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A B S T R A C T

Reliable giant dipole resonance (GDR) parameterization is essential for photonuclear reaction modeling in the (γ, 
n) reaction energy region, where dipole absorption dominates. This work develops a staged artificial neural 
network (ANN) scheme to infer the GDR centroid energy, width, and peak cross section from physically moti
vated nuclide descriptors compiled from evaluated nuclear-structure information provided by the National 
Nuclear Data Center (NNDC), using Reference Input Parameter Library (RIPL-3) values as learning targets. To 
obtain performance estimates that reflect genuine transfer to unseen nuclei and to avoid leakage from repeated 
entries, the dataset was partitioned nucleus-wise, assigning all records of a given nuclide to a single subset. 
Parameter inference was organized in three sequential stages to preserve the established coupling among 
centroid energy, width, and peak strength. A SHAP-based interpretability analysis was performed at each stage to 
quantify the relative importance of the input descriptors. The resulting ANN-derived parameter sets were 
implemented in TALYS and compared with the nucleus-specific GDR parameters internally available in the built- 
in TALYS structure/gamma/gdr/ data files under otherwise identical reaction-model conditions. Their impact on 
calculated (γ,n) reaction excitation functions was evaluated against experimental photoneutron reaction cross 
sections from the EXFOR library via the JANIS interface, quantifying agreement with experiment achieved by the 
neural-network-based GDR systematics. The even-even 112–124Sn isotopic chain was examined as a represen
tative case of isotopic continuity. Overall, implementation of the ANN-derived GDR parameter triplets in TALYS 
generally improves agreement between calculated (γ,n) reaction excitation functions and EXFOR data relative to 
the built-in nucleus-specific TALYS GDR values where available.

1. Introduction

Photonuclear reactions provide a well-established probe of nuclear 
response under electromagnetic excitation and supply essential input for 
radiation transport calculations, shielding design, activation studies, 
safeguards-related analyses, and neutron-source development. For 
photon energies below roughly 30 MeV, which covers most practical (γ, 
n) reaction applications, the total photoabsorption cross section in 
medium-mass and heavy nuclei is governed predominantly by Giant 
Dipole Resonance (GDR). In this regime, the dipole response is charac
terized by a collective isovector mode that concentrates a substantial 
fraction of the E1 strength into a broad resonance structure [1–2].

The GDR is conventionally interpreted as an out-of-phase oscillation 
of protons against neutrons. Its characteristic mass dependence was 
captured by early macroscopic descriptions such as the Goldhaber–
Teller and Steinwedel–Jensen models [3–4], while later microscopic 
particle–hole approaches—within shell-model and 

random-phase-approximation formalisms—clarified the collective 
origin of the response and the mechanisms responsible for damping and 
fragmentation of the strength, particularly in medium-mass and heavy 
systems [5–6].

Systematic experimental surveys based on bremsstrahlung, quasi
monoenergetic annihilation photons, and tagged-photon measurements 
have established regular trends in centroid energy, width, and inte
grated strength across the nuclide chart. These analyses confirm that the 
GDR exhausts a substantial fraction of the Thomas–Reiche–Kuhn [7–8] 
dipole sum rule and exhibits a clear mass dependence: centroid energies 
decrease with increasing mass number, taking values near 20–25 MeV in 
light nuclei and approximately 13–15 MeV in heavy systems [9]. In 
deformed nuclei, the resonance may split into two components associ
ated with oscillations along distinct principal axes; the magnitude of this 
splitting correlates with the quadrupole deformation parameter β₂. 
Global evaluations further demonstrate systematic mass 
number-dependent trends in centroid energy and spreading width along 
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isotopic chains [10–12].
Within the phenomenological representation commonly used in re

action calculations, the total photonuclear reaction cross section is 
expressed as the sum of dipole, quasi-deuteron, and photon–meson 
contributions [13–14], 

σT
(
Eγ
)
= σgdr

(
Eγ
)
+ σqd

(
Eγ
)
+ σpm

(
Eγ
)

(1) 

with the dipole term providing the dominant contribution in the energy 
interval that most strongly influences (γ,n) reactions in medium-mass 
and heavy nuclei . In Lorentzian form, the dipole term is parameter
ized as 

σgdr
(
Eγ
)
= σgdr

E2
γ Γ2

gdr
(

E2
γ − E2

gdr

)2
+ E2

γ Γ2
gdr
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where Eγ, Egdr, Γgdr and σgdr denote the photon energy, the centroid 
energy of resonance, full width at half maximum (FWHM), and peak 

cross section, respectively. Collectively, these quantities define the 
centroid energy of the resonance, its damping width reflecting spreading 
mechanisms, and the peak magnitude of the dominant E1 absorption 
component implemented in reaction modeling.

