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Design and development of new anticancer drugs with low toxicity is a very challenging task and 
computer aided methods are being increasingly used to solve this problem. In this study, we 
investigated the anticancer activity of aliphatic nitrosoureas using quantum chemical quantitative 
structure activity relation (QSAR) approach. In this method, the physic-chemical properties, known as 
descriptors, necessary for predicting quantitative structure activity relations was obtained from semi 
empirical quantum chemical methods. We used Recife Model 1 to optimize the structure of the 
molecules and to calculate the quantum chemical descriptors, while heuristic and best multilinear 
regression methods were applied to obtain the best correlation. Two data sets containing aliphatic 
nitrosoureas and chloroethyl substituted nitrosoureas were used in the present calculations. The QSAR 
equations obtained here can be used to design new anticancer drugs prior to resorting to experimental 
activity studies. 
 
Key words: Quantitative structure activity relationship (QSAR), best multi linear regression (BMLR), quantum 
chemical method, Recife Model 1 (RM1). 

 
 
INTRODUCTION  
 
Nitrosoureas play an important role in the treatment of 
cancer (Gnewuch and Sosnovsky, 1997). Even though 
some nitrosoureas have been used in chemotherapy for 
treating leukemia, most of them are still not effective 
against solid tumor (Hansch, 1979). Hence a systematic 
study of the correlation between biological activity and 
the structure of nitrosoureas will lead to the design and 
synthesis of more bioactive nitrosoureas. In the conven-
tional quantitative structure relation (QSAR) analysis, as 
initially proposed by Hansch and Fujita (Hanch et al., 
1980), the correlation between the bioactivity and some 
physicochemical property of the chemical compound is 
represented by a mathematical equation. This QSAR 
allows the scientist to target new compounds with improv- 
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ed activity and the number of novel compounds that have 
to be synthesized. Thus, numbers of experimental tests 
needed for testing new compounds are reduced dras-
tically. Additionally, if a newly discovered analogue does 
not fit the proposed QSAR equation, it explains that some 
other feature is important and provides a hint for further 
development (Patrick, 2005). In this work, we applied 
quantum chemical methods to calculate the various 
electronic and structural parameters and related these 
parameters to the bioactivity of the nitrosoureas.  
 
 
MATERIALS AND METHODS 
 
A series of nitrosoureas with known activity against L1210 leukemia 
cell lines were selected from the literature (Yaujihara et al., 1981; 
Johnston et al., 1963; Schmid et al., 1986; Schabel et al., 1963). 
The general structure of nitrosoureas is shown in Figure 1.  

The biological activities of these compounds have been  express- 
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ed as percentage of increase in life span (%ILS). On the basis of 
the structural similarity, the selected nitorosureas are grouped into 
two sets, as given in Tables 1 and 2. The three dimensional (3D) 
structures of these compounds were drawn using ACD/ 
ChemSketch software and their initial geometry is optimized using 
molecular mechanics methods. The optimized 3D structures are 
then used for self-consistent field (SCF) calculation using MOPAC 
6.0 (Stewart and Frank, 1990) using RM1 semi empirical quantum 
chemical method (Rocha et al., 2006). The optimized geometries 
are checked with the known structural information available. The 
electronic structural data produced by this quantum chemical 
approach is used by CODESSA program (Katrizky et al., 1995) to 
calculate conventional, topological, geometrical, electrostatic, 
quantum-chemical and thermodynamic descriptors. These descrip-
tors are further analyzed for linear dependence.  

Statistical methods were applied to develop the best QSAR 
model and to select or reduce the number of descriptors. The Heuri-
stic method and the best multi linear regression (BMLR) method 
(Katrizky et al., 1995) are used to obtain the QSAR equation. 

Heuristic method is used to identify descriptors with bad or 
missing values, insignificant and highly inter correlated descriptors. 
All descriptors are checked to ensure that values of each descriptor 
are available for each structure and that there is a variation in these 
values. Descriptors for which values are not available for every 
structure in the data in question are discarded. Descriptors having a 
constant value for all structures in the data set are also discarded. 
This information will reduce the number of descriptors involved to 
develop the best QSAR model. The statistical parameters such as 
regression or correlation coefficient (R), standard deviation (s) and 
F values are calculated for the QSARs obtained. 

