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Structure/Activity/Property Relationships (SARs, SPRs, and PARs) appears with the studies of Louis Plack HAMMETT in 1937 [1]. The most important applications of Hammett’s equation were summarized in [2].Quantitative relationships
(QSAR, QSPR, QPAR) occur when the property/activity is quantitative. Not all properties and activities of chemical compounds can be classified as quantitative. In fact, few properties meet all theoretical requirements to be quantitative [3].
From this reason in the last time are avoided to be used QSAR, QSPR, and QPAR, in their place being used (Q)SAR, (Q)SPR, and (Q)PAR, or more simple SAR, SPR, and PAR. Structure-based approaches have two levels (topological and
geometrical). In the topological based level, an atom, a bond from a molecule can exist (and then are evidenced through electronic transitions and/or molecular vibrations and/or rotations) or not (being a matter of 0 and 1). Not so simple stays
things related to molecular geometry (especially on liquid or gas phases). Heisenberg uncertainly principle [4] shows the uncertainly rules presented at micro level (molecular and atomic level). More than that, molecular geometry depends on the
environment where the molecule is (vicinity of the molecule), temperature, pressure, so on, thus dealing with molecular geometry is both a matter of relativity and a matter of uncertainty. Thus, Structure-Property-Activity Relationships (SPARs)
must deal with certainties (such as molecular topology), uncertainties (such as molecular geometry), relativities (such as biological activities) and evidences (such as physical and chemical quantitative properties). The Molecular Descriptors
Family (MDF) is an original structure-based approach [5] which generates for given structure(s) a huge pool of quantum based [6] descriptors of structure (indices) using a unitary methodology [7] that incorporated both topological and
geometrical approaches. SPARs MDF methodology [8] uses a genetic algorithm [9] in order to obtain so called MDF-SPARs (structure-property or structure-activity relationships with Molecular Descriptors Family members relating the
structure). AIM: to assess the potential of MDF-SPARs for drug design. IDEA: to develop, test, and use a complete statistical methodology in the evaluation of obtained relationships, to estimate and predict the desired
activity/property. METHODS: A (Q)SAR/(Q)SPR equation is often a Multiple Linear Regression (MLR) equation. Key statistics are given in table below.

Parameter Mathematical formula Remarks General issues
Simple rsp=r(Y,MDF;), psp=p(rsp,m,df=1) rsp: correlation between Y and MDF;; MLR: Y = XiaMDF;;
correlation pse: probability of no linear dependence between Y and MDF;; a;: real coefficients (MLR coefficients);
analysis a larger psp (usually > 5%) leads to excluding of MDF; from MLR equation Y estimator of the measured activity/property Y;
Inter-correlation | rp=r(MDF;,MDF;), pie=p(rie,m,df=1) | rp: correlation between MDF; and MDF;; MDF;: an MDF member (an array with m values);
analysis pie: probability of no linear dependence between MDF; and MDF;; m: sample size;

a larger rip (usually larger than ryp) leads to a less predictive MLR equations; n: number of variables;

a solution can be excluding of MDF; (if rsp(Y,MDF;) < rsp(Y,MDF;) is true) or MDF; | i: vary from 1 to n;

(if rse(Y,MDF;) < rsp(Y,MDF;) is false) from MLR equation; r: Pearson correlation coefficient;

same procedure can be applied for pwe>pie p: probability of wrong model (using either Fisher or Student distribution);
Multiple rve=r(Y,Y), pmp=p(rue,m,df=n) rwe: Pearson multiple correlation coefficient; df: degrees of freedom;
correlation Psp: probability of no linear dependence between Y and Y; i #] (i <j is enough);
analysis a larger pmp (usually > 5%) leads to rejecting of MLR equation

Qualitative vs.
quantitative
analysis

'msp=NTwms Twp

fMSZP(YY)v Pus=p(rms,m,df=n)
erazTa(YrY)r erasz(eraymydfzn)
Mo =To(Y,Y), Pmev=Pz(Twen, M, AF=n)
thc:TE(Yvy)v erc:pZ(ercYm,df:n)
rr=I'(Y,Y), pur=pz(rmr,m,df=n)

rwx: multiple qualitative correlation coefficients (X = S, ta, 1b, 1¢, I');

pux: probability of no linear dependence between ranks of Y and ¥;

a larger pmx (usually more than 5%) leads to rejecting of MLR equation

rwse: Multiple semi-quantitative correlation coefficient;

pwuse: probability of no linear semi-quantitative dependence between Y and Y;
a larger pwmse (usually > 5%) lead to rejecting of MLR equation

p: Spearman ranks correlation coefficient;

