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Advancement of superconductivity is hindered by complexity of underlying mechanisms. Machine learning
models have potential to accelerate materials discovery but face data limitations and interpretability challenges.
This study identifies material genes governing conventional superconductivity through systematic two-stage
analysis, where atomic descriptors are directly related to their phonon-mediated mechanism, unlike uncon-
ventional superconductors where strong electronic correlations that go beyond the Bardeen-Cooper-Schrieffer
paradigm dominate in the formation of pairing glue. We first apply the random forest classifier and regressor to
16 320 superconductors from NIMS database, screening over 114 MAGPIE and MEREDIG atomic descriptors
to identify the 30 most important features. Combining these atomic descriptors with DFT-calculated bulk
properties, we then perform SISSO (sure independence screening and sparsifying operator) symbolic regression
on 60 carefully selected conventional superconductors. The resulting three-dimensional model [R2 = 0.778,
AFD (average factor difference) = 1.173] reveals optimal Tc requires an average of half filled or near half filled d
electrons with moderate unfilled orbital heterogeneity. The discovered descriptors integrate d-valence electrons,
unfilled orbitals, and electronegativity variations, providing actionable guidelines for materials design.
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I. INTRODUCTION

Superconductivity, characterized by zero electrical resis-
tance and magnetic field expulsion below critical temperature
(Tc), has captivated scientists since its discovery by Onnes
in 1911 [1]. The main reason for the sustained interest is
the challenge of finding whether a room-temperature super-
conductor at ambient pressure is possible and, if yes, the
mechanism(s) that enable it and the materials that exhibit
it. These superconductors can be broadly categorized into
two groups: conventional and unconventional. To date, the
only widely acknowledged mechanism for realizing the su-
perconducting state in a conventional superconductor is the
Bardeen, Cooper, and Schrieffer (BCS) theory [2], according
to which the formation of bound electron pairs, known as
Cooper pairs in an s-wave, low-Tc conventional superconduc-
tor found in most elemental metals and simple alloys [3] is due
to the electron-phonon interaction effectively overcoming the
electron-electron repulsion at low energies. While BCS theory
successfully explains conventional superconductors through
electron-phonon interaction, unconventional superconductors
such as cuprates [4], iron-based [5,6] compounds, and heavy
fermion [7] systems continue to challenge our understanding
with their intricate pairing mechanisms. Despite decades of
intense theoretical, experimental, and computational effort, a
microscopic theory of high-temperature superconductivity is
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not yet established [8], with each theoretical framework and
experimental probe offering insights yet incomplete.

The quest for room-temperature superconductors has
intensified the need for a deeper understanding of the fun-
damental material properties that govern superconducting
behavior. While traditional approaches to discovering new
superconductors have led to significant discoveries, they are
inherently limited by the vast chemical space of possible
materials and the complex interplay of multiple physical pa-
rameters that influence superconducting properties. In recent
years, the emergence of materials informatics and artificial
intelligence approaches has opened new avenues for un-
derstanding and predicting superconducting properties. The
advent of artificial intelligence (AI) techniques using high-
dimensional data representation in materials informatics has
accelerated inverse design through property prediction, de-
tecting hidden patterns in data sets and revealing complex
relationships between material properties and structural rep-
resentations [9–11]. Significant efforts have been devoted to
applying AI approaches in superconductor research, particu-
larly for the design of novel superconductors and prediction of
their properties, especially Tc. Notable contributions include
Choudhary et al. developing deep learning (DL) frameworks
combining BCS-inspired screening with density functional
theory and DL for designing high-Tc superconductors [12].
Le et al. applied variational Bayesian neural networks to
predict Tc, demonstrating improved uncertainty quantifica-
tion in superconductor property prediction [13]. Zhang et al.
enhanced machine learning (ML) models by developing struc-
tural descriptors for robust prediction of Tc, incorporating both
compositional and structural features [14,15]. Recent work
has addressed data scarcity through generative approaches:
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FIG. 1. Workflow of RF-SISSO model. Discovery of interpretable material descriptors through two main stages: (i) feature selections
with random forest (RF) models and (ii) SISSO model which constructs optimal multidimensional expressions using symbolic regression and
compressed sensing.

Chen et al. developed generative models for inverse design
of inorganic solid materials [16] and cardiGAN approaches
have been applied for design and discovery of multiprincipal
element alloys [17].

However, many machine learning models operate as “black
boxes,” providing accurate predictions without offering
interpretable insights into the underlying physics. This
limitation has motivated the development of interpretable
machine learning methods that can extract physically
meaningful relationships from complex data sets. The sure
independence screening and sparsifying operator (SISSO)
method, developed by Ouyang et al. [18–20], represents
a significant advancement in this direction. SISSO is a
compressed-sensing-based approach that works to identify
the most relevant descriptors or features, known as “material
genes,” that govern a particular property of interest in mate-
rials science. Unlike traditional machine learning algorithms
that often produce complex, noninterpretable models, SISSO
generates simple, analytical functionals that capture the
essential physics underlying the target property [21–23].

However, SISSO’s effectiveness is critically dependent on
the quality and relevance of input features. With materials
databases containing hundreds of potential descriptors, sys-
tematic feature selection becomes essential to identify the
most physically meaningful properties. Random forest [24]
methods (RF) have emerged as powerful tools for feature im-
portance ranking, capable of handling high-dimensional data
while providing robust importance measures that account for
feature interactions.

