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Abstract
Single crystals of LaxFe1−xSe0.5Te0.5 (x = 0, 0.02, 0.04, 0.06, 0.08) were grown 
using the self-flux method. A systematic investigation of the effects of La addition 
revealed changes in the lattice parameters, with the lattice parameter a decreasing 
and the lattice parameter c showing a slight increasing tendency. The superconduct-
ing transition temperature showed no significant dependence on La doping. How-
ever, when x reached 0.04, the critical current density derived from magnetization 
loops using the Bean model increased. The dominant pinning mechanism induced 
by La in FeSe0.5Te0.5 was identified as normal point pinning at low magnetic fields. 
At the same time, machine learning was employed to quantitatively model the com-
position–property relationship between La doping and superconducting and mag-
netic properties; the results indicate that this method is effective in capturing experi-
mental trends. This work demonstrates that rare earth doping could be a viable 
strategy for optimizing flux pinning in iron-based superconductors.

Keywords  FeSe0.5Te0.5 · La addition · Flux pinning · Machine learning · 
Superconductivity

1  Introduction

With the continuous development of data-driven methodologies, machine learn-
ing (ML) is increasingly applied as a complementary tool to support and enhance 
experimental investigations [1]. By modeling experimental data, ML approaches 
can predict material properties using smaller datasets, thereby reducing the need for 
extensive repetitive experiments [2]. For superconducting systems, where physical 
properties exhibit high sensitivity to stoichiometric ratios, traditional experimental 
optimization often demands substantial time and cost [3]. Therefore, integrating 
machine learning methods with experimental research offers a novel approach for 
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optimizing and understanding superconducting properties in these systems. In this 
study, a Gaussian regression model was used to validate the experimental results. 
In 2008, the FeSe superconductor garnered considerable interest owing to its sim-
ple crystal structure and low toxicity [4]. Shortly thereafter, Fang et  al. reported 
that partial replacement of Se with Te could increase the superconducting transi-
tion temperature (Tc) from 8 to 14 K [5]. Furthermore, Tc can also be enhanced to 
27 K under high pressure (1.48 GPa) [6, 7]. The superconductivity of Fe(Se,Te) is 
highly sensitive to stoichiometry, especially to the excess of Fe [8, 9]. The com-
monly used chemical approach to modify both the structural and electronic proper-
ties of the superconducting state involves substituting elements at the Fe and Se sites 
with others that possess different ionic radii. Substitution of anions in Fe(Se,Te) 
has been shown to control Tc. These substitutions suggest that the improvement in 
superconductivity originates from the compressed lattice, or the so-called chemi-
cal pressure [5, 10]. Doping different elements into the Fe(Se,Te) superconductor 
provides a means to control superconductivity. Transition metals such as Co [11], 
Ni [12], Cr, Mn [13], Zn, Cu [14], Nb [15], and Pd [16] replacing Fe as well as 
Fe off-stoichiometry have been widely investigated [17]. This typically results in a 
significant decrease in the critical temperature and ultimately leads to the loss of 
superconductivity. On the other hand, doping with other elements like B on the Se/
Te site [18], or Pr [19], Li [20], Gd [21], K [22], and F [23] on the Fe site enhances 
the superconducting properties. Except for Pr [15] and Gd [21], doping with rare 
earths has not been investigated much so far, and there are no reports on La doping, 
which is the topic of this study.

Lanthanum (La), a rare earth element, exists mostly in the form of La3+, which 
has the largest ionic radius among the rare earths of 1.03 Å. Therefore, when intro-
duced into Fe(Se,Te), it is expected to induce substantial lattice distortion. This 
work evaluates the influence of La addition on crystal growth evolution and super-
conducting behavior in FeSe0.5Te0.5 single crystals.

