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Abstract

This work investigates how reparametrizing the Strongly Constrained and Appropriately Normed
(SCAN) exchange—correlation (XC) functional within density functional theory affects predictions
of the electronic bandgap (E,) for solids. A system dependent functional (SD-SCAN) is proposed by
adjusting a subset of SCAN’s internal parameters to improve bandgaps. For most covalent materials,
SD-SCAN yields bandgaps closer to experimental values while preserving accurate lattice constants;
improvements remain limited for highly ionic systems, reflecting constraints of SCAN’s a-dependence
and the absence of long-range nonlocal (Hartree—Fock-like) exchange at the semilocal/meta-GGA
level. The modified parameters enhance exchange in regions with covalent character, raising the
conduction bands and broadening the charge density, thereby yielding more realistic electronic
structures and improved dielectric response. A machine-learning model (ML-SCAN) predicts SCAN
parameters from solid-state descriptors, providing a flexible, system-dependent reparametrization
strategy competitive with existing semilocal approaches. A simplified variant, SCAN-0.2, offers a
fixed-parameter shortcut for improved bandgap calculations. Overall, this study lays the groundwork
for ML-driven XC functionals for semiconductors.

I. INTRODUCTION

era [2]. Semiconductors also interact with light, absorb-

The electronic bandgap (E,) determines whether a
material acts as a conductor, semiconductor, or insu-
lator. Semiconductors have a moderate E,, allowing
controlled electron flow [1]. This makes these materi-
als special because their switching behavior (conducting
and non-conducting) underpins electronic devices such as
switches and transistors, driving the current electronic

ing or emitting photons at specific wavelengths, thereby
enabling optoelectronic devices such as LEDs, lasers, and
solar cells [3]. Some semiconductors display thermoelec-
tric properties, converting heat energy into electrical en-
ergy through the Seebeck effect [4]. Advancing the under-
standing of semiconductors is key to furthering semicon-
ductor technology and unlocking the next wave of tech-
nological innovation.

Unfortunately, reliably predicting the band gap (E,) of



semiconductors and insulators remains challenging due
to the many-body nature of the Schrédinger equation
in quantum mechanics. Solids pose a high-dimensional
problem, with calculations scaling to 3N dimensions,
where N is the number of electrons. Density Functional
Theory (DFT) simplifies this by reducing the dimension-
ality from 3N to 3, using the electron density as the cen-
tral variable. However, DFT has limitations. The exact
exchange-correlation (XC) functional, which describes all
quantum mechanical interactions between electrons, re-
mains unknown [5, 6]. While current approximations
have achieved notable success in improving bandgap pre-
dictions, challenges persist in achieving consistent accu-
racy across a broad range of materials, particularly for
systems requiring a delicate balance between computa-
tional cost and precision.

Increasing accuracy demands greater computational
resources as one ascends the hierarchy of XC functionals
in DFT. The simplest XC functional, Local Density Ap-
proximation (LDA), uses only the electron density n(r)
[7-9]. The Generalized Gradient Approximation (GGA)
includes the gradient of the electron density Vn(r) in its
formulation [10]. Meta-GGAs, such as the Strongly Con-
strained and Appropriately Normed (SCAN) functional
[11], incorporate the kinetic energy density, 7(r), to im-
prove accuracy.

Beyond semilocal approximations, hybrid functionals,
such as the Heyd-Scuseria—Ernzerhof (HSE) functional
[12-15], improve the accuracy of electronic structure pre-
dictions by incorporating a fraction of Hartree-Fock ex-
change. Many-body methods, such as the GW approx-
imation [16-19], provide a more rigorous treatment of
electron correlation through quasiparticle self-energy cor-
rections. These corrections account for dynamic electron-
electron interactions that are not captured by standard
DFT, yielding more reliable bandgap predictions. While
both approaches offer high accuracy, they are computa-
tionally demanding, which limits their applicability to
large or complex systems.

Within the framework of local and semilocal function-
als (e.g., LDA and GGA), XC functionals struggle with
strong electron-electron correlation in highly correlated
materials (d- and f-electrons), electronic bandgap accu-
racy, precise magnetic ordering, and weak van der Waals
interactions [5, 20]. However, significant progress has
been made in describing van der Waals interactions, in-
cluding optB88vdW for dispersion- and hydrogen-bonded
systems at the GGA level [21], SCAN+rVV10 for inte-
grating meta-GGA with non-local correlations [22], and
SCAN+D3 for incorporating London dispersion correc-
tions to improve the accuracy of molecular and crystal
properties [23].

Bandgap underestimation in standard Kohn-Sham
(KS) DFT, often by as much as 50% compared to exper-
imental values, primarily arises from limitations in the
XC functional.

The KS eigenvalue gap generally differs from the fun-
damental (quasiparticle) gap because the latter contains

the XC derivative discontinuity. While the fundamen-
tal gap is defined through total-energy differences, the
KS gap is obtained from single-particle eigenvalues and
therefore lacks this discontinuous XC contribution. As
a result, approximate KS functionals systematically un-
derestimate bandgaps. [6, 24]. By contrast, in the gener-
alized Kohn—-Sham (GKS) framework, meta-GGAs and
hybrid functionals employ nonlocal potentials that can
reproduce accurate gaps via a discontinuity-like response
of the effective potential [25-27]. However, some studies
show that accurate bandgaps can be obtained without
an explicit jump: within GKS, meta-GGAs, and hybrids
improve predictions by better capturing the XC potential
[28, 29].

Another contributing factor is the incomplete re-
moval of self-interaction in approximate DFT. Un-
like Hartree—Fock, which cancels self-interaction exactly,
most semilocal XC approximations leave residual self-
interaction, shifting the energies of occupied and unoc-
cupied states and narrowing the predicted gap.

Additionally, semilocal KS potentials lack long-range
nonlocal (Hartree—Fock-like) exchange, which is essen-
tial for accurately describing charge-separated and highly
ionic systems; this nonlocal component is partly recov-
ered in GKS hybrids through the inclusion of exact ex-
change, which opens the bandgap.

Finally, while standard XC functionals include elec-
tron—electron interactions approximately, they do not ex-
plicitly account for quasiparticle self-energy corrections
and electron—hole (excitonic) interactions, which are also
crucial for realistic bandgap estimation [6]. Methods like
GW and the Bethe-Salpeter Equation address these lim-
itations by including quasiparticle and excitonic effects
beyond conventional DFT [30].

Functionals such as the modified Becke-Johnson po-
tential (mBJ) [31], the Thilo Aschebrock and Stephan
Kiimmel (TASK) functional [32], and machine learning
(ML) approaches [33] have significantly improved predic-
tions of E,;. As shown in Supplementary Table 1, the
SCAN meta-GGA reduces the average relative error in
E, compared to PBE [10].

SCAN was constructed via a constraint-guided, non-
empirical strategy aimed at improving reliability and
transferability across diverse bonding environments; its
improved performance for self-interaction and certain
correlated cases is a consequence of this design rather
than its primary target.

In contrast, mBJ and TASK were specifically devel-
oped to improve bandgap predictions and generally out-
perform SCAN in this regard. However, mBJ is un-
suitable for structural relaxation, and TASK shows vari-
ability in predicting other properties [34]. Recently, the
nonempirical Lebeda-Aschebrock-Kiimmel (LAK) meta-
GGA was introduced, which improves bond energies
and bandgaps by rebalancing the density-gradient and
kinetic-energy-density contributions in the second-order
gradient expansion of the XC energy [35, 36].

