
P2O 13C NMR Shift Neural Network:  
Training Sources and Performance Assessment 

 
DLNMRP2O (Deep Learning NMR, Predicted to [2] Observed) is a neural network model generated with 
the SpookyNet1 learning forcefield framework. The P2O network follows an approach similar to the 
CASCADE2,3 models suggested by Paton and coworkers. P2O differs in that final 13C shift corrections are 
based on conformers and Boltzmann weights from the MLHF4 workflow, additionally while the P2O training 
set covers similar structures, it is both unique and somewhat larger than that used in either the CASCADE 
2.0 model or the public training set from the Mestrelabs GCNN model5 and benefits from inclusion of the 
majority of natural products available in the NAPROC-13 NMR database. 
 
P2O integration into the Spartan ML-NMR workflow: conformers, Boltzmann weights, and initial predicted 
shifts are generated from the 2026 MLHF-NMR protocol. These incorporate MM,6 QM,7,8 and several 
published ML model steps.9,10,11,12 MLHF provides fast predicted proton and 13C shifts for flexible organic 
molecules (13C shifts within ≈2.2 ppm) with quality comparable to that calculated from its quantum-
chemical precursor, the 2019 “Hehre protocol.”13 Final conformer shifts are corrected with P2O and 
weighted using MLHF energies. The resulting 13C shift performance is demonstrably improved. Preliminary 
assessment follows: 
 

 

MLHF only  
Avg. 13C RMSE 

P2O+MLHF  
Avg. 13C RMSE 

MLHF  only 
Avg. 13C MaxE 

P2O+MLHF  
Avg. 13C MaxE 

DELTA50 1.73 ppm* 0.62 ppm* 2.09 ppm* 0.75 ppm* 
246 MNPr 1.94 ppm 0.85 ppm 4.62 ppm 1.95 ppm 
42013CNP 2.23 ppm 1.66 ppm 5.34 ppm 4.11 ppm 

*Unique carbons only 

Correcting MLHF-NMR predicted 13C shifts with the P2O neural network improves underlying performance 
by more than 1.0 ppm for rigid molecules and more than 0.5 ppm for flexible molecules. Against the gold-
standard DELTA5014 validation set, P2O+MLHF performs at 0.62 average RMSE and 0.75 ppm average 
maximum error; to our knowledge this is the highest DELTA50 performance reported for predicted NMR. 
Validated against the 42013CNP (420 diverse, flexible structured from the natural products literature), 
P2O+MLHF performs at an average 13C RMSE of 1.66 ppm and an average maximum error of 4.11 ppm.  
 
While the improvement in predicted 13C shifts is significant, the target application is accurate diastereomer 
analysis (complete stereochemical assignment), addressing a central challenge for conformationally 
flexible natural products. Diastereomer analysis for 100 natural products (ranging from 2–11 chiral centers) 
with X-ray crystal structure confirmation from the Cambridge Structure Database15,16 supports the utility 
of MLHF in stereochemical assignment. MLHF confirms the correct diastereomer with an 82% success rate 
(confirming or favoring at rate of 92%). P2O+MLHF performance is superior, confirming the correct 
diastereomer with a 94% success rate (confirming or favoring at a rate of 100%). 
 
In evaluation of identifying the correct diastereomers, the following metrics* were used: 
 

C= Confirms with a DP4 score of 85% or higher and an RMSE of 2.2 ppm or lower 
F= Favors with a DP4 score of 50–85% and RMSE of 2.0 ppm or lower 
S= Suggests with a DP4 score of 15–50% and an RMSE or 1.8 ppm or lower 
R= Refutes with a DP4 score of 0–15% irrespective of RMSE  

 
*Metrics for stereochemistry: DP4, RMSE, additionally reviewed: MAE, and max errors at chiral and adjacent centers. 

https://www.nature.com/articles/s41467-021-27504-0
https://doi.org/10.26434/chemrxiv.15001441/v2
http://vis.usal.es/tools/naproc-13


