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ABSTRACT: High-performance dielectric antennas have pursued a high quality factor (Q×f)
for  microwave  ceramics.  Nevertheless,  the  cross-laboratory  inconsistency  in  reported Q×f
would  confuse  the  invention  of  materials  systems,  owing  to  divergent  preparation  and
measurement  protocols.  Herein,  based  on  a  self-consistent  dataset,  an  interpretable
machine learning framework is  proposed to unveil  the structure–property relationship and
consequently guide the compositional design of candidate microwave ceramic Li4SrCaSi2O8.
Through feature  engineering,  nine  critical  features  are  identified,  in  which  the  Si/Li  atomic
mass ratio (Si/Li-AW),  Si/Sr  ionic radius ratio (Si/Sr-IR),  and total  electronegativity of  cations
(TEC) are found to be predominant. Interpretability technologies further reveal that a higher
Si/Li-AW coupled with lower Si/Sr-IR and TEC is  conducive to the increase in the Q×f value
for  the  chosen  decision  tree  (DT)  model.  Guided  by  these  insights,  Sn4+-doped  microwave
ceramic Li4SrCaSi1.98Sn0.02O8 is created with a Q×f value up to 83,526 GHz, the origin of which
is elucidated by P–V–L theory combined with first-principles calculations and infrared spectroscopy. Such an optimized material is
ultimately verified by a microstrip patch antenna with a high radiation efficiency of 81.12% and a gain of 5.94 dB in the C-band.
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1    Introduction
As  5G  technology  and  satellite  networks  enter  the  microwave
frequency  band,  antennas  have  become  a  key  bottleneck
restricting system performance, directly affecting the data rate and
power  consumption.  Conventional  metallic  radiators  suffer  from
severe  skin  effects  and  surface-wave  losses,  leading  to  degraded
gain,  bulky  footprints,  and  micrometer-level  fabrication
tolerances.  Dielectric  antennas  avoid  the  skin-effect  limit  by
replacing  conduction  currents,  making  them  intrinsically  well
suited  to  the  microwave  band.  However,  strict  requirements
should be  satisfied  for  large-scale  arrays  and handheld  terminals.
These  include  a  low  relative  permittivity  (εr <  10)  to  suppress
surface-wave  coupling  and  feed-line  losses,  thereby  enhancing
impedance bandwidth and radiation efficiency,  which are  critical
for high-performance antenna systems [1−7].

Compared  with  polymer  dielectric  substrates  such  as  FR-4,
low-εr ceramics  not  only  possess  superior  microwave  dielectric
properties  and  chemical  stability  but  also  withstand  harsh
operating  conditions,  including  high  power,  large  currents,  and

extreme  thermal  cycling,  making  them  particularly  suitable  for
aerospace  and  high-reliability  communication  systems.
Furthermore,  ceramics  exhibit  high Q×f values,  which
significantly  enhance  antenna  radiation  efficiency  and  gain
performance  [8,9].  Utilizing  low-temperature  co-fired  ceramic
(LTCC)  technology,  these  materials  can  achieve  densification
sintering at  temperatures  below 950 °C and can be  co-fired with
high-conductivity electrodes such as silver or copper, enabling the
fabrication  of  ultrathin,  lightweight,  and  highly  integrated
manufacturing  of  antennas  [10−12].  Consequently,  the
development  of  novel  low-εr and  low-loss  microwave  ceramics
that  can  be  densified  at  LTCC-compatible  temperatures  and
exhibit  good  compatibility  with  electrode  materials  represents  a
crucial  pathway  for  achieving  breakthroughs  in  antenna
performance [13,14]. Li4SrCaSi2O8 (hereafter abbreviated as LSCS)
ceramics  have  attracted  much  attention  due  to  their  low  relative
permittivity  and  low  dielectric  loss.  Wang et  al.  [15]  achieved  a
low εr value  of  7.11  and  a  high Q×f value  of  41,769  GHz  at
1000  °C.  Du et  al.  [16]  also  discovered  the  low-temperature
sinterability  of  LSCS  when  synthesized  at  900  °C.  To  achieve 
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superior  microwave  dielectric  properties  in  LSCS-based  systems,
compositional tailoring via ionic incorporation is urgently needed.
Nevertheless,  attaining  a  high Q×f value  through  such
compositional  engineering  often  struggles  to  gain  broad
acceptance.  The  reproducibility  of  the  reported Q×f value  is
undermined by variability in processing routes (e.g., wet-chemical
synthesis  vs.  solid-state  reaction),  measurement  equipment  and
frequency  bands,  and  testing  conditions  (e.g.,  resonant  cavity
method  vs.  coaxial  transmission/reflection  method).  Thus,  the
cross-laboratory  consistency  of  the Q×f value  remains  poor,
imposing  significant  constraints  on  the  universal  applicability  of
ion-doping strategies for Q×f value enhancement.

Recently,  the  reverse  design  of  material  composition  and
property  regulation  using  machine  learning  methods  has  been
widely  studied,  improving  the “trial  and  error” research  status
[17].  A  machine  learning  model  proposed  by  Qin et  al.  [18]
establishes a relationship between the bond length and Q×f value.
This  study  introduced  a  machine  learning  method  to  establish  a
Q×f prediction model with an R2 value exceeding 0.8 and an root
mean  square  error  (RMSE)  value  below  4000  GHz.  The
effectiveness  of  the  model  is  experimentally  verified  in
(BaySr1−y)CuSi4O10 ceramics.  According  to  a  database  of  ABO4-
type  microwave  ceramics,  Mo et  al.  [19]  used  support  vector
regression  with  a  radial  basis  function  kernel  to  explore  the
quantitative structural property relationships of the Q×f value and
establish a prediction model. However, as mentioned, the limited
referential  value  of  the Q×f value  from  different  research  groups
undoubtedly  restrains  the  prediction  accuracy  and  universal
applicability of the model. More importantly, the black-box nature
of machine learning models has rarely been revealed, especially at
the  interpretable  mechanism level  of  the  influence  of  features  on
the Q×f value, which hinders the reverse design of ceramics with
high Q×f values.

To  address  these  intertwined  challenges  of  data  inconsistency
and  model  interpretability,  this  work  established  a  closed-loop
methodology for the rapid discovery of LSCS-based ceramics with
a  high Q×f value.  A  highly  consistent  experimental  dataset  was

obtained  by  synthesizing  fifty  ion-doped  LSCS  samples  under
rigorously  controlled  conditions.  Leveraging  interpretable
machine learning, key compositional features and synthesis details
governing  the Q×f value  were  identified  and  validated,  moving
beyond  a  black-box  prediction.  The  model’s  guidance  led  to  the
experimental realization of a Sn4+-doped composition with a high
Q×f value.  The  underlying  physical  mechanism  for  the
performance enhancement was unraveled through a combination
of  dielectric  theory  of  complex  crystal  (P–V–L theory)  and first-
principles  calculations,  linking  the  atomic-scale  bonding
characteristics to macroscopic dielectric loss. Finally, to bridge the
gap  between  material  discovery  and  functional  application,  a
microstrip  patch  antenna  using  the  optimized  ceramic  was
designed  and  fabricated,  exhibiting  excellent  radiation
performance.  This  study  not  only  provides  a  specific  high-
performance  material  for  microwave  communications  but  also
outlines  a  generalizable  and  interpretable  framework  for
accelerating the development of  microwave ceramics with a high
Q×f  value.