After developing the QSAR model or the correlation equation, it is 
necessary to analyze the model. There are several methods that 
can be used to analyze and improve the model. If there is a big 
number of descriptor, may be one or two of them are inter-
correlated. The correlations were improved and new descriptors 
were constructed if the QSAR models are not fulfilling the 
satisfaction. The best QSAR model is the correlation model with the 
optimum values of statistical criteria which are highest values of 
regression correlation coefficient R2, the cross validated Rcv

2 and 
the F value. Several criteria can be used to choose the best QSAR 
model. When adding additional descriptors to improve the quality of 
the QSAR, the model corresponding to the break point is 
considered to be the optimum model. The break point is the point 
where the statistical improvement in the R2 value after the addition 
of new descriptor to the QSAR equation, drops below 0.02 after this 
point (Katrizky et al., 2004). 
 
 
RESULTS AND DISCUSSION 
 
QSAR-data set 1 
 
The best nonlinear four descriptor for aliphatic nitro-
soureas set was selected, and the fitted parameters with 
their statistical errors are given in Table 3.  The QSAR 
with these parameters can be written as:  
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It can be seen that Equation (1) describes the role of 
molecular topology and electrostatic interactions on the 
anti-cancer activity of nitorosoureas. In this equation, 
fractional  negatively  charged   surface   area   of   type 3   
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Figure 1. Molecular structure of nitrosoureas, where R1, R2 and R3 
are different substituent groups including hydrogen atoms. 
 
 
 
(FNSA3) is calculated as the ratio of PNSA3 and TMSA, 
where PNSA3 refers to the partial negative surface area 
weighted by atomic charge and TMSA refer to the total 
molecular surface area (Stanton, 1990; Stanton et al., 
1992). Topographic electronic index for all bonded and 
non-bonded pairs of atoms T1

E (Osmialowski et al., 1986) 
is calculated as:  
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Where, qi is a partial charge on the i-th atom and rij is a 
distance between i-th and j-th atoms.  
The average information content of order 2, KIC, 
(Bonchev, 1983) is defined as:  
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Where, ni is the number of atoms in the i-th class and n is 
the total number of atoms in the molecule. Randic index 
and Kier shape index were calculated using the formula 
given by Bingham et al. (1975) and Kier (1990). 

It is observed that Kier shape index and the cross 
product of FNSA-3 Fractional PNSA (PNSA-3/TMSA) and 
topological electronic index contribute positively to the 
obtained model while, the rest contribute negatively to the 
QSAR model. It shows that increasing the information 
content and Randic index, as well as decreasing the 
FNSA-3 topological electronic index and Kier shape index 
will increase the value of %ILS. A comparison of calcu-
lated and predicted values of %ILS using Equation 1 is 
shown in Figure 2. 
 
 
QSAR-data set 2 
 
The parameters for the best regression obtained for 
chloroethyl substituted nitrosoureas set are shown in 
Table 4. The QSAR for the chloroethyl substituted nitro-
soureas set is given as follows:  
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Table 1. %ILS values for the selected aliphatic nitrosoureas of the type R1-NH-CO-N(NO)-R2. 
 

S/N R1 R2 %ILS# 
1 H CH3

 109 
2 H ClCH2CH2

 131 
3 H CH3CH2 34 
4 H CH3CH2 CH2 30 
5 H CH2=CH CH2 32 
6 H CH3(CH2)3 29 
7 CH3 CH3 61 
8 ClCH2CH2 CH3 46 
9 ClCH2CH2 ClCH2CH2 184 

10 FCH2CH2 ClCH2CH2 500 
11 (CH3)3 CCH2 ClCH2CH2 275 
12 CH3CH2OCOCH2 ClCH2CH2 26 
13 NCCH2CH2 NCCH2CH2 53 
14 NCCH2CH2 ClCH2CH2 40 
15 CH3COCH2 ClCH2CH2 186 
16 (CH3)2N ClCH2CH2 129 
17 CH3NCHO ClCH2CH2 226 
18 CH3NCOCH3 ClCH2CH2 229 

 
#ILS values taken from Johnston et al., 1963, Schmid et al., 1986 and Schabel et al., 1963. 

 
 
 

Table 2. %ILS values for the selected chloroethyl substituted nitrosoureas of the type R1-R3N-CO-N(NO)-
CH2CH2CL. 
 

