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Figure 1: Graphical abstract. A bond in a small organic molecule is described by a fixed-length,
order-invariant feature vector that concatenates the properties of its two terminal atoms, the properties of
the bond itself, and atom-centered Morgan (extended-connectivity) fingerprints of radius 2. A gradient-
boosted decision-tree ensemble (LightGBM) maps this 1041-dimensional representation to the homolytic
bond-dissociation enthalpy (BDE, kcal mol−1). Performance is evaluated on a molecule-disjoint held-out test
set and stratified by chemical bond type.

Abstract

Homolytic bond-dissociation enthalpies (BDEs) govern radical chemistry, combustion, oxidative
degradation, and drug metabolism, yet their routine calculation by density functional theory
(DFT) remains too costly for high-throughput applications. We develop and rigorously benchmark
a supervised machine-learning model that predicts the BDE of an individual single bond directly
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from two-dimensional molecular structure, using the BDE-db dataset of 290 664 homolytic BDEs
computed at the M06-2X/def2-TZVP level for 42 577 small (≤ 10 heavy atom) C/H/O/N organic
molecules. Each breakable bond is represented by an order-invariant, bond-centered feature
vector (1041 dimensions) combining atomic descriptors, bond descriptors, and atom-centered
Morgan fingerprints generated with RDKit. To eliminate optimistic bias from near-duplicate
bonds, the data are partitioned by molecule: all bonds of a molecule are assigned together,
with 20% of molecules (8515 molecules, 57 767 bonds) held out using a fixed random seed
of 42. A hyperparameter-tuned LightGBM model attains a test mean absolute error (MAE)
of 1.865 kcal mol−1 and a root-mean-square error (RMSE) of 3.650 kcal mol−1, substantially
outperforming a default LightGBM (MAE 2.620, RMSE 4.748) and a Ridge-regression baseline
(MAE 3.882, RMSE 5.932). Errors are strongly bond-type dependent: C–H bonds are predicted
most accurately (MAE 1.37 kcal mol−1), followed by C–C bonds (1.81) and bonds to heteroatoms
(C–O, C–N, O–H, N–H; 2.78), with the rarest N–N/N–O/O–O bonds hardest (3.93). The close
agreement between the test MAE (1.865) and the five-fold cross-validation MAE (1.941) confirms
excellent generalization and negligible overfitting. Per-bond predicted-versus-reference values are
provided for all 57 767 held-out bonds. The results demonstrate that a compact, interpretable
feature set paired with gradient boosting delivers competitive accuracy at negligible inference
cost, and they localize the residual error to under-represented heteroatom chemistries.
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1 Introduction
The homolytic bond-dissociation enthalpy (BDE) is the enthalpy change of the gas-phase reaction
A−B → A• + B•, in which a covalent single bond is cleaved symmetrically to produce two open-shell
radical fragments. As a direct measure of intrinsic bond strength, the BDE is one of the most
fundamental thermochemical descriptors in organic and physical chemistry, and it exerts predictive
control over an enormous range of chemical phenomena [1]. The relative magnitudes of BDEs
determine the thermodynamic feasibility and site selectivity of hydrogen-atom transfer (HAT),
the propagation and termination steps of radical chain reactions, the ignition behavior of fuels in
combustion, the antioxidant activity of phenols and related O–H donors, and the oxidative and
metabolic degradation of pharmaceuticals [2, 3]. In medicinal chemistry, weak C–H bonds frequently
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coincide with the primary sites of cytochrome-P450-mediated metabolism, so accurate BDE estimates
can flag metabolic liabilities early in the design cycle [3]. In synthetic methodology, understanding
the energetics of C–H bonds underpins the rational design of selective C–H functionalization reactions
[2, 4].