1. Kendall tau-a ranks correlation coefficient;

1. Kendall tau-b ranks correlation coefficient;

.. Kendall tau-c ranks correlation coefficient;

I': Goodman-Kruskal ranks correlation coefficient;

P2: probability of wrong model (using normal distribution Z);

Leave-one-out
cross-validation
analysis

rCV-lDOZr(Yv ? )1 pcv-loo:p(rcv-looqmadf:n)

model;

Iev-loo: l€AVE-0NE-out cross-validation correlation coefficient;
Pev-0o: Probability of no predictive linear model;
a larger pwe (usually > 5%) leads to rejecting of MLR equation as predictive linear

Y =(Y «, k=1..n); Y  results from the following algorithm:

+Remove molecule "k" from sample;

+Then W:=Y\Y; MDFW; = MDF\MDF;(k);

+Apply MLR: W = ZbiMDFW;; b;: real coefficients (MLR coefficients); W estimator of Wi;

+W predictor for Y,: Y i = ZibiMDFi(k)

Training vs. test rtraining:r(Y|traininng|training)y

Nwaining: COrrelation between measured (Y lyaining) and estimated (¥ faining) into training

test - a random subset of the sample (usually of size of m/3);

experiment Praining=P (Fiszining Miraining,dF=N) subset: training - remaining subset of the sample after removing of the test set (usually of size of
Fiest=T (Y Jtests Y Jtest), Prraining: Probability of no linear dependence into training subset; 2mi3); _
Prest=P (Frest, Meest,dF=N) lest: COrrelation between measured (Y|es) and predicted (¥ |est); Mhest - S12€ of tefs: subset oftt)hetsafn"tlﬁle, le:
Pest: probability of the no predictive ability of the MLR equation; m‘“f”fng ;Sr:fe_ (r)n raining sbset ot the sample;
a larger pes (usually > 5%) combined with a small enough Puaining (usually < 5%) Yf::;,m-ngmeasure(;esell’ctivity/property for test subset:
leads to rejecting of MLR equation as predictive linear model; Y lwaining - Measured activity/property for training subset; Y aining = Y\Yeest
Yles: results from the following algorithm:
+ Apply MLR for training set: U = Zic;MDF;; c;: real coefficients (MLR coefficients obtained
from training set);
+L:J estimator for Y |waining: S?|,,aining(k) = %iciMDFi(k), k € training;
+ U predictor for Ylest: Ylest(l) = ZiciMDFi(D), |  test;
Correlated Zseiger(Y,Y1,Y2,df12) Zseigr<Z(5%)=1.96: hypothesis of correlated correlations between the estimators Y1 | df1: model 1 degrees of freedom (m-n(Y1));
correlations and Y2 cannot be rejected with a confidence of 95%; df2: model 2 degrees of freedom (m-n(Y2));
analysis Zsteiger Can serve for comparing of two MDF-SPARS; df12=min(df1,df2)-3;

Zseeiger CanN serve for comparing of a MDF-SPAR with previous reported SPARSs;

Zsieiger COMputes from r(Y, 1), r(Y,¥2), r(¥1,¥2), and df12;

EXPERIMENTAL: Following online applications were developed and used:

http://l.academicdirect.org/Chemistry/SARs/MDF_SARs/k_browse_or_query.php?database=MDFSARs/

Compute the Z value associated with the existence of correlated correlations
using the model proposed by Steiger [Steiger, T H Tests for comparing
elements of a correlation matriz. Psychelogical Bulletin 1980, 87, 245-251 ]

(1) Simple correlation analysis; Inter-correlation analysis; Multiple correlation
analysis

http://l.academicdirect.org/Statistics/linear_dependence/

(2) Qualitative vs. quantitative analysis

http://l.academicdirect.org/Chemistry/SARs/MDF_SARs/loo/ (3) Leave-one-out cross-validation analysis ri-2 r1-3] ®)
http://l.academicdirect.org/Chemistry/SARs/MDF_SARs/gsar_gspr_s/ (4) Training vs. test experiment (25 tiy
http://l.academicdirect.org/Statistics/tests/Steiger/ (5) Correlated correlations analysis Submit Query
Snapshots of the applications (1)-(4) are presented in the table below:

@ @3] (©) 4)

3&9 Browse or Query MDF SARs by sets.