Empirical systematics [15] are frequently used to provide baseline 
parameter estimates. The centroid energy Egdr is expressed as 

Egdr = 31.2A− 1/3 + 20.6A− 1/6 (3) 

while the width is correlated with the centroid via 

Γgdr = 0.026E1.91
gdr (4) 

Although approximate, such relationships capture the observed 
interdependence of centroid energy and width across broad regions of 
the nuclide chart and remain widely used in practical implementations.

In reaction calculations, photon-strength parameters are commonly 
adopted from evaluated libraries such as the Reference Input Parameter 
Library (RIPL-3) [16]; in the present work, the experimentally evaluated 

Fig. 1. Staged ANN framework used to estimate the GDR parameters.
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GDR parameters provided in Experimental Giant Dipole Resonance 
(GDR) Parameters in RIPL-3 are used specifically as supervised learning 
targets for ANN training rather than as direct reaction-model inputs. 
While indispensable, evaluated datasets can exhibit uneven isotopic 
coverage and may reflect heterogeneity stemming from different 
experimental inputs, analysis choices, and evaluation protocols. When 
explicit parameter information is missing for a given nuclide, reaction 
codes typically revert to internal defaults or simplified prescriptions; 
such fallbacks can disrupt isotopic continuity and, for specific nuclei, 
contribute to discrepancies between calculated photoneutron reaction 
excitation functions and measured data.

Motivated by these limitations, machine-learning approaches 
[17–21] have recently been explored as tools to estimate GDR param
eters across nuclei. The present study combines evaluated 
nuclear-structure data, evaluated GDR parameter systematics, 
machine-learning inference, and reaction-model validation within a 
single consistent workflow. Multitask neural networks have been 
employed for the joint estimation of GDR centroid energies and widths, 
and staged estimation schemes have combined physically motivated 
descriptors with explicit evaluation of their impact by propagating the 
inferred parameters into reaction-code calculations. These studies 
collectively indicate that data-driven parameter inference can be inte
grated into established photonuclear reaction modeling practice.

Although the present study is centered on ANN-based inference of 
GDR parameters rather than on direct regression of reaction cross sec

tions, it is important to note that machine-learning approaches have also 
increasingly been applied to nuclear reaction cross-section modeling 
itself, including photonuclear and neutron-induced reactions. This 
broader line of work provides an important context for the present 
study, since the ANN-inferred GDR parameters are ultimately evaluated 
here through their impact on calculated (γ,) reaction excitation func
tions. In contrast to direct cross-section prediction studies, however, the 
objective of the present work is to improve a physically meaningful in
termediate parameterization layer, namely the GDR centroid energy, 
width, and peak cross section, and to test its propagation within TALYS 
under fixed reaction-model conditions.

A central methodological issue in this context is data partitioning. 
Compiled photonuclear reaction datasets commonly include multiple 
entries per nuclide, originating from distinct experiments, normalization 
choices, or restricted energy ranges. If the data are split row-wise, re
cords from the same nuclide can appear in both training and evaluation 
subsets, creating information leakage and artificially inflating apparent 
predictive performance. Moreover, when multiple entries exist for a 
given nuclide, selecting only a single representative record (e.g., one 
evaluation or one experimental dataset) can introduce a selection 
dependence and potentially shift the learned mapping, because the 
target values may vary across entries due to systematic and normaliza
tion differences. This is most critical for isotopic-chain systematics, 
because the meaningful test is whether the model extrapolates to new 
nuclides, not whether it reproduces repeated measurements of a nuclide 