In this work, LaxFe1−xSe0.5Te0.5(x = 0, 0.02, 0.04, 0.06, 0.08) single crystals were 
synthesized using a self-flux technique, and their superconducting properties were 
systematically investigated. The results indicate that La incorporation suppresses 
the superconducting transition temperature, whereas the x = 0.04 sample exhibits the 
highest critical current density, exceeding 104 A/cm2 at 6 K under 6 T. A discussion 
on the flux-pinning mechanism in La-doped samples is provided within the frame-
work of the Dew-Hughes model. By modeling experimental data, machine learn-
ing methods can predict material properties using smaller datasets. Comparing these 
predictions with the experimental results shows good consistency between the GPR 
analysis and the experimental observations [24]. Therefore, combining machine 
learning with experimental investigations provides an effective auxiliary strategy for 
clarifying property evolution and guiding performance enhancement in Fe(Se,Te)-
based materials.
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2 � Methods

2.1 � Sample Preparation and Measurement

Stoichiometric amounts of Fe (99.99%), Se (99.999%), Te (99.999%), and La (99%, 
Sigma-Aldrich) precursor powders were prepared in a nitrogen-protected glove box 
according to the nominal formula Fe:Se:Te:La = 1 − x:0.50:0.50:x (x = 0, 0.02, 0.04, 
0.06, 0.08).The mixed powders were then pressed into pellets with a diameter of 
10 mm and a thickness of 1.0 mm under a uniaxial pressure of 8 MPa. These pellets 
were sealed in vacuum quartz tubes. Subsequently, they were heated to 1090 °C and 
maintained at this temperature for 24 h. The samples were then gradually cooled to 
650 °C at 2.5 °C/h, followed by oven cooling for another 12 h until room tempera-
ture was reached. The resulting samples were labeled according to the nominal La 
content: undoped, 0.02 La, 0.04 La, 0.06 La, and 0.08 La.

The crystallinity of the samples was characterized by X-ray diffraction 
(λ = 1.5418 Å) with θ–2θ scans from 10 to 70° using a PANalytical X’Pert diffrac-
tometer at room temperature. Surface morphology was observed using a field-emis-
sion scanning electron microscope (FESEM, JSM-7800F), while resistivity meas-
urements were taken using the standard four-probe method in a Quantum Design 
Physical Property Measurement System (PPMS).

2.2 � Gaussian Regression Model

To quantitatively establish the composition–property relationship between La dop-
ing levels and superconducting and magnetic properties, Gaussian process regres-
sion (GPR) was used to model the experimental data [25]. GPR is a nonparamet-
ric Bayesian regression method that represents the unknown mapping between 
input variables and output responses as a Gaussian process [26]. Consequently, it 
not only provides a predicted mean for the target property but also quantifies the 
prediction uncertainty simultaneously, which is particularly important for systems 
with limited experimental data. The underlying approach aligns with the standard 
GPR mathematical framework described in the literature. La doping concentration 
x is used as the input variable, while the superconducting transition temperature Tc 
and the magnetic susceptibility M at 6 K serve as the output targets. For Tc data, 
multiple measurements from each doped sample were averaged before being used 
for regression modeling; for magnetic susceptibility data, experimental measure-
ments at the corresponding doping levels were directly used for training. According 
to the model specifications, the regression for Tc employs a squared exponential ker-
nel function, while the regression for magnetic susceptibility uses an ARD squared 
exponential kernel function; both models incorporate a noise term, and the input 
data are standardized to minimize the impact of different units on the correlation 
of the kernel functions [27]. Subsequently, dense prediction points were generated 
across the continuous doping range to obtain a smooth GPR prediction curve and its 
uncertainty interval. Considering the limited number of experimentally synthesized 
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La-doped compositions, the GPR model was employed primarily as a machine 
learning-assisted analytical tool rather than a stand-alone predictive framework [28]. 
To provide broader compositional and structural context, superconducting composi-
tion–property information from the SuperCon database and crystallographic infor-
mation from the Materials Project database were used as supporting references [29, 
30]. Therefore, the objective of the GPR analysis in this work is to identify compo-
sition-dependent trends, quantify prediction uncertainty, and assist in the interpreta-
tion of experimental observations within the investigated compositional range.

The fundamental formulation of GPR is given by [31]

Here, m(x) denotes the mean function, whereas k (x, x′) represents the covari-
ance kernel. The covariance kernel describes the correlation between different input 
points and governs the smoothness of the predictive function, as well as information 
propagation within the input space. For a training dataset X and observed values y, 
the posterior predictive distribution at the test point x* can be expressed as [32]

The mean and variance of the forecast are

Here, K denotes the covariance matrix of the training samples, K* represents the 
covariance matrix between the training and test points, and σ2 corresponds to the 
noise variance. Consequently, the model is able to provide a prediction along with a 
corresponding estimate of uncertainty.

