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Abstract

This study introduces a novel, physics-informed, and calibration-friendly hybrid machine learning framework for the rapid
and accurate prediction of the Full Energy Peak (FEP) efficiency in High-Purity Germanium (HPGe) detectors. To overcome
the limitations of conventional “black-box”” models, our two-stage approach first represents the FEP efficiency curve using a
physically interpretable logarithmic polynomial. Subsequently, machine learning models were trained to predict the polyno-
mial coefficients directly from the detector geometric parameters using a comprehensive dataset generated via Monte Carlo
simulations. Among the various algorithms tested, the Generalized Linear Model yielded superior performance, achieving
R? values of 0.975-0.992 for the coefficients. While raw model predictions showed expected variability, a key feature of our
framework (a single-point calibration protocol using one known efficiency value) dramatically improved accuracy, reducing
the mean absolute percentage error by an average of 80% on the independent test data. The calibrated model was further
validated using an experimental detector. The entire framework was deployed as a user-friendly online platform, enabling
researchers to instantly generate and calibrate efficiency curves. Our work successfully harmonizes interpretability, speed,
and accuracy, offering a powerful tool for the design, optimization, and routine calibration of HPGe detectors.
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Introduction

High-purity germanium (HPGe) detectors are widely used
by laboratories to identify and quantify gamma-emitting iso-
topes in a wide variety of samples [1-3]. HPGe detectors are
used in a wide range of applications, such as searching for
dark matter [4], new neutrino properties [5, 6], unmanned
aerial vehicles [7], and determining the activity of radioac-
tive samples for nuclear diagnostics of Inertial Confinement
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Fusion (ICF) experiments [8—11]. The precise determination
of the efficiency of the detection instrument under the spe-
cific measurement conditions of each sample is crucial for
obtaining high-quality results. Given the diversity of condi-
tions, such as measurement geometry, sample type, volume,
and matrix, it is not possible to obtain complete calibration
on an experimental basis alone [12]. With the increased
availability of advanced algorithms, numerous software
packages dedicated to performing efficiency calculations are
available, such as Angle [13, 14], LabSOCS [15], ETNA
[16], EFFTRAN [17], MEFFTRAN [18], GESPECOR [12],
GEANT4 [19], EGS4 [20], EGSnrc [21]. Although the
aforementioned validated Monte Carlo codes are available,
they may not be accessible to everyone because their use
requires a certain degree of training. In addition, depending
on the complexity of the simulation geometry, the simulation
times range from tens of minutes to hours. An alternative
method to obtain the efficiency curve of a given HPGe detec-
tor relatively quickly would be extremely useful.

In recent years, with the widespread use of advanced
algorithms, machine learning has permeated nearly every
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field of scientific research [22-30]. Given sufficient data,
machine learning algorithms can learn input—output rela-
tionships and make predictions within certain error mar-
gins. Machine learning approaches that can assist or serve
as alternatives to experimental or Monte Carlo simulations
have begun to be explored in HPGe detectors. For example,
Dey et al. [26] generated data using the FLUKA package
program for a Broad-Energy HPGe (BEGe) detector and
derived an empirical formula dependent on the detector
geometry and energy, determining the coefficients of this
formula through nonlinear regression. The same study also
highlighted the effects of detector size ratios (e.g., diameter/
height ratio) on the efficiency. Additionally, methods that
directly derive formulas based on energy and distance [31]
and black-box models based on artificial neural networks
(ANNSs) are present in the literature [32, 33]. In efficiency
studies using ANNs for HPGe detectors, although the mod-
els often provide high accuracy, they have significant limita-
tions in terms of interpretability and reliability assessment.
This is because their internal workings are not transparent,
and the relationships they establish with physical param-
eters are typically empirical and lack physical meaning [34,
35]. Therefore, the literature emphasizes the need for new
methods that integrate physical knowledge and can quantify
uncertainties to address the limited interpretability of ANNs
[36, 37]. Moreover, when such direct prediction models
contain systematic errors, it is often not possible for users
to calibrate the model outputs, or separate corrections are
required for each energy point [38].

To overcome these challenges, a paradigm shift from
direct 'black-box' prediction to a more structured, physics-
informed modeling framework is required. Such a frame-
work should not attempt to learn the complex efficiency
curve from scratch, but rather use machine learning to
estimate the physically meaningful parameters of a well-
established analytical model. By decomposing the problem
in this way, two critical objectives can be achieved simulta-
neously: (1) the model's outputs (the coefficients) become
interpretable in the context of detector physics, and (2) any
systematic discrepancies between simulation and reality can
be corrected through a simple calibration of these coeffi-
cients, rather than adjusting the entire curve point-by-point.
This hybrid two-stage approach forms the core methodologi-
cal innovation of our study.

In this study, we propose an interpretable, physics-based,
and user-friendly hybrid model to address these limitations.
Our model represents the full-energy peak efficiency curve
of HPGe detectors using specific parameters and employs
machine learning to estimate these parameters. Because the
model outputs correspond to physically meaningful coef-
ficients that describe the shape of the detector efficiency
curve, the efficiency behavior of different detector geom-
etries can be interpreted. Furthermore, a single known
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efficiency value at any point can be used to calibrate these
coefficients, correct the systematic errors in the model, and
simultaneously improve the predictions across the entire
energy range. The proposed approach retains the speed and
flexibility of the black-box model while incorporating the
accuracy and reliability advantages of classical calibra-
tion methods. Finally, an online interface was developed to
facilitate the easy use of the proposed model by researchers.
Through this platform, users can input detector geometry
parameters and any available experimental data to quickly
and reliably obtain an efficiency curve for any energy value
for HPGe detectors.

Materials and methods
Data production: Monte Carlo simulations

To train machine learning models, it is essential to create
large and diverse datasets. In this study, the data were gener-
ated using MC simulations with the EGS 4 code to encom-
pass the efficiency values for different energies and detector
geometries, which would be extremely costly and difficult
to obtain experimentally. For the EGS4 code, a MORTRAN
code applied a cylindrical model, CCYSL [20]. This process
includes the strategic placement of emission points inside
the source. A RANLUX random number generator was used
with the EGS4 code because it was shown to produce a rela-
tively better distribution and longer sequence. For the model
executed with EGS4, the efficiency data were divided into
10,010 energy bins, each with a width of 0.3 keV.

In the MC calculations, the calculation geometry was
planned for an HPGe detector, and within the EGS4 frame-
work, the detector volume was discretized into 919 cylin-
drical voxels (cells), each with material properties defined
per reference geometry. The detector parameters used in
these MC simulations are listed in Table 1. The calculated
area was divided into 919 cells such that when this shape
was rotated 360° around the z-axis (Fig. 1), a fully cylindri-
cal geometry was obtained. Figure 1 shows the discretized
geometry, with detector volume divided into voxels by a set
of specific radial and axial divisions. The point source was
modeled as a mono-directional, collimated photon beam.
Every photon is emitted parallel to the central z-axis of the
detector with no angular dispersion. [20, 21].

Using the EGS4 software package, we simulated the full-
energy peak efficiencies for an HPGe detector across 20
gamma-ray energies ranging from 30 keV to 2.5 MeV. The
simulation process began with a base detector model whose
geometric parameters (listed in Table 1) precisely matched
the specifications of a real HPGe detector. We then gener-
ated 100 variant geometries by randomly scaling these refer-
ence dimensions within physically realistic bounds (0.5 X to
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Table 1 Reference parameters used for generating data for machine
learning. Distances are in cm units; window material and relative effi-
ciency were not used as variables; Detector type: n-type HPGe detec-
tor with 55% relative efficiency; and detector window is aluminum
and kept constant in the current model.)

Detector Feature, abbreviation (unit) Reference
parameters
Detector-source distance, dsd (cm) 10
Window material Al
Window thickness, wt (cm) 0.1
Window-crystal distance, wed (cm) 0.4
Front dead layer thickness, wdt (cm) 0.07
Lateral dead layer thickness, 1dt (cm) 0.07
Back dead layer thickness, bdt (cm) 0.0003
Crystal length, cl (cm) 4.360
Crystal radius, cr (cm) 3.135
Hole depth, hd (cm) 3.070
Hole radius, hr (cm) 0.515
Relative efficiency 55%

2 x scaling factors) while maintaining proper detector pro-
portions. For each configuration, we performed independ-
ent MC simulations to calculate the efficiency values at all
energy points.

The simulations incorporated all critical detector com-
ponents, including the germanium crystal, dead layers, and
entrance window, with experimentally validated geometries.
We implemented point-source irradiation geometry. Each
simulation tracked 10® photon histories to achieve statistical
uncertainties of less than 0.5% in the calculated efficiency
values. When combined with the inherent uncertainties in
the interaction cross-sections, the total estimated uncertainty
remained below 3%, making this dataset suitable for precise
machine learning applications.

Fig. 1 Detector model used in
MC simulation

3D model profile

This approach offers several advantages: (1) the effi-
ciency values at each gamma-ray energy are derived from
first-principles radiation transport physics; (2) the varied
geometries cover a realistic parameter space for different
detector geometries; and (3) the statistical precision meets
rigorous standards for model training. As shown in Fig. 1
and supported by the methodologies in references [26, 39],
this simulation framework provides both physical accuracy
and computational efficiency for generating the training data.
The resulting dataset maintains direct correspondence with
measurable detector properties while enabling comprehen-
sive coverage of geometric variations that would be imprac-
tical to study experimentally.