Fig. 2. Regression plots for the Stage 1 ANN model predicting Egdr . In all panels, the horizontal axis represents the target Egdr values and the vertical axis repsresents 
the ANN-predicted Egdr values; both axes are given in MeV. Results are shown separately for the training, validation, test, and combined datasets under nucleus-wise 
partitioning.
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already seen in training.
The present study addresses this point explicitly by adopting a 

nucleus-wise holdout strategy in which all records associated with a 
given nuclide are assigned to a single subset. On this basis, a three-stage 
ANN framework is constructed to infer Egdr, Γgdr, and σgdr from eight 
physically motivated nuclear descriptors. The predicted parameter 
triplets 

(
Egdr,pred, Γgdr,pred, and σgdr,pred

)
are then implemented in the 

TALYS 2.0 code [22] for nuclear reaction calculations by overriding the 
default strength parameterization; and the resulting (γ,n) reaction 
excitation functions are evaluated against experimental data and against 
calculations performed using the code’s default settings. A case study is 
carried out along the even–even tin isotopic chain (112–124Sn), enabling 
a systematic assessment of isotopic continuity and of the reaction-level 
implications of the learned parameter systematics. The even–even 
112–124Sn chain was selected as a controlled isotopic case study because 
it provides a contiguous and structurally coherent sequence with suit
able experimental photoneutron reaction data for reaction-level vali
dation; in addition, it includes nuclei both with and without built-in 
TALYS GDR entries, allowing the practical impact of the ANN-based 
parameterization to be assessed under both complete and incomplete 
default-library conditions.

In this respect, the distinct contribution of the present study lies not 
in the use of ANN alone, but in the combination of leakage-controlled 
nucleus-wise validation, staged inference of the coupled GDR param
eter triplet, stage-wise SHAP-based interpretability, and direct reaction- 

level testing through TALYS under fixed modeling conditions. Relative 
to earlier ML-based GDR studies, the framework is designed specifically 
to evaluate transferable nuclide-level inference while preserving iso
topic continuity and examining how the inferred parameter systematics 
propagate to calculated (γ, n) reaction excitation functions.

Accordingly, the objectives are: (i) to construct a staged ANN-based 
estimator of GDR centroid energy, width, and peak cross section from 
physically motivated nuclide descriptors; (ii) to quantify predictive 
performance under nucleus-wise validation; (iii) to examine the relative 
importance of the input quantities through stage-wise SHAP analysis; 
and (iv) to evaluate the impact of the inferred parameters on calculated 
photoneutron reaction excitation functions within a fixed reaction- 
modeling environment.

2. Methods

Artificial neural networks are employed as nonlinear regression op
erators to map nuclide-level descriptors onto the three parameters 
defining the Lorentzian representation of the GDR. The framework used 
here is explicitly staged in order to preserve the hierarchical coupling 
among the parameters while enforcing strict nucleus-wise separation 
between training and evaluation. The subscripts “exp” and “pred” 
denote, respectively, target values taken from the compiled dataset and 
the corresponding ANN outputs.

Each nucleus is represented by an eight-component descriptor vec

Fig. 3. Regression plots for the Stage 2 ANN model predicting Γgdr. In all panels, the horizontal axis represents the target Γgdr values and the vertical axis represents 
the ANN-predicted Γgdr values; both axes are given in MeV. Results are shown separately for the training, validation, test, and combined datasets under nucleus-wise 
partitioning.
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Fig. 4. Regression plots for the Stage 3 ANN model predicting σgdr. In all panels, the horizontal axis represents the target σgdr values and the vertical axis represents 
the ANN-predicted σgdr values; both axes are given in mb. Results are shown separately for the training, validation, test, and combined datasets under nucleus-wise 
partitioning.

