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Abstract

Quantitative Structure-Odor Relationships are critically important for studies re-

lated to the function of olfaction. Current literature datasets contain expert-labeled

molecules but lack feature data. This paper introduces QuantumScents, a quantum-

mechanics augmented derivative of the Leffingwell dataset1. QuantumScents contains

3.5k structurally and chemically diverse molecules ranging from 2 to 30 heavy atoms

(CNOS) and their corresponding 3D coordinates, total PBE0 energy, molecular dipole

moment, and per-atom Hirshfeld charges, dipoles, and ratios. The authors demonstrate

that Hirshfeld charges and ratios contain sufficient information to perform molecular

classification by training a Message Passing Neural Network with chemprop2 to predict

scent labels. The QuantumScents dataset is freely available on Zenodo along with the

authors’ code, example models, and dataset generation workflow3.

This manuscript has been authored by UT-Battelle, LLC, under contract DE-AC05-

00OR22725 with the US Department of Energy (DOE). The US government retains and the
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publisher, by accepting the article for publication, acknowledges that the US government

retains a nonexclusive, paid-up, irrevocable, worldwide license to publish or reproduce the

published form of this manuscript, or allow others to do so, for US government purposes.

DOE will provide public access to these results of federally sponsored research in accordance

with the DOE Public Access Plan (http://energy.gov/downloads/doe-public-access-plan).

Background

Quantitative Structure-Odor Relationships (QSOR) are of immense interest for their poten-

tial in describing the mechanism by which humans’ olfactory senses function4. The DREAM

challenge, for example, challenged the scientific community to pursue a mapping of structure

to smell5 and found that reliable prediction was achievable for 8 out of 19 semantic descrip-

tors. So far, the most successful models made use of descriptor sets related to structure as

well as 3D coordinates.

Because QSOR modeling is a sub-area of Quantitative Structure-Activity Relationship

(QSAR) modeling, new datasets, descriptors, and modeling approaches for QSOR can have

wide-ranging impact on diverse problem areas in the agrochemical, pharmaceutical, toxicol-

ogy, cosmetic, and even chemical synthesis and detection industries6. Within QSAR there

are two complementary views on special-purpose, interpretive vs. general-purpose, predic-

tive models7. The first seek to establish trends within a series of similar molecules using

few-parameter models – which then point out simple chemical reasons for observed trends.

The second seeks to use high-dimensional models to predict properties of a large portion

of chemical space – which then internally capture multiple competing effects. Parsimonious

selection of input descriptors for these models may hold the key to reconciling these two

views, since the remaining descriptors have then proven to be both sufficient and necessary

for the prediction task.

In this work, we investigate the hypothesis that Hirshfeld partial atomic charges and
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volume ratios8, element identity, and molecular graph connectivity provide sufficient infor-

mation for prediction of scent labels. Since early works on molecular structural modeling,

it has been established that electrostatic interactions and atomic radii are sufficient for de-

scribing the structures of Van der Waals complexes9. Recent work convincingly demonstrates

that charge and radius also describe a range of specific-anion effects including water binding

energy, concentration-dependence of viscosity, ion-mediated reaction rates, enzyme activity,

and biopolymer folding10.

Other recent works on odor prediction from molecular descriptors have utilized 1) random

forest models that comb through 4884 physicochemical features of each molecule (including

atom types, functional groups, and topological and geometrical properties)5 and 2) message-

passing neural networks with a proprietary design11 that utilize input features similar to

chemprop2. Random forest models build a decision tree to filter out descriptor combinations

important for the prediction task at hand. Message passing networks, also used in this work,

combine local information using nonlinear functions to build feature vectors on atoms and

bonds that are important to the prediction task at hand. This study is distinguished from

the recent work of Lee et. al. by making use of quantum mechanics-derived charge and

volume information as input features.

A major product of this work is the QuantumScents dataset, a quantum-mechanics aug-

mented derivative of the established Leffingwell PMP 2001 datatset1 as prepared by Sanchez-

Lengling and coworkers12. The original Leffingwell dataset is approximately 3.5k molecules

known to the perfume industry that were labeled with freeform text describing their scent.