Browse  |MDFSARs

IIChr‘l 0_ - I Submit Query |

Query [MDFSARS

IIChr1 0_ - I Subimit Queny |

3@ Leave one out analysis require a tabutated
data in html format as input data with followings:

o column labels;
o row labels;

«» independent variables - first set of columns;

» estimated dependent variable - following
colummn;

» dependent variable;

« predicted variable - last colummn;

& 1p & Up
This application looks for significant correlations between given
data colurmms. Computes correlation coefficients (Pearson,

Spearman, Kendall, Gamma), cummulative distribution ratios (F,

t, Z) and associated probabilities of wrong madel, p.

Please select a data file from the list of available data.

The experiment will performe a random split of experimental data in
two sets: "trainig set” and "test set”.

The QSAR/QSPR model are calculate using the data from training set.
The obtained QSAR equation are apply then on both sets, in order to

idd IP d IR d Cr d R3SD d Volum ~ ol
[t i it calculate statistical parameters.
79 0.97 0.61 5.49 2.57 160.00 lm Submit Query
S0 0.97 0.60 2.581 2.47 137.00 o

S1 0.85 0.58 2.61 2.39 146.00

G2 0.82 0.57 2.27 2.31 156.00 j

| Browse.. | SubmitCuery | __SubmitQuery |
RESULTS: MATERIALS: MDF-SPAR completion: MDF Calculator & MDF Predictor.
The model with one and two descriptors, The hydrophobicity on Hessa et al. scale [*°] of . 3 . . it D i
respectively proved to has estimated and predictive  fifteen standard amino acids was the property of Distance operator E Atomic property: 6 Interaction model: E
abilities: interest. Topological distance, t Cardinality, C Rare model and resultant relative to fragment's head. R

¥ mono =-0.58+iMDR0Qg-8.53 Eq(1)
Vi =-1.36+IMDR0Qg-6.03+ISPDWQg-0.08 Eq(2)

The application of the parameters presented in the
table bellow leads to the results presented bellow:

Param. Eq(1) Eq(2)

Isp; Psp 0.9514;5.1-10% | v/ [ 0.8806; 1.5:10°| v/
I'vp; Pwp na. 0.9238;6.2.10° | v/
Ie; Pip na. 0.7726;7.310% | v
Tus; Pws | 0.9429; 14107 | v/ 0.9643;7.1.10° | v/
v, Py | 0.8286; 1.7-10° | v/ [ 0.8857;4.2.10° | v/
T'vio, Pvo | 0.8286; 1.7-10° | v [ 0.8857;4.2.10° | v/
T'wie, Pvee | 0.7733;5.9-10° | v [ 0.8267;1.7-10° | v/
v, pvr | 0.8286;3.6:10* | v/ [ 0.8857;4.6.10°| v/
fwse; Puse | 0.9471;8.7-10% | v/ [0.9714; 1.7-10° | v/
Tovioo, Porleo | 0.8744;9.6:107 | v [0.9158; 1.7-107 | v/
I Py 0.8619; 1.0-10* | v/ [ 0.9572; 1.6:10°| v/
1 Prs 0.9862; 4.3-10° | v | 0.9629; 4.8-107 | v/
ZSleiger; p 17847, 0.074 x

Muaining= EQ(L) = 10 (valine, cysteine, aspartate,
methionine, isoleucine, threonine, glutamate,
asparagine, glutamine, alanine); mes = 5 amino
acids.

Miaining~ EQ(2) = 10 (cysteine, alanine, threonine,
leucine, glycine, glutamate, serine, aspartate,
valine, phenylalanine)

where: M = statistically significant & & = no
difference

ACKNOWLEDGEMENTS: [MDF] The MDF project was supported through ET36 research project (2005-2007). [MDF-SAR] The MDF-SAR of MDF is support through ET108 project (2006-2008).

1 LP Hammett, The Effect of Structure upon the Reactions of Organic Compounds. Benzene Derivatives, J Am Chem Soc 1937;59(1):96-103.

2 C Hansch, A Leo, RW Taft, A Survey of Hammett Substituent Constants and Resonance and Field Parameters, Chem Rev 1991;91(2):165-195.