Fig. 5. SHAP-based relative feature importance for Stage 1, corresponding to the ANN-based inference of Egdr from the eight base nuclide descriptors.
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tor, as seen in Eq. (5), combining composition variables, binding-related 
quantities, geometric scaling, isospin asymmetry, and quadrupole 
deformation, 

X =

[

Z, N, A,
BE
A
, Sn, R,

N − Z
A

, β2

]

, R = 1.2A1/3. (5) 

In the present framework, spherical and deformed nuclei are not 
separated a priori into distinct classes. Instead, deformation information 
is incorporated directly into the common descriptor vector through the 
quadrupole deformation parameter β2, so that both types of nuclei are 
retained within the same learning framework. Accordingly, deformation 
effects are treated at the descriptor level within the adopted single- 

component Lorentzian GDR representation, rather than through an 
explicit class-wise or multi-component treatment of deformation- 
induced resonance splitting. The nuclear identifiers and associated 
structural quantities entering the descriptor vector were compiled from 
evaluated datasets available through the NNDC [23] nuclear data re
sources, ensuring consistency between nuclear-property inputs and 
evaluated photonuclear reaction information. The learning targets were 
the evaluated parameter triplet, 
(
Egdr,exp, Γgdr,exp, σgdr,exp

)
(6) 

These quantities correspond to experimentally evaluated Giant 
Dipole Resonance parameters compiled in the RIPL-3 library, which 

Fig. 6. SHAP-based relative feature importance for Stage 2, corresponding to the ANN-based inference of Γgdr from the augmented input set.

Fig. 7. SHAP-based relative feature importance for Stage 3, corresponding to the ANN-based inference of σgdr from the augmented input set.

M. Dag                                                                                                                                                                                                                                            Knowledge-Based Systems 342 (2026) 115912 

6 



aggregates experimental photoabsorption analyses into recommended 
centroid energies, FWHM widths, and peak cross sections. Rather than 
training a single multi-output regressor, a three-stage estimation scheme 
was adopted that keeps the coupling among the GDR parameters explicit 
while retaining the full descriptor information at each step. The eight- 
component nuclide descriptor vector X served as the common input at 
all stages, and parameters inferred in earlier stages were appended only 
to condition subsequent predictions in a manner consistent with 

established GDR systematics. In Stage 1, the centroid energy Egdr, which 
fixes the resonance location, is inferred from X. In Stage 2, the width Γgdr 

is learned from the augmented input 
(
X,gdr

)
, reflecting the empirically 

observed interdependence between centroid energy and spreading 
width. In Stage 3, the Lorentzian peak cross section σgdr is inferred from 
(
X,gdr, Γgdr

)
, acknowledging that the peak normalization is not inde

pendent of the resonance energy scale and damping. The three stages are 
defined as seen in Eqs. (7), (8) and (9).

Table 1 
GDR centroid energy 

(
Egdr

)
, width 

(
Γgdr

)
, and peak cross section 

(
σgdr

)
for the even–even tin isotopes (112–124Sn), together with goodness of fit indicators 

(
Red. χ2, R2,

pearson r
)

for calculated (γ,n) reaction cross sections. TALYS calculations were performed using the Brink–Axel Lorentzian option for the GDR strength function 
(strength function type 2) in both the default and neural-network-based cases, allowing direct modification of GDR parameters through the input file. The default 
TALYS GDR parameters correspond to the built-in entries provided in the TALYS 2.0 GDR data file (structure/gamma/gdr/sn.gdr). For 112Sn, 114Sn, and 122Sn, no 
corresponding built-in GDR parameter entry is available; therefore, only neural-network-based parameter sets are reported.

TALYS 2.0 Built-in GDR Parameters Neural-Network-Based GDR Parameters

E(MeV) Γ (MeV) σ (mb) Goodness of Fit Indicators for (γ,n) Reaction 
Cross Sections (Comparison with Exp Data)

E (MeV) Γ (MeV) σ (mb) Goodness of Fit Indicators for (γ,n) Reaction 
Cross Sections (Comparison with Exp Data)

Red. χ2 R2 Pearson r Red. χ2 R2 Pearson r

112Sn - - - - - - 16.07 4.37 233.37 5.922 0.893 0.962
114Sn - - - - - - 15.80 4.20 257.03 7.373 0.957 0.980
116Sn 15.56 5.08 271.00 61.034 0.988 0.997 15.53 4.49 258.95 19.695 0.995 0.998
118Sn 15.44 4.86 279.00 81.169 0.981 0.998 15.25 4.58 268.53 41.102 0.992 0.997
120Sn 15.37 5.10 285.00 44.362 0.993 0.997 15.34 4.79 274.08 32.306 0.996 0.998
122Sn - - - - - - 15.52 4.93 275.57 18.372 0.988 0.996
124Sn 15.28 4.80 276.00 41.518 0.985 0.994 15.30 4.84 275.33 42.066 0.983 0.995

