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Advanced Biomedical Computing Center

Web: 
http://www.ab
cc.ncifcrf.gov
Scientific 
Applications 
Page 
New Account
Contacting the 
Help Desk 

http://www.abcc.ncifcrf.gov/
http://www.abcc.ncifcrf.gov/
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Overview of the Talk

What is QSAR? 
lots of data – identifying meaningful correlations

Data Reduction
Clustering, PCA etc.

Predicting Activity 
Linear Regression, MLR, PLS etc.

Hands-on exercise
Cerius2 (QSAR+)

What I will not talk about
Statistical basis, derivation of regression equation, F-Statistics 
etc.
PLS, COMFA, 3D-QSAR 
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QSAR (Quantitative Structure Activity 
Relationships)

Scientists have always been interested in relationships 
between the experimental observations they made

Relation between activity and physical properties was not 
explored until the early 1950s 

Hansch- Used Regression to look at the relation 
between biological activity and hydrophobicity

Currently, scientists use cluster analysis, PCA to uncover 
the patterns, correlations between Activity and the data
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Activity

Activity (1/C)
C: Desired concentration of the drug to 
achieve a defined level of activity

• Inverse because more potent ones achieve the 
level at much lower concentrations

IC50: Drug concentration that is required for 
50% inhibition in vitro
EC50: Plasma concentration required in 
obtaining 50% of a maximum effect in vivo
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SAR

R1

R2

NHXNEt2

X R1 R2 CI
1 (CH2)2 NO2 OEt 0.0
2 (CH2)2 Cl OMe 8.0
3 (CH2)3 Cl OMe 15.0
4 (CH2)3 H H 0.0
5 (CH2)3 Cl OEt 7.5
6 (CH2)4 Cl OEt 11.2
7 (CH2)3 CN OMe 10.0
8 (CH2)3 Cl SMe 2.8

D.Livingstone, Data 
Analysis for chemists

Parent structure of 
antimalarial cpds

Chemotherapeutic Index =   Maximum Tolerated dose
Minimum therapeutic dose

Replacing O by S –Reduces Act five times
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QSAR 

Physiological Action, Φ =  f(C)
C denotes constitution of a compound

C ∆C, ∆Φ
By studying more compounds 

C1,C2….
Able to find a relation between Φ and 
Compounds, C

Physiological Action or activity
C, Ki, IC50, ED50, Km



6/19/2006S. Ravichandran,Ph.D., ABCC, 
NCI-Frederick

8

QSAR addresses two questions?

- What feature of a molecule affect its activity?
- What can be modified to enhance 
properties?

Mathematical model that is used to account for 
the observed activity

QSAR 

barriers

Receptor

Drug 
Molecule

Beyond In vitro potency
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Applications of QSAR

Drug Design
Predictions for new experiments

• Place 10 substituents on the four open positions of an 
asymmetrically disubstituted benzene ring 

• Number of compounds required for synthesis: 10,000

Correlate different kinds of biological activity 
• In-vitro, in-vivo

Elucidate the mechanism of new drugs
• Which substituents/functional groups mainly affect the 

activity
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Basic Ideas Conditions: Y Observations         
(Dependent variable) 

Objective: Correlate Y with 
X1, X2 …

Challenge: Variance is spread 
over X parameters

Find the QSAR signal in a huge
field of variance!

“Variations in X1,X2 … that are 
correlated with changes in 
biological activity”

1

2

.

.

.    Compound

.     Activities  (Y)

.

n

Properties (X)

1        2       .        .      m

Y = f(x)

Ex. Y = 2*x1 + 3*x2 + c
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QSAR Study Table