2    Experimental
The overall data-driven workflow of this study for the component
design  of  LSCS  microwave  ceramics  is  illustrated  in Fig.  1,
primarily  comprising  four  parts:  dataset  construction,  feature
engineering,  model  selection  and  optimization,  and
interpretability  analysis.  Initially,  a  dataset  was  constructed  by
adopting  fifty  ion-doped  LSCS  ceramic  samples  and  seventeen
feature categories, divided into training, validation, and test sets in
an 8 : 1 : 1 ratio. After isolating the test set, the synthetic minority
oversampling  technique  (SMOTE)  augmentation  technique
was  applied  to  augment  the  remaining  training  and  validation
subsets  [20],  where  the  distributions  of  samples  are  presented  in
Figs.  S1  and  S2(a)  in  the  Electronic  Supplementary  Material
(ESM). The enhanced sample distribution remains consistent with
the  original  data.  Then,  feature  engineering,  including  L1
regularization  (L1),  L2  regularization  (L2),  relief,  gray  Relation

 

Fig. 1    Schematic illustration of an interpretable framework for Q×f value prediction of Li4SrCaSi2O8 microwave ceramics, where four steps include dataset construction,
feature engineering, model selection & optimization, and interpretable analysis.
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(Gray),  and  tree-based  model  (Tree),  was  applied  to  preprocess
the  data  by  eliminating  redundant  and  unimportant  features.
Subsequently, six machine learning algorithms were employed for
modeling,  including  extreme  gradient  boosting  (XGBoost),  least
squares  boosting  (LSBoost),  back  propagation  neural  network
(BPNN),  generalized  additive  model  (GAM),  decision  tree  (DT),
and random forest (RF). Furthermore, owing to the advantages of
strong  global  search  ability,  fast  convergence  speed,  good
robustness,  dynamic  update  mechanism,  and  avoiding  local
optima,  the  sparrow  search  algorithm  (SSA)  was  utilized  for
hyperparameter  optimization of  the  model  to  obtain the  globally
optimal  predictive  model  [21].  Building  on  these  steps,
interpretability  analysis  was  further  conducted  on  the  optimal
model  to  identify  optimization  directions  for  enhancing  the Q×f
value,  thus  guiding  subsequent  material  preparation  and
application research.

2.1    Material preparation and performance test
A series of fifty ion-doped LSCS ceramics was synthesized via the
solid-state  reaction  method,  which  is  listed  in  Table  S1  in  the
ESM. First, reagent-grade raw powders of Li2CO3, SrCO3, CaCO3,
and  SiO2 of  the  main  composition  were  precisely  blended
according  to  the  designed  chemical  formula,  where  divalent
oxides  containing  NiO,  ZnO,  MgO,  and  BaO,  tetravalent  oxides
including  ZrO2,  GeO2,  HfO2,  and  SnO2,  and  trivalent  and
pentavalent  oxides  covering  Al2O3,  Ta2O5,  and  Nb2O5 served  as
the dopants.  Subsequently,  the powder mixtures  were ball-milled
using zirconia media in anhydrous ethanol for 10 h. The blended
powders were then dried and passed through an 80-mesh sieve to
homogenize the particle size. The sieved powders were calcined at
700 °C for 4 h. The resulting powder was subjected to secondary
ball milling for 6 h, followed by drying in an oven at 80 °C. Next, a
50%  aqueous  acrylic  acid  solution  was  added  for  granulation.
Particles of moderate size were selected using 80-mesh sieves and
then compressed into cylindrical green bodies measuring 13 mm
in diameter and 6 mm in height under 200 MPa pressure. Finally,
the green bodies were sintered at 860–960 °C and maintained for
6 h to obtain the LSCS series ceramics.

To  characterize  and  analyze  the  crystal  structure  and
microwave  dielectric  properties  of  LSCS  ceramics,  a  series  of
testing  techniques  was  employed.  The  crystal  structure  was
characterized  using  a  powder  X-ray  diffractometer  (XRD;  D8
Advance, Bruker, Germany) within the 2θ range of 10°–120°. The
micromorphology  was  observed  via  a  field  emission  scanning
electron microscope (FESEM; SUPRATM55, Zeiss,  Germany).  A
focused  ion  beam  (Helios  G4  PFIB,  Thermo  Fisher,  USA)
equipped with Xe ion source was used to obtain a finely thinned
ceramic sample. A transmission electron microscope (TEM; JEM-
F200,  JEOL,  Japan)  equipped  with  a  thermal  field  emission
electron  gun  and  an  ultrahigh  resolution  (UHR)  material  pole
piece was used to analyze the atomic arrangements of the sample,
where the acceleration voltage was selected as 200 kV. The energy
spectrum  (JED-2300T,  JEOL,  Japan)  was  used  to  analyze  the
distribution of elements.

The  bulk  density  was  measured  using  Archimedes’ method.
The microwave dielectric properties of the εr value and Q×f value
in  the  frequency  range  of  8−12  GHz  were  calculated  using  the
Hakki-Coleman  dielectric  resonator  method  with  a  vector
network  analyzer  (Anritsu  MS463228,  Japan).  The  infrared
reflectivity  spectra  covering  the  far-infrared  and  mid-infrared
bands  were  measured  using  a  Fourier  transform  infrared
spectrometer  (FT-IR;  IFS  66v,  Bruker,  Germany)  at  the  Infrared
Spectroscopy  and  Microscopic  Imaging  Beam  Line  Station
(BL01B) of the National Synchrotron Radiation Lab of China. The

far-infrared spectrum requires air removal from the test chamber
before the test to achieve a vacuum test environment. The whole
IR  spectra  were  spliced  together  from  the  far-infrared  and  mid-
infrared spectra with OPUS software.

The  first-principles  calculations  employed  the  following
parameter  settings:  Exchange–correlation  interactions  were
described  using  the  Perdew–Burke–Ernzerhof  (PBE)  functional
under the generalized gradient approximation (GGA). Geometric
structure optimization was performed using the Broyden–Fletcher–
Goldfarb–Shanno  (BFGS)  algorithm.  The  valence  electron
configurations  were  set  as  Li(2s1),  Sr(3s2),  Ca(3s2),  Si(2p4),  and
O(2s22p4). The convergence threshold was set at 1.0×10−5 eV/atom,
the  cutoff  energy  at  571.40  eV,  the  maximum  interatomic  force
convergence criterion at 0.03 eV/Å, the k-point mesh sampling at
3  × 1  × 1,  the maximum stress  limit  at  0.05 GPa,  the maximum
atomic displacement limit at 0.001 Å, and the self-consistent field
(SCF) calculation convergence accuracy at 1×10−6 eV/atom.