To evaluate the model’s performance, the coefficient of determination (R2) and 
root mean square error (RMSE) were used as evaluation metrics, as follows:

Here, yi denotes the experimental value, ŷi corresponds to the predicted value, y 
indicates the mean of the experimental values, and n represents the sample size. The 
prediction uncertainty is characterized by a confidence interval; for the magnetic 
susceptibility model, the 95% confidence interval is written as
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Parameter modulation: Based on the experimental measurements, a machine 
learning dataset was constructed for La-doped FeSe0.5Te0.5, and Gaussian process 
regression (GPR) was employed to establish the composition–property relationship. 
The La concentration x was used as the input variable, while the superconducting 
transition temperature Tc and the magnetization at 6 K (MMM) were taken as the 
output targets. Prior to training, repeated measurements were averaged and the input 
data were standardized to improve the predictive stability of the model for the small 
dataset.

3 � Results and Discussions

To further illustrate the relationship between the experimental data and model analy-
sis in this paper, a data-driven analysis workflow based on Gaussian process regres-
sion (GPR) is presented in Fig. 1. This workflow integrates experimental variables, 
sample preparation, and performance characterization with GPR modeling to enable 
the prediction of target performance and the assessment of uncertainty. Additionally, 
the model output results can serve as a reference for subsequent experimental range 
screening and parameter optimization, thereby supporting the quantitative analysis 
of Tc and magnetic susceptibility under La doping.

Based on the data-driven analysis framework shown in Fig.  1, predictions for 
the superconducting transition temperature Tc and magnetic susceptibility at 6  K 
under La doping were further obtained, as presented in Fig.  2. Figure  2a shows 
that Tc generally tends to decrease with increasing La content, with slight fluctua-
tions observed in the intermediate doping range, suggesting a potentially nonlinear 
response of superconducting behavior to La doping. The corresponding R2 = 0.8433 
and RMSE = 0.2350 indicate that the model can reasonably describe the overall evo-
lution of Tc, although some deviations still exist in local regions. In contrast, the 
magnetic susceptibility in Fig. 2b exhibits a more pronounced non-monotonic vari-
ation; its R2 = 0.9635 and RMSE = 0.0008 indicate that the model has higher con-
sistency and reliability in fitting and predicting the magnetic response. Figure 2 not 
only provides specific prediction results for the composition–property relationship 
under La doping but also further validates the effectiveness of the analysis workflow 
in Fig. 1 in revealing the correlation between La doping and superconducting and 
magnetic properties.

Building on the GPR prediction results for Tc and magnetic susceptibility shown 
in Figs.  2, 3 further illustrates the relationship between prediction error and the 
Gaussian Reliance Index (GRI). It can be observed that as the prediction error 
increases, the GRI generally decreases, suggesting a close relationship between 
model reliability and predictive accuracy. These findings indicate that the GPR 
model can not only capture trends in performance parameters under La doping but 
also provide a quantitative evaluation of prediction reliability.

To further validate the reliability of the GPR-predicted composition–property 
relationship, the experimentally prepared samples were subsequently characterized 

(7)ŷ ± 1.96𝜎∗
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in terms of their structural and physical properties. Room-temperature X-ray dif-
fraction (XRD) patterns obtained from the bright surfaces of all single crystals, 
as shown in Fig.  4a, display only (00  l) reflections, suggesting preferential crys-
tal growth along the c-axis. In addition, the La-doped FeSe0.5Te0.5 single crystals 
exhibit a tetragonal crystal structure with the space group P4/nmm [33] just as the 
undoped sample. Figure 4b presents the powder diffraction patterns for the differ-
ent La contents, which show no evidence of secondary phases, suggesting that the 
samples are relatively pure and possess good crystal quality. Furthermore, the (001) 
rocking curve of the 0.02 La sample was measured exemplarily to investigate the 
out-of-plane crystalline quality (Fig.  4c). The main peak has a full width at half 
maximum (FWHM) of 0.46°. At a closer look, it consists of five peaks with even 
lower FWHM (0.11°···0.32°), which is explained by several sharply textured plate-
lets just weakly connected and slightly tilted. [34]. Figure 4d presents the crystal lat-
tice parameters of the sample series. As La content increases, the lattice parameter 
a decreases at relatively low doping levels and then approaches a more stable value, 
while the lattice parameter c shows a slight upward tendency. According to Shan-
non’s ionic radii, La3+ possesses an effective ionic radius of approximately 1.16 Å, 
which is significantly larger than the corresponding value of approximately 0.78 Å 
for Fe2+ [35–37]. This size difference indicates that direct substitution of Fe2+ by 
La3+ is not strongly supported by the lattice parameter evolution. The anisotropic 
changes in a and c suggest that La addition affects the local structural environ-
ment of FeSe0.5Te0.5 rather than producing a uniform lattice expansion or contrac-
tion. Together with the EDS-observed compositional variation, the results indicate 
that La addition may involve local structural distortion, defect-related modification, 
compositional redistribution, and/or minor La–Se/La–Te-related species below the 
detection limit of XRD.