In this study, we demonstrate a two-stage approach com-
bining RF feature selection on large data sets with SISSO

on carefully curated subsets to identify interpretable mate-
rial genes controlling superconducting critical temperature, as
illustrated in Fig. 1. Our methodology first employs RF to
screen 114 atomic descriptors, identifying the 30 most impor-
tant features (achieving R2 = 0.983 for Tc prediction). These
features, combined with 17 DFT-calculated properties, are
then analyzed via SISSO to generate a three-dimensional an-
alytical model (R2 = 0.778; AFD = 1.173) that captures the
essential physics of conventional superconductivity. To val-
idate the interpretability-accuracy trade-off of our approach,
we systematically compare SISSO’s performance against
other black-box methods. Then we conduct feature sensitiv-
ity analysis to extract physical relevance and analyze how
SISSO-identified features connect to established theoretical
frameworks in superconductivity. Ultimately, we aim to il-
luminate how Tc depends on and relates to a set of material
descriptors within a known materials space. The resulting
model reveals that optimal Tc emerges from synergistic inter-
play of electronic heterogeneity [σ (Zunf ) > 2.0], half-filled
d-electron configurations (nd ≈ 4–5), sufficient unfilled or-
bitals (〈Zunf〉 > 6), and intermediate electronegativity (〈χ〉 ≈
1.8–2.0). Sensitivity analysis (SHAP, LIME, Sobol) validates
these relationships and demonstrates that superconductivity
requires collective optimization rather than maximization of
individual parameters. Rather than merely cataloguing or pre-
dicting new material properties in isolation, we focus on
uncovering sensitivities, dependencies, and structure-property
relationships that govern Tc. While the approach can be
extended to explore materials not yet synthesized, the core ob-
jective remains to characterize how target properties emerge
from underlying material features.
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II. METHODS

A. Creating data set

Superconductivity data used in the present work is ex-
tracted from MDR SuperCon Datasheet Ver. 240322 [25], a
numerical data sheet for superconducting materials, which is
made public by the National Institute for Materials Science
(NIMS), containing approximately 33 465 materials entries.
Comprehensive details on data handling in data set creation
are listed in the Supplemental Material [26]. After rigorous
data cleansing, 16 320 superconductors remained and were
used in regression task. Also, a garbage-in approach was
adopted to supplement the data set with 3767 samples, includ-
ing both nonsuperconductors and material with no Tc reported
to provide negative examples for classification tasks. While
this curation process eliminated the most egregious data qual-
ity issues, some residual inconsistencies likely remain in the
processed data set. However, the influence of such remaining
anomalies on the overall statistical analysis is expected to be
negligible.

For the SISSO analysis, a representative subset of 60 con-
ventional superconductors was carefully selected to ensure
balanced representation across all major structural and com-
positional categories. The selection encompassed elemental
superconductors, binary and ternary alloys [3], A15-phase
compounds [36], doped semiconductors [37], intercalated
graphite systems [38], layered TMD [39], Chevrel phases
[40], magnetic [41], and magnesium diboride [42] supercon-
ductors. The sampling approach was designed to capture the
full diversity of conventional superconducting mechanisms
while maintaining a data set of sufficient size for reliable
statistical analysis yet manageable for comprehensive feature
engineering and model interpretation.

B. Random forest method with Bayesian
optimization cross validation

Random forest (RF) was selected due to its versa-
tility and suitability for this investigation. This method
offers several key advantages for superconducting materials
prediction. For example, the RF method can capture com-
plex nonlinear relationships without requiring assumptions
about the functional form of predictor-target dependencies,
unlike parametric methods such as linear regression. Ad-
ditionally, the algorithm demonstrates robust performance
with heterogeneous data sets, handling both numerical and
categorical features without extensive preprocessing require-
ments such as scaling or normalization. The method also
maintains stability in the presence of correlated predictors,
which commonly affect other machine learning approaches.
This strategy addresses the computational challenge of ex-
ploring high-dimensional feature spaces while maintaining
model interpretability. Direct application of SISSO to all
available descriptors is computationally prohibitive due to
exponential scaling with a feature number; thus RF prescreen-
ing identifies the most informative subset for subsequent
SISSO analysis. The initial feature space comprised over
200 descriptors generated using MAGPIE (Materials Ag-
nostic Platform for Informatics and Exploration) [43] and
MEREDIG [44] frameworks. 114 features were left af-

ter removing duplicate and zero entries. These included
atomic properties, electronic characteristics, thermodynamic
parameters, and statistical measures (mean, range, average de-
viation, etc.) computed across constituent elements; detailed
calculations of these descriptors are described in the Supple-
mental Material [26].

We implemented both RF classification (RFC) and RF
regression (RFR) to capture different aspects of the structure-
property relationships. Following the Kohn-Luttinger theorem
[45], which predicts superconducting instabilities at arbitrar-
ily low temperature for any metallic system with repulsive
interactions, materials with no observed superconductivity
down to some finite temperature cannot be strictly la-
beled nonsuperconductors. We adopted a threshold-based
classification (Tc > 0.3 K) rather than binary superconduc-
tor/nonsuperconductor labels. This choice corresponds to the
practical limit of He 3 refrigeration, providing a more physi-
cally rigorous distinction between experimentally accessible
superconductors and those requiring advanced dilution re-
frigeration techniques. Threshold sensitivity analysis confirms
that the identified descriptors are robust to this threshold
choice (Supplemental Material [26]). The RFC distinguished
materials above/below this threshold, while the RFR predicted
continuous Tc values.

C. SISSO methodology

The SISSO method [18,19] was implemented to identify
the most relevant material descriptors governing Tc using pre-
selected features from RF analysis, combining with properties
calculated using FHI aims [46] and FHI vibes [47]. Full details
of the DFT computational setup, including structural relax-
ation protocols, polymorph treatment, and phonon calculation
parameters, are provided in the Supplemental Material [26].
DFT-calculated properties are important because they encode
collective solid-state behavior that cannot be reconstructed
from elemental descriptors through SISSO’s operator set and
attempting to do so would require SISSO to rediscover many-
body quantum mechanics from atomic-level inputs, which
is computationally infeasible given the doubly exponential
scaling of the descriptor search space.

