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ABSTRACT

The time-differential perturbed angular correlation (TDPAC) spectra often exhibit complex interactions between
multiple hyperfine fields, making it difficult to isolate individual parameter contributions and accurately model
the system. This study introduces a Python-based software designed to efficiently process files containing
hyperfine parameters, which are essential for analyzing results obtained from fitting TDPAC spectra. The
primary objective is to investigate hyperfine interactions in a variety of materials. The software organizes
hyperfine parameters measured at different temperatures according to their respective sites and thermal
regimes, enabling the automatic separation of behaviors associated with heating and cooling cycles. During
the exploratory data analysis, unsupervised machine learning techniques, such as cluster analysis and Principal
Component Analysis (PCA), are employed. These techniques facilitate the identification of cluster formation
as a function of temperature, enabling the examination of correlations among parameters and the resulting
groupings. In addition, the software implements a rule-based decision tree to automatically assign the most
appropriate correlation coefficient to each pair of variables, taking into account the statistical characteristics of
the dataset. This methodology represents a comprehensive and adaptable approach for the statistical analysis

of TDPAC data.

1. Introduction

Time Differential Perturbed Angular Correlation (TDPAC) spec-
troscopy is a highly sensitive nuclear technique widely used for charac-
terizing the local structural and magnetic properties of materials [1,2].
Its high resolution makes it especially valuable for detecting subtle
variations in these properties. A key advantage of TDPAC is its ability
to investigate temperature-dependent behaviors due to its non-resonant
nature, offering flexibility for in situ studies under different condi-
tions [3,4]. Typically, this method incorporates a radioactive probe,
which decays via a gamma cascade such as !'!'In (!'Cd), '8'Hf (18! Ta) or
140La (140Ce) into the material to be characterized [5-8], using diffusion
or implantation processes [9,10] for the investigation of hyperfine
interactions between the probe nucleus and the charge distribution
in its surroundings. The coupling between nuclear moments and local
electromagnetic fields from the electronic vicinity gives rise to these
interactions. These fields can either be due to the electric field gradient
(EFG) or magnetic in nature, indicated by the magnetic hyperfine
field (By) [11]. The electric interaction is described by the electric
quadrupole Hamiltonian:
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where eQ represents the nuclear electric quadrupole moment, V,, is
the largest component of the diagonalized electric field gradient tensor
Vi, with k = x,y,2),  is the asymmetry parameter, and I is the nuclear
angular momentum. On the other hand, the magnetic interaction is
described by the hyperfine Zeeman Hamiltonian, as shown in Eq. (2):

My = —fig - Byp=—grun1 - By (2)

where ji; is the nuclear magnetic moment, By corresponds to the
hyperfine magnetic field vector, g; is the nuclear gyromagnetic factor,
and uy represents the nuclear magneton.

Time Differential Perturbed Angular Correlation (TDPAC) spec-
troscopy enables the quantification of hyperfine interactions by ana-
lyzing the angular correlation between two gamma rays emitted in
cascade by a radioactive probe nucleus and measured in coincidence
by distinct detectors in the same plane. A fundamental characteristic
of this technique is the alignment of spin moments in the intermediate
state, after the measurement of the first gamma ray (y,) by one detector,
resulting in an anisotropic emission pattern by the second gamma ray
measured by another detector. In this context, if a hyperfine interaction
occurs between the charge and/or spin distribution surrounding the
probe nucleus in the intermediate state, characterized by the nuclear
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angular momentum I, the emission pattern of the second gamma
ray (y,) will be perturbed. This perturbation in the emission pattern
results in a time modulation of the emission probability function, which
can provide valuable information about the local properties of the
material [3,12]. The function that describes this probability is given:

W0, =) AGiy(H)P(cos ), 3)
k

where 0 is the angle between the two emitted gamma rays, A, are
the angular anisotropy coefficients, dependent on the characteristics of
the nucleus, Gy, (1) is the time-dependent perturbation function, which
describes the hyperfine interactions, and P, (cos ) are the associated
Legendre polynomials.

In the experimental context, samples intended for perturbed angular
correlation spectroscopy are analyzed in a gamma-ray spectrometer
equipped with scintillator crystal detectors coupled to high-voltage
powered photomultipliers. These detectors capture energy and time
information from the y, and y, radiation, whose signals are processed
and stored for subsequent analysis.

In usual TDPAC measurements performed in a spectrometer with
four- or six-detectors, twelve or thirty coincidence spectra between the
7, and y, energies are generated, respectively, corresponding to the
possible combinations between the detectors. To determine the associ-
ated parameters, a TDPAC software is used, which employs non-linear
regression algorithms to sum the histograms obtained from the angular
correlation measurements and generate the perturbation spectrum [10,
12].

The formalism employed in this process is described as:

C(o, t)exp = ng exp <—Ti> wW(,t) + Bg (€)]

n
where Bg represents the accidental coincidence background, r,, is the
lifetime of the probe in the intermediate state, and W (0, t) is the angular
correlation function, defined by Eq. (3). The true coincidences exhibit
an exponential behavior, while the accidental coincidences form a
linear baseline. To isolate the true coincidences, the background Bg
is subtracted:

C(0,1) = C(0,1)exp — Bg 5)

The value of Bg is obtained as the average of the counts outside the
relevant interval. The experimental time-dependent anisotropy ratio
function is expressed as:

W (180°,1) — W(90°,1¢
Rt)=Ay -Gy =2 ( ) ( ) (6)
W (180°,1) + 2W (90°, 1)

where W (180°,¢) and W (90°,¢) represent the geometric means of the
true coincidences between pairs of detectors at angles of 180° and 90°,
calculated using the following equations:

4
HC(180°,t)

i=1

8
H C(90°,1)
i=1

After obtaining the perturbation spectrum in the TDPAC software,
the fit is performed using the PACFIT software, which employs Fourier
transforms to model the probability density of y, emission [13]. For the
fit, a model that considers the fractional population (f;) of probe nuclei
occupying a certain site i is used [5,14]. This model is expressed by the
following equation:

R(t) = Ay Gyp(H) = Ay Z fiGéz(f) (€C)]

W (180°,1) = @

wW(90°,1) = 8

where A,, is the unperturbed angular correlation coefficient, and the
perturbation factor G,,(t) provides specific information about the hy-
perfine interactions. The information on magnetic hyperfine interac-
tions, obtained based on the perturbation factor, can be represented
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by:
Gy (1) = 0.24 0.4 cos(w 1) + 0.4 cos(2w; 1) (10)

where w; = uyngBy/h is the Larmor frequency (v, = w;/2x),
uy is the nuclear magneton, and g is the nuclear g-factor. There-
fore, the hyperfine magnetic field (By) can be determined from the
Larmor frequency extracted from the G,,(r) measurements [5]. Mean-
while, electric quadrupolar interactions are modeled according to the
following equation:

3
Gn(t) = Sy + ), Spu(n) cos(@,1) an
n=1

The transition frequencies w, are related to the quadrupolar fre-
quency vy = (eQV,,)/h by the relation w, = g,(1)vy. The parameters
S,,(m) and g, (n), as well as the transition frequencies w,, are expressed
in terms of the asymmetry parameter 5, which is defined as

Vi =V,

XX yy
— 12
n=-— (12)
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This parameter depends on the diagonal components of the EFG
tensor (Vj,), considering that |V,,| < |V,,| < [V,]|. For static in-
teractions, both electric quadrupolar and magnetic dipolar, the width
of the frequency distribution is given by a Lorentzian broadening,
parameterized by the exponential factor 6w [11].

Analyzing TDPAC spectra involves fitting theoretical models to
measured data. This process can be challenging due to the presence
of multiple interacting hyperfine fields, resulting in ambiguities that
hinder the accurate extraction of parameters from the data. These
ambiguities can complicate the interpretation of the results. These
parameters include: the quadrupolar frequency (vp), the Larmor fre-
quency (v,,), the asymmetry parameter (i), the frequency distribution
(6), and the fraction of occupied sites (f) [5,14]. The fit performed with
PACFIT generates a file in the .par format, containing information
corresponding to the hyperfine parameters for each considered site. The
characterization of materials as a function of temperature, especially
with the aim of investigating phase transitions (whether structural
or magnetic), requires the analysis of the correlations between these
hyperfine parameters. In general, this approach allows exploring the
influence of these parameters on the observed changes. However, the
grouping and organization of multiple files containing hyperfine infor-
mation, carried out in the conventional way, demand significant time
and hinder the feasibility of this type of analysis [15,16].

In this scenario, recent advances in machine learning techniques
emerge as a promising alternative, enabling the rapid, automated, and
efficient processing of large collections of hyperfine parameter files.
These approaches support concise and systematic exploratory analyses,
allowing the identification of trends, correlations, and regime changes
that may not be readily apparent through traditional methods [17,18].
As a result, the integration of spectral analysis with machine learn-
ing has emerged as a powerful framework for extracting physically
meaningful information from complex spectroscopic datasets, surpass-
ing the limitations of purely visual or manually guided analyses. For
example, Han et al. applied machine learning techniques combined
with laser-induced breakdown spectroscopy (LIBS) for the automated
analysis of soils, employing clustering methods (K-means) and princi-
pal component analysis (PCA) to identify spectral patterns and subtle
variations in elemental distribution, demonstrating higher sensitivity to
regime change detection compared to conventional spectroscopic ap-
proaches [19]. Similarly, Wang et al. investigated metallic alloys using
spectroscopic techniques combined with machine learning algorithms,
showing that multivariate exploratory analysis approaches (such as
principal component analysis (PCA) and classification methods) enable
the identification of latent patterns and distinct regimes in spectro-
scopic data dependent on multiple parameters, thereby facilitating a
more robust physical interpretation of the results [20]. These studies
highlight that the integration of spectroscopy and machine learning
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constitutes a powerful strategy for transforming large experimental
datasets into physically interpretable information.

Within the scope of time-differential perturbed angular correlation
(TDPAC) spectroscopy, however, studies reporting the systematic use
of machine learning algorithms for data processing and interpreta-
tion remain scarce. Existing approaches are generally fragmented and
primarily focus on supervised learning models applied to individual
spectra or on the use of machine learning techniques as support for
density functional theory (DFT) calculations, aiming to assist in the
prediction and interpretation of hyperfine parameters. Only a limited
number of studies address the joint analysis of experimental hyperfine
parameter series obtained from multiple spectra [21,22].

These limitations motivate the development of automated analysis
methodologies specifically designed for the organization, correlation,
and interpretation of TDPAC results, both as a means of optimizing data
treatment and as a strategy to deepen the physical interpretation of the
results. In particular, unsupervised machine learning techniques, which
are sensitive to subtle parameter variations (such as clustering meth-
ods), are especially suitable for processing TDPAC data under different
thermal regimes, where phase transitions may induce fluctuations in
hyperfine parameters [23]. Since these methods are non-predictive and
do not rely on a priori models, they allow the automatic identification
of regimes and distinct features directly from the analyzed dataset.