Two-stage modeling framework

The efficiency values obtained from MC simulations can
be processed either through direct machine learning map-
ping or via a physics-based model. In this study, we identi-
fied a critical limitation in approaches that rely solely on
energy-dependent efficiency variations for a fixed detec-
tor geometry. Such methods risk learning artificial energy
correlations rather than true physical relationships. These
spurious correlations could significantly compromise both
the generalizability and physical meaningfulness of the
model. To overcome this limitation, we developed a novel
two-stage modeling framework that shifts the learning
objective from a direct efficiency prediction to the esti-
mation of physically interpretable coefficients governing
efficiency behavior. The proposed methodology first estab-
lishes an analytical representation of the efficiency curve
using Eq. (1), a hybrid polynomial-inverse formulation
specifically designed to capture the characteristic energy
response of HPGe detectors. This physically grounded
equation structure inherently preserves the expected

2D model profile
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asymptotic behaviors and energy dependencies observed
in gamma-ray detection. In the second stage, machine
learning algorithms were employed to predict the coef-
ficients of the equation based on the detector geometry
parameters. This approach provides several key benefits:
it maintains a direct correspondence between the model
parameters and measurable physical quantities, reduces
the risk of unphysical predictions, and enables a mean-
ingful interpretation of the results. The selected hybrid
equation effectively represents the typical characteristics
of the efficiency curve, including the rapid decrease at
low energies and gradual roll-off at higher energies, while
ensuring that all coefficients retain clear physical signifi-
cance. By decoupling the physical representation from
the parameter estimation process, our framework achieves
superior generalizability compared with purely data-driven
approaches. The physics-based equation constrains the
solution space to physically plausible outcomes, whereas
the machine learning component provides the flexibility
to adapt to diverse detector geometries. This combination
yields more reliable predictions, particularly for detector
configurations outside the training distribution, because
the model must adhere to fundamental physical principles
rather than merely interpolating between data points.
logle(E)] = a + b log(E) + c[log(E)|* + d% + e% )
where e(E) is the energy-dependent efficiency, E is the
photon energy, and a, b, ¢,d and e are model coefficients.
The physical meanings of these coefficients are presented
in Table 2.

Within the physics-informed modeling approach of this
study, the machine learning process first predicted Table 2
coefficients based on the detector geometry parameters.
These predicted coefficients were then substituted into
Eq. (1) to calculate the efficiency values at any desired
energy level.

Table 2 The physical meaning of coefficients used in Eq. 2

Methodological process and performance metrics

In this study, a seven-step systematic process was imple-
mented to predict HPGe detector full-energy peak (FEP)
efficiency of HPGe detectors using a physics-informed
two-stage machine learning approach. Each step is detailed
below, following our updated modeling framework.

Step 1: Feature Definition and Engineering Methodol-
ogy: Ten fundamental geometric parameters formed the
initial inputs: detector-source distance (dsd), window thick-
ness (wt), window-crystal distance (wcd), front dead layer
thickness (fdt), lateral dead layer thickness (1dt), back dead
layer thickness (bdt), crystal length (cl), crystal radius (cr),
hole depth (hd), and hole radius (hr). Feature engineering
techniques generated 17 additional derived variables with
physical meaning, including crystal volume, surface area,
volume-to-surface ratio, and length-to-diameter ratio, total-
ing 27 explanatory variables. Variable selection was based
on correlation and multicollinearity analyses (complete defi-
nitions are provided in Supplementary Material 1).

Step 2: Monte Carlo-Based Data Generation: Using
the reference GEM25P4-76 detector (Table 1), we created
additional 100 geometric variants by randomly scaling each
parameter (0.5-2.0 X range). For each geometry, the MC
simulations generated efficiency data at 20 energy points
(30-2500 keV), yielding 2020 observations covering most
laboratory configurations.

Step 3: Extraction of Physical Coefficients: Each detector-
energy dataset was fitted to a logarithmic efficiency polyno-
mial via least-squares regression in R, deriving coefficients
a-e. These coefficient vectors, which represent unique detec-
tor responses, are the target variables for machine learning
prediction.

Step 4: Machine Learning Training Process: The dataset
developed for the coefficient estimation was strategically
divided into training (75%) and testing (25%) subsets to
ensure robust model evaluation. We systematically applied

Coefficients Main physical resource(s) Explanation References
a Effective solid-angle, effective volume, crystal-source The energy-independent scaling factor of the detector [40, 41]
placement geometry primarily determines the global efficiency
b Transition between Compton scattering + photoelectric The negative slope in log(E), at medium energy level [40, 41]
apsorption (~0.1-1 MeV) describes the linear decrease in effi-
cienfy in log scale
c Transition geometry between Photoelectric absorp- The term In*(E), introduces concavity to the curve, physi- [40, 41]
tion — Compton scattering — Pair production cally capturing both the plateau width and the character-
istic “shoulder” region
d Low-energy (< 80 keV) absorption; window and dead The negative-signed 1/E term models the efficiency loss  [3, 31]
layer effect (uox 1/E) caused by thin windows/dead layers
e The sharp attenuation at very low energies (<50 keV) The 1/E? term captures the sharpest energy depend- [3,31]

arises from surface absorption effects (uo 1/E?)

ence arising from the combined effects of dead layer,
entrance window, and self-absorption
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eight advanced machine learning algorithms to the training
data, including Generalized Linear Models (GLM), Random
Forests (RF), Support Vector Regression (SVR), Extreme
Gradient Boosting (XGBoost), Cubist models, Gaussian
Process Regression (GPR), Bayesian Regularized Neural
Networks (BRNN), and Multivariate Adaptive Regression
Splines (MARS). Each algorithm's hyperparameters were
meticulously optimized through an exhaustive tenfold cross-
validation process combined with grid search techniques,
with the specific objective of minimizing the mean squared
error in the prediction of our target coefficients (a-e) [42].
This rigorous optimization procedure produced prelimi-
nary (“raw”) models capable of accurately predicting the
characteristic coefficients for any given detector geometry.
Although these initial models successfully generated uncali-
brated efficiency curves when their predicted coefficients
were incorporated into Eq. (1), we observed a consistent
scaling discrepancy between these theoretical predictions
and our experimental/Monte Carlo reference data points.
To address this systematic offset across the entire energy
spectrum with maximum efficiency, we implemented an
innovative single-point calibration protocol. This approach
enabled the precise adaptation of our models to real detector
characteristics while requiring only minimal experimental
measurements; a single known efficiency value at any energy
proved sufficient to properly scale all predictions through-
out the energy range. The calibration process effectively
eliminated the observed offset while maintaining the physi-
cal validity of our predictions, thereby demonstrating the
practical utility of our physics-informed machine learning
framework.

Step 5: Single-Point Calibration Protocol: The trained
models were adapted to actual detector measurements using
an efficient single-point calibration protocol. This practical
correction method utilizes only one experimentally meas-
ured efficiency value at any energy point provided by the
user. The calibration process calculates a dimensionless
correction factor (CF = €41/ € predicrea) that quantifies the
ratio between the observed and predicted efficiencies. By
applying this single scaling factor uniformly to all raw model
outputs, the system simultaneously corrects both natural
variations and systematic biases across the complete energy
spectrum. This elegant approach yields detector-specific
efficiency curves while maintaining several critical advan-
tages: it preserves the physical relationships embedded in the
original model, requires minimal experimental effort (only
one calibration measurement), and automatically adjusts all
the predicted values in a physically consistent manner. The
resulting calibrated curves demonstrated excellent agree-
ment with the reference measurements while retaining the
computational efficiency of the machine learning frame-
work, effectively bridging the gap between theoretical pre-
dictions and experimental reality.

While single-point calibration is sufficient to correct for
the predominant scaling error, a multi-point calibration
could be employed o enhance robustness in cases where the
predicted shape of the efficiency curve exhibit minor but
consistent deviations from the experimental data across the
energy range, potentially due to unmodeled physical effects.
This would involve a weighted least-squares adjustment of
the predicted coefficients to fit multiple experimental points,
futher reducing random uncertainties. The platform’s archi-
tecture can be extended to support this advanced functional-
ity for demanding applications where the highest possible
accuracy is required.

Step 6: Computation of Performance Metrics: The pre-
dictive accuracy of the machine learning models was quan-
titatively assessed using four key statistical metrics: Mean
Absolute Error (MAE, Eq. 2), and Root Mean Square Error
(RMSE, Eq. 3), and the coefficient of determination (Rz,
Eq. 4) [43], and Mean Absolute Percentage Error (MAPE,
Eq. )). These metrics were specifically chosen to provide a
comprehensive evaluation of the model performance from
various perspectives. The MAE offers a robust measure-
ment of the average prediction deviation, whereas the RMSE
emphasizes larger errors through quadratic weighting. The
concordance correlation coefficient evaluates both preci-
sion and accuracy relative to the line of perfect agreement,
and the MAPE provides an intuitive percentage-based error
interpretation. Each metric was calculated using standard-
ized formulations to ensure a consistent evaluation across all
detector configurations and energy ranges, enabling a direct
comparison of the model performance while accounting for
both systematic and random prediction errors. This multi-
metric approach guarantees a thorough validation of the pre-
dictive capabilities of the models across different aspects of
the efficiency curve estimation task.

n

1 .
MAE = >y -3 )

i=1

3)
n ~\ 2
R=1— Ziﬂ:l 87 )il)z @
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100 < [ Vi —yA,-|>
MAPE = —~ L
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where n is the total number of points in cross-validation, y;
is the actual value, )’)\l is the estimated value, y is average of
actual values.
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Step 7- External Testing (Testing detector parameter sets)
and Comparative Analysis: The most successful machine
learning model was rigorously evaluated on ten completely
independent test detectors that were excluded from all train-
ing phases. For each test case, we generated both pre- and
post-calibration efficiency predictions and performed com-
prehensive comparisons with the reference Monte Carlo
simulation results. To further validate the real-world appli-
cability, we conducted identical testing procedures on an
actual physical detector system. This two-tiered validation
approach, using both simulated and experimental test cases,
provides robust verification of the model's generalization
capability beyond its training distribution. The compari-
son methodology maintained consistent evaluation metrics
across all test scenarios, enabling a quantitative assessment
of the effectiveness of the calibration protocol in bridging
the gap between simulated predictions and real detector
behavior. This stringent validation process confirmed the
model's reliability for both theoretical studies and practical
applications with physical detector systems.