LD25 MR logP BP Hvap MW d20 n20 qc qcl ElnC ElnCl

y x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11

1 0.96 16.56 1.25 40 7.57 85 1.33 1.42 0.097 -0.180 8.88 9.96

2 1.31 23.54 2.30 50 7.11 197 1.48 1.45 0.188 -0.100 9.72 10.04

3 1.45 21.43 1.97 61.7 7.50 119 1.48 1.37 0.180 -0.087 9.69 10.16

4 1.53 26.30 2.83 76.5 8.27 154 1.59 1.46 0.266 -0.066 10.55 10.36

5 2.26 26.05 2.29 86.5 8.01 131 1.46 1.46 0.117 -0.069 9.90 10.33

6 2.26 30.45 2.60 121 9.24 166 1.62 1.51 0.136 -0.068 10.08 10.34

7 2.42 30.92 2.66 146 9.92 168 1.59 1.49 0.137 -0.101 9.27 10.02

LD25: Total toxicity measure, MR: Molar Refractivity, BP: Boiling 
Point. Hvap: Latent enthalpy of vaporization, ….

Dunn et al. 1984
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Basic Formulas 

Mean 
[1,2,3,4,2,0], mean = 12/6 = 2

Standard Deviation
1 2 3 4 2 0
-1 0 1 2 0 -2
1 0 1 4 0 4

Value

Deviation from mean

Squared Deviation

Sum = 0

Variance = [1+ 0+ 1+ 4+ 0+ 4]/6 = 10/6  

Standard Deviation = SQRT( 10/6 ) 
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Basic Formulas

(xi – xM) (xi-xM)
var(x)   =   -------------------------

(n)

(xi – xM) (yi-yM)
Co-var(x,y)   =   ------------------------

(n)

xM = mean of x, yM is the mean of y 

Std. Dev = SQRT [var (x) ]

If you have 3 variables 
(x,y,z), then one can 
calculate all the 
combination of 2 variables

cov(x,x) cov(x,y) cov(x,z)

cov(y,x) cov(y,y) cov(y,z)

Cov(z,x) cov(z,y) cov(z,z)

(xi – xM) (xi-xM)
var(x)   =   -------------------------

(n)

xM = mean of x, yM is the mean of y 

Std. Dev = SQRT [var (x) ]
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Correlation Coefficient

∑ xiyi – nxMym

------------------------------------------------------

(∑ xi
2 – nx2

M) (∑ yi
2 – ny2

M)

I = 1

n

I = 1 I = 1

n n

I = 1

n

I = 1 I = 1

n n

I = 1

n

I = 1 I = 1

n n

xM is the mean of X
Correlation Coefficient is used to 
identify whether any two descriptors 
are related (say 0.9 or greater)

rcor =

x y . . . .

1 3 . . . .

3 4 . . . .

3 2 . . . .

4 8 . . . .

9 8 . . . .

5 7 . . . .
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Correlation Coefficient

Complete Positive Correlation (r= +1)
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ConsiderationsQuality of Y: 

“Strength of a model depends on the quality 
of the dependent variable”

Choice of X:

“Improper choice of independent”

Overfitting:

“With enough parameters, you can correlate 
anything with anything!”

• Ideal ratio:  1 independent variables to 5 
molecules
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CooH

NO2

Electronic Properties
Hammett (Dissociation of 
acids/bases)

CooH Coo-

H+

Coo-

NO2

CooHO2N
Coo-O2N

H+

H+

CooHCH3CH2
Coo-CH3CH2

H+

[C6H5COO-] [H+]

[C6H5COOH]

6.27x10-5

32 x10-5

37 x10-5

4.47 x10-5

Nitro e- withdrawal
Et     e- donating

CH2COOH

Equil
Constant

Ions

CH2COOH

NO2

Ions

CH2COOHNO2

Ions

CH2COOHEt

Ions

5.2x10-5

10.7x10-5

14.1x10-5

4.27x10-5

Similar effect on dissociation of related 
acids/bases



6/19/2006S. Ravichandran,Ph.D., ABCC, 
NCI-Frederick

18

Electronic Properties

Log(K/K0) = ρ log (K’/K’
0)

Log(K/K0) = ρσ

Linear free Energy Relationship

-0.2

-0.1

0

0.1

0.2

0.3

0.4

0.5

-0.2 0 0.2 0.4 0.6 0.8 1

log(K'/Ko')

lo
g(

K
/K

o)