3 Bolboaca SD, Jantschi L, Modelling the Property of Compounds from Structure: Statistical Methods for Models Validation, Env Chem Lett DOI 10.1007/s10311-007-0119-9.
* Heisenberg W, Over descriptive contents of the quantum-theoretical kinetics and mechanics (in German), Zeitschrift fiir Physik, 1927;43(3-4):172-198.

The experimental values of hydrophobicity were
as follows: alanine (0.11), asparagine (2.05),
aspartate (3.49), cysteine (-0.13), glutamine
(2.36), glutamate (2.68), glycine (0.74),
isoleucine (-0.6), leucine (-0.55), lysine (2.71),
methionine (-0.1), phenylalanine (-0.32), serine
(0.84), threonine (0.52), and valine (-0.31).

DRUG DESIGN P
This facility of MDF-SAR allows that having:
+A set of compounds of interest with known
values of property/activity and MDF-SARs
obtained, validated, and stored into the
database;
+One of more similar/alike with selected
compound(s) set by made of:

0 MDF-SAR equation (MDF predictor);

o building (with HyperChem) of topological
(2D) and geometrical (3D) through same
choices as were build the selected set

to obtain predicted value(s) for the property /
activity of the new compounds, even if this
(these) compound(s) were not yet synthesized, in
order to see if the new structure (virtual
compound at this time) has or not improvements
in desired property/activity.

CONCLUSION

MDF method and MDF-SAR methodology
proved to be a very good tool for design of
chemical compounds.
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Geometrical distance, g Count of directly bounded hidrogen's, H
Relative atomic mass, M

Atomic electronegativity, E

Group electronegativity, G

Partial charge, G

Rare model and resultant relative to conventional origin, v
Medium model and resultant relative to fragment's head, M
Medium model and resultant relative to conventional origin, m
Dense model and resultant relative to fragment's head, D
Dense model and resultant relative to conventional origin, d

Descriptor (of interaction) formula: El |Molecular overall superposing formula:
Distance, ‘D" = d — |[Cond.. smallest m
Inverted distance, 'd"=1/d Cond., highest, M <

Cond.. smallest absolute, n

Cond., highest absolute, N

Avg., sum, S

Avg., average, A

A, Sfcount(fragments), a

Avg., Avg. (Avg fatom)/count{atoms), B
A, S{count(bonds), b

Geom., product P

Geom., mean, G

Firstatom's property, 0" = p1

Invernted O, 0" = 1/p1

Product of atomic properties. ‘P = plp2

Inverted P. "p” = 1/p1p2

Squared P. Q" = plp2™1/2

Inverted Q, ‘g = 1/p1p271/2

First atom's Property multiplied by distance, "J" = p1d
Inverted J, °j" = 1/p1d

Product of atomic properies and distance, "K' = plp2d

Inverted K, "k’ =1/p1p2d Geom., P"1/count(fragments), g

Product of distance and squared atomic properties, 'L = d{p1p2)™1/2 Geom. Geom (Geom fatom)/countiatoms). F
Inverted L °I" = 1/p1pad Geom, P™1/count(bands), f

First atom's property potential, " = p1/d Harm., sum, s

First atom's property field, 'E” = p1/d™2 Harm., mean, H

First atom's property work, "W =p172/d Harm.. sfcount(fragments), h

Properties work, "w’ = p1p2/d Harr.. Harm (Harm fatom)/count(atams). |
First atom's property force, 'F =p172/d"2 Harm., sfcount(bonds). i

Properties force, ' = p1p2/d™2

First atom's property weak nuclearforce, "S™ = p172/d™3
Properies weak nuclear force, 's' = plp2fd”3

First atom's property strong nuclearforce, T = p172/d™4
Properties strong nuclear force, 't = plp2/d™4

Linearization operator:
Identity (no change). |
Inversed |, i
Absolute |, A
Inversed A, a
Logarithm of A, L
Logarithm of |, |

[Fragmentation criteria:
||Mimimal fragments. m
||Maximal fragments, M
Szeged distance based fragments, D
Clyj path based fragments, P

(6) MDF Calculator | (7) MDF Predictor

329 Predict activity based on
+ a learning set and
« a set of previous obtained MDF SAR maodels for
« any molecule submitted as HIN file by the user.

Learning set:

16aacids | * Submit Queny |
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