In this work, we present the development of a Python software
designed for the automated processing and analysis of multiple files
containing temperature-dependent hyperfine parameters. The program
integrates data wrangling methodologies for organizing and separating
parameters according to the hyperfine site and thermal regime (heating
and cooling), combined with advanced data analysis techniques such
as decision trees, cluster analysis, principal component analysis (PCA),
and gradient boosting. This approach enables an efficient and system-
atic investigation of correlations among hyperfine parameters across
different thermal regimes, as well as the identification of structural and
magnetic transitions through clustering. As a case study, the software
is applied to TDPAC spectroscopy data of the 111Cd probe in Ni/Ni;C
nanoparticles as a function of temperature, demonstrating the capabil-
ity of the methodology to automatically detect structural and magnetic
transitions.

2. Methodology

For the development of our research project, . par files were used
as input data. These files are obtained from the fitting of experi-
mental TDPAC spectra, performed according to the formalism of the
experimental anisotropy function R(¢) (Eq. (9)), which is written as a
weighted sum of contributions associated with distinct hyperfine sites.
The fitted hyperfine parameters, encompassing electric quadrupolar
and magnetic interactions (e.g., vg, vy, 7, 8, f), are stored in the
corresponding .par files, whereas the graphical representation of the
fit is provided in .fit files.

The .par file structure is organized into blocks, each beginning
with a key enclosed in square brackets. During the fitting procedure,
hyperfine parameters are recorded within these blocks in a key-value
format, where the key identifies the parameter and the value stores
the associated quantitative variable. The data-processing software was
designed around this file format because its organization is conceptu-
ally equivalent to a dictionary-like structure (see Table 1), enabling
straightforward parsing, automated extraction, and systematic handling
of the dataset associated with hyperfine interactions.

Considering the analysis of multiple .par files acquired at differ-
ent temperatures, it is important to emphasize that the structure of
this file type does not contain information regarding the experimen-
tal conditions associated with each spectrum, such as the acquisition
temperature or measurement atmosphere. Given the relevance of this
information for identifying structural and magnetic transitions associ-
ated with distinct thermal regimes (heating or cooling), the strategy
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Table 1
Block structure of the .par file.
Key Value
[General] Measurement parameters and number of sites

[Site.n] Ugs Ungs M5 6, f

adopted in this work consisted of assigning the thermal conditions
directly from the file names.

From this perspective, the files were grouped into a single op-
erating system directory and named according to the measurement
temperature (for example, 25 . PAR for a spectrum acquired at 25 °C),
which facilitates traceability, identification, and the systematic analysis
of the temperature dependence of the hyperfine parameters. In addi-
tion, the direction of the thermal cycle is inferred from the presence
of a suffix of the type “V” (for example, 25V), which characterizes
measurements performed under the cooling regime (cooling); in the
absence of this marker, the file is automatically classified as belonging
to the heating regime (heating). Based on these characteristics, the
software was designed to import and process these files using data
analysis techniques aimed at the organization, investigation, and inter-
pretation of the parameters as a function of temperature. Among the
employed approaches are data wrangling,gradient boosting, decision
trees, correlation analyses using the Pearson, Spearman, and Kendall
coefficients, as well as clustering techniques and principal component
analysis (PCA). These aspects are described in greater detail in the
subsequent sections. Fig. 1 shows a schematic representation of the
software workflow.

2.1. Data wrangling

The data wrangling process involves transforming a raw database
from its original structure into a format that enables the appropriate
extraction of information. In the context of obtaining hyperfine parame-
ters from multiple sites, the files were initially imported into the Python
(Spyder environment) using the tkinter library. Subsequently, a
function was defined to utilize the keys in the .par file to extract the
values associated with each site and, subsequently, the corresponding
hyperfine parameters. In this way, each input file was structured as
a dataframe using the pandas package, organized by site and their
respective hyperfine parameters.

A classification variable was introduced to determine the valid-
ity of a given site based on the value of the frequency distribution
(8). In the context of material characterization using Time-Differential
Perturbed Angular Correlation (TDPAC) spectroscopy, hyperfine inter-
actions serve as unique identifiers of the crystal symmetries surround-
ing the probe. Consequently, the associated frequencies must be well
defined to ensure accurate characterization. However, the diffusion
or implantation of the probe into the crystalline environment under
analysis is influenced by several parameters, including temperature,
heating rate, and interstitial radius [24]. This process often leads to the
formation of sites exhibiting distributed or poorly defined frequencies,
which are typically associated with probes positioned in low-symmetry
regions, resulting in a high value of 4.

The parameters associated with sites exhibiting high § values have
minimal influence on the determination of local properties. Conse-
quently, in this analysis, only sites with a frequency distribution (5)
below 20% were considered. As a result, for each input file, all valid
sites are identified and selected for further evaluation. In addition, as an
additional criterion, the magnetic hyperfine field is calculated from the
Larmor frequency corresponding to each site. The obtained values are
subsequently incorporated into the dataset according to the formulation
presented in Eq. (2).

After this step, the multiple dataframes are first grouped and sep-
arated by site, resulting in the creation of site-specific dataframes.
Subsequently, these dataframes are organized according to the thermal



C.W.C.d. Silva et al.

Nuclear Engineering and Technology 58 (2026) 104233

SOFTWARE WORKFLOW FOR HYPERFINE PARAMETER ANALYSIS
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Fig. 1. Software workflow for automated multivariate analysis of hyperfine parameters as a function of temperature, including file organization, data wrangling,

and statistical and machine-learning-based analysis.

Table 2

Configuration of the site-specific DataFrames generated by the software, in-
cluding temperature and thermal regime (heating or cooling). The index n
identifies the hyperfine site and ranges from 1 to 5.

