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Figure 1. Graphical abstract. End-to-end workflow: the raw QM9 dataset (133 885 molecules with
B3LYP/6-31G(2df,p) properties) is filtered to remove the 3054 geometry-inconsistent structures, leaving
130 831 clean molecules. Each molecule is encoded as a sorted, zero-padded 435-dimensional Coulomb-matrix
feature vector and partitioned into a fixed 110 000/10 000/10 831 train/validation/test split (seed 42). A
HistGradientBoostingRegressor predicts the HOMO–LUMO gap, achieving a held-out test MAE of 0.31 eV
(R2 = 0.88).

Abstract

The HOMO–LUMO gap is a first-order descriptor of the optoelectronic behaviour of organic
molecules, and its rapid prediction from structure alone is a central goal of quantum machine
learning. We report a fully reproducible pipeline that predicts the density-functional-theory
(DFT) HOMO–LUMO gap of small organic molecules in the QM9 dataset directly from their
three-dimensional geometry. Beginning from the 133 885 molecules of QM9 (up to nine heavy
atoms drawn from C, N, O, F, computed at the B3LYP/6-31G(2df,p) level), we apply the
canonical geometric-consistency filter to remove the 3054 molecules whose relaxed geometry
fails the SMILES/InChI round-trip test, yielding 130 831 clean molecules. Each molecule is
represented by a sorted, zero-padded Coulomb matrix flattened to a 435-dimensional feature
vector, and the data are divided into a fixed random split of 110 000 training, 10 000 validation,
and 10 831 test molecules (NumPy generator seed 42). Comparing a Ridge linear baseline, a
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histogram-based gradient-boosted tree ensemble, and a multilayer perceptron on the validation
set, the gradient-boosting model is selected and evaluated once on the held-out test set. It
attains a test-set mean absolute error (MAE) of 0.3126 eV (312.6meV), a root-mean-square
error (RMSE) of 0.4479 eV, and a coefficient of determination R2 = 0.8785. Stratifying by gap
magnitude, the narrow-gap subset (the lowest decile of true test gaps, ≤ 5.2763 eV, N = 1084)
is predicted with an MAE of 553.9meV — roughly 1.77× worse than the test set as a whole.
We trace this degradation to two coupled effects: the rarity of narrow-gap molecules in the
training distribution, and systematic regression toward the population mean at the edges of the
target range, which biases narrow-gap predictions upward (mean signed error +0.50 eV; 85% of
narrow-gap errors positive). Per-molecule predicted-versus-true gaps for all 10 831 test molecules
are released as a machine-readable CSV file.
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1.1 The chemical space of small organic molecules

The systematic exploration of chemical space — the combinatorially vast set of synthesisable molecules
— has been transformed over the past two decades by the ability to enumerate and characterise
molecules in silico. The Generated Database (GDB) project provided the foundational enumerations:
GDB-13 catalogued nearly one billion drug-like molecules of up to thirteen heavy atoms [1], and
its successor GDB-17 expanded this to 166 billion organic molecules of up to seventeen heavy
atoms [2]. These enumerations define a combinatorial universe far larger than any experimentally
characterised library, but their sheer size makes exhaustive quantum-mechanical characterisation
intractable. This tension — between the breadth of accessible chemical space and the cost of
high-quality electronic-structure calculations — motivates the development of surrogate models that
can predict quantum-chemical properties orders of magnitude faster than first-principles methods.

The QM9 dataset, introduced by Ramakrishnan and co-workers [3], is the benchmark that
crystallised this research programme. QM9 comprises 133 885 small organic molecules — a stable,
synthetically accessible subset of GDB-17 containing up to nine heavy atoms drawn from carbon,
nitrogen, oxygen, and fluorine (plus hydrogen). For every molecule, the dataset provides relaxed
three-dimensional geometries and a suite of ground-state properties computed at the B3LYP/6-
31G(2df,p) level of density-functional theory, including the energies of the highest occupied and
lowest unoccupied molecular orbitals (HOMO and LUMO) and their difference, the HOMO–LUMO
gap. Because it couples a well-defined chemical domain with consistent, reproducible labels, QM9
has become the de facto standard against which molecular machine-learning models are calibrated
and compared [4, 5].

