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1. 1. Variance, Dispersion and CorrelationVariance, Dispersion and Correlation
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Media măsurabilei:

Se numeste DENSITATE DE PROBABILITATE
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Mărimi de măsurat {xi} şi staţii de măsurat
{yi} nu au nimic în comun! Atunci:
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Pentru seturi independente {xi} şi {yi} si
probabilitati uniforme:
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Abaterea lui x1 fata de medie: 
Abaterea lui x2 fata de medie:

……………………………….
Abaterea lui xn fata de medie:

Se folosesc pătratele pentru uşurinţa calculului
şi îndepartarea erorilor:

se numeşte DISPERSII. Dispersia lui xi:
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Abaterea standard (σ):

În unele cărţi Dx se mai numeşte VARIANŢĂ
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Se introduce o nouă mărime
COVARIANŢA
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Correlation CoefficientCorrelation Coefficient

Consideram:
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Produs scalar:

Modulul lui x = NORMA lui x:

Distanta dintre vectori:
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Cauchy-Schwartz inequality:

ecuatie de gr II in t este pozitiva daca are semnul lui a, adica for 
<y/y> (care este +), deci ∆≤0
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2. Pearson Correlation: traditional Pearson Correlation: traditional 
QSP(A)RQSP(A)R
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Dacă înmulţim ecuaţia 2 din sistem cu 1/n obţinem:
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Correlation through Great Correlation through Great NumbersNumbers’’LawLaw
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Correlation by Distribution FunctionsCorrelation by Distribution Functions

momentul de ordine K al parametrului x :

condiţia de normalizare a funcţiei de distribuţie:

Rezumand avem:
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f = ? Trebuie gasita functia f(x) !!!
Gaussian Nature:

funcţia de distribuţie normală a probabilităţilor de existenţă a 
variabilei x pe domeniul (+∞, -∞).
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For that, let firstly rewrite

That in polar coordinates becomes

Leaving wit h 
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FuncFuncţţiaia de de distribudistribuţţieie bidimensionalabidimensionala

Observaţie : Când cele 2 variabile sunt total independente
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FuncFuncţţiaia de de distribudistribuţţieie ((probabilitateprobabilitate) ) 
condicondiţţionatăionată : : g(y/xg(y/x))
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Pentru valoare lui y avem relatia

ecuaţia de corelare a lui y cu x
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SRy =  suma erorilor
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factorul de corelare standard

Covarianţa

Coeficientul de corelare:
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The vectorial interpretation:
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Multilinear CorrelationMultilinear Correlation
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Suma erorilor sa fie minima:

⎪
⎪
⎪
⎪

⎩

⎪
⎪
⎪
⎪

⎨

⎧

=⎥
⎦

⎤
⎢
⎣

⎡
∂
∂

=⎥
⎦

⎤
⎢
⎣

⎡
∂
∂

=⎥
⎦

⎤
⎢
⎣

⎡
∂
∂

∑

∑

∑

=

=

=

0

...

0

0

1

2

1

2

1

1

2

0

N

i
i

M

N

i
i

N

i
i

e
b

e
b

e
b

( )[ ]

( )[ ]

( )[ ]

( )[ ]
⎪
⎪
⎪
⎪
⎪
⎪

⎩

⎪
⎪
⎪
⎪
⎪
⎪

⎨

⎧

=⋅++++−−

=⋅++++−−

=⋅++++−−

=⋅++++−−

∑

∑

∑

∑

=

=

=

=

N

i
iMiMMiii

N

i
iiMMiii

N

i
iiMMiii

N

i
iMMiii

xXbXbXbby

xXbXbXbby

xXbXbXbby

XbXbXbby

1
22110

1
222110

1
122110

1
22110

0...2

.....

0...2

0...2

01...2



Suma erorilor sa fie minima:
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Matricea Moare-Penrose:

Exemplu: sa verificam pentru regresia simpla liniara: 
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Da! Se verifica pentru regresia liniara 
simpla.
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Spectral  Correlation: SSpectral  Correlation: S--SP(A)RSP(A)R



The spectral (vectorial) version of SAR 
descriptors 
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However, before applying it effectively one has to introduce the
generalized scalar product throughout the basic rule:

Briefly, remember that the orthogonal condition requires that the 
scalar product of type to be zero, the orthogonal basis

can be constructed from the set
according with the iterative recipe:
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Choose

Then, by picking     as the next vector to be 
transformed, one can write that

Next

repeated and extended until the last 
orthogonal predictor vector          is obtained.
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Within the constructed orthogonal space, the vector activity 

At this point, since there is no residual vector remaining one can 
consider that the SAR problem is in principle solved once the new 
coefficients in are determined. These 
new coefficients can be immediately deduced based on the 
orthogonal peculiarities of the spectral decomposition grounded on 
the fact that:
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SAR algorithmSAR algorithm