S/N R1 R3 %ILS# 
1 CH3 CH3 249 
2 CH3 CH3(CH2)3 421 
3 CH2=CHCH2 CH2=CH CH2 103 
4 H CH2CH2COCH2CH2 623 
5 CH3 HOCH2CH2 140 
6 CH3 HOCH2(CHOH)CH2 433 
7 CH3 HOCH2(CHOH)4CH2 84 
8 CH3CH2C H2 HOCH2(CHOH)CH2 231 
9 CH3(CH2)3 HOCH2(CHOH)CH2 278 

10 CH3(CH2)3 HOCH2(CHOH)4CH2 143 
11 HOCH2CH2 HOCH2CH2 688 

 
#ILS values taken from Taujihara et al., 1981. 

 
 
 

Table 3. The parameters for best nonlinear four descriptor QSAR for aliphatic nitrosoureas set (R2 = 0.9642, F = 87.59, 
S2 = 0.0077, R2

CV = 0.9178). 
 

S/N X ±�X t-test Descriptor 
0 -8.64e-01 1.37e-01 -6.3249 Intercept 
     

1 6.35e+01 4.63e+00 13.7136 
FNSA3 Fractional PNSA 
(PNSA3/TMSA) x Topological 
electronic index (ft) 

     

2 -1.21e+00 1.23e-01 -9.8519 
FNSA3 Fractional PNSA 
(PNSA3/TMSA) x Information 
content (fi) 
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Table 3. Contd. 
 

     

3 -5.75e-01 8.05e-02 -7.1429 
Randic index  
(order 2) (2X)  

     

4 2.14e-01 4.38e-02 4.8879 
Kier shape index  
order 1)(1

�) 
 
 
 

 
 
Figure 2. Calculated versus experimental activity according to the best nonlinear four 
parameters correlation Equation (1) for aliphatic nitrosoureas set. 

 
 
 

Table 4. The best three descriptor QSAR for chloroethyl substituted nitrosoureas set-2 (R2 = 0.9637, F = 61.93, S2 = 0.0050, 
R2

CV = 0.9178). 
  

S/N X ±�X t-test Descriptor 
0 4.52e+01 6.18e+00 7.3174 Intercept 

1 3.59e+00 8.47e-01 4.2395 ZX Shadow/ZX Rectangle ( r
kS ) 

2 -7.77e+00 6.97e-01 -11.1474 Min total interaction for a C-H bond (Etot) 
3 4.37e+00 9.59e-01 4.5606 Min resonance energy for a C-H bond (ER) 

 
 
 

Figure 3 shows the correlation between calculated 
activity and experimental activity according to the best 
nonlinear four parameters correlation in Equation (2) for 
chloroethyl substituted nitrosoureas set.  

The descriptors involved in QSAR for chloroethyl sub-
stituted nitrosoureas in Equation (2), are ZX shadow/ZX 
rectangle (Sk

r), minimum total interaction for a C-H bond 
(Etot) and minimum resonance energy for a C-H bond 
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Figure 3. Calculated versus experimental activity according to the best three 
parameters correlation for chloroethyl substituted nitrosoureas. 

 
 
 
(ER). The descriptor Sk

r, is the area of the shadow of the 
molecule on the XZ plane divided by the area of the 
maximum rectangle covered by this area (Rohrbaugh and 
Jurs, 1987). Hence, this descriptor explains the influence 
of the size and shape of the molecule on the anti-cancer 
activity of these nitrosoureas. The minimum total interac-
tion energy for a C-H bond (Etot) and minimum resonance 
energy for a C-H bond (ER) have related conformation 
changes in the molecules (Strouf, 1986). Hence, the 
QSAR Equation (2) provides a measure of the influence 
of the changes in the size, shape and conformation on 
the anticancer activity of the nitrosoureas investigated 
here.  
 
 
Conclusion 
 
The quantum chemical approach together with statistical 
analysis was used to establish quantitative relationship 
between structure and bioactivity. The topological, shape, 
size and conformation dependent descriptors are found 
to play a significant role in influencing the anti-cancer 
activities of the nitrosoureas. These QSARs can be used 
to predict the %ILS activity of new compounds. The 
implementation of quantum chemical method in QSAR 

approaches in this project circumvents experimental 
measurement of physicochemical properties required in 
traditional QSAR analysis, thereby reducing the efforts 
necessary to develop new bioactive nitrosoureas. 
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