1.2 The HOMO–LUMO gap and why it matters

The HOMO–LUMO gap is among the most consequential single-number descriptors of a molecule’s
electronic structure. It sets the energetic threshold for the lowest electronic excitation and thereby
governs a molecule’s chemical reactivity, kinetic stability, and — most importantly for applications
— its optoelectronic response. In organic electronics, the relative alignment of donor HOMO and
acceptor LUMO levels controls the open-circuit voltage and charge-separation driving force of organic
photovoltaic cells, while in organic light-emitting diodes the gap dictates injection barriers and
emission colour. A molecule with a large gap tends to be optically transparent and chemically inert,
whereas a narrow gap signals a low-lying excited state, enhanced polarisability, and candidacy for
use as a semiconductor, dye, or photocatalyst. The ability to screen for molecules with a target gap
is therefore a recurring subtask in materials discovery.

It is important to distinguish the quantity modelled here from the experimental optical or
transport gap. The B3LYP HOMO–LUMO gap is a Kohn–Sham orbital-energy difference; hybrid
functionals such as B3LYP — built from Becke’s exact-exchange mixing [6] and the Lee–Yang–Parr
correlation functional [7] — systematically underestimate true quasiparticle gaps and neglect exciton
binding. Consequently the DFT gap is best understood as a consistent, reproducible computational
label rather than a direct experimental observable. Our modelling target is precisely this B3LYP
quantity, so a successful surrogate reproduces the DFT calculation, not the laboratory measurement.
This distinction is standard in the QM9 literature and does not diminish the practical utility of the
surrogate: a fast, accurate emulator of the DFT gap enables high-throughput pre-screening before
more expensive calculations or experiments are committed.
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1.3 Machine learning of quantum-chemical properties

The idea that a statistical model can learn the mapping from molecular structure to a quantum-
mechanical property was placed on firm footing by Rupp and co-workers, who introduced the
Coulomb matrix representation together with kernel ridge regression to predict atomisation energies
[8]. The Coulomb matrix encodes a molecule as a symmetric matrix whose diagonal captures
atomic self-energy and whose off-diagonal entries encode nuclear–nuclear Coulomb repulsion, giving
a representation that is invariant to translation and rotation and — once its rows are sorted — to
atom permutation. Subsequent work extended these ideas to electronic properties, including the
HOMO–LUMO gap, using neural networks over the same descriptor family [9], and systematically
assessed the fidelity of such models against DFT reference data [10].

The field has since advanced along two complementary axes. On one axis, richer hand-crafted or
learned representations — and, ultimately, end-to-end graph neural networks such as the message-
passing framework of Gilmer et al. [11] and the continuous-filter convolutional network SchNet [12]
— have driven prediction errors on QM9 below the intrinsic error of hybrid DFT itself [5]. On the
other axis, the community has established standardised benchmarks and baselines, most notably
MoleculeNet [4], and has repeatedly demonstrated that gradient-boosted decision trees remain
strong, fast, and robust baselines for tabular molecular descriptors, both for molecular properties
[13] and for solid-state band gaps [14, 15]. Gradient boosting, formalised by Friedman [16] and
made scalable by histogram-based implementations [17], is particularly attractive when the goal is a
strong, reproducible, low-variance baseline that can be trained in minutes on a single CPU.

1.4 Scope and contributions of this report

This report documents a complete, auditable pipeline for predicting the QM9 HOMO–LUMO gap
from three-dimensional structure, with particular attention to reproducibility and to honest reporting
of where the model fails. Our contributions are fourfold. First, we implement the canonical QM9
curation protocol, removing exactly the 3054 molecules that fail the geometric-consistency check and
retaining 130 831 clean molecules, with automated count verification against the reference values.
Second, we specify a fully deterministic experimental protocol — a Coulomb-matrix featurisation, a
leakage-free feature-scaling step, and a fixed 110 000/10 000/10 831 train/validation/test split under
NumPy seed 42 — and report the exact split sizes and seed. Third, we perform a controlled model
comparison (Ridge, gradient boosting, and a multilayer perceptron), select on the validation set, and
report a single held-out test-set MAE. Fourth, and most distinctively, we stratify the test error by
gap magnitude to expose the model’s behaviour on narrow-gap molecules — the region of greatest
practical interest for functional-material discovery — and provide a mechanistic explanation for the
observed degradation. All per-molecule test predictions are released as a machine-readable file to
support downstream re-analysis.

