
0.000547
0.000342
0.001341
0.000539
4,13E-03
9.21E-03
0.000625
0.001573
0.002398
0.023386

@ =.99
0.182801
0.204725
0.226815
0.2431598
0.271853
0.294711
0.31769
0.340659
0.363648
0.386452
0.403031
0.431312
0.453228
0.47472
0.495736
0.516234
0.336176
0.355531
0.574277
0.392396
0.603873
0.626707
0.642888
0.65842
0.673307
0.687556
0701177

SQR
0.001102
0.000233
0.000174
6,.43E-07

0.00014
0.000611
0.001421

0.00257
0.001132

0.0007
0.000343

0.00093
4,53E-03

5.3E-05
1.4E-05

0.00574

6.12E-03

0.00081
0.000389
0.000762
0.001165
0.000453

2,61E-03
0.000109

0.00064
0.001565
0.002328
0.024569

FIiGURE 5.6. Data analysis for bacteria

-.995

0.181134

0.20218
0.223687
0.245662
0.268033
0,230709
0,313583

0.33657
0,359554
0.382447
0.405162
0.427617

0.44974
0.471466
0,432738
0.513507
0.533731
0.553377
0.572416
0.530827
0.608596
0625712

0.64217
0.657369
0.673112
0.687605
0.701457

SQR
0.001216
0.000318
0.000266
1.83E-03
6.45E-03
0.000429
0.001128
0.002169
0.000873
0.000504
0.000633
0.000763
0.000105
0.000111
5,45E-07
0.006161
0.000105
0.000338
0.000466
0.000851
0.001253
0.000457

3.4E-05
9.94E-03
0.000631
0.001569
0.002358

0.02406
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difference model with o = .995 gives more accurate results than the continuous model.

To make sure our model works better than its continuous counterpart, we also

found fitting parameters by using Mathematica’s ‘FindFit” function which computed

a least-squares fit for the given 23 data points. As a result, we obtained the parame-

ters @ = .0119493, b = .9488 and ¢ = —1.9 for our model. First, we draw the curves

for « = 1, @ = .98 and the continuous case. As is shown in Figure (5.7), each model

visually gives a reasonably good fit to the given data.
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FIGURE 5.7. Data fitting

Data values and square of the residuals are also calculated for these para-
maters. When we inspect the tables in Figure (5.8) and Figure (5.9), it is suprising
that the best result is given by the fractional Gompertz model with o = .98 and fol-
lowed by o = .97 closely. Our model with a = 1 once again gives very close results to
the continuous model as expected. With decreasing « values, square of the residual
results are increasing, for instance see @ = .96. In conclusion, since the least sum
of square of residuals between the experimental and expected values belongs to the
discrete fractional model with v = .98, we conclude that our model is stronger than

the continuous model in this particular example.

5.4.2. Application on Mammary Tumors of the Rat. We also apply our
model to mammary tumor data of rats Figure (5.10). Mammary tumors of rats
are very important in the study of tumor induction and in the elucidation of the
relationship between breast tumors, steroids and pituitary hormones. The growth

data used in this thesis were obtained from the work of Durbin, Jeung, Williams



Time(h)

1
2
3
il
a
£
-
a
9

10
11
12
13
14
15
16
17
13
19
20
21
22
23

Exp.Value

0.216
022
n.24
0.25
0.26
n.27
0.28
029
n.33
0.36
0,38

0.4
0. 46
0,482
0,432
0.592
0,544
0,584
0.594
n.62
n.644
0.643
0.648

Bxpected
0.173247
0.199233
0.220038
0.241532
0.263485
0.285841
0.308484
0.331305
0.354135
0.377054
0.399783
0.422312
0.444545
0466418
0.437868
0.508841
0.529291

0.543148
0.568474
0.53871a
0.605183
0.622578
0.639308

SQR
0.001350783
0.000428331

0.00039609

7.1707E-05
1.21452E-03
0.000250937
0.000811338
0.001706103
0.000585393
0.000290839
0.000391605
0.000497325
0.000238857
0.000242799
1.70734E-05
0.006915419
0.000216355
0.001212432
0.000651577
0.001073123
0.001506254
0.000646278
F.255059E-03
0.019595059

a=1
0166832
0.185049
0.20417
0.224135
0.24488
0266335
0.288427
0.,311073
0.334215
0.357755
0.38162
0.405734
043002
0. 454406
0.473az2
0.503195
0.527469
0.551582
0.575473
0.,599108
0622424
0.645385
0667953

