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Materials at both ends of the thermal conductivity
spectrum are desirable for various
technological applications. Despite  substantial
progress in modeling thermal transport within
materials, identifying materials with the desired
thermal conductivity remains a considerable
challenge. This difficulty is partly attributable to the
computationally intensive nature of such calculations
and to the complexities of modeling many body
interactions in solids.[1,2] Recognizing that chemical
bonding within a material plays a crucial role in
phonon dynamics, several studies have incorporated
bonding analysis to investigate the origins of low
lattice thermal conductivity. These studies have
identified  bonding-related features, including
bonding heterogeneity, as among the important
factors that induce Ilow lattice thermal
conductivity.[3—6] In this work, the investigation aims
to determine whether we can find such an
observation on a larger scale using machine
learning techniques. To achieve this, a database of
bonding analysis data obtained using the
LOBSTER[7-10] program was first generated for
approximately 13,000 materials[11,12] sourced from
the Materials Project.[13] This data was
subsequently transformed into machine-learning-
ready descriptors that can numerically quantify the
material's bonding heterogeneity. These descriptors
were evaluated within machine learning algorithms
(e.g., random forests) to assess how their inclusion,
alongside traditional structure and composition-
based descriptors, influences model predictive
performance. The primary target property in these
models is the total lattice thermal conductivity,
including three-phonon interactions.[14] ML models,
on average, showed a significant reduction in
prediction errors, and feature importance analyses
indicated that bonding heterogeneity descriptors
exert a considerable influence. Finally, using
SISSO,[15,16] a symbolic regression technique, a
new descriptor was identified, revealing that
increased bonding heterogeneity in a material
correlates with a decrease in total lattice thermal
conductivity.
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Figure 1: lllustrative example for a material with high
bonding heterogeneity

References

(1]
(2]

(3]

(4]

(3]

(6]

(7]

(8]

(9]

(10]

(1]

(12]

[13]

X. Qian, J. Zhou, G. Chen, Nat. Mater. 2021,
20, 1188-1202.

N. Ma, L. Liu, R. Wu, J. Xu, W. Yin, K. Li, W.
Bai, J. Yang, C. Xiao, Y. Xie, National Science
Review 2024, 12, nwae345.

V. Carnevali, S. Mukherjee, D. J. Voneshen, K.
Maiji, E. Guilmeau, A. V. Powell, P. Vaqueiro,
M. Fornari, J. Am. Chem. Soc. 2023, 145,
9313-9325.

B. Chen, J. Li, X. Wang, M. Shi, T. Sun, M.
Xia, K. Ding, J. Liu, J. Li, H. Tian, F. Rao,
Advanced Functional Materials 2024, 34,
2314565.

M. Dutta, K. Pal, U. V. Waghmare, K. Biswas,
Chem. Sci. 2019, 10, 4905-4913.

X. Jin, X. Ding, F. Zhan, Q. Gao, R. Wang, X.
Yang, X. Lv, J. Phys. Chem. Lett. 2022, 13,
11160-11168.

S. Maintz, V. L. Deringer, A. L. Tchougréeff, R.
Dronskowski, J. Comput. Chem. 2016, 37,
1030-1035.

P. C. Miller, C. Ertural, J. Hempelmann, R.
Dronskowski, J. Phys. Chem. C 2021, 125,
7959-7970.

V. L. Deringer, A. L. Tchougréeff, R.
Dronskowski, J. Phys. Chem. A 2011, 115,
5461-5466.

S. Steinberg, R. Dronskowski, Crystals 2018,
8, 225.

J. George, G. Petretto, A. Naik, M. Esters, A.
J. Jackson, R. Nelson, R. Dronskowski, G.
Rignanese, G. Hautier, ChemPlusChem 2022,
87, DOI 10.1002/cplu.202200123.

A. A. Naik, C. Ertural, N. Dhamrait, P. Benner,
J. George, Sci Data 2023, 10, 610.

A. Jain, S. P. Ong, G. Hautier, W. Chen, W. D.
Richards, S. Dacek, S. Cholia, D. Gunter, D.
Skinner, G. Ceder, K. A. Persson, APL
Materials 2013, 1, 011002.




Al4AM2026 May 19-21, 2026 — Madrid (Spain)

[14] M. Ohnishi, T. Deng, P. Torres, Z. Xu, T.
Tadano, H. Zhang, W. Nong, M. Hanai, Z.
Tian, M. Hu, X. Ruan, R. Yoshida, T.
Suzumura, L. Lindsay, A. J. H. McGaughey, T.
Luo, K. Hippalgaonkar, J. Shiomi, 2025, arXiv
preprint, DOI: 10.48550/arXiv.2504.21245.

[15] T.A.r Purcell, M. Scheffler, C. Carbogno, L.
M. Ghiringhelli, Journal of Open Source
Software 2022, 7, 3960.

[16] T. A.R. Purcell, M. Scheffler, L. M.
Ghiringhelli, The Journal of Chemical Physics
2023, 159, 114110.




