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A Constructing the Datasets5

A.1 Dataset Curation6

We start with a dataset containing approximately 10’600 ground-state, geometry-optimized configurations originally used7

for training (10’000) and testing (604) a model for predicting NMR chemical shieldings for organic molecular crystals1.8

These molecular crystals contain 14 of the most common chemical species, and their energies have already been computed9

using the protocol described in Sec. A.2. For our study, we selected all H, C, N, O, and S-containing molecular crystals10

composed of non-polymeric, neutrally-charged molecules and less than 200 atoms per unit cell. This resulted in 2’707 and11

551 such crystals for training and testing, corresponding to 3’242 and 628 molecules, respectively. A similar screening12

protocol was applied to the ethenzamide co-crystals summarized in Appendix A.4. All data and workflows were managed13

by the signac and signac-flow packages2,3.14

Reducing to H, C, N, O, S First, we eliminated all structures containing chemical species other than H, C, N, O, and S. We15

have limited our dataset to these species to maximize the diversity of our dataset while minimizing the size of our SOAP16

representation (the length scales with O(n2
species)). This resulted in the largest reduction of the overall dataset, from17

roughly 10’000 to 3’800 crystals.18

Separating the Crystals We then separated each crystal into its molecular constituents. First, we computed radial dis-19

tribution functions, combining the data from all structures in a single histogram for each pair of chemical species. We20

determined the cutoff distance for covalent bonds as the first near-zero minimum after the first neighbor peak. We com-21

puted a supercell consisting of 33-73 repeat unit cells for each crystal to screen for polymers.22

Determining the Set of Unique Molecules Finally, we determined the irreducible set of constituent molecules by identifying23

identical/redundant molecules based on the similarity of their SOAP features. In practice, a similarity kernel Kmm′ = xm ·24

xm′ was constructed by computing the similarity of each pair of molecules m and m′ and iteratively removing molecules25

m′ > m, for which Kmm′ > ε. For the later step of identifying the molecular motifs, we were careful to index the location26

of each atom in the original crystal within the constituent molecules. .27

Eliminating Charged Molecules We computed the molecular charges from density-functional tight-binding (DFTB) calcu-28

lations, using the DFTB+ package4 and the Third-Order Parameterization for Organic and Biological Systems (3OB)5,6
29

to perform a Γ-point calculation for each crystal structure. Structures containing molecules carrying an absolute charge30

greater than 0.5e were eliminated. We also eliminated those crystals with common zwitterionic moieties such as NH+
3 or31

COO−. These steps ensure that for the given dataset the lattice energies are defined unequivocally.32

A.2 Relaxing Molecular Geometries33

Quantum-Espresso Parameterization To ensure that the resultant geometries and energies are consistent and compara-34

ble to those obtained for the crystal structures in Cordova et al. 1 , the geometry optimizations for the molecules were35

performed using the same computational parameters using Quantum Espresso7. These parameters were as follows: the36

PBE exchange-correlation functional8, the D2 dispersion correction9, ultrasoft pseudopotentials with GIPAW reconstruc-37

tion10,11, and an equivalent plane-wave energy cutoff of 60 Ryd. We converged the energies within 1E-4 Ryd and forces38

below 1E-3 Ryd/Bohr, respectively. Furthermore, we compute the binding energy based on the lowest energy conformer39

represented in the dataset, ensuring comparability between crystals and co-crystals of similar stoichiometries without40

needing to obtain the global minimum conformation of each molecule.41

Simulation Boxes for Molecules in vacuo To determine the simulation boxes appropriate to describe the molecules in vacuo,42

we performed Γ-point calculations. We converged the results with respect to the size of the simulation cell and, e.g., the43
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separation between the periodic images of the molecules. Based on calculations using a variety of simulation cell sizes for44

20 different molecules, we determined a minimum vacuum padding of 2-4 times the largest dimension of the molecule45

proved sufficient to converge the resultant molecular energies. We confirmed these results against those obtained using46

Martyna-Tuckerman electrostatic decoupling12.47

A.3 Properties of the Resulting Dataset48

Properties of the resulting dataset are given in Fig. S1, with an inset denoting the correlation of a given property with49

the error in regressing the lattice energy (εδ) given the best-performing model reported in the text. Red curves and lines50

denote the testing set, and black curves and lines are the training set.51
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Fig. S1 Analysis of the structures contained in this dataset. In each panel, we show the histogram of a structural parameter across the training set
(black) and testing set (red). For parameters not reported in the original data entry, we have assumed ambient conditions, as noted in each panel. In
the insets, we show the relationship between these parameters and the error in regressing the binding energy using the remnant model described in
the text, εδ to show that there is the relationship between these parameters and the regression performance.