Temperature (°C) Thermal regime Hyperfine parameter columns

indexed by Site, (n from 1 to 5)

T, heating or cooling OQu> UMas Bhtas tas G5 [
T, heating or cooling Ogns UMns Bhts Mns Ss S
T, heating or cooling Ugn> Uns Bhtus Mns Sus S
T, heating or cooling UQns UMns Bhtas Mus Ons [

regime (heating or cooling), as inferred from the file nomenclature. In
this perspective, the software was designed to import files containing
up to five sites. The temperature column is generated based on the
name of the original .par file. Thus, it becomes possible to auto-
matically process multiple files and describe each site individually as
a function of temperature and thermal regime. Table 2 presents an
example of the configuration of these dataframes.

2.2. Adaptive correlation analysis of hyperfine parameters

Based on the generated DataFrames, the software evaluates the
correlation of each hyperfine parameter as a function of temperature as
an exploratory measure of the dataset, considering each thermal regime
(heating and cooling) separately. In this approach, temperature is
explicitly treated as a statistical variable in the correlation calculation,
allowing the quantification of how each hyperfine parameter evolves
with thermal variation. Therefore, the resulting correlations describe
the individual thermal behavior of the hyperfine parameters, providing
direct insight into their temperature-dependent evolution.

Considering the possibility of different datasets as input, no fixed
correlation type (such as Pearson, Spearman, or Kendall) was imposed
a priori. Instead, an adaptive approach was adopted, since relationships
between variables may exhibit linear or nonlinear behavior. In this
context, the correlation type is determined through a rule-based deci-
sion tree for adaptive selection of the correlation coefficient. This type
of algorithm is particularly relevant because it enables the automatic
choice of the most appropriate method according to the statistical
characteristics of each dataset [25,26].

For each pair of variables, an initial filtering step is performed to
exclude pairs of observations containing missing (null) values, after
which the number of valid paired observations, defined as N, is quan-
tified. Correlations are computed only when the number of valid pairs
is greater than or equal to four (N > 4). For small samples (4 < N <5),
Kendall’s coefficient (), a rank-based measure, is employed due to its
robustness for limited datasets [27]. For numbers of pairs greater than
five (N > 5), outliers are evaluated using the Z-score; when |Z;| > 3,
Spearman’s correlation (p) is selected because of its reduced sensitivity
to extreme values and its suitability for monotonic relationships. In the
absence of outliers, both Pearson’s correlation coefficient (r), which
quantifies linear associations, and Spearman’s coefficient (p) are calcu-
lated. When both coefficients exhibit the same sign and the difference
between their absolute values satisfies ||r| — |p|| < 0.15, the relationship
is considered approximately linear and Pearson’s correlation is adopted.
Otherwise, Spearman’s correlation is selected, indicating monotonic or
nonlinear behavior. The threshold ||r| —|p|| < 0.15 was empirically
adopted as a heuristic criterion to indicate approximate linearity. This
strategy enables the automatic selection of the most appropriate cor-
relation coefficient for each pair of variables, ensuring a statistically
consistent analysis of the hyperfine parameters [27,28].

Based on the correlation type selected for each site and ther-
mal regime, three full correlation heatmaps (Pearson, Spearman, and
Kendall) are generated, in which all computable correlation coefficients
are shown after pairwise filtering to remove missing or non-finite
values. The coefficients selected by the rule-based decision tree are
highlighted with a green outline, enabling the direct identification of
the variable pairs for which a given correlation metric was deemed
the most appropriate (the mathematical expressions of the correlation
coefficients are provided in the Supplementary Material).

In addition to these full matrices, the software also produces com-
pact heatmaps containing only the correlations selected by the decision
tree. In this representation, the correlation matrix is masked such that
non-selected entries are omitted, and the plot is automatically cropped
to retain only the rows and columns associated with at least one
selected pair. This approach provides a concise and focused visual-
ization of the statistically retained relationships, thereby facilitating
comparisons across different thermal regimes and between sites. Fig.
2 presents an illustrative example of this procedure.
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Fig. 2. Illustrative example of adaptive correlation heatmaps for a generic site (S1) under the heating regime: (a) Pearson correlation matrix, (b) Spearman
correlation matrix, and (c) Kendall correlation matrix. Green contours indicate the correlation coefficients selected by the rule-based decision tree as the most

appropriate for each pair of variables.

2.3. Gradient boosting, clusterization, and PCA.

To model and analyze the relationship between the hyperfine pa-
rameters and temperature, the software employs the Gradient-
BoostingRegressor algorithm from the scikit-learn library.
In order to ensure a systematic evaluation, six related physical param-
eters are considered: quadrupole frequency (v,), magnetic frequency
(vp), magnetic hyperfine field (By;), fraction (f), asymmetry param-
eter (1), and frequency distribution (5). Temperature is defined as
the independent variable (x), since it directly influences the physical
phenomena under investigation.

The modeling procedure is performed independently for each hy-
perfine parameter and for each site identified in the previously consol-
idated dataframes. Furthermore, when more than one thermal regime
is present, the data are separated according to the thermal regime
(heating or cooling). For each distinct combination of site, hyperfine pa-
rameter, and thermal regime, the dependent variables (y) are extracted
from the dataset and associated with specific labels, which are used to
identify the corresponding physical quantities in the generated plots.

The Gradient Boosting model is based on an ensemble of deci-
sion trees trained sequentially, in which each new estimator is fitted to
the residuals of the previous ensemble in order to minimize the overall
prediction error. This approach is widely employed for the nonlinear
modeling of experimental data [29]. After training, the fitted values
are predicted only at the experimentally measured temperatures and
compared with the observed values. The quality of the fit is evaluated
by calculating the mean absolute error (MAE) and the coefficient of
determination (R?), which quantify the discrepancy between experi-
mental and model-estimated values. These metrics provide a measure
of the reliability of the fit for each analyzed variable, site, and thermal
regime [17,18].

