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I. INTRODUCTION

The mass of an atomic nucleus, or its mass excess, is one of the fundamental observables
that encapsulates the total binding energy, thereby serving as a direct insight into the underlying
nuclear interactions and many-body quantum structure [1]. Accurate values of mass are necessary
for mapping the limits of nuclear existence at the proton and neutron drip lines [1]. It also plays
an important role in astrophysical reaction network calculations, determining nuclear abundances
not only through rapid and slow neutron capture processes but also in other nucleosynthesis path-
ways. The uncertainties in nuclear masses of a few hundred keV can change calculated elemental
abundances by many orders of magnitude [1,2].

Despite several technological advances in mass measurements [3–7], experimental determination
is exceedingly challenging for nuclei far from the line of stability, which are characterized by ex-
tremely short half-lives, low production rates [1], and the complicated task of separating low-energy
isomeric states from the ground state [8]. Therefore, one relies heavily on theoretical calculations
for the unexplored territory of the nuclear chart [9].

The Atomic Mass Evaluation (AME2020) provides a comprehensive database of experimentally
measured masses for over 2400 nuclei [10]; however, theoretical predictions remain indispensable
for the over 6000 predicted isotopes [11,12] that are experimentally inaccessible. Since the 1930s, a
multitude of models spanning macroscopic-microscopic and fully microscopic frameworks [13–24]
have progressively reduced the root mean square error (RMSE) from 3 MeV for the earliest liquid
drop model to 0.2–0.8 MeV for the most recent global models. Despite this progress, their predictive
performance deteriorates for the nuclei far from the β-stability line, where the deviations can
increase to several MeV [25]. This uncertainty poses a major challenge to consistent extrapolation of
exotic nuclear properties and far exceeds the sub-100 keV precision needed to perform high-fidelity
r-process calculations [26].

This accuracy gap has motivated the application of machine learning (ML) via residual learning,
where algorithms are trained on the difference between experimental and theoretical mass values [9].
Pioneered by Utama et al. [27] using a Bayesian neural network (BNN), this strategy has since been
extended through a diverse range of architectures, including Gaussian process regression (GPR),
physics-guided neural networks, advanced BNN models, and tree-based ensemble methods [28–32],
with the RMSE progressively reducing from 0.374 to 0.191 MeV on the validation set and from
0.260 to 0.090 MeV on the AME2020 dataset. However, reliance on a single best model introduces
model uncertainty and overconfident inferences [33–35], a challenge underscored by the No Free
Lunch theorem [36]. Model averaging through ensemble methods addresses this directly: By
aggregating diverse models, each capturing different facets of the data, the ensemble reduces overall
error, mitigates individual model bias, and improves generalization [34,35,37]. This is illustrated by
Bentley et al. [38], whose four model tree ensemble (FMTE), formed by a weighted average of four
distinct boosted tree models, achieved an RMSE of 0.076 MeV against AME2020 and 0.376 MeV
for post-AME2020 extrapolations, lower than the individual mass models considered.

Unlike previous residual learning studies that focus on a single nuclear mass model, the present
work combines machine-learned residual corrections from six theoretically distinct global mass
models within a unified ensemble framework, with particular emphasis on predictive performance
in extrapolative regions of the nuclear chart. We employ a diverse set of six nuclear mass models
broadly characterized as macroscopic-microscopic, nonrelativistic, and relativistic self-consistent
mean-field models. The RMSE for the residuals of nuclear masses for these models over the full
AME2020 is in the range 0.25–1.0 MeV. We have corrected raw residuals (RRs) obtained from
individual nuclear mass models using the gradient boosting regressor (GBR) [39], one of the
prominent ensemble learning methods [31,40]. GBR builds models sequentially, where each model
is trained to correct the errors of its predecessors, resulting in reduced bias [41]. We obtain a single
improved nuclear mass model by performing a weighted average of all corrected residuals (CRs).
Our conflated nuclear mass model obtained by integrating ensemble learning with model averaging
(ELMA) yields an overall RMSE 57 keV, well below the critical value of 100 keV. We also confront

000085-2



PHYSICS-GUIDED ENSEMBLE LEARNING OF NUCLEAR …

our mass model with newly measured mass excesses and with the Q values of α-decay. We have
compiled values of nuclear masses and binding energies for about 6000 nuclei from our improved
nuclear mass model.