FI1GURE 5.8. Data analysis for bacteria

SQR
0.002417492
0.001221572
0.001283739
0.000668598
0.000228614
1.34322E-03
7.10143E-05
0.000444324
1.77662E-03
5.04002E-06

2.6244E-06
3,28788E-03
0.0008528
0.000761429
0.000173712
0.007386328
0.000273274
0.001050927
0.000343027
0.000436476
0.000465524
6.83823E-06
0.000398122
0.012102004
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and Arnold [29]. Tumor age was defined as the number of days a tumor had been

growing starting from a ‘reference size’. The size at which the mammary tumors are

just detectable was determined to be a diameter of 1 cm and this was selected to be

the ‘reference size’. Growth of fibroadenoma from .5 to 5.0 gm was observed to be

nearly exponential. Growth rate gradually decrased and eventually the limiting size

was approached.

Such a growth pattern can be represented by a Gompertz function

O = ceo/B1—e)

(4.14)



=99

0.170032
0.189988
0.210317
0.231185
0.252616
0.274583
0.297036
0.319916
0.343158
0.366692
0.330449

0.41436
0.438359

0.46238
0.486361
0.510243

0.33397
0.557491
0.580759

0.60373
0.626364
0.648626
0.670484

SQR

0,002113057

0.00090072

0.00083108
0.000354004
5,45235E-05
2,10039E-05
0.000290225
0.000894967
0.000173133
4,47829E-05
0.000109182

0.00020621
0.000463333
0.000384344
3,17983E-05
0.006684207
0.000100601
0.000702727
0.000175324
0.000264713
0.000311028
3,91876E-07

0.00050553
0.015672487

FiGURE 5.9. Data analysis for bacteria

@ =98
0.173293
0.195022
0.216573
0.238353
0.260469
0.282942
0.305749
0.328848
0.352186
0.375707
0.399352
0.42306
0.446773
0.470435
0.433991
0.517391
0.540587
0.563536
0.586197
0.608532
0.63051
0.652101
0.673279

SQR

0.00182383

0.0006239
0.00054873
0.00013565
2.1996E-07

0.0001675
0.00066301
0.00150917
0.000459222
0.00024671

0.0003745
0.00053176
0.00017495
0.00013375
3.9641E-06

0.0055665
1.1649E-03
0.00041878
6.0887E-03
0.00013152
0.00018198
1.6818E-03
0.00063203
0.01445708

o =97

0176617
0.200151
0.222946
0.245638
0.268437
0.291409
0.314561
0.337869
0.361296
0.384798
0.408325
0.431827
0.455256
0.478563
0.501704
0.524634
0.547315
0.569709
0.591783
0.613506
0.634853
0.655799
0.676323

Time{days) Rlodel

13

16
a0l
34,3
al
al.2
63,8
715
92.8
96
116.5
113.6

1.1%
1.4
0.28
9.03
12.3
11.34
21.3
231
21.2
29.8
£5.7
48.1

SQR
0.001551
0.000324
0.0002908
1.303E-05
7.118E-05
0.0004533
0.0011945
0.0022914
0.0003734
0.0006143
0.0008023

0.001013
2,251E-05
1.181E-05
9.417E-05
0.0045382
1.099E-05
0.0002042
4,915E-06
4,217E-05
8.367E-05
6.08ZE-05
0.0008022
0.0155556

o =96
0.180005
0.205376
0.229426
0.253038
0.276517
0.299982
0.323469
0.346976
0.370484
0.393958
0.417363
0.440658
0.463804
0.486762
0.509494
0.531966
0.554145
0.576002
0.597508
0.618642
0.63938
0.6593703
0.673602