SISSO operates through a two-step process: sure indepen-
dence screening (SIS) for feature selection and the sparsifying
operator (SO) for descriptor construction. The algorithm be-
gins with a set of primary features (ψ1, ψ2, . . . , ψn, . . . , � )
and a set of unary and binary mathematical operators
ĥ1, ĥ2, . . . , ĥn, . . . , Ĥ to exhaustively construct rungs of can-
didate analytical expressions through recursive application.
The SIS step ranks these candidates by Pearson correlation
with the target property P, selecting the n_SIS most correlated
features for S1 to create one-dimensional models (descrip-
tors). For higher dimensions, features most correlated with
residuals from the best one-dimensional descriptors are se-
lected for S2, continuing iteratively. The SO then performs
l0-regularized optimization over feature subspaces (S1 ∪ S2

for two-dimensional models) to identify the sparsest linear
combination describing the target property:

argminc‖P − cd‖2 + λ‖c‖0. (1)

Here d and c represents the potential descriptors and coef-
ficient, respectively, and ‖c‖0 denotes the number of nonzero
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FIG. 2. Random forest performance evaluation. (a) RF classifier performance vs training data set size. (b) RF regressor predicted vs actual
Tc on log scale (n = 2315). Materials: cuprates (blue), iron-based (orange), and others (green). RMSE = 4.41 K; R2 = 0.983.

components. For this study, descriptors were expanded through mathematical operations

Ĥ =
{

ψ1 + ψ2, ψ1 − ψ2, |ψ1 − ψ2|, ψ1 · ψ2,

ψ1

ψ2
, exp(ψ1), exp(−ψ1), |ψ1|, ψ−1

1 , ψ2
1 , ψ3

1 ,
√

ψ1,
3
√

ψ1, ln (ψ1)

}
. (2)

This operator set follows the SISSO++ default, which em-
phasizes operators common in materials science relationships
(power laws, exponentials, and logarithms). Hyperbolic func-
tions, while not explicitly prohibited, are excluded because
their bounded output ranges tend to produce numerically
problematic expressions in SISSO’s recursive descriptor con-
struction.

Hyperparameters were set as follows: n_sis_select = 100,
n_residual = 10, max_rung = 2, and max_feat_cross_corre-
lation = 1.0. The algorithm explored descriptor dimensions
from 1 to 4, with the optimal three-dimensional model se-
lected based on jackknife cross validation convergence check
[48]. Model evaluation utilized 100 cycles of 5% jackknife
resampling to ensure reliable estimation.

III. RESULTS AND DISCUSSIONS

A. Feature selection with random forest

The results of RFC and RFR are summarized in Fig. 2.
In Fig. 2(a), we have demonstrated that the learning curve
of RFC performance metrics evolve as the training data set
size increases from 100 to 20 087. From 100 to 5000 sam-
ples RFC showed rapid improvement where all metrics jump
significantly (accuracy rises from 0.70 to 0.85), followed
by a plateau where performance stabilizes around 0.88–0.94
with diminishing returns from additional data. Notably, recall
consistently performs best at 0.94–0.95, while precision and
F1 score cluster around 0.89–0.92. For detailed information
about the RFC implementation and hyperparameters, please
refer to the Supplemental Material [26]. In Fig. 2(b), We have
demonstrated robust predictive accuracy with R2 = 0.983 and

RMSE = 4.41 K for RFR across the entire Tc range spanning
from 1 to 250 K. The actual vs predicted Tc parity plot reveals
excellent agreement along the diagonal, with materials cate-
gorized by type: cuprates (n = 1063), iron-based (n = 220),
and others (n = 1032). Notably, the model performs con-
sistently accurate across all superconductor families, though
slight systematic deviations appear for cuprates at intermedi-
ate Tc values (20–50 K) and some iron-based superconductors
show larger scatter, implying insufficient description of their
complex electronic structures with solely atomic properties.

Figure 3 displayed the distinct patterns in feature impor-
tance between RFC and RFR models. Feature importance
analysis reveals electronegativity-related features dominate
RFR rankings, with average deviation of electronegativity
(avg_dev electronegativity) showing the highest importance
(approximately 0.075), followed by mode melting point
(MeltingT) and average deviation of ground state volume per
atom (avg_dev GSvolume_pa). The RFC shows more bal-
anced importance distribution, with the average deviation of
numbers of unfilled orbital (avg_dev NUnfilled) leading but
with reduced dominance (approximately 0.026). Features re-
lated to d electrons and unfilled orbitals appear consistently in
both models’ top 30 features, aligning with known physics of
conventional superconductivity. Then 30 features with highest
feature importance from RF analysis (without double count-
ing overlap features) are preselected to be used as primary
features of the SISSO model.

B. SISSO model for superconducting transition temperature

The 15 most important features were extracted separately
from both the RFR and RFC models, yielding 25 unique
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(b)(a)

FIG. 3. Normalized feature importance from random forest models. Top 30 most important features identified by (a) random forest
regressor and (b) random forest classifier models. Key features include average deviation of electronegativity, melting temperature modes,
covalent radius variations, and electronic properties. Feature importance values are normalized (sum to 1.0).

features after accounting for overlaps. These were combined
with 17 calculated bulk and thermodynamic property features,
resulting in the primary feature set detailed in Supplemental
Table I (Supplemental Material [26]); fundamental constants
(e.g., π , e) are not included as explicit primary features or
operators—they are implicitly encoded in the units of primary
features (e.g., EF in eV) and any remaining constant prefactors
are expected to be absorbed into the fitted coefficients. Using
this comprehensive set, the SISSO algorithm was employed to
identify optimal descriptors for predicting the superconduct-
ing Tc. SISSO explored multidimensional descriptor spaces
(with dimensions ranging from one to four) to balance predic-
tive accuracy and model interpretability. After performing 100
cycles of jackknife resampling (with a 5% exclusion rate per
cycle), the evaluation of model dimensions, Fig. 4(a), revealed
that increasing complexity provides modest improvements in
performance, but the four-dimensional model showed signs
of overfitting with significantly worse performance on outlier
test cases. Thus a three-dimensional model was adopted as it
provides the optimal balance between accuracy and general-
izability. As shown in Fig. 4(b), this model achieved robust
predictive performance, with an RMSE of 0.088, MAE of
0.069, and R2 = 0.778. To investigate how prediction error
translates to Tc, the average factor difference (AFD),

AFD = 10x,

where x =
(

1

n

) n∑
i

∣∣log10(Tc,i ) − log10

(
T pred

c,i

)∣∣, (3)

is calculated. AFD values close to 1.0 indicate high accuracy;
AFD of 1.173 indicates predictions that are generally within
17.3% of the true Tc. Most predictions fall within acceptable
error ranges, with only a few predictions exhibiting errors
greater than 50%, suggesting the model captures the funda-
mental physics for most conventional superconductors.