In Ref.12 the dataset was systematized to 113 different scent descriptors such as “floral”,

“chocolate”, and “sulforous”, of which the molecules can be one or more, mapped to the

SMILES representation13 of the molecule. The dataset is unique for its significant structural

and chemical diversity with samples ranging from two to thirty heavy atoms and multiple

sulfur-containing functional groups.

Figure 1 plots occurrence of scent labels in the dataset with point size representing
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number of label occurrences. Although any number of descriptors can occur together, the

average number of labels per molecule is 3.7 ± 2.4. It can be seen that some of the labels

are very infrequent, making the dataset unbalanced. We will show that this creates a strong

dependence of the fit results on the test/train splitting in the section on Dataset Partitioning.

QuantumScents augments this dataset by also providing 3D coordinates for an energy-

minimized structure of each molecule as well as quantum-mechanics properties, particularly

the per-atom Hirshfeld charges, dipoles, and volume ratios8. Note that alternative charge

assignment methods exist, and that fitted atomic charges should vary somewhat with the

molecule geometry. Briefly, we chose Hirshfeld charges over other available charge partition-

ing schemes because it depends linearly on the electron density and does not require defining

atomic radii. The electron density is a physical observable, and so descriptors computed from

it – such as partial atomic charges, multipoles, and “volume ratios” 14 – are more reliable and

reproducible than orbital coefficient-based definitions like Mulliken population analysis. Our

calculation methodology is described in the Methods section.

In the same study where the Leffingwell data were cleaned12, and in subsequent work11,

Graph Convolution Networks were successful at predicting the scent labels with a ROC AUC

(Area Under Receiver-Operator Curve) value of 0.89. To demonstrate the utility of Hirshfeld

parameters in performing this classification task, this work recreates and then extends those

results.

Our key findings are that charge-based input features provide better predictivity than

the default descriptors present in chemprop (atom hybridization, degree, hydrogen count,

chirality, aromaticity, and mass). Nevertheless, the imbalance in the occurrence of scent

labels can cause a significant skew in measures of fitness for any descriptor setting. We

recommend both that Hirshfeld charges be included in descriptors, and that Szymanski

splitting be used to minimize the effects of imbalance in occurrence of target descriptors.
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Figure 1: Descriptor Co-Occurrence. Lines connect labels that occur together for the same
molecule. The layout minimizes distance between descriptors with strong co-occurrence.5



Methods

Dataset generation, modeling, and packaging were all performed in Python, with the ex-

ception of a single line of Bash used for conformer generation The complete workflow is

open-source and available on Zenodo3. This is an example of the power and flexibility of

modern Python for the computational chemistry community. The workflow is demonstrated

schematically in Fig. 2.

Figure 2: Generation of QuantumScents Dataset. Openbabel conformer generation is fol-
lowed by energy minimization and property calculation in pyscf.

To begin, the cleaned Leffingwell dataset was retrieved from the pyrfume15 project repos-

itory. Each molecule in the dataset was then converted from its SMILES embedding to

the corresponding 3D coordinates of a minimum-energy structure using openbabel16. All
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molecules were protonated to charge-neutral states in this step, although approximately 5%

of the dataset would likely be charged at physiologically relevant pH levels (7-8) as deter-

mined by Dimorphite-DL17. 3D conversion leveraged the --gen3d best option to generate

coordinates, scan torsion rotations, and energy minimize using MMFF9418. Torsion rotation

scanning was skipped for 17 of the molecules (--gen3d fast) and/or pubchem known struc-

tures19 were used because --gen3d best failed. Using these structures DFT simulations

were performed with PySCF20–22 using Restricted Kohn-Sham23 at the PBE0/aug-cc-pvdz

level of theory24–26. The Hirshfeld extension module27 was used for calculation of Hirshfeld

charges within PySCF. These simulations were parallelized using mpi4py28,29 and run on the

Andes cluster at the Oak Ridge Leadership Computing Facility.

Data and Software Availability

The QuantumScents dataset contains atomic coordinates, total PBE0 energy, molecular

dipole moment, and per-atom Hirshfeld charges, dipoles, and ratios for each of the molecules.