Supplementary Table 1 shows that the GW functional



(one-shot GoWy@PBE) performs well for most solids,
outperforming hybrids for noble gases and wide-bandgap
insulators (e.g., LiCl, LiF) due to its accurate treatment
of electron-electron interactions [19]. Hybrid function-
als also improved bandgap predictions and reliably de-
scribed semiconductors and heavy-element systems [37—
39]. Both GW and hybrids outperformed SCAN and
matched mBJ and TASK in specific cases, but at a higher
computational cost.

This underscores that, despite more than 500 XC func-
tionals [40, 41], computationally efficient and accurate
bandgap prediction, while balancing other material prop-
erties, remains challenging.

Several studies have applied ML techniques in con-
junction with DFT to predict the bandgaps of solids.
For instance, in 2020, Lentz et al. [42] used ML to
predict hybrid functional bandgaps from PBE-derived
charge densities, and despite a small dataset of seven
materials, simulations with various dopants and temper-
atures expanded the training set, offering HSE-level ac-
curacy at GGA-level cost. In 2024, Liu et al. [43] per-
formed a high-throughput study using structural, com-
positional, and PBE bandgap features to predict HSE
bandgaps. Although experimental data were not used
for training, they served as a benchmark for evaluating
the predictions. Also, in 2020, Borlido et al. [33] com-
bined structural and compositional features with out-
puts from multiple XC functionals to predict experi-
mental bandgaps. Their model improved accuracy in
the 0.9-2 eV range, although performance declined out-
side this range. They also reparametrized XC func-
tionals to reduce errors, sometimes overestimating small
bandgaps. Later, Pokharel et al. [44] trained ML
models to mimic SCAN by predicting XC enhance-
ment factors using the Laplacian of electron density in-
stead of kinetic energy density. The focus was not on
bandgaps but on XC energies, atomization energies, and
lattice constants—showing promising results for atoms
and molecules, but limited transferability to solids. Sim-
ilarly, Nagai et al. [45] developed a ML-based XC func-
tional trained on molecular data, using local density, gra-
dients, and kinetic energy density. The model optimized
XC enhancement factors against properties such as atom-
ization energies, ionization potentials, and electron den-
sities—but did not include bandgap prediction. More
recently, Bystrom and Kozinsky developed a nonlocal,
orbital-dependent ML exchange functional that obeys ex-
act constraints and can be evaluated at (roughly) semilo-
cal cost, achieving hybrid-like accuracy for molecules and
solids and improving bandgap predictions over standard
meta-GGAs [46]. These studies highlight the expanding
potential of integrating ML with DFT to enhance both
the accuracy and efficiency of bandgap predictions.

This work examines whether accurate bandgap pre-
diction can be achieved through system-specific adjust-
ment of XC functional parameters, thereby enabling the
semilocal SCAN functional to reflect better the bonding
environment and electronic structure of each material.

The SCAN functional and its governing parameters are
described to test this hypothesis. A selection of 20 rep-
resentative semiconductors and insulators is analyzed by
exploring the 7-dimensional parameter space and assess-
ing the impact of each parameter on E;. The goal is
to determine whether adjusting the XC parameters can
align with experimental bandgap values and identify a
functional tailored to specific materials.

Rather than seeking a universal XC functional, this
study focuses on customizing the SCAN functional for
specific materials. Given the inherent differences among
materials, we explore a system-specific reparameteriza-
tion approach, referred to as system-dependent SCAN
(SD-SCAN) a structure-conditioned variant of SCAN in
which a small set of internal SCAN parameters is manu-
ally adjusted to optimize bandgap predictions.

Additionally, machine learning algorithms predict
SCAN parameters from material properties such as crys-
tal structure, density, electronegativity, and covalency.
In practice, parameters are optimized on a training sub-
set and then predicted for new materials via an ML
mapping from structural/electronic descriptors, making
the procedure algorithmic (system dependent) at deploy-
ment. Unlike previous ML studies, which either predict
bandgaps directly or the XC enhancement factors, this
approach uses experimental bandgap data to reparam-
eterize SCAN. The ML model then predicts the appro-
priate internal parameters for a specific material based
on its physical properties. This approach establishes a
connection between the physical properties of solids and
the internal parameters of the XC functional, thereby en-
abling SCAN to describe electronic properties accurately.

The SCAN semilocal density functional, introduced in
2015 by Jianwei Sun, Adrienn Ruzsinszky, and John P.
Perdew [11], is a nonempirical meta-GGA constructed via
a constraint-guided design strategy that satisfies known
exact conditions and appropriate norms to achieve reli-
able and transferable performance across diverse bond-
ing environments. This framework leads to an improved
treatment of bandgaps and dispersion interactions, a
more balanced description of exchange and correlation,
and a partial reduction of self-interaction errors. En-
hanced performance for some systems with d- and f-
electrons is thus an outcome of this design. Owing to
these strengths, SCAN has increasingly replaced PBE in
high-throughput frameworks for predicting novel materi-
als, including its adoption in recent large-scale discovery
efforts [47, 48].

The SCAN XC functional is written as:

E,.[n] = /nsxc(n,Vn,T) dr, (1)

where 7 is the electronic density, Vn is the gradient of the
electronic density, and 7 = >7°° 2|V;|? is the kinetic
energy density. The dimensionless density gradient s and

variable « are calculated as:
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where 7V = |Vn|?/8n is the single orbital limit of 7 and
it = (3/10)(372)%/3n5/3 is the uniform density limit.
The variable « characterizes bond strength: a = 0 for
covalent bonds, a = 1 for metallic bonds, and a > 1 for
weak bonds. The exchange energy is defined as:

E.[n] = /naznif(n) F,(s,a)dr, (4)

where eWf(n) = —(3/47)(37%n)'/3 is the exchange
energy per particle of the uniform electron gas, and
F.(s,a) = h% g.(s) is the exchange enhancement fac-
tor. In the case of fully metallic bonds, hl acquires a

PBE-like form of the exchange enhancement factor:

K
hi=1+ﬂ—ma (5)
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2
Sl b Iwe—|b4|82/ﬂ} +[b152 +by(1 — a)ebame)® ’
1

(6)
where p = 10/81, by = (511/13500)/(2b2), b2 =
(5913/405000)*/2, b3 = 0.5, and by = p*/k —
1606/18225 — b?. 1In the case of pure covalent bond-
ing, the creators of SCAN imposed a strongly tightened
bound F, < 1.174, where hY = 1.174 and g.(s) =
1 — exp[—a;s~/2], with a; = 4.9479 to fit the exact
exchange energy of the hydrogen atom. The exchange
enhancement factor F,(s, «) is calculated as the interpo-
lation between a = 0 and o =~ 1 or the extrapolation
when a — oco. It is given by:

Fz(sva) = {hglc(sa a) + fx(a)[hg - hi(sva)]} gr(s)v (7)
where f, () is the interpolation/extrapolation factor, de-

fined as:

—C1p X

fo(a) = exp [1

] 0(1—a) —d, exp L% } f(a—1).

(8)
Here 6(z) is a step function that activates the left side of
Equation 8 when o < 1 and the right side when o > 1.
The correlation energy is defined as:

E.n] = /nsc(rs,g“,s,a) d3r, (9)

4

where ¢ = (ny+—ny)/(n++ny) is the spin polarization and
rs = (47n/3)~1/3 is the Wigner-Seitz radius. Similarly
to the exchange, the correlation energy per electron e,
is constructed as an interpolation between a = 0 and
a =~ 1, and an extrapolation when o — 0o as:

Ec = 5¢1: + fc(a)[gg - 5;1:]’ (10)

where f.(a) is the interpolation/extrapolation factor
given by:

—C1cQ

o) :eXp[ ]9(1—04)—dcexp [1%@] O(a—1).

