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Figure S1. The normalized HCACF as a function of correlation time in the x (red), y (blue), z directions (green), respectively, for the (a)ATIBOU,

(b)IFENOY, and (c)FEWTUY at 300 K and 1 bar. (d-f) represent the variation of temperature with time for the ATIBOU, IFENOY, and FEWTUY,

respectively, under the NVE ensemble.
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Figure S2. Comparison of simulation and experimental thermal conductivity for MOF-1, Cu-BTC, and IRMOF-1, in which the extended charge

equilibration (Eqeq) method was used for MOF-1.

Table S1. MOFs with LCD between 11 A and 12 A and a VF of about 0.7.

MOF ASA (m¥g)  LCD(A) VF ?gj?rsrg)y V., (cmg) (W m™ K
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Figure S3. (a) The figure on the left illustrates where each structure is located, colored by Py (I) high thermal conductivity with large Py, (II)
medium thermal conductivity with large Py, (1II) low thermal conductivity with large P, (IV) low thermal conductivity with small P. Each plot is
divided into 50 x 50 bins which are illustrated by a filled circle, whose color represents the averaged property across all MOFs in that bin. (b) The
right panel shows schematics of structures I (TONBII), II (FIFPAMOL), III (PAPXUB), and IV (IRMOF-6), where the yellow-colored atoms

represent the optimal heat transfer pathway.
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Figure S4. The partial density of states (PDOS) of high thermal conductivity MOFs, (a) TONBII (Topl, Fe element-based), (b) WICGEV (Top3,

Mn element-based), (c) ATIBOU (Top4, Mn element-based).
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Figure S5. The relationship between metal atom distances and thermal conductivity in the x, y, and z directions of heat transfer pathways, colored

by the ratio of metal atoms, which (a), (b), and (c) represent the x, y, and z directions, respectively.

4.01

3.51

?E“IAK “llbaolao

0.01

\'/I\fig Al Y Ce Nd Fer'n'lGldIZ)'yr Er Si In HoAgNio

Figure S6. Violin plots of the thermal conductivities of MOFs containing different types of metals (Only metal types with more than 10 samples

and less than 30 samples are shown).
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Figure S7. Violin plots of thermal conductivity for MOFs of different crystal types.
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Figure S8. The relationship between P,, and thermal conductivity, including the MOF-1 and Cu-BTC.




Figure S9. Thermal conductivity of 1214 MOFs as a function of P, in the (a) x, (b) y, (c) and z direction.

Table S2. Pearson correlation coefficients between thermal conductivity and various factors.

Factors Pearson correlation coefficients
P, 0.68
R, 0.52
P
! 0.42
N/S; 0.31
P 0.29
P

L 0.17
LCD 0.22

Va
-0.23

VF

-0.24
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Figure S10. Thermal conductivity of 1214 MOFs as a function of P,, in the (a) x, (b) v, (c) and z direction.

Table S3. The structural characteristics, pathway factor, and thermal conductivity of TONBII.

Parameter Value Unit
ASA 265.5 m?%/g
LCD 4.6 A

VF 0.25 -
PLD 423 A
p 1.6 g/em?3
V, 0.10 cm’/g
Metal type Fe -
P 0.005257 -
Puy 0.00233 -
P, 0.004302 -
P, 0.00405 -
K 7.309341 Wm!K!
K 3.393083 Wm'K!
K 8.148788 Wm'K!
K 6.378039 Wm!K!

1.0
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Figure S11. The optimal heat transfer pathway (highlighted in blue) in the (a) x, (b) y, (¢) z direction.

Table S4. The average values of various parameters along the x direction for the three types of topologies, met, rna, and pcu.

Topology Direction N, s Py, Ry Kami P
. 1236 1043 0.65 0.62 135 6.5x102
et v 7.96 923 0.74 038 1.36 3.2x10°
. 17.36 1061 0.56 0.51 1.34 6.4x10°
N 6.78 989 0.67 035 1.56 23104
na y 1625 948 0.60 0.15 0.89 15x10"
, 18.56 894 0.68 0.17 1.23 2.4x10°
. 7.07 1097 0.61 0.16 0.69 462104
peu y 7.61 1107 0.63 0.17 0.65 45x104
, 8.74 1081 0.63 0.17 0.70 6.7%10+

Table S5. Proportions of different metal elements and their corresponding average thermal conductivity for each metal type in MOFs with met-

type topology.