Molecules range in size from two to thirty heavy atoms including carbon, sulfur, nitrogen,

and oxygen. QuantumScents diverges from the most cited quantum property datasets in this

regard. QuantumMachine9 (QM9) and QuantumMachine7-X (QM7-X) are both far larger

and explore a complete combinatorial space but are consequently limited in size to nine and

seven heavy atoms, respectively30,31. Quantum property datasets like AlexandriaLib32 are

more similar to QuantumScents in that they focus on smaller sets of structurally diverse

molecules aggregated for their field-specific applications: thermodynamic data aggregation

and olfaction research.

The dataset itself is freely available on Zenodo3. It includes workflow scripts and example

models discussed below. The example models demonstrate how to open the compressed

data as a Python dictionary using hdfdict33 and converting to RDKit34 molecules using

xyz2mol35.
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Example Model

To demonstrate the loading and usage of the QuantumScents dataset as well as the utility

of Hirshfeld charges in performing molecular property assignment, the modeling performed

by Sanchez-Lengling and co-workers alongside the cleaning of the Leffingwell Dataset12 is

reproduced and expanded upon. First the dataset is partitioned into training, validation,

and test subsets using multiple approaches for comparison. Next a Message Passing Neural

Network (MPNN) is trained with PyTorch36 via chemprop2,37. The partitioning schemes,

model architecture, and results are explored below.

Directed-Message Passing Neural Network

Directed-Message Passing Neural Networks (D-MPNNs) are a class of artificial neural net-

work that operate on graphs to aggregate a learned representation via passing of ‘messages’

(features) between nodes and edges. This featurization is then used as the input layer to an

archetypal Feedforward Neural Network that translates the embeddings into the desired fea-

ture space. chemprop is a cheminformatics software package that implements the D-MPNN

+ FNN architecture for molecular property prediction37 and is used here to re-implement

the architecture described in the reference work. For further details on the implementation

of the described architecture, see Heid et al.2.

By default chemprop uses a pre-determined set of atomic and bond features to initialize

the representation and supports loading molecules from the SMILES format only. To enable

loading of structures from coordinates and to change the default feature layout some minor

modifications were made to chemprop and are included in the QuantumScents repository as

a submodule.
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Dataset Partitioning

The highly unbalanced nature of the target space in this dataset requires more intentional

sampling approaches than simple random partitioning which is likely to leave target labels

out of small subsets. Many methods exist that attempt to account for this imbalance,

two of which are explored here: Kennard-Stone algorithm based on Mahalanobis distance

(MDKS)38 as implemented in the astartes dataset partitioning package39 and Szymanski

splitting40 as used in the reference work1.
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Figure 3: Comparison of label frequency in the validation set generated by various splitting
algorithms (cumulative distribution function). Nonzero initial value indicates the percent of
labels absent in the validation set. Vertical line marks the frequency corresponding to one
occurrence in the validation set (for N=352). Szymanski splitting used N=385 validation
samples.

Figure 3 shows another way to visualize the unbalanced target label space. The cumula-

tive distribution function compares the fraction of each scent label in the validation split for

random, MDKS, and Szymanski partitioning approaches. The blue (random) splits usually

pick molecules that do not exhibit any examples for 2-5% of the known labels – showing the
1The exact split assignments were made available in the reference paper but have not been used here

because the tool to generate them (scikit-multilearn41) has been abandoned. Instead the original code by
Szymanski was used40 with minor modifications (included in the Zenodo3 repository) to enable partitioning
into an 80/10/10 training/validation/test split.
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difficulty of including all the scent labels in the validation set of 352 molecules. In addition,

the “random” line is above the “overall” line until we reach features at the 1% level. This

shows that rare features are systematically under-represented in random and MDKS splits.

Random and MDKS sampling result in multiple validation labels infrequently being ex-

cluded from the validation data, whereas Szymanski splitting ensures each label is at least

represented if not close to its fraction in the overall dataset. This guarantees the model’s

prediction task is interpolation (the desired application) rather than extrapolation. This in-

creases performance because interpolation is less challenging. Due to the huge deficiency in

the MDKS sampling approach, only Szymanski and Random splitting are considered further.