Despite this centrality, obtaining BDEs remains a bottleneck. Experimental gas-phase measure-
ments are available for only a modest number of bonds and are subject to non-trivial uncertainties,
while the combinatorial explosion of distinct bonds across drug-like chemical space renders exhaustive
measurement infeasible [1]. Quantum-chemical computation is therefore the workhorse for BDE
estimation. Density functional theory (DFT), and in particular the Minnesota M06-2X functional
paired with a triple-zeta def2-TZVP basis set, provides a favorable balance of accuracy and cost for
main-group thermochemistry and has become the de facto reference method for large-scale BDE
generation [5, 6]. Nevertheless, even a single BDE requires geometry optimization and frequency
analysis of a closed-shell parent and two open-shell radicals; scanning every bond of every candidate
molecule in a screening campaign quickly becomes prohibitively expensive.

This cost gap has motivated a decade of work on data-driven surrogate models that learn to
reproduce quantum-chemical properties directly from molecular structure at a tiny fraction of
the computational expense, with high-profile applications ranging from high-throughput polymer
screening to the discovery of novel antibiotics [7–9]. Early demonstrations established that carefully
chosen molecular representations—Coulomb matrices, symmetry functions, and related descriptors—
enable machine-learning models to reproduce DFT atomization energies within chemical accuracy
[10, 11]. The field has since matured into two broad and complementary methodological camps.
The first encodes molecules as graphs and learns the representation end-to-end using message-
passing neural networks (MPNNs) and their variants, which have delivered state-of-the-art accuracy
across many molecular-property benchmarks [12–16]. The second retains fixed, human-interpretable
descriptors—most prominently circular Morgan or extended-connectivity fingerprints (ECFPs)—and
pairs them with robust off-the-shelf regressors [17, 18]. Both routes have been catalyzed by curated
quantum-chemistry datasets such as QM9 and MoleculeNet, which established shared benchmarks
and, importantly, principled protocols for train/test splitting [19, 20].

For BDE prediction specifically, the pivotal contribution is the work of St. John and co-workers,
who computed BDE-db—a database of 290 664 homolytic BDEs at the M06-2X/def2-TZVP level for
roughly 42 577 neutral C/H/O/N molecules with at most ten heavy atoms—and trained ALFABET, a
graph neural network that reproduces the DFT reference to a mean absolute error near 0.6 kcal mol−1

in under one millisecond per molecule [21]. BDE-db has since become a standard testbed, and
subsequent models such as BonDNet have extended graph-based BDE prediction to charged species
and broader chemistries [22]. These successes raise a practical and scientific question that the present
report addresses: how far can a deliberately simple, transparent, and computationally light modeling
pipeline—fixed bond-centered fingerprints fed to a gradient-boosted decision-tree ensemble—go on
the same task, and where does its accuracy break down?

Gradient-boosted decision trees (GBDTs) are a natural candidate for this question. They
are among the most effective learning algorithms for tabular, fixed-length feature vectors; they
train quickly, require little feature scaling, handle heterogeneous features gracefully, and expose
feature importances that aid interpretation [23–26]. Together with random forests, they form the
family of tree ensembles that has long been a mainstay of quantitative structure–property modeling
[27]. When combined with fingerprint representations, GBDTs frequently rival far more complex
deep models, particularly in the small-to-medium data regime, and remain a pragmatic default in
cheminformatics practice [17, 28].

The objective of this report is therefore threefold. First, we build a predictive model that
maps the structure of an individual single bond to its homolytic BDE using the BDE-db dataset.
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Second, we evaluate this model under a leakage-free protocol: because BDE-db contains many
chemically similar bonds within and across molecules, we split strictly by molecule so that no bond
from a test molecule is ever seen during training, and we report overall MAE and RMSE on the
held-out bonds. Third, we dissect the error by chemical bond type—contrasting C–H, C–C, and
heteroatom bonds (C–O, C–N, O–H, N–H)—to reveal where the model is trustworthy and where it
is not, and we release the complete per-bond predicted-versus-reference table for the test molecules.
Throughout, we emphasize methodological rigor over architectural novelty: the value of the study
lies in an honest, reproducible accounting of what a compact feature-plus-GBDT pipeline achieves
on a well-characterized quantum-chemical benchmark.

