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QM40, Realistic Quantum 
Mechanical Dataset for Machine 
Learning in Molecular Science
Ayesh Madushanka1, Renaldo T. Moura Jr1,2 & Elfi Kraka   1 ✉

The growing popularity of machine learning (ML) and deep learning (DL) in scientific fields is hindered by 
the scarcity of high-quality datasets. While quantum mechanical (QM) predictions using DL techniques 
such as graph neural networks (GNNs) and generative models are gaining traction, insufficient training 
data remains a bottleneck. The QM40 dataset addresses this challenge by representing 88% of the 
FDA-approved drug chemical space. It includes molecules containing 10 to 40 atoms and composed 
of elements commonly found in drug molecular structures (C, O, N, S, F, Cl). QM40 offers valuable 
resources for researchers which include the core QM40 main dataset, containing 16 key quantum 
mechanical parameters for 162,954 molecules calculated using the B3LYP/6-31G(2df,p) level of theory 
in Gaussian16, ensuring consistency with established datasets like QM9 and Alchemy. This compatibility 
allows for future concatenation of QM40 with these datasets. In addition to other valuable information, 
the QM40 dataset offers the initial and optimized Cartesian coordinates, Mulliken charges, and 
detailed bond information, including local vibrational mode force constants, which serve as indicators 
of bond strength. QM40 can be used to benchmark both existing and new methods for predicting QM 
calculations using ML and DL techniques.

Background & Summary
History demonstrates that access to high-quality, well-organized data significantly advances specific fields. 
The ImageNet1 dataset exemplifies this perfectly. It provided a benchmark dataset for image classification 
and supported introducing groundbreaking architectures such as AlexNet2, VGG3, and ResNet4. Electronic 
structure and property calculations have become essential in modern materials and drug discovery research 
and development (R&D) portfolios. While quantum mechanical (QM) methods like Coupled Cluster (CC), 
Multi-configurational self-consistent field (MCSCF), etc offer the highest accurate data but are computation-
ally intensive. Density Functional Theory (DFT) offers a better compromise between accuracy and efficiency. 
However, its computational requirements still make it unsuitable for large-scale drug screening. A central chal-
lenge in modern theoretical chemistry is to develop and implement approximations that accelerate QM methods 
while maintaining accuracy. Recent advances in machine learning (ML) techniques have proven immensely 
useful to address this challenge. ML can either minimize the need for extensive QM calculations or even bypass 
them altogether5. However, the performance of ML methods, including graph neural networks (GNNs)6,7, large 
language models (LLMs)8,9, and generative models10, is heavily influenced by the size and quality of the training 
data. The ability of currently available QM datasets to provide the size and quality required for machine learning 
applications is questionable. We believe developing a high-quality dataset will catalyze the application of ML 
techniques for predicting QM properties, coordinates and bond strengths.

Despite its widespread use in drug discovery and materials science, the so-called QM911 dataset has limita-
tions. Composed solely of smaller molecules with a maximum of nine atoms (C, O, N, and F), it fails to represent 
the full spectrum of chemical complexity in real-world applications, particularly drug discovery, where mole-
cules are often much larger. While QMugs12 offers the advantage of a vast collection of drug-like molecules (over 
665,000) and the ability to handle structures with up to 100 atoms, it’s important to consider that these molecules 
were optimized using a less computationally expensive, but potentially less accurate, semi-empirical level of the-
ory. Table 1 describes the selected QM datasets currently available. Additionally, analyzing 2600 FDA-approved 
drugs13 we found that the QM9 molecules capture only 10% of drug-relevant space, while the molecules with 40 
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atoms encompass 88 % as illustrated in Fig. 1b. Therefore, we have designed the QM40 database, which consid-
erably expands the QM9 chemical space by incorporating molecules with up to 40 atoms including also S and 
Cl (C, O, N, S, F, and Cl), making it a valuable training set for ML tasks predicting various QM parameters as 
depicted in Fig. 1a. The QM40 dataset includes 162,954 molecules originally obtained from the ZINC14 dataset 
which contains nearly 700 million drug-like molecules.