Of the 3’258 total crystals, 23 (0.7%) are shown to be unstable (e.g., ∆c > 0) for the reference DFT method at am-52

bient conditions. The majority of these are structures were experimentally determined at high pressure (CSD Refs. VOF-53

VAN2313, JAYDUI0614, PHENAN1415), low temperature (HAMFEJ16, ZZZEEU0517, EHAJUS18, NTSALA19, ZAQFAB20,54

IDUWEJ21, UWUFAV22, UVOMIC23, LAGMUC24, GAFYES25, PUYVAG26, NUZGOG27, NSBTOA28), or have high r-factors55

(QNACRD0329). From visual analysis, the remaining six crystals (LINJUN30, XOSBIS31, TETYOH32, DBANQU33, NAPDCX34,56

and DUPLUV35) appear to have kinetically trapped molecular components, with a large difference between the crystal-57

lized molecular geometry and the dilute gas molecular geometry. This can be due to many reasons, but we reason that58

this is due to small strains induced by the reported lattice parameters, as computing the variable cell relaxations results in59

a marginally different crystal that has a negative lattice energy.60
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Table S1 Summary of Crystals with δc > 0

nc δc [kJ/mol] Packing Coeff. R-Factor [%] Exp. Temp. [K] Exp. Press. [GPa] Z Z‘

VOFVAN2313 52 0.0430 0.7760 7.45 295. 1. 2 1
HAMFEJ16 68 0.2930 0.7440 3.87 100. – 4 1
ZZZEEU0517 68 0.3180 0.7580 7.89 20. – 4 1
LINJUN30 68 0.3990 0.7380 4.10 – – 4 1
EHAJUS18 30 0.4420 0.7450 3.18 150. – 2 0
XOSBIS31 60 0.4580 0.7190 2.90 296. – 4 1
NTSALA19 68 1.1170 0.7520 4.90 108.15 – 4 1
ZAQFAB20 72 2.0340 0.7090 7.15 123. – 4 1
TETYOH32 80 2.1780 0.7020 4.84 293. – 4 2
IDUWEJ21 30 3.4640 0.72 4.40 123.20 – 2 0
JAYDUI0614 44 3.4890 0.8570 7.64 295. 5.93 4 1
UWUFAV22 104 3.7560 0.7650 11.39 100. – 4 1
DBANQU33 144 3.8130 0.75 9.65 – – 4 1
NAPDCX34 48 3.8580 0.7580 8.20 – – 2 1
UVOMIC23 60 4.0790 0.7770 5.43 125. – 1 0
LAGMUC24 16 4.2590 0.7330 2.02 100. – 2 0
DUPLUV35 132 4.8510 0.7410 4.20 – – 4 1
GAFYES25 112 5.67 0.7440 5.88 150. – 4 1
PUYVAG26 14 5.9990 0.7290 4.90 173. – 1 0
PHENAN1415 96 6.0820 0.7540 11.30 293. 0.70 4 1
NUZGOG27 16 8.4160 0.7430 4.26 100. – 1 0
QNACRD0329 72 9.2720 0.7550 20.60 – – 2 1
NSBTOA28 80 20.9550 0.8150 9. 153.15 – 4 1
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A.4 Ethenzamide Co-Crystals61

For our case study later in the text, we have curated a set of ethenzamide co-crystals from the Cambridge Structure62

Database, as summarized in Table S2. We have screened and computed energies using the exact protocols as in A.1 - A.2.63

Table S2 Summary of Ethenzamide Co-crystals

Co-former nc Ec [Ryd] δc [kJ/mol] Packing Coeff. R-Factor [%] Exp. Temp. [K] Z Z‘