Metal Type Proportion Average Thermal Conductivity




Mn 42.22% 1.244

Co 11.11% 1.029
Fe 31.11% 1.893
Cu 4.44% 0.457
cd 2.22% 0.433
Mg 6.67% 1.067
Zn 2.22% 0.521

Table S6. Proportions of different metal elements and their corresponding average thermal conductivity for each metal type in MOFs with rna-

type topology.
Metal Type Proportion Average Thermal Conductivity
Vs 34.38% 1.164
Al 31.25% 1.044
Fe 18.75% 1.893
Cr 6.25% 1.034
Sc 3.13% 0.932
Ga 6.25% 0.829

Table S7. Proportions of different metal elements and their corresponding average thermal conductivity for each metal type in MOFs with pcu-

type topology.
Metal Type Proportion Average Thermal Conductivity
7Zn 46.49% 0.521
Mn 7.02% 1.244
Cu 4.39% 0.457
La 0.88% 0.660
Mg 5.26% 1.067

10



Co 7.89% 1.029
Fe 0.88% 1.893
Ni 1.75% 0.733
Pr 2.63% 0.666
Y 0.88% 0.832
Nd 2.63% 0.694
Gd 6.14% 0.534
cd 6.14% 0.433
Sm 0.88% 0.612
Tm 1.75% 0.646
Ce 1.75% 0.815
Dy 1.75% 0.496
Ho 0.88% 0.409
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Figure S12. Violin plots of the thermal conductivities of MOFs with different topologies. Only topologies with a sample size exceeding 10 and

excluding met, rna, and pcu topologies are displayed.
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Figure S13. The distribution of thermal conductivity for MOFs with different topologies (rob, sra, tho, and others).

Table S8. Pearson correlation coefficients between thermal conductivity and interaction parameters along the heat transfer pathway.

Interaction parameter

Pearson correlation coefficients

Ag
Ac
A_harmonic
A _pos_charge
A neg_charge
A metal charge
P, /Ag
P./Ac
Pm /A_harmonic
P, *A_pos_charge
P.*(-A_neg charge)

P,*A metal charge

-0.27

-0.46

-0.28

0.27

-0.36

0.10

0.66

0.68

0.66

0.66

0.66

0.59
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Pm*Bmi

0.68

Notes: Ag, Ao, A_harmonic, A_pos_charge, A_neg_charge, A_metal_charge, B, represent the average €, ¢, harmonic bond parameters, positive
charge, negative charge, metal charge, average bond connected to metal atoms along the optimal heat transfer pathway.
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Figure S14. The distribution of thermal conductivity on the six routes.
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Figure S15. Machine learning for the training and test datasets for (a) SVR, (b) DT, (c) MLP, (d) RF, (¢) GBR, and (f) HGBR, in which P,, ASA,

p, LCD, VF, Va, and PLD were used as descriptors.
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Figure S16. Machine learning for the training and test datasets for (a) SVR, (b) DT, (c) MLP, (d) RF, (¢) GBR, and (f) HGBR, in which ASA, p,

LCD, VF, Va, and PLD were used as descriptors.
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Figure S17. Predicted values of thermal conductivity by various machine learning algorithms, (a) SVR, (b) DT, (c) MLP, (d) RF, (e) GBR, and (f)
HGBR. (g) The Shapley additive explanations (SHAP) values on thermal conductivity of 17 descriptors from the HGBR algorithm, including P,,,

ASA, p, LCD, VF, V,, PLD, Ad,, Ag,, Ady, Agy, Ad,, At,, Adnetal, Abueral, ADONdSyeac, and ABondsyeqarr.
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Figure S18. Machine learning for the training and test datasets for (a) SVR, (b) DT, (c) MLP, (d) RF, (¢) GBR, and (f) HGBR, in which P,, ASA,

p, LCD, VF, V,, PLD, Ad,, Ag,, Ad,, Ag,, Ad,, A€,, Admecl, A&ycrat, AbONdSyieiaik, and ABondsye.r Were used as descriptors.
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Figure S19. The relative importance of seven descriptors including P,,, ASA, p, LCD, VF, Va, and PLD on the thermal conductivity from the

HGBR algorithm.
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