The three-dimensional SISSO model is expressed as

log10(Tc) = c0 + a1d1 + a2d2 + a3d3, (4)

where

c0 = 0.681, a = −0.230, a = 0.069, a = 3.732. (5)

The three descriptors are as follows.
Descriptor 1 (d1):

d1 = (|�(Zunf) − σ (Zval )|)/(〈Zval〉bmin). (6)

This descriptor combines electronic structure heterogeneity
(range of unfilled orbitals) with valence electron characteris-
tics, normalized by structural factors minimum of reciprocal
length.

Descriptor 2 (d2):

d2 = |(|〈nd〉 − 〈Zunf〉|) − �(χ ) − 〈Zunf〉|. (7)

This descriptor captures the interplay between d-electron
count, unfilled orbital availability, and electronegativity
variations.

Descriptor 3 (d3):

d3 = |�(χ ) − σ (Zunf)|/(〈Zval〉〈χ〉). (8)

054803-5



FANG HAN LIM, JINBO PAN, AND SHIXUAN DU PHYSICAL REVIEW MATERIALS 10, 054803 (2026)

FIG. 4. Cross-validation performance comparison of machine learning models. (a) Model complexity vs performance trade-off. Violin
plots comparing training and test performance across four different SISSO model dimensions. Each violin shows the distribution of prediction
errors, with box plots indicating median and quartile ranges. Three-dimensional SISSO model was elected for optimal performance. Panels
(b), (c), and (d) show predicted vs actual Tc and inset as residual analyses for SISSO, KRR, and GPR model, respectively.

This descriptor integrates electronegativity diversity with
electronic structure uniformity, scaled by overall electronic
characteristics. Here, we emphasize that interpretability in
the SISSO framework arises primarily from (i) the algebraic
structure of descriptors revealing which material properties
and their combinations govern Tc and (ii) sensitivity anal-
ysis quantifying feature dependencies (Sec. III C), rather
than from universal physical meaning of the fitted coeffi-
cients c0, a1, a2, and a3. These coefficients quantify relative
descriptor importance within our data set but should not
be overinterpreted as fundamental physical constants. Also,
SISSO implementation permits both dimensionful and di-
mensionless candidate expressions during rung construction.
These fitted coefficients absorb any dimensional factors, en-
suring dimensional consistency of the final model with the
dimensionless target log10(Tc).

Comparative analysis with kernel-based methods reveals
SISSO’s competitive performance while maintaining inter-
pretability. To better understand the performance of our
SISSO model, we compared our model with kernel ridge
regression (KRR) and Gaussian process regression (GPR).

See the Supplemental Material [26] for comprehensive de-
tails on KRR and GPR configuration and training procedures.
As demonstrated in Figs. 4(c) and 4(d), the performance
of three models is generally comparable, with SISSO pre-
dictive performance (RMSE = 0.088, R2 = 0.778) compared
to KRR (RMSE = 0.092, R2 = 0.756) and GPR (RMSE =
0.093, R2 = 0.754), despite the latter providing inherent un-
certainty quantification. By comparing the GPR uncertainty
analysis Supplemental Fig. 2 in the Supplemental Material
[26] with Fig. 4(a), it is apparent that SISSO maintains robust
accuracy even in high-uncertainty regions where probabilis-
tic methods struggle, with residuals showing random scatter
around zero (σ = 0.088) and no systematic bias across the
prediction range. Notably, the SISSO model achieved such
accuracy by selecting only nine primary features.

Despite marginally lower AFD than KRR/GPR, a key ad-
vantage of using SISSO over interpolative methods such as
KRR and GPR is that the resulting models allow for a quali-
tative inspection of the underlying mechanisms. The current
SISSO accuracy is suitable for material screening applica-
tions, providing competitive performance compared to other
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FIG. 5. Three-dimensional descriptor space analysis. Scatter plots showing the distribution of materials in the space defined by the SISSO
descriptors. (a) (d1, d2), (b) (d1, d3), and (c) (d2, d3). Color coding represents critical temperature values (purple = low Tc; yellow = high Tc).
Tc of materials are mostly controlled by d2 and d3. Descriptor d1 providing only a minor correction.

machine learning approaches while maintaining high inter-
pretability. From Fig. 5, we can see that the Tc of materials are
mostly controlled by d2 and d3, with descriptor d1 providing
only a minor correction. Furthermore, some primary features
such as Zunf enter all descriptors and lower all descriptors and
�(χ ) enter both d2 and d3, but with contrasting trends, i.e.,
�(χ ) lowers d2 but increases d3. To accelerate the exploration
of materials space, one must first be able to disentangle the
contradicting contributions of the involved primary features.

C. Sensitivity analysis and extraction of physical relevance

In order to extract the physical relevance and interpret
the model, we employed the SHAP (SHapley Additive
exPlanations), LIME (Local Interpretable Model-agnostic
Explanations), and Sobol sensitivity analysis to provide
detailed insights into how individual features and descriptors
contribute to the SISSO model predictions. SHAP [49]
leverages Shapley values from cooperative game theory and
attributes the model’s output for a specific prediction to each
feature, taking into account all possible feature value com-
binations to provide local interpretablility. Similarly, LIME
[50] offers complementary local interpretability by generating
approximations within defined neighborhoods around individ-
ual predictions, providing insight into model behavior when
averaged over all instances. The Sobol indices are calculated
using the SALib package implemented by Herman and Usher
[51,52]. Sobol sensitivity analysis quantifies how input fea-
tures contribute to the variance of log10(Tc) predictions. The
first-order index Si measures the proportion of output variance
attributable to feature xi alone, while the total-order index ST,i

captures both main effects and all interactions involving xi.
Values range from 0 (no influence) to 1 [complete determi-
nation of log10(Tc)]. When ST,i > Si, significant interaction
effects exist between xi and other features, with the difference
(ST,i − Si) quantifying the interaction contribution. For
example, Fig. 6(a) compares the different sensitivity metrics
by treating each feature as independent; Si = 0.76 for 〈Zval〉

indicates it accounts for 76% of log10(Tc) variance through
main effects alone. Small ST,i values (approaching 0) suggest
features could be removed without compromising model
performance. Refer to the Supplemental Material [26] for

FIG. 6. Feature sensitivity comparison (independent). (a) Nor-
malized feature importance rankings from four different inter-
pretability methods: SHAP (blue), Sobol Si (red), Sobol ST (green),
and LIME (yellow) for key material descriptors. (b) SHAP feature
impact analysis. Each point represents a material, with position indi-
cating SHAP value (impact on model output) and color representing
feature value (blue = low; red = high).
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detailed methodologies of SOBOL, SHAP, and LIME,
respectively.