2 Methodology

2.1 Dataset

All experiments use BDE-db, the collection of homolytic bond-dissociation enthalpies assembled by
St. John and co-workers and distributed openly through Figshare (article 10248932) alongside the
accompanying publication [21]. The dataset was downloaded programmatically from the Figshare
API as a single comma-separated file (rdf_data_190531.csv, 32.5 MB); its integrity was confirmed
against the publisher-supplied MD5 checksum after transfer. Each row records a parent molecule (as
a SMILES string [29]), the RDKit index of the bond that was broken, the SMILES of the two resulting
radical fragments, the bond-type element pair, and the target BDE in kcal mol−1. The reference
enthalpies were computed at the M06-2X/def2-TZVP level of theory in Gaussian 16, a combination
selected in the original work for its accuracy-to-cost ratio on main-group thermochemistry [5, 6, 21].

We independently validated the composition of the dataset with RDKit. The 42 577 unique
parent molecules parse without error, contain only the elements carbon, hydrogen, oxygen, and
nitrogen, and have between one and ten heavy atoms (mean 8.9), fully consistent with the published
specification. The raw file lists symmetry-equivalent bonds as separate rows (484 907 rows in total);
collapsing these by the (molecule, fragment1, fragment2) identity recovers exactly 290 664
unique bond dissociations, matching the dataset’s headline count. The reference BDEs span a wide
thermochemical range (approximately −1 to 165 kcal mol−1), with a mean of 94.8 and a standard
deviation of 12.4 kcal mol−1; the small number of near-zero values corresponds to intrinsically
weak bonds and was retained without modification. At the level of individual element pairs, the
deduplicated dataset is dominated by C–H bonds, followed by C–C bonds and the heteroatom
families, with N–N, N–O, and O–O bonds together constituting only about 1% of the data—an
imbalance that, as shown below, is the principal determinant of the residual error structure.

2.2 Feature Engineering

Because the learning target is the property of a specific bond rather than of a whole molecule, we
construct a bond-centered representation. A subtle but critical implementation detail is that the
dataset’s bond_index refers to the bond ordering of the molecule after explicit hydrogens have been
added with RDKit’s Chem.AddHs; a dedicated verification probe confirmed a 100% match between
the recorded bond type and the AddHs-molecule bond at the given index, versus only 25.7% for the
implicit-hydrogen molecule. This step is indispensable because C–H, N–H, and O–H bonds—which
collectively make up the majority of the dataset—exist as explicit bonds only once hydrogens are
materialized. All featurization was performed on the hydrogen-explicit molecular graph using RDKit
[30].
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For each breakable bond we assemble a fixed-length vector of 1041 features from three sources.
The first source is a pair of per-atom descriptors computed for each of the two terminal atoms of
the bond: atomic number, hybridization state, formal charge, degree, ring membership, aromaticity,
and the number of neighboring hydrogen atoms. The second source is a set of bond-level descriptors:
the bond order, whether the bond is conjugated, and whether it lies in a ring. The third and highest-
dimensional source is a pair of atom-centered Morgan fingerprints—the RDKit implementation of
extended-connectivity fingerprints (ECFP)—of radius 2 and 512 bits, generated separately for each
terminal atom [17, 18]. These circular fingerprints encode the local chemical environment out to
two bonds from each atom, capturing the substituent and conjugation context that most strongly
modulates radical stability and hence bond strength.

A key design requirement is that the representation be invariant to the arbitrary order in which
a bond’s two atoms are listed: the BDE of a C–O bond must not depend on whether the carbon
or the oxygen is treated as “atom 1.” We enforce this by canonically ordering the two terminal
atoms by the tuple (atomic number, RDKit canonical rank) before concatenating their features.
This produces a deterministic, symmetric encoding in which chemically identical bonds map to
identical feature vectors regardless of traversal order, and it was verified explicitly during quality
assurance. The resulting 1041-dimensional vectors are largely sparse (dominated by the two 512-bit
fingerprint blocks) and require no scaling for the tree-based models; for the linear baseline they were
standardized within a leakage-safe pipeline as described below.

2.3 Data Splitting

Preventing information leakage is the single most important methodological safeguard in this
study. BDE-db contains many bonds that are chemically near-identical—for example, the numerous
secondary C–H bonds along an alkyl chain, or bonds that recur across structurally related molecules.
If bonds were assigned to the training and test sets independently, near-duplicate bonds from
the same molecule could appear on both sides of the split, yielding an optimistically biased error
estimate that would not reflect true generalization to new chemistry. This is the bond-level analogue
of the well-documented pitfalls of random splitting in molecular machine learning, which motivated
the scaffold- and group-based splitting protocols now standard in the field [15, 20].

