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High-throughput computational evaluation of
lattice thermal conductivity using an optimized
Slack model
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Zhenzhen Qin, *e Xue Jiang, b Jijun Zhao,b Jianjun Hu f and Ming Hu *c

High-throughput computational screening of materials with targeted thermal conductivity (k) plays an

important role in promoting the advancement of material design and enormous applications. The Slack

model has been widely applied for the fast evaluation of k with minimal time and resources, showing

the potential capability of high-throughput screening of k. However, after examining the Slack model on a

large set of 353 materials, a huge discrepancy is found between the predicted k and the correspondingly

measured k in experiments for some materials in addition to the generally overestimated k by the Slack

model. Thus, it is necessary to optimize the Slack model for efficiently and accurately evaluating k. In this

study, based on the high-throughput comparison of the k predicted by the Slack model using elastic

properties and those measured in experiments, an optimized Slack model is proposed. As a result, the k

predicted by the optimized Slack model agrees reasonably with the k measured in experiments, which is

much better than the previous prediction. The optimized Slack model proposed in this study can be used

for further high-throughput computational evaluation of k, which would be helpful for finding materials of

ultrahigh or ultralow k with broad applications.

1. Introduction

The thermal conductivity (k) is a fundamental physical property
that quantifies the ability of heat transfer.1,2 Designing new
materials or modifying existing materials with a targeted k is a
long-term goal for enormous practical implications, such as
phase change memories, electronic cooling, thermoelectrics,
etc.1,3 For instance, high k is of great significance to the heat
dissipation in micro electric devices, while low k could largely
benefit the thermoelectric performance for converting waste
heat to electricity. High-throughput computational screening of
crystalline materials with ultrahigh or ultralow k plays an
important role in promoting the advancement of materials

design and their applications,2,4 where fast evaluation of k only
requiring minimal time and resources is the key.

There are lots of available methods for evaluating k. First-
principles based anharmonic lattice dynamics (ALD) has been a
widely employed method in the past few years.5 However, too many
force calculations using large supercells are time and resource
consuming although they can be partially reconstructed,6 which
limits its practical applications in high-throughput computational
prediction of k. Alternately, evaluating k using an empiricalmodel is
a more efficient and feasible (computationally cheaper) way,
such as the Debye–Callaway model,7–9 the Slack model,10 etc. In
particular, the Slack model has been widely applied for the
evaluation of k for lots of materials,11–13 showing the potential
capability of fast predicting k and achieving insights into the
thermal transport.14–16

The key point in applying the Slack model for high-throughput
computations is to efficiently obtain the Debye temperature and
Grüneisen parameter, where lots of efforts have been dedicated.
Xiao et al.16 evaluated the Grüneisen parameter for four com-
pounds (PbS, PbSe, PbTe, and SnSe) based on the Poisson ratio
that is a function of sound velocity and elastic property, which is in
reasonable agreement with the quasiharmonic lattice dynamics
calculations. Recently, it was proposed by Jia et al.17 that the
Grüneisen parameter can be efficiently estimated based on the
elastic properties and the variation with volume change, which
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is a more general approach as verified by applying it to 39
compounds in three prototype structures (Rock-salt, Zincblende,
and Wurtzite). The new approach overcomes the limitations of the
previous Poisson ratio-based Grüneisen parameters that are only
suitable for Rock-salt structures.16 However, the calculated k using
the Slack model shows a general overestimation when compared
to the experimentally measured k, despite the overall good evalua-
tion of the Debye temperature and Grüneisen parameter [Fig. 1(a–
c)].17 Furthermore, by applying the same procedure to more
materials (353 materials) and comparing the predicted k with
the corresponding experimentally measured k,4,18–23 it is found
that a huge discrepancy exists between the kSlackmodel and kExp. for
some materials in addition to the general overestimation by the
Slack model [Fig. 1(d)]. Such problems are detrimental to the
broad applications of the Slack model in high-throughput
computational prediction of k. Thus, it is necessary to optimize
the Slack model for efficiently and accurately evaluating k.