(11)

The SCAN XC functional comprises seven parameters,
divided into four for exchange (k = 0.065, ¢1, = 0.667,
d;, = 1.24, and co, = 0.8) and three for correlation
(c1c = 0.64, d. = 0.7, and cp. = 1.5). The parame-
ter k is associated with the metallic nature of the com-
pound, while ¢;, and c¢y. are linked to bond strength.
The parameters d, cop, d¢, co. are related explicitly to
weak bonds, including van der Waals (vdW) bonds and
regions characterized by very low electronic density. It
is important to note that these parameters act synergis-
tically within the SCAN framework; adjusting one pa-
rameter inevitably affects the others and the overall XC
behavior.

The seven parameters of SCAN were determined by
enforcing exact constraints and by fitting to three appro-
priate norms: (i) the jellium surface XC energy, (ii) the
large-Z asymptotic coefficients of the exchange and cor-
relation energies of rare-gas atoms, and (iii) the binding-
energy curve of the compressed Ary dimer. Varying the
parameters associated with these norms affects the de-
scription of these specific reference systems; however, it
does not alter the exact constraints satisfied by SCAN,
which remain unaltered. In this work, the SCAN func-
tional is selectively modified for application to semi-
conductors and insulators, with no attempt to describe
metallic systems or jellium-like models. The primary goal
of SD-SCAN is to improve the prediction of electronic
bandgaps, while structural properties such as lattice con-
stants are also preserved through constrained optimiza-
tion.

11—«

II. RESULTS

Initially, we explore the k-c1, space for 20 significant
semiconductors and insulators. Figure 1 illustrates E,
variation across the k-cy, space for carbon, silicon, and
germanium, all in the diamond cubic phase. Notably,
a maximum bandgap exists in the x-cq, plane, with its
location varying among materials. While carbon’s max-
imum FE, is smaller than the experimental value, silicon
and germanium exhibit various combinations of x and
c1; that match the experimental values.



x
—
O

a)C
1.2
85.0
1.0
825
0.8 80.0
77.5
0.6
75.0
0.4 72.5
0.2 70.0
02 04 06 08 1.0
K

_ b) Si
80
60
40
.h-__ 20
02 04 06 08 10

K

c) Ge
120
100 100
80
60
40
20
- - | 0
02 04 06 08 10
K

FIG. 1. Bandgap variation across the k—ci, space. Color maps show the predicted electronic bandgap E, as a function
of k and c¢i, for: (a) carbon diamond, (b) silicon, and (c¢) germanium. For carbon, the white line encloses the region with
the maximum bandgap. For silicon and germanium, the white line represents all the solutions that achieve the experimental
bandgap. The color bar reports Fy as a percentage of the experimental value. Warmer (cooler) colors denote larger (smaller)

bandgaps.

Additional constraints are introduced to refine solu-
tions. First, lattice parameters are incorporated as con-
straints, enabling the selection of optimal FE, solutions
with lattice parameters closer to experimental values.
Second, considering the structure of Equation 8, weak
bonds can be characterized by adjusting d, while main-
taining cs, constant. Third, numerous calculations with
various materials show that d. and co. have no impact
on K, or lattice parameters. These considerations allow
us to reduce the problem to a 4-dimensional parameter
space for bandgap optimization: k, c¢i., d, and cq..

Diamond-like structures: Figure 2 presents the lattice
parameter behavior across the x-cy, plane for carbon di-
amond, silicon, and germanium. The plotted lines repre-
sent all possible solutions based on experimental lattice
parameters. Notably, for carbon diamond, the line co-
incides with the point of maximum bandgap observed in
the k-c1, plane. This implies that adjusting « to 0.15 and
1, t0 0.85 can enhance the bandgap from 4.56 eV (with
traditional SCAN) to 4.70 eV while maintaining accurate
lattice parameters. Given that d, signifies weak bonds
or regions with very low electronic density, it is reason-
able to decrease it for carbon diamond, which comprises
perfect covalent bonds between carbon atoms, but not to
increase it. A slight increase in E, is observed concern-
ing d,, while the lattice parameters significantly increase.
Conversely, reducing ci. results in a notable increase in
the bandgap without affecting the lattice parameters.
Further exploration of the d,-c;. space indicates that the
optimal solution is d, = 1.00 and ¢;. = 0.1, resulting in a
maximized bandgap of 5.02 eV with accurate lattice pa-
rameters. This represents the highest bandgap prediction
for carbon diamond among the semilocal DF'T function-
als considered here. It is worth noting that achieving the

experimental bandgap for materials such as carbon dia-
mond is currently unattainable with the current form of
the SCAN XC functional.

Comparing Figures 1b and 2b shows that no solution
satisfies the experimental bandgap and lattice parame-
ters simultaneously for silicon. The optimal solution for
experimental E4 involves setting x to 0.5 and ¢y, to 0.45,
with lattice parameters closest to the experimental val-
ues. Parameter d, influences both E,; and lattice con-
stants, increasing concurrently with its rise. Conversely,
c1c exhibits a convex curve, leading to F, augmentation
as it deviates from the default value while leaving the lat-
tice parameters unaffected. The most favorable solution
for silicon sets d, to 0.9 and ci. to 0.1, resulting in £,
matching the experimental value with a lattice parameter
of 5.47 A (error +0.04 A).

Achieving the experimental F, for germanium is fea-
sible with lattice parameters that closely approximate
experimental values, albeit slightly smaller. The opti-
mal solution requires small values for the x (0.05) and
c1z (0.15) parameters. Unlike carbon and silicon, germa-
nium’s bandgap decreases with an increasing d,, while
the lattice parameters increase. Additionally, £, in-
creases with cq., while the lattice parameters decrease
slightly. Despite the absence of weak vdW forces, germa-
nium can still exhibit regions of low electronic density due
to its larger atomic radius relative to carbon and silicon.
Consequently, increasing d, to expand the cell towards
optimal parameters is physically justified. The most ef-
fective solution sets d; to 1.6 and ¢, to 0.91, achieving
both the experimental bandgap and lattice parameters.

Noble gases: Under ambient conditions, noble gases ex-
ist as monoatomic gases with minimal reactivity, but at
near absolute zero temperatures, they form face-centered
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TABLE I. Bandgap values (eV) and lattice parameters (A) of representative solids obtained using different exchange—correlation
functionals. Materials are grouped by crystal system (CS): diamond-like (diam), face-centered cubic (fcc), rocksalt (rs),
zincblende (zb), and hexagonal (hex). For cubic structures, only the a-lattice parameter is reported, while for hexagonal
structures both a- and c-lattice parameters are provided. The optimized parameters (k, ciz, dz, and cic) correspond to the
values used in the SD-SCAN functional for each material. The last row reports the average mean absolute error (MAE),
excluding noble gases.