II. FEATURES AND DATASET

A robust foundation for any machine learning model lies in both the selection of relevant input
features and the careful partitioning of the dataset for training, testing, and extrapolative evaluation.
We employ a set of 12 physics-guided features, chosen to capture essential characteristics of nuclear
structure and empirical regularities known to influence nuclear mass excess. These features were
chosen based on their relevance to nuclear structure and their proven efficacy in previous mass
modeling studies [28]. The fundamental features include the proton number (Z) and neutron number
(N), which specify the nuclide and incorporate well-established shell closures intrinsic to nuclear
stability. The mass number (A) and its transformations, such as A2/3, encode macroscopic size and
surface effects consistent with liquid drop-inspired mass formulas.

The isospin asymmetry [I = (N − Z )/A] measures the difference between the number of neu-
trons and protons in a nucleus, and it plays an important role in the symmetry energy part of the
nuclear equation of state. To account for pairing effects, which cause sudden changes in mass
between nuclei with odd or even numbers of protons and neutrons (known as even-odd mass
staggering), we include binary variables (Zeo, Neo) indicating whether the proton and neutron
numbers are even or odd.

The magic number gap features (vZ , vN ) characterize shell effects and are central to explaining
localized maxima and minima of nuclear mass surfaces, quantifying how close a nucleus is to
canonical magic numbers such as 8, 20, 28, 50, 82, 126, and 184. These features enable the model to
implicitly identify shell closures and the associated enhanced stability. In addition, the promiscuity
factor (PF), defined as PF = vZ vN

vZ +vN
, captures the interplay between valence protons and neutrons

and serves as an indicator for proton-neutron interaction strength. This feature helps to describe
collective effects beyond simple shell closures. Finally, the proton and neutron shell numbers
(Zshell, Nshell) provide discrete indices representing the shell model orbitals of the last proton and
neutron. These indices (0–4) map the nucleon numbers into established shell ranges, such as 1–28,
29–50, 51–82, 83–126, and above 127, thereby encoding large-scale structural organization of the
nuclear chart. Such a comprehensive set of physics-guided features enables the models to learn
complex patterns, including shell closures and structural irregularities that are often missed by
purely empirical predictors.

The complete dataset used in this work consists of 2488 nuclei. Of these, 2386 experimentally
known nuclei from AME2020 were used for the GBR residual-learning procedure. They were
randomly divided into training (85%) and test (15%) sets, as shown in Fig. 1. The training set
was used to train the GBR model, while the test set was used to evaluate its performance on known
nuclei. The remaining 102 nuclei were excluded from model development. Among these, the 71
nuclei whose masses were newly incorporated in AME2020 (extpl) were kept completely separate
from the training and test sets and used only to assess the model’s extrapolative performance. To
further evaluate its predictive capability, following Ref. [38], we also include 31 mass measurements
reported after AME2020 (new) as a second independent test set. The datasets employed for training
and validation are summarized in Table I.

This setup allows us to fairly compare how well the models work on both well-known nuclei and
on new, less explored ones.

III. GRADIENT BOOSTING REGRESSOR

The gradient boosting regressor builds a strong predictive ensemble by fitting a series of regres-
sors sequentially to the residuals of earlier models rather than to the target values directly. At each
stage, a new regressor is trained to predict the negative gradient of the loss function, iteratively
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FIG. 1. The raw residuals of six nuclear mass models, WS4, WS4+, FRDM, DZ(28), UNEDF1, and
RMF, are each corrected independently using GBR, which builds a sequence of 3000 sequential decision-tree
estimators trained on the residual errors of their predecessors. The six sets of refined residuals are then
combined via a normalized weighted average to yield the final nuclear mass prediction.

minimizing it in a stagewise manner, thereby capturing the complex nonlinear dependencies present
in nuclear mass excess data [39]. The contribution of each new estimator is scaled by a learning rate,
which controls the magnitude of each incremental update, a smaller learning rate generally leads to

TABLE I. Summary of datasets used for training, validation, and extrapolative evaluation of the model.
The table lists the number of nuclei in each subset: training set (train), test set (test), extrapolated nuclei
from AME2020 (extpl), the complete AME2020 dataset (2020), nuclei reported for the first time after the
compilation of AME2020 (new), and the full dataset comprising all nuclei considered.