QM calculations are performed at the B3LYP/6-31G(2df,p) level of theory in consistency with the QM9 and 
Alchemy datasets. The computational method was chosen to provide the best compromise between accuracy and 
efficiency, following recent suggestions in the literature15–17. Additionally, QM40 can be seamlessly combined with 
QM9, which includes molecules with 0-10 heavy atoms, while QM40 covers molecules with more than 10 heavy 
atoms, as both datasets were generated using the same method. In particular, QM40 offers a new feature, including 
our unique local vibrational mode force constant as a quantitative bond strength measure18,19. Normal vibrational 
modes are generally delocalized due to kinematic and electronic coupling20,21. A certain normal vibrational mode 
cannot always be associated with an isolated bond because it can combine with other molecular fragment stretch-
ing, bending, or torsional movements. This combination hinders the direct relationship between the normal 
stretching frequency or associated normal mode force constant and bond strength and the comparison between 
stretching modes in related molecules. Konkoli and Cremer addressed this problem by solving mass-decoupled 
Euler–Lagrange equations22–24 and introducing the Local Vibrational Mode Theory. In particular, the local mode 
force constants ka have qualified as a quantitative measure of bond strength for both covalent bonds25–28 and weak 
chemical interactions29–31. The QM40 dataset is continuously updated with additional molecules and features. 
New information can be found on our Figshare repository32 and GitHub page QM40 dataset for ML.

In the dataset descriptor list reported here, we provide an extended dataset beyond QM9, accommodating up 
to 40 heavy atoms, which represents 88% of the FDA-approved drug chemical space, thus offering a closer reflec-
tion of drug-like chemical space. Additionally, It includes bond strength data for all bonds within the dataset. 
Therefore, we anticipate that the QM40 dataset will establish itself as a new standard benchmark for evaluating 
current and future methods in machine-learned potentials. Even more significantly, it is a robust foundation for 
developing future general-purpose machine-learned potentials. This dataset provides a substantial head start on 
data generation, and its capabilities can be further enhanced by incorporating existing or future datasets encom-
passing additional relevant regions of chemical space.

Methods
QM calculations.  All electronic structure calculations, including geometry optimizations and frequency 
calculations, were carried out using the B3LYP/6-31G(2df,p) level of theory in the Gaussian1633 package. Local 
mode force constants were calculated with our LModeA34 software package and local vibrational mode parame-
ters were automatically generated using our LModeAGen protocol35.

Molecular geometry generation.  The QM40 dataset is a meticulously chosen subset of molecules from 
the ZINC database, specifically designed for drug discovery applications. To achieve this focus, QM40 excludes 
anions and cations and only considers neutral molecules with a maximum of 40 atoms composed of C, N, O, S, 
F, and Cl. This selection of atom count and elements aligns with the analysis of FDA-approved drugs up to 2023. 
Figure 1 depicts the distribution of atom count (a), and elements (b) in FDA-approved drugs.

Molecular SMILES strings from the ZINC database were converted into PDB files using RDKit36. This 
process incorporates atomic connectivity, atomic coordinates, and the addition of hydrogen atoms, result-
ing in charge-neutral singlet ground states. The initial geometries for DFT calculations were obtained by 
pre-optimizing the structures using the extended tight-binding (xTB)37 method with the GFN2-xTB38 level 
of theory. Employing the final optimized coordinates from the xTB calculations, DFT calculations were per-
formed, followed by frequency calculations. LModeA calculations were performed for each molecule using 
the final checkpoint file generated from the corresponding frequency calculation. Any molecule encountering 
convergence failures, imaginary frequencies, or LModeA unphysical parameters was excluded from the dataset 
throughout each stage. Figure 2 comprehensively illustrates the data generation workflow.