Machine learning algorithm
Generalized linear model

Generalized Linear Models (GLMs) extend the classical
linear regression theory by providing a flexible parametric
framework capable of modeling response variables from any
distribution within the exponential family [44]. At their core,
GLMs establish a relationship between the expected value
of the response variable (E[Y|x]) and a linear combination
of explanatory variables through a carefully selected link
function g(.), as shown in Eq. (6).

P
ELYIX)) =y + ). B, ©)
j=1

This link function, chosen based on the response distribu-
tion (such as log for Poisson or logit for binomial distribu-
tions), enables the modeling of nonlinear relationships while
maintaining a linear predictor structure [45]. The model
parameters (f) are estimated through Maximum Likelihood
Estimation (MLE), typically implemented computationally
using the Iteratively Reweighted Least Squares (IRLS) algo-
rithm for efficient convergence [46]. The inherent statistical
regularity of exponential family distributions ensures that
the resulting coefficient estimates are both consistent and
asymptotically normal, allowing for the analytical derivation
of standard errors and confidence intervals [47].

In the context of this study, the relationship between the
detector geometry and polynomial coefficients was sub-
stantially linearized through comprehensive feature engi-
neering. This transformed problem structure makes GLMs
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particularly advantageous compared to more complex tree-
based alternatives, primarily because of their superior inter-
pretability and enhanced generalization performance. The
GLM implementation specifically utilized the Gaussian fam-
ily with an identity link function for continuous coefficient
prediction, supplemented by L2 regularization to address
the potential multicollinearity among the derived features.
Diagnostic analyses, including partial residual plots, con-
firmed the validity of the linearity assumptions in our modi-
fied feature space. This methodological choice reflects our
dual emphasis on maintaining the physical interpretability
of parameters while achieving computational efficiency,
with GLMs demonstrating comparable predictive accuracy
(2% MAE) to ensemble methods while providing transpar-
ent coefficient relationships that align with detector physics
principles. The success of this approach underscores how
proper feature engineering can make classical statistical
methods competitive with modern machine learning tech-
niques for well-structured physical problems.

Gaussian process regression

Gaussian Process Regression (GPR) represents a non-para-
metric, Bayesian approach that defines a probability distribu-
tion directly over a space of functions, eliminating the need
for explicit functional form assumptions [48]. The funda-
mental premise of this model rests on the assumption that
the target function values at any finite set of points follow a
joint multivariate Gaussian distribution, expressed through
a Gaussian Process (GP) prior, as shown in Eq. (7).

fx) ~ GP(m(x), k(x,x)) @)

In this formulation, m(x) denotes the mean function,
and k(x, x/) represents the covariance function (kernel) that
fundamentally determines the model's expressive power by
quantifying the input similarity and correlation. While the
mean function is typically assumed to be zero in standard
implementations, kernel selection (such as the radial basis
function (RBF) kernel) provides a mechanism to incorpo-
rate prior knowledge about expected function characteris-
tics, including smoothness properties [48]. The complete
probabilistic framework emerges through the incorporation
of Gaussian-distributed observational noise, enabling the
analytical combination of the prior distribution and data
likelihood via Bayes' theorem. This closed-form solution
yields a posterior distribution that forms the basis of the
predictions [49]. Unlike conventional regression techniques,
GPR provides not only point estimates but also their associ-
ated predictive variance (or confidence intervals), reflecting
the model's inherent uncertainty quantification capability,
which is one of its most distinctive advantages. The variance
of the predictive distribution naturally increases in regions
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with sparse training data, offering valuable insights into pre-
diction reliability that are particularly crucial in scientific
applications.

In our detector efficiency modeling context, GPR's ability
of GPR to capture complex, nonlinear relationships without
overfitting while simultaneously providing uncertainty esti-
mates makes it particularly valuable for coefficient predic-
tion. The infinite differentiability assumption of the RBF
kernel aligned well with our physically smooth efficiency
curves, and the marginal likelihood optimization automati-
cally balanced the model complexity with the goodness-of-
fit. This Bayesian treatment also allows the natural incorpo-
ration of prior physical knowledge through kernel parameter
constraints, creating an effective bridge between data-driven
learning and domain expertise. The resulting predictions
maintained physical plausibility, even for extrapolated detec-
tor geometries, demonstrating GPR's superior generalization
capability of GPR compared with deterministic alternatives.

Multivariate adaptive regression spline

Multivariate Adaptive Regression Splines (MARS) is a
flexible regression technique that captures global nonlinear
behavior by systematically partitioning the dataset into local
subspaces and constructing linear sub-models within each
region [50]. The foundation of the method lies in its use
of one-sided, piecewise-linear basis functions with hinge-
like forms, which are mathematically expressed in Eq. (8)
through two complementary formulations defined around
the knot point (¢). These basis functions adaptively respond
to input variables through their distinctive segmented struc-
tures, enabling the modeling of complex nonlinear relation-
ships without requiring predefined functional forms.

h(x;,t) = max {0,x; — 1} orh(x;,t) = max {0, —x;} (8)

The MARS algorithm, originally proposed by Fried-
man [51], operates through two fundamental phases. The
forward selection phase begins by aggressively building an
overfitted complex model through the sequential addition
of variable-knot point pairs and their interactions, which
most rapidly minimize the residual sum of squares [52].
This initial model construction is followed by a backward
elimination phase that prunes the model using the General-
ized Cross-Validation (GCV) criterion, effectively removing
terms that either fail to enhance the generalization capabil-
ity or introduce unnecessary complexity [53]. The resulting
final model maintains strong interpretability by explicitly
revealing local linear relationships within specific subspaces
of the data space while simultaneously capturing nonlinear
patterns without requiring complex functional representa-
tions [51].

In our study, MARS was specifically employed for poly-
nomial coefficient prediction because of its unique ability to
preserve the accurate prediction capabilities of linear models
while adaptively modeling nonlinear components [54]. This
dual capability is particularly valuable for addressing the
mixed linear-nonlinear relationships between the detector
geometry parameters and efficiency curve coefficients. The
algorithm's automatic knot point determination successfully
identified critical thresholds in the geometric parameter
space, where efficiency characteristics transitioned between
different regimes, while its piecewise linear formulation
maintained the physical interpretability of the resulting sub-
models. The implementation details included second-order
interactions between the geometric parameters and energy-
dependent terms, with the GCV penalty parameter optimized
to balance the model complexity against the prediction accu-
racy across our diverse detector configurations.

Cubist model

The Cubist model represents an innovative rule-based hybrid
methodology that effectively combines the partitioning logic
of decision trees with localized linear regression models
[55-57]. This algorithm operates by iteratively dividing
the feature space into subregions through binary splits that
maximally reduce the error variance, subsequently generat-
ing specialized linear regression models (Eq. (9)) for each
terminal node (leaf). This unique architecture enables the
representation of globally nonlinear relationships through
interpretable piecewise linear surfaces [58], maintain-
ing mathematical transparency while capturing complex
patterns.

)4
9 =P+ ) B, )
Jj=1

Cubist distinguishes itself from conventional tree mod-
els through its two-stage refinement mechanism, which
significantly enhances predictive performance. The first
stage employs a boosting-like approach, where successive
models (committees) are sequentially constructed to reduce
the overall model variance [59]. The second stage incor-
porates a smoothing procedure that adjusts each prediction
by blending it with the k-nearest neighbors (k-NN) from
the training set that fall under the same rule, a process that
softens abrupt transitions between rules while improving
local prediction consistency [25, 57]. This hybrid architec-
ture achieves an optimal balance between transparency and
flexibility through several mechanisms [60]: (1) automatic
variable selection and pruning capabilities that mitigate
overfitting risks; (2) preservation of linear model interpret-
ability within individual partitions; (3) incorporation of
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ensemble methods' adaptability through committee models;
and (4) local consistency enforcement via nearest-neighbor
smoothing.

For our specific challenge of predicting polynomial coef-
ficients from high-dimensional geometric features, Cubist
was selected as an ideal middle ground between constrained
models, such as GLM, and complex “black box” alterna-
tives [58]. Its rule-based structure proved particularly effec-
tive in handling the piecewise-linear relationships observed
between certain detector dimensions and efficiency curve
parameters, whereas the committee-based approach pro-
vided the necessary flexibility to capture subtle nonlineari-
ties. The model's automatic feature selection capability also
helped prioritize the most physically meaningful geometric
parameters from our engineered feature set, aligning with
our emphasis on interpretable modeling. The implementa-
tion details included five committee members and seven
nearest neighbors for smoothing, with parameters optimized
through cross-validation to maintain physical plausibility
while maximizing predictive accuracy.