Bandgap (eV) Lattice Parameters (A) Parameters

Material CS PBE SCAN SD-SCAN Expt. PBE SCAN SD-SCAN Expt. Kk Ciz di cCic
C diam 4.12 4.58 5.02 540 [1] 3.57 3.56 3.57 357 1] 0.15 085 1 0.1
Si diam 0.62 0.84 117 117 [1] 5.47 5.43 5.47 543 [1] 050 0.45 0.9 0.1
Ge diam 0.00 0.15 0.74 0.74 [1 5.75 5.66 5.67 5.66 [1] 0.05 0.15 1.6 0.91
Ne fcc  11.58 13.30 21.46 21.48 [49 4.46 3.98 4.35 446 1] 0.01 02 9 0.64
Ar fee 8.46  9.54 14.11 14.15 [49] 5.76 5.26 7.10 531[1] 0.01 02 8 0.64
Kr fecc 717 8.01 11.60 11.59 [49] 6.38 5.75 7.31 564 1] 001 0.2 6.3 0.64
Xe fce 6.21  6.90 9.28 9.29 [49 7.01 6.36 8.61 6.13[1] 0.01 02 4 0.64
CdO s 0.00  0.00 0.80 0.80 [50 4.78 4.71 4.77 4.70 [51] 0.17 0.15 1.24 0.64
LiCl s 6.29 7.51 7.81 9.40 [52] 5.14 5.08 5.16 5.11 [52] 0.01 0.35 1.24 0.64
LiF rs 894 10.64 11.67 13.60 [53] 4.05 3.97 3.97 4.01 [52] 0.01 0.1 1.24 0.64
MgO s 449 5.64 6.61 7.67 [53 4.25 4.20 4.18 420 [1] 0.01 0.2 1.24 0.64
GaAs zb 0.15 0.64 1.52 1521 5.75 5.67 5.65 5.65 [1] 0.027 0.15 1.24 0.64
B-SiC zb 1.51 1.86 2.30 2.30 [50] 4.38 4.35 4.34 4.35[1] 0.15 0.2 1.6 0.64
ZnS b 201 271 3.54 3.54 [50] 5.45 5.37 5.40 5411 002 0.1 1.8 0.64
c-BN zb 4.45  4.97 5.52  6.36 [54] 3.63 3.61 3.58 3.62[52] 0.15 0.1 1.6 0.64
MgS zb 3.39  4.17 5.39 5.40 [52] 5.69 5.65 5.90 5.62 [52] 1.00 0.45 1.6 0.64
a-SiC hex 2.03 2.38 2.86 2.86 [50] 3.09, 15.18 3.08, 15.09 3.07, 15.08 3.08, 15.12 [55] 0.15 0.15 1.9 0.64
GaN hex 171 2.23 3.34 3.34 [50] 3.22,5.24 3.19,5.20 3.14,5.09 3.14,5.72 [56] 0.03 0.1 0.8 0.64
MoS, hex 1.54 1.29 1.23 1.23 [57] 3.18, 14.08 3.18, 12.79 3.17, 12.65 3.17, 12.32 [58] 0.08 0.1 1.4 0.64
h-BN hex 459 4.81 5.95 5.96 [54] 2.51, 7.80 2.50, 6.77 2.51,8.28 2.54,6.60 [59] 0.15 0.1 3.6 0.64
MAE 1.63  1.07 0.36 0.04, 0.87 0.02, 0.30 0.04, 0.67

cubic (fee) structures primarily influenced by vdW forces. liance on van der Waals (vdW) interactions, parameter
The original SCAN paper evaluated Ne, Ar, Kr, and Xe optimization for bandgap prediction is performed. A con-
for XC energy prediction [11]. Subsequently, E, predic- sistent trend emerges across all cases: F, is maximized
tion for Kr and Ar was investigated using the TASK XC  with small values of x (0.01) and ¢, (0.2), resulting in
functional [32]. a 10% improvement in bandgap prediction compared to

traditional SCAN.
Given the significance of these elements and their re-



The effect of d,, essential for weak vdW bonds, is ex-
amined to match experimental values. Increasing this
parameter by one order of magnitude—Ne: 9, Ar: 8, Kr:
6.3, Xe: 4—is necessary to match experimental bandgap
values. Nevertheless, this adjustment results in excessive
cell expansion, which is more pronounced in larger ele-
ments. This highlights the significant influence of d, on
weak bonds and emphasizes the need for careful fitting
tailored to specific materials.

In contrast, ¢ has a positive but minor effect on E,
with no significant change in lattice parameters. The
diminished influence of correlation on £, and lattice pa-
rameters in noble gases stems from their closed-shell elec-
tron configurations, resulting in localized electron densi-
ties [1]. This localization reduces the impact of correla-
tion effects compared to systems with more delocalized
electrons.

Ionic crystals: As shown in Table I, ionic crystals (LiF,
LiCl, MgO, CdO) exhibit very small £ (0.01) and an av-
erage ¢y, of 0.2, similar to noble gases. This corresponds
to the closed electronic shells of ions in simple ionic crys-
tals, identical to those in inert gas atoms [1].

However, unlike noble gases, ionic crystals lack weak
van der Waals (vdW) forces, and regions of low electron
density are not expected. Consequently, increasing d,
results in minimal changes in Fy and lattice parameters.
Additionally, the spherically symmetric charge distribu-
tion makes correlation effects less pronounced than ex-
change effects. Varying c;. shows minimal increases in
E, and lattice parameters, as expected.

The current form of SCAN does not accurately predict
the bandgap of highly ionic materials. This limitation
arises mainly from the definition of o in Equation 3. In
these solids, the valence charge is strongly localized on
the anions but in a nearly spherical, multi-orbital dis-
tribution. Such regions are characterized by 7 differing
significantly from the single—orbital limit 7"V but being
comparable to the uniform limit 7", so that the band-
edge states sample @ ~ 1 and @ > 1 much more than
a =~ 0. This behavior contrasts with covalent semicon-
ductors (like Si), whose bonding charge density is concen-
trated in single—orbital bonds and is therefore dominated
by a = 0.

In SCAN, the exchange enhancement factor F(s, )
varies only weakly with o near o« = 1 (ie.,
OF,/0a. — 0), so the GKS potential lacks a large
derivative—discontinuity—like response in precisely the
regime that is most important for highly ionic and
charge-transfer solids. Reparametrizing « and ¢y, there-
fore has a limited impact on the bandgaps of ionic crys-
tals: even after optimization, SCAN captures only about
80-85% of the experimental E, in the studied materi-
als. Meta—GGAs that strengthen the a-dependence near
a1 (e.g., TASK [32, 60]) can already improve the de-
scription of ionic crystals at a semilocal computational
cost.

Residual self-interaction and the absence of long-range

nonlocal (Hartree—Fock-like) exchange in semilocal
SCAN further contribute to the underestimation of
bandgaps in these strongly charge-separated systems
[28, 61]. Hybrid functionals and GW approaches with ex-
plicit nonlocal exchange can yield further improvements,
but at a significantly higher computational cost.

Zincblende structures: This structure comprises two
fcc lattices, each shifted by a quarter of a body diagonal,
with each element positioned on a separate fcc lattice.
Covalent bonds among the various components charac-
terize this structure. Observations from Table I reveal
that most zincblende structures exhibit small values of &,
similar to diamond-like structures. However, MgS stands
out, requiring maximization of x to achieve the experi-
mental bandgap, resulting in a 0.3 A increase in lattice
parameters. In all cases, c1, remains consistently smaller
than the default value, as observed for germanium and
silicon.

Due to differences in atomic size within covalent bonds,
areas of low electronic density emerge, evidenced by an
increase in Fy and lattice parameters with higher values
of d,. Consequently, there is a physical motivation to
adjust d, to achieve the desired E; and lattice parame-
ters; however, for c-BN, minor corrections in d, fall short.
While ¢-BN achieves an 86% bandgap through « and ¢y,
reparametrization, lattice parameters remain slightly be-
low experimental values. Increasing d, aims to rectify
both effects; however, as with carbon diamond, minimal
changes are observed due to strong covalent bonds and
the presence of a few regions of low electronic density.

Additionally, ¢i. demonstrates sensitivity to E, with
a positive slope in all cases, although it has a minimal
impact on lattice parameters for most zincblende mate-
rials.