2.2    Feature construction
The Q×f value of fifty well-densified single-phase LSCS microwave
dielectric  ceramics  was  assigned  as  the  model’s  output  because
extrinsic  factors,  such  as  crystallization  behavior,  porosity,  and
impurities  [22,23],  induce  frequency  dependence  in Q×f values,
interfering  with Q×f prediction  modeling  [24,25].  To  apply
machine  learning  methods  for  investigating  the  determinants  of
the Q×f value and their quantitative contributions, robust feature
sets  with  universality  and  accessibility  were  first  constructed  and
are  listed  in  Table  S2  in  the  ESM.  The  following  aspects  are
considered  when  constructing  the  features.  The  differences  in
electronegativity affect  the nature of  the chemical  bonds between
metal  ions  and  oxygen.  The  varying  electronegativities  of  Li,  Sr,
Ca,  and  Si-site  elements  lead  to  the  formation  of  bonds  with
different  polarities.  This  variation  influences  the  electronic
structure.  Moreover,  the  electron  transfer  from  metal  ions  to
oxygen, which is affected by electronegativity differences, impacts
the electrical  properties.  Regarding polarization,  the polarizability
of  metal  ions  affects  the  polarization  in  the  bonds  formed  with
oxygen. Ions with higher polarizability are more likely to deform
in  an  electric  field,  enhancing  bond  polarity  and  affecting  the
dielectric properties of the material. Additionally, ions with higher
polarizability  led  to  an  uneven  distribution  of  charge  within  the
crystal structure, which in turn affects the symmetry and stability
of  the  crystal.  This  unevenness  may  influence  the Q×f value  by
altering the vibrational modes of the crystal. The radii of different
ions  also  play  a  significant  role  in  influencing  the Q×f value,  as
they affect the packing arrangement and structural stability of the
crystal.  In regard to atomic mass,  differences in atomic mass can
lead  to  increased  phonon  scattering  within  the  lattice.  Phonon
scattering  is  one  of  the  primary  causes  of  energy  loss,  and  thus,
increased  phonon  scattering  results  in  a  lower Q×f value.
Specifically,  ions  with  greater  atomic  mass  can  increase  the
complexity  of  lattice  vibrational  modes,  enhancing  phonon
scattering [26].

3    Results and discussion

3.1    Matching  and  interpretability  analysis  of  the  machine
learning model
The development of an effective and interpretable Q×f prediction
model first required the identification of optimal feature selection
methods,  feature  numbers,  and  model  architectures.  First,  the
matching performances are shown in Figs. 2(a1) and 2(a2), where
the  corresponding  mean  absolute  error  (MAE),  RMSE,  and R2
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values are shown in Fig. S3 in the ESM. In Fig. 2(a1), the matching
performances  show  a  distinct  difference  among  the  five  feature
selection  methods  when  using  the  DT  model  [27].  The  L1
regularization  method  produces  sparse  solutions,  directly
compressing  the  coefficients  of  some  unimportant  features  to
zero, thus achieving feature selection. In this study, only a portion
of  the  features  impact  the Q×f values.  L1  regularization  reduces
model  complexity  through  feature  selection,  enhancing  the
model's  interpretability  and  predictive  performance  [28].  Thus,
optimum MAE (4084.89), RMSE (4659.77), and R2 (0.8961) values
on the test set can be achieved. After choosing the L1 method, the

performances  under  different  feature  numbers  are  shown  in
Fig. 2(a2). The regularization strength, denoted as lambda, plays a
crucial  role  in  determining  the  number  of  coefficients  that  are
reduced to zero.  It  influences which coefficients remain nonzero.
However,  it  is  difficult  to  precisely  select  a  lambda  value  that
results in exactly seven nonzero coefficients in this study. With an
insufficient number of features, the DT model failed to adequately
capture the underlying patterns related to the Q×f value, leading to
substantial errors. As the number of features increases to nine, the
model’s  error  value  reaches  its  minimum,  and R2 achieves  its
optimal value. However, a further increase in the feature number

 

Fig. 2    Construction  and  interpretability  analysis  of  a  machine  learning  model.  Matching  performances  of R2 values  when  choosing  (a1)  different  feature  selection
methods and (a2) different numbers of features (refer to Fig. S3 in the ESM for complete comparison). (b1) LSBoost model and (b2) DT model. Feature importance and
contribution reflected by SHAP analysis: (c1) SHAP swam plot of the nine selected features and (c2) SHAP heatmap.
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deteriorates the model’s performance, and the R2 value is unstable,
indicating  an  overfitting  risk  of  the  DT  model.  The  dataset
containing nine features and the Q×f value of the LSCS systems is
listed in Table S3 in the ESM.

Complex  models  such  as  BPNN,  RF,  and  XGBoost  models
were also employed [29−31], where the comparisons of matching
performances  are  shown  in Figs.  2(b1)  and 2(b2)  and  Fig.  S4  in
the ESM. The BPNN model is prone to becoming trapped in local
optima, while the RF and XGBoost models may overfit if there are
too  many  trees.  In  contrast,  the  DT  model  with  a  simpler
structure exhibits stronger adaptability to small datasets with nine
features  and  can  effectively  capture  the  relationship  between  the
features  and  the Q×f value.  In  the  DT  model,  relatively  fewer
hyperparameters  are  needed,  such  as  tree  depth  and  minimum
sample  splitting.  This  enables  decision  trees  to  more  readily
identify  the  optimal  parameter  configuration  with  limited  data
and features. Other models, however, require a greater number of
hyperparameters,  including  the  number  of  layers  and  nodes  in
neural networks and the number of trees and maximum depth in
random  forests.  The  performance  of  models  can  be  significantly
compromised  if  these  hyperparameters  are  not  finely  tuned.
Consequently,  the  DT  model  with  nine  features  achieves  the
optimal fitting performance.

The Q×f value can be reasonably correlated with nine necessary
features  using  the  DT  model.  Quantifying  the  contribution  and
impact  of  these  features  on  the Q×f value  is  essential  for
elucidating the model’s inner workings and defining the material
composition  criteria  for  achieving  high Q×f values.  To  solve  this
issue,  the  Shapley  additive  explanations  (SHAP)  interpretability
technique  was  used  to  analyze  the  importance  and  interaction
effects  of  features  [32].  The  variations  in  Shapley  values  for
different  features  in  different  samples  are  shown  in Fig.  2(c1).
Color  variations  reflect  the  magnitude  of  SHAP  values,  with  red
indicating  a  positive  impact  and  blue  representing  a  negative
impact. The top six most significant features are Si/Li atomic mass
ratio  (Si/Li-AW),  Si/Sr  ionic  radius  ratio  (Si/Sr-IR),  Si/Sr-E,  total
electronegativity  of  cations  (TEC),  ST,  and  Si/Ca-AW,  making
approximately  96.2%  contributions.  Simultaneously,  different
features  exhibit  distinct  influence  patterns:  Higher  Si/Li-AW
values positively affect Q×f values, while higher Si/Sr-IR and TEC
values  demonstrate  a  significant  negative  impact.  The  influence
mechanism  of  Si/Sr-E  and  ST  values  on Q×f values  is  more
complex. Figure  2(c2)  displays  the  exact  contribution  of  each
feature to any sample. Taking Si/Li-AW as an example, it is shown
that its SHAP value is mainly concentrated at a lower level among
the first fifteen samples,  while its SHAP value gradually increases
in the 15th to 35th samples and achieves the highest value among
the  remaining  samples.  Figure  S5  in  the  ESM  shows  the  SHAP
value of each feature in sample No. 4,  where three features show
the largest contributions. As indicated, the base value is the model’s
prediction value without considering any contributions. When the
TEC and Si/Sr-IR features are considered, the base value tends to
move in the right direction, while the Si/Li-AW feature pushes the
predicted value toward the left. Finally, the predicted Q×f value in
this sample is 39,089.73 GHz.