In this study, based on the high-throughput comparison of
the k predicted by the Slack model using elastic properties and
those measured in experiments, an optimized Slack model is
proposed. As a result, the k predicted by the optimized Slack
model agrees reasonably with the k measured in experiments
for a large set of 353 materials, which is much better than the
previous prediction. The optimized Slack model can be used for
further high-throughput computational evaluation of k, which
would be helpful for seeking materials of ultrahigh or ultralow
k with broad applications.

2. Methodology
2.1 First-principles

All the first-principles calculations are performed based on
density functional theory (DFT) using the projector augmented

wave (PAW) method24 as implemented in the Vienna ab initio
simulation package (vasp).25 The Perdew–Burke–Ernzerhof (PBE)26

of generalized gradient approximation (GGA) is chosen as the
exchange-correlation functional. The kinetic energy cut-off of wave
functions is set as the default maximum energy cutoff. A Mon-
khorst–Pack27 k-mesh density of 0.4 2 p Å�1 is used to sample the
Brillouin Zone (BZ). The energy convergence threshold for the self-
consistent field (SCF) calculations is set as 10�5 eV. All geometries
are fully optimized until the maximal Hellmann–Feynman force is
smaller than 0.01 eV Å�1. The elastic constants are calculated
using the density functional perturbation theory (DFPT). To
evaluate the variation of elastic properties with volume change,
the volume is changed from �1.5% to 1.5% (5 points in total),
which is generally suitable for most calculations.28

2.2 Slack model

Considering the fact that acoustic phononmodes play an important
role in the thermal transport processes of semiconductors, the lattice
thermal conductivity (k) can be obtained using the Slack model:10

k ¼ A
�Mdn1=3Y3

g2T
; (1)

where %M is the averaged atomic mass, d is the cubic root of the
average volume per atom, n is the number of atoms in the primitive
cell that determines the number of phonon branches, Y is the
acoustic Debye temperature, g is the Grüneisen parameter, and T is
the absolute temperature. Commonly, the coefficient A in the Slack
model [eqn (1)] is calculated as:17

A ¼ 2:436� 10�6

1� 0:514

g
þ 0:228

g2

(2)

where g is the Grüneisen parameter.

Fig. 1 The generally overestimated thermal conductivity (k) by the Slack model using elastic properties, despite the overall good evaluation of the
acoustic Debye temperature and Grüneisen parameter. (a) The acoustic Debye temperature, (b) the Grüneisen parameter, and (c) the k for 39
compounds in the three prototype structures (Rock-salt, Zincblende, and Wurtzite) predicted by Jia et al.17 (d) The comparison between the k calculated
by the Slack model using elastic properties and the kmeasured in experiments4,18–23 for 353 materials. The shaded ellipses in (c and d) mark the generally
overestimated k by the Slack model, and the error bars on some points indicate the uncertainty in experimental measurements. (a–c) Reproduced with
permission from ref. 17. Copyright 2017, American Physical Society.
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The formula suggested by Slack has been widely applied for
the evaluation of k for lots of materials.11–13 As for the k
evaluation, the key point is to efficiently obtain the Y and g in
a convenient manner. Generally, the Y and g can be accurately
determined based on the phonon dispersions and thermal
expansion coefficients either from experimental measurements
or (harmonic & anharmonic) lattice dynamic calculations,17

which are very expensive. Thus, lots of efforts have been
dedicated to the efficient evaluation of Y and g that only
requires moderate time and resources.

