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S1. COMPUTATIONAL DETAILS9

A. DFT calculations10

All first-principles calculations were performed in the framework of density-functional11

theory (DFT)S1,S2 employing the Projector Augmented Wave (PAW)S3 method as imple-12

mented in the Vienna Ab-initio Simulation PackageS4–S6. The exchange-correlation effects13

were described by the generalized gradient approximation (GGA) using the Perdew-Burke-14

Ernzerhof (PBE) functionalS7. The calculations were optimized using 2×2×2 k-point mesh,15

with a plane wave cutoff of 520 eV, and a convergency within 1 × 10−5 eV per supercell.16

The nudged elastic band (NEB)S8,S9 method is applied in the low vacancy limit to define17

ion migration barriers. This means that one cation vacancy was created in a large supercell18

to ensure the removal of defect-defect interactions across periodic boundaries in all cases,19

and the minimum energy path for the propagation of a neighboring cation into this vacancy20

war determined by the NEB calculations. All of the structures were fully relaxed until the21

forces on the atoms were converged within 0.05 eV Å−1. The NEB calculations have been22

carried out with seven distinct images for binary compounds, and four distinct images for23

ternary spinels to evaluate the Mg-ion migration trajectory.24

B. Machine-learning approach25

The compressed-sensing approach, developed by Ouyang et al.S10, was performed based26

on the DFT-calculated data in order to identify possible descriptors in the classification of27

the migration barriers. The following input parameters have been used to describe the mi-28

gration barrier energy of binary compounds and ternary spinels: the stoichiometric number29

of elements, the electronegativity of each element, the atomic masses of elements, the ionic30

radii of elements, the valence electron numbers of each element, and the unit-cell volumes.31

Furthermore, the machine-learning process was operated within the scikit-learn packageS1132

using the Anaconda Distribution (Python 3.7.3, numpy 1.16.2).S12,S13 The random forest33

algorithmS14 was employed for the data training and prediction and both regression and34

classification. The output includes the migration barrier energies of compounds. The ef-35

fect of B cation in AB2X4 spinel was then calculated after obtaining these results. The36

machine-learning algorithm was verified by analyzing the mean absolute error (MAE).37

2



0 1 2 3 4

(∆χ)2 in Pauling scale

0.3

0.4

0.5

0.6

0.7

M
ig

ra
tio

n
 b

a
rr

ie
r 

(e
V

) MgB2X4

a

0.6 0.7 0.8 0.9 1.0 1.1 1.2

Ionic radius (Å)

0.3

0.4

0.5

0.6

0.7

M
ig

ra
tio

n
 b

a
rr

ie
r 

(e
V

) MgB2X4

b

FIG. S1. Migration barriers (in eV) as a function of the (a) squared electronegativity difference

between transition metal B and anion X, and (b) the ionic radius of the transition metal B for a

number of MgB2X4 spinels.

S2. VARIATION OF THE TRANSITION METAL B IN THE AB2X4 SPINELS38

In the migration number NAX
migr (Eq. 5), parameters of the migrating cations A and of39

the anions X of the host lattice enter. However, in the spinels AB2X4 also further cations40

Bn+, typically transition metal cations, are present that are not considered in the migration41

parameter, but which should also be of significance in the A-ion transport. Note that in42
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these materials the B-X bond is dominantly covalent. In Fig. S1, we have plotted migration43

barriers for MgB2X4 spinels as a function of the squared electronegativity difference between44

transition metal B and anion X (panel a) and the ionic radius of the transition metal B (panel45

b) for a number of MgB2X4 spinels. Note that there is some scatter in the data. However,46

there is a clear minimum in the height of the migration barriers in panel a for values of47

∆χ2 ≈ 2. Furthermore, the unit-cell volume of the spinel increases by substituting a larger48

B cation into the structure. Again we find a clear minimum in the height of the migration49

barriers in panel b, here for the ionic radius of the transition metal B at values of rB ≈ 1.1.50

These findings reflect that also the choice of the B cations play a role in minimizing the51

ion migration barriers in the spinel compounds. However, we did not manage to identify52

any linear scaling relations upon the variation of the cation B. However, based on the53

identification of these pronounced minima and the corresponding matching properties of Zr,54

we identified MgZr2S4 as a promising ion conductor with a high ion mobility, and indeed we55

found that MgZr2S4 has a rather low Mg migration barrier of only 0.3 eV.56
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