2 Methods

2.1 Data acquisition and curation

The raw QM9 dataset was obtained in its standard distributed form: the molecular-structure archive
(the gdb9.sdf structure file and its accompanying gdb9.sdf.csv property table, 133 885 records)
together with the canonical list of “uncharacterised” molecules published alongside the dataset [3].
Each molecule carries a one-based index encoded in its identifier (gdb_N), which we use throughout
as the primary key.
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QM9 is accompanied by a documented list of molecules for which the relaxed B3LYP geometry
fails a geometric-consistency check: when the three-dimensional structure is converted back to a
molecular graph, the resulting SMILES/InChI string does not match the string of the intended
molecule, indicating a bond-perception or relaxation inconsistency. These 3054 molecules are
conventionally excluded from benchmark studies to avoid training on structures whose connectivity
is ambiguous. We parsed the uncharacterised-molecule list, extracting the leading integer index of
every data row, and removed the corresponding molecules from the raw set. The curation was verified
automatically against the reference counts of Ramakrishnan et al.: the raw set contains 133 885
molecules, the exclusion set contains 3054, and their set difference contains 130 831 molecules; all
four internal consistency checks (raw, excluded, clean, and raw − excluded = clean) passed exactly.
Table 1 summarises the curation.

Table 1. QM9 data curation. The geometric-consistency filter removes the molecules whose relaxed geometry
fails the SMILES/InChI round-trip test, matching the reference values of Ramakrishnan et al. [3] exactly.

Stage Count Reference

Raw dataset (gdb9.sdf.csv) 133 885 133 885
Excluded (geometry-inconsistent) 3054 3054
Clean dataset (raw − excluded) 130 831 130 831

2.2 Target definition

The prediction target is the HOMO–LUMO gap. The QM9 property table records this quantity
in atomic units (Hartree); we converted it to electron-volts using the CODATA factor 1Eh =
27.211 386 eV and used electron-volts consistently throughout. Across the 130 831 clean molecules
the gap has mean 6.858 eV, standard deviation 1.284 eV, and range 0.669 eV to 16.928 eV. The
distribution is unimodal and concentrated around 6 eV–8 eV, with comparatively sparse tails — a
fact that will prove central to the narrow-gap analysis in Section 4.

2.3 Feature engineering: the Coulomb matrix

Each molecule was encoded using the sorted Coulomb matrix [8], a physically motivated, geometry-
based descriptor. For a molecule with atoms indexed i, j, nuclear charges Zi, and Cartesian
coordinates ri, the Coulomb matrix M is

Mij =


1
2Z

2.4
i , i = j,

ZiZj

∥ri − rj∥
, i ̸= j.

(1)

The diagonal is a polynomial fit to the total energy of the free atom, while the off-diagonal entries
encode Coulombic internuclear repulsion. This representation is invariant to translation and rotation
of the molecule by construction. To remove the remaining dependence on atom ordering, the rows
and columns of M are permuted into descending order of their L2 norm, yielding an (approximately)
permutation-invariant descriptor. To obtain fixed-length feature vectors across molecules of varying
size, each matrix was zero-padded to the maximum molecular size in QM9 (nmax = 29 atoms)
and the upper triangle including the diagonal was flattened, giving a feature vector of dimension
nmax(nmax + 1)/2 = 435.

Molecular structures were parsed directly from the V2000 SDF file in a single sequential pass,
reading atomic symbols and 3D coordinates and validating that the record order matched the
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expected gdb_N indexing. Only the 130 831 clean molecules were featurised. The resulting feature
matrix X has shape 130 831× 435 and was stored in single precision. A sanity check confirmed that
the largest molecule contains exactly 29 atoms, so no molecule exceeded the padding dimension.