The analysis reveals significant heterogeneity in feature
importance across different materials and critical temperature
ranges. As shown in Fig. 6(b), SHAP summary plot demon-
strates that the average deviation of the number of unfilled
orbitals σ (Zunf ) consistently exhibits the highest impact to
log10(Tc) across all materials, with SHAP values ranging from
−0.4 to +0.4. This feature shows a clear positive correlation
with higher Tc, confirming its role as the primary electronic
descriptor for conventional superconductivity. 〈Zval〉 shows
negative correlation with output, suggesting higher values of
this parameter may lead to lower predicted critical temper-
atures. Range electronegativity shows positive but modest
correlation, indicating its role as a moderating factor rather
than primary driver. The relative contribution analysis reveals
distinct patterns among the three SISSO descriptors; d2 shows
the highest median contribution (≈54%) with extreme vari-
ability, indicating its dominant but context-dependent role.
Also, d3 exhibits the second highest contribution (≈31%),
while d1 provides more modest but consistent contributions
across all materials.

In Fig. 7 , we have illustrated the SHAP dependence plots
for most important features. Across all three plots, the in-
terplay between electronic descriptors reveals a sophisticated
multidimensional optimization landscape for superconductiv-
ity. At first glance at Fig. 7(a), the interplay of �(Zunf ) and
σ (Zunf ) seems to be trivial since they are typically propor-
tionate; however, it reveals that electronic heterogeneity itself
is a design principle, with sharp transition around σ (Zunf ) ≈
1.5–2.0 and materials showing strongly positive SHAP val-
ues (+0.1 to +0.4) only when σ (Zunf ) > 2.0, suggesting
that optimal superconductors are not electronically homoge-
neous but rather benefit from controlled disorder that creates
complementary electronic environments for enhanced pair-
ing mechanisms. These trends are aligned with Anderson’s
theorem [53], stating homogeneity is necessary in conven-
tional (BCS) superconductors to make them robust with
respect to (nonmagnetic) disorder and to maintain electronic
coherence for phonon-mediated pairing. As a result, most
elemental and simple alloy superconductors display relatively
low Tc compared to unconventional families, while outliers
like hydride superconductors exhibiting record-high Tc (>200
K) at megabar pressures bypasses these limitations through
ultrahigh-frequency phonons (>20 THz) arising from light
hydrogen atoms and exceptionally strong electron-phonon
coupling [54]. Despite using only conventional superconduc-
tors in our data set, these findings extend to unconventional
systems. Substantial evidence indicates that local heterogene-
ity and inhomogeneity in the electronic environment can
locally enhance the DOS near the Fermi level and influ-
ence superconductivity, especially in cuprates and iron-based
superconductors. Experiments show that superconductivity
often emerges in a percolative manner, with spatially vary-
ing gap values and domains, especially near critical doping
points [55,56]. Cuprate superconductors exemplify how elec-
tronic heterogeneity can enhance superconducting properties,
exhibiting high values of both σ (Zunf ) and �(Zunf ) that cor-
relate with high Tc. The fundamental mechanism involves
orbital differences between copper atoms (with one unfilled

FIG. 7. SHAP dependency analysis. (a) SHAP values vs σ (Zunf )
colored by �(Zunf ), revealing positive correlation and interaction
effects; (b) SHAP values vs nd colored by 〈Zval〉, showing optimal
performance around five d electrons; (c) SHAP values vs 〈Zunf〉,
colored by 〈χ〉, demonstrating the importance of moderate unfilled
orbital heterogeneity. Outliers are annotated from left to right includ-
ing (a) Rh4B4Lu, Rh4B4Y, and Rh4B4Nd, (b) Ta6Sn2, and (c) Bi3Sr,
MgB2, Mo6S6Br2, Bi5Tl3, and Sb2Tl7.

3d orbital) and oxygen atoms (with filled p orbitals), cre-
ating high σ (Zunf ) values which enables the d-wave pairing
symmetry characteristic of cuprates, where spin fluctuations
rather than lattice vibrations mediate pairing, with effective in-
teractions occurring between neighboring copper orbitals and
surrounding oxygen orbitals [57]. The charge transfer (CT)
between Cu and O sites [55] creates �(Zunf ) variation with
doped holes predominantly occupying the oxygen sublattice
that enhances pairing through Zhang-Rice singlet formation
[57]. Experimental evidence directly links this heterogeneity
to higher transition temperatures, showing that maximum Tc

increases as hole content shifts from copper to planar oxygen
orbitals, demonstrating that optimized electronic heterogene-
ity drives superconducting enhancement through improved
charge redistribution [58]. High σ (Zunf ) within a structure
also implies some atomic sites act as electron donors while
others act as acceptors, which is foundational in systems
displaying strong CT character, facilitating CT between lay-
ers or sublattices in complex superconductors [55,59]. Also,
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iron-based superconductors demonstrate intermediate hetero-
geneity levels through complex multiorbital properties. Their
electronic structure involves five Fe 3d orbitals with dif-
ferent filling patterns, generating moderate σ (Zunf ) values
through orbital multiplicity and creating multiple pockets in
the Fermi surface. These systems exhibit orbital-selective su-
perconductivity where different orbitals contribute differently
to pairing—some becoming “coherence-suppressed” while
others dominate—creating a �(Zunf ) variation that plays a key
role in the more strongly correlated iron-based superconduc-
tors [60]. On the other hand, the s±-wave pairing symmetry
specifically requires heterogeneity between electron and hole
pockets, with Fermi surface nesting inducing strong pair-
ing when enhanced simultaneously on nearly nested pockets,
showing how optimized σ (Zunf ) enhances interband pairing
mechanisms [61]. This structural flexibility demonstrates that
controlled heterogeneity optimization can enhance properties,
as extending from single-band to effective multiband mod-
els allows for orbital-dependent and orbital-selective pairing,
illustrating how tuned �(Zunf ) distributions enable multi-
band superconducting enhancement [62]. In contrast, extreme
heterogeneity [σ (Zunf ) ≈ 4.0–8.0] and highly localized f elec-
trons (n f > 10) coexist with itinerant conduction electrons
(nc ≈ 0–2, c = d if electrons are from d orbital) in heavy
fermion superconductors involving Kondo coupling between
localized f moments and conduction electrons, where compe-
tition between Kondo screening and RKKY magnetic inter-
actions creates orbital-selective hybridization between vastly
different electronic states. This f-c hybridization between
further enhances σ (Zunf ) values, but excessive electronic
heterogeneity typically suppresses rather than enhances Tc,
explaining why heavy fermion superconductors generally ex-
hibit much lower Tc values compared to other unconventional
superconductors despite their strong electronic correlations
[63,64]. Therefore, we must acknowledge that σ (Zunf ) and
�(Zunf ) could serve as valuable, but not universal design
guidelines that must be integrated with other electronic,
chemical, and structural descriptors while recognizing that
a different superconductor family might require tailored op-
timization within material-specific electronic heterogeneity
windows.