Bayesian-regularized neural network

The Bayesian-regularized neural network (BRNN) repre-
sents a sophisticated integration of Bayesian statistical prin-
ciples with artificial neural network architecture, fundamen-
tally transforming the regularization process into an inherent
component of the model rather than an external constraint
[61, 62]. This approach establishes a probabilistic frame-
work by assigning Gaussian prior distributions to network
weights, thereby treating parameter estimation as a Bayesian
inference problem rather than a purely optimization-driven
process. Unlike conventional neural networks that primarily
minimize the sum of squared errors (E},), BRNN optimizes
a composite objective function (Eq. (10)) that incorporates
both the data fitting error and a weight magnitude penalty
term (E, ), creating an intrinsic balance between model accu-
racy and complexity control.

E(w) = PEp(w) + aE,,(w) (10)

The most significant innovation of BRNN lies in its
automatic evidence-based optimization of the regulariza-
tion parameters (@ and f) through the Bayesian evidence
framework [63]. This built-in mechanism fundamentally
differs from traditional approaches by eliminating the need
for external techniques, such as early stopping or manual
hyperparameter tuning, while effectively managing both
overfitting and error variance through posterior weight
distributions. The implementation employs second-order
optimization techniques, particularly the Levenberg—Mar-
quardt algorithm, which enables the model to simultane-
ously learn the optimal network complexity and data noise
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characteristics directly from the training data [64]. This
integrated approach bypasses the conventional require-
ments for cross-validation or separate validation sets while
maintaining a robust generalization performance. Beyond
its regularization advantages, BRNN's probabilistic foun-
dation of BRNN provides several unique capabilities. The
generation of posterior weight distributions enables mean-
ingful uncertainty quantification for predictions [65, 66],
offering confidence intervals that are particularly valuable
in scientific applications. The model maintains the universal
function approximation capabilities of standard neural net-
works while demonstrating superior performance on small-
to medium-sized datasets, where conventional networks
might overfit. However, this enhanced capability comes
with computational trade-offs; the need to compute second-
order Hessian matrices significantly increases the processing
requirements for large network architectures, making careful
design choices essential for practical implementation.

In our detector efficiency modeling context, BRNN was
specifically selected to leverage the flexibility of neural net-
works while mitigating overfitting risks through its Bayes-
ian framework. The automatic regularization adjustment
proved particularly valuable given our moderately sized
dataset of 100 detector configurations, where conventional
neural approaches might struggle to balance complexity
and generalizability. The resulting model provided not only
accurate coefficient predictions but also valuable uncertainty
estimates that informed our confidence in the efficiency
curve projections across different geometric configurations.
This combination of neural network flexibility with Bayes-
ian rigor created an ideal solution for maintaining physical
plausibility while capturing complex parameter relationships
in the detector response characteristics.

Support vector regression

In recent years, the support vector machine (SVM) algo-
rithm [67], distinguished by its superior performance in
classification tasks, has been adapted to continuous-valued
prediction problems under the designation of support vector
regression (SVR) [68]. Being a method based on structural
risk minimization optimization, which is an inductive prin-
ciple, SVR is a supervised learning model with associated
learning algorithms that are independent of data distribution
[68]. Unlike linear regression, in SVR, estimation errors are
maintained at a certain threshold level to reduce the negative
effects of outlier data on the model. This threshold value
(€), which indicates the amount of up and down deviation
from the separation curve, can be determined by solving the
minimization problem shown in Eq. (11) according to the
limits of Eq. (12) with the help of slack variables (£ and £*)
and a kernel function [69, 70].



Journal of Radioanalytical and Nuclear Chemistry (2025) 334:7231-7253

7239

|1 - i
Mlnl§w2+C;(é‘+§ )] an

yi—op(x)-b<e+é
subjectto a)(p(xi) +b-y, <e+¢& (12)
£,6<0,1,2,--,m

where @(x) is nonlinear kernel function, x is an independent
variable vector,  and b are regulation parameters for the
kernel function, and C is the penalty coefficient that deter-
mines the threshold range of the SVR model. The cited
papers can be reviewed for the mathematical details of the
SVR algorithm [68-72].

Random forest

Developed by Breiman [73], the Random Forest (RF) algo-
rithm results from the combination of the bagging [74] and
Random Subspace [75] methods to increase the prediction
performance of decision trees. In the RF approach, there are
many randomly generated decision trees rather than only
one. Thus, each tree created affects the RF results at specific
weight levels. Therefore, the RF is an ensemble learning
technique [39].

In the RF application, the entire dataset is randomly
divided into two main parts; two-thirds serve as training data
(in-bag) for the learning process, and one-third serves as
validation data (out-of-bag) to determine the level of learn-
ing [76]. Subsequently, using the bootstrapping approach,
many random decision trees are generated [77]. The forma-
tion of each tree is determined by randomly selecting input
variables at the nodes from the root to the leaves. The output
value obtained by the decision trees was compared with the
actual results, and a weight was assigned to each tree con-
sidering the error rates. Thus, while the average of all trees
is considered for the final prediction, the trees that provide
the correct prediction are more heavily weighted, and the
effects of trees that show an incorrect prediction on the result
are reduced. In addition, it can be determined that the input
variables causing the correct branching of the trees, which
yield an accurate prediction, will also have a high level of
significance.

The RF algorithm incorporates substantial randomness
and prevents the occurrence of overfitting because both
the variables and trees are composed of different randomly
selected sub-datasets [78-80].

Extreme gradient boosting

The eXtreme Gradient Boosting (XGBoost) algorithm is
a scalable and optimized version of the gradient boosting

machine (GBM) algorithm created by Friedman [81]. The
XGBoost algorithm, introduced by Chen and Guestrin [82],
represents a significant advancement over traditional gradi-
ent boosting methods, primarily distinguished by three key
innovations [83]. First, it employs a closed-form optimiza-
tion approach that incorporates second-order derivatives
(Hessian information) of the objective function when deter-
mining the leaf weights and other parameters. This results
in faster and more stable convergence compared to conven-
tional gradient-based methods that rely solely on first-order
derivatives [39]. Second, XGBoost integrates an L,-based
structural regularization term that penalizes both the tree
depth and leaf count, directly embedding model complexity
control within the objective function. This eliminates the
need for manual pruning while automatically optimizing
the bias-variance trade-off. Third, engineering optimiza-
tions, including column subsampling, a parallelized split-
finding algorithm, adaptive default direction handling, and
out-of-core memory management for missing values, enable
XGBoost to process millions of observations within sec-
onds, making it exceptionally scalable [82].

In this study, XGBoost was selected to address the chal-
lenge of predicting polynomial coefficients because of its
ability to efficiently capture complex, potentially nonlinear
interactions within our high-dimensional derived feature
space. The algorithm provided superior flexibility com-
pared to Generalized Linear Models (GLMs) while offer-
ing finer-grained control over model tuning than Random
Forests (RFs). Its built-in regularization mechanisms effec-
tively mitigate overfitting risks, ensuring robust performance
across diverse detector geometries. These attributes make
XGBoost particularly suited for our problem, where inter-
pretable but adaptable modeling is essential for bridging
geometric parameters to efficiency curve characteristics.
The implementation leveraged hyperparameter optimiza-
tion (e.g., learning rate and tree depth) to balance physical
plausibility with predictive accuracy, ultimately achieving
MAE values below 2% for coefficient estimation. This per-
formance underscores the utility of XGBoost in physics-
informed machine learning applications that require both
computational efficiency and nuanced handling of high-
dimensional feature interactions.

Software sources Machine learning analyses and calcula-
tions in this study were performed in the R programming
environment [84]. The R library files used in this study were
kernlab for the SVR algorithm [85], ranger for the RF algo-
rithm [86], xgboost for the XGBoost algorithm [87], brnn
for the BRNN algorithm [88], cubist for the Cubist algo-
rithm [89], glmnet for the GLM algorithm [90], earth for the
MARS algorithm [91], mgpr for the GPR algorithm [92],
and shiny [93] for the online computational front-end tool.
Furthermore, the caret [94, 95] and dplyr [96] library files
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were employed for data processing, encompassing prepara-
tion, separation, and optimization for analysis.

All analyses were performed using the latest R version
as of June 2025, on a system with a 36-core Intel® Core™
19-14900HX processor, an RTX4090 graphics card, and
64 GB of RAM, with parallel processing support.