2.4 Train/validation/test split

The 130 831 molecules were partitioned by a single random permutation generated with NumPy’s
default_rng(seed=42). The first 110 000 permuted indices form the training set, the next 10 000
form the validation set, and the remaining 10 831 form the test set. This yields the exact split

Ntrain = 110 000, Nval = 10 000, Ntest = 10 831,

with random seed 42. The three subsets are mutually disjoint (verified programmatically), and the
original QM9 indices of the test molecules were retained so that every prediction can be traced back
to a specific molecule. The gap distributions of the three subsets are statistically indistinguishable
(training mean 6.856 eV, validation mean 6.857 eV, test mean 6.882 eV; standard deviations all
1.27 eV–1.29 eV), confirming that the random split did not induce distributional drift between
partitions.

2.5 Feature scaling

A StandardScaler (zero mean, unit variance per feature) was fit on the training features only
and then applied to the validation and test features. Fitting the scaler on the training partition
alone is essential to prevent information from the validation and test sets leaking into the model
through the normalisation statistics. Because the zero-padded columns corresponding to absent
atoms are constant, they were checked for zero variance; the scaler maps such columns to zero
without producing non-finite values, and all scaled features were confirmed to be finite.

2.6 Models and selection protocol

Three regressors of increasing flexibility were trained and tuned on the (scaled) training set and
compared on the validation set, all implemented in scikit-learn [18] with NumPy [19] as the numerical
backend. As a reference point, a constant predictor that always outputs the training-set mean gap
achieves a validation MAE of 1.063 eV; any useful model must improve substantially on this.

Model A — Ridge regression (linear baseline). An L2-regularised linear model, with the
regularisation strength α tuned over {0.1, 1, 10, 100, 1000}. The best configuration (α = 10) reached
a validation MAE of 0.713 eV (R2 = 0.50), establishing that a purely linear map over the Coulomb
features captures roughly half the variance in the gap.

Model B — Histogram-based gradient boosting (non-linear). A HistGradientBoostingRegressor
[16, 17], which bins continuous features into histograms and grows regression trees greedily to min-
imise the squared-error loss. We tuned the learning rate ({0.1, 0.3}) and the maximum number of
leaves per tree ({31, 63}) with up to 500 boosting iterations and validation-based selection of the
effective number of trees. The best configuration — learning rate 0.1, 63 leaves, 500 iterations —
achieved a validation MAE of 0.3135 eV (R2 = 0.875), a more than two-fold improvement over the
linear baseline.
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Model C — Multilayer perceptron (neural network). A fully connected MLPRegressor with
two architectures, (256, 128) and (512, 256, 128) hidden units, ReLU activations, and early stopping.
The best network (512, 256, 128) reached a validation MAE of 0.405 eV (R2 = 0.821). While clearly
non-linear, the MLP over the flattened Coulomb matrix did not match the gradient-boosting ensemble
and showed signs of overfitting (training MAE 0.151 eV against validation MAE 0.405 eV).

Model selection was performed solely on the validation MAE, with the test set held out and
untouched until the final evaluation. Table 2 collects the best result for each family. The histogram-
based gradient-boosting model was selected. It, together with the fitted scaler, was serialised to disk,
and its held-out test performance was computed exactly once.

Table 2. Model comparison on the validation set (best configuration per family). Selection is by lowest
validation MAE; the test set is untouched until the final evaluation of the selected model. Lower MAE is
better.

Model Best hyperparameters Train MAE (eV) Val MAE (eV) Val R2

Constant-mean baseline — — 1.0627 0.000
Ridge regression α = 10 0.7198 0.7128 0.504
HistGradientBoosting lr = 0.1, leaves = 63, iters = 500 0.2438 0.3135 0.875
Multilayer perceptron (512, 256, 128), α = 10−4 0.1512 0.4054 0.821

2.7 Evaluation metrics and narrow-gap stratification

The selected model was evaluated on the 10 831 test molecules using three complementary metrics:
the mean absolute error (MAE), reported in both electron-volts and milli-electron-volts; the root-
mean-square error (RMSE), which is more sensitive to large individual errors; and the coefficient of
determination R2. To expose performance on narrow-gap molecules — the practically important
regime of low-lying excited states — we additionally defined a narrow-gap subset as the molecules
whose true test gap falls in the lowest decile, i.e. at or below the 10th percentile of the test-set true
gaps. This threshold is 5.2763 eV and selects N = 1084 molecules (10.01% of the test set), for which
we report the MAE in milli-electron-volts. Reproducibility of the trained model was independently
confirmed by reloading the serialised artefacts and reproducing predictions on a held-out subset.