In the investigation of possible structural and magnetic changes
across different thermal regimes, the software also incorporates unsu-
pervised machine learning techniques, specifically cluster analysis and
principal component analysis (PCA), in order to explore latent patterns
and internal structures within multivariate datasets [23].

To ensure comparability among variables with different numer-
ical scales, the data are previously standardized using the Z-score
method implemented through the StandardScaler function of the
scikit-learn package. This procedure transforms each variable to
have zero mean and unit standard deviation prior to the clustering and
PCA steps. The Z-score standardization of an observation X ; is defined
as

13)

where Z X;; denotes the standardized value of the observation X ;;, X;

is the value of the jth variable in the ith observation, X represents the

mean of the jth variable, and s; is its standard deviation. This trans-
formation ensures that all variables contribute in a balanced manner to
scale-sensitive multivariate analyses.

After standardization, the software performs cluster analysis in or-
der to organize the data into homogeneous groups (clusters), such that
observations belonging to the same cluster exhibit higher similarity to
each other than to those assigned to different clusters [17,23,30].

Within the implementation framework, the data are analyzed using
two complementary clustering approaches. First, Agglomerative Hier-
archical Clustering (HAC) is applied using Euclidean distance and the
Ward linkage criterion (minimum variance method), which minimizes
the increase in intra-cluster variance at each merging step, thereby
favoring the formation of compact and physically interpretable clusters.
In parallel, the partition-based K-means method is employed in an
exploratory manner, mainly as a supporting tool for assessing the
appropriate number of clusters [23].

The selection of the optimal number of clusters is supported by
internal validation metrics, including the elbow method, the silhou-
ette index, the Calinski-Harabasz index, and the Davies-Bouldin in-
dex, which provide quantitative criteria to evaluate partition quality
and guide the choice of more consistent configurations [31,32]. Each
metric plays a complementary role: the elbow method evaluates the
reduction of intra-cluster variance as a function of k; the silhouette
index simultaneously quantifies cohesion and separation; the Calinski—
Harabasz index favors solutions with high inter-cluster separation and
low internal dispersion; whereas the Davies-Bouldin index penalizes
configurations characterized by overlapping clusters. Taken together,
these criteria provide a robust quantitative basis for selecting the most
appropriate number of clusters.

In addition, cluster stability is evaluated using the Adjusted Rand
Index under a leave-one-out scheme (ARI;g), which quantifies the
agreement between the clustering obtained from the complete dataset
and the solutions resulting from the successive removal of individual
data points. High ARI; 5 values indicate that the identified clusters are
robust against small perturbations of the dataset, thereby reinforcing
the reliability of the extracted structures.

Beyond cluster identification, the software provides additional quan-
titative information that enables the interpretation of the factors re-
sponsible for cluster separation. For this purpose, the mean values and
standard deviations of the variables within each cluster are computed,
allowing direct comparison among different groups. Furthermore, a
one-way analysis of variance (ANOVA) is performed for each vari-
able to evaluate whether the differences observed between clusters
are statistically significant. Variables presenting p-values below the
adopted significance level (5%) are considered relevant contributors
to cluster discrimination. Complementarily, the software generates
graphical representations of the variable distributions as a function of
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cluster membership and temperature, enabling the simultaneous assess-
ment of group separation and the thermal evolution of the hyperfine
parameters [33].

This set of procedures not only allows the identification of the
existence of clusters but also provides insight into which physical
parameters are determinant for cluster formation and how these param-
eters evolve across different thermal regimes, thereby strengthening the
physicochemical interpretation of the results.

Finally, in order to reduce data dimensionality and facilitate the
visualization of clustering results, the software applies Principal Com-
ponent Analysis (PCA). PCA projects the data onto a lower-dimensional
space defined by orthogonal linear combinations of the original vari-
ables, while preserving the largest possible fraction of the total vari-
ance. This step enables the interpretation of clusters in terms of the
main axes of variation of the dataset [17,18].

2.4. Case study

As a case study, .par files obtained from the fitting of TDPAC
spectra using the PACFIT program were analyzed. These files originate
from measurements employing 111In(111Cd) probe nuclei incorporated
into hierarchical Ni/Ni;C nanoparticles, consisting of a metallic Ni core
coated by a nickel carbide shell (Ni;C), investigated as a function of
temperature under a nitrogen atmosphere and two distinct thermal
regimes: heating and cooling.

For the heating regime, spectra acquired at 25, 150, 250, 325,
350, 375, 385, 395, and 420 °C were considered. For the cooling
regime, .par files obtained from the fitting of spectra measured at
25, —73, —196, and —228 °C were analyzed, corresponding to measure-
ments performed after completion of the heating cycle. All these files
were jointly imported into the developed software, which automati-
cally organized and structured the data into dataframes, according to
the methodology described previously. The experimental methodology
employed for data acquisition was developed at the Hyperfine Inter-
actions Laboratory (LHI), located at the Research Reactor Center of
IPEN-CNEN/SP.

In addition, aspects related to structural phase transitions in these
systems have been previously discussed in the literature [10]. In this
context, the present work focuses on the processing, treatment, and
statistical analysis of the extracted hyperfine parameters, with emphasis
on the application of the developed software, aiming to demonstrate
that the statistical analysis of multiple hyperfine parameters constitutes
a robust tool for the interpretation of local physical changes, going be-
yond simple data visualization. Fig. 3 schematically illustrates the data
acquisition and processing workflow for the generation and analysis of
TDPAC files.

3. Results

Fig. 4 presents the plots obtained from the analysis of the .par
files for the heating regime, which originate from the fitting of exper-
imental TDPAC spectra. The fits were performed assuming a three-site
model based on Eq. (9), and the corresponding Fast Fourier Transforms
(FFT) were subsequently obtained. These fits are in agreement with
experimental results (see Supplementary Material).

