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Abstract

In this work, an accurate and reliable QSAR model of 85 selective ligands for the thyroid hormone receptor beta 1 (TRB1) was

d, based on th tical molecular descriptors to predict

the binding affinity of compounds with receptor. The structural characterlstlcs of compounds were described wholly by a large amount of molecular structural descriptors calculated by

DRAGON. Six most relevant structural descriptors to the
fully accessed by various validation methods, including internal and external

y were

d as the inputs of QSAR model by a robust optimization algorithm Genetic Algorithm. The built model was

Y-r 1 test,

bility domain and all the validations indicates that the QSAR

model we proposed is robust and satisfactory. Thus, the built QSAR model can be used to fast and accurately predict the binding affinity of compounds (in the defined applicability domain) to
TR. At the same time, the model proposed could also identify and provide some insight into what structural features are related to the biological activity of these compounds and provide some

instruction for further d

ing the

new

ligands for TRB1 with high activity.

Data set: The affinity data of 85 ligands to B 1 isoform of the human thyroid hormone receptor
(TRB1) , taken from five references in terms of IC50 [1-4] or Ki [5] values and converted to —logICs,
were used. The involved compounds mainly included the following chemical classes:
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Methodology

Molecular Descriptors: The molecular descriptors were calculated by the
software DRAGON [6] . The descriptors typology is: OD: Constitutional
descriptors; 1D: Empirical, Functional groups, Properties, Atom-centred
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fr descriptors; 2D: Autocorrelations, Topological, Molecular walk
counts, Galvez topological charge indices, BCUT descriptors; 3D:
Geometrical, Randic molecular profiles, WHIM, GETAWAY.

Descriptor Selection and Construction of Models: Genetic Algorithm [7],
as a powerful optimization method, was used for variable selection. To make the
chemists’ job easier, the models were built using the simple Multiple Linear
Regression method.

Validation and evaluation of Models: The robustness of the models and
their internal p! ive ability were | d by both Q2 based on leave-one-
out cross-validation and bootstrap. The proposed models were also checked for
reliability and robustness by permutation testing: new models were
recalculated for randomly reordered response (Y scrambling). The external

were performed both by splitting the original data set into training

set.

set and p

Results and Discussion

The MLR model between the structural descriptors
and the pIC50 of the compounds in the training set

MDS map for the training set and prediction
set split by SOM neural network
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From the above results, both for the training set and external prediction set, it can be seen the model we suggest matches the high quality parameters
not only with good fitting power, but mainly with high capability of assessing external data.

In order to ensure that the results were not conditioned by the data distribution in descriptor space, the built model was also validated by t

selected from random method and activity sampling.

Splitting Training set Prediction set

method R m RMSE Ripred Q=a RMSE

SOM 0.550 0.730 0711 0.702 I][>
Randomness 0.600 0808 0790 0554

The satisfactory results

ning and prediction set

proved that the built
model was not
conditioned by the data
distribution in structural
space, as well as its

robustness and reliability.
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Conclusion

© The built QSAR model was accessed comprehensively (internal and
external validation) and all the validations indicates that it is robust
and satisfactory, and that the selected descriptors can account for the
structural features responsible for the binding affinity of compounds
to TR ,as well as GA is an effective method to select descriptors.

© By interpreting the molecular descriptors in the regression model,
we can conclude that the activity of the studied compounds mainly
depends on molecular polarity, size, shape and nucleophilicity.

© The QSAR model developed in this study can provide a useful tool
to predict the activity of the new compounds and also to design new
compounds with high activity.