Set Train Test Extpl 2020 New Full

Number 2028 358 71 2457 31 2488

000085-4



PHYSICS-GUIDED ENSEMBLE LEARNING OF NUCLEAR …

better generalization at the cost of requiring more iterations. A key distinguishing feature of GBR is
its flexibility in optimizing arbitrary differentiable loss functions, with mean squared error serving
as the default for regression tasks.

In the present work, we used the GBR implementation from the scikit-learn library with
n_estimators = 3000, learning_rate = 0.1, max_depth = 3, and subsample = 0.8. The
value of n_estimators is determined through a convergence study in which the weighted-average
validation RMSE monitored as a function of boosting stages; all validation metrics plateau beyond
3000 stages with changes of less than 0.001 MeV, confirming convergence while preserving
optimal generalization capability. The remaining hyperparameters follow standard practice for GBR
regression on structured tabular data [39,40,42,43].

The complete workflow of the framework is illustrated in Fig. 1. The raw residuals of each of
the six nuclear mass models are independently passed through the GBR pipeline, which builds
a sequence of 3000 decision-tree estimators, each trained to correct the residual errors of its
predecessors. The ensemble prediction for each model is obtained by combining all estimators
weighted by the learning rate, yielding six sets of refined residuals. These are then combined through
a weighted average to produce the final nuclear mass prediction. The computational cost of the
framework scales approximately linearly with the number of nuclear mass models, while inference
remains computationally inexpensive.

IV. RESULTS AND DISCUSSION

We have selected six nuclear mass models, namely, Weizsäcker-Skyrme (WS4) [17], WS4+
[18], finite-range droplet model (FRDM) [15], Duflo Zuker model (DZ28) [16], Universal Nuclear
Energy Density Functional 1 (UNEDF1) [44], and relativistic mean field (RMF) [45,46] that
represent a wide spectrum of theoretical approaches. The WS4 and its improved version WS4+
are macroscopic-microscopic models based on the Skyrme energy-density functional, with WS4+
including further empirical corrections for enhanced accuracy. The FRDM combines macroscopic
finite range droplet energy and microscopic shell and pairing corrections, providing reliable predic-
tions for masses across the nuclear chart. The DZ(28) is a parameter-rich Duflo-Zuker model that
blends macroscopic and microscopic features for improved mass reproduction. The UNEDF1 is a
self-consistent nonrelativistic mean-field model based on an effective Skyrme energy-density func-
tional for global modeling of nuclear properties. The RMF model describes the nucleus by treating
nucleons as interacting through the exchange of mesons under the mean-field approximation, with
nonlinear self-interaction terms included in the meson fields. These models collectively cover both
empirical and fully microscopic theoretical frameworks, providing a broad and robust basis for our
present analysis.

To study the baseline predictive performance of the selected nuclear mass models, we computed
the RR in nuclear mass excess as the difference between measured and theoretical values for each
model across six different datasets, as listed in Table I. This observation is consistent with the visual
residual distribution in Fig. 2, where we have displayed RR for all the nuclei considered in various
datasets across the nuclear chart. These findings suggest that nuclei in the well-characterized regions
near the β-stability line (squares) appear predominantly in green, indicating residuals close to zero.
As one moves away from the stability line, the color distribution becomes progressively more mixed,
shifting toward blue and red. This trend is most pronounced for the extrapolated (diamonds) and
newly measured (triangles) nuclei, which show the largest deviations and the least agreement across
models.