SQR

0.00129564
0.000213861
0.000111809
9.22944E-06
0.000272811

0.00039392
0.001889554
0.003246265
0.001638954
0.001153146
0.001395934
0.001653073
1.44704E-05
2.26766E-05

0.00030604
0.003604081
0.000102921

6,3363E-03
1.23061E-05
1.84416E-06
2.13444E-05
0.000137007
0.000993686
0.019064603

F1GURE 5.10. Growth rate of the mammary tumors of the rat at var-

ious time intervals.
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where c is the initial tumor weight and fixed at ¢ = .5 gm. Parameters a = .085 and

# = .0174 are the initial growth rate and growth deceleration respectively. These

parameters are calculated from the original data by a least-squares method.
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To fit our model with these parameters, let us take the natural logarithm of the

equation (4.14) as
Q@ st
InG(t) =Inc+ —=(1—e).
p
Let InG(t) = u(t). Then
u(t) =Inc+ 2(1 — e,
B
After taking the derivative of both side with respect to t, we have
u'(t) = ae Pt

When we fix the equation u/(t) + fu(t) = flnc+ a with our model equation (3.1),
we get the parameters for our model as a = flnc+a = .0676425131 and b=1—( =

0.9865.

Size
E -
&0 — y
50} L
40} -
. e oF * ,,/
30} o e
/:.“ j Continuows
20 :_ - 11';::_.-""#/' ¢ - = df:tl
10 L = .58
E L ol ":ﬂ— "'-_-F--J
- B — ) ) . | Ly
20 40 G0 30 100 120

FI1GURE 5.11. Data fitting

Figure (5.11) shows the data points, curves of the continuous model and our
model for « = 1 and a = .98. Each model visually gives reasonably good fits for

the given data. To determine which one gives the best fit, we once more perform a
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square of the residuals analysis. The values of growth for different values of time and

« are calculated. Results are given in the tables in Figures (5.12) and (5.13).

Time(days) Model Continuous SQR =1 SQR
13 1.19 05421423 0,419719 3.42312 4988825
16 1.4 1.63878 0.057016 3.98121 6.662645

anl 2,28 4,49243 0,620267 T.49685 4,914424
34,3 9.03 4,10072 24,2973 8.85274 0,031421
51 12.3 8.85171 11.8907 15,7269 11.74364
al.2 11.34 8.91373 5.886343 13,8235 2010177
63,8 3al.3 15,1245 2el.6468 25,5337 323.250272
72.5 231 16,5821 4248302 278502 225644
92.8 21.2 23,0293 1466354 41,797 4242364
95 29.8 26,382 11,8272 44,1329 205,432
116.5 69,7 34,7599 957.2893 59.4244 39.38316
119.6 43,1 35,9345 1475132 61,7384 186006
1473.451 939,3129

FIGURE 5.12. Data analysis table for mammary tumors of the Rats

=99 5QR =98 5QR =97 5QR =26 5QR
3,32517 4,558551  3.231%1 4.16593% 3,1430% 3,814361  3.05844 3,49106%
3.8484 5934863 372268 5,394842 3,6033%9 4.85580% 3.49071 4,371068
710386 3326465 6.7392 2129265  6.40053 1.255565 6.08567 0.649104
8.3473 0.466073 Y.88035 1.321635 744835 2500984  7.04383 3,924737
14,6023 5,300585 13,5755 l.e269 12,6373 0.113771 11,7734 0.271024
14,6893 11.2211e 13,6548 5,358299 12,7093 1.874532 11,8448 0.254823
23.4747 £1.23532 21,6033 94.02599 19,9021 1299121 18.3552 167.5678
25,9701 6,101334 23,4979 0.,138324 Z1.6146 2206413 15,3028 10.22203
38,2264 289,9533 34,9634 1895964  32.001e 1le.67de 29,2939 6560839
40,3565 111.43%7 36,3078 50.53082 33,7635 1570141 30,857 1.203409
54,4045 1275861 49,7747 253.6152 45,5158 407.4015 41,6076 580.4437
26,9487 7138053 51,7533 13,3466 47,3351 0.585072 43,2749 23.28159
(38,5032 £21.2637 £36.8972 861,2889