To  identify  the  tipping  point  at  which  each  feature  affects  the
Q×f value, the one-dimensional SHAP plots with LOWESS fitting
illustrating  the  contribution  of  each  feature  to  the  prediction  of
Q×f values are presented in Fig. S6 in the ESM. In Fig. S6(a) in the
ESM,  the  feature  exhibits  a  positive  contribution  to  the  model
prediction  when  Si/Li-AW  >  2.07.  The  enhancement  of  the Q×f
value  with  increasing  Si/Li-AW  is  primarily  attributed  to  the
suppression  of  anharmonic  lattice  vibration  scattering,  which

consequently  reduces  the  intrinsic  dielectric  loss.  According  to
Reaney’s  lattice  vibration  theory  [33],  dielectric  loss  in  the
microwave  frequency  range  primarily  originates  from  energy
dissipation  caused  by  anharmonic  interactions  of  lattice
vibrations.  When  the  mass  of  B-site  atoms  significantly  exceeds
that of A-site atoms, it induces substantial separation in vibration
frequencies and differences in vibration amplitudes between A-site
and  B-site  ions.  This  pronounced  mass  contrast  reduces  the
coupling strength between different vibrational modes,  effectively
suppressing  the  phonon-phonon  scattering  rate.  In  systematic
studies  on  silicate-based  and  titanate-based  microwave  ceramics
(e.g.,  BaO–TiO2 systems),  Ohsato  observed  that  introducing
heavier ions (e.g., Zr4+ and Sn4+) to occupy the B-site constitutes an
effective  strategy  for  optimizing  the Q×f value.  This  is  consistent
with  the  aforementioned  anharmonic  suppression  mechanism
[34].  Similarly,  Chen  experimentally  confirmed  through  Zr4+

substitution for Ti4+ in a BaTi4O9 ceramic that heavy B-site atoms
significantly  enhance  the Q×f values  [35],  further  substantiating
the  critical  role  of  increased  Si/Li-AW  in  reducing  lattice
anharmonicity and intrinsic loss. In Fig. S6(b) in the ESM, Si/Sr-
IR demonstrates a trend opposite to that of Si/Li-AW. The feature
exhibits  a  positive  contribution  to  the Q×f prediction  value  only
when Si/Sr-IR < 0.389. The effects of the Si/Sr-IR value on the Q×f
value  mainly  lie  in  B-site  cation  ordering  and  lattice
anharmonicity.  As  the  Si/Sr-IR value  decreases,  the  Goldschmidt
tolerance  factor  [36]  approaches  unity,  stabilizing  the  perovskite
structure  and  promoting  long-range  B-site  ordering,  which
minimizes  defect-induced  scattering.  Simultaneously,  the
strengthened B–O bonding and expanded A-site  space  constrain
anharmonic  atomic  displacements,  decreasing  the  intrinsic
dielectric  loss  [31].  In  Fig.  S6(d)  in  the  ESM,  four  tipping  points
were  found,  where  excessively  high  TEC  values  tend  to  exert  a
negative contribution to Q×f predictions, while lower TEC values
(< 25.25) are more likely to produce a positive contribution. The
pure-phase  LSCS  material  exhibits  a  TEC  value  of  25.23.  When
TEC values exceed 25.25, the electronegativity difference between
cations  and  anions  decreases  substantially.  In  Pauling’s
electronegativity theory [37], the ionicity (fi) of any chemical bond
correlates  with  the  electronegativity  difference  between  cations
and anions (denoted as ΧA and ΧB) (Eq. (1)):

fi = 1− exp
(
− (XA − XB)

2

4

)
(1)

Accordingly,  a  substantial  increase  in  TEC  significantly  alters
ionicity,  inducing  notable  adjustments  in  the  structure.  This
alteration  enhances  the  anharmonicity  of  lattice  vibrations  and
exacerbates  phonon scattering  loss  [38].  The  combined effects  of
these  factors  increase  the  intrinsic  dielectric  loss,  ultimately
manifested  as  a  reduction  in  the Q×f value  at  the  macroscopic
level. However, when TEC remains at a low level, it enables fine-
tuning of bond ionicity without inducing significant alterations in
the  crystal  structure,  reducing  the  anharmonicity  of  lattice
vibrations. This mechanism represents the primary reason for the
positive  contribution  of  low  TEC  to Q×f predictions.  In  Figs.
S6(c), S6(e), and S6(f) in the ESM, no tipping points were found,
where lower ST values (< 900 °C) exhibited negative contributions
to Q×f predictions,  primarily  attributed  to  increased  extrinsic
losses  in  ceramics  resulting  from  insufficient  densification.
Furthermore,  the  two  features  Si/Sr-E  and  Si/Ca-AW  show  no
significant  linear  correlation  with  SHAP  values,  indicating  that
their  influences  on  model  predictions  may  be  more  complex  or
indirect.

Utilizing  SHAP  for  global  analysis,  insights  into  the
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contributions  of  key  features,  the  thresholds,  and  the  manner  of
their impact on the Q×f value were obtained. To further elucidate
the  influence  patterns  of  these  features  and  to  ascertain  any
potential  interactive  effects  among  them,  the  interaction  effect
matrix  was  calculated  using  the p value  test  based  on  analysis  of
variance,  which  was  corrected  for  multiple  tests  using  the
Bonferroni  correction  method,  as  shown  in  Fig.  S7  in  the  ESM.
Only two feature pairs exhibit strong interactions, including Si/Li-
AW & Si/Sr-IR and Si/Li-AW & TEC. To explore the local impact
of  features  on Q×f predictions,  partial  dependence  plot  (PDP)
analysis was adopted to examine the influence at different feature
value  ranges  when  the  interactions  were  deemed  insignificant.
However,  PDP’s  reliance  on  the  assumption  of  variable
independence presents limitations and may introduce biases when
analyzing  features  with  significant  interaction  effects.  To  address
this,  accumulated  local  effects  (ALE)  analysis  was  selected  to
evaluate  the  effects  of  the  feature  pairs  with  strong  interactions.
Unlike  SHAP  and  PDP,  ALE  conditions  the  data  distribution
within  a  neighborhood  range.  This  enables  ALE  to  more
accurately  reflect  the  true  contribution  of  features  to  the  model,
especially  in  scenarios  where  features  are  highly  correlated.  ALE
circumvents  the  issue  of  multicollinearity,  providing  a  reliable
analysis  of  feature  contributions  [39].  As  shown  in Figs.  3(a1)–
3(a3),  the  linear  relationship  between  features  and Q×f values  is

primarily  manifested  along  the  Si/Li-AW  dimension,  while  the
influences  of  other  features  remain  relatively  weak  and  exhibit
nonlinear  characteristics.  In  the  three-dimensional  partial
dependence  plots,  the  impact  patterns  of  features  with  linear
effects  are  more  intuitively  demonstrated.  From Figs.  3(b1)  and
3(b2),  it  can be  observed that  the  predicted value almost  entirely
increases  monotonically  with  the  rise  of  Si/Li-AW,  while  no
significant variations are observed along other feature dimensions.
Figure  3(b3)  indicates  that  when  Si/Li-AW  or  Si/Ca-AW
increases,  the  predicted  value  shows  an  upward  trend;  however,
ST does not demonstrate a clear linear influence on the Q×f value,
which may be attributed to data sparsity within this feature range.