Site 1 (S1) is characterized by the coexistence of quadrupolar (vo1)s
with a frequency of approximately 29 MHz, and magnetic (vy;) in-
teractions, with a frequency around 2.25 MHz. This site is attributed
to probe located in carbon-deficient Ni;C,_, environments, likely in
regions close to the metallic Ni core. Site 2 (S2) exhibits exclusively
a quadrupolar interaction (vp,), with an approximate quadrupolar
frequency of 24 MHz, and is assigned to probes incorporated into
stoichiometric Ni;C regions. Site 3 is broadly distributed, presenting
a large distribution parameter (6 > 20%), and is attributed to probes
situated in locally low-symmetry environments, typical of structurally
disordered regions frequently observed in PAC spectroscopy [10,34].
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It should be emphasized that the values discussed correspond to the
parameters determined at the initial temperature of 25 °C. The remain-
ing spectra systematically reveal the thermal evolution and progressive
modifications of these parameters throughout the heating regime, as
shown in Fig. 4(a-f). In Fig. 4(g-i), the gradient boosting results are
presented, describing the evolution of the hyperfine parameters as a
function of temperature under the heating regime, considering sites
1 (S1) and 2 (S2). The results indicate that the hyperfine param-
eters begin to exhibit significant changes at approximately 325 °C.
In particular, the magnetic frequency associated with S1 disappears
above ~350 °C, consistent with the loss of magnetic ordering in Ni
upon reaching its Curie temperature. Beyond this thermal regime, more
pronounced variations in the quadrupolar frequencies are observed,
suggesting a local structural reorganization. This behavior is likely
associated with the progressive migration of carbon atoms toward
surface regions, ultimately leading to the formation of a new crystalline
environment attributed to the onset of graphitization [10].

In this context, a systematic investigation of the correlations be-
tween temperature and the hyperfine parameters enables a global
analysis of these transformations for each site. Fig. 5 presents the
heatmaps corresponding to the correlation matrices for S1 and S2. The
correlation analyses clearly demonstrate that the two sites correspond
to physically distinct hyperfine environments, exhibiting significantly
different thermal responses and parameter-coupling patterns. For S1,
strong negative correlations are observed between temperature and the
principal quantities associated with the hyperfine interactions (v, vy,
and B,,), accompanied by a moderate positive correlation with the
asymmetry parameter n (Fig. 5a). This behavior indicates a system-
atic weakening of the magnetic hyperfine interaction upon heating,
concomitant with an increase in local distortion. Furthermore, v, and
vy, exhibit very strong positive correlations among themselves (which
is expected), revealing a tightly coupled block of common physical
origin, whereas 5 and Fraction show positive correlation, suggesting an
association between local disorder and site population (Fig. 5b).

In contrast, for S2, temperature does not correlate directly and
consistently with the quadrupolar frequency (Fig. 5¢); instead, stronger
correlations are observed with Fraction, #, and §, along with a strong
coupling between v, and Fraction(Fig. 5d). These results indicate that
the primary thermal response of this site is associated with increasing
structural disorder and population redistribution rather than with a di-
rect variation in the strength of the hyperfine interaction. Additionally,
the differences observed between Pearson and Spearman coefficients
for S2 point to predominantly non-linear relationships, whereas in S1
both coefficients agree in sign and magnitude, characterizing a nearly
monotonic linear behavior. Overall, these findings reinforce that S1
corresponds to an environment more sensitive to thermally induced
magnetic collapse, while the thermal evolution of S2 is predominantly
governed by occupation effects and local structural disorder.

The changes in the hyperfine environments become evident from
the hierarchical clustering analysis (Ward method) performed for the
heating regime, which reveals contrasting behaviors for sites S1 and
S2. For S1, the clustering quality assessment (k = 3, N = 9) indicates
an overall consistent and stable partition (Fig. 6a). The silhouette
coefficient (0.467) suggests a moderate separation among groups, indi-
cating that the clusters are reasonably well defined, although not fully
isolated. The Calinski-Harabasz index (8.962) points to a favorable
ratio between inter-cluster dispersion and intra-cluster compactness,
whereas the Davies-Bouldin index (0.557), lower than 1, indicates
adequate compactness and separability. In addition, the high stability
obtained from leave-one-out validation (AR, o, = 0.975) demonstrates
that the solution is highly robust against small variations in the dataset.
Therefore, k = 3 is justified as the smallest number of clusters that
simultaneously satisfies the stability criterion (ARl oo > 0.7) and
yields a silhouette value close to the best observed result, leading to
a statistically consistent and physically interpretable segmentation for
S1 [35,36].
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Fig. 3. Schematic representation of the data acquisition and TDPAC spectrum processing, together with the representation of the case study. Coincidence events
recorded by the detector array are processed using the TDPAC software to generate time-differential perturbation spectra, which are subsequently fitted using
the PACFIT software to obtain the hyperfine interaction parameters and generate the .fit and .par files. The .par files related to the case study, involving
hyperfine interaction changes in Ni;C and Ni;C,_, environments under heating and cooling regimes, were then analyzed using the developed software.