Results and discussions

Statistical profile of geometric and derived

parameters

A comprehensive statistical analysis of the fundamental
and derived geometric parameters revealed critical insights

into the physical processes governing the HPGe detector
efficiency curves. As shown in Table 3, the distributions
of measurable parameters, such as source—detector dis-
tance (mean dsd=11.837 cm), window thickness (mean
wt=0.089 cm), and window—crystal distance (mean
wecd =0.594 cm), cluster around typical laboratory configu-
rations. All geometric variants were generated by apply-
ing one random scale between 0.5 X and 2.0 X uniformly to
every dimension of the baseline detector, thereby preserving
aspect ratios. By design, more sampled cases lie above the
baseline than below (the range above 1.0 is wider), which
reflects the chosen bounds rather than statistical skewness,
while still ensuring the inclusion of extreme but physically
meaningful scenarios (see min—max in Table 3). The inclu-
sion of these boundary cases is particularly valuable for

Table 3 Statistical summary of geometric/derived parameters and model coefficients

Variable Formula Mean SD Min Max Skewness Kurtosis
Source-Detector Distance dsd 11.837 4.589 5.048 19.781 0.322 1.822
Window Thickness wt 0.089 0.043 0.026 0.195 0.866 2.858
Window-Crystal Distance ~ wed 0.594 0.198 0.204 0.975 0.166 2.094
Front Dead Thickness fdt 0.0050 0.0043 0.0006 0.0139  0.6473 1.9465
Lateral Dead Thickness 1dt 0.039 0.043 0.001 0.137 0.640 2.019
Back Dead Thickness bdt 0.0045 0.0050 0.0000 0.0139  0.5397 1.7555
Crystal Length cl 4.752 2.126 1.505 9.512 0.560 2.370
Crystal Radius cr 4.440 1.461 1.801 7.534 0.186 2.004
Hole Depth hd 1.869 1.753 0.181 5.711 0.690 2.057
Hole Radius hr 0.785 0.573 0.141 1.997 0.757 2.088
Crystal Volume cl Xz x cr? 320.95 250.55 27.86 1431.05 1.59 6.39
Radius/Length Ratio cr/cl 1.162 0.710 0.307 3.939 1.203 4.341
Solid Angle Ratio cr?/ (dsd2 + g) 0.259 0.277 0.011 1.463 1.773 6.382
Front Surface Area 7 X cr? 68.58 42.52 10.19 178.31 0.63 2.35
Total Side Surface 2xmX cr X cl 131.76 72.81 23.25 399.79 0.98 4.00
Total Surface Area 2xmxer? +2xmxer Xcl 268.92 137.97 59.35 721.81 0.66 3.07
Volume/Surface Ratio (el xzx er?)/(2xzx er® +2x 7 X er X cl) 1.060 0.310 0.470 1.983 0.470 2.827
Geometric Efficiency crz/(4 X (dsd + 01)2) 0.028 0.028 0.002 0.142 1.829 6.515
Dead Volume Ratio (71' x hr* x hd)/(cl X 7T X Crz) 0.031 0.052 0.000 0.242 2.233 7.555
Effective Crystal Volume cl xzx e — 7 X hrr x hd 311.04 246.03 27.79 1423.16 1.65 6.66
Total Dead Layer fdt + 1dt + bdt 0.049 0.036 0.011 0.138 0.852 2451
Window/Length Ratio wt / cl 0.021 0.012 0.006 0.073 2.038 8.376
Window Effect wt /(dsd + wt + wcd) 0.008 0.005 0.002 0.026 1.229 4.646
Crystal/Hole Radius Ratio  cr /(hr +¢) 9.358 7.735 1.424 35.439 1.794 6.043
Length/Depth Ratio cl /(hd +¢) 6.189 5.560 0.771 28.306 1.273 4.422
Effective Radius cr — hr 3.655 1.458 0.833 6.542 0.147 2.018
Effective Length cl — hd 2.883 1.574 -0.988 6.315 -0.017 2.103
coefficient a 6.026 5.003 -3.883 18.251 0.395 2.723
coefficient b -2.280 1.357 -5.686 0.301  -0.481 2.739
coefficient ¢ 0.092 0.081 -0.056 0.302 0.548 2.835
coefficient d -127.96 73.88  -290.29 19.59 -0.15 2.26
coefficient e 720.12 1287.21 -1815.73 2902.94 -0.18 1.74
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modeling low-energy photon absorption (< 100 keV), where
the entrance window and gap (wcd) regions disproportion-
ately affect the baseline and slope of the efficiency curve
through energy-dependent attenuation. Although small in
absolute magnitude (microns to tens of microns), the dead-
layer thicknesses (fdt, 1dt, bdt) vary enough to materially
impact low-energy efficiency because they act as primary
absorbers before photons reach the active crystal volume.

The distribution characteristics of both the fundamen-
tal (dsd, wt, wed, fdt, 1dt, bdt, cl, cr, hd, hr) and derived
parameters (volume, surface area, ratio, effective dimension,
dead volume fraction, etc.) presented in Table 3 quantita-
tively illustrate the diversity of the physical processes that
shape the HPGe detector efficiency curves. These param-
eters were systematically generated using EGS4-based
Monte Carlo (MC) simulations by scaling the reference
geometry values, resulting in a comprehensive geometric
parameter space that is difficult to achieve experimentally.
While the mean values of directly measurable parameters,
such as source-detector distance (dsd=11.837 cm), window
thickness (wt=0.089 cm), and window-crystal distance
(wed=0.594 cm), cluster near typical laboratory condi-
tions, their right-tailed (bounded by the 0.5 X -2 X scaling;
see min—max in Table 3) distributions and high kurtosis
values confirm the inclusion of extreme scenarios in the
dataset. This ensures that the model accounts for signifi-
cant variations in the low-energy photon absorption effects,
particularly in the window and gap regions, which critically
influence the baseline level and slope of the efficiency curve
in the low-energy range [97].

Despite their small absolute magnitudes, dead layer thick-
nesses (e.g., fdt ~ 0.005 cm, 1dt = 0.039 cm) have a sub-
stantial impact on efficiency, as they act as the first barriers
to low-energy photons before they reach the active crystal
volume [3]. The distribution patterns in Table 3 indicate
that these thicknesses vary significantly across detector
parameter sets, leading to distinct breaks in the efficiency
curves, particularly in the low-energy region. Macro-geo-
metric parameters, such as crystal length (cl) and radius (cr),
primarily influence the total active volume and geometric
acceptance angle, thereby affecting the intercept of the effi-
ciency curve in log space [98, 99]. While their mean values
typically fall within 4-5 cm and 3-5 cm, respectively, their
extended distributions (up to~9.5 cm and ~ 7.5 cm) explain
the significant variations observed in the polynomial coef-
ficients (a, b, c) across different detector parameter sets.

The central hole dimensions (hd and hr) reduce the effec-
tive crystal volume, predominantly controlling the slope and
concavity of the efficiency curve in the mid-to-high energy
range [99, 100]. The distribution of the dead volume ratio
(mean ~ 0.031, SD = 0.052) is right-tailed (consistent with
the bounded 0.5 X -2 X scaling space; see Table 3) and con-
firms that the hole effects can reach unusual levels in some

detector parameter sets, leading to a wide spread in the 1 /E
and 1/E? terms (coefficients d and e). This is numerically
reflected in the high standard deviation of the coefficient e
relative to its mean (SD/Mean ~ 1.8).

The derived parameters, including crystal volume
(cl X 7 X cr?), surface areas, volume-to-surface ratio, geo-
metric efficiency (crz/ [4 X (dsd + cl)z] ), and effective
dimensions, exhibited right-tailed leptokurtic distributions
(kurtosis > 3; bounds reported in Table 3), indicating the
inclusion of rare but physically influential configurations.
For instance, crystal volumes exceeding 1430 cm? shift the
log-efficiency intercept upward, thereby altering the overall
curve level [99, 101]. Similarly, the geometric efficiency
and solid-angle-like ratios, despite their small mean values,
exhibit extreme right-tailed distributions that play a key role
in shaping the contours of the efficiency curve in the mid-
energy range, where Compton scattering dominates [102,
103].

Statistical profile of model coefficients

Figure 2 presents the detailed probability distributions of
the polynomial coefficients (a, b, ¢, d and e) that define the
detector efficiency curves in log-energy space. When inter-
preted alongside the descriptive statistics in Table 3, these
distributions provide a comprehensive understanding of
the structural characteristics governing the efficiency curve
behavior.

The first three coefficients (a, b, c) exhibited relatively
narrow distributions with low skewness and kurtosis val-
ues. Coefficient b, with a mean of -2.28 and standard devia-
tion of 1.36, shows a near-symmetric distribution (skew-
ness = — 0.48), consistent with the expected monotonic
decrease in efficiency with increasing log(E). Similarly, the
coefficient ¢ demonstrates a small positive mean (=~ 0.09)
with limited variation (SD~0.08), indicating a consistent
concave curvature across the detector configurations. Coef-
ficient a, representing the log-scale intercept, averaged 6.03
with moderate variability (percent coefficient of variation;
CV =83%). Together, these coefficients maintain the fun-
damental “skeleton” of the efficiency curves across low-to-
medium energies, showing relative independence from the
detector geometry.

In contrast, coefficients d and e, which govern the
high-energy behavior, exhibited significantly broader dis-
tributions. Coefficient d (mean=-127.96, SD =73.88,
CV >58%) and especially coefficient ¢ (mean="720.12,
SD=1287.21, CV=180%) exhibit heavy-tailed distribu-
tions (kurtosis = 1.74) indicating extreme sensitivity to geo-
metric variations. This variability correlates strongly with
high-CV geometric parameters, such as effective crystal
volume (SD =246.03) and dead volume ratio (CV > 160%),
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Fig. 2 Distribution of model coefficients and analysis of the coefficient of variation

which predominantly affect the sharp efficiency drop at high
energies.