To improve the accuracy of nuclear mass prediction, the RR are corrected using an ensemble
learning approach, GBR. The RR is defined as

δMRR
i = MExp − Mi, (1)
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FIG. 2. The raw residuals in nuclear mass excess (�MRR
i ), defined as the deviation between measured and

theoretical values, are presented as functions of neutron number (N) and proton number (Z) for six nuclear
mass models: WS4, WS4+, FRDM, DZ(28), UNEDF1, and RMF. The panels display the residuals for 2386
previously known nuclei (circles) and residuals for an extrapolated set of 71 newly measured nuclei added only
in AME2020 (diamonds). Thirty-one newly measured nuclei after AME2020 are shown by triangles. A blue-to-
red color scale represents the residuals: blue indicates overbinding (theoretical mass lower than experimental),
red indicates underbinding, and green-yellow corresponds to values near zero. Each subplot includes the values
of standard deviation and the number of nuclei lying in the green region −0.1 � �MRR

i � +0.1 MeV.

where MExp is the experimental nuclear mass excess for a given nucleus and Mi is the corresponding
value for the ith nuclear mass model. The CR are

δMCR
i = δMRR

i − δMML
i (2)

= MExp − Mcor
i , (3)

where the corrected mass excess Mcor
i = Mi + δMML

i , with δMML
i being the machine-learned value

of the raw residuals. We employ GBR to estimate δMML
i in Eq. (2). The weighted average of

residuals is obtained as

δM̄X =
NX∑
i=1

wX
i δMX

i , (4)
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where X denotes either RR or CR, with NRR/CR = Nm, and Nm the number of nuclear mass models
considered. The normalized weights wX

i are given by

wX
i =

(
1

σ X
i

)2

∑Nm
k=1

(
1

σ X
k

)2 , (5)

where σ X
i is the RMSE for a given nuclear mass model with raw or corrected residuals, evaluated

as

σ X
i =

√√√√ 1

Nd

Nd∑
j=1

(
δMX

i ( j)
)2

, (6)

where the index j runs over all nuclei of a given dataset of size Nd . Thus, models with smaller
values of σ X

i receive higher weights, contributing more effectively to improving the accuracy of the
prediction. These weights are calculated using the RMSE values from the test dataset.

The models were trained using 12 physics-guided features, as detailed in Sec. II, with the target
variable being δMRR

i as given by Eq. (1). The training dataset is constructed from the Atomic Mass
Evaluation (AME2020) by excluding the nuclear mass excess values of 71 nuclei measured for the
first time, as described in Sec. II. After training, the model performance for the corrected residuals
is evaluated on various datasets—labeled as test, extpl, 2020, new, and full.

The robustness of the results with respect to the train-test data split has been examined using
several commonly adopted partitions, as reported in Sec. IV. Based on this analysis, an 85/15 train-
test split has been adopted for all subsequent calculations.

The RMSE values (σ ) obtained using this chosen split for all six nuclear mass models, along with
their normalized weights and weighted averages evaluated across all datasets, are listed in Table II.
For the RR, the weight distribution is heavily skewed: WS4+ alone carries approximately 62% of
the total weight and together with WS4 accounts for ∼82%, leaving only ∼18% distributed among
the remaining four models: FRDM, DZ(28), UNEDF1, and RMF. This strong dominance directly
reflects the significantly lower RMSE of WS4 and WS4+ relative to the other models.

After GBR correction, however, the weight distribution becomes substantially more equitable.
For the CR, WS4+ contributes ∼34% and WS4 contributes ∼20%, so that together they account
for only ∼54% of the total weight, while the remaining four models collectively contribute ∼46%.
This redistribution arises because the GBR algorithm, by learning and correcting the residual
patterns specific to each model, suppresses the large model-dependent biases that drove the disparity
in RMSE values. As a result, the corrected residuals of the remaining models, such as FRDM,
DZ(28), UNEDF1, and RMF, are brought considerably closer to those of WS4 and WS4+, so that
the weighted average via Eq. (4) draws more meaningfully from the full diversity of theoretical
approaches rather than being dominated by a single model. This broader participation is particularly
valuable in regions where no single model performs reliably and by spreading the weight across
multiple models, the ensemble reduces the risk of large errors that would arise from over-reliance on
any one of them. To assess the effects of model correlations, we also investigated reduced ensembles
obtained by excluding correlated mass models. Although the performance for the known nuclei
remains comparable, the complete six-model ensemble provides slightly more consistent predictions
for nuclei outside the training region, suggesting that each model contributes complementary
predictive information.