Hexagonal structures: Table I shows that most hexag-
onal structures have small x values, peaking at 0.15, and
c1, around 0.1, similar to diamond-like and zincblende
structures. Materials with the same chemical formula but
different crystal structures, such as a-SiC, -SiC, c-BN,
and h-BN, exhibit similar x and ¢;,. This suggests that
the bonding environment determines these parameters,
with electronic density within bonds directly influencing
the optimal values.

This relationship extends to 2D materials, as seen in
MoS,, where extrapolating bulk parameters to the mono-
layer yields a bandgap of 1.87 eV and a lattice parame-
ter of 3.16 A, closely matching experimental values. This
suggests the potential transferability of x and ¢y, param-
eters to 2D materials.

Increasing d, in hexagonal structures generally in-
creases Iy, with materials like MoSy and h-BN showing
larger changes due to vdW forces. Additionally, d, typ-
ically increases lattice parameters, but the accuracy of
the a- and c-lattice parameters differs: the former closely
matches experimental values, whereas the latter is often
overestimated or underestimated. Despite testing various
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FIG. 3. Variation of hj as a function of k. Curves show
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of h¥ lies between hl and hY and depends on a.

K-C1.-d, combinations, no parameter set simultaneously
achieves exact accuracy for both lattice parameters. Pa-
rameter cq. usually exhibits a positive slope with mini-
mal impact on lattice constants, which is consistent with
previous findings.

General Findings: The materials in Table I show &
ranging from 0.01 to 0.17, with modes at 0.01 and 0.15.
These values fluctuate around the default SCAN value
of 0.065, which is near the midpoint of this range. The
behavior of the bandgap varies with k: it can be maxi-
mized at minimal values (e.g., germanium), peak around
0.15 with a concave shape (e.g., carbon diamond), or be
maximized at larger values close to 1 (e.g., silicon). In-
creasing k towards 1 consistently leads to excessive cell
expansion, making high values undesirable. Additionally,
smaller values of  result in small values of hl according
to Equation 5. As shown in Figure 3, when & increases,
hl rises, narrowing the gap between hl and h). Here, h0
is the covalent limit, while hl represents a fully metallic
bond. When hl approaches h?, the material is treated as
fully covalent, regardless of changes in « across the elec-
tronic density. This observation is consistent with the
principle that covalent materials generally exhibit larger
interatomic distances than metals. Metallic structures
feature closely packed arrangements with relatively short
interatomic distances. In contrast, covalent bonds are di-
rectional, leading to a more diffuse electron distribution
and larger average distances between atoms.

By contrast, c¢1, exhibits a consistent pattern, remain-
ing relatively uniform across most materials and typically
peaking at small values. As shown in Table I, its average
value is 0.225, with modes at 0.2, 0.1, and 0.15. Unlike
K, the default SCAN value of ¢1,, 0.667, appears notably
high for accurately describing the electronic behavior of
semiconductors and insulators. As shown in Figure 4,
smaller c¢1, values in Equation 8 produce a flatter curve
for the interpolation factor f,(a), resulting in more grad-
ual changes with «. Conversely, higher ¢, values yield a
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FIG. 4. Dependence of the interpolation factor f.(«a)
on ci;. Curves show f, versus « for different values of ci,:
0.1 (red), 0.2 (blue), and 0.667 (green; SCAN default).

steeper curve, causing more pronounced variations. Al-
though ¢y, solely alters the shape of the exponential term
in Equation 8, it is reasonable that for semiconductors
and insulators, ci, assumes smaller values than the de-
fault. This is because, during screening across different
electronic-density regions and varying « values, the in-
terpolation factor tends to be higher, thereby promoting
covalent behavior over metallic behavior. Consequently,
this increases the exchange enhancement factor F, and
the solid’s bandgap. By contrast, for ionic semiconduc-
tors whose band-edge states predominantly probe « close
to 1, the variation of f,(«) with ¢, is much weaker,
so the impact on the exchange interpolation factor, and
hence on the bandgap, is minimal, consistent with Figure
4 and the preceding discussion of ionic crystals.

Parameter d, increases the bandgap in materials with
regions of low electronic density or vdW forces. In-
creasing it generally increases the lattice parameters, but
larger values result in excessive cell expansion.

The findings reveal that bandgaps in covalent materials
are significantly sensitive to ¢y, while they have minimal
impact on noble gases and ionic crystals. Generally, ¢,
has minimal effects on lattice parameters, making the ex-
change component the primary factor in accurate predic-
tions. Overall, exchange interactions are more influential
than correlation effects in modulating £, as observed in
other studies [62].

As depicted in Table I, SD-SCAN, defined as the
SCAN functional with optimal parameters, systemati-
cally improves bandgap predictions relative to PBE and
SCAN for most materials while retaining accurately de-
scribed lattice parameters. The most significant residual
discrepancies in F, occur for highly ionic rocksalt com-
pounds, consistent with the SCAN functional’s limita-
tions in such systems. For lattice parameters, SCAN
and SD-SCAN both reproduce experimental values to
high accuracy, indicating that the bandgap improvement
achieved by SD-SCAN does not require a substantial de-
terioration of equilibrium structural properties, in line
with the observations of Kovécs et al [34]. To further ex-



amine these trends, the following paragraphs analyze the
effects of SD-SCAN on band structures, charge density,
and optical properties.

Band structures: Figure 5 illustrates the band struc-
tures of carbon diamond and GaAs across PBE, SCAN,
and SD-SCAN XC potentials. While the overall shapes of
the bands are similar, the three XC potentials lead to dif-
ferent bandgaps and bandwidths. PBE bands are slightly
higher in energy than SCAN and SD-SCAN, which are
closely aligned. The conduction band shifts upward from
PBE to SCAN, and then from SCAN to SD-SCAN. Using
SD-SCAN, carbon diamond shows an indirect bandgap
of 5.02 eV, and GaAs shows 1.52 eV, both consistent with
experimental values.
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FIG. 5. Band structures with different ex-

change—correlation functionals. (a) Carbon (diamond).
(b) GaAs. Curves colors denote functionals: PBE (blue),
SCAN (green), and SD-SCAN (red). The hatched region vi-
sually indicates the experimental fundamental bandgap. (Im-
age generated with PyProcar[63, 64].)

Charge density: The electron density and electron lo-
calization function (ELF) are analyzed for carbon dia-
mond, silicon, CdO, and GaAs using LDA, PBE, SCAN,
and SD-SCAN. As shown in Figure 6, in carbon diamond,
SD-SCAN enhances charge localization along C—C bonds
and broadens the electron distribution relative to other

functionals, reflecting strong covalent bonding. A simi-
lar effect occurs in silicon, where SD-SCAN produces pro-
nounced Si—Si bond localization with a cylindrical profile.

For CdO, an ionic material, the charge density remains
spherical and is centered on the Cd and O atoms for all
functionals, with minimal variation. The ELF indicates
electron accumulation near the O atoms due to their
higher electronegativity.

In GaAs, charge density is predominantly localized
near As atoms. SD-SCAN increases the charge density
between Ga—As bonds, accentuating their covalent char-
acter (see Supplementary Figure 2).

Overall, SD-SCAN expands the charge density in cova-
lent materials, thereby reducing electron—electron repul-
sion energy. In contrast, changes remain minimal in ionic
systems, highlighting the limitations of semilocal func-
tionals in accurately capturing their electronic structure.

Optical properties: The electron bandgap plays a cru-
cial role in a solid’s optical properties, particularly in
determining the energies of the photons it can absorb
or emit. When photons with energies near or above the
bandgap are absorbed, they can excite electrons from
the valence band to the conduction band, generating
electron-hole pairs. This process influences optical prop-
erties, including reflectance, transmittance, and refrac-
tive index. The optical dielectric constant e(c0), related
to the refractive index, reflects the material’s response to
high-frequency electric fields.