It consists in going back from the orthogonal to the initial basis of 
data through the system of coordinate transformations:
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Finally, the system is algebraically true if and only if the associated 
augmented determinant disappears,
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Check with Linear CorrelationCheck with Linear Correlation
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DA!!! Se verifică ecuaţia monoliniară!
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3. Algebraic Correlation Factor3. Algebraic Correlation Factor

Next, the vectorial norm gives the opportunity in advancing the so 
called algebraic correlation factor measuring the relative “intensity”
or “amplitude” of the predicted to measured norm activities 

worth noting that the algebraic correlation factor gives systematic 
higher values respecting the assumed statistical one, computed on 
statistical definition of the data dispersion through the standard 
expressions 
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Proposition (algebraic S-SAR vs. statistic Q-SAR correlations): 
in any correlation analysis, considering the observed and predicted 
activity data as vectors and with the associate norms 
through the scalar product type, respectively, the algebraic 
correlation factor always exceeds the statistical QSAR correlation 
factor:

Proof: by straight algebraic manipulation, condition firstly rewrites 
as:
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Then, it can be conveniently arranged so that to separate the 
predicted and measured terms in left and right side of the inequality, 
respectively:

Now:
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Spectral PathsSpectral Paths

the Spectral-SAR analysis employs the idea of “amplitude” or 
“intensity” or “length” of chemical-biological interaction and bonding. 
In this context, appears also the idea of introducing the least path 
principle that selects the optimal (shortest) paths among all 
computationally tested models towards the measured endpoint:
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Temporal SpectralTemporal Spectral--SARSAR

RMCRL k
k

k
+⎯→⎯+ ↔

−

2
1

1

*

[ ][ ]
[ ] ⎟

⎠
⎞

⎜
⎝
⎛ Δ
−==

RT
G

C
LRK exp*

A=activitatea
[ ]

[ ] [ ]*

*

max CR
C

A
A

+
=



R

R-L=C

[L]

k_1k1[L]

k2M

*

[ ]
[ ]LK

L
A

A
+

=
max



RMCRL k
k

k
+⎯→⎯+ ↔

−

2
1

1

*
EPESES k

k

k
+⎯→⎯+ ↔

−

2
1

1

[ ]
[ ] [ ]KL

L
A

A
+

=
max

[ ]
[ ] [ ]MKS

S
V

v
+

=
max

[ ][ ]
[ ]*C

LRK =
1

21

K
KK

K M
+

=
Constants

Computation

SLSubstrate

ERSpecies

Reaction

S-E KineticsL-R KineticsProperties



[ ]
[ ] [ ] )()(,

50

max tL
dt
dtA

ECL
LA

A −=
+

=

[ ] [ ]
[ ] 50

max

)(
)(

)(
ECtL

tLA
tL

dt
d

+
=−

[ ] [ ]
[ ] ]1[

)(
)(

)( 50

)]([

max
50

max EC
tL

eA
ECtL

tLA
tL

dt
d

−

−≈
+

=−

]}[ln{)]([
][max

11 50

0

50
50 −+=

−
EC

L
EC

tA

eeECtL



[ ]

[ ]

⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛
+

⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛

=
−−

−−

1

1

max

50

0

50

max

50

0

50

max

1

)(
EC

L
EC

tA

EC
L

EC
tA

ee

eeA

tA

PREDICTALyL →][ 0

SQ
SRSQrstot

−
=



50
50

lg1log EC
EC

A −=⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
=

obsyA eeEC
−− ==50

[ ]1,0,
1

1
1

∈⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛
=

−
− ττetA

∞⇒= ττ
numeric

soluti
A 0)(

050

max

max →⇒
⎭
⎬
⎫

∞→
∞→ −

EC
tA

e
t
A



4. 4. Quantum Correlation: QuaQuantum Correlation: Qua--SP(A)RSP(A)R

Paradoxically, the main problem for QSAR resides not in performing 
the correlation itself but setting the variable selection for it; the 
mathematical counterpart for such problem is known as the “factor 
indeterminacy” and affirms that the same degree of correlation may 
be reached with in principle an infinity of latent variable 
combinations.
the main point is that given a set of N-molecules one can chose to 
correlate their observed activities           with M-selected structural 
indicators in as many combinations as  
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endpoint spectral norm

algebraic correlation factor

spectral path, with the distance defined in the 
Euclidian sense as
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least spectral path principle, formally shaped as

inter-endpoint norm difference (IEND),

inter-endpoint molecular activity difference (IEMAD),
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the amplitude of transformation driven by the so called 
quantum-SAR factor of an exponential form

identity

“real” quantum-SAR transformation
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self-transformation
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With the present Qua-SAR methodology one can 
appropriately identify the molecular pairs that drive 
certain bio-/eco- activities against given receptor by 
means of selected descriptors in a “wave”- or “quantum”
mechanistic formal way. 

The ultimate goal will be the computation of quantum-
SAR factors along the least paths of actions that give the 
potential information of the conversion power of the 
fittest molecules in their specific bindings. 
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