Beyond simply changing the distribution of data in the various sets, the sampling ap-

proach also impacts the model performance. Shown in the plots below is the change in Area

Under Receiver-Operator Curve (ROC AUC) for the validation set across epochs averaged

across ten repetitions of Szymanski and random sampling. ROC AUC ranges from a per-

fectly predictive at 1 to a completely incorrect at 0. Each model was trained for only 90

epochs using the architecture described in the Results section.

The speed with which the network converges is impacted by sampling as is the ROC

AUC. Szymanski sampling achieves higher average performance, less variability, and faster

convergence between repetitions than random sampling. Repeat training with different ran-

dom seeds did not have an impact on model score on the testing set after convergence was

reached. After convergence with longer training times the various Szymanski splits achieve

similar performance on holdout data. Going forward reported metrics are averaged across

three folds the sake of well-defined metrics (see Discussion).

Results

The architecture and training parameters were first adapted from the reference paper: 400

epochs, 512 batch size, depth 3 message passing, 0.1 dropout, hidden size 300, and a 5 layer

FNN. With this configuration, the Szymanksi splits discussed above, and the default features
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Figure 4: Impact of sampling algorithm on validation score. Validation ROC AUC is plotted
over the first 90 epochs of training for ten different realizations of the random (grey lines
with average in black) and Szymanski (blue dotted lines with average in solid blue) splitting
strategies.

in chemprop the testing ROC AUC was 0.845, in line with the validation ROC AUC of 0.853.

These values serve as our baseline for comparison to alternative features and architectures.

Next the Hirshfeld charges (provided in QuantumScents) were appended to the default

atomic features of chemprop leaving the bond features unchanged. This increased the vali-

dation and testing ROC AUC slightly to 0.874 and 0.865, respectively.

Subsequently, we modified the atom encoding to eliminate all features except the (one-

hot encoded) atomic number, Hirshfeld charge, and Hirshfeld ratio. Going forward, this

collection is refered to as the Hirshfeld features. We left bond features at their defaults, a

one-hot encoding of bond type (unknown, single, double, triple, aromatic), and 3 boolean

indicators (for conjugated, isInRing, and stereospecific). We then repeated the model train-

ing. Impressively, the ROC AUC is nearly identical at 0.876 for the validation data and

0.867 for the holdout set. The above results are summarized in the table below.
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Feature Set Validation ROC AUC Testing ROC AUC

chemprop Default 0.845 0.853

Default + Hirshfeld 0.874 0.865

Hirshfeld Only 0.876 0.867

Also striking is the impact of the Hirshfeld features on the training itself. Shown below

is the validation ROC AUC across epochs during training.

Figure 5: Featurization Impact on Validation ROC AUC. Presence of Hirshfeld charges and
volume ratios dramatically improves predictivity compared to the default atomic descriptors.

The network was able to converge far more rapidly with Hirshfeld features regardless

of the inclusion of other features. While the time savings at the scale of this dataset size

are less pronounced for larger datasets this savings could be substantial. This feature abla-

tion resulted in nearly identical performance indicating the the Hirshfeld features alone are

sufficient to inform the network and contain all cogent information to describe the molecule.
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Modest hyperparameter optimization yielded negligible improvements in validation or

testing ROC AUC, though we did find that the FNN size could be reduced to only 2 layers.

Figure 6 shows the per-task performance for this architecture sorted from best to worst.

Figure 6: Results: Predictivity for individual scent labels.

The distribution of performance across labels is skewed, but is not correlated to the

label frequency in the dataset (r = 0.023, p = 0.81). Compared to the reference paper, the

performance is less consistent across labels. Again, this can be attributed to size and content

of the holdout data. The per-task performance when using the default chemprop features is

provided in the SI.

Discussion

The prediction score (ROC AUC) of the initial chemprop network (0.845 test, 0.853 valida-

tion) does not exactly match the results of the Sanchez-Lengling study (0.89412), which used

similar input descriptors. Nevertheless, we view them as comparable given the differences in

data partitioning and test/validation set selection methodology between these studies.