Data Records
The QM40 dataset is archived in CSV file format and publicly available through a Figshare data repository32. 
The dataset is organized into three separate sets of CSV files. The core information resides in the “QM40 Main 
Dataset” CSV file containing 162,954 SMILES strings and corresponding QM parameters. These parameters 
are detailed in Table 2. “QM40 xyz Dataset” stores each molecule’s initial and optimized atomic Cartesian 

Dataset #Tasks #Molecules Heavy Atoms (max) Level of theory

QM841 12 21,786 8 CAM-B3LYP

QM9 12 133,885 9 B3LYP/6-31G(2df,p)

Alchemy42 12 119,487 14 B3LYP/6-31G(2df,p)

ANI-143 NA 57,462 8 ωB97X-D/6-31G(d)

QMugs 42 665,911 100 GFN2-xTB

QM40 16 162,954 40 B3LYP/6-31G(2df,p)

Table 1.  QM Dataset Details: number of molecules, number of heavy atoms and level of theory.
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coordinates alongside Mulliken charges. The third file, “QM40 bond Dataset” contains the bond information 
with local mode force constants for every bond within the molecule. The QM40 xyz and bond datasets are fur-
ther detailed in Tables 3 and 4, respectively.

Technical Validation
Validation of geometric consistency.  The geometry optimization of structures initially derived from 
SMILES strings can lead to changes that alter the type of molecule, causing inconsistencies between the optimized 
geometry and the original SMILES code. To address this, the consistency of the B3LYP optimization in the dataset 
was verified using LModeA to check for unphysical parameters. LModeA input files were generated based on 
connectivity information derived from the initial geometry in the PDB files. The LModeA package then uses this 
connectivity information to retrieve optimized data from the formatted checkpoint file (FCHK) for local vibra-
tional mode analysis. If the specific connectivity in the LModeA input file does not match that created from the 
optimized FCHK file, the LModeA package returns the message, “Unphysical parameter was detected. Molecules 
with unphysical parameters were selectively removed from the dataset, as they represent conformers that do not 
correspond to the original molecule. Figure 2 provides a graphical representation of this procedure.

Validation of quantum chemistry results.  We modeled all 162,954 molecules using the B3LYP/6-
31G(2df,p) level of DFT. This approach aligns with the methodology used for the QM9 dataset. We specifically 
focused on molecules containing more than 10 atoms. This allows for the concatenation of QM9 with QM40, 
creating a combined dataset with approximately 300k molecules. The chosen B3LYP/6-31G(2df,p) level has been 
previously validated against high-level theories (G4MP2, G4, and CBS-QB3) used in the QM9 study.

Fig. 1  Statistical analysis of 2,584 FDA-approved drugs by (DrugCentral 2023)44 (a) Distribution of heavy 
atoms, (b) Distribution of heavy atom count.

Fig. 2  Scheme for generating optimized QM parameters, geometry and Local vibrational mode frequencies of 
162,954 molecules from the ZINC database.
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Validation of the QM40 chemical space.  The chemical space of QM40 was validated using two methods. 
The first method involved dividing the QM40 dataset into six classes based on the number of atoms per molecule: 
10-15, 15-20, 20-25, 25-30, 30-35 and 35-40. The number of molecules in each class was then calculated and vis-
ualized in Fig. 3. As shown in the figure, nearly 26% of the molecules belong to the 10-15 atom range, followed by 
21% in the 25-30 atom range. The 20-25 atom range has the smallest representation, at 7%. It’s important to note 
that despite these variations, all classes contain over 12,000 molecules.

To further validate the chemical space of QM40, the dataset was split into 16 distinct databases based on 
specific bond types (CC, CH, OH, NH, etc., detailed in Table 5). For each bond type, we calculated the number 
of molecules containing that bond, the total number of such bonds, and the maximum, minimum, average, and 

No. Property Unit Description

1 Zinc_id NA Connect and find a specific data

2 smile NA SMILE representation of the molecule

3 Internal_E(0K) Ha Internal energy at 0 K

4 HOMO Ha Energy of HOMO

5 LUMO Ha Energy of LUMO

6 HL_gap Ha Energy difference of (HOMO - LUMO)

7 Polarizability a0
3 Isotropic polarizability

8 spatial_extent a0
2 Electronic spatial extent

9 dipol_mom D Dipole moment

10 ZPE Kcal/mol Zero point energy

11 rot1 GHz Rotational constant1

12 rot2 GHz Rotational constant2

13 rot3 GHz Rotational constant3

14 Inter_E(298) Ha Internal energy at 298.15 K

15 Enthalpy Ha Enthalpy at 298.15 K

16 Free_E Ha Free energy at 298.15 K

17 CV cal/molK Heat capacity at 298.15 K

18 Entropy cal/molK Entropy at 298.15 K

Table 2.  Calculated properties in the B3LYP/6-31G(2df,p) level of theory. Properties are stored in the QM40_
main.csv file.