Fig. 8. Calculated (γ, n) reaction cross section for 112Sn obtained within TALYS using neural-network-based GDR parameter systematics.
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During training, Stage 2 and Stage 3 are conditioned on the experi
mental target values supplied by the dataset so that the width and peak- 
strength regressors learn their mappings with direct access to the rele
vant intermediate quantities. When applying the model to previously 
unobserved nuclides, those experimental values are not available; the 
pipeline is therefore executed sequentially by passing forward the 
preceding-stage predictions, i.e., Stage 2 uses 

(
X,Egdr,pred

)
and Stage 3 

uses 
(
X,Egdr,pred,Γgdr,pred

)
.

To prevent information leakage arising from repeated records, the 
dataset is partitioned nucleus-wise rather than row-wise. The unique 
(Z,N,A) identifier is used as the splitting key, and all records for a given 
nuclide are assigned to the same subset. The same nucleus-wise partition 
is applied consistently across all three stages, ensuring that reported 
performance reflects extrapolation to nuclei absent from the training set.

The compiled dataset contains 117 total records corresponding to 86 
unique nuclides. Under the nucleus-wise holdout protocol, 60 unique 
nuclides (69.8%) were assigned to the training subset, 13 (15.1%) to 
validation, and 13 (15.1%) to test. Since some nuclides are represented 
by multiple records, the corresponding record counts were 82 (70.1%), 
17 (14.5%), and 18 (15.4%), respectively. These values are reported in 
order to make the statistical composition of the dataset and the effective 
strictness of the nucleus-wise split explicit. No nuclide was shared across 
subsets at any stage of the pipeline.

All stages used the same feed-forward multilayer perceptron archi
tecture comprising three hidden layers of ten neurons each (Fig. 1). 
Training was performed with the Levenberg–Marquardt back
propagation algorithm [24,25], selected for its convergence behavior in 

moderate-scale regression problems. In the implemented script, the 
maximum number of epochs was explicitly set to 500. No custom 
early-stopping hyperparameter was manually introduced; therefore, the 
built-in stopping behavior associated with validation monitoring was 
retained. Architectural and training hyperparameters were held fixed 
across stages so that differences in performance reflect the staged con
struction rather than stage-specific retuning.

To complement the predictive analysis with an explicit interpret
ability layer, a SHAP (Shapley Additive Explanations)-based feature- 
importance analysis was performed separately for each stage of the 
sequential ANN framework. For Stage 1, SHAP values were evaluated for 
the eight base nuclide descriptors in X. For Stages 2 and 3, the analysis 
was carried out on the augmented input sets used by the corresponding 
regressors, namely 

(
X, Egdr,exp

)
and 

(
X, Egdr,exp,Γgdr,exp

)
, respectively, so 

that the relative contributions of both the original nuclide descriptors 
and the stage-conditioning variables could be examined within the same 
framework. Mean absolute SHAP values were normalized and expressed 
as relative percentage contributions in order to obtain stage-wise 
importance rankings. Since several nuclear descriptors are mutually 
correlated, particularly Z, N, A, and R, the SHAP results are interpreted 
here as model-based measures of relative influence within the trained 
ANN rather than as strictly independent causal effects. The resulting 
importance distributions are presented in Figs. 5–7.

Following training, the predicted parameter triplets were imple
mented in TALYS by overriding the default E1-strength parameteriza
tion. Implementation was carried out using the Brink–Axel Lorentzian 
[26,27] option (strength function type 2), which permits explicit 

Fig. 9. Calculated (γ, n) reaction cross section for 114Sn obtained within TALYS using neural-network-based GDR parameter systematics.
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specification and overriding of the GDR centroid energy, width, and 
peak cross section in the TALYS input. Calculations are performed under 
identical reaction-model settings using both ANN-derived GDR param
eters and, when available, the built-in TALYS GDR entries, so that any 
differences in the resulting (γ,n) reaction excitation functions can be 
attributed solely to the adopted dipole parameters. Photoneutron reac
tion excitation functions are then calculated under identical 
reaction-model settings, allowing a controlled assessment of how the 
inferred GDR parameters propagate to observable (γ,n) reaction cross 
sections. Experimental excitation-function data used for validation were 
obtained from the EXFOR database [28] and accessed via the JANIS [29] 
nuclear data interface. Because the present ANN–TALYS workflow is 
deterministic, no statistically calibrated uncertainty band is reported for 
the calculated (γ,n) reaction cross sections. 