The single best-performing model for RR, WS4+, achieves a test RMSE of 0.1735 MeV, which is
reduced to 0.1208 MeV for CR, corresponding to an improvement of ∼30%. The weighted average
over all six models through Eq. (4) yields a test RMSE of 0.1976 MeV for RR and 0.1245 MeV
for CR, corresponding to an improvement of ∼37%. Although the weighted CR average (0.1245
MeV) is only marginally higher than the best single-model CR value (0.1208 MeV) for the test
dataset, its benefit becomes evident for nuclei beyond the training region. For the extpl dataset, the
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TABLE II. Comparison of root-mean-square errors (σ , in MeV) of raw mass-excess residuals (RR) and
corrected residuals (CR) for the mass excess of six nuclear mass models, evaluated for the training, test,
extrapolated (extpl), AME2020, newly measured (new), and full datasets as described in Table I. The last
column lists the corresponding weights (W ) derived from the test-set RMSE. The rows in italic list the weighted
average of the six nuclear mass models.

σ (MeV)

Models Train Test Extpl 2020 New Full W

Raw residuals (RR)

WS4 0.2895 0.3092 0.3556 0.2946 0.3713 0.2956 0.1954
WS4+ 0.1840 0.1735 0.3401 0.1889 0.2893 0.1905 0.6204
FRDM 0.6040 0.5755 0.7864 0.6060 0.8478 0.6096 0.0564
DZ(28) 0.4238 0.3972 0.6330 0.4276 0.5782 0.4298 0.1184
UNEDF1 1.9962 1.9169 1.9526 1.9836 2.6935 1.9940 0.0051
RMF 2.0756 2.0972 2.8321 2.1044 2.0882 2.1042 0.0042
Weighted average 0.2004 0.1976 0.3285 0.2049 0.2815 0.2060

Corrected residuals (CR)

WS4 0.0228 0.1593 0.2214 0.0745 0.2467 0.0790 0.1987
WS4+ 0.0187 0.1208 0.2104 0.0608 0.2667 0.0673 0.3458
FRDM 0.0277 0.1726 0.2855 0.0856 0.2978 0.0914 0.1693
DZ(28) 0.0245 0.1760 0.2697 0.0843 0.2946 0.0900 0.1629
UNEDF1 0.0304 0.2763 0.4379 0.1320 0.4040 0.1387 0.0661
RMF 0.0480 0.2972 0.5711 0.1555 0.5210 0.1651 0.0571
Weighted average 0.0179 0.1245 0.1816 0.0590 0.2141 0.0633

weighted CR average is ∼14% lower than the best single-model CR value, while for the new dataset
the corresponding reduction is ∼20%. Across all datasets, the weighted CR (σ ) values remain lower
than the corresponding RR (σ ) values. The reduction ranges from ∼96% for the training dataset and
∼37% for the test dataset to ∼72% and ∼70% for the 2020 and full datasets, respectively. For the
extpl and new datasets, the corresponding reductions are ∼45% and ∼24%, respectively.

Figure 3 shows the probability density distributions of the weighted-average raw and corrected
residuals for the test, extpl, and new set of nuclei. For the test dataset, both RR and CR are centered
close to zero, but the weighted average distribution for the corrected residual is sharper, with a
peak density nearly twice that of the weighted average distribution of raw residuals, indicating a
reduction in residual spread after GBR correction. A similar behavior is observed for the extpl
dataset, where the CR distribution is narrower and more symmetric about zero compared to the
broader RR distribution, consistent with the ∼45% reduction in σ reported in Table II. For the
new dataset, the GBR correction continues to improve predictive stability, with the CR distribution
remaining sharper despite the increased complexity of nuclei far from the β-stability line. The mild
asymmetry with a tail toward positive residuals is a natural consequence of this complexity, while
the ∼24% reduction in σ confirms that the model retains meaningful corrective capability even in
this extrapolation region. The extrapolative performance of GBR compares favourably with existing
machine-learning-based nuclear mass study. For the 71-nuclei extrapolated set, Yüksel et al. [28]
report 0.670 MeV using GPR, while ELMA achieves 0.182 MeV, a reduction of ∼73%.