To investigate the pairwise interaction effects among Si/Li-AW,
Si/Sr-IR, and TEC, the corresponding second-order ALE plots are
presented in Figs. 3(c1) and 3(c2), which can reveal an additional
influence beyond the sum of their individual main effects.  When
Si/Sr-IR  and  TEC  values  are  low,  their  interaction  pattern  with
Si/Li-AW exhibits similarity: As long as Si/Sr-IR and TEC remain
at  low  levels,  regardless  of  variations  in  Si/Li-AW  values,  the
feature interaction consistently exerts a positive influence on Q×f
predictions.  However,  when  Si/Sr-IR  values  increase,  this
interaction shifts to a negative impact on Q×f predictions. Under
this condition, increasing Si/Li-AW values can marginally mitigate
the negative influence. In contrast, elevated TEC values result in a

 

Fig. 3    Synergistic influence of feature pairs on the predicted Q×f values. (a1–a3) 2D PDP plots for Si/Li-AW & Si/Sr-E, Si/Li-AW & Si/Ca-E, and Si/Li-AW & Si/Ca-AW
feature pairs. (b1–b3) 3D PDP plots for Si/Li-AW & Si/Sr-E & Si/Ca-E, Si/Li-AW & Si/Ca-E & Si/Ca-P, and Si/Li-AW & Si/Ca-AW & ST feature pairs. (c1, c2) 2D ALE
plots for Si/Li-AW & Si/Sr-IR and Si/Li-AW & TEC feature pairs.
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persistently  negative  impact  on Q×f predictions  that  remains
largely unaltered by changes in Si/Li-AW values.  Taken together,
the  above  ALE  analysis  results  provide  important  references  for
interpreting Q×f values in the DT model. When the doped system
satisfies the conditions of Si/Li-AW > 2.07, Si/Sr-IR < 0.3875, and
TEC < 25.24, higher Q×f values can be anticipated.

3.2    Experimental validation
Guided  by  the  interpretable  model,  it  was  determined  that
substituting  the  Si  site  with  heavier  isovalent  cations  is  effective
for enhancing the Q×f value. Among common tetravalent dopants
(e.g.,  Zr4+,  Ge4+,  Hf4+,  Sn4+),  Sn4+ and  Hf4+ have  higher  atomic
masses,  which  most  significantly  increase  the  Si/Li-AW  value.
Calculations  show  that  2  mol%  Sn4+ substitution
(Li4SrCaSi1.98Sn0.02O8)  yields  a  predicted  Si/Li-AW  >  2.07,  while
the  Si/Sr-IR  and  TEC  remain  well  below  their  respective
thresholds,  while  the  feature  values  for  3  mol%  Hf4+ substitution
(Li4SrCaSi1.97Hf0.03O8)  cannot  fully  meet  the  requirement  of
increasing the Q×f value. Thus, LSCS-S was selected as the target
composition  and  synthesized.  The  predicted Q×f value  for
Li4SrCaSi1.97Hf0.03O8 was 69,524 GHz (70,725 for the experimental
value),  while  the  predicted Q×f value  of  75,660  GHz  for
Li4SrCaSi1.98Sn0.02O8 (83,526 GHz for the experimental value) was
close to the predicted value,  as listed in Table S3 in the ESM. To
investigate the physical mechanism behind the enhancement, this
study  prepared  pure  Li4SrCaSi2O8 (LSCS-P)  ceramics  for
comparison  with  Sn4+-ion-doped  LSCS-S  samples.  As  shown  in
Figs. 4(a) and 4(b), the XRD patterns of both sample groups show
high agreement with the Li4SrCaSi2O8 standard card (JCPDS No.
01-083-0763), confirming their orthorhombic structure. The XRD
refinement results of LSCS-S and LSCS-P, including bond lengths,
unit  cell  volumes,  and  other  information,  are  presented  in  Table
S4  in  the  ESM.  Scanning  electron  microscopy  (SEM)  images
reveal that the LSCS-S ceramic has a smaller average grain size of
2.3 μm compared to that of the LSCS-P ceramic (~2.57 μm). This

reduced grain  size  increases  the  number  of  grain  boundaries  per
unit  volume.  It  is  noteworthy  that  grain  boundaries  typically
contain complex defects, impurities, and varying potential barriers
and energy level distributions. Under microwave fields, the energy
level structures within these grain boundary regions interact with
electromagnetic  waves,  leading  to  energy  dissipation  and
significantly  enhancing  the  material’s  contribution  to  extrinsic
dielectric loss. However, the actual Q×f value of LSCS-S ceramics
is  higher,  demonstrating  its  particularly  outstanding  capability  in
suppressing other forms of loss.

The  dielectric  property  modulation  mechanism  can  be
decoupled  into  two factors:  exogenous  and intrinsic.  The  former
originates from microstructural features such as the second phase,
interfaces,  and pores,  while  the  latter  is  dominated by the  crystal
structure  and  chemical  bonding  properties,  which  can  be
calculated  by  using  the  P–V–L  theory.  Combined  with  the
aforementioned  crystal  structure  parameters  and  coordination
principles  of  constituent  elements  in  the  LSCS  series  materials,
parameters  such  as  ionicity,  lattice  energy,  and  bond  energy  for
both  LSCS-S  and  LSCS-P  were  calculated.  The  P–V–L  theory
[40−42]  focuses  on  the  resolution  of  the  dielectric  properties  of
binary  AmBn-type  oxide  systems.  Its  core  value  is  to  construct  a
correlation  model  between  microscopic  bonding  characteristics
and  macroscopic  dielectric  properties  by  analyzing  the
ionic/covalent  properties  of  chemical  bonds as  well  as  lattice and
bond  energies  to  provide  theoretical  support  for  revealing  the
dielectric  mechanism  of  materials.  Most  of  the  general  ceramic
materials are complex crystals that do not allow direct application
of  this  theory.  Zhang et  al.  [43]  developed  a  method  to  split
polycrystals into binary crystals after considering the atomic ratio
in the  chemical  molecular  formula,  the  spatial  configuration of  a
particular  structure,  and  the  type  and  length  of  the  chemical
bonds. In the LSCS structure, the atomic positions are specifically
designated as follows: Li ions are situated at the 8e crystallographic
site. Both Sr ions and one type of Si ion are located at the 4d site.

 

Fig. 4    Crystal  structure  and  microstructure  analysis  of  ionic-doped  LSCS  ceramics.  XRD refinement  results  and  SEM images  of  (a)  LSCS-S  and  (b)  LSCS-P. fi of
chemical bonds in (c) LSCS-S and (d) LSCS-P. Lattice energy (U) of chemical bonds in (e) LSCS-S and (f) LSCS-P. Bond energy (E) of chemical bonds in (g) LSCS-S and
(h) LSCS-P. Energy band structure, density of state, and electron localization function of (i, k) LSCS-S and (j, l) LSCS-P.
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Ca ions are positioned at the 4b site, while another type of Si ion
occupies the 4c site. O ions are categorized into five distinct types,
with two types residing at the 4d site. Additionally, there are three
types  of  oxygen  ions  that  are  found  at  the  8e  site.  The  LSCS
structural  framework  is  composed  of  four  distinct  polyhedral
units.  Li  is  tetrahedrally  coordinated  with  four  oxygen  atoms,
creating  a  [LiO4]  tetrahedron.  Sr  is  encircled  by  a  decahedral
arrangement  of  ten  oxygen  atoms,  resulting  in  a  [SrO10]
polyhedron. Ca is octahedrally coordinated with six oxygen atoms,
forming  a  [CaO6]  octahedron.  Last,  Si  is  also  tetrahedrally
coordinated  with  four  oxygen  atoms,  constituting  a  [SiO4]
tetrahedron.  Considering  the  bonding  environment  and  valence
distribution  of  LSCS-based  ceramics,  Li4SrCaSi2O8 can  be
decomposed into a unique binary bonding equation (Eq. (2)):