3 Results

3.1 Overall test-set performance

On the 10 831 held-out test molecules, the selected gradient-boosting model achieves a mean absolute
error of 0.3126 eV (equivalently 312.6meV), a root-mean-square error of 0.4479 eV, and a coefficient
of determination R2 = 0.8785 (Pearson correlation r = 0.938 between predicted and true gaps). The
overall metrics are summarised in Table 3. Two observations are worth emphasising. First, the
test MAE (0.3126 eV) reproduces the validation MAE (0.3135 eV) to within 1meV, indicating that
model selection did not overfit the validation set and that the pipeline generalises consistently across
the two held-out partitions. Second, the model explains roughly 88% of the variance in the DFT
gap using geometry alone, a 1.76× reduction in MAE relative to the linear baseline.

The predicted-versus-true scatter (Figure 2) shows a dense, tight distribution about the ideal
y = x line through the well-populated centre of the range (6 eV–9 eV), with predictions fanning out
at both extremes. The error concentrates on small values: the median absolute error is 0.225 eV
— well below the mean — reflecting a right-skewed error distribution in which most molecules are
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predicted very accurately while a minority of hard cases inflate the mean. Concretely, 53.8% of test
molecules are predicted within 0.25 eV of the DFT value, 81.5% within 0.5 eV, and 96.3% within
1.0 eV.

Table 3. Test-set performance of the selected HistGradientBoostingRegressor. The narrow-gap subset
comprises the lowest decile of true test gaps (≤ 5.2763 eV).

Subset N MAE (eV) MAE (meV) RMSE (eV) R2

All test molecules 10 831 0.3126 312.6 0.4479 0.8785
Narrow-gap (lowest decile) 1084 0.5539 553.9 0.7931 —

Narrow-gap / overall MAE ratio 1.77×

Figure 2. Predicted versus true HOMO–LUMO gap on the test set (N = 10 831). Each point is
one molecule; the dashed line is the ideal y = x. Blue points are the general test population and red points
are the narrow-gap subset (true gap ≤ 5.28 eV, left of the dotted vertical line). Predictions are tight through
the densely populated centre of the distribution and fan out at both extremes, with a visible upward bias for
narrow-gap molecules (red points lie predominantly above the diagonal).
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3.2 Narrow-gap subset performance

Restricting attention to the lowest decile of true gaps (≤ 5.2763 eV, N = 1084), the MAE rises to
553.9meV (0.5539 eV) and the RMSE to 0.7931 eV. The narrow-gap MAE is therefore 1.77× the
overall test MAE: the model is markedly less accurate precisely in the regime of greatest interest for
functional-material discovery. Crucially, this degradation is not symmetric noise but a systematic
bias. Whereas the model is essentially unbiased overall (mean signed error +0.015 eV), on the
narrow-gap subset the mean signed error is +0.50 eV and 84.8% of narrow-gap predictions are too
high. The model consistently over-predicts the gaps of narrow-gap molecules, pulling them toward
the bulk of the distribution.

3.3 Error distribution

Figure 3 decomposes the error structure. The left panel overlays the signed prediction-error densities
for the full test set and the narrow-gap subset. The full-test distribution is sharply peaked and
centred near zero, whereas the narrow-gap distribution is visibly shifted to positive errors, confirming
the systematic over-prediction quantified above. The right panel compares absolute-error box plots
for the two groups: the narrow-gap box is shifted upward and has a substantially longer upper
whisker, showing both a higher median error and a heavier tail of large errors. Together the panels
demonstrate that narrow-gap under-performance is driven by a coherent edge-of-distribution bias
rather than by a handful of outliers.