The dielectric function follows an inverse quadratic de-
pendence on the interband transition energy [66]; thus,
bandgap underestimation in PBE and SCAN leads to
excessive screening and overestimated e(oo). Adjust-
ing internal parameters in SD-SCAN reduces screening,
thereby yielding a more accurate optical dielectric con-
stant.

The impact of bandgap correction on optical properties
is evaluated by computing the optical dielectric constant
using the finite electric field response method. As shown
in Table II, PBE systematically overestimates the dielec-
tric constant, while SCAN improves accuracy. SD-SCAN
slightly underestimates values but offers better predic-
tions than SCAN in 42% of cases. SCAN fails for 11%
of materials by misclassifying them as metals (e.g., Ge,
InAs, and GaSb), thereby making dielectric calculations
infeasible. In contrast, SD-SCAN correctly reproduces
finite values for all systems, enabling reliable dielectric
predictions where SCAN fails.

Figure 7 compares the dielectric function of silicon
calculated with various XC functionals against experi-
mental data. In the real part of the dielectric function,
PBE shows a leftward shift of about 0.7 eV, leading to a
65% average relative error. SCAN shifts by 0.2 eV and
SD-SCAN by 0.1 eV, with SD-SCAN (40%) slightly out-
performing SCAN (46%). The imaginary part follows a
similar trend: PBE exhibits a significant leftward shift,
with a 383% error, while SCAN and SD-SCAN align their
curves more accurately. SCAN captures the highest peak
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TABLE II. Optical dielectric constants, e(co

), of representative solids obtained using different exchange—correlation functionals.

Experimental values are taken from Ref. [1]. Mean error and mean absolute error are reported for comparison. Average values

exclude materials classified as metals.

€(00) Mean Absolute Error Mean Error
Material Expt. PBE SCAN SD-SCAN PBE SCAN SD-SCAN PBE SCAN SD-SCAN
C 5.50 5.44 5.31 5.90 0.06 0.19 0.40 -0.06 -0.19 0.40
Si 11.70 12.86 11.43 10.98 1.16 0.27 0.72 1.16 -0.27 -0.72
Ge 15.80 metal 17.51 14.01 1.71 1.79 1.71 -1.79
LiBr 3.20 3.39 3.22 3.07 0.19 0.02 0.13 0.19 0.02 -0.13
LiCl 2.70 2.91 2.81 2.67 0.21 0.11 0.03 0.21 0.11 -0.03
RbI 2.60 2.67 2.60 2.42 0.07 0.00 0.18 0.07 0.00 -0.18
LiF 1.90 2.00 1.96 1.89 0.10 0.06 0.01 0.10 0.06 -0.01
KCl 2.10 2.23 2.20 2.11 0.13 0.10 0.01 0.13 0.10 0.01
AgBr 4.60 591 5.41 3.40 1.31 0.81 1.20 1.31 0.81 -1.20
AgCl 4.00 4.94 4.59 3.04 0.94 0.59 0.96 0.94 0.59 -0.96
MgO 2.95 3.28 3.02 2.94 0.33 0.07 0.01 0.33 0.07 -0.01
GaP 8.50 10.29 9.48 7.72 1.79 0.98 0.78 1.79 0.98 -0.78
GaAs 10.90 14.06 12.20 9.75 3.16 1.30 1.15 3.16 1.30 -1.15
B-SiC 6.70 7.13 6.67 6.37 0.43 0.03 0.33 0.43 -0.03 -0.33
InAs 12.30 metal metal 11.08 1.23 -1.23
InP 9.60 11.00 9.49 8.07 1.40 0.11 1.53 1.40 -0.11 -1.53
GaSb 14.40  metal metal 12.17 2.23 -2.23
TIBr 5.40 5.73 5.56 4.84 0.33 0.16 0.56 0.33 0.16 -0.56
TIC1 5.10 5.09 4.99 4.96 0.01 0.11 0.14 -0.01 -0.11 -0.14
Average 0.73 0.31 0.51 0.72 0.22 -0.46

but not the smallest one (103% error), whereas SD-SCAN
captures both peaks with the lowest error (64%).

These results demonstrate that bandgap correction
enhances the accuracy of optical property calculations.
However, the dielectric response depends not only on the
bandgap but also on the XC kernel, which influences
screening and varies across functionals [67]. Addition-
ally, the absence of excitonic effects at the meta-GGA
level contributes to discrepancies with experimental spec-
tra, particularly in peak positions and shapes [68, 69].
Despite this, SD-SCAN provides a modest yet consis-
tent improvement over SCAN, yielding values closer to
experiment without altering the overall spectral shape.
This trend aligns with previous findings with hybrid func-
tionals, in which bandgap corrections improve agreement
with optical measurements [70)].

Machine Learning: To improve E,; predictions, a
system-dependent ML-driven XC functional (ML-SCAN)
is developed, enabling parameter fitting based on
material-specific descriptors. A rapid scan over the k-
c1. space is performed on 244 materials: first, fixing x to
find the best ¢y, then varying  for optimal pairing.

Based on these findings, we develop a machine learning
method to predict x and ¢;, using the physical proper-
ties of solids as input variables. These properties include
space group, period (related to the rows in the periodic
table), valency (related to the columns in the periodic
table), electronegativity (X), covalency, bond strength,
ionic density (atoms/volume), electronic density (elec-
trons/volume), and mass density. Covalency can be de-
fined as exp[—0.25(X4 — Xp)?], where X4 and Xp are
the electronegativities of the elements involved in the
chemical bonding. Bond strength is calculated as cova-
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FIG. 7. Dielectric function with different exchange-
correlation functionals. Real (top) and imaginary (bot-
tom) part of the dielectric function of silicon. Spectra com-
puted with PBE (blue), SCAN (green), and SD-SCAN (red).
Experimental data from Ref. [71] is shown for comparison
(black dashed line).

lency divided by the atomic distance between the bonded
atoms. All descriptors used are either tabulated atomic
properties or directly computable from first-principles-
relaxed structures.

Supervised learning regression algorithms, including
Multiple Linear Regression (MLR), K-Nearest Neighbors
(KNN), Decision Trees (DT), Random Forest (RF), Ad-
aBoost (ADA), and Gradient Boosting Regressor (GBR),
are employed to develop models that predict x and cy,.

The optimal algorithm was selected based on three cri-
teria: (1) Out-of-sample accuracy (MAE and o of x and
¢12): RF, MLR, and ADA achieved the lowest combined
mean absolute error and standard deviation (Supplemen-
tary Table 2); (2) Coverage Probability: MLR yielded
prediction intervals closest to the 95% target, followed by
ADA and RF (Supplementary Table 3); (3) Overfitting
Analysis: MLR, ADA, and KNN exhibited the smallest
differences between in-sample and out-of-sample perfor-
mance (Supplementary Figure 1).

Given its strong performance across all criteria, MLR
is selected for further machine learning efforts.

The most important features for predicting x and ¢y,
are covalency, bond strength, and ionic density. Co-
valency reflects the degree of electron sharing between
atoms. Bond strength captures the influence of short,
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strong bonds on electronic properties. Ionic density dis-
tinguishes between covalent and ionic/metallic materials,
being lower in the former and higher in the latter. In
general, covalent materials exhibit low x and ¢y, values
typically ranging from 0.2 to 0.3. For ionic materials, the
ML algorithm tends to maximize x and minimize ¢y, in
an effort to achieve larger bandgaps; however, these are
often unattainable due to SCAN’s limitations discussed
previously for this class of solids.