Li4SrCaSi2O8 =Li11/2O22/5 + Li11/2O32/5 + Li11/2O42/5

+ Li11/2O52/5 + Li21/2O12/5 + Li21/2O32/5
+ Li21/2O42/5 + Li21/2O52/5 + Sr1/5O12/5
+ Sr1/5O22/5 + Sr1/5O32/5 + Sr1/5O42/5

+ Sr1/5O52/5 + Ca1/3O32/5 + Ca1/3O42/5

+ Ca1/3O52/5 + Si11/4O11/5 + Si11/4O21/5
+ Si11/2O32/5 + Si21/2O42/5 + Si21/2O52/5

(2)

where  the  effective  valence  electrons  for  the  cations  are ZLi =  1,
ZSr =  2, ZCa =  2,  and ZSi =  4.  The  number  of  effective  valence
electrons  of  the  O  anions  relies  on  the  electroneutrality  of
chemical bonds, which is 3.75, 3, 5, and 15 for Li–O, Sr–O, Ca–O,
and Si–O, respectively. It is widely recognized that there is a close
connection  between  the  relative  permittivity  of  AmBn oxides  and
the bond ionicity of A–B bonds (Eqs. (3)–(7)):

εr =
n2 − 1
1− fi

+ 1 (3)

fi =
(Cμ)2

(Eμ
g)

2 (4)

(Eμ
g)

2 = (Eμ
h)

2
+ (Cμ)2 (5)

Eμ
h =

39.74
(dμ)2.48

(6)

Cμ = 14.4bμ
(Zμ

A)
∗ − n

m (Zμ
B)

∗

rμ0
e(−kμs r

μ
0) (7)

e−kμs r
μ
0

where Eg
μ is the average energy gap, including the anisotropic part

Cμ and the isotropic part Eh
μ. dμ is the bond length and r0

μ is half of
the bond length. The Thomas−Fermi shielding effect is expressed
through .  (ZA

μ)* and  (ZB
μ)* refer  to  the  effective  valence

electrons.  The detailed chemical  bond characteristics  are listed in
Table S5 in the ESM. After Sn4+ ion doping at the Si site, the TEC
value  increased  from  25.23  to  25.2324.  According  to  Pauling’s
electronegativity theory, this change indicates a reduction in bond
ionicity.  The  calculation  results  from  the  P–V–L  theory  in
Figs.  4(c)  and 4(d)  further  confirm  this  observation:  The
introduction of Sn4+ leads to decreased ionicity in both Li–O and
Si–O  bonds.  The  reduction  in  bond  ionicity  implies  a  more
symmetric  electron  cloud  distribution,  weakening  the  ionic
displacement polarization capability. On the basis of the Clausius-

Mossotti  relation, the relative permittivity (εr) is closely related to
ionic  polarizability.  Consequently,  the decreased ionicity  of  Li–O
and Si–O bonds directly causes a reduction in the overall relative
permittivity  of  the  ceramic  material,  with  the εr value  decreasing
from  7.51  for  LSCS-P  to  7.29  for  LSCS-S.  Bond  ionicity  can  be
further used to calculate the lattice energy (U), which is necessary
in  characterizing  the  electrostatic  attraction  strength  between
cations  and anions  in  crystals,  and its  magnitude directly  reflects
the  overall  stability  of  the  lattice  structure  [44,45].  Theoretical
studies  indicate  that  an  increase  in  the U value  can  effectively
suppress  the  amplitude  of  anharmonic  vibrations  in  the  lattice.
This reduction in anharmonic vibrations is critical, as it represents
one of the primary microscopic sources of intrinsic dielectric loss.
Thus,  enhanced  lattice  energy  will  directly  lead  to  a  decrease  in
intrinsic dielectric loss (Eqs. (8)–(11)):

U =
∑

μ
Uμ

b (8)

Uμ
b = Uμ

bc + Uμ
bi (9)

Uμ
bc = 2100m (Zμ

A)
1.64

(dμ)0.75
fμc (10)

Uμ
bi = 1270 (m+ n)Zμ

AZ
μ
B

dμ

(
1− 0.4

dμ

)
fμi (11)

where Ub
μ refers  to  the  lattice  energies  of  the  bond. m and n are

values  from  AmBn binary  bonding  formula. ZA
μ and ZB

μ

characterize  the  effective  charge  valence  states  of  cations  and
anions,  respectively. Ubi

μ and Ubc
μ denote the lattice energies from

the  ionic  and  covalent  parts  of  the  bond,  respectively. m and n
values  were  obtained  from  AmBn.  The  bond  contributions  to
lattice  stability  can  be  obtained  in Figs.  4(e)  and 4(f).  The  Si–O
bond contributes the largest share of the lattice energy, confirming
its  central  role  in  maintaining  lattice  stability.  In  addition,  the
lattice energy and total lattice energy of Si–O bonds in LSCS-S are
larger than those of pure-phase LSCS, and from this point of view,
it  is  confirmed  that  the  LSCS-S  ceramics  possess  lower  intrinsic
dielectric  loss,  which leads  to  the  enhancement  of  the Q×f value.
Thus, ion doping engineering for the Si site to optimize the lattice
energy has become an effective strategy to enhance the Q×f value.

From another perspective, the bond energy (E) of the chemical
bonds in polyhedra represents  the stability  of  the polyhedral  and
affects the Q×f value of the ceramics [46,47].  The bond energy is
related to the bond strength, and the repulsive strength induced by
the  rotation  of  the  polyhedra  increases  with  increasing  bond
energy.  The  bond  energy  can  be  analyzed  from  electronegativity
and chemical bonding theory as Eqs. (12)–(14):

E =
∑

μ
(Eμ

c tc + Eμ
i ti) (12)

Eμ
c =

√
(RcA + RcB)(EAAEBB)

dμ (13)

Eμ
i =

33200
dμ (14)

where E consists of a covalent part Ec
μ and an ionic part Ei

μ. tc and
ti are  the covalent  mixing factor  and the ionic  mixing factor. RcA
and RcB refer  to  the  covalent  radii,  respectively.  The  calculated
results are shown in Figs. 4(g) and 4(h). The larger total E value of
LSCS-S becomes one of the reasons for the enhanced Q×f value of
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this ceramic. Building upon the systematic evaluation of bonding
parameters  using  P–V–L  theory,  it  is  further  revealed  that  the
underlying  microphysical  mechanisms  behind  these  bonding
characteristics  are  from  the  electronic  structure  level.  The  band
structures,  total  density of  states  (DOS),  and electron localization
function  (ELF)  obtained  through  first-principles  calculations  are
plotted  in Figs.  4(i)–4(l),  providing  another  perspective  for
understanding the regulatory mechanisms of the Q×f value. From
the analysis of the band structure and DOS shown in Figs. 4(i) and
4(j),  it  can be observed that Sn4+ doping reduced the band gap of
LSCS-S  by  0.212  eV  compared  to  LSCS-P  while  simultaneously
causing  a  slight  increase  in  the  DOS  at  the  valence  band
maximum of LSCS-S. Generally, a narrowed band gap combined
with an increased valence band DOS implies that electron clouds
become more easily delocalized between atoms, and the bonding
characteristics  tend  to  exhibit  a  stronger  covalent  character.
Specifically,  an  enhanced  degree  of  electron  sharing  between
atoms  leads  to  increased  covalency  in  the  material  [48,49].
Furthermore, the bonding characteristics can be revealed through
ELF  analysis  [50],  where  high  ELF  values  correspond  to  greater
electron localization [51]. Observation of the electron localization
distribution  in  the  [SiO4]  tetrahedra  within  the  ELF  diagrams
reveals a significant change in the polarity of Si–O bonds: In Fig.
4(l),  the wedge-shaped distribution of high ELF regions indicates
that the electron cloud is significantly biased toward the O2− side,
whereas in LSCS-S, the electron cloud distribution becomes more
rectangular,  demonstrating  a  notable  enhancement  in  the
covalency  of  Si–O  bonds,  which  is  consistent  with  the  results  of
P–V–L theoretical calculations.