These findings reveal a fundamental dichotomy: the low-
to-medium energy range demonstrates stable and predictable
behavior. The high-energy segment shows extreme sensitiv-
ity to microscopic geometric variations, providing critical
guidance for future detector calibration strategies and sug-
gesting that high-energy calibration points may offer greater
leverage for constraining the entire efficiency curve through
physical scaling factors or offsets. The results quantitatively
validate the hybrid modeling approach, in which machine
learning predicts these physics-based coefficients rather than
raw efficiency values.

ML process: training and testing

The machine learning modeling process was conducted to
predict the five polynomial coefficients (a, b, ¢, d, e) defin-
ing the detector efficiency curve using 27 fundamental and
derived geometric variables obtained through Monte Carlo
simulations, the statistical summary of which is presented
in Table 3. Each coefficient was treated as a separate target
variable, and training was performed using eight different
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regression algorithms, as detailed in Sect. "Methodological
process and performance metrics”. The dataset was divided
into training (80%) and test (20%) sets, with the training
process employing 10-repeat, tenfold cross-validation to
enhance model stability and generalization capability. The
reported training performance metrics represent averages
across 100 validation runs, whereas the test performance
was evaluated on an independent holdout dataset. The per-
formance metrics for the training and test results of each
coefficient are presented in Table 4.

The analysis of Table 4 reveals that the GLM model
generally demonstrated superior performance in terms of
coefficient prediction accuracy. The GLM model achieved
the highest or near-highest R? values for all coefficients,
with particularly notable results. For coefficient a, the
GLM model achieved a test R? of 0.987, demonstrating its
ability to produce low-variance and highly linear predic-
tions. Although the SVR and Cubist models also performed
well with R? values of 0.961 and 0.984, respectively, the
GLM's test RMSE (0.614) and MAE (0.483) were signifi-
cantly lower. Similarly, for coefficient b, the GLM achieved
a test R” of 0.983 with an RMSE of 0.172 and an MAE
of 0.136, outperforming the other algorithms. The MARS
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Table 4 Training gnd test Coefficients Models Train RMSE Train R? Test RMSE Test R? Test
performance metrics for the MAE
coefficients in the equation that
reflect the typical behavior of a *GLM 1.054 0.965 0.614 0.987 0.483
g}ﬁ?ﬁ;‘;iﬁﬁgz“(iytgzrg;t RF 1357 0.948 1.842 0.857 1.461
performance model) SVR 0.965 0.969 0.931 0.961 0.593
XGBoost 1.404 0.922 1.605 0.890 1.207
Cubist 0.932 0.968 0.767 0.984 0.609
BRNN 1.144 0.955 0.794 0.979 0.602
GPR 1.056 0.961 0.853 0.976 0.651
MARS 1.088 0.958 0.809 0.973 0.621
b *GLM 0.278 0.964 0.172 0.983 0.136
RF 0.328 0.959 0.389 0.908 0.318
SVR 0.266 0.968 0.256 0.957 0.145
XGBoost 0.348 0.944 0.378 0.912 0.301
Cubist 0.267 0.968 0.257 0.968 0.206
BRNN 0.333 0.951 0.231 0.975 0.179
GPR 0.289 0.957 0.243 0.972 0.179
MARS 0.308 0.953 0.246 0.979 0.188
¢ *GLM 0.020 0.954 0.013 0.975 0.010
RF 0.021 0.954 0.025 0.893 0.021
SVR 0.020 0.949 0.022 0.914 0.014
XGBoost 0.022 0.928 0.027 0.862 0.020
Cubist 0.018 0.954 0.016 0.967 0.011
BRNN 0.021 0.941 0.013 0.969 0.010
GPR 0.021 0.946 0.017 0.961 0.013
MARS 0.021 0.943 0.017 0.972 0.015
d *GLM 13.374 0.971 7.178 0.991 5.754
RF 16.812 0.965 23.069 0.910 18.287
SVR 12.338 0.977 11.654 0.978 7.348
XGBoost 19.710 0.940 19.872 0.923 14.924
Cubist 11.421 0.981 10.891 0.985 7.535
BRNN 14.249 0.967 14.297 0.966 12.164
GPR 13.650 0.969 10.455 0.985 8.211
MARS 14.478 0.967 10.415 0.981 7.207
e *GLM 190.036 0.981 124.103 0.992 107.430
RF 300.376 0.951 408.254 0.923 312.664
SVR 159.094 0.986 139.682 0.991 110.669
XGBoost 265.758 0.959 431.694 0.901 322.692
Cubist 162.215 0.987 129.046 0.994 99.996
BRNN 171.712 0.983 177.079 0.987 136.356
GPR 198.176 0.980 164.897 0.988 135.287
MARS 149.785 0.987 140.721 0.991 124.428

model was the closest, with an R? of 0.979, but had higher
RMSE (0.246) and MAE (0.188). For coefficient ¢, the GLM
maintained excellent performance with test R%?=0.975,
RMSE =0.013, and MAE =0.010. Although Cubist and
BRNN showed comparable results, GLM's linear inter-
pretability of GLM made it preferable. The performance
of coefficients d and e, which describe the behavior in the
high-energy region, is particularly critical. For coefficient

d, GLM achieved R?=0.991 with RMSE=7.178 and
MAE =5.754, which is clearly superior to the other models.
For coefficient ¢, GLM's R?=0.992 with RMSE = 124.103
and MAE =107.430 demonstrated consistent dominance,
despite competitive R? values from Cubist and SVR models.
These results confirm GLM's optimal balance of accuracy
and interpretability of GLM for this physics-based modeling
task, where feature engineering successfully linearized the

@ Springer



7244

Journal of Radioanalytical and Nuclear Chemistry (2025) 334:7231-7253

Test-1
—a— Calibrated Prediction
® Simulation data

Raw Prediction &

u

o

g 1e-02 5
o &
E k]
Y 3e03 §
2 5
o CF:1.424 o
B 1e-03{ 2. 2
a R*:0.996 2
50 100200 500 1K 2K é

Photon Energy (keV)

Test-3

—— Calibrated Prediction
® Simulation data

Raw Prediction §
5
>

g se0s 5
S §
& 103 =
c [
S 5

= .
§ 1004{CF: 0,913 g
a R~:0.998 E
50 100200 500 1K 2K 5

Photon Energy (keV)

Test-5

—a— Calibrated Prediction
® Simulation data

Raw Prediction 9
5

>
2 3603 E
2 ®
2 =]
- ©
E 1e-03 £
s 8
2 3604 ]
g 04| CF: 1.922 g
- o
8 1e04{ R%:0.994 %
50 100200 500 1K 2K é

Photon Energy (keV)

Test-7

—a— Calibrated Prediction
® Simulation data
Raw Prediction

3e-02

3e03] CF: 1.555
R%0.995
50 100200 500 1K 2K
Photon Energy (keV)

Detection Efficiency
?
o
N
Absolute Percentage Error (%)

Test-9

—— Calibrated Prediction
® Simulation data

Raw Prediction g
S
>
g 0 =
S )
E S
w 5
c
_% 1e-02 §
3 g
a 5e-03 %
50 100200 500 1K 2K é

Photon Energy (keV)

@ Springer

—e— Calibrated Prediction
@ - Raw Prediction
40

30 X s
Error Reduction:

20 31.7% — 3.3%
101 (89
W

50 100 200 500 1K 2K
Photon Energy (keV)

—e— Calibrated Prediction
@ - Raw Prediction
Error Reduction;._
5.7% — 5.2%
101(9% improveent) {\

(9]

i
\-\
e

50 100 200 500 1K 2K
Photon Energy (keV)

—e— Calibrated Prediction
@ - Raw Prediction

60

40/« ErrorReduction
48.6% — 9.6%

(80% improvement
2010 7% AN
/ N\ [ohs
o A o
- ey, ©
o St
50 100 200 500 1K 2K
Photon Energy (keV)
—@— Calibrated Prediction
@ - Raw Prediction
40
30

Error Reduction:

201 36.5% — 3.9%
(89% improvement)

10 -
0 T T T T T T
50 100 200 500 1K 2K
Photon Energy (keV)
—@— Calibrated Prediction
® - Raw Prediction
40
30

Error Reduction:
20{ 38.8% — 2.7%
(93% improvement)

TN
y TNy

50 100 200 500 1K 2K
Photon Energy (keV)

Test-2
—a— Calibrated Prediction
® Simulation data
Raw Prediction

1e-02

3e-03

CF:1.008
1031 R2:0.998

50 100200 500 1K 2K
Photon Energy (keV)

Detection Efficiency
Absolute Percentage Error (%)

Test-4

—a— (Calibrated Prediction
® Simulation data
Raw Prediction

3e-03
1e-03

se04/CF: 1.468

Detection Efficiency

50 100200 500 1K 2K
Photon Energy (keV)

Absolute Percentage Error (%)

Test-6

—a— Calibrated Prediction
® Simulation data
Raw Prediction

3e-03

1e-03

3e041CF: 1.136
R20.997
50 100200 500 1K 2K
Photon Energy (keV)

Test-8

Detection Efficiency

1e-04

Absolute Percentage Error (%)

—a— Calibrated Prediction
® Simulation data
Raw Prediction

S
<=
E 1e-02 '-‘"e'

.