Egdr,pred = f1(X) (7) 

Γgdr,pred = f2
(
X, Egdr,exp

)
(8) 

σgdr,pred = f3
(
X, Egdr,exp, Γgdr,exp

)
(9) 

3. Results

The predictive performance of the staged ANN framework is sum
marized in Figs. 2–4, which present regression results for training, 
validation, test, and combined datasets under nucleus-wise partitioning. 
Each figure corresponds to one of the three inferred GDR parameters 

within the sequential pipeline.
Fig. 2 reports the ANN estimations for Egdr, the GDR centroid energy, 

with consistently high correlations across the subsets (TrainR ≈ 0.999,
ValidationR ≈ 0.993, TestR ≈ 0.991, AllR ≈ 0.996). Fig. 3 presents the 
corresponding results for Γgdr, the GDR width (TrainR ≈ 0.993,
ValidationR ≈ 0.963, TestR ≈ 0.961,AllR ≈ 0.972). Fig. 4 displays the 
regression for σgdr, the GDR peak cross section (Train R ≈ 0.98,
Validation R ≈ 0.963, Test R ≈ 0.962, All R ≈ 0.975).

Taken together, Figs. 2–4 indicate that, for all three parameters, the 
validation and test correlations remain close to the training values, 
consistent with stable transfer to nuclides not included in the training 
subset. The close agreement between validation and test statistics sup
ports the effectiveness of nucleus-wise partitioning in mitigating leakage 
from repeated records, since all entries associated with a given nuclide 
are confined to a single subset and the evaluation therefore probes nu
clides genuinely held out from training. Accordingly, the reported 
regression performance is consistent with nuclide-level generalization 
rather than sensitivity to repeated measurements of the same nucleus 
that are often present in compiled photonuclear reaction datasets.

To examine how the trained ANN distributes importance among the 
input quantities, a SHAP-based relative-importance analysis was per
formed for each stage of the sequential framework, as shown in 
Figs. 5–7. The resulting importance patterns are clearly stage dependent 
and are consistent with the physical role assigned to each regressor in 
the staged construction. Rather than indicating an undifferentiated 
black-box dependence on the full input set, the analysis shows that the 

Fig. 10. Calculated (γ, n) reaction cross section for 116Sn obtained within TALYS using neural-network-based GDR parameter systematics, compared with calcula
tions based on the built-in GDR parameterization of TALYS.
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network organizes the inference around a limited number of dominant 
descriptors at each stage.

As shown in Fig. 5, For Stage 1, corresponding to the inference of 
Egdr, the largest relative contribution is associated with the asymmetry 
term N− Z

A , followed by N and R. Secondary contributions arise from β2 

and BE
A , whereas Sn, Z, and A play comparatively smaller roles within the 

trained model. This ranking is physically reasonable, since the centroid- 
energy systematics are expected to reflect global composition and size- 
related nuclear properties, together with a more limited sensitivity to 
deformation and binding-related structure effects.

As shown in Fig. 6, For Stage 2, corresponding to the inference of 
Γgdr, the asymmetry term again appears as the most influential quantity. 
The conditioned centroid-energy input Egdr,exp also carries substantial 
relative importance, followed closely by BE

A and R. The remaining de
scriptors contribute at lower, but still non-negligible, levels. This dis
tribution is consistent with the staged formulation adopted here, in 
which the width regressor is expected to reflect not only bulk nuclear 
characteristics but also the resonance-energy scale inherited from the 
preceding stage.