Intrinsic losses primarily originate from lattice vibration modes,
and  since  the  lattice  vibration  frequencies  predominantly  fall
within  the  far-infrared  region,  far-infrared  reflectance
spectroscopy  is  crucial  for  analyzing  the  intrinsic  dielectric
behavior  of  LSCS  materials,  which  provides  evidence  for  the
P–V–L  theoretical  calculations  [52].  By  measuring  the  infrared
reflectance spectra and utilizing the following relation, the spectra
can be transformed into the complex dielectric function (Eq. (15)):

R (ω) =
∣∣∣∣∣
√
ε(ω)− 1√
ε(ω) + 1

∣∣∣∣∣
2

(15)

where ω refers to the wavenumber. Subsequently, the real (ε′(ω))
and  imaginary  (ε′ ′ (ω))  components  of  the  relative  permittivity
were  calculated  by  employing  the  Kramers-Kronig  relation  (Eqs.
(16) and (17)) [53]:

ε*(ω) = ε′(ω)− iε′′(ω) (16)

ε*(ω) = ε∞+
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(ω2
j − ω2)2 + ω2γ2

−i
n∑
j=1

Sjωγj
(ω2

j − ω2)2 + ω2γ2
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where ε∞ denotes  the  dielectric  constant  arising  from  electronic
polarization, n represents  the  number  of  phonon  modes,  and Sj,
ωj, and γj correspond  to  the  oscillator  strength,  eigenfrequency,
and  damping  constant,  respectively.  Under  the  condition  where
ωj >> ω, Eqs. (18)–(20) can be derived [54]:
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(18)
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(20)

After  fitting  the  infrared  spectra  using  the  classical  Lorentz
oscillator  model,  the  measured  infrared  reflectance  spectra,  with
corresponding real  and imaginary parts  of  the complex dielectric
constant,  are  presented in Figs.  5(a)  and 5(b).  Well-fitted spectra
reveal  that  the LSCS-S ceramic exhibits  an εr value of  5.53 and a
dielectric loss (tanδ) of 1.04×10−4, while the LSCS-P ceramic shows
εr = 5.60 and tanδ = 1.98×10−4. The dielectric properties of the two
materials  tested  in  the  TE011 mode  (9.59  GHz)  are  close  to  the
fitted  curves,  indicating  that  the  dielectric  characteristics  in  the
microwave  range  are  primarily  dominated  by  the  oscillatory
absorption of structural phonons. However, grain boundaries and
microdefects  introduce  external  loss,  causing  discrepancies
between  the  experimental  and  fitted  results.  The  phonon  mode
parameter details  are listed in Tables S6 and S7 in the ESM. The
low-frequency  mode  observed  at  103.24  cm−1 in  LSCS-P
disappears  in  LSCS-S.  This  is  likely  due  to  local  structural
distortion introduced by Sn4+, which causes significant broadening
of  this  mode  and  its  subsequent  merging  into  the  spectral
background.  Concurrently,  a  new  vibration  mode  appears  at
475.99  cm−1 in  LSCS-S,  which  is  attributed  to  the  formation  of
Sn–O  bonds  resulting  from  Sn4+ incorporation.  These  changes
collectively  indicate  that  Sn4+ doping  effectively  modulates  the
lattice  vibration  properties  of  the  material  [52].  For  the  two
ceramic systems, the contribution of electronic polarization to the
εr value  reaches  41%,  while  the  remaining  contributions  come
from  the  vibration  of  infrared  modes.  Detailed  contributions  of
phonon modes to the dielectric properties are shown in Fig. 5(c).
Among  them,  the  first  mode  accounts  for  over  50%  of  the
dielectric loss, representing the primary source of intrinsic loss in
LSCS-based  ceramics.  Notably,  Sn4+ doping  reduces  the
contribution of the first mode to the dielectric loss from 76.9% to
54.4%, which is necessary for the reduced dielectric loss in LSCS-S.
Through  the  far-infrared  reflectance  spectroscopy  analysis
combined  with  the  aforementioned  P–V–L  theoretical
calculations, it is demonstrated that the prediction direction of the
DT model enhances the covalency of Si–O bonds and reduces the
intrinsic loss of lattice vibrations, which is effective in achieving an
improvement in the Q×f value of the LSCS-based ceramic.

3

To confirm the stable and ordered crystal structure of the LSCS-
S material, the microstructure was characterized using high-angle
annular  dark-field  scanning  transmission  electron  microscopy
(HAADF-STEM)  and  high-resolution  transmission  electron
microscopy (HRTEM) [55],  with the results  shown in Fig.  6 and
Fig. S8 in the ESM. To investigate the elemental distribution at the
microscale,  EDS  mapping  analysis  was  performed  within  the
grain. The HAADF-STEM image (Fig. 6(a)) and element mapping
analysis  (Figs.  6(b)–6(e))  indicate  that  the  major  elements  of  Sr,
Ca, Sn, and Si exhibit a microscopically homogeneous distribution
without  apparent  segregation. Figures  6(g)–6(i)  present  the
structural characterization analysis of the selected region in Fig. 6(f).
Among  them,  the  3D  atomic  column  intensity  map  in Fig.  6(g)
corresponds  to  the  region  within  the  red  box.  By  simulating  the
intensity  distribution of  atomic  columns,  the  3D arrangement  of
atoms  in  the  sample  can  be  visually  displayed,  while Fig.  6(h)
more clearly displays the variation in atomic column intensities in
this  selected  region.  The  atomic  arrangement  in  this  area  is
regular, consistent with the periodic arrangement characteristics of
the  [301]  crystal  planes.  Multiple  measurements  along  the  [040]
and  [12 ]  crystal  directions  using  Digital  Micrograph  software
yielded  average  interplanar  spacings  of  0.255  and  0.312  nm,
respectively.  The  corresponding  fast  Fourier  transform  (FFT)
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pattern  in Fig.  6(i)  matches  the  XRD  analysis  results,  further
confirming  that  the  synthesized  modified  LSCS-S  ceramic
possesses a stable and complete LSCS crystal structure.

Electron  energy  loss  spectroscopy  (EELS)  identifies  the  types

and contents of elements in materials by analyzing the energy lost
when  incident  electrons  interact  with  the  sample.  The  EELS
spectra in Fig. 6(j), from top to bottom, correspond to equal-area
regions from the grain center to the edge in Fig. S8(a) in the ESM.