Q

3 2
E 8
w S
S 3e-03 g
g |CF:0.749 2
Q
8 R20.998 3
1e-03 [}
50 100200 500 1K 2K é

Photon Energy (keV)

Test-10

—a— Calibrated Prediction
® Simulation data
Raw Prediction

1e-03
3e-04

1e-04

Detection Efficiency

50 100200 500 1K 2K
Photon Energy (keV)

Absolute Percentage Error (%)

—e— Calibrated Prediction
©- Raw Prediction
121 Error Reduction:  :
46% — 4.0% ﬁ
13% improvemerﬁ‘iy
6 [ 2

50 100 200 500 1K 2K
Photon Energy (keV)

—e- Calibrated Prediction
» Raw Prediction

301 Error Reduction:
36.4% — 7.1%

2 .(81% improvemept)
0N AT g i
o

E;O 160 260 560 1k Zk
Photon Energy (keV)

—e- Calibrated Prediction
Raw Prediction

Error Reduction:
13.5% — 4.2%
20(69% improvement)

Photon Energy (keV)

—@- Calibrated Prediction
Raw Prediction
Error Reduction:
33.2% — 3.5%
40189% improvement)
30
20

10 . s
y ST, o=, /S
D4 s

50 100 200 500 1K 2K
Photon Energy (keV)

—e@- Calibrated Prediction
Raw Prediction

301  Error Reduction:
20l 36.9%—6.0%
(84% improvemsn,t]\

O\ i ALY

-

N

50 100 200 500 1K 2K
Photon Energy (keV)



Journal of Radioanalytical and Nuclear Chemistry (2025) 334:7231-7253

7245

«Fig.3 Comparison of raw and calibrated model predictions for dif-
ferent detector geometries using simulation efficiency data. (The cali-
brated predictions were generated by using a single, mid-energy data
point (661.6 keV) from each detector's respective Monte Carlo simu-
lation as the reference calibration value.)

relationships between geometric parameters and efficiency
curve characteristics. The model's consistent outperformance
of more complex algorithms highlights the value of paramet-
ric regression when physical relationships are appropriately
structured.

These results demonstrate that the relationship between
the detector geometry and the coefficients can be largely
characterized by a linear approximation, whereas more
complex models (such as RF, XGBoost, and BRNN) exhibit
inconsistencies in test performance or risks of overfitting as
they attempt to capture nonlinear relationships. The sim-
plicity and physical interpretability of the GLM provide a
distinct advantage in terms of model transparency, which is
critically important in detector physics studies.

The primary reason for GLM's superior predictive perfor-
mance of GLM for each coefficient is believed to stem from
its compatibility with the detector efficiency curve structure
defined in Eq. (1). In this study, the GLM was selected for
predicting the coefficients because it yielded better results
than the other models when explaining the detector effi-
ciency curves. Within this framework, GLM-based predic-
tion models are considered the optimal choice for optimizing
detector design and the physical calibration processes.

The model's consistent outperformance of more sophis-
ticated algorithms confirms that proper feature engineering
successfully linearized the underlying physical relationships
between the geometric parameters and efficiency character-
istics. This approach maintains rigorous connections to first
principles while benefiting from computational efficiency,
which is a crucial combination for practical applications in
radiation detection systems. The demonstrated performance
(R?>0.97 for all coefficients) validates the GLM as both
physically meaningful and statistically robust for this spe-
cific modeling challenge.

Experimental validation of model predictions
with independent data

As established in the previous section, the GLM was identi-
fied as the optimal method for predicting the polynomial
coefficients of detector efficiency curves from geomet-
ric parameters. The raw efficiency values generated using
these GLM-predicted coefficients through the logarithmic
polynomial equation (Eq. 1), defined in the first section of
this article, was calculated for each desired energy value. To
verify the practical performance of the developed model, a
comprehensive two-stage validation process was conducted

using completely unseen data that the model had not encoun-
tered during training. This validation approach systemati-
cally evaluated the predictive capability of the model by
first testing it against new Monte Carlo simulation data, fol-
lowed by experimental measurements from physical detector
parameter sets. The process specifically examined both raw
predictions and calibrated outputs, with particular attention
to the model's ability to maintain accuracy across different
detector configurations and energy ranges while preserving
the physical interpretability inherent in the GLM framework.

The initial validation phase was conducted using 10
completely new test detector parameter sets generated from
Monte Carlo simulations that the model had never encoun-
tered previously. The predictions were evaluated in two dis-
tinct scenarios: (1) raw predictions obtained directly from
the model based solely on the geometric parameters of each
detector, and (2) calibrated predictions optimized through
single-point calibration. The results of these tests are pre-
sented graphically in Fig. 3, with the detailed numerical
performance metrics listed in Table 5.

The comparative diagrams in Fig. 3 show the simulation
data (ground truth), raw predictions, and calibrated predic-
tions for each of the detector parameter sets. The analysis of
these results revealed significant deviations between the raw
predictions and actual simulation values for certain detec-
tor parameter sets, with notable examples including Test-1
(MAPE: 31.74%), Test-4 (MAPE: 36.41%), Test-5 (MAPE:
48.64%), and Test-9 (MAPE: 38.84%). These discrepancies
stem from the inherent uncertainties in the coefficient pre-
dictions based solely on the geometric parameters.

Table 5 quantitatively demonstrates the variable and often
substantial error rates in raw predictions across different
detector parameter sets, with Test-5 showing particularly
high errors (i.e., MAPE: 48.64%). However, the implementa-
tion of the proposed single-point calibration method using
actual efficiency measurements at one energy point dramati-
cally reduced these errors. For Test-5, calibration decreased
the MAPE to 9.60%, representing an 80.25% improvement in
the accuracy. Similarly, Test-9 showed remarkable enhance-
ment, with the MAPE decreasing from 38.84 to 2.73%
(92.97% improvement). Across all test detector parameter
sets, calibration achieved an approximate 70% average error
reduction, demonstrating near-perfect agreement between
the calibrated predictions and simulation values.

Furthermore, we conducted a detailed residual analysis
to scrutinize the performance of the single-point calibration
protocol and to validate our framework’s ability to reproduce
the fundamental shape of the efficiency curve. While metrics
like MAPE quantify the average error, a residual plot reveals
whether any systematic, energy-dependent deviations remain
after calibration. Figure 4 presents the percentage residu-
als for the ten independent test detectors. The analysis of
these residuals yields two critical insights. First, for the vast
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Table 5 Error metrics for raw and calibrated predictions of test detec-
tor parameter sets and post-calibration improvement rates

Detector Calibration MAPE raw MAPE  Improve- R?

factor cali- ment
brated MAPE
Test-1 1.424 31.74 333 89.49 0.996
Test-2 1.008 4.62 4.03 12.67 0.998
Test-3 0.913 5.66 5.18 8.57 0.998
Test-4 1.468 36.41 7.09 80.53 0.996
Test-5 1.922 48.64 9.60 80.25 0.994
Test-6 1.136 13.48 4.23 68.62 0.997
Test-7 1.555 36.50 3.94 89.20 0.995
Test-8 0.749 33.19 3.52 89.40 0.998
Test-9 1.654 38.84 2.73 92.97 0.999
Test-10  1.517 36.88 6.03 83.65 0.995

majority of detector configurations and energy points, the
residuals are distributed within the + 10% band, with many
falling within +5%. This quantitatively confirms the high
accuracy of the calibrated model for practical applications
and demonstrates the profound effectiveness of the single-
point calibration in eliminating the primary scaling error of
the raw, geometry-based predictions. Second, the residual
diagnostics provide an objective assessment of the model’s
remaining limitations. In some cases (e.g., Testl—Test4) in
the Fig. 4, a mild systematic bias is evident as most residuals
fall slightly below the zero line, indicating a small overes-
timation that persists even after calibration. This suggests
the presence of small, second-order discrepancies in the

predicted curve shape, likely arising from complex physical
effects not fully captured by the logarithmic polynomial.
However, the random scatter of residuals around the zero-
line in most cases (e.g., Test-5, Test-8, Test-9) confirms that
the model is not afflicted by a major, systematic shape-pre-
diction failure. Ultimately, this residual analysis provides
compelling evidence that our physics-informed approach
does significantly more than a simple rescaling; it preserves
the physical integrity of the efficiency curve’s shape with
high fidelity. The presence of minor, interpretable residual
trends in challenging cases does not detract from the model's
overall utility. Instead, it underscores the model's transpar-
ency and provides a clear pathway for future enhancements,
such as the implementation of a multi-point calibration pro-
tocol to correct these finer shape deviations for applications
demanding the highest tier of precision.

The second validation stage focused on comparing the
model predictions with the experimental data obtained from
an actual detector system, and the results are presented in
Fig. 5. Comparative analysis revealed significant discrepan-
cies between the raw model predictions and measured values
(MAPE: 19.7%), whereas calibrated predictions following
single-point correction demonstrated remarkable alignment
with the actual detector performance (MAPE: 4.6%). This
outcome confirmed the reliability and accuracy of the model
under real experimental conditions. The graphical results
in Fig. 5 illustrate how effectively the calibration process
reduces the prediction errors for the physical detector data,
mirroring the success observed in simulation-based tests.
The post-calibration efficiency curve achieved exceptional

Percentage Residuals for Test Detectors (Calibrated Model)

Residuals calculated as: 100 x (Calibrated Prediction - Simulated Ground Truth) / Simulated Ground Truth

Test-1 Test-2 Test-3 Test-4 Test-5
104 104 104 104 20 m
5 4 51 i
5 1014 A
0= = == —‘ - -
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g-m- 20- W
©
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2 10
x
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Photon Energy (keV)

Dashed red line indicates perfect agreement.
Dotted gray lines show 5% and +10% error bands.