Fracture morphology of the La-doped samples is presented in Fig. 5, where charac-
teristic lamellar structures are observed across all samples. The pure FeSe0.5Te0.5 sin-
gle crystal in Fig. 5a and the 0.02 La sample in Fig. 5b exhibit layered structures with 
smooth impurity-free surfaces. However, with increasing La content, defects begin to 

Fig. 1   Schematic illustration of the GPR-assisted closed-loop workflow for experimental design, prop-
erty prediction, and optimization
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Fig. 2   GPR-predicted composition–property relationships of a superconducting transition temperature Tc 
and b magnetization at 6 K as a function of La content

Fig.3   Comparison between experimental and Gaussian process regression (GPR) predicted values. a 
Predicted Tc versus experimental Tc. b Predicted magnetization M versus experimental M
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emerge in the samples. Numerous spherical particles are observed on the lamellar sur-
faces of the 0.04 La sample in Fig. 5c. These particles are nanoscale defects similar to 
previous reports [18]. Figure 5d depicts a regular square structure characterized by a 
layered configuration for the 0.06 La sample with clear 001 and 101 facets.

The morphology of the 0.08 La sample (Fig. 5e) shows debris at the steps, result-
ing in an uneven surface. As the La doping level increases, defects begin to appear 
and proliferate within the crystal, suggesting that excessive La doping in Fe(Se,Te) 
may negatively affect the crystal quality. This may be associated with increased 
structural degradation and defect formation at higher La concentrations.

The EDS results (Table  1) suggest that the composition of the 0.02 La sample 
closely resembles that of the undoped sample. This suggests that, at low doping lev-
els, La may participate in the structural modification of the sample, as also suggested 
by the first-principles calculations. Furthermore, EDS reveals a slight increase in Fe 
and a slight decrease in Se with increasing La content. This may be explained by the 
formation of La–Se (and to a smaller degree La–Te) compounds such as LaSe and 
La2Se3, which, however, were not observed by XRD yet may explain the particulates 
in SEM. The observed lattice parameter variation, together with the SEM and EDS 
results, suggests that La addition influences the structural and compositional evolution 
of FeSe0.5Te0.5. Previous studies have shown that the superconducting properties of 
Fe(Se,Te)-based materials are highly sensitive to compositional variations, which can 
simultaneously affect lattice parameters and electronic properties. In addition, local 
structural investigations of FeSe1−xTex have indicated that the local atomic environ-
ment may deviate from the average crystallographic structure [38, 39]. Furthermore, 
studies on doped FeSe systems have suggested that added elements may either partici-
pate in lattice modification or form secondary chalcogenide-related phases. Therefore, 
although the present results do not allow a direct determination of the exact atomic 
position of La, they indicate that La participates in the structural and compositional 
modification of the FeSe0.5Te0.5 matrix. Such modifications may contribute to the 
observed evolution of flux-pinning behavior and superconducting performance.

The temperature variation of magnetic moment (M–T) under H//c for all samples 
is presented in Fig. 6. Notably, the 0.04 La sample exhibits the lowest Tc, which may 
be associated with the nanoscale defects observed in SEM. The undoped and 0.08 
La samples show a slightly broadened superconducting transition. The much nar-
rower superconducting transition width and the larger magnetization observed for 
the 0.02 La sample indicate that the introduction of trace amounts of La enhances 
both the superconducting volume fraction and the homogeneity of the superconduct-
ing phase within the samples. In contrast, the superconducting volume fraction of 
the samples with higher La doping levels is lower than that of the undoped sample. 
The x = 0.02 sample exhibits the narrowest superconducting transition width, indi-
cating relatively improved superconducting homogeneity and crystallinity. However, 
a narrower transition width does not necessarily correspond to a higher critical cur-
rent density. While ΔTc mainly reflects the uniformity of the superconducting phase, 
Jc is strongly influenced by the density and effectiveness of flux-pinning centers.

