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Quantum Chemical Topology*

• Chemical insight can be gained from ab initio
wave functions.

• The electron density “ρ” is a source of
information.

• The theory forms a bridge between quantum
mechanics and working chemical concepts
• chemical bonding, bioisosterism and force field

design

* Popelier, P. L. A, Atoms in Molecules. An Introduction.  Pearson Education: London, 2000.



Partitioning the Electron Density

• Gradient vector field
superimposed on a
contour map of ρ in the
symmetry plane of furan

Contour line

Gradient vector path



Partitioning the Electron Density

• A collection of gradient
paths that terminate at the
Bond Critical Point (BCP)
defines the interatomic
surface.





The Bond Critical Point

• A BCP forms when the gradient paths terminate in space between two 

bonded nuclei ( ρ = 0)

• The BCP is the point where ρ reaches a maximum on the IAS but is a 

minimum in all other directions.

• Properties calculated at BCPs include:

• ρb (bond order)

• Laplacian of “ 2
b” (ionicity)

• Ellipticity:  b = 1 / 2 –1  ( -character)

• Two types of kinetic energy K(r) and G(r)

• Re

• BCP properties are QCT descriptors



• PLS (SIMCA-P+)

• SVM (R)

• RBFNN (MATLAB)
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*O’Brien, S. E.; Popelier, P. L. A., JCICS, 2001, 41, 764.



Statistics



Predicting pKa

• Why?

• Chemical and biological processes (ADMET)

• Established experimental techniques, but no 

compound required

• Current methods 



Using QCT Descriptors

• 228 carboxylic acids of pharmaceutical relevance*.

• aliphatic and benzoic acids.

• 5 levels of theory:
• A = AM1

• B = HF/3-21G(d)

• C = HF/6-31G(d)

• D = B3LYP/6-31+G(d,p) 

• E = B3LYP/6-311+G(2d,p)

• 7 descriptors for each BCP 
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* Tehan et al., QSAR, 2001, 21, 457



Results

• Compare PLS, SVM and RBFNN as learning methods.

• Validate using 4-, 7-, and 10-fold cross validation.

• Selection of validation groups based on random and

systematic sampling.

• Comparison of HF/6-31G(d) (level C) and B3LYP/6-

311+G(2d,p) (level E).
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Averaged Results

SVM better

Level C 

(HF/6-31G(d))

better



• Improved models were generated when the dataset was split.

• RMSE < 0.5

• SVM generally provides the best model.

• The models are statistically robust using both random and 
systematic sampling methods to select the CV groups.

• There is little different between the statistics for level C and E 
• level C should be used when considering the large increase in CPU 

times associated with level E 

Results



Comparison to Other Tools

• Based on the LOO using the RMSE.

• Compared to ACD/Labs, VCCLAB, SPARC and 

ChemAxon.

• Using the SVM models at HF/3-21G(d) and 

B3LYP/6-311+G(2d,p).
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Conclusions

• Robust models have been created for the largest set of 

molecules studied using QTMS.

• SVM generally proved to be the best learning method.

• The predictions are comparable to pKa tools frequently 

being used. 

• Harding et al., J. Chem. Inf. Model, 2009, 49, 1914.



Using a Single Bond Length 

• Focus

• Accuracy (<0.5 pKa units)

• Low level of theory (HF/6-31G(d))

• Simplicity

• Interpretation

• Previous work

• bromo-, chloro-, fluorophenols

• Mono-substituted Carboxylic acids

• All use an ammonia probe 



Example - Phenols



Phenols r(C-O)



High-correlation subsets



Ortho-Halogen Phenols High-

Correlation Subset



Outliers



High-Correlation Subsets

• Phenols
• ortho-phenols

• o-nitro

• o-halogen

• o-alkyl

• o-methoxy/ethoxy

• o-IHB 

• meta/para-phenols
• Already high quality model and no significant 

improvement

• Carboxylic acids

• Anilines



Equations



Conclusions

• Single-bond-length models comparable or superior to

all-bond-length models

• High-correlation subset exposes outliers

• Unexpected bond length may deliver best model

• RMSEE <0.5 for all models

• Harding and Popelier, PCCP, 

DOI: 10.1039/C1CP20379G (Part 2)

• Harding and Popelier, PCCP, 

DOI: 10.1039/C1CP20380K (Part 3)
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