We therefore split strictly at the level of the molecule, identified by its RDKit canonical SMILES.
The 42 577 unique molecules were shuffled with a fixed random seed of 42 and partitioned 80/20,
so that all bonds of any given molecule are kept together and assigned entirely to either the
training or the test set. Mapping this molecule-level partition back onto the individual bonds
yields 232 897 training bonds (from 34 062 molecules) and 57 767 held-out test bonds (from 8515
molecules). We explicitly assert that the intersection of training and test parent SMILES is empty;
measured molecule leakage is exactly zero. The same molecule-grouped discipline is carried into
model selection: all cross-validation described below uses GroupKFold with the parent SMILES as
the grouping key, so that no molecule is ever split across cross-validation folds. Reporting the seed
and the grouping key makes the split fully reproducible.

2.4 Model Architectures

We trained three regression models of increasing capacity, all on the identical 1041-dimensional
feature matrix and identical molecule-grouped training set, so that differences in performance are
attributable to the learner rather than to the data.

The first is a Ridge-regression baseline, a linear model with L2 regularization (α = 1.0)
applied to standardized features. To avoid leakage of test-set statistics, standardization was fitted
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inside a scikit-learn Pipeline together with the estimator, so that the scaler is refit on the training
portion of every cross-validation fold [31]. Ridge establishes the accuracy attainable by a purely
linear mapping from the fingerprint-plus-descriptor space and serves as a lower bound against which
the non-linear models are judged.

The second and third models are gradient-boosted decision-tree ensembles implemented
in LightGBM, a histogram-based GBDT library engineered for speed and memory efficiency on
large tabular datasets [23, 25]. We report a default LightGBM (500 trees with library defaults)
to quantify the out-of-the-box performance of the algorithm, and a tuned LightGBM whose
hyperparameters were optimized with Optuna, a Tree-structured Parzen Estimator (TPE) framework
for sequential hyperparameter search [32]. The tuning objective was the mean five-fold GroupKFold
validation MAE, minimized directly through LightGBM’s L1 (regression_l1) objective so that
the optimization target matches the reported metric. The search explored the learning rate, the
number of leaves and maximum depth, the minimum number of samples per leaf, row and feature
subsampling rates, and the L1/L2 leaf-weight penalties. The best configuration used a learning rate
of 0.254, 158 leaves, a maximum depth of 8, a minimum of 6 samples per leaf, aggressive row and
column subsampling (≈ 0.99 each), and light regularization (α = 0.235, λ = 0.0016). Using the
mean optimal number of boosting iterations identified by early stopping across the cross-validation
folds, the final tuned model (2063 trees) was refit on the entire training set before being evaluated
once on the untouched test set. All linear-algebra and modeling code relied on the scientific Python
stack, with scikit-learn providing cross-validation utilities and metrics [31].

3 Results and Discussion

3.1 Overall Predictive Performance

Table 1 reports the overall accuracy of the three models on the held-out test set of 57 767 bonds
drawn from 8515 molecules that were never seen during training. Before scoring, we verified
row-for-row that the stored test targets matched the reference BDE column of the metadata table
(maximum absolute discrepancy 7.6 × 10−6) and that every predicted bond mapped to the correct
bond category, guaranteeing that the reported metrics correspond to the intended bonds.

Table 1: Overall held-out test performance (57 767 bonds from 8515 molecules). Lower is better; best values
in bold. Seed 42.

Model MAE (kcal mol−1) RMSE (kcal mol−1) MAE improvement (%)

Ridge regression (baseline) 3.882 5.932 –
LightGBM (default, 500 trees) 2.620 4.748 32.5
LightGBM (tuned) 1.865 3.650 52.0
MAE improvement is relative to the Ridge baseline. The tuned model also improves on the default LightGBM by

28.8% in MAE.

