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We want to be able to determine the 
energies and the molecular/atomic 

orbitals of molecules of interest

Density Functional Theory (DFT)
Treat each electron as experiencing all other electrons as an 

“electron density” function (ρ(r))

This allows for greatly simplified calculations of energies and wavefunctions
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Walter Kohn 
UCSB


"for his development of the 
density-functional theory"

The Nobel Prize in 
Chemistry 1998

John A. Pople 
Northwestern


"for his development of 
computational methods in 

quantum chemistry"
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DU8ML - Machine-Learning Augmented DFT NMR Spectrum Prediction 

DU8ML Workflow

Applied to a set of 170 reported alkaloid structures, 
computations reveal a misassignment rate of 20%

DU8ML can identify errors in assignment and help us 
propose more reasonable alternatives
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What can computational chemistry do for you?
Understanding how molecules act Predicting how molecules should act

Density functional theory

Dynamics Simulations

QM/MM

Machine learning

Neural networks

Data Science
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Understanding how molecules act
Molecular dynamics simulations

Dynamic Trajectories 

apply energy to all atoms 
in the system

run calculations to see how atoms interact 
and the system evolves over time
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Starting from 3, the TS barriers dictate  
selectivity (~1% of trajectories lead to 
markovnikov product), which does not 
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H3C

B
HH
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Starting from before 3, the distribution 
of trajectories matches experiments 

(~10% of trajectories lead to 
markovnikov product)
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Dynamics simulations better 
explain observed enantioerosion 

and isotope scrambling
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What if a transition state could lead 
to two different products?
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Post-transition state bifurcations

When you have a PTSB, you no longer 
necessarily follow the lowest energy pathway 

(i.e. the intrinsic reaction coordinate)

Dynamics simulations can model 
non-IRC behavior and predict 

experimental outcomes

Hare, S.; Tantillo, D. J. Pure Appl. Chem. 2017, 89, 679-698.
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What can computational chemistry do for you?
Understanding how molecules act Predicting how molecules should act

Density functional theory

Dynamics Simulations

QM/MM

Machine learning

Neural networks

Data Science
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Understanding how molecules act

What if DFT is not enough?

For very large systems, DFT calculations become 
very expensive 

DFT computations may not reflect observed 
experimental selectivities
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QM/MM for understanding Co—C bond homolysis in Ethanolamine Ammonia-Lyase
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AdoCbl/EAL
(adenosylcobalamin complex with 

ethanolamine ammonia-lyase)
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Rate of Co—C bond homolysis is 
increased by 12 orders of magnitude 

only in presence of substrate

CoIII

O

N

N

N

N

NH2

OH

OH

CoII

O

N

N

N

N

NH2

OH

OH

CoII

O

N

N

N

N

NH2

OH

OH

H

H3N H

OH H3N
H
OH

H

H
OH

NH3

CoIII

O

N

N

N

N

NH2

OH

OH

CoII

O

N

N

N

N

NH2

OH

OH

CoII

O

N

N

N

N

NH2

OH

OHH

H
OH

NH3
H

H

O

H

NH4AdoCbl/EAL
(adenosylcobalamin complex with 

ethanolamine ammonia-lyase)



Understanding how molecules act
Confirming QM/MM methodology

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.
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AdoCbl
(QM region shown as thick stick, 
MM region shown as thin sticks)

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.
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AdoCbl
(QM region shown as thick stick, 
MM region shown as thin sticks)

AdoCbl crystal structure (yellow) 
vs. Solvated AdoCbl (green)

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.



Understanding how molecules act
Confirming QM/MM methodology

AdoCbl
(QM region shown as thick stick, 
MM region shown as thin sticks)

AdoCbl crystal structure (yellow) 
vs. Solvated AdoCbl (green)

Good agreement between crystal structure and 
solvated QM/MM structure

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.
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Significant decrease in energy of Co—C 
bond elongation with substrate present

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.
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Scanning Co—C bond length for different complexes

Significant decrease in energy of Co—C 
bond elongation with substrate present

Energy decrease is only seen with 
substrate present

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.
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Substrate-induced active site changes

Without substrate
 Three hydrogen-bonding interactions 

between active site residues —prevents 
Ado· from rotating freely

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.
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Understanding how molecules act
Substrate-induced active site changes

With substrate: 
Only one hydrogen-bonding 

interaction between active site 
residues — frees Ado· up to rotate 

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.