Slope

Log(K/K0) phCooH phCH2CooH

No-sub 0 0

m-NO2 0.709 0.313

p-NO2 0.771 0.433

p-ethyl -0.147 -0.086

ρ : What is the effect of substituents on 
the equilibrium compared to those on 
Benzoic acid equilibirum (ρ = 1)

ρ > 1 more effect (< 1 less effect)

σ (Hammett Substitution Constant)
Positive: Electron Withdrawing
Negative: Electron Donating

QSAR & Drug Design, David R. Bevan, 
Network Science 
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NH3
+

OH

CH2COOH

CH2CH2COO
H

ρ = 2.50  More dissociating effect than Benzoic acid

ρ = 2.23

ρ = 0.49  less effect than Benzoic acid

ρ = 0.21

QSAR & Drug Design, David R. Bevan, 
Network Science 

Sub σm σp

-H 0.0 0.0
-NO2 0.71 0.78
-Cl 0.37 0.23
-OCH3 0.12 -0.27 e- donating para; accep meta 
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Physicochemical Properties: 
Descriptors

Hydrophobicity, 
Electronic & Steric
Quantitative 
description of 
hydrophobicity is 
comparatively easy

Partition 
coefficients (log 
P) or π
(hydrophobic)

Hydrophobic (High P); Hydrophilic (Low P)

Binding of drugs to Serum Albumin  

log(1/c) = 0.75 log P + 2.3 (based on 40      
Compunds)

True for small ranges of P (1-4). 

Why binding of drugs to Serum Albumin is 
important? 

Because this tells us that the amount of 
drug unavailable for receptor binding. 
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Does the log (p) increases infinitively? 

What happens at higher P values? 

Why do we see such as behavior? 

Are there drugs which depend only on log P?

Yes, Anaesthetics which enter cell-
membranes and affect the CNS activity- No 
drug-receptor interactions

Y =   -0.22 (log P)2 + 1.04 log P + 2.16

Gl. Eq. for range of anaesthetic ethers

log (p)

General Equation; 

Y =  (-) k1(log P)2 + k2 log P + k3

Parabolic Curve

Can we extent it for 
any anaesthetics? 

low log(P) High log(P)

Less hydrophobic Poorly soluble   
in aq., trapped 
in fat depots etc
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Descriptors- log (P) 

It has been shown that any compound with a 
log P close to 2 can efficiently enter Central 
Nervous System and act as anesthetic
What would you do if you want your drug 
molecule to get stuck in the CNS? 

R
R = -OMe 2.59

R = S(O)Me 1.17

Same 
Size 
Sub

Cardiotonic agents
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Substituent Hydrophobicity
constant (π)

Log (p) values 
represent the 
hydrophobicity for the 
whole compound. To 
calculate log(p) we 
need to synthesize 
the molecules. 

Is there anyway to 
quantify hydrophobic 
effects of functional 
groups? 

π = log PX – log PH
How hydrophobic a 
group compared to H 

X CH3 t-Bu OH OMe CF3 Cl Br F

πali 0.5 1.68 -1.16 0.47 1.07 0.39 0.60 -0.17

πAr 0.52 1.68 -0.67 -0.02 1.16 0.71 0.86 0.14

πali Aliphatic Compunds
πAr Aromatic Compunds

How does this solve the problem? 

Still the lead compound log P has to be 
determined experimentally. Once it is known 
then the analogues can be calculated using π

Intro. to  Medicinal Chemistry, 
Graham L. Patrick

+ More 
Hydrophobic
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Substituent Hydrophobicity
constant (π) 

2.13                0.71             0.56                3.40 

log(p)              πCl πMe                        log(p)

Log(p) Experimental 
value 3.28

Values are also available 
specifically for meta 
substituents

Hugo Kumbinyi” QSAR Parameters”
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QM descriptors & Steric
Effects

Molar Refractivity (MR): Bulkness of the drug molecule
MR = [(n2 -1)/(n2+2)] (MW/ρ)

n refractive index, MW Molecular Weight, 
ρ Density 

n doesn’t vary from one 
Organic molecule to 
another 

MR         V (bulkness)

Quantum Mechanical Descriptors: HOMO (Ionization 
Potential), LUMO (e- affinity) etc.