Fig.4 Residual plots of the single-point calibrated prediction values for test detectors
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Fig.5 Comparison of simula-
tion efficiency data versus raw
and calibrated model predic-
tions for different detector
geometries
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agreement with the experimentally measured values, dem-
onstrating near-perfect consistency. These findings validate
that the geometry-based predictions of the model can be
successfully implemented in practical applications, main-
taining both theoretical rigor and measurement accuracy.
The effectiveness of the calibration protocol in bridging the
gap between simulated predictions and experimental results
is particularly valuable for real-world detector characteriza-
tion and optimization processes.

This two-stage validation process conclusively demon-
strated the reliability and practical utility of the developed
GLM-based model. The results highlight the effectiveness
of single-point calibration in mitigating the inherent varia-
tions and systematic biases present in raw model predictions,
thereby significantly enhancing the practical value of the
model for real-world applications. The validation confirmed
that the proposed methodology serves as an effective tool for
both simulation-based analyses and actual detector design/
calibration processes. These findings establish that the model
functions as a reliable and efficient solution for theoretical
and simulation applications and physical detector design
and calibration procedures. The successful implementation
underscores the considerable potential of machine learning
approaches in detector efficiency analysis and optimization
workflows while maintaining the crucial connection between
data-driven predictions and physical measurement require-
ments. The calibration protocol's ability to consistently align
theoretical predictions with both simulated and experimental
results demonstrates particular value for radiation detection
system development and characterization.

A comparison of the experimental data with both the full
MC simulation results and the ML predictions, shown in
Fig. 4, highlights the key advantage of our approach: while
both the simulation and he raw ML model exhibit a simi-
lar systematic offset from reality, our framework provides a

Photon Energy (keV)

simple and effective single-point calibration method to cor-
rect for it, achieving excellent agreement with experiment.
The advantage of our ML approach is speedy, accessibility,
and calibratability. It uses MC simulations as a foundation
to build a tool that is vastly faster and easier to use for rou-
tine applications and can be seamlessly corrected to match
physical reality, a process that is far more cumbersome with
traditional simulation alone.

Online FEP efficiency calculation platform

The machine learning-based prediction process for detector
efficiency curves developed in this study was transformed
into an online computational platform! to ensure user-
friendly accessibility. The web interface, developed using
the Shiny library [93] in the R programming language, pro-
vides researchers with intuitive access to the model while
enabling rapid visualization of the results. This publicly
accessible platform, a sample screenshot of which is pre-
sented in Fig. 6, represents the practical implementation
of our research findings, allowing seamless integration
of the predictive model into both academic and industrial
workflows.

The platform's design specifically addresses two criti-
cal requirements: (1) simplifying complex efficiency curve
predictions for non-specialist users through an interactive
graphical interface and (2) maintaining the full analytical
capability required by experts through customizable input
parameters. This dual functionality bridges the gap between
advanced machine learning applications and practical detec-
tor characterization needs, making the theoretical devel-
opments immediately applicable to real-world radiation

! https://ml-nuclear-group.shinyapps.io/Efficiency ML/
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Fig.6 Screenshots of the online HPGe efficiency prediction platform (https://ml-nuclear-group.shinyapps.io/EfficiencyML/)

measurement. The public availability of this tool ensures that
the benefits of the developed methodology can be widely
utilized in the nuclear science community.

The developed online applications not only facilitates
the effective use of machine learning models in academic

@ Springer

and industrial settings but also provides a significant
speed advantage over traditional Monte Carlo simula-
tions. While conventional MC simulations can take min-
utes or even hours, depending on the geometric complexity
of the detector, this platform can deliver highly accurate
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efficiency predictions within seconds. This feature offers
substantial time savings in both the detector design pro-
cess and laboratory applications.

The computational efficiency stems from the imple-
mented physics-informed machine learning approach,
which replaces resource-intensive particle tracking with
pretrained models while preserving physical validity
through a coefficient-based framework. This makes the
tool particularly valuable for applications requiring rapid
iteration, such as prototype testing or educational demon-
strations, without sacrificing the rigorous physical basis
of predictions.

The main interface of the platform (Fig. 6a) accepts the
geometric detector parameters (dsd, wt, wed, fdt, 1dt, bdt,
cl, cr, hd, and hr) and energy values as the inputs. Users
can directly enter these parameters and specify the desired
energy points for the efficiency calculations. The system pro-
cesses these inputs through the previously developed and
optimized GLM-based model (detailed in earlier sections)
to generate efficiency predictions.

The workflow is intuitive; after entering the required data,
users initiate the prediction by clicking the “Predict Effi-
ciency” button. The platform then employs pretrained GLM
models to compute and display the results in a tabular and
graphical format. The output includes raw model predic-
tions and calibrated predictions (if single-point calibration
is applied). The key metrics are the calibration factor, poly-
nomial coefficients, and error reduction rate. The interac-
tive visualization features allow users to dynamically explore
the predicted efficiency curves. The calibration point (when
used) is highlighted on the graph, enabling an immediate
visual assessment of the calibration effects. This function-
ality particularly supports the rapid analysis of how param-
eter modifications influence efficiency curves, significantly
streamlining detector optimization studies. The platform's
responsive design ensures efficient performance, typi-
cally generating results within seconds, which is a marked
improvement over conventional Monte Carlo approaches.
Key advantages of the interface include straightforward
parameter input matching detector specifications, instant vis-
ualization of calibration impacts, transparent reporting of all
prediction components, and interactive tools for sensitivity
analysis. This implementation effectively bridges theoreti-
cal modeling with practical application requirements while
maintaining the physical rigor of the underlying methodol-
ogy. The public accessibility of this tool further enhances its
utility for both research and educational purposes.

This online prediction platform, with its user-friendly
interface, high predictive accuracy, and rapid computa-
tion capability, serves as a valuable tool for both academic
research on HPGe detector parameter sets and industrial
applications of HPGe detectors. The platform's implemen-
tation is expected to significantly enhance the efficiency of

the detector design and calibration processes while enabling
the rapid optimization of various detector configurations.

The tool effectively bridges theoretical modeling with
practical implementation needs, offering researchers and
engineers an accessible and powerful solution for radiation
detection system development. Its computational efficiency
(i.e., delivering results in seconds rather than hours) makes
it particularly valuable for time-sensitive applications and
iterative design processes.

Conclusion

This study offers a hybrid machine learning approach for
HPGe detector efficiency analysis that transcends the limita-
tions of conventional methods by integrating the interpret-
ability, speed, and precision. Rather than merely develop-
ing a predictive model, this study constructed a two-stage
framework that performs predictions using physically mean-
ingful polynomial coefficients, as opposed to “black box”
methodologies. The high R? values (0.975-0.992) achieved
using the Generalized Linear Model (GLM) substantiate
the theoretical soundness of this approach, while its prac-
tical efficacy was unequivocally demonstrated through the
single-point calibration protocol. This protocol has served
as an effective bridge, diminishing uncertainties in model
predictions by an average of 70% and establishing a strong
correlation with the experimental reality.

It is important to note that the present model is devel-
oped and validated specifically for closed-end coaxial HPGe
detectors. The framework itself is generalizable, however,
extension to other detector geometries (e.g., BEGe, well-
type, or planar) would require the generation of new training
dataset encompassing their specific geometric parameters
and the re-training of the models.

One of the most important outputs of this study is a
publicly accessible online platform that can perform this
complex modeling within seconds. This tool democra-
tizes the efficiency calibration process by eliminating the
time and expertise barriers required by traditional Monte
Carlo simulations. Users obtaining instant reliable predic-
tions for different detector geometries and energy values
provides concrete benefits both in accelerating academic
research and increasing efficiency in industrial and labora-
tory applications.

A comparison with established commercial efficiency
calibration software, such as LabSOCS or GESPECOR,
highlights the complementary strengths and distinct advan-
tages of our proposed framework. While these commercial
tools offer robust and validated solutions relying on propri-
etary efficiency transfer algorithms and requiring precise,
often manufacturer-supplied detector characterization files,
our physics-informed ML approach provides a transparent
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and interpretable alternative. Our model operates solely on
fundamental geometric parameters, which reduces vendor
dependency and potential associated costs, thereby enhanc-
ing accessibility for a wider range of users. Furthermore,
while commercial packages typically provide a highly accu-
rate prediction for a nominal detector model, our integrated
single-point calibration protocol offers exceptional flexibil-
ity. It allows users to swiftly correct the entire efficiency
curve to match their specific, real-world detector's perfor-
mance, a feature that boosts practical utility and streamlines
routine laboratory calibrations. The platform delivers reli-
able results after calibration with a single experimental effi-
ciency measurement, drastically reducing the need for full
multi-point calibration.

The proposed framework delivers three key practical
outcomes: rapid efficiency prediction (seconds vs. hours
for MC), full interpretability meaningful coefficients, and
online accessibility through a user-friendly platform. A cur-
rent limitation is the lack of direct benchmarking against
established commercial tools like LabSOCS or GESPECOR,
which might be addressed in future work.

In conclusion, this study has the potential to set a new
standard for HPGe efficiency curve determination analysis.
Enriching the datasets and enhancing the platform's func-
tional capabilities will further strengthen the potential of the
proposed method and tool to become a standard reference
in applied detector physics. This approach provides a strong
and reliable foundation for critical processes such as detector
design, optimization, and calibration.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10967-025-10422-6.
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