Figure 7(b) shows a clear inverted U-shaped relationship
where materials with approximately 4–5 d electrons exhibit
the highest positive SHAP values (approximately +0.1). This
demonstrates that optimal superconducting performance re-
quires synergistic coordination between average d-electron
count (nd ) and total valence electron density, where materials
achieve peak enhancement only when nd ≈ 4–5 delectrons
coincide with high mean valence electrons (〈Zval〉 > 15),
indicating that superconductivity is maximized when both
optimal d-band filling and a sufficiently high total valence
electron density are achieved simultaneously; one without
the other results in weak or absent superconductivity—a
principle borne out in both experiment (Nb3Sn, MgB2) and
machine learning approaches [43,59,65], and originally ob-
served as “Matthias’ rules” [66], which is largely supported
for conventional and near-conventional superconductors. No-
tably, this pattern differs fundamentally from unconventional
superconductors where the 〈Zval〉 − nd interplay operates
through entirely different mechanisms. In cuprates, optimal

superconductivity typically occurs near the border of a Mott
insulating (half-filled d-band) regime, where doping tunes
both nd and 〈Zval〉 to a region favorable for pairing via su-
perexchange [67,68]. Iron-based superconductors present yet
another paradigm, where the multiorbital nature of Fe 3d
electrons means that 〈Zval〉 and nd jointly tune Fermi surface
nesting and spin fluctuations [69], with optimal superconduc-
tivity occurring in an intermediate regime between localized
and itinerant d-electron behavior—too high or too low in ei-
ther direction suppresses superconductivity through magnetic
ordering or electron localization [70], as indicated by the
inverted U-shaped pattern. Heavy fermion superconductors
add further complexity, where 〈Zval〉 includes contributions
from both itinerant d electrons and localized f electrons,
with their hybridization creating massive quasiparticles; the
interplay determines not just carrier density but the de-
gree of f-d hybridization that enables unconventional pairing
through magnetic or Kondo-mediated interactions [71]. This
diversity underscores that, while the SHAP analysis cap-
tures the electron-phonon coupling optimization in BCS-type
superconductors through the Matthias rules, each class of
unconventional superconductors follows distinct design prin-
ciples where nd and 〈Zval〉 influence fundamentally different
microscopic mechanisms—from magnetic correlations to or-
bital selectivity to heavy fermion hybridization.

Figure 7(c) extends this understanding by showing that
electronic availability must be coupled appropriately to shape
the electronic environment conducive to Cooper pair for-
mation and CT. For conventional superconductors, high
unfilled orbital counts (〈Zunf〉 > 6) provide necessary “park-
ing spaces” for Cooper pairs, but only when modulated by
intermediate electronegativity values (〈χ〉 ≈ 1.8–2.0) that en-
sure these orbitals remain electronically accessible; lower 〈χ〉
supports delocalized metallic bonding conducive to supercon-
ducting behaviors, while overly high 〈χ〉 leads to electron
localization and diminished orbital utilization. Cuprates lever-
age high 〈Zunf〉 from partially filled Cu d orbitals combined
with mixed Cu-O electronegativities to create the charge-
transfer physics and electronic correlations essential for their
high-Tc behavior [72,73], while iron-based superconductors
utilize high 〈Zunf〉 from Fe d orbitals with moderate χ to
balance metallicity and magnetism, enabling spin-fluctuation-
mediated pairing, and heavy fermion systems employ partially
filled f orbitals (high 〈Zunf〉) with carefully tuned elec-
tronegativity to stabilize the coexistence of localized and
itinerant electrons necessary for Kondo physics and exotic
pairing [74,75]. Across all families, optimal superconduc-
tivity emerges not from maximizing either parameter alone,
but from finding the precise balance where sufficient orbital
availability (〈Zunf〉) meets the right degree of electron de-
localization (〈χ〉), with this “Goldilocks zone” determining
whether pairing occurs through conventional electron-phonon
coupling or more exotic mechanisms involving spin, charge,
or orbital fluctuations.

Several outliers are visually apparent in Fig. 7, where
certain correlated secondary features (color bar) of materi-
als deviate from the expected clusters in SHAP dependence
plots. To systematically confirm and characterize these out-
liers, we employed K-means clustering on the feature-SHAP
value space, which validated the visual observations and
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revealed that these materials represent cases where compo-
sitional descriptors struggle, despite SISSO’s generally strong
performance. See the Supplemental Material [26] for detailed
analysis and methodology.

The SOBOL sensitivity analysis provides a variance-
based assessment complementing the SHAP analysis with
quantitative measures of individual and interaction effects.
The combined analysis reveals a clear feature hierarchy;
while electronic structure features (d-valence electrons, un-
filled orbitals) dominate the variance contribution, chemical
bonding characteristics (electronegativity variations) provide
secondary but significant effects. Finally, structural parame-
ters contribute through interactions rather than direct effects.
Together, these interplays demonstrate that the emergence
of superconductivity requires simultaneously optimized d-
band filling, sufficient unfilled orbital availability, balanced
electronegativity for electronic mobility, and designed hetero-
geneity for multiple pairing pathways.