Hint about the mechanism
HOMOs are more reactive than LUMO

Steric Descriptors
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Descriptors

Topological: Calculated from 2D structure
Shadow descriptors
Characterize molecule as a single number

Structural Descriptors
# of rotatable bonds, # of chiral centers 
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Concepts of  QSAR

Hugo Kubinyi, Encyclopedia of 
Computational Chemistry

•QSAR models are free-energy related, 
ΔG0 = -2.303 RT log K = log 1/[S]

•Additivity of substituent group 
contributions to biological activity follows 
from many applications of Hansch
analysis

•Activity is usually expressed in log[C] or 
log1/C. Why? 

•Biological data is often found to be 
skewed, log transformation makes 
the data to a normal distribution. 
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QSAR Equation: Hansch & 
Fujita Equation/Free-Wilson

Relation of biological activity to more than 
one parameter
log(1/C) = 1.22 π - 1.59σ + 7.89

π, Hydrophobic σ Electronic factor

CH-CH2-NRR’

X

YAdrenergic blocking activity of 
β-halo-arylamines

Log(1/C) increases if the substituents
has + π value and –σ value 
(Hydrophobic & Electron donating)

C. Hansch and T. Fujita, J. Am. Chem. Soc., 1964, 86, 1616

S.M. Free, Jr. and J.W. Wilson, J. Med. Chem, 1964, 7, 395

Other models include Free-Wilson, Combined model (Hansch and 
Free-wilson)

π = log(Px/PH)
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Principal Components 
Analysis 

Case ht.(x1) Wt(x2) Age(x3) Sbp(x4) Heart 
rate (x5)

1 153 160 22 113 69

2 181 120 38 128 76

n 198 200 62 145 59

Height (ht) and Weight 
(wt.) could be related 

Heart Rate and 
Systolic Blood 
Pressure (sbp) could 
be again related. 

We can form two new 
variables (PC1, PC2),
components

PC1 = k1x1 + k2 x2

PC2 = k3x3 + k4 x4

5 variables are reduced (projected) to 2 (PC1 
and PC2) without loss of information

Another Example: 3D real object  pictured as 2D 
objects. Reduction in dimensionality

Based on the lecture Multivariate Statistics, 
Manchester Metropolitan University 
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Principal Components Analysis 
(PCA)

Data Reduction Technique
It is not a regression method
Removes redundancies between descriptors

• Correlation matrix 
It will not change the spatial orientation of 
the points, with reference to each other

What is PCA? 
Linear combination of original descriptors 
explaining the maximum variance
PC’s are orthogonal to each other

Pearson (1901) Hotelling
(1933)
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PCA

PC1 = a1,1x1 + a1,2x2 +……a1,nxn
PC2 = a2,1x1 + a2,2x2 +……a2,nxn
PC3 = a3,1x1 + a3,2x2 +……a3,nxn

Linear combination of original 
descriptors. 
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An example of PCA 
Based on the Dept. of 
Biological Sciences, 
Manchester 
Metropolitan University

Linear 
positive 
relationship

Move the 
origin and 
rotate the 
axes
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Clustering Algorithms

Why Clustering?
To select meaningful subset of descriptors 
(Chemical Diversity)

• There are more than 1010 ways to select 10 
compounds out of 50

PCA, Cluster analysis are called 
Unsupervised Learning techniques

Do not use of a dependent variable
Regression methods are called Supervised 
Learning techniques

Deducing an algorithm relating indep/dep
variables



6/19/2006S. Ravichandran,Ph.D., ABCC, 
NCI-Frederick

34

Simple Linear Regression

Y = k1x + k2 

k1 and k2 are constants

Idea is to see whether 
there is any 
relationship between x 
& y

In reality we can 
synthesize a series of 
compounds which can 
affect only Log (p)

Activity expressed as 1/C
C = concentration of a drug
molecule required to 
produce expected level of 
biological activity
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Simple Linear Regression