No. Property Description

1 Zinc_id Specific id

2 smile SMILE string

3 atom Atom symbol

4 init_x Initial x coordinates

5 init_y Initial y coordinates

6 init_z Initial z coordinates

7 final_x Optimized x coordinates

8 final_y Optimized y coordinates

9 final_z Optimized z coordinates

10 charge Mulliken Charges

Table 3.  Calculated geometry in the B3LYP/6-31G(2df,p) level of theory. Properties are stored in the QM40_
xyz.csv file.

No. Property Description

1 Zinc_id Specific id

2 smile SMILE representation

3 atom1 First atom of the bond

4 atom2 Second atom of the bond

5 bond Name of the bond e.g. C1C2

6 tag Type of bond e.g. CC

7 lmod (Ka) Local vibrational mode stretching force constant

Table 4.  Calculated Local vibrational mode force constants in the B3LYP/6-31G(2df,p) level of theory. 
Properties are stored in the QM40_bond.csv file (Lmod units: mDyn/Å).
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standard deviation of the local vibrational stretching force constant. This analysis confirms the consistency of 
the data concerning the presence of different bond types in the geometries of the dataset. It also verifies that all 
bonds were formed exclusively by the elements C, O, N, S, Cl, F, and H. Furthermore, the top three maximum 
bond strengths were identified in NN triple bonds, CN triple bonds, and CC triple bonds, consistent with their 
experimental bond dissociation enthalpy values27,39. Conversely, the analysis revealed a low prevalence of SS, NF, 
and SH bonds in the QM40 dataset, suggesting a natural scarcity of these bond types in drug-like compounds40.

Fig. 3  Number of heavy atom composition of QM40 dataset.

Bond 
type # molecules # bonds max strength min strength avg stregth std strength

ALL 162954 7760216 19.706 0.074 5.333 1.503

CC 162952 2114772 17.396 0.074 4.832 1.364

CH 162948 3527093 6.546 0.114 5.213 0.234

OH 26100 28247 8.350 0.284 7.870 0.469

NH 112923 167258 7.630 0.075 7.090 0.634

NO 13975 18302 11.776 0.836 5.992 2.837

CO 152357 509494 14.160 0.180 7.384 3.411

SO 17664 34717 10.741 0.966 9.587 0.725

CS 49171 97710 6.166 0.550 2.964 0.556

CN 154799 1086262 19.706 0.109 5.527 1.461

NN 54792 68879 19.424 1.419 5.307 0.711

CCl 15700 19274 4.175 0.871 3.300 0.328

CF 36403 67713 7.258 1.211 5.485 0.587

SN 14057 16080 6.979 0.338 3.345 0.620

SH 25 26 4.168 3.756 4.081 0.099

NF 4 4 5.665 2.811 4.314 1.414

SS 6 7 2.284 0.279 1.128 0.915

Table 5.  Statistical analysis of QM40 bond types using bond strength as a local vibrational force constant (Ka). 
All the strength values are in mDyn/Å.
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Usage Notes
QM40 provides a GitHub repository. The repository includes a user-friendly Python application for generat-
ing the dataset. This application can be easily installed using common pip package managers. In addition, the 
repository offers a Python module specifically designed for interacting with the QM40 data users. This module 
provides functionalities for navigating the QM properties, geometries and bond information, extracting specific 
information, and even downloading subsets of interest. To ensure smooth exploration and utilization, it comes 
with a README file and tutorials that detail technical specifications and include usage examples.

Code availability
QM40 GitHub repository can be accessed and downloaded under CC BY 4.0 license (QM40 dataset for ML). 
Additionally, the QM40 website is available online (QM40 website).
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