Figure 3. Error structure of the test-set predictions. Left: signed prediction-error (predicted − true)
density for all test molecules (blue) and the narrow-gap subset (red). The full-test errors peak near zero; the
narrow-gap errors are shifted toward positive values, indicating systematic over-prediction. Right: absolute-
error box plots; the narrow-gap group has a higher median and a longer upper tail. Dashed lines mark the
group MAEs (0.313 eV overall, 0.554 eV narrow-gap).

3.4 Machine-readable predictions

Per-molecule predictions for all 10 831 test molecules are released as qm9_predictions_test.csv.
Each row contains the original QM9 index (gdb_index), the true B3LYP gap, the predicted gap,
and the signed error, all in electron-volts:

9



Technical Report QM9 HOMO–LUMO Gap Prediction

gdb_index true_gap_eV predicted_gap_eV error_eV

33813 6.087187 6.177065 +0.089878
45487 5.934803 6.081301 +0.146498
94755 8.133483 7.772005 −0.361478
70545 7.700822 7.605760 −0.095062

The gdb_index field allows each prediction to be joined back to the full QM9 property table for
arbitrary downstream analysis.

4 Discussion

4.1 Interpreting the overall accuracy

A test MAE of 0.31 eV from a geometry-only descriptor and an off-the-shelf gradient-boosting
ensemble is a solid, reproducible baseline, though it is well above the state of the art on QM9. The
most accurate published models — graph neural networks such as SchNet [12] and message-passing
networks [11] — reach HOMO–LUMO gap MAEs on the order of 40meV to 70meV, roughly five to
eight times lower than the value reported here, and in the best cases approach the intrinsic error
of hybrid DFT relative to higher-level theory [5]. The gap between our result and these figures is
expected and instructive: it reflects the representational ceiling of the sorted Coulomb matrix, which
discards explicit bonding topology and whose sorting introduces small discontinuities, rather than
a deficiency of the regressor. The value of the present pipeline lies not in chasing the leaderboard
but in providing a transparent, fast, single-CPU baseline whose every step — from curation to split
to prediction — is deterministic and auditable, and against which more elaborate models can be
measured. This role of gradient boosting as a strong tabular baseline is well established both in
molecular property prediction [9, 13] and in solid-state gap prediction [14, 15].

4.2 Why narrow-gap molecules are harder

The central diagnostic finding of this report is that narrow-gap molecules are predicted 1.77×
less accurately than the test set as a whole, and that this under-performance takes the form of a
systematic upward bias. Two coupled mechanisms explain this behaviour.

The first is data rarity. The QM9 gap distribution is unimodal and sharply concentrated
around 6 eV–8 eV, so molecules with gaps in the lowest decile (≤ 5.28 eV) are, by construction, under-
represented in the training data. Gradient-boosted trees — like most supervised learners minimising
an average loss — allocate their capacity in proportion to the density of training examples. Regions
of feature space that map to rare target values are visited by few training molecules, so the leaf
statistics that determine predictions there are estimated from small samples and are correspondingly
noisy and biased. The model simply has less evidence about what makes a gap narrow than about
what makes it typical.

The second, and more fundamental, mechanism is regression toward the mean at the edge
of the distribution. A squared-error-trained ensemble predicts, within each leaf, the mean target
of the training molecules that fall in that leaf. Near the low edge of the gap distribution, almost
every neighbourhood of feature space contains a preponderance of typical-gap molecules and only a
few narrow-gap ones; the leaf mean is therefore pulled upward, away from the true narrow value
and toward the population centre. This produces exactly the signature we observe: the model is
essentially unbiased in aggregate (mean signed error +0.015 eV) but strongly positively biased on
the narrow-gap subset (mean signed error +0.50 eV, with 85% of errors positive). The effect is not
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a peculiarity of narrow gaps specifically but a general edge phenomenon: the symmetric analysis at
the opposite extreme confirms it. Molecules in the highest decile of true gaps are predicted with a
mean signed error of −0.31 eV — that is, they are systematically under -predicted, pulled downward
toward the same population mean. Both tails are compressed toward the centre, which is the defining
fingerprint of regression toward the mean.