Jia et al.17 proposed that the Y and g can be efficiently
estimated based on the elastic properties of bulk modulus (B)
and shear modulus (G), which is more computationally
feasible compared to the experiment or expensive lattice
dynamic calculations. According to the Voigt–Reuss–Hill (VRH)
theory,29–31 the elastic properties (B and G) can be evaluated
from the elastic constants, which can be obtained based on
accurate first-principles calculations. With the evaluated B
and G, the sound velocities of the longitude (vL) and shear
(vS) waves can be obtained as31

vL ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Bþ 4=3G

r

s
; vS ¼

ffiffiffiffi
G

r

s
; (3)

where r is the mass density of the material. Thus, the corres-
ponding average sound velocity %v can be obtained:

�v ¼ 1

3

1

vL3
þ 2

vS3

� �� ��1
3

(4)

with the obtained sound velocity, the acoustic Debye tempera-
ture (Y) can be evaluated:31

Y ¼ h

kB

3rn
4p

� �1
3
�vn�

1
3 (5)

where h is the Planck constant, kB is the Boltzmann constant,
and rn is the number of atoms per volume.

In addition to the acoustic Debye temperature (Y), the
Grüneisen parameter (g) can also be evaluated based on
the obtained elastic properties (B and G). The g quantifies the
anharmonic nature of a system, which can be characterized by
the change of phonon frequency (o) with respect to the change
of volume (V):

g ¼ �V

o
@o
@V

� �
; (6)

where o = vq (v is the sound velocity in the long-wave limit and
q is the wave vector). By substituting o and v [eqn (3)] into
eqn (6), the acoustic g can be derived as17

gL ¼ �1

2

V

Bþ 4G

3

@ Bþ 4G

3

� �
@V

� 1

6
; gS ¼ �1

2

V

G

@G

@V
� 1

6
;

g ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
gL2 þ 2gS2½ �=3

q
(7)

Thus, the g is not only determined by the elastic properties
but also determined by the derivation of the elastic properties
with respect to the change of volume. With the obtained Y
[eqn (5)] and g [eqn (7)], the k can be simply calculated using
the Slack model [eqn (1)].

3. Results and discussion

Based on the elastic properties (B and G) calculated from first-
principles, both the acoustic Debye temperature (Y) and
Grüneisen parameter (g) can be evaluated using eqn (5 and 7). In
a previous study, Jia et al.17 performed calculations and evaluations
for 39 compounds in the three prototype structures (Rock-salt,
Zincblende, andWurtzite). As shown in Fig. 1(a and b), the evaluated
Y and g using elastic properties are in good agreement with the Y
and g calculated directly from accurate first-principles phonon
calculations. However, the finally calculated k using the Slack model
[eqn (1)] shows a general overestimation when compared to the
experimentally measured k [Fig. 1(c)], despite the overall good
evaluation of Y and g [Fig. 1(a and b)]. Following the same
procedure, we calculated more materials (353) with experimentally
measured k available.4,18–23 By comparing the k of the large set of
353 materials calculated with the Slack model using elastic
properties and the corresponding measured k in experiments
[Fig. 1(d)], it is found that the k are generally overestimated by
the Slack model, which has the same problem as in the previous
study.17 Since the Y and g evaluated using elastic properties
have already been confirmed to be accurate [Fig. 1(a and b)], the
generally overestimated k in both studies [Fig. 1(c and d)] must
lie in the coefficient A in the Slack model [eqn (1)].

As claimed by previous studies,17,22 the coefficient A in the Slack
model is in fact not a constant for different materials, which is a
variable depending on the g [eqn (2)]. Thus, the non-constant
coefficient A provides a correction to the Slack model on the k
dependence of g, which is important for the accurate prediction of
thermal conductivity. Based on the large set of 353 materials, the
actual values of A (AExp.) can be obtained as

AExp: ¼ kExp:

� �Mdn1=3Y3

g2T
; (8)

where the kExp. is the experimentallymeasured k. As clearly shown in
Fig. 2, the AExp. varies with the g for differentmaterials. The original A
used in the Slack model [eqn (1 and 2)] cannot successfully capture
the variations of AExp. for the large set of different materials. In
particular, the original A is larger than the main part of the AExp. as
shown in the shaded ellipse of Fig. 2 (where most materials lie),
which is responsible for the generally overestimated k in this and
previous studies [Fig. 1(c and d)]. Thus, based on the comparison
between the original A and the AExp., the parameters of A in the Slack
model should be optimized to achieve accurate prediction of k.