VAKTOS36 Ethylmalonic Acid 80 -920.76 -6.74 0.69 4.58 110.0 2 1
ORIKOR37 2-NBA 80 -1015.04 -5.98 0.69 6.19 296.0 2 1
VAKTOS0136 Ethylmalonic Acid 160 -1841.51 -6.71 0.68 9.62 110.0 4 1
JIFHAK38 2,4 DHBA 160 -1922.96 -6.13 0.65 5.47 296.0 4 1
REHSUU39 4-hydroxybenzoic Acid 156 -1756.28 -6.32 0.72 5.98 110.0 4 1
QULLUF40 Gentisic Acid (2,5 DHBA) 160 -1922.94 -6.41 0.7 7.63 110.0 4 2
REHTAB39 Fumaric Acid 58 -671.35 -6.78 0.69 7.63 110.0 2 1
ORILAE37 2,4-DNBA 168 -2470.77 -7.43 0.69 4.03 296.0 4 1
WUZJUX41 3,5 DNBA 84 -1235.34 -5.97 0.63 8.04 110.0 2 1
VUHFIO0142 Saccharin 160 -2129.21 -6.18 0.69 5.95 110.0 4 1
VUHFIO42 Saccharin 80 -1064.59 -5.91 0.71 3.81 110.0 2 1
WUZJEH41 3,5 DNBA, Dioxane 98 -1373.7 -5.97 0.72 7.4 160.0 2 1
WUZJOR41 3,5 DNBA 84 -1235.33 -5.87 0.61 6.26 110.0 2 1
QULLUF0240 Gentisic Acid (2,5 DHBA) 160 -1922.9 -6.06 0.72 6.19 110.0 4 1
ODIDEN0143 3,5 DHBA and H2O 160 -2152.0 -8.86 0.7 6.62 296.0 2 1
WUZHOP41 3,5 DNBA 168 -2470.72 -6.32 0.72 5.44 110.0 4 1
ORIKIL37 Gallic acid 128 -1499.15 -6.49 0.65 3.82 296.0 2 1
TIWPIB44 Glutaric Acid 160 -1841.74 -8.03 0.67 4.88 293.0 4 1
WUZKAE41 3,5 DNBA 84 -1235.34 -5.97 0.64 6.34 110.0 2 1
REHSAA39 Salicylic Acid 156 -1756.29 -5.74 0.71 7.31 100.0 4 1
WUZJIL41 3,5 DNBA, Dioxane 98 -1373.7 -5.98 0.72 5.69 110.0 2 1
ODICUC45 2,4 DHBA 160 -1922.93 -5.95 0.69 4.49 296.0 4 1
QULLUF0140 Gentisic Acid (2,5 DHBA) 160 -1922.94 -6.43 0.7 12.33 110.0 4 1
WUZKEI41 3,5 DNBA 84 -1235.33 -5.9 0.63 5.47 110.0 2 1
ORILEI37 3-toluic acid 164 -1644.76 -5.53 0.67 3.91 296.0 4 1
REHSII39 Vanillic Acid 172 -1977.88 -6.04 0.7 7.37 193.0 4 1
ORIKUX37 3-NBA 160 -2030.17 -6.03 0.69 5.42 296.0 4 1
FENQEX43 Gentisic Acid (2,5 DHBA) 160 -1922.94 -6.41 0.7 4.9 296.0 4 2
WUZHOP0141 3,5 DNBA 84 -1235.34 -5.92 0.72 7.62 110.0 2 1

B Methods64

B.1 SOAP Hyperparameters65

SOAP descriptors were generated using the Librascal library46 (commit 6f7a4002) using the following hyperparameters:66

• max_radial: 867

• max_angular: 468

• interaction_cutoff: 7.069

• gaussian_sigma_constant:70

0.371

• cutoff_smooth_width: 0.572

• soap_type: “PowerSpectrum”73

• gaussian_sigma_type:74

“Constant”75

• radial_basis: “GTO”76

• cutoff_function_type:77

“RadialScaling”78

• cutoff_function_parameters:79

{rate: 1.5, exp: 3.0, scale:80

2.0}81

As tuning these hypers could favor one representation over another, we chose cutoff and scaling parameters to be82

consistent with the chemical geometry, noting that changing these parameters within this range has minimal effect on the83

errors. We determined the number of radial and angular channels (corresponding to the “resolution” of the descriptors)84

by balancing the number of features in each feature vector with the in-sample error of δc. The resulting SOAP vectors85

included 3-body correlations for each atomic neighborhood up to 7Å, weighting neighbor contributions with a radial86

scaling procedure introduced in Willatt et al. 47 .87
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B.2 Filtering the Environmental Contributions88

As noted in the main text, we applied a filtering scheme to the estimated contributions of each atomic environment. This89

technique reduces the number of extreme contributions attributed to any given environment, as shown in the changes in90

distribution in Fig. S2.91
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Notice that all of these vary based on representation and environment. In most cases, we see the distribution narrow92

with the smearing – signifying a regularization to the estimated contributions (e.g., dampening of extreme values). The93

smearing converges to a constant set of contributions with an increasing smearing cutoff, typically 2.0-3.0 Å (we use94

2.0Å for all results in the text).95

B.3 Identifying Molecular Motifs96

We employed RDKIT Substructure Matching48 to identify the molecular motifs. For this, we took (our typical) .xyz format97

of the molecular geometries and converted them to .mol format using the openbabel software49. When labeling each98

collection of atoms, we assign each fragment its most specific designation, e.g., each nitro group was not also considered99

as two nitroso groups. We used the SMARTS strings50 listed in Table S3 to identify motifs in the molecules.100
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Name SMARTS String # Instances

Su
lf

ur
-B

as
ed

Disulfide [#6]~[#16;X2]~[#16;X2]~[#6] 256
Dithiole s1~s~c~c~c1, s1~c~s~c~c1 138
Sulfide Chain [#16]~[#16;X2]~[#16;X2]~[#16] 200
Sulfinamide [SX3](~[OX1])(~[#6])~[#7] 7
Sulfinyl [!#8]~[#16;X3](~[!#8])~[OX1] 190
Sulfonate Esters [SX4](~[OX1])(~[OX1])([#6])~[O;X2,-] 58
Sulfonyl [!#8]~[#16;X4](~[OX1])(~[!#8])~[OX1] 545
Thiazole s1~n~c~c~c1, s1~c~n~c~c1 163
Thiazolidine S1~N~C~C~C1, S1~C~N~C~C1 138
Thiocarbonyl C~[SX1] 359
Thiocarboxamide [#1,#6]~