The spatial distribution of these improvements across the nuclear chart is displayed in Fig. 4,
which shows the weighted-average raw residuals δM̄RR (lower panel) and corrected residuals δM̄CR

(upper panel) for all nuclei in the complete dataset. Nuclei whose absolute residuals fall within
100 keV are shown in green, with their total count denoted by N+0.1

−0.1 . An increase in N+0.1
−0.1 is

observed after GBR correction, with the majority of nuclei across all three datasets, including those
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FIG. 3. Probability density distributions of the weighted-average raw residuals (RR, blue) and corrected
residuals (CR, red) for the nuclear mass excess, shown for the test (upper), extpl (middle), and new (lower)
datasets. The vertical dotted line at zero marks perfect agreement between predicted and experimental values.

from the extpl and new sets, turning green in the upper panel. This is particularly important for
the extrapolated and newly measured set of nuclei, as their improved agreement with experiment
demonstrates that the GBR correction generalizes well beyond the training region. It is further seen

000085-9



SRIKRISHNA AGRAWAL et al.

FIG. 4. Values of the weighted-average nuclear mass excess in the N–Z plane. The lower and upper panels
show the results obtained using raw (RR) and CR, respectively. The notation N+0.1

−0.1 denotes the number of
nuclei whose predicted nuclear mass excess has an absolute error of less than 100 keV (green symbols). The
values of σfull and MAE are also indicated in each panel. The residual range for RR (−1.790 to +0.857 MeV) is
markedly asymmetric, whereas after GBR correction the CR range (−0.833 to +0.732 MeV) becomes nearly
symmetric about zero, reflecting the suppression of overbinding bias.

that the spread of δM̄RR is markedly asymmetric, with the minimum and maximum values indicating
a tendency toward overbinding in the raw residuals. After GBR correction, this asymmetry is
reduced and the range of δM̄CR becomes nearly symmetric about zero, reflecting that the GBR
correction not only reduces the magnitude of residuals but also suppresses the directional bias
present in the raw predictions. The values of σfull and mean absolute error (MAE) for the CR are
reduced by more than a factor of 3 and 6, respectively, relative to the RR, and the maximum spread
of the residuals also narrows considerably.

The advantage of the weighted-averaging approach in improving nuclear mass-excess predictions
is evident from Table II and Figs. 2 and 4. These effects are further illustrated in Fig. 5, which
compares the weighted average of corrected residuals for a representative set of 15 nuclei, selected
over a wide mass range, with those from individual nuclear mass models obtained using the GBR.
By definition, unbiased residuals exhibit both positive and negative deviations and, under unbiased
model assumptions, follow a distribution centered at zero with finite variance [47]. This statistical
symmetry implies that averaging residuals leads to partial cancellation of deviations, thereby reduc-
ing the net error. Consistent with this, the corrected residuals from individual models are randomly
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FIG. 5. Comparison of the weighted-average nuclear mass excess values, obtained using corrected residu-
als, with those predicted individually by each nuclear mass model employing GBR method for a selected set
of nuclei. The magnitude of the weighted-average CR is considerably smaller than those for the individual
models, primarily due to partial cancellation of model-specific deviations.

scattered close to zero, often with opposite signs. It may also be noted that out of six different values
of corrected residuals, for each of the 15 nuclei considered, we have roughly equal number of points
on either side of zero line leading to partial cancellation of the residuals while performing the
weighted average. This partial cancellation brings the weighted-average residuals, shown as black
diamonds, consistently closer to zero than those of any single model. Models that overestimate
the mass excess (δM̄CR < 0) for certain isotopes are balanced by others that underestimate them
(δM̄CR > 0), reducing overall uncertainty. Because weights are assigned according to each model’s
predictive accuracy on the test set, better-performing models exert greater influence on the final
estimate, enhancing the stability of ensemble predictions. This mutual error balancing not only
lowers RMSE values (Table II) but also yields more robust and reliable predictions across the
nuclear chart, including extrapolative and data-sparse regions where individual models typically
underperform, as seen in Table II and Fig. 5.