D. Connection between SISSO-identified
features and theoretical frameworks

In this section we discuss the mapping between data-driven
features and microscopic physics of conventional supercon-
ductors. We first revisit the BCS theory and Eliashberg-
Migdal formalism; then we examine the influences of the most
important SISSO-identified features in the following order: (i)
Zunf , (ii) Zval, (iii) nd , and (iv) χ .

1. Microscopic theories of conventional superconductivity

Assuming weak electron-phonon coupling (λ � 1) and
an instantaneous, energy-independent pairing interaction, the
BCS [2,64] gap equation took the simple form

�k = 1

2

∑
k′

Uk,k′
�k′

Ek′
tanh

(
Ek′

2kBT

)
, (9)

where � is the superconducting energy gap, Ek′ =
√

ξ 2
k + �2

k′

is the quasiparticle excitation energy at wave vector k′, and
effective pairing interaction Uk,k′ = −V0 is a constant if EF �
εk � EF + h̄ωD and zero otherwise. ωD is the Debye fre-
quency and T is the absolute temperature. This yielded the
BCS relation

2�0 ≈ 3.5kBTc (10)

and

Tc ∝ ωD exp

(
− 1

NFV0

)
, (11)

where NF is the DOS at the Fermi level. BCS the-
ory treated phonons only through the Debye cutoff ωD,
without considering the detailed phonon spectrum or re-
tardation effects [76]. To properly include retardation ef-
fects and frequency-dependent interactions, electron-phonon
coupling spectral function α2F (ω) is introduced in the
Eliashberg equation [77], which is later reformulated
using Nambu-Gor’kov formalism [78,79] and Migdal’s

theorem [80] into

Z (k, iωn) = 1 + πT

NFωn

∑
k′n′

ω′
n√

ω
′2
n + �2(k′, iω′

n)

× λ(k, k′, n − n′)δ(εk′ ), (12)

Z (k, iωn)�(k, iωn)

= πT

NF

∑
k′n′

�(k′, iω
′
n)√

ω
′2
n + �2(k′, iω′

n )

× [λ(k, k′, n − n′) − NFU (k − k′)]δ(εk′ ) . (13)

In Eq. (12), Z denotes the renormalization function, iωn =
i(2n + 1) are the Matsubara frequencies, and λ(k, k′, n−n′) is
the anisotropic electron-phonon coupling matrix given by

λ(k, k′, n − n′) =
∞∫
0

dω
2ω

(ωn − ω′
n)2 + ωn

α2F (k, k′, ω),

(14)

α2F (ω) = 1/NF

∑
k,k′,ν

∣∣gν
k,k′

∣∣2
δ(εk )δ(εk′ )δ(ω − ωqv ), (15)

where gν
k,k′ is the electron-phonon matrix element and ωqv is

the phonon frequency for branch ν at wave vector q = k −
k′. For practical calculations McMillan [81] and Allen and
Dynes [82] derived an approximate solution to the Eliashberg-
Migdal equations:

Tc = f1 f2ωlog

1.2
exp

[
− 1.04(1 + λ)

λ − μ∗(1 + 0.62λ)

]
, (16)

where ωlog is the log average of the phonon frequencies and
f1 and f2 are factors depending on λ and the Morel-Anderson
Coulomb pseudopotential [83] μ∗:

λ = NF〈I2〉/M〈ω2〉, (17)

μ∗ = μ

1 + μ ln (EF/ωD)
, (18)

respectively. 〈I2〉 is a Fermi-surface average of the squared
modulus of electron-phonon matrix elements, i.e., 〈|g|2〉.

2. Orbital heterogeneity and multiband effects

Figure 6(b) and Fig. 7(a) demonstrated that σ (Zunf )
emerged as the principle component in the SISSO model; it
directly impacts the electron-phonon coupling through multi-
band effects in such a manner that materials with high σ (Zunf ),
different atomic sites contribute distinct orbital characters to
the Fermi surface, creating multiple coupling channels λtotal =∑

i ωiλi, where ωi are Fermi surface weights from band i.
This heterogeneity enhances the total coupling by allowing
different bands to optimize different aspects of the pairing
interaction. High orbital heterogeneity prevents the satura-
tion of λ that occurs in single-band systems when NFV0 in
Eq. (11) approaches unity [84]. The classic example is MgB2,
where two distinct bands (σ and π ) with differing electron-
phonon coupling strengths collaborate, leading to a high Tc for
a phonon-mediated superconductor [85,86], explaining why
σ (Zunf ) emerges as the primary feature in our SISSO model.
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3. Valence electrons and Coulomb screening

While Zunf and Zval features are complementary—two
ways of counting electrons relative to a closed shell—they in-
fluence superconductivity through different mechanisms. Zunf

primarily determines the type of orbitals are at the Fermi
level and Zval on the other hand determines the density of
electrons participate in screening. Within the BCS framework,
the formation of Cooper pair has competing effects between
the attractive interaction from electron-phonon coupling
and the repulsive Coulomb repulsion. Instead of bare
Coulomb interaction, electrons experience a screened in-
teraction that decays exponentially over the Thomas-Fermi
length [87] (λTF), where relation λ2

TF ∝ 〈Zval〉−1/3 holds at low
temperature. This Thomas-Fermi screening is crucial for con-
ventional superconductivity because it reduces the repulsion,
making it easier for attractive phonon-mediated interaction to
overcome and form Cooper pairs. Also, the short-range nature
of λTF, typically 1 Å to 10 Å, causes Coulomb repulsion to
affect only electrons that are closely packed, while Cooper
pairs have a much larger coherence length which normally ex-
ceed 100 Å in conventional superconductors. This screening
effect is incorporated through μ estimation in Eq. (16). As a
result, higher 〈Zval〉 leads to a stronger screening (shorter λTF),
produces a smaller μ and thus a smaller μ∗, and ultimately a
higher Tc according to Eq. (16).