The ANOVA test (Fig. 6b) together with the mean values of the
variables by cluster (Fig. 6¢) indicate which parameters contribute
significantly to cluster separation and how their cluster-averaged val-
ues evolve with temperature. The results show that the quadrupolar
frequency (vp), which presents the lowest p-value (p < 0.001) and
the largest F-statistic, decreases systematically from cluster 1 to clus-
ter 3, highlighting its dominant role in distinguishing the groups. Sim-
ilarly, the magnetic frequency (v,,) and the hyperfine magnetic field
(B, also exhibit statistical significance and display high mean values
exclusively in the low-temperature cluster, vanishing in the clusters
associated with higher temperatures. These analyses confirm that the
clustering clearly discriminates between magnetic and non-magnetic
regimes, being primarily governed by three statistically significant
parameters: vy, v, and By, ;. The fractional contribution also decreases
with increasing cluster index, indicating that population redistribu-
tion contributes to the differentiation during the heating regime. In
contrast, the asymmetry parameter (1) and the frequency distribution
(8) exhibit very similar mean values across clusters, consistent with
their non-significant p-values in the ANOVA. Altogether, these results
demonstrate that S1 clustering is primarily driven by variations in the
electric and magnetic frequencies, as well as by population changes,
yielding a physically consistent interpretation of the thermal evolution
of the system.

In contrast, for S2 the hierarchical clustering under the heating
regime reveals a more abrupt separation between thermal regimes (Fig.
6d). The clustering quality assessment (k = 3, N = 9) indicates a highly
consistent and stable partition, with a silhouette coefficient of 0.574,
a Calinski-Harabasz index of 15.480, and a Davies-Bouldin index of
0.384, all pointing to well-separated and compact clusters. The high
stability obtained from leave-one-out validation (ARI} o = 0.975) fur-
ther demonstrates the robustness of the solution. These quality metrics
are systematically better than those obtained for S1, indicating a more
sharply defined clustering structure for S2 [35,36].

The ANOVA results for S2 identify the quadrupolar frequency (vy)
as the dominant variable controlling cluster formation, presenting an
extremely low p-value (p <« 0.001) and a very large F-statistic. The
fractional contribution (Fraction) is also highly significant, followed

by the frequency distribution parameter (5), whereas the asymmetry
parameter (1) does not show statistical significance (Fig. 6e). Con-
sistently, the mean values by cluster reveal pronounced variations
in quadrupolar frequency and Fraction across the clusters, while the
remaining parameters display comparatively smaller changes (Fig. 6f).
These results indicate that the clustering of S2 is primarily driven
by strong modifications of the local electric field gradient and by
population redistribution.

These results are illustrated in Fig. 7, where the PCA maps for sites
S1 and S2 are presented together with the distribution of variables
within the clusters as a function of temperature. The projection of
the data onto the space defined by the first two principal components
further supports this interpretation, as the experimental points organize
into three well-defined groups associated with distinct thermal regimes
and fully consistent with the clusters obtained through the hierarchical
Ward method (Fig. 7b and Fig. 7d).

Overall, based on the multivariate analysis, the results reveal three
distinct configurations for both sites throughout the thermal evolution,
as represented in Fig. 7e: (i) the initial configuration of the nanopar-
ticles; (ii) the magnetic transition in S1 concomitant with the onset
of carbon migration in S2, beginning at approximately 350 °C; and
(iii) a high-temperature stage around 420 °C. In this latter stage, a
decrease in the quadrupolar frequency is observed for S1, whereas
a pronounced increase in the quadrupolar frequency occurs for S2
(~230 MHz). This behavior is consistent with the structural phase
transition previously reported for Ni;C nanostructures, culminating in
the formation of metallic Ni surrounded by a graphitic shell [10,34].

After this stage, the thermally induced modifications were assessed
by analyzing the spectra acquired in the cooling regime. Measurements
performed at 30, —73, —196, and —228 °C were considered, correspond-
ing to the experiments carried out after completion of the heating
cycle. The results obtained at 30 °C after thermal treatment confirm
the transitions previously identified by the clustering analysis in the
heating regime. The spectral fit indicates the presence of two hyperfine
sites. Site 1 is characterized by a purely magnetic interaction, with a
magnetic frequency of approximately 16 MHz and a magnetic hyperfine
field of 6.85 T, which are typical values for the 111Cd probe in a
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Fig. 4. Evolution of hyperfine parameters as a function of temperature for the heating regime. Panels (a—f) show the plots obtained from the .par files and
their corresponding Fast Fourier Transforms (FFT) for Sites 1 (S1), 2 (S2), and 3 (S3). Panels (g-i) present the temperature evolution of hyperfine parameters
extracted from the fits for crystalline sites (6 < 20%), processed by the gradient boosting model, describing the temperature dependence of selected hyperfine

configurations for S1 and S2.

substitutional Ni-fcc environment. Site 2 exhibits a high quadrupole fre-
quency on the order of 238 MHz, combined with a magnetic frequency
of about 3.2 MHz, and is assigned to probes located in the interfacial
region between Ni-fcc and graphite, as shown in Fig. 8a and Fig. 8b.

The results in Fig. 8(c-h) show the evolution of the hyperfine
parameters associated with sites 1 and 2 throughout the cooling regime.
The most pronounced variations are observed in the relative fractions
of the two sites, a trend that becomes even clearer when considering the
Kendall correlation matrices shown in Fig. 8(i-1). Note that the Kendall
coefficient was selected according to the characteristics of the dataset,
following the criteria established by the rule-based decision tree.

For site 1, the v,, and B, ; plots (Fig. 8(d,e)) reveal a progressive
increase of these parameters as the temperature decreases, reflecting
the strengthening of magnetic order. The correlation matrices further
indicate a positive correlation between v,, and By, /, as well as negative
correlations of these parameters with temperature, confirming that the
enhancement of magnetism at low temperatures governs their coupled
evolution (Fig. 8i). Consequently, the magnetic modulation of the per-
turbation spectrum becomes more pronounced, increasing the spectral
weight of this interaction in the fit. Consistently, the relative fraction

of site 1 (Fig. 8f) shows a systematic increase at low temperatures,
which should be interpreted as a larger spectral dominance of the
magnetically ordered component.