As shown in Fig. 7, For Stage 3, corresponding to the inference of 
σgdr, the dominant contributions are associated with N and the condi
tioned centroid-energy input Egdr,exp, followed by Z, BE

A , and A. By com
parison, R, Γgdr,exp, Sn, N− Z

A , and β2 make smaller relative contributions. 
Within the trained model, therefore, the peak cross section is governed 
primarily by nucleon-content variables together with the conditioned 

resonance-energy information, while deformation-related effects remain 
comparatively limited for the nuclei represented in the present dataset.

Taken together, the SHAP results provide a physically interpretable 
complement to the regression metrics by making explicit which quan
tities are most influential in each stage of the GDR-parameter inference. 
In this sense, the staged ANN framework is not only predictive but also 
structurally interpretable, with the learned hierarchy of importance 
remaining consistent with established trends in GDR systematics.

To assess the practical implications of the inferred GDR parameter 
systematics, a focused analysis was carried out along the even–even tin 
isotopic chain (112–124Sn). Using the TALYS implementation and fixed- 
model protocol described in Methods, reaction excitation functions ob
tained with ANN-derived GDR parameters were compared with those 
from the built-in TALYS defaults (where available) and evaluated 
against selected EXFOR photoneutron reaction datasets accessed via 
JANIS.

Table 1 lists the centroid energy E, width Γ, and peak cross section σ 
for 112–124Sn, together with goodness of fit indicators 

(
Red. χ2, R2,

and pearson r
)

for the calculated (γ,n) reaction excitation functions 
relative to the selected EXFOR datasets [30–42]. For 112Sn, 114Sn, and 
122Sn, corresponding built-in GDR entries are absent in the TALYS 2.0 
data file (Sn.gdr in structure/gamma/gdr/); accordingly, Table 1 reports 
only the ANN-derived parameter sets for these isotopes. In the absence 
of tabulated built-in entries, the staged ANN framework provides 
parameter triplets that follow smooth isotopic trends and enable TALYS 
calculations that remain compatible with the experimental reaction 

Fig. 11. Calculated (γ, n) reaction cross section for 118Sn obtained within TALYS using neural-network-based GDR parameter systematics, compared with calcula
tions based on the built-in GDR parameterization of TALYS.
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excitation-function systematics under the same reaction-model settings.
Across the 112–124Sn sequence, the ANN-inferred centroid energies 

remain compatible with evaluated values where such entries exist. For 
isotopes (116–120Sn and 124Sn) with built-in parameters, differences be
tween ANN-derived and tabulated values are systematic rather than 
erratic, preserving isotopic continuity. The ANN-derived widths are 
modestly lower than the built-in values for several nuclei, implying 
narrower dipole-strength distributions; this adjustment is reflected 
directly in the shape and peak region of the calculated photoneutron 
reaction excitation functions.

At the reaction level, as shown in Figs. 8–14, the ANN-based 
parameterization is consistently competitive with, and in several 
nuclei improves upon, the default parameter choice as assessed by 
reduced χ2 and correlation measures. Notably, for 116Sn,118Sn, and 
120Sn, reduced χ2 values decrease when ANN-derived parameters are 
used, while for 124Sn the ANN-based results remain comparable to those 
obtained with the default evaluation. For 112Sn, 114Sn, and 122Sn, where 
no corresponding built-in GDR entries are available in the TALYS 2.0 
data file, calculations performed only with the ANN-derived parameter 
sets remain consistent with the experimental reaction excitation- 
function systematics under the same reaction-model settings. Across 
the chain, R2 and Pearson r remain high, and no isotope shows a sys
tematic loss of correlation when the ANN-based parameters are 
substituted. Overall, the substitution of the ANN-derived triplets miti
gates isotope-dependent residual structures without compromising the 
global excitation-function trend.

In summary, the tin-isotope case study demonstrates that the staged 
ANN framework produces GDR parameter systematics that are inter
nally coherent under nucleus-wise validation, can be integrated into 
TALYS through direct parameter override without altering other model 
ingredients, and yield stable reaction-level performance across a 
contiguous isotopic sequence. The approach therefore provides a prac
tical alternative to heterogeneous or incomplete built-in parameter en
tries in photonuclear reaction modeling, particularly when isotopic 
continuity and controlled extrapolation are central requirements.