FIGURE 5.13. Data analysis table for mammary tumors of the Rats

It is clear from the tables in Figures (5.12) and (5.13), the best fit is given
by the discrete fractional model with @ = .98 determined by the residual sum of
squares(SQR) analysis. For a = .99 and a = .98, results are very close but with

decreasing «, residual sum of square values are increasing. Continuous case gives the
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least accurate result in this example and although o = 1 is worse than the other «

values, it is still better than the continuous case.
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CONCLUSION AND FUTURE WORK

Discrete fractional calculus is a relatively new theory compared to ordinary
calculus. There are still many open questions in this newly developing theory and
although the theory shows great potential for analyzing real world applications, ordi-
nary calculus is still much more commonly used in such problems. In this thesis, we
closed some of the gaps in the theory of discrete fractional calculus and we showed
that discrete fractional calculus could perform better in the modeling of particular
applications. We gave a new proof of the Leibniz rule for two different function
domains. We also developed the summation by parts formula, which is a very pow-
erful formula, for discrete fractional calculus. To prove the summation by parts
formula, we defined the left and right discrete fractional difference operators by care-
fully analyzing the domains. Later, we introduced the simplest variational problem
for discrete fractional calculus. The summation by parts formula was instrumental
in the development of the Euler-Lagrange equation for discrete fractional calculus.
After mathematically justifying the use of the discrete fractional variational problem,
we proposed applications for tumor modeling in order to demonstrate the power of
discrete fractional calculus. Since tumor growth is best described by the Gompertz
equation, we first wrote the corresponding discrete fractional Gompertz equation and
we applied the variational theory to optimize tumor growth. Then, we compared our
theory to ordinary calculus by using real data. According to our results, our model
gave the best fit for different o values where « is defined as the order of the difference

operator.
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For future work, we would like to extend the ideas that were presented for
the discrete Gompertz fractional difference equation. Although the current model
with a saturating feedback mechanism is quite good, improvements can still be made
in tumor growth modeling, for instance, by using different growth models, such as

Richards growth equations.

Y/() = av (1 - (%)V). (4.15)

Moreover, because discrete fractional theory is relatively new and undeveloped, there
is no well-established numerical method to solve some of fractional difference equa-
tions, therefore another future direction could be to seek optimized numerical meth-

ods to solve various fractional difference equations.



APPENDIX

The following Mathematica codes were used to compute and plot the graphs

Figure(5.1)

Y a=2; b=.85 c¢=1;, nu=1;
X a=2; b=.85 <c¢c=1;, nu=.94;
Z a=2; b=.85 c¢=1;, nu=.85;

Y=Exp[Sum[((c*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma]t-
k+1]*Gamma[(k+1)*nu]))+(a*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma][t-
k]*Gamma[(k+1)*nu+1]))),{k,0,10}];

Plot[{Y,X,Z},{t,0,20},PlotStyle-
>{AbsoluteThickness[3],AbsoluteThickness[1],Dashing[{.05,.03}]},AxesLabel-
>{t,Size},BaseStyle->{FontWeight->"Bold",FontSize->16}]

Figure(5.2)

Y’ a=2; b=.85 c¢c=1; nu=1;
X’ a=2; b=.85 c¢=1; nu=.94;
A a=2; b=.85 <c¢=1; nu=.85;

Y=Exp[Sum[((c*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma]t-
k+1]*Gamma[(k+1)*nu]))+(a*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma][t-
k]*Gamma[(k+1)*nu+1]))),{k,0,10}];

Plot[{Y,X,Z,Y’,X",Z2’}{t,0,20},PlotStyle-
>{AbsoluteThickness[3],AbsoluteThickness[1],Dashing[{.05,.03}]},AxesLabel-
>{t,Size},BaseStyle->{FontWeight->"Bold",FontSize->16}]

Figure(5.3)

Y’ a=2; b=.7, ¢c=1, nu=1;
X’ a=2; b=.7, c¢c=1;, nu=.94;
Z a=2; b=.7, ¢c=1; nu=.85

Y=Exp[Sum[((c*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma]t-
k+1]*Gamma[(k+1)*nu]))+(a*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma[t-
k]*Gamma[(k+1)*nu+1]))),{k,0,10}];
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Plot[{Y.X,Z,Y’,X’,Z’},{t,0,20} PlotStyle-
>{AbsoluteThickness[3],AbsoluteThickness[1],Dashing[{.05,.03}]},AxesLabel-
>{t,Size},BaseStyle->{FontWeight->"Bold",FontSize->16}]