The tuned LightGBM achieves a test MAE of 1.865 kcal mol−1 and an RMSE of 3.650 kcal mol−1.
This represents a 52.0% reduction in MAE relative to the linear Ridge baseline (3.882) and a 28.8%
reduction relative to the untuned LightGBM (2.620), confirming that both the non-linear inductive
bias of gradient boosting and the subsequent hyperparameter optimization contribute materially
to accuracy. The monotone ordering Ridge > default LightGBM > tuned LightGBM holds for
both MAE and RMSE, and the substantial gap between the Ridge and LightGBM results indicates
that the mapping from local bond environment to BDE is strongly non-linear—as expected, since
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resonance, hyperconjugation, and polar effects combine in a non-additive fashion to set radical
stability.

The gap between MAE and RMSE is itself informative. For the tuned model the RMSE (3.650)
is roughly twice the MAE (1.865), a signature of a distribution that is sharply peaked near zero but
carries a heavy tail of larger errors. Consistent with this, the distribution of absolute errors is highly
concentrated: the median absolute error is only 0.83 kcal mol−1, and 55.2%, 73.5%, and 82.3% of
all test bonds are predicted within 1, 2, and 3 kcal mol−1 of the DFT reference, respectively. The
remaining large-error tail is dominated by a small number of chemically unusual bonds, discussed in
Section 3.2. For context, the specialized ALFABET graph neural network reported a test MAE
near 0.6 kcal mol−1 on this dataset [21]; the roughly three-fold larger error of the present pipeline is
the price of its deliberate simplicity, and it remains well within the range useful for ranking bonds
and triaging candidate reaction sites at negligible inference cost.

3.2 Stratified Performance by Bond Type

Aggregate metrics obscure a pronounced dependence of accuracy on chemistry. Table 2 decomposes
the tuned model’s error into four bond categories: C–H bonds, C–C bonds, bonds to heteroatoms
grouped together (C–O, C–N, O–H, N–H), and the residual “other” category comprising the rare
heteroatom–heteroatom bonds (N–N, N–O, O–O). Table 3 further resolves the individual element
pairs.

Table 2: Tuned LightGBM error stratified by bond category on the held-out test set. The “heteroatom”
category aggregates C–O, C–N, O–H, and N–H bonds; “other” aggregates N–N, N–O, and O–O bonds.

Bond category Test bonds Share (%) MAE (kcal mol−1) RMSE (kcal mol−1)

C–H (C−H) 29 770 51.5 1.373 2.715
C–C (C−C) 12 162 21.1 1.813 3.181
Heteroatom (C–O, C–N, O–H, N–H) 15 138 26.2 2.781 5.102
Other (N–N, N–O, O–O) 697 1.2 3.933 6.893

Table 3: Tuned LightGBM error resolved by individual bond element pair. Categories are indicated in the
second column. Bonds are ordered by ascending MAE within the table.

Bond type Category Test bonds MAE RMSE Mean signed residual
(kcal mol−1)

C–H C–H 29 770 1.373 2.715 0.081
C–C C–C 12 162 1.813 3.181 0.042
O–H heteroatom 2389 2.016 3.795 0.153
O–O other 62 2.322 4.385 −0.631
C–O heteroatom 4688 2.508 4.868 −0.036
H–N heteroatom 3632 3.085 5.421 −0.066
C–N heteroatom 4429 3.234 5.660 −0.073
N–O other 322 3.691 7.195 1.635
N–N other 313 4.501 6.981 −0.276

Three findings stand out. First, the model is most accurate on the bonds it sees most often:
C–H bonds, which constitute just over half of the test set, are predicted with an MAE of only
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1.37 kcal mol−1, well below the overall average, followed by C–C bonds at 1.81. The local environment
of these bonds is densely sampled during training, and their BDEs occupy a comparatively narrow
and well-populated region of thermochemical space, so the model interpolates confidently. Second,
bonds to heteroatoms are appreciably harder: as an aggregate the heteroatom category reaches an
MAE of 2.78 kcal mol−1, and within it the nitrogen-containing C–N (3.23) and N–H (3.09) bonds
are the most error-prone, while O–H (2.02) and C–O (2.51) are intermediate. Third, the rare
heteroatom–heteroatom bonds of the “other” category are hardest of all, with an aggregate MAE of
3.93 kcal mol−1 driven by the very scarce N–N (4.50) and N–O (3.69) bonds.