A. Robustness of ELMA

To test the robustness of the ELMA framework, we evaluated its performance under different
train-test data splits, as summarized in Table III. The training RMSE remains nearly unchanged
across all splits, indicating stable learning behavior. For the test, extpl, and full datasets, the RMSE
decreases marginally as the training fraction increases, reflecting the expected benefit of larger
training statistics. The new dataset shows negligible variation across all splits, demonstrating that
the extrapolative performance of ELMA is robust and largely insensitive to the choice of partition.
This trend is consistent with previous machine-learning-based nuclear mass studies [28]. Based on
this analysis, the 85/15 train-test split is adopted for all calculations, as it offers the best balance
between training statistics and validation coverage.

The choice of train-test partition introduces an element of randomness that may influence the
reported RMSE values. To quantify this uncertainty, the entire training and evaluation procedure has
been repeated over 5000 independent random train-test splits, and the resulting RMSE distribution
for the CR weighted average have examined via probability distribution analysis, as shown in
Fig. 6. For the test dataset, the CR distribution peaks near 0.131 MeV with a spread of ∼0.0102
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TABLE III. Values of RMSE (σ , in MeV) obtained using ELMA for different train-test data splits, reported
for the training set (train), test set (test), extrapolated nuclei (extpl), the complete AME2020 dataset (2020),
nuclei reported for the first time after AME2020 (new), and the full dataset. The percentages indicate the
proportion of data allocated to training and testing, respectively.

σ (MeV)

Dataset split (%) Train Test Extpl 2020 New Full

70/30 0.0140 0.1310 0.1880 0.0784 0.2088 0.0814
75/25 0.0151 0.1307 0.1889 0.0731 0.2031 0.0761
80/20 0.0166 0.1271 0.1804 0.0656 0.2125 0.0693
85/15 0.0179 0.1245 0.1816 0.0590 0.2141 0.0633

MeV, confirming that the GBR correction remains stable across different partitions. For the extpl
dataset, the CR distribution is sharply peaked near 0.183 MeV with a spread of ∼0.009 MeV,
indicating highly reproducible predictions regardless of the chosen split. For the new dataset,
the CR distribution peaks near 0.205 MeV with a spread of ∼0.014 MeV, reflecting the greater
variability inherent in this smaller and more challenging set of nuclei. Across all three datasets,
the CR distributions are consistently narrow and well-peaked, confirming that the GBR correction
yields stable and reproducible predictions across different data partitions. Taken together with the
split-comparison results of Table III, these observations establish that the predictions of ELMA are
statistically robust, independent of how the training and test data are partitioned.

B. Application of ELMA

The refinement of nuclear mass predictions through the use of ELMA may provide a foundation
for broader applications in nuclear physics and astrophysics. Having minimized the deviations and
enhanced predictability across the nuclear chart, the resulting mass table becomes a more reliable
resource for theoretical and experimental studies alike. In nuclear structure and decay studies,
accurate nuclear masses serve as a cornerstone for calculating nucleon separation energies, decay
energies, and reaction thresholds. Even small improvements in mass prediction accuracy can lead
to substantial gains in the reliability of theoretical models and experimental planning.

One of the most direct and critical applications of an improved mass table is the determination of
the Qα values, which represent the difference in mass excess or binding energies of the parent and
daughter nuclei. These values are required for determining the properties of alpha decay, assessing
the boundaries of nuclear stability, and interpreting decay chains of newly synthesized heavy and
superheavy elements. For superheavy nuclei in particular, where experimental mass measurements
are scarce or absent, the precision of the predicted Qα values is often considered a deciding factor
in confirming the discovery of new isotopes.