A possible solution for the optimization of A in the Slack model
could be simply scaling the original A by a factor, for instance:4

A ¼ 0:609� 10�6

1� 0:514

g
þ 0:228

g2

; (9)
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which is effective for correcting the generally overestimated k as
shown in Fig. 3(a). However, the problem is that the optimized Slack
model with the scaled A [eqn (9)] predicts lots of really bad points as
marked in Fig. 3(a) that is similar to the original Slack model
[Fig. 1(d)], although the prediction of most materials becomes
better. The reason is that the scaled A [eqn (9)] still cannot fully
capture the feature of AExp. as a function of g for the large set of
353 materials (Fig. 2), and thus leads to the huge discrepancy
between the kSlackmodel and the kExp. for some materials with
very strong or very weak phonon anharmonicity, such as boron
arsenide (BAs).32

To achieve accurate prediction of k for the whole set of 353
materials, the coefficient A in the Slack model should be fully
optimized. The same formula as the original A [eqn (2)] is used
for consistency, and all the parameters are refitted using the
least square method to characterize the feature of AExp. as a
function of g:

A ¼ 1

1þ 1

g
þ 8:3� 105

g2:4

; (10)

As shown in Fig. 2, the newly fitted A well captures the feature
of AExp. as a function of g. As a result, the k predicted by the
optimized Slack model [eqn (1)] with the new A [eqn (10)] agrees
reasonably with the k measured in experiments as shown in
Fig. 3(b), which is much better than the previous prediction
[Fig. 1(d) and 3(a)]. Moreover, the root mean square (RMS) is
calculated to quantify the improved performance of the opti-
mized Slack model:

RMS ¼ 1

N

XN
i

kiSlackmodel � kiExp:
� 	2

" #1
2

; (11)

where i specifies one material and N is 353 for the data set
studied here. The RMS of the optimized Slack model is

calculated to be 27.6% of the RMS of the original Slack model.
Thus, the optimized Slack model with the new A is more
accurate than the original Slack model for predicting k, indi-
cating improved performance.

4. Conclusions

In summary, by high-throughput comparison of the k predicted
by the Slack model using elastic properties and those measured
in experiments, an optimized Slack model is proposed for more
accurate prediction of k. The comparison is performed on a
large set of 353 materials with all k obtained from experiments,
and it is confirmed that the coefficient A in the Slack model is
not a constant for different materials, which depends on the
Grüneisen parameter (g). The original A cannot fully capture the
feature of AExp. as a function of g for the large set of different

Fig. 2 The coefficient in the Slack model (A) as a function of the
Grüneisen parameter (g). The red points are the actual values of A based
on the comparison with kExp. [eqn (8)]. The blue points are the original A
used in the Slack model [eqn (2)]. The dashed line is the new fitting to the
actual values of A (red points) [eqn (10)].

Fig. 3 The comparison between the k calculated by the Slack model and
the k measured in experiments4,18–23 for a large set of 353 materials.
(a) The coefficient in the Slack model (A) is simply scaled by a factor of 4
from the original A used in the Slack model [eqn (9)] to lower the generally
overestimated k [Fig. 1(c and d)]. The shaded ellipse marks the bad
predictions. (b) With the newly fitting A [eqn (10) and Fig. 2], the k predicted
by the optimized Slack model agrees reasonably with the k measured in
experiments. The error bars on some points indicate the uncertainty in
experimental measurements.
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materials, leading to the generally overestimated k and the
huge discrepancy between the kSlackmodel and kExp. To solve the
problem, the A in the Slack model is refitted to characterize
the feature of AExp.(g). As a result, the k predicted by the
optimized Slack model with the new A agrees reasonably with
the k measured in experiments, which is much better than
the previous prediction. With the advantages of less resource
requirements and fast calculations compared to the atomic simu-
lations, such as full first-principles and molecular dynamics, the
optimized Slack model can be used for further high-throughput
computational evaluation of k with reasonable accuracy, which
would be helpful for seeking materials with targeted k with broad
applications.
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