These two mechanisms reinforce each other: rarity thins the training signal in the tails, and the
squared-error objective converts whatever signal remains into mean-reverting predictions. The heavier
upper tail of the narrow-gap absolute-error box plot (Figure 3, right) is the visible consequence.

4.3 Implications and mitigations

The practical implication is a cautionary one. Because narrow-gap molecules are precisely the
candidates one would screen for when seeking semiconductors, dyes, or photocatalysts, a model
reported only by its aggregate MAE would overstate its usefulness for that task by nearly a factor
of two, and — worse — its errors in that regime are biased rather than random, so it would
systematically overlook genuinely narrow-gap candidates by predicting their gaps to be larger than
they are. Stratified evaluation of the kind performed here is therefore not a cosmetic addition but a
necessary part of honest model reporting for discovery applications.

Several mitigations follow directly from the diagnosis. Because the root causes are rarity and
mean-reversion, remedies that rebalance or reweight the tails are natural candidates: importance
weighting or resampling to up-weight narrow-gap training molecules; quantile or asymmetric loss
functions that penalise tail errors more heavily than the squared-error objective; or a two-stage screen
that first classifies molecules as narrow- versus wide-gap and then applies a specialised regressor
to the narrow class, an approach that has proven effective for solid-state band-gap prediction [14].
On the representation side, replacing the sorted Coulomb matrix with a learned, topology-aware
representation [11, 12] would both lower the overall error and, by resolving the fine electronic
distinctions that produce narrow gaps, is likely to reduce the tail bias specifically. Finally, coupling
predictions with an uncertainty estimate would let a discovery pipeline flag low-confidence narrow-gap
predictions for confirmatory DFT rather than trusting them blindly.

4.4 Limitations

Three limitations bound the interpretation of these results. First, the modelling target is the B3LYP
HOMO–LUMO gap, a Kohn–Sham orbital-energy difference that systematically underestimates
experimental transport and optical gaps [6, 7]; the surrogate faithfully reproduces the DFT label,
not the laboratory observable, and downstream users must apply the usual functional-dependent
corrections. Second, the sorted Coulomb matrix, while translation-, rotation-, and permutation-
invariant, is a comparatively coarse representation: it encodes nuclear geometry but not explicit
electronic structure or bond topology, and its norm-based row sorting can map similar molecules to
non-adjacent feature vectors, imposing a representational ceiling on achievable accuracy. Third, the
single fixed split (seed 42), although fully reproducible and adequate for the present comparison,
does not provide a cross-validated estimate of variance; the reported point metrics should be read
as characteristic of this split rather than as split-averaged expectations. None of these limitations
affects the central qualitative finding, which is robust: narrow-gap molecules are systematically
harder and are over-predicted because they are rare and lie at the edge of the target distribution.
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5 Conclusion

We have presented a complete, reproducible pipeline that predicts the B3LYP HOMO–LUMO gap
of QM9 molecules from three-dimensional structure. After removing the 3054 geometry-inconsistent
molecules and retaining 130 831 clean structures, encoding each as a 435-dimensional sorted Coulomb
matrix, and partitioning the data into a fixed 110 000/10 000/10 831 train/validation/test split
(seed 42), a histogram-based gradient-boosting regressor — selected over Ridge and neural-network
alternatives on the validation set — achieves a held-out test MAE of 0.3126 eV (312.6meV), an
RMSE of 0.4479 eV, and R2 = 0.8785. Stratified evaluation reveals that the narrow-gap subset
(lowest decile, ≤ 5.2763 eV, N = 1084) is predicted with an MAE of 553.9meV, roughly 1.77× worse
than the test set overall, and that this degradation is a systematic upward bias attributable to the
rarity of narrow-gap molecules and to regression toward the population mean at the edge of the
target distribution. The complete per-molecule test predictions are released as a machine-readable
file. Beyond the specific numbers, the report makes a methodological point: aggregate error metrics
can substantially misrepresent a model’s utility in the tail regions that matter most for discovery,
and stratified, bias-aware evaluation is essential.
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