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Constantino influences in my scientific life

My first published paper.
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Sylvio Goulart Rosa. 3
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Break and colapse method. 4
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Roger Maynard. 5



Constantino influences in my scientific life

Visit of Constantino to Grenoble in 1994.

Grenoble.
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Asymmetry between gain and loss.

7



Constantino influences in my scientific life

Clear and neat explanation using q-statistics.
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Constantino influences in my scientific life

Generalization of Cajueiro discount function.
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Constantino influences in my scientific life

Cajueiro discount function leads to relativistic time perception
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Population dynamics



von Foester et al. model

Science 132, 1291–1295 (1960).
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von Foester et al. model
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von Foester et al. model

N0 = N(0)

eq̃(x) = [1 + q̃x ]1/q̃

q̃x ≥ −1

dN
dt

= kN1+q̃

N(t) = N0 e−q̃(N
q̃
0 kt) = N0 e−q̃

(
− t

tc

)
tc =

1

N q̃
0 k

Scale function

s̃q̃(kt) =
N−q̃

0 − N−q̃(kt)
q̃

= N−q̃
0 ln−q̃

(
N(kt)

N0

)

Problem:
We know N0, but not q̃. 14



Carrying capacity

p(t) =
N(t)

N(∞)
=

N(t)
K

Capacidade de suporte do meio.
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Richards’ model

d lnp
dt

= −k
pq̃ − 1

q̃
= −k lnq̃ p

p(t) =
1

eq̃[lnq̃(p
−1
0 )e−kt ]

= e−q̃[− lnq̃(p
−1
0 )e−kt ]

p(t) = e−q̃[− lnq̃(p
−1
0 )e−kt ]

ln−q̃ p(t) = ln−q̃(p0)e−kt

ln−q̃ p(t)
ln−q̃ p(0)

= e−kt

Scale function

sq̃(t) = ln−q̃[p(t)]

B. C. T. Cabella, A. S. Marttinez and F. Ribeiro, Phys.

Rev. E 83 061902 (2011).
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Richards-Schaefer’s model

exogenous factors.
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Richards-Schaefer’s model
d lnp

dτ
= lnq̃ p + ϵ(τ)

τ = kt

p(t) =
eq̃[ϵ(τ)]

eq̃

{
lnq̃

[
eq̃(ϵ)

p0

]
eq̃ [ϵ(τ)]

eq̃ [ϵ(0)]
e−[1+q̃ϵ̄(τ)]τ

}
ϵ̄(τ) =

1
τ

∫ τ

0
dτ ′ϵ(τ ′)

Extinction and survival transition (τ → ∞)

p∗ = eq̃(ϵ̄)

Extinction: q̃ϵ̄ < −1.
critical value: ϵc = −1/q̃.

susceptibility: χ = ∂ϵ̄p∗ = (ϵ̄− ϵ̄c)
1/q̃ .

B. C. T. Cabella, A. S. Martinez and F. Ribeiro, Phys. Rev. E 83 061902 (2011). 18



Discretizinf Richards’ model

d lnp
dt

= −k lnq̃[p(t)] =⇒ xi+1 = ρq̃xi(1 − x q̃
i )

For:

• q̃ = 0, linear map (trivial);

• q̃ = 1, logistico (Verhulst) map and

• q̃ = 2, cubic map.

A. S. Martinez, R. S. Gonzalez and A. L. Espindola, Physica A 388 2922 (2009).
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Richards’ map: xi+1 = ρq̃xi(1 − x q̃
i )

A. S. Martinez, R. S. Gonzalez and A. L. Espindola, Physica A 388 2922 (2009). 20



Microscopic Mombach et al. model

Cells grow in a fractal structure Df .
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Microscopic Mombach et al. model

Cells grow in a fractal structure Df .

Repulsive potential among cells r−γ .
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Modelo Microscópico Mombach et al.

J. C. M. Mombach, N. Lemke, B. E. J. Bodmann and M. A. P. Idiart, Europhys. Lett. 59 923 (2002).

Células crescem em uma

estrutura fractal de

dimensionalidade Df .

Potencial repulsivo entre células

r−γ .

Richards-Schaefer’s model:
d ln p

dτ
= lnq̃ p+ϵ −→ p(t) =

eq̃(ϵ)

eq̃{lnq̃[eq̃(ϵ)/p0]e−[1+q̃ϵ]τ}

q̃ = 1 − γ

Df
.

A. S. Martinez, R. S. González and C. A. S. Terçariol, Physica A 388 2922 (2008).
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Non-normal data



Non-normal data

Non-normal data vector: x⃗ =


x1

x2
...

xR

.

Box-Cox transformation: y⃗ = lnλ(x⃗)

Generalized mean: Mf (x) = f−1
[∑R

i=1 pi f (xi)
]

with normalized

weighs pi ≥ 0:
∑R

i=1 pi = 1 .

Hölder mean: f (x) = xλ, with λ ∈ ℜ:

M̄λ(x) =
(∑R

i=1 pixλ
i

)1/λ
= ⟨xλ⟩1/λ

R . and arithmetic mean:

⟨. . .⟩R =
∑R

i=1 pi . . .i .

M̄λ(x) = eλ(⟨lnλ(x)⟩R)
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Hölder mean: M̄λ(x) = eλ(⟨lnλ(x)⟩R)

For xi ≥ 0, i = 1,2, . . . ,R e pi = 1/R:
• λ → −∞, M̄−∞(x) = ⟨⟨x⟩⟩R,−∞ = min(x) lowest value;

• λ = −1, M̄−1(x) = ⟨⟨x⟩⟩R,−1 = 1
R =

(∑R
i=1

1
xi

)−1
harmonic mean;

• λ = 0, M̄0(x) =
(∏R

i=1 xi

)1/R
, geometric mean;

• λ = 1, M̄1(x) = ⟨⟨x⟩⟩R,1 = ⟨x⟩R = 1
R

∑R
i=1 xi = x̄ , arithmetic mean;

• λ = 2, M̄2(x) = ⟨⟨x⟩⟩R,2 = ( 1
R

∑R
i=1 x2

i )
1/2 =

√
⟨x2⟩R .

the variance is: σ2 = M̄1
2 (x)− M̄2

1 (x) = ⟨x2⟩R − ⟨x⟩2
R and

• λ → ∞, M̄∞(x) = ⟨⟨x⟩⟩R,∞ = max(x), largest value.
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MFDFA



Multi Fractal (MF) – Detrended Fractal Analysis (DFA)

Jan W. Kantelhardt, Stephan A. Zschiegner, Eva Koscielny-Bunde, Armin Bunde, Shlomo Havlin, H. Eugene

Stanley, Physica A 316 , 87 (2002).
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MFDFA

1. The standard formulation can be written as an arbitrary
norm fluctuation function. This fluctuation function can be
written as a Hölder mean, so that the mean of the Box-Cox
transformed data and inverse of the Box-Cox
transformation is applied

Fλ(s) = M̄λ(x) = eλ(⟨lnλ(x)⟩R) .

• notation concision;
• automatic λ = 0 particular case

2. long correlation length, for s ≫ 1: Fλ(s) ∼ sh(λ). If the
series is stationary h(2) is the Hurst exponente. h(λ) is
generalized Hurst exponente.
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Conclusions



Conclusion

• with the break and colapse method, since my
undergraduatuion Constatino has illuminated my research;

• introducing me to Roger Maynard, which a did a nice PhD;

• introducing me how to use physical methods to address
subjectivity in decision theory and other systems as
population dynamics, epidemiological models and data
statistical methods and

• to invite me to participate of INCT-SC

• healthy life and very happy birthday!!!!
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