• Assumes data is linear

• one equation for each 
descriptors (independent 
variable)

•Multiple descriptor interaction 
is ignored
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Regression Methods

Under-Determined: MR, linear
Suitable for # molecules >> 
Descriptors

Over-Determined: PCR, PLS, GA
Descriptors >> # molecules

• Correlated descriptors
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R-squared (r2)---Quality of Fit
Is the correlation coefficient
Goodness of a fit

∑ (Yobs – Ypred)2

r2 = 1 -
∑(Yobs – Ymean)2   

= 1 perfect fit
= >= 0.95 good model
= <= 0.70 Poor model

Statistical Analysis 
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x1 y1 x2 y2 x3 y3 x4 y4
10 8.04 10 9.14 10 7.46 8 6.58
8 6.95 8 8.14 8 6.77 8 5.76

13 7.58 13 8.74 13 12.74 8 7.71
9 8.81 9 8.77 9 7.11 8 8.84

11 8.33 11 9.26 11 7.81 8 8.47
14 9.96 14 8.1 14 8.84 8 7.04
6 7.24 6 6.13 6 6.08 8 5.25
4 4.26 4 3.1 4 5.39 19 12.5

12 10.84 12 9.13 12 8.15 8 5.56
7 4.82 7 7.26 7 6.42 8 7.91
5 5.68 5 4.74 5 5.73 8 6.89

Anscombe, F.J. Graphics in 
Statistical Analysis, Amr. 
Stat., 27, 17-21 (1973)

R-Squared

R2 = 0.67, std. dev=1.24
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Chart Title

y = 0.5x + 3.0009
R2 = 0.6662
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Same R2 = 0.66 and S = 1.24

Anscombe, F.J. Graphics in 
Statistical Analysis, Amr. 
Stat., 27, 17-21 (1973)
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r (correlation coefficient)
Gives the direction (sign) and degree 
(magnitude) of a correlation between two 
variables

R2 Multiple correlation coefficient
A measure of how closely a regression 
model fits a data set

F statistic
A measure of the overall significance of a 
regression model

t statistic
A measure of the significance of individuval
terms in a  regression equation

Data Analysis for Chemists, David Livingston, Oxford University Press (1995)
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Statistical Analysis

Multiple Linear Regression:
Tries to fit data to a multidimensional 
surface
Need 5 times as many molecules as 
independent variable to get reliable 
results

Multiple Linear Regression: 

Y = ax1 + bx2 + ……+ constant
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Which descriptors to use in 
QSAR 

F-Value: Tells us how significant a variable 
is-It also controls when a variable will be 
added or removed from the QSAR equation.
Forward-Stepping and Reverse-Stepping
can help in the choice of the descriptors

Starts with one var making large contribution 
(based on t stastics)

Reverse-Stepping regression starts with a 
QSAR equation using all descriptors. The 
variables are dropped one by one until the 
calculation is complete
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Genetic Algorithm
Effective in screening large sample 
space

QSAR equation will be provided in 
more than one models

Simple Genetic Algorithm Outline
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Cross-Validation
Used to check the quality of a 
regression model (also called Jack-
knifing)
Repeats the regression many times 
on subsets of data

Procedure:
• Typically starts by leaving one molecule 

out from the set
• Build QSAR with the remaining set
• Predict the activity of the left-out molecule
• Repeat the procedure for all the 

molecules in the set
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Cross-Validation

Leave-One-Out (LOO) 
or Leave-N-Out

PRESS = ∑(Yi –YPred)2

PRESS
xv-r2 = 1 -

∑(Yobs – Ymean)2 

xv-r2 =1 Perfect model
0.4 < xv-r2 < 1 Predictive Model
0.0 < xv-r2 < 0.4 Poor Model

PREicted Sum of  Squares(PRESS)
∑(Yi –YPred)2

Yi is the actual value and Ypred is the
predicted value for the case where Yi 

was not included (n-1) case
Good Model has low PRESS values
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Statistical Analysis
Outliers: Residual values greater than 
2 times the S.D. of the residuals 
generated in the validation procedure