Including electronic-structure derived charges and atomic volume ratios resulted in a

marked improvement of model performance. This can be seen in Fig. 5 both as a faster

increase in validation score with respect to training epochs as well as a higher score at

convergence. This improved performance demonstrates that the Hirshfeld charges do contain
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cogent information for this classification task.

More critical though is the impact of replacing the default features with Hirshfeld charges.

Because the gains in predictivity persisted in the absence of the other default atom descrip-

tors (atom hybridization, degree, hydrogen count, chirality, aromaticity, and mass), we can

conclude that charge-based input features provide better predictivity than the default atom

descriptors present in chemprop. This conclusion provides support to the argument that

atomic charge and molecular topology are key determinants of odor recognition.

It should be noted that the molecules present in this dataset have varying degrees of

structural flexibility. For any given molecule, multiple low-energy structures may be popu-

lated in a physical sample. Each of those structures will, in turn, have a different electron

density, and correspondingly different atomic partial charges and volumes.

Our dataset includes only the single structure found using OpenBabel’s --gen-3d option,

which translates the SMILES embedding into coordinates (see Methods), followed by energy

minimization at the DFT-PBE0 level of theory. This process is likely to find the lowest

energy, structure in ~94% of cases18. Spot checking some conformations and performing fur-

ther geometry optimization during simulation with PySCF may improve the data. However,

a thorough conformational search in the style of QM7-x31 or AlexandriaLib32 may be more

informative for the biological applications of QuantumScents.

If this model were to be extended to molecules larger than 30 atoms, we expect two new,

competing effects to come into play. First, because the MPNN captures local structural

information, label prediction will become more dependent on the set of substructures present.

Local patterns present in atomic charges and volumes extracted from the electronic structure

will likely remain in place, despite changes to conformation and environment. If scent labels

are associated with clusters of atoms, this would tend to make prediction more robust.

Second, environment-dependence of the whole molecule geometry (including intramolecular

hydrogen-bonding or rearrangement due to solvation in aerosols) would create an additional

layer of uncertainty in whole-molecule properties such as total charge or solvent accessibility.
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This uncertainty would tend to make prediction of macromolecular properties less robust.

The imbalance of labels in this dataset (shown in Fig. 3 presents additional challenges

to creating a useful metric for validation. Common classification metrics like recall and

precision become ill-defined when positive or negative labels are missing from the validation

dataset or model predictions. The “accuracy” metric by itself also unhelpful, since a ‘model’

that predicts all negative labels has an accuracy of ~95% – due to data imbalance. We chose

to use ROC AUC as our measure of predicticity because it is always defined and was used in

the reference study12. Nevertheless, a metric with more physical intuition (e.g. perceptual

similarity11) may be more useful for the olfaction applications of these data.

Related to the imbalance of labels in our data, we see a dependence on the details of the

method used to create test/train/validation splits. Figure 4 shows that Szymanski splitting

gives better validation results than Random sampling. Comparing to Fig. 3, we can see the

importance of the Szymanski strategy, ensuring each label appears with a frequency close to

its fraction in the dataset. We conclude that when there is imbalance in the occurrence of

labels, careful attention to splitting methods should be used to avoid random variation in

measures of fitness.

Conclusions

The QuantumScents dataset is a quantum-mechanics augmented version of the established

Leffingwell PMP 20011 dataset providing 3D coordinates for an energy minimized structure of

each molecule and relevant quantum-mechanics properties. Using only the atomic numbers,

bond types, and Hirshfeld charges and ratios an MPNN was able to predict the scent labels

with a ROC AUC on par with literature precedent. The dataset is unique for its significant

structural and chemical diversity with samples ranging from two to thirty heavy atoms and

multiple sulfur-containing functional groups.

For the computational chemistry community, QuantumScents demonstrates the power
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and flexibility of modern Python to facilitate research and for olfaction research introduces

chemical and electronic structure data which can form the basis for further quantitative

investigations. Future work should look to explore the relationship of conformation to the

capacity to predict scent and potentially development of a novel metric that is more useful

for such highly unbalanced label spaces.

Supporting Information. A plot of the per-task prediction performance when using the

default chemprop features is provided in the SI. This material is available free of charge via

the Internet at https://pubs.acs.org.
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