 
Tables 1 and 2 provide a summary of MLHF4 and P2O+MLHF diastereomer analysis assessment. Both 
approaches successfully confirm the correct diastereomer in the majority of cases, but only the P2O+MLHF 
appears to either confirm or favor the correct diastereomer in all natural products reviewed: 
 
Table 1. MLHF-NMR 13C Diastereomer assessment on 100 flexible natural products 
 

Outcome MLHF avg. DP4 avg. RMSE avg. Max Error avg. MAE 
confirmed C (%) 82% 98.5% 1.56 ppm 3.81 ppm 1.21 ppm 

favored F (%) 10% 70.8% 1.60 ppm 3.58 ppm 1.29 ppm 
suggested S (%) 5% 27.9% 1.61 ppm 3.77 ppm 1.25 ppm 

refuted R (%) 3% 8.8% 2.08 ppm 5.06 ppm 1.70 ppm 
C (%)+ F (%) = 92%     

 
Table 2. P2O+MLHF-NMR 13C Diastereomer assessment on 100 flexible natural products 
 

Outcome P2O+MLHF avg. DP4 avg. RMSE avg. Max Error avg. MAE 
confirmed C (%) 94% 98.9% 0.78 ppm 1.87 ppm 0.61 ppm 

favored F (%) 6% 69.9% 0.72 ppm 1.63 ppm 0.57 ppm 
C (%)+ F (%) = 100%     

 
In the more challenging task of stereochemical assignment, the P2O+MLHF workflow either confirms (94%) 
or favors (6%) the correct complete stereochemistry in all 100 reviewed natural products. All structures 
included in the full diastereomer analysis were confirmed via X-ray diffraction and are represented in the 
CSD. The full set of 100 NPs including diastereomers with results from both MLHF and P2O+MLHF 
workflows (“100DA”) as well results from DELTA50, 246MNPr and the 42013CNP benchmarks are available 
for download/review (linked below). 
 

DLNMRP2O Training. Three main sources comprise the training data* (≈38.5k structures with assigned 

experimental 13C shifts); ≈45% originates from NAPROC-13,17,18,19 ≈35% from NMRShiftDB2,20,21 and ≈10% 

from the SNPD4,12 (Spartan Natural Products Database). Additional training data was sourced from JEOL’s 

CH-NMR-DB22 collection as well as open source articles from the natural products literature. Finally, 

contributions of both training molecules and structure verification were provided by José L. López-Pérez 

(University of Salamanca, Spain), Masaru Hashimoto (Hirosaki University, Japan), and Novriyandi Hanif (IPB 

University, Indonesia). 

DELTA50 = 50 diverse rigid organic small molecules (gold standard predicted shift validation set) 
246 MNPr = 246 rigid marine natural products (DLNMR1 validation set)  
42013CNP = 420 diverse flexible natural products (MLHF-NMR validation set)  
100DA = 100 natural products with diastereomer analysis (10 each from 2–11 chiral centers) 

 
*  The current training source includes ≈42k structures. With duplicates removed and a 13C shift quality filter applied, the actual 
training count is ≈38.5k. Beyond this 42k group, several thousand additional natural products and organic molecules with 
reasonable quality experimental 13C shifts are available. Intuition suggests that at this point, additional performance gains are 
more likely accessible from smaller, targeted training on molecules with missing or rare structural moieties (rather than training 
on more structures from the same general sources). Through collaboration with contacts at KNU and Enamine (Ukraine), we’re 
reviewing novel synthetic organic structures for potential targeted retraining candidates.  

 

https://c13.materia-medica.net/
https://nmrshiftdb.nmr.uni-koeln.de/
https://www.wavefun.com/databases
https://ch-nmr-np.jeol.co.jp/en/nmrdb/
https://downloads-s3.wavefun.com/training/assessment/P2O-DELTA50.zip
https://downloads-s3.wavefun.com/training/assessment/P2O-246MNPr.zip
https://downloads-s3.wavefun.com/training/assessment/P2O-n42013CNP.zip
https://downloads-s3.wavefun.com/training/assessment/100da.zip
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