4. d-electron count and density of states

Figure 7(b) illustrated that Tc receives peak enhancement
when nd is near half filled; this filling controls where the
Fermi level lies relative to the Van Hove singularity (VHS)
in DOS. When the d-electron count leads to the Fermi level
being near or at VHS, the system experiences a peak in the
DOS dominated by d-orbital bands. From Eq. (11), this peak
in NF increases the number of states available for Cooper
pairing, thus strengthening superconductivity and enhanc-
ing Tc [88]. The VHS-induced DOS peaks can also lead
to unconventional superconducting states, such as d-wave
or chiral pairing symmetries, beyond conventional phonon-
mediated BCS-type superconductivity, and several studies
have directly demonstrated that a half-filled or near half-filled
valence d-orbital often places the EF near VHS in corre-
lated electron materials, such as kagome metals [89], cuprates
[90], and nickelates [91,92] superconductors. Additionally,
the electron-phonon matrix element for d orbitals scales as

〈I2〉d ∝ 1

r3
d

, (19)

where rd is the d-orbital radius. Partial d-band filling provides
optimal orbital extension, balancing between localization
(small rd , large 〈I2〉d ) and metallicity (extended orbitals, good
conduction) [93].

5. Electronegativity and phonon spectrum

While the nd is crucial in controlling the Fermi level
relative to band singularities, electronegativities between
constituent atoms also serve as the fundamental physico-
chemical factor influencing the DOS and superconductivity.
Higher electronegativity leads to increased electron local-
ization, which narrows the bandwidth W [94] according to

W (〈χ〉) = W 0 exp(−β〈χ〉), where β ≈ 0.3–0.5 Å−1, thereby
enhancing the NF as NF ∝ 1/W . This bandwidth narrow-
ing effect competes with band center shifts Ec(〈χ〉) = Eo

c −
γ 〈χ〉, where γ ≈ 1–2 eV per unit electronegativity, which
can move the Fermi level away from optimal positions in
the band [95]. The electron-phonon coupling strength is also
affected through the matrix element 〈I2〉, which depends
on the spatial extent of electronic wave functions that con-
tract with increasing 〈χ〉 as ψ (r) ∝ exp (−α(χ )r), creating
a complex optimization problem for maximizing Eq. (17)
[96]. Additionally, 〈χ〉 influences μ∗ through its effect on
electronic screening, with higher electronegativity reducing
polarizability and thereby increasing μ∗, which suppresses
Tc according to Eq. (16). Empirical analysis of conventional
superconductors reveals an optimal range of 〈χ〉 ≈ 1.7–2.2
on the Pauling scale, exemplified by high-Tc materials like
MgB2 (〈χ〉 = 1.80, Tc = 39 K) and A15 compounds such
as Nb3Sn(〈χ〉 = 1.69, Tc = 18 K), where this intermediate
electronegativity provides sufficient N (EF) without excessive
electron localization, moderate electron-phonon coupling, and
adequate Coulomb screening [66,97].

IV. CONCLUSION

This work demonstrates successful integration of RF
screening with SISSO symbolic regression for discovering
interpretable superconductivity descriptors. The two-stage
approach addresses complementary challenges: RF handles
high-dimensional feature selection with exceptional predic-
tive power (R2 = 0.983), while SISSO provides interpretable
expressions capturing essential physics.

The 0.3 K threshold for superconductor classification, mo-
tivated by the Kohn-Luttinger theorem, provides physically
meaningful distinction between practical superconductors and
materials with theoretical instabilities and the RFC’s high
performance (88.8% accuracy) validates this threshold choice.
RFR’s consistent performance across three orders of magni-
tude and different material families demonstrates robustness
of atomic descriptors for Tc prediction. Slight deviations
for cuprates and iron-based materials reflect additional com-
plexity beyond electron-phonon coupling, suggesting our
conventional superconductor-optimized approach captures
some universal features.

SISSO’s competitive performance against KRR/GPR
(SISSO AFD = 1.173 vs KRR 1.128, GPR 1.145) while pro-
viding interpretability represents well balanced accuracy and
interpretability. The analytical expressions enable extrapola-
tion and provide design insights impossible with black-box
models. Multimethod sensitivity analysis reveals complemen-
tary perspectives. SHAP and LIME identifies region-specific
behaviors and SOBOL quantifies global variance contribu-
tions. Agreement across methods strengthens confidence in
identified relationships.

SHAP analysis reveals that the synergistic interplay of four
key electronic descriptors, Zunf , Zval, χ , and nd , is crucial
to enhance Tc. Rather than optimizing individual parame-
ters, the analysis demonstrates that these features must be
collectively balanced to achieve optimal superconductivity.
The identified design principles indicate that effective su-
perconductors require (1) controlled electronic heterogeneity
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[σ (Zunf ) > 2.0] that creates complementary electronic en-
vironments for enhanced pairing, (2) optimal d-electron
filling (nd ≈ 4–5) combined with high valence electron den-
sity (〈Zval〉 > 15) to balance metallic conductivity with
pairing interactions, and (3) sufficient orbital availability
(〈Zunf〉 > 6) modulated by intermediate electronegativity
(〈χ〉 ≈ 1.8–2.0) to maintain electronic accessibility while
preserving metallic character, creating a multidimensional
optimization landscape where superconductivity emerges at
the intersection of controlled heterogeneity, optimal orbital
filling, and balanced chemical bonding.

Comparison with purely data-driven approaches highlights
SISSO’s value. While RF achieves higher R2 through com-
plex nonlinear decision boundaries, SISSO’s simple analytical
form enables physical interpretation and confident extrapola-
tion. This interpretability-accuracy trade-off is favorable for
materials discovery where understanding mechanisms is as
important as prediction accuracy.

On the other hand, we must also emphasize that while
the present SISSO framework provides a solid foundation
and successfully captures the electronic and orbital physics
governing conventional superconductivity, its application to
unconventional superconductors reveals both insights and
fundamental limitations. The universal importance of orbital
heterogeneity σ (Zunf ) and optimal nd suggests some organiz-
ing principles that transcend pairing mechanisms. However,
the absence of magnetic and correlation descriptors means
the model lack of capability to directly capture the essen-
tial physics of spin-fluctuation-mediated pairing, magnetic
frustration effects, or the interplay between magnetism and
superconductivity that defines unconventional superconduc-
tors. Future machine learning approaches to unconventional

superconductivity must explicitly incorporate magnetic de-
grees of freedom, potentially through a hierarchical model that
first screens for electronic favorability, then evaluates mag-
netic properties. Only by bridging the electronic and magnetic
aspects of these materials can we hope to achieve predictive
capability for unconventional superconductors while main-
taining generalizability in model interpretation.
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