As observed in Table III, PBE has the highest MAE
(1.27 eV) and a relatively high o (0.96 eV) in bandgap
prediction. SCAN improves upon PBE with a lower
MAE (0.88 e¢V) and o (0.78 eV). SD-SCAN, which
involves manually fitting parameters to optimize the
bandgap, achieves the lowest MAE (0.32 eV) and o (0.6
eV), indicating the best performance among the methods
and representing the best possible result. Similarly, ML-
SCAN performs well with an intermediate MAE (0.60
eV) and o (0.74 eV). ML-SCAN outperforms PBE and
SCAN but does not surpass SD-SCAN, as expected.

The cubic system, containing the most materials, dis-
plays the highest MAE and o across all crystal systems
and XC functionals. As observed in Table IV the most
significant errors arise from the rocksalt structures, which
exhibit the highest MAE and o among all cubic systems,
thereby elevating the overall metrics. This is likely be-
cause most rocksalt systems predominantly exhibit ionic
bonding, which SCAN struggles to predict accurately for
the bandgap. Reparametrization alone cannot fully cor-
rect this limitation.

While direct comparisons with other ML-based
bandgap studies are limited by dataset overlap, the pro-
posed approach shows comparable accuracy. It outper-
forms Nagai et al. [45], whose model wasn’t tailored for
bandgap prediction (Supplementary Table 5), and per-
forms similarly to Lui et al. [43] (Supplementary Table
6). Lentz et al. [42] achieve better results, likely due
to their focused training on just seven materials with
dopants and temperature effects (Supplementary Table
7). Borlido et al. [33] also report a lower MAE (0.45
eV), but their model uses more descriptors and multiple
XC functionals, increasing computational cost. Overall,
this study delivers competitive performance within the
scope of its materials and methods.

To benchmark ML-SCAN, a small set of materials was
tested with GoW, and HSE06 (Supplementary Table
1). While ML-SCAN doesn’t outperform these meth-
ods, it achieves comparable accuracy at a much lower
computational cost. Bandgap relative errors were 16%
(GoWy), 12% (HSEO06), and 18% (ML-SCAN); corre-
sponding MAEs were 0.34, 0.52, and 0.76 eV. Despite
the limited sample size, the results indicate that ML-
SCAN balances accuracy and efficiency, making it a
strong candidate for large-scale or resource-constrained
studies. Future work could further refine its performance
and broaden validation, potentially narrowing the gap
with GW and hybrid functionals.
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TABLE III. Mean absolute error (standard deviation) using PBE, SCAN, SD-SCAN, SCAN-0.2, and ML-SCAN in predicting
the bandgap (eV) of various semiconductors and insulators classified by crystal system (CS). ML-SCAN values correspond to
the leave-one-out cross-validation (LOOCYV) out-of-sample accuracy of the multiple linear regression (MLR) algorithm.

cs Materials PBE SCAN SD-SCAN SCAN-0.2 ML-SCAN
Cubic 104 1.56 (1.18) 1.14 (0.96) 0.47 (0.76) 0.92 (0.92) 0.85 (0.98)
Hexagonal 26 1.10 (0.72) 0.75 (0.54) 0.16 (0.34) 0.43 (0.42) 0.37 (0.42)
Monoclinic 4 1.50 (0.71) 1.00 (0.60) 0.50 (0.57) 0.75 (0.50) 0.80 (0.50)
Orthorhombic 11 0.73 (0.64) 0.47 (0.45) 0.13 (0.26) 0.31 (0.36) 0.31 (0.30)
Tetragonal 87 1.08 (0.73) 0.73 (0.60) 0.23 (0.51) 0.46 (0.51) 0.44 (0.50)
Trigonal 28 1.10 (0.72) 0.67 (0.51) 0.23 (0.34) 0.48 (0.31) 0.47 (0.33)
TOTAL 260 1.27 (0.96) 0.88 (0.78) 0.32 (0.60) 0.64 (0.71) 0.60 (0.74)

TABLE IV. Mean absolute error (standard deviation) using PBE, SCAN, SD-SCAN, SCAN-0.2, and ML-SCAN in predicting
the bandgap (eV) of various cubic semiconductors and insulators subclassified by crystal system (CS). ML-SCAN values
correspond to the leave-one-out cross-validation (LOOCYV) out-of-sample accuracy of the multiple linear regression (MLR)

algorithm.

CS Materials PBE SCAN SD-SCAN SCAN-0.2 ML-SCAN
Diamond 5 0.99 (0.35) 0.63 (0.19) 0.08 (0.17) 0.50 (0.52) 0.46 (0.41)
Rocksalt 52 2.06 (1.38) 1.57 (1.12) 0.76 (0.94) 1.35 (1.05) 1.27 (1.17)
Zinc-blende 31 1.06 (0.63) 0.71 (0.51) 0.12 (0.28) 0.37 (0.46) 0.32 (0.39)
CsCl 9 1.17 (0.91) 0.84 (0.66) 0.38 (0.53) 0.64 (0.52) 0.60 (0.59)
Others 7 0.93 (0.48) 0.63 (0.47) 0.28 (0.47) 0.80 (0.39) 0.65 (0.49)
TOTAL 104 1.56 (1.18) 1.14 (0.96) 0.47 (0.76) 0.92 (0.92) 0.85 (0.98)

SCAN-0.2: Given that the electronic behavior of semi-
conductors and insulators is more accurately captured
with a lower value of c¢y,, this effect was tested on the
dataset of 260 materials. The SCAN-0.2 functional was
constructed by fixing ¢, = 0.2 while keeping all other
SCAN parameters unchanged. This approach is concep-
tually similar to PBEsol, which improves predictions for
solids and surfaces by adjusting specific PBE parameters.
Similarly, SCAN-0.2 improves bandgap predictions by re-
ducing c¢1,, thereby producing a more gradual screening
of the exchange interaction across regions of varying elec-
tron density.

As observed in Table III, SCAN-0.2 shows good perfor-
mance, with an intermediate MAE (0.64 ¢V) and stan-
dard deviation (0.71 eV). It shows a notable improve-
ment over standard SCAN across all crystal systems and
achieves accuracy comparable to ML-SCAN, making it
well-suited for modeling semiconductors and insulators.

While ML-SCAN generally performs slightly better,
such as in carbon, where it predicts a bandgap of 4.25
eV compared to 4.02 eV from SCAN-0.2, there are ex-
ceptions. For instance, in monoclinic systems, SCAN-0.2
shows superior results. Overall, ML-SCAN outperforms
SCAN-0.2 on 58% of the materials studied, whereas
SCAN-0.2 outperforms ML-SCAN on the remaining 42%.

Regarding structural predictions for the materials in
Table I (excluding noble gases), SCAN underestimates
lattice parameters by approximately -0.2%, while SCAN-
0.2 increases this to -0.4%. However, the average devia-
tion remains small (0.02 A) and is considered negligible
(Supplementary Table 13).

III. DISCUSSION

This work presents a system-dependent XC functional,
SD-SCAN, created by fitting internal SCAN parame-
ters to improve the prediction of electronic band gaps
in semiconductors and insulators. Acceptable adjust-
ment ranges were identified to preserve physical plau-
sibility while improving the accuracy of bandgaps and
related properties. The proposed SD-SCAN functional
enhances the description of covalent materials by more
accurately capturing the conduction band edge and as-
sociated charge distributions. However, for highly ionic
compounds, the experimental bandgaps remain inacces-
sible due to the absence of long-range exchange and lim-
itations of the SCAN functional.