(xi – xM) (xi-xM)
var(x)   =   -------------------------

(n)

xM = mean of x, yM is the mean of y 

Std. Dev = SQRT [var (x) ]

y = 0.4957x + 3.0825
R2 = 0.6639

0

2

4

6

8

10

12

14

0 5 10 15 20

x4

y4
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1-(-X-phenyl)-3,3-dialkyl triazenes
Anti-tumor activity

• Also has mutagenic activity

Mutagenic activity was used to build QSAR
Log(1/C) = 1.09 log P – 1.63 σ+ + 3.06

• Lipophilicity and electron donating substituents favor Mutagenicity

Anti-tumor activity was done
Log(1/C) = 0.1 logP - 0.042 (logP)2- 0.31σ+ - 0.18MR + 0.39ESR + 4.12

CH3
N=N-N

R
X

σ+: 
Electronic 
Descriptor 
through 
resonance

Molar Conc of 
the cpd
producing 
40% increase 
in the life 
span of the 
mice

Steric Factor

Mutagenicity
is more 
sensitive 
than anti-
tumor 
behavior

4-X (sub) Mutagenicity Antitumor

-H 5.75 3.58

-SO2HN2 3.14 3.48

Sulfonamide
anti-tumor red 1.2 fold
mutagen decre 400 
fold
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QSAR

QSAR models help relate variations in activity to 
variations in the properties of compounds (series)
Additivity of group contributions of the parent 
molecule and of the individual groups to the 
activities of different analogs is the basic 
assumption
IC50, EC50 data has to be transformed to log scale 
before any further calculation
Good quality data (less error bars etc.)
Multiple Regression requires more compounds than 
parameters
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QSAR by example

The example is chosen to show the 
general approach. In real life, you 
will have many compounds and 

many descriptors
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QSAR by example

# Cmpd X EC50(µM)
1 6a H 11.8±1.9
2 6b Cl 1.24±0.11
3 6d NO2 4.58±0.29
4 6e CN 26.5±5.87
5 6f C6H5 0.24±0.3
6 6g N(Me)2 4.39±0.67
7 6h I 0.35±0.05
8 6i NHCHO ??

Analogs of Capsaicin & activity tested in 
vitro assay by measuring Ca2+ influx into 
dorsal root ganglia neurons

J. Med. Chem. 36, 2381 (1993) Christopher et al

Most Active
Can 7.24 be the guess for 6i?

EC50: Molar concentration of an agonist which 

produces 50% of the max. possible response

<> = 7.24
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QSAR by example

How accurate is the binding data?
Smaller error bars

What properties affect the activity?

What method to develop the QSAR 
equations ?

Validate the QSAR equations?
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QSAR by example
EC50  values cannot be used as such in QSAR 
(why? Because QSAR is based on free-energy 
relationships)

• ΔG0 = -2.3 RT logK = log 1/[S] (ΔG0 can be found 
proportional to log[1/ EC50]

EC50 are transformed to log[EC50]
This transformation also helps us in getting back 
the normal distribution (another assumption of 
regression analysis)

Note the transformed data gets uniformly 
distributed
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QSAR by example: Data Transformation

# Cmpd X Y=EC50(µM) Log(y) Log(1/y)
1 6a H 11.8±1.9

1.24±0.11

4.58±0.29

26.5±5.87

0.24±0.3

4.39±0.67

0.35±0.05

?? ±??

-1.07

2 6b Cl

1.07

0.09

0.66

1.42

-0.62

0.64

-0.46

-0.09

3 6d NO2 -0.66

4 6e CN -1.42

5 6f C6H5 -0.62

6 6g N(Me)2 -0.64

7 6h I 0.46

8 6i NHCHO ?? ??

One can guess the activity for 6i as 0.40 <> of the set

Uniform Distribution of data
Std. Dev. Is error associated with 
the prediction

SD 0.76, Average 0.40

Capsaicin Analogs Transformed Data

-0.63

-0.13

0.37

0.87

1.37

0 2 4 6 8

Compounds

Lo
g 

EC
50
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QSAR by example
In real situations, we will have more compounds 
& Descriptors
What is the relation between the descriptor and 
activity? 