The Qα values in this analysis are calculated directly from the AME2020 experimental mass-
excess database using experimentally known parent-daughter pairs. The resulting dataset contains
2321 Qα pairs spanning nuclei with proton numbers in the range 10 � Z � 110. Among these,
1912 parent-daughter pairs belong to the training set, 340 belong to the test set, and the remaining
69 correspond to the independent extrapolation datasets.

In Fig. 7, we plot residuals of the Qα values calculated with weighted-averaged values of RR
and CR for nuclear mass excess. The refinement in nuclear mass prediction is evident, since the
residual distribution of Qα is narrower as can be visualized from figure by enhancement in the
number of green symbols (upper panel). The RMSE reduces to 0.081 MeV (upper panel), which is
a factor of 2 smaller than those for the RR (lower panel). In addition, the number of nuclei for which
|δQα| < 0.1 MeV increases from 1086 to 2089, reflecting a substantial enhancement in predictive
accuracy of the Qα values across a wide range of the periodic chart. This enhancement in predictive

000085-12



PHYSICS-GUIDED ENSEMBLE LEARNING OF NUCLEAR …

FIG. 6. The weighted-average values of RMSE for corrected residuals (CR, red solid) obtained from 5000
independent random train-test splits, shown for the test (upper), extpl (middle), and new (lower) datasets.

accuracy is particularly critical, as an uncertainty of just ±0.1 MeV in Qα demonstrates a profound
sensitivity of decay rates, where an increase of that magnitude may result in a predicted half-life
changed by ∼40% of its original value.
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FIG. 7. Residuals for α-decay Q values obtained using the weighted-average values of raw residuals (lower
panel) and corrected residuals (upper panel) of the nuclear mass excess. The values of σ and N+0.1

−0.1 are also
given; N+0.1

−0.1 indicates the number of cases with |δQα| < 100 keV (green symbols).

C. Nuclear mass table for astrophysical applications

The values of mass excess and binding energies obtained using nuclear mass model ELMA
are calculated for 6303 nuclei. This mass table is made available as Supplemental Material [48].
By providing more accurate mass predictions, this table can be used to integrate into a variety
of research workflows, including r-process nucleosynthesis, β-decay-energy calculations, and the
evaluation of reaction Q values in astrophysical environments. Furthermore, its enhanced precision
in Qα estimation makes it as a valuable resource for guiding experimental results in the synthesis and
identification of isotopes at the limits of the nuclear chart. We have also deployed ELMA on a web
interface, accessible via the link provided in Ref. [49]. In the future, we plan to continuously update
ELMA by incorporating new experimental measurements as well as theoretical advancements,
thereby enhancing its predictive accuracy.
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V. CONCLUSIONS

We employed ensemble learning with model averaging (ELMA) to improve the predictive
accuracy of global nuclear mass models. The framework combines GBR-based residual corrections
from six theoretically distinct mass models representing macroscopic-microscopic, nonrelativistic
self-consistent, and relativistic mean-field approaches. The corrected residuals are subsequently
integrated through a weighted average to construct a unified nuclear mass model.

The principal novelty of ELMA lies in combining machine-learned residual corrections from
multiple theoretical models within a single ensemble framework, thereby exploiting complementary
model-dependent systematics rather than relying on a single corrected mass model. The resulting
conflated mass model achieves an RMSE of approximately 0.0571 MeV for the AME2020 dataset.
The model’s reliability in extrapolative regions is confirmed by its high precision on an independent
test set of extrapolated and newly measured nuclei. The stability of the framework is further
confirmed through 5000 independent random train-test splits, which produce consistently narrow
RMSE distributions, indicating that the results are robust against variations in the data partition.

The improved mass predictions propagate directly to derived observables, leading to substantially
improved predictions of Qα values in comparison with experimental data. Using ELMA, we
have generated a database of nuclear mass excesses and binding energies for approximately 6300
nuclei. The database is publicly available through the web interface. Reference [49] providing a
dynamic resource for applications including r-process nucleosynthesis, decay-energy calculations,
and reaction Q-value evaluations. Future work will focus on extending the framework to additional
nuclear observables.
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