By employing machine learning, specifically the ML-
SCAN model, this study demonstrates that SCAN’s in-
ternal parameters can be systematically related to mate-
rial properties, highlighting the potential of data-driven
approaches in functional design. Additionally, a simpli-
fied adjustment, SCAN-0.2 (with ¢, = 0.2), offers an
effective shortcut for improving bandgap predictions in a
wide range of semiconductors and insulators.

This work represents a first step toward developing a
system-dependent XC functional specifically for semicon-
ductors and insulators. Future research should explore
new adaptive, ML-driven XC functionals capable of accu-
rately describing the electronic properties of these mate-
rials. Such advancements will enable the accurate predic-
tion of other physical properties, such as band alignment
and solar cell efficiency.



IVv. METHODS

A. DFT calculations

The materials in this study are analyzed using Density
Functional Theory [72], with exchange and correlation
effects addressed via LDA [7-9], PBE [10], SCAN [11],
and SD-SCAN functionals. Valence electron wave func-
tions are described using the projector augmented-wave
(PAW) method [73]. A T-centered k-point mesh, follow-
ing the Monkhorst-Pack scheme [74], samples the irre-
ducible Brillouin zone for each structure. Total energy
optimization within each cell achieves a maximum error
of 1 meV/atom, and self-consistent solutions of the KS
equations ensure a total energy difference of less than
1075 eV. Calculations are performed using the Vienna
Ab Initio Simulation Package (VASP) [75, 76], with in-
ternal modifications for the SD-SCAN XC functional to
directly read SCAN parameters from the INCAR file.

B. GoWjg calculations

Quasiparticle bandgaps are obtained from one-shot
GoWo@QPBE calculations using VASP. For each semi-
conductor, we start from a converged PBE ground state
(with the same preconverged cutoff and k-point mesh),
compute additional unoccupied states, and then perform
a one-shot GoWj step to obtain the bandgaps.

C. Hybrid HSEO06 calculations

HSEO06 bandgaps were computed using 25% short-
range exact exchange and a screening parameter of 0.2.
Structures were first relaxed with HSE06, and a subse-
quent self-consistent calculation on the relaxed geometry
was used to obtain the final band edges.

D. Machine learning models for SCAN parameters

Supervised machine learning regression algorithms to
predict k and ¢y, XC parameters. The MLR model in-
cludes an intercept and uses the ordinary least squares
loss function. The KNN algorithm is optimized with
four neighbors. The DT Regressor uses a fixed random
seed (random state=42) and imposes no explicit tree-
depth constraint. The RF model has 100 estimators
and a fixed random seed (random state=42) with default
parameters, including unlimited tree depth. The ADA
model uses 50 estimators, a fixed random seed (random
state=42), and the default DecisionTree with a maxi-
mum depth of 3, a learning rate of 1.0, and a linear loss
function. The GBR model is configured with 100 estima-
tors, a fixed random seed (random state=0), and default
settings, including a squared error loss function and a
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learning rate of 0.1. All other parameters use default

values.

ADDITIONAL INFORMATION

This section provides additional references for exper-
imental data that were utilized in training the machine
learning algorithms but are not explicitly discussed in the
main text [77-177]. Further details on each citation can
be found in Supplementary Table 8.

CODE AND DATA AVAILABILITY

Datasets, scripts, and resources related to this work
are available at: https://github.com/vdovale29/SD-
SCAN.git and https://github.com/usnistgov/chips-SD-
SCAN.git.
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FIGURE LEGENDS

Figure 1. Bandgap variation across the k—cy,
space. Color maps show the predicted electronic
bandgap E, as a function of x and ¢, for: (a) carbon
diamond, (b) silicon, and (c) germanium. For carbon,
the white line encloses the region with the maximum
bandgap. For silicon and germanium the white line rep-
resents all the solutions that achieve the experimental
bandgap. The color bar reports E, as a percentage of
the experimental value. Warmer (cooler) colors denote
larger (smaller) bandgaps.

Figure 2. Lattice parameter across the r—cy,
space. Color maps show the relaxed cubic lattice param-
eter (ain A) as a function of x and ¢y, for: (a) carbon di-
amond, (b) silicon, and (c) germanium. The white curve
represents the solutions that achieve the experimental
lattice parameters in all cases. The color bar reports a as
a percentage of the experimental value. Warmer (cooler)
colors denote larger (smaller) bandgaps.

Figure 3. Variation of 1 as a function of k. Curves
show the behavior of hl (blue) and Y (green) as a func-
tion of x for fixed s=1. Default « is shown as a dashed
line. The value of h? lies between hl and h? and depends
on a.

Figure 4. Dependence of the interpolation factor
fz(a) on ¢j,. Curves show f, versus « for different
values of c¢1,: 0.1 (red), 0.2 (blue), and 0.667 (green;
SCAN default).

Figure 5. Band structures with different ex-
change—correlation functionals. (a) Carbon (dia-
mond). (b) GaAs. Curves colors denote functionals:
PBE (blue), SCAN (green), and SD-SCAN (red). The
hatched region visually indicates the experimental fun-
damental bandgap. (Image generated with PyProcar[63,
64].)

Figure 6. Charge density with different ex-
change—correlation functionals for carbon dia-
mond. Charge density distribution for (a) LDA, (b)
PBE, (¢) SCAN, and (d) SD-SCAN. (Images generated
with VESTA at an isosurface level of 0.251357 [65].)

Figure 7. Dielectric function with different
exchange-correlation functionals. Real (top) and
imaginary (bottom) part of the dielectric function of sili-
con. Spectra computed with PBE (blue), SCAN (green),
and SD-SCAN (red). Experimental data from Ref. [71]
is shown for comparison (black dashed line).
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TABLE LEGENDS

Table 1. Performance of the SD-SCAN ex-
change—correlation functional. Bandgap values (eV)
and lattice parameters (A) of representative solids ob-
tained using different exchange—correlation functionals.
Materials are grouped by crystal system (CS): diamond-
like (diam), face-centered cubic (fec), rocksalt (rs),
zincblende (zb), and hexagonal (hex). For cubic struc-
tures, only the a-lattice parameter is reported, while for
hexagonal structures both a- and c-lattice parameters are
provided. The optimized parameters (k, ¢4, ds, and ¢1.)
correspond to the values used in the SD-SCAN functional
for each material. The last row reports the average mean
absolute error (MAE), excluding noble gases.

Table 2. Optical dielectric constant predictions
using different exchange—correlation functionals.
Optical dielectric constants, e(co), of representative
solids obtained using different exchange—correlation func-
tionals. Experimental values are taken from Ref. [1].
Mean error and mean absolute error are reported for
comparison. Average values exclude materials classified
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as metals in any case.

Table 3. Bandgap predictions using machine
learning and the SCAN-0.2 functional. Mean ab-
solute error (standard deviation) using PBE, SCAN,
SD-SCAN, SCAN-0.2, and ML-SCAN in predicting the
bandgap (eV) of various semiconductors and insulators
classified by crystal system (CS). ML-SCAN values cor-
respond to the leave-one-out cross-validation (LOOCYV)
out-of-sample accuracy of the multiple linear regression
(MLR) algorithm.

Table 4. Bandgap prediction for cubic systems.
Mean absolute error (standard deviation) using PBE,
SCAN, SD-SCAN, SCAN-0.2, and ML-SCAN in pre-
dicting the bandgap (eV) of various cubic semiconduc-
tors and insulators subclassified by crystal system (CS).
ML-SCAN values correspond to the leave-one-out cross-
validation (LOOCYV) out-of-sample accuracy of the mul-
tiple linear regression (MLR) algorithm.