Why do we care? 
• If the association is strong, then the chances of activity 

prediction is highly probable. 
• What happens if the descriptor do not show any 

variation? 
Also relevant descriptors have to be chosen

If there reactivity increases with bulky substituents, 
it is imperative to include descriptors such as MR 
etc.



6/19/2006S. Ravichandran,Ph.D., ABCC, 
NCI-Frederick

55

QSAR by Example

Amide Bond

Aromatic Ring

Sandoz et al based on available results assumed that a small 
hydrophobic substituent would increase activity (ie.)
Ideal choice would be π (hydrophobic) and Size (MR)

Hydrophobic
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QSAR by example
Cmp
d

X Log(EC50) π

1

2

3

4

5

6

7

1.07

8

0.09

0.00

0.71

-0.28

-0.57

1.96

0.18

1.12

0.66

1.42

-0.62

0,64

-0.46

????

MR

6a H 1.03

6b Cl 6.03

6d NO2 7.36

6e CN 6.33

6f C6H5 25.36

6g N(Me)2 15.55

6h I 13.94

6i NHCHO ??

How π and MR related to 
Activity?

Based on the linear relationships a
model was proposed

Log EC50 = 0.764 – (0.817) π
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QSAR by Example: How good is 
Model 1?

Cmpd X Log(EC50) π Log(EC50)Calc Residual

1 0.79

0.21

1.02

1.26

-0.81

0.65

-0.12

1.60

2

0.28

-0.12

-0.36

0.16

0.19

-0.01

-0.34

3

4

5

6

7

8 ??

0.00

0.71

-0.28

-0.57

1.96

0.18

1.12

??

1.07

0.09

0.66

1.42

-0.62

0,64

-0.46

??

6a H

6b Cl

6d NO2

6e CN

6f C6H5

6g N(Me)2

6h I

6i NHCHO

How to 
quantify 
the error?

(S.D)2 = (S)2 =  [0.282 + (-0.12)2 + ……(-0.34)2 ]/(7-2)  and S = sqrt [S2] = 0.28

Is this model 
a improved 
one? 

Yes, because 
the S.D is less 
than previous

0.28 < 0.76
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QSAR by example
Calculated r2 value is 0.89  
(regression variance/original variance)

One can also calculate F-
ratio 

F1,n = (n-2) [r2/(1-r2)] = 40.46
One can also form another 
model by including MR 
Log EC50 = 0.762 – (0.819)π + (0.011) 

MR   
(obtained by Multiple Regression) 

Note: MR coefficient is negligible that shows 
probably steric bulk is not an important 
factor in determining the activity-
Positive correlation to hydrophobicity



6/19/2006S. Ravichandran,Ph.D., ABCC, 
NCI-Frederick

59

Basic Books/Articles 

Molecular Modelling: Principles and Applications, 2nd

Edition, Andrew R. Leach
Hugo Kumbinyi, QSAR in drug design, Encyclopedia 
of Computational Chemistry, 5 Volume Set by Paul 
Von R. Schleyer (Editor), Paul Von Rague Schleyer
An introduction of QSAR Methodology, Allen B. 
Richon and Stanley S. Young, Network Science (1997)
Data Analysis for Chemists, David Livingston, Oxford 
University Press (1995)
Cheminformatics: A textbook, Edited by Johann 
Gasteiger and Thomas Engel, Wiley-Vch (2003)
QSAR and Drug Design, D.R. Bevan, Network Science

http://www.amazon.com/exec/obidos/search-handle-url/index=books&field-author=Schleyer%2C Paul Von R./102-7165559-1992929
http://www.amazon.com/exec/obidos/search-handle-url/index=books&field-author=Schleyer%2C Paul Von R./102-7165559-1992929
http://www.amazon.com/exec/obidos/search-handle-url/index=books&field-author=Schleyer%2C Paul Von R./102-7165559-1992929
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Books/Articles

Computer Software Applications in 
Chemistry, Peter C. Jurs II Edition, 
1996
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