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1H NMR spectroscopy
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How to predict chemical shifts ?1



Prediction using “increments”

Substituent R Z gem Z cis Z trans

-H 0 0 0
-alkyl 0.45 -0.22 -0.28

-F 1.54 -0.4 -1.02

-Cl 1.08 0.18 0.13
-COOR isolated 0.8 1.18 0.55

δC=CH = 5.25 + Zgem + Zcis + Ztrans

δC=CH = 5.25 + 0.45 + 1.18 + 0 = 6.88

δC=CH = 5.25 + 0.8 - 0.22 + 0 = 5.83 O

OH

H

Pretsch, “Spectral data for Structure determination or Organic compounds”, 1989



Neural Network

...

Proton descriptors

Chemical Shift



HOSE code

H3C O
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δ = 1.19+2.03+2.23
3

= 1.81

δ = 2.03+2.23
2

= 2.13

δ = 2.03



But …

All those methods rely on assigned NMR spectra



Let’s skip the human …

Creating a NMR chemical shifts predictor without chemical shifts !?2



1. Creating a dataset: molfile / spectrum

2341 molecules / NMR spectra



2. Number and kind of hydrogens

a
bb
cc

d3



3. Unambiguous number of protons



Demo



3. Peak picking and automatic integration

• Integration of the zones


• Removal of the NMR solvent



Demo



4. Assign non ambiguous protons

… and create corresponding HOSE codes



The results 3



Analysis of the 2341 molecule / spectra set
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Sources of error
Ask Ernö is particularly prone to errors when working 
with structures underrepresented in the training set. For 
instance, consider a prediction based on a small fragment 
that is present in numerous molecules of the training set. 
Since this small fragment is unable to properly account 
for all relevant interactions, it is associated with a broad 
range of chemical shifts and the uncertainty of the pre-
diction is very high. Although such fragments are only 
used until a bigger match is found, no better match will 
ever be found for underrepresented fragments. In other 
words, Ask Ernö can’t learn to correctly predict spin sys-
tems that are not properly represented in the training 

set. The situation just described is reflected in the large 
lines of vertically aligned points, observed in Fig. 6. Most 
mistakes are located along these vertical series of points, 
proving that this was the main source of error in the test.

Other recurring mistakes can be related to underrep-
resented structures. For instance, the biggest errors for 
predictions based on 4-spheres (see Fig. 6, bottom) arose 
when the query returned a single matching fragment. In 
these cases the maximum uncertainty (20 ppm) given by 
the assigner to predictions based in less than 3 fragments 
allows for the propagation of an error that in principle 
should be rectified by new observations, but remains due 
to lack of the necessary data.
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Fig. 3 Correlation between observed and predicted chemical shift values for the test molecules at each iteration of the training loop

Test set of 298 molecules 

HOSE 3 : 62 
HOSE 4 : 254 
HOSE 5 : 461



Using what we learned
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Fig. 3 Correlation between observed and predicted chemical shift values for the test molecules at each iteration of the training loop

9 iterations further …
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resented structures. For instance, the biggest errors for 
predictions based on 4-spheres (see Fig. 6, bottom) arose 
when the query returned a single matching fragment. In 
these cases the maximum uncertainty (20 ppm) given by 
the assigner to predictions based in less than 3 fragments 
allows for the propagation of an error that in principle 
should be rectified by new observations, but remains due 
to lack of the necessary data.

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

0 2 4 6 8 10
Predicted Chemical Shift

0

2

4

6

8

10

O
bs

er
ve

d 
Ch

em
ic

al
 S

hi
ft

Iteration 9

Iteration 8Iteration 7Iteration 6

Iteration 3Iteration 4Iteration 5

Iteration 2Iteration 1Iteration 0

Fig. 3 Correlation between observed and predicted chemical shift values for the test molecules at each iteration of the training loop

Test set of 298 molecules 

HOSE 3 : 62 
HOSE 4 : 254 
HOSE 5 : 461

HOSE 3 : 63 
HOSE 4 : 382 
HOSE 5 : 916
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Availability of data and materials
The source code used in this work is available in the github 
repository https://github.com/cheminfo/autolearning. The  
dataset supporting the conclusions of this article is availa-
ble in the github repository https://github.com/cheminfo/
autolearning. The molecules in the dataset supporting 
the conclusions of this article are also included within the 
article (and its Additional file  2, Additional file  3) as sdf 
files.
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Fig. 6 Correlation between observed and predicted chemical shift values after learning for different sphere radius (iteration 9)
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Prediction average errors
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Prediction average errors
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