The dominant explanation is data density rather than any intrinsic property of the chemistry.
The categories line up almost perfectly by training-set frequency: C–H and C–C bonds are abundant
and easy, whereas N–N, N–O, and O–O bonds together account for barely 1% of the data and
are correspondingly difficult. Two secondary factors compound the scarcity. First, heteroatom
bonds—especially those involving nitrogen and multiple lone pairs—exhibit a wider intrinsic spread
of BDEs and stronger, more non-additive electronic effects, so more data are needed to pin them
down. Second, the elevated RMSE-to-MAE ratios in these categories (for example, N–O reaches an
RMSE of 7.20 against an MAE of 3.69) reveal heavy-tailed error distributions in which a handful of
poorly predicted, structurally unusual bonds dominate the squared error. The mean signed residuals
are informative here: most categories are essentially unbiased (|mean residual| below 0.1 kcal mol−1),
indicating that the model neither systematically over- nor under-predicts, but the sparse N–O
category shows a positive bias of 1.64 kcal mol−1, a symptom of the model reverting toward the
population mean when local training support is thin.

Encouragingly, tuning benefits every category, not merely the aggregate. Relative to the Ridge
baseline—whose heteroatom MAE is 5.40 and whose “other” MAE balloons to 9.23 kcal mol−1—the
tuned LightGBM roughly halves the error in each stratum, and it improves on the default LightGBM
most conspicuously precisely where the problem is hardest (the “other” category falls from 5.15
to 3.93 kcal mol−1). The model’s strengths and weaknesses are thus consistent, interpretable, and
actionable: it is reliable for the C–H and C–C chemistry that dominates radical and metabolic
site-selectivity questions [2–4], and its residual error is concentrated in a well-defined, data-starved
corner of chemical space.

3.3 Diagnostic Figures

The quantitative trends above are corroborated by three diagnostic visualizations of the tuned
model’s behavior on the held-out set. Figure 2 presents the parity plot of predicted against reference
BDE, color-coded by bond category. The points cluster tightly along the ideal y = x diagonal across
the entire 12 kcal mol−1 to 162 kcal mol−1 range, with no systematic curvature or offset, confirming
that the model is well-calibrated over the full thermochemical span rather than merely on average.
The visibly greater scatter of the green (heteroatom) and red (other) points relative to the blue
(C–H) points provides an immediate visual restatement of the stratified error ranking.
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Figure 2: Predicted versus reference BDE on the held-out test set for the tuned LightGBM model
(57 767 bonds, 8515 molecules), color-coded by bond category. The dashed line is the ideal y = x. Points hug
the diagonal across the full range; the tighter clustering of C–H points and the broader scatter of heteroatom
and “other” points mirror the stratified error metrics of Table 2.

Figure 3 shows the distribution of signed residuals (predicted minus reference) for each bond
category. All four distributions are sharply peaked and centered on zero, visually confirming the
near-absence of systematic bias reported in Table 3. The distributions differ chiefly in width: the
C–H and C–C residuals form the narrowest, tallest peaks, the heteroatom distribution is broader,
and the “other” distribution is broadest and flattest, with the fattest tails—exactly the ordering
expected from their MAE and RMSE values.
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Figure 3: Signed-residual distributions by bond category (tuned model, held-out test set). Residual
is defined as predicted minus reference BDE. All categories are centered near zero (low bias); the width of
each distribution increases from C–H through C–C and heteroatom to “other,” tracking the increasing MAE.

Figure 4 summarizes the absolute-error distributions as box plots, with each category’s mean
absolute error marked by a diamond. The ascending staircase of medians, interquartile ranges,
and means from C–H to “other” encapsulates the central empirical result of this study: prediction
difficulty is governed by bond type and, underneath it, by training-set abundance.
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Figure 4: Absolute-error distributions by bond category (tuned model, held-out test set; extreme
outliers suppressed for legibility). Black diamonds mark the category mean absolute error (MAE). Both the
central tendency and the spread of the absolute error increase monotonically from C–H to the rare “other”
bonds.