Without substrate
 Three hydrogen-bonding interactions 

between active site residues —prevents 
Ado· from rotating freely
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QM/MM for understanding Co-C bond homolysis in Ethanolamine Ammonia-Lyase

AdoCbl/EAL

Rate of Co—C bond homolysis is 
increased by 12 orders of magnitude 

only in presence of substrate

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.
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Rate of Co—C bond homolysis is 
increased by 12 orders of magnitude 
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EAL destabilizes AdoCbl by elongating 
Co—C bond in presence of substrate
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QM/MM for understanding Co-C bond homolysis in Ethanolamine Ammonia-Lyase

AdoCbl/EAL

Rate of Co—C bond homolysis is 
increased by 12 orders of magnitude 

only in presence of substrate

EAL destabilizes AdoCbl by elongating 
Co—C bond in presence of substrate

Changes in active site interactions 
(due to substrate) enable Ado· to 

rotate freely, reducing Co—C bond 
activation energy

Elmendorf, L. D.; Hall, R. L.; Costa, F. G.; Escalante-Semerena, J. C.; Brunold, T. C. J. Am. Chem. Soc. 2025, 147, 2380-2392.
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Predicting how molecules should act
De novo design algorithm for lead optimization — AutoDesigner

Bos, P. H.; Houang, E. M.; Ranalli, F.; Leffler, A. E.; Boyles, N. A.; Eyrich, V. A.; Luria, Y.; Katz, D.; Tang, H.; Abel, R.; Bhat, S. J. Chem. Inf. Model. 2022, 62, 1905-1915.
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= generative step

= filtering step

perform retrosynthetic analysis and 
adjust non-immutable region

decorate ligands with R-groups to 
broaden chemical space
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• Fewer filters, allows some potentially undesirable 
ligands through 

• Aims for higher efficiency

• Uses all available filters (>20 physiochemical 
properties and structural properties)

• Complexity filter screens out compounds that 
would be too challenging to synthesize

• Human intervention to see if compounds need to 
be manually removed (became less necessary 
with more runs)

• Set of optional filters that can be adjusted based 
on project requirements
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over 1 billion ligands explored in 
24-48 hours
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Can we connect 
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Can we predict 
odor given 
structure?
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OH

Feature encoder: Convert structures to graphs, 
then map molecular graphs into vectors to 

generate prediction of odor label(s)

Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.

Subgraph Encoder: Provides model with more 
features based on substructures to improve 

prediction of odor label(s)



Predicting odors with ScentGraphX

Predicting how molecules should act

OH

Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.



Predicting odors with ScentGraphX

Predicting how molecules should act

OH

Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.

Predictions are tested for… 



Predicting odors with ScentGraphX

Predicting how molecules should act

OH

Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.

Predictions are tested for… 

✓ Precision — How often are positive predictions correct?



Predicting odors with ScentGraphX

Predicting how molecules should act

OH

Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.

Predictions are tested for… 

✓ Precision — How often are positive predictions correct?

✓ Recall — How good is the model at finding positive results?



Predicting odors with ScentGraphX

Predicting how molecules should act

OH

Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.

Predictions are tested for… 

✓ Precision — How often are positive predictions correct?

✓ Recall — How good is the model at finding positive results?

✓ F1 score — Combination of precision and recall



Predicting odors with ScentGraphX

Predicting how molecules should act

OH

Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.

Predictions are tested for… 

✓ Precision — How often are positive predictions correct?

✓ Recall — How good is the model at finding positive results?

✓ F1 score — Combination of precision and recall

✓ AUCROC — Probability that the model, if given a randomly 
chosen positive and negative example, will rank the positive higher 
than the negative



Predicting how molecules should act

OH

Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.

Predictions are tested for… 

Given 4967 molecules (each with multiple odor labels), ScentGraphX has 
improved performance on all 4 metrics over previous models.

Predicting odors with ScentGraphX

✓ Precision — How often are positive predictions correct? 

✓ Recall — How good is the model at finding positive results? 

✓ F1 score — Combination of precision and recall 

✓ AUCROC — Probability that the model, if given a randomly 
chosen positive and negative example, will rank the positive higher 
than the negative
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Jiang, Y.; Xie, X.; Yang, Y.; Liu, Y.; Gong,, K.; Li, T. J. Comp. Chem. 2025, 46, e70069.

Interpretability of ScentGraphX results

Contribution to 
“fruity” scent

Contribution to 
“sulfurous” scent

ScentGraphX learned to identify 
functional groups that have the 

strongest effects on scent  

Subgraph encoding provides 
unique insight into the effects of 

functional groups on scents 
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Can data science approaches 
be used to rapidly develop and 

optimize a reaction?
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