For site 2, the correlation matrix reveals a strong anticorrelation
between temperature and the quadrupole frequency v, along with
positive correlations among vy, vy, and Bj,,. The fraction also exhibits
a positive correlation with temperature (Fig. 8j), indicating that the
spectral contributions from both environments respond in a comple-
mentary manner to the strengthening of the magnetic interaction at
low temperatures. The agreement between the statistical correlations
and the fits obtained via Gradient Boosting supports that the observed
changes are associated with the intensification of magnetic order and
the progressive stabilization of the Ni-fcc phase and the Ni-fcc/graphite
interface at low temperatures.

The hierarchical clustering results obtained using Ward’s method
for sites 1 and 2 in the cooling regime are presented in Fig. 9(a,b),
and reveal the formation of two main clusters (k = 2), although with
distinct quality levels. For site 1, the choice of k = 2 is supported
by a silhouette coefficient of 0.540, indicating moderate separation
between groups, together with a Calinski-Harabasz index of 5.93 and
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Schematic representation of the three thermally induced configurations.

a Davies-Bouldin index of 0.44, consistent with relatively compact and
well-defined clusters. Owing to the limited number of experimental
points (N = 4), stability via leave-one-out cross-validation (ARI;gq)
could not be assessed; nevertheless, the selection of k was based on
the criterion of choosing the smallest value whose silhouette remained
within 0.03 of the best result, ensuring a parsimonious and statistically
consistent partition.

For site 2, although k = 2 was also selected, the quality indicators
point to weaker separation between groups. The silhouette coefficient
is 0.197, while the Calinski-Harabasz (2.55) and Davies-Bouldin (0.43)
indices indicate less compact clusters with greater overlap. Similarly
to site 1, ARI; g stability was not evaluated, and the value of k was
defined using the same silhouette-based criterion.

Structural analysis of the dendrograms shows that, for site 1, there
is a clear separation between measurements performed at lower tem-
peratures (—196 and —228 °C) and those obtained at intermediate
temperatures (30 and —73 °C), suggesting a transition associated with
the progressive strengthening of the magnetic interaction (Fig. 9a).
Analysis of variance (ANOVA) indicates that the variable most sensitive
to cluster formation is the relative fraction, followed by the magnetic

10

parameters vy, and B, whereas the frequency distribution parame-
ter 6 exhibits low discriminative power (Fig. 9c). Cluster-wise mean
values confirm a systematic increase in v,, and B, within the group
associated with lower temperatures, accompanied by an increase in
the fraction of site 1, indicating greater spectral dominance of the
magnetically ordered component as temperature decreases (Fig. 9c).
For site 2, the dendrogram reveals two main clusters with a more
gradual hierarchical structure, reflecting a continuous evolution of the
hyperfine parameters (Fig. 9d). ANOVA shows that the quadrupole
frequency v, is the variable with the highest discriminative power
between clusters, whereas vy, By, and the fraction provide smaller
relative contributions. The parameters 5 and § exhibit low sensitivity
to group separation (Fig. 9e). Cluster-wise mean values indicate that
vo remains high in both regimes, displaying only subtle variations,
while v, and B,,, show a slight increase in the cluster associated with
lower temperatures, suggesting coupling between electric and magnetic
interactions in the Ni-fcc/graphite interfacial environment (Fig. 9f).
These results are directly confirmed by the Principal Component
Analysis (PCA) projections and by the distribution of clusters as a
function of temperature, presented in Fig. 10. For site 1 in the cooling
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Cooling-regime evolution of hyperfine parameters for sites S1 and S2. Panels (a,b) show perturbation functions and corresponding FFT spectra at 30 °C

and —228 °C. Panels (c-h) present the temperature dependence of selected hyperfine parameters obtained from the fits and processed by the Gradient Boosting
model. Panels (i-1) display the Kendall correlation matrices, showing correlations between temperature and hyperfine parameters during cooling.

regime (Fig. 10(a,b)), the experimental points are organized into two
well-defined groups in the space of the first two principal components,
in excellent agreement with the Ward partition (k = 2). For site 2 (Fig.
10(c,d)), PCA also reveals the formation of two clusters, although with
greater proximity between points, reflecting the lower separation qual-
ity indicated by the clustering metrics. The distribution of clusters as a
function of temperature further illustrates these trends and reinforces
their physical interpretation.

Overall, the consistency among PCA, hierarchical clustering, cor-
relation analyses, and Gradient Boosting fits demonstrates that the
identified clusters effectively reflect distinct physical regimes in the
cooling stage. Specifically, the evolution of site 1 is predominantly
governed by the strengthening of magnetic order at low temperatures,
whereas site 2 is mainly controlled by the stability of the electric field
gradient, with secondary magnetic contributions. These results fully
corroborate the previous descriptions and reinforce the robustness of
the proposed model for describing the hyperfine environments present
in the system.
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3.1. Conclusion

This study described the development of Python-based software
designed to process and analyze multiple hyperfine parameter files as
a function of temperature. By integrating both supervised and unsuper-
vised machine learning techniques, the program enabled the identifica-
tion of correlations among parameters and the recognition of potential
clusters, contributing to a deeper understanding of the temperature de-
pendence of these parameters in different thermal regimes (heating and
cooling). As a case study, hyperfine interactions in Ni/Ni;C nanopar-
ticles were analyzed. The results demonstrated that applied machine
learning techniques were effective in identifying significant variations,
such as phase transitions and fluctuations in the hyperfine parameters.
Thus, the proposed methodology is versatile and can be applied to any
set of . par files containing models with up to five sites. This approach
enhances the analysis of hyperfine parameters, offering a more com-
prehensive interpretation of their relationship with local structural and
electronic variations, as observed through Time-Differential Perturbed
Angular Correlation (TDPAC) spectroscopy.
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