 

Fig. 5    Intrinsic  dielectric  property  analysis  of  ionic-doped  LSCS ceramics.  Measured  infrared  reflective  spectra  after  fitting,  real  and  imaginary  components  of  the
complex  dielectric  constant  of  (a)  LSCS-S  and  (b)  LSCS-P  (red  and  black  squares  are  the  measured ε′  and ε′ ′  values  under  the  TE011 mode);  (c)  comparisons  of
contribution to the dielectric properties from the top ten modes.

 

Fig. 6    Microscopic morphology and atomic structure analysis. (a–e) HAADF-STEM images of LSCS-S and EDS mapping of Sr, Ca, Sn, and Si. (f–i) Magnified image
viewed along [301] zone axis and its fast Fourier transform pattern. (j) Electron energy loss spectra from different regions in Fig. S8(a) in the ESM. (k–m) Geometric
phase analysis of the region in Fig. S8(a) in the ESM.
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The  consistent  intensity  of  the  Sn  M4/M5 absorption  edges
confirms  a  uniform solid  solution  of  Sn  without  grain  boundary
segregation.  More  importantly,  the  stable  intensity  of  the  O  K-
edge  prepeak  near  grain  boundaries  indicates  no  significant
oxygen  loss  or  enrichment  at  grain  edges.  These  results  directly
demonstrate  the  integrity  and  chemical  stability  of  the  material’s
grain  structure,  providing  strong  microstructural  evidence  for  its
macroscopically  low-loss  characteristics  [56,57]. Figures
6(k)–6(m)  present  the  geometric  phase  analysis  (GPA)  results
from Fig. S8(a) in the ESM, showing the distribution maps of the
quantitative strain field and lattice rotation field, respectively. This
method can transform the lattice distortions in HAADF-STEM or
HRTEM  images  that  are  difficult  to  directly  quantify  into
visualized strain and rotation components [58,59].  Among them,
εxx and εyy represent  the  tensile  strain  of  the  lattice  in  the
horizontal and vertical directions, respectively, while εxy reflects the
angular  changes  in  the  lattice  caused  by  shear  strain.  The  color
variations in the images represent the magnitude and direction of
strain in different regions. The analyzed area is located at the grain
edge,  and the results  show that  the strain distribution is  uniform
in  most  regions,  with  only  localized  strain  concentration  in  the

upper  left  corner.  This  phenomenon  further  indicates  that  the
LSCS-S material has a highly stable crystal structure, maintaining
good  lattice  integrity  even  near  the  grain  boundaries.  This  also
provides  evidence  for  the  low-loss  characteristics  of  LSCS-S
material. Integrated with theoretical calculations including P–V–L
and ELF, along with microstructural characterization results from
HAADF-STEM and HRTEM, it has been fully demonstrated that
the enhanced covalency of Si–O bonds serves as the key structural
optimization mechanism responsible for the excellent microwave
dielectric  properties  (high Q×f value)  in  LSCS-S  ceramics.  The
composition  optimization  strategy  proposed  via  the  DT  model
and  its  interpretability  analysis  provides  an  effective  pathway  to
achieve  such covalent  enhancement.  Consequently,  the  proposed
Sn4+-incorporated LSCS-based ceramics can be synthesized with a
high Q×f value.

3.3    Design  and  application  of  microstrip  antennas  using
LSCS-S ceramics
To  validate  the  material’s  feasibility  for  antenna  applications,  a
microstrip  patch  antenna  using  LSCS-S  ceramic  as  the  dielectric

 

Fig. 7    Simulation and performance test of dielectric antennas based on LSCS-S ceramics. (a) Geometry of designed and fabricated views for microstrip patch antenna.
(b) Simulated and measured return loss |S11|. (c) Simulated 3D radiation pattern of antenna. (d) Simulated antenna radiation efficiency and realized gain of antenna.
Simulated and measured radiation patterns of (e) E-plane and (f) H-plane.
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substrate was further designed and fabricated, with dimensions of
23  mm  ×  23  mm  ×  1.6  mm.  The  antenna  structure,  physical
prototype, and detailed dimensional information are presented in
Fig.  7(a)  and  Table  S8  in  the  ESM.  The  simulation  results
indicated  an  impedance  bandwidth  of  158  MHz  at  5  GHz
(Fig. 7(b)), while the measured result was 120 MHz, equivalent to
76% of  the  simulated value.  Regarding the central  frequency,  the
simulated  value  was  5  GHz,  and  the  measured  value  was
5.32 GHz. The slight discrepancy between them may be attributed
to  machining  tolerances  and  fluctuations  in  the  actual  dielectric
parameters of the substrate [60].

The simulated 3D radiation pattern of the antenna displayed in
Fig.  7(c)  achieves  a  maximum  gain  of  5.94  dB  along  the Z-axis.
The  gain  and  radiation  efficiency  curves  (Fig.  7(d))  demonstrate
that,  owing to the excellent high Q×f of  the LSCS-S material,  the
antenna maintains a radiation efficiency above 81.12% within the
4.91–5.08  GHz  bandwidth,  reaching  95.89%  at  5  GHz. Figures
7(e)  and 7(f)  further  compare  the  simulated  and  measured
radiation patterns in the E-plane and H-plane: The simulated and
measured 3 dB beamwidths in the E-plane were 96.23° and 77.58°,
respectively,  while  those in the H-plane were 106.63°  and 70.71°,
respectively.  Along  the Z-axis,  the  measured  maximum  gain
ranged  from  5.83  to  5.88  dB,  showing  good  agreement  with  the
simulated  values.  Gain  deviations  in  other  directions  may  be
caused  by  machining  tolerances,  testing  environmental
interference,  and  reflections  from  SMA  connectors  [61].  The
LSCS-S  ceramic  demonstrates  favorable  performance  as  an
antenna dielectric  substrate  with  low loss  and high gain,  proving
its  potential  for  applications  in  C-band  (4–8  GHz)  microstrip
patch antennas.

4    Conclusions
A  machine  learning  model-guided  workflow  for  designing
Li4SrCaSi2O8 (LSCS)-based  microwave  dielectric  ceramics  with  a
high Q×f value was demonstrated. By establishing a robust dataset
under  consistent  experimental  conditions  and  employing
interpretable machine learning models, key compositional features
governing the Q×f value were identified. The decision tree model
outperformed other  algorithms in  predicting the Q×f value,  with
Si/Li-AW,  Si/Sr-IR,  and  TEC  being  the  most  critical  factors.
Experimental  validation  through  Sn4+ doping  confirmed  the
model’s predictive ability, yielding a high Q×f value of 83,526 GHz.
Structural  and  electronic  analysis  revealed  that  the  enhanced
performance  originated  from  the  increased  covalency  of  Si–O
bonds  and  elevated  lattice  energy,  which  suppresses  anharmonic
lattice  vibrations  and  reduces  intrinsic  dielectric  loss.  This  was
further  verified  through  the  intrinsic  dielectric  properties.
Furthermore,  the  fabricated  microstrip  antenna  using  the
optimized  LSCS-S  ceramic  exhibited  exceptional  radiation
efficiency  and  gain,  underscoring  its  suitability  for  modern
communication  systems.  This  study  not  only  advances  the
understanding  of  the  structure–property  relationship  in  LSCS
ceramics  but  also  establishes  a  generalizable  framework  for
accelerating  the  discovery  of  LSCS-based  materials  for  high-
performance  dielectric  antenna  applications.  However,  further
investigations  on  sintering  window  control  and  electrode
compatibility are necessary to fully assess the LTCC processability
of the optimized LSCS-S ceramics.
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