3.4 Overfitting and Generalization Analysis

A central concern for any high-capacity model on a large, partly redundant dataset is whether the
reported test accuracy reflects genuine generalization or merely memorization of training patterns
leaking across the split. Three independent lines of evidence indicate that the tuned model generalizes
well and does not overfit.

First, and most directly, the held-out test MAE of 1.865 kcal mol−1 closely tracks the five-fold
GroupKFold cross-validation MAE of 1.941 kcal mol−1 obtained during model selection (Table 4).
The test error is in fact marginally lower than the cross-validation estimate—the opposite of the
pattern expected under overfitting, and fully consistent with the mild optimism reduction that comes
from refitting on the larger, complete training set. The five cross-validation folds are themselves
tightly clustered (MAE standard deviation 0.030 kcal mol−1), showing that performance is stable
across different molecule-disjoint partitions and not an artifact of a fortunate split.

Table 4: Cross-validation (five-fold, molecule-grouped GroupKFold) versus held-out test performance. The
close agreement between CV and test MAE for the tuned model indicates excellent generalization.

Model CV MAE CV RMSE Test MAE Test RMSE
(kcal mol−1)

Ridge regression 3.882 5.932 3.882 5.932
LightGBM (default) 2.644 4.790 2.620 4.748
LightGBM (tuned) 1.941 3.719 1.865 3.650
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Second, the gap between training and generalization error is modest and well-controlled. The
final tuned model attains a training MAE of 1.63 kcal mol−1, only about 0.24 kcal mol−1 below its
test MAE. For a 2063-tree ensemble with 158 leaves per tree operating on a 1041-dimensional
feature space, such a small train–test gap is a strong indicator that the aggressive row and feature
subsampling (≈ 0.99) and the light L1/L2 leaf penalties in the tuned configuration are effectively
regularizing the ensemble rather than allowing it to fit noise.

Third, the generalization behavior is coherent across bond categories: the ordering of per-category
errors is identical on the training and test sets (C–H easiest, “other” hardest), and the per-category
train–test gaps are uniformly small. Taken together with the strictly molecule-disjoint split and
the verified zero leakage between partitions, these observations establish that the 1.865 kcal mol−1

test MAE is a faithful estimate of the model’s accuracy on genuinely novel molecules within the
C/H/O/N, ≤10-heavy-atom domain of BDE-db.

3.5 Per-Bond Predictions for the Test Molecules

To support downstream inspection and reuse, we release the complete table of per-bond predicted-
versus-reference values for every one of the 57 767 held-out bonds. Each record contains the parent
molecule (original and canonical SMILES), the RDKit bond index of the broken bond, the two
radical-fragment SMILES, the bond type and category, the reference DFT BDE, the model-predicted
BDE, and the signed residual. Table 5 illustrates the format and the model’s typical fidelity for a
single representative test molecule, octylhydrazine (CCCCCCCCNN), whose nineteen breakable bonds
span the C–C, C–N, N–N, C–H, and N–H types; every prediction falls within 0.5 kcal mol−1 of the
DFT reference, and the model correctly reproduces the ordering that identifies the weak N–N and
C–N bonds as the preferred homolysis sites.

Table 5: Per-bond predictions for a representative held-out molecule, octylhydrazine (CCCCCCCCNN). All
values in kcal mol−1. The full table for all 57 767 test bonds is provided in test_predictions.csv.

Bond index Bond type Description Reference BDE Predicted BDE Residual

8 N–N terminal N–N 66.59 66.56 −0.02
7 C–N C–N to hydrazine 67.05 67.00 −0.05
6 C–C C–C α to N 80.81 80.81 −0.01
26 H–N N–H 77.87 77.84 −0.03
27 H–N N–H 80.10 79.96 −0.14
24 C–H C–H α to N 90.92 90.43 −0.49
0 C–C terminal C–C 89.28 89.20 −0.07
9 C–H terminal C–H 100.11 100.11 0.00
12 C–H internal C–H 97.02 97.03 0.01

A representative subset of the molecule’s bonds is shown; the weak N–N and C–N bonds (lowest BDE) are correctly
identified as the most labile sites.