Figure(5.5)
f={{1,.216},{2,.220},{3,.240},{4,.250},{5,.260},{6,.270},{7,.280},{8,.290} ,{9,.330} {1
0,.360},{11,.380},{12,.400},{13,.460},{14,.482} {15,.492} {16,.592} {17,.544} {18,.58
43},{19,.594},{20,.620},{21,.644},{22,.644} {23,.648}}
fp=ListPlot[f,PlotMarkers->{Automatic,Medium}]

Y a=-.0037557; b=0.9358; c=-1.8315; nu=.99;
X a=-.0037557; b=0.9358; c=-1.8315; nu=1;

Y, X=Exp[Sum[((c*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma[t-
k+1]*Gamma[(k+1)*nu]))+(a*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma][t-
k]*Gamma[(k+1)*nu+1]))),{k,0,10}];

PY,PX=Plot[{X,Y}{t,0,23},PlotStyle-
>{AbsoluteThickness[4],AbsoluteThickness[4],Dashing[{.01,.01}]},AxesLabel-
>{t,Size},BaseStyle->{FontWeight->"Bold",FontSize->16}]

m = Plot[—.0037557* Exp[-Exp[(.9358 —1.8315*x)]],{x,0,23}]
Show[fp,PX,PY,m,PlotRange->All]

Figure(5.7)
f={{1,.216},{2,.220},{3,.240},{4,.250},{5,.260},{6,.270},{7,.280},{8,.290} ,{9,.330} {1
0,.360},{11,.380},{12,.400},{13,.460},{14,.482} ,{15,.492} ,{16,.592} {17,.544} {18,.58
4%,{19,.594},{20,.620},{21,.644} {22,.644},{23,.648}}
fp=ListPlot[f,PlotMarkers->{Automatic,Medium}]

Y a=.0119493; b=.9488; ¢—1.9; nu=.98;
X a=.0119493; b=.9488; ¢—-1.9; nu=1;

Y, X=Exp[Sum[((c*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma]t-
k+1]*Gamma[(k+1)*nu]))+(a*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma][t-
k]*Gamma[(k+1)*nu+1]))),{k,0,10}];

PY,PX=Plot[{X,Y},{t,0,23},PlotStyle-

>{AbsoluteThickness[4],AbsoluteThickness[4],Dashing[{.01,.01}]},AxesLabel-
>{t,Size},BaseStyle->{FontWeight->"Bold",FontSize->16}]
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Model=g*Exp[-Exp[r-u*x]];

fit=FindFit[f,Model,{q,r,u},x]

{g->1.34651,r->0.734078,u->0.0487025}

m = Plot[1.34651* Exp[-Exp[(0.734078 —0.0487025*x)]],{x,0,23}]
Show([fp,PX,PY,m,PlotRange->All]

Figure(5.11)

£13={{16,1.4},{34.3,9.03} {51,12.3},{68.8,31.3},{96,29.8} {119.6,48.1},{13,1.19},{30.
1,5.28},{51.2,11.34},{72.5,23.1},{92.8,21.2},{116.5,65.7}}
fp=ListPlot[f13,PlotMarkers->{ Automatic,Medium}]

X a=.0676425131; b=0.9865; c=.5; nu=1;
Y a=.0676425131; b=0.9865; c=.5; nu=.98;

Y, X=Exp[Sum][((c*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma[t-
k+1]*Gamma[(k+1)*nu]))+(a*(b-1)"k*Gamma[t+(k+1)*(nu-1)+1]/(Gamma][t-
KI*Gamma[(k+1)*nu+1]))),{k,0,40}];

PX,PY=Plot[{Y}{t,0,120} ,PlotStyle-
>{AbsoluteThickness[3],AbsoluteThickness[1],Dashing[{.05,.03}]},AxesLabel->{t,
Size},BaseStyle->{FontWeight->"Bold",FontSize->16}]
R=Plot[.5*Exp[.077/.0135*(1-Exp[-.0135*t])],{t,0,120}]

Show[P,fp,R,PX,PlotRange->All]
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