4. Conclusion

This work introduced and tested a staged artificial neural network 
framework to infer Lorentzian GDR parameters 

(
Egdr, Γgdr, σgdr

)
from a 

physically motivated set of eight nuclide descriptors 
(

Z, N, A, BE
A , Sn, R,

N− Z
A , β2

)

. A central design choice was the use of nucleus-wise data 

partitioning, whereby all records associated with a given nuclide were 
assigned to a single subset. In compiled photonuclear reaction datasets 
that contain multiple entries per nucleus, this split provides a stringent 
evaluation setting and yields performance estimates that better reflect 
transfer to nuclei not represented during training. The regression results 
(Figs. 2–4) show that high correlations were maintained across training, 
validation, and test subsets for all three parameters, with validation–test 
consistency supporting genuine nuclide-level generalization under the 

Fig. 12. Calculated (γ, n) reaction cross section for 120Sn obtained within TALYS using neural-network-based GDR parameter systematics, compared with calcula
tions based on the built-in GDR parameterization of TALYS.
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adopted splitting protocol. Overall, this workflow integrates evaluated 
nuclear-structure inputs (NNDC), evaluated GDR parameter systematics 
(RIPL-3), staged ANN inference, and reaction-model validation into a 
single internally consistent chain.

To assess the practical implications of the inferred systematics, the 
ANN-derived parameter triplets were implemented in TALYS 2.0 
through direct override of the default E1-strength parameterization 
using the Brink–Axel Lorentzian option (strength function type 2), 
leaving all other reaction-model ingredients unchanged. Using the fixed- 
model calculation protocol described in Methods, the reaction-level 
impact was evaluated on the even–even 112–124Sn isotopic chain by 
comparing calculated (γ,n) reaction excitation functions with selected 
EXFOR photoneutron reaction datasets accessed via JANIS, and where 
available, against calculations obtained with the built-in TALYS GDR 
entries.

For isotopes (116–120Sn and 124Sn) with built-in TALYS entries, the 
ANN-based parameterization was generally competitive with the default 
choice and, in several cases, yielded lower reduced χ² values (notably for 
116Sn, 118Sn, and 120Sn) while remaining comparable for 124Sn, with 
high R² and Pearson r maintained throughout. For 112Sn, 114Sn, and 
122Sn, where no corresponding built-in GDR entries were available in the 
TALYS 2.0 data file, the ANN-derived parameter sets provided a 
consistent basis for TALYS calculations and produced (γ,n) reaction 
excitation functions that were compatible with the experimental sys
tematics under the same modeling conditions. Collectively, these results 
indicate that the staged construction delivers internally coherent GDR 
parameter trends that propagate in a controlled manner to observable 

photoneutron reaction cross sections along a contiguous isotopic 
sequence.

Beyond the tin-chain demonstration, the study highlights two 
methodological points that are broadly relevant for data-driven photo
nuclear reaction modeling. First, nucleus-wise partitioning can be 
regarded as the default validation protocol when datasets contain 
repeated records per nuclide and when the scientific objective concerns 
systematic behavior across nuclei. Second, staged conditioning offers a 
transparent means of reflecting the known interdependence among GDR 
parameters within the learning task without imposing a fixed analytic 
coupling, while retaining the full descriptor information at each stage. A 
further SHAP-based interpretability analysis showed that the trained 
regressors exhibit distinct and physically meaningful stage-dependent 
importance patterns. In the centroid-energy stage, the dominant con
tributions arise from asymmetry, neutron content, and radius-related 
information. In the width stage, asymmetry, the conditioned centroid- 
energy input, BE

A , and A were the leading quantities. In the peak-cross- 
section stage, the inference is governed primarily by neutron and pro
ton content together with the conditioned resonance parameters. These 
results add an explicit interpretability layer to the ANN framework and 
support its use as a physically informed parameterization strategy rather 
than a purely opaque regression scheme. Within this scope, the staged 
ANN framework provides a practical and internally consistent comple
ment to heterogeneous or incomplete built-in parameter entries, 
particularly in applications where isotopic continuity and controlled 
extrapolation across nuclides are central requirements.

Fig. 13. Calculated (γ, n) reaction cross section for 122Sn obtained within TALYS using neural-network-based GDR parameter systematics.
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