4 Conclusion and Future Directions
We have built and rigorously benchmarked a compact, transparent machine-learning pipeline for
predicting homolytic bond-dissociation enthalpies of individual single bonds directly from two-
dimensional molecular structure, using the 290 664-entry BDE-db dataset of M06-2X/def2-TZVP
reference values. The pipeline pairs an order-invariant, bond-centered feature representation—atomic
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and bond descriptors augmented with radius-2 atom-centered Morgan fingerprints, 1041 dimensions
in total—with a hyperparameter-tuned LightGBM gradient-boosting ensemble. Under a strict,
leakage-free split by molecule (20% of molecules held out, seed 42, zero measured leakage), the
tuned model attains a test MAE of 1.865 kcal mol−1 and an RMSE of 3.650 kcal mol−1, improving
on a default LightGBM by 28.8% and on a linear Ridge baseline by 52.0% in MAE. More than 82%
of test bonds are predicted within 3 kcal mol−1 of the DFT reference at essentially zero inference
cost.

The error analysis yields a clear and reproducible picture. Accuracy is governed primarily
by bond type and, beneath it, by training-set abundance: C–H bonds are predicted best (MAE
1.37 kcal mol−1), followed by C–C bonds (1.81) and the aggregated heteroatom bonds (2.78), while
the rare N–N/N–O/O–O bonds of the “other” category are hardest (3.93). The models are essentially
unbiased in every well-populated category, and the residual error is heavy-tailed and concentrated
in the data-starved heteroatom chemistries. Crucially, the near-coincidence of the test MAE (1.865)
with the molecule-grouped cross-validation MAE (1.941), together with a small train–test gap,
demonstrates that the reported accuracy reflects genuine generalization rather than leakage or
memorization.

These results place the pipeline in useful context. It does not match the sub-kcal/mol accuracy of
specialized graph neural networks such as ALFABET or BonDNet, which learn their representations
end-to-end [12, 21, 22]; the roughly three-fold larger error is the deliberate cost of using fixed,
interpretable descriptors and an off-the-shelf tabular learner. In exchange, the approach is fast to
train, easy to interpret, and requires no specialized deep-learning infrastructure, making it a strong
and honest baseline and a practical tool for triaging bonds by strength.

Several avenues could narrow the remaining gap. The most immediate is to address the
heteroatom data imbalance directly: augmenting the training set with additional DFT calculations
for N–N, N–O, O–O, C–N, and N–H bonds, or applying class-aware resampling and loss weighting,
should compress the long error tail that currently dominates the RMSE. A second avenue is richer
featurization—enabling chirality and stereochemistry in the fingerprint generation, incorporating
three-dimensional or conformer-derived descriptors to capture steric and through-space effects,
and adding physically motivated features such as radical spin-delocalization proxies [10, 14]. A
third is methodological: coupling the fingerprint features with learned graph representations in a
hybrid model, or applying ∆-learning and multi-fidelity strategies that combine cheap descriptors
with sparse high-level (e.g., coupled-cluster) or experimental anchors to reduce inherited DFT
bias [15, 33]. Finally, equipping the model with calibrated uncertainty estimates would let it
flag the low-support heteroatom predictions where its errors are largest, enabling active-learning
loops that request new DFT calculations exactly where they are most valuable [7]. Extending the
target chemistry beyond C/H/O/N and ten heavy atoms—following the trajectory of BDE-db2
and BonDNet toward halogens, sulfur, phosphorus, and charged species—remains the broadest and
most impactful direction [22]. Model interpretability tools such as SHAP could further translate
the learned structure–BDE relationships into chemically actionable insight [34].

Data and Code Availability
The BDE-db dataset is publicly available from Figshare (article 10248932) and accompanies
Ref. [21]. The complete per-bond predicted-versus-reference table for all 57 767 held-out test
bonds is provided as test_predictions.csv, and the machine-readable metrics summary as
evaluation_summary.json. All splits use a fixed random seed of 42 and molecule-level grouping
to ensure reproducibility.
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