As shown in Fig. 7, there is a strong positive correlation between La content and 
c/a ratio, as well as strong negative correlations of La content to Se: Te ratio and Tc. 
Furthermore, Tc is positively correlated to Se/Te ratio and c/a ratio, which in turn is 
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negatively correlated to Se/Te ratio itself. A possible interpretation is that La doping 
strongly influences the c/a ratio both directly as well as via the Se: Te ratio (strong 
correlation between Se: Te and c/a), and influences Tc indirectly via the c/a ratio.

Figure 7a and b shows the isothermal magnetization hysteresis (M–H) loops of 
all samples at 6 K and 8 K for H∥c. The corresponding critical current density Jc 
shown in Fig. 7c and d can be calculated based on the Bean critical state model [40]:

Here, ΔM = Mdown–Mup (emu cm−3) denotes the magnetization difference 
between the ascending (Mup) and descending (Mdown) branches at a specific mag-
netic field. Parameters a (cm) and b (cm), where a < b, represent the width and 
length, respectively, of the crystal cross section normal to the applied field.

At both temperatures, the relatively lower Jc of the x = 0.02 sample may be asso-
ciated with its improved crystallinity and reduced defect density. Although enhanced 
crystallinity favors superconducting homogeneity, it may simultaneously reduce the 
number of effective flux-pinning centers. In contrast, higher La concentrations intro-
duce additional defect-related pinning centers, which enhance flux pinning and con-
tribute to the observed increase in Jc.
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Fig.4   a XRD of the LaxFe1−xSe0.5Te0.5 single crystals; b powder XRD of LaxFe1−xSe0.5Te0.5 crystals. The 
XRD peaks match well with the tetragonal phases; c (001) rocking curve of the 0.02 La crystal; d lattice 
parameters of the Fe1−xSe0.5Te0.5: Lax crystals as a function of the lanthanum level
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As shown in Fig. 8c and d, the second magnetization peak (SMP) is clearly vis-
ible in all samples. This indicates that multiple pinning mechanisms may exist in 
the sample, and the appearance of SMPs proves that the sample has undergone a 
transition from weak pinning mechanisms to strong pinning mechanisms [41, 42]. 
To further clarify the flux-pinning mechanism of La-doped samples, the normalized 
field dependence of pinning force density Fₚ = Jc × B was evaluated, while the Dew-
Hughes model was employed to identify the dominant pinning centers. All data were 
normalized to the maximum value of the first peak for subsequent pinning mecha-
nism analysis.

A scaling method, widely applied in high-temperature superconductors, was 
employed, defined by h = H/Hmax and fp = Fp/Fp, max, where Hmax represents the 

Fig.5    SEM images of a undoped; b 0.02 La; c 0.04 La; d 0.06 La; e 0.08 La sample
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magnetic field corresponding to the maximum of Fp [43]. The scaling of fp(h) is 
described by the following equations [44]:

Specifically, Eq.  (9) is used for normal point pinning, Eq.  (10) for surface pin-
ning, and Eq. (11) for Δκ pinning. The fp(h) curve of all samples can be described 
by Eq. (9) at low magnetic fields, whereas Eqs. (10) and (11) do not fit indicating 
that normal point pinning is the predominant pinning mechanism at low fields.

The evolution of the SMP with La addition suggests that the vortex-pinning envi-
ronment is modified by La-induced structural disorder and local compositional vari-
ation. Similar SMP behavior has been reported in Fe-based superconductors and is 
generally associated with changes in vortex dynamics and the pinning landscape. 
Although the normalized pinning force curves are generally close to the theoretical 
behavior expected for normal point pinning, deviations from the ideal Dew-Hughes 
curves remain, especially in the high-field region. This indicates that the flux-pin-
ning behavior cannot be fully described by a single pinning mechanism over the 
whole field range [45]. Similar results have been reported for Ba0.6K0.4Fe2As2and 
YBa2Cu3O7−δ [17, 46]. Due to limitations in magnetic field testing, the pinning 
mechanism under high magnetic fields remains unclear. Further investigations into 
flux pinning under high magnetic fields will be conducted in the future. The dif-
ferent evolution trends of ΔTc and Jc observed in the present work are consistent 
with recent studies on FeSe-based superconductors. Singh et  al. reported that Pb 
addition in FeSe0.5Te0.5 can modify the microstructure, transport properties, and 
critical current density, indicating that chemical addition can affect superconduct-
ing performance through microstructural regulation [47]. Khan et al. further showed 
that the flux-pinning behavior of FeSe0.5Te0.5 is strongly dependent on magnetic 
field and pinning energy evolution [48]. In addition, Piperno et al. demonstrated that 
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Table 1   EDS results of the element in La addition samples. The results have been scaled to 
LaxFe1+δSe1−xTex, where x is the nominal amount

sample Nominal content measured content

Fe Se Te Fe Se Te

Undoped 1.00 0.5 0.5 1.00 0.47 0.53
0.02 La 0.98 0.5 0.5 1.01 0.46 0.54
0.04 La 0.96 0.5 0.5 1.02 0.49 0.51
0.06 La 0.94 0.5 0.5 1.07 0.43 0.57
0.08 La 0.92 0.5 0.5 1.05 0.43 0.57
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high-performance Fe(Se,Te) films require optimized structural quality and flux-pin-
ning conditions [45]. These studies suggest that superconducting transition sharp-
ness and current-carrying capability may be governed by different microstructural 
factors. Therefore, the narrow ΔTc observed in the x = 0.02 sample and the enhanced 

Fig.6   a M–T curves of the 
Fe1−xSe0.5Te0.5: Lax single crys-
tals with H = 10 Oe

Fig.7   a Dependence of the Tc on x in the LayFeSe0.5Te0.5 samples; b Se/Te with c/a and Tc parameters 
correlations; c c/a with Tc parameters correlations
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Jc observed in the x = 0.04 sample are not contradictory, but rather reflect the bal-
ance between superconducting homogeneity and defect-assisted flux pinning.

Based on the combined experimental results and GPR-assisted trend analysis, 
the relatively favorable behavior of the x = 0.02 and x = 0.04 samples is reflected 
in different aspects. The x = 0.02 sample exhibits a sharper superconducting transi-
tion and stronger magnetic response in the M–T measurements, indicating improved 

Fig. 8   Magnetization hysteresis loops of Fe1-xSe0.5Te0.5: Lax for H//c at a T = 6 K and b T = 8 K. Critical 
current density (Jc) is shown in (c, d), while e, f display normalized pinning force density (Fp/Fp, max) 
versus reduced magnetic field (H/Hmax). Solid lines in (e, f) correspond to fittings based on Eq. (2) for Δκ 
pinning (khaki), point pinning (blue), and surface pinning (pink)
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superconducting homogeneity. In contrast, the x = 0.04 sample shows the highest 
critical current density among the investigated compositions, suggesting enhanced 
flux-pinning performance. Therefore, the GPR results are used as a quantitative 
auxiliary analysis to support the experimental trends rather than as an independent 
determination of the optimal composition.

4 � Conclusions

A series of La-doped FeSe0.5Te0.5 single crystals was synthesized through the self-
flux method. La addition modifies the lattice parameters of FeSe0.5Te0.5, character-
ized by a decrease in lattice parameter a and a weak increasing tendency of lattice 
parameter c. La doping leads to an increase in the c-axis length, with La likely occu-
pying positions between the (Se,Te) layers, preferably surrounded by Se. La addi-
tion lowers the superconducting transition temperature; however, tiny concentrations 
(0.02) seem to increase the superconducting volume fraction and sharpness of tran-
sition. La concentrations above 0.02, on the other hand, improve the critical current 
density, while the 0.04 La sample shows the highest values, which is likely related 
to the surface defects seen in that sample. The analysis of the pinning force densities 
revealed point pinning as the dominant pinning mechanism at low fields and a sec-
ondary magnetization peak (SMP) at all doping levels. At the same time, by com-
bining this experiment with machine learning and utilizing GPR analysis, we further 
confirmed the evolution of superconducting and magnetic properties as a function of 
composition. The predicted results are consistent with experimental trends, suggest-
ing that GPR can effectively capture La doping-dependent changes in Tc and mag-
netic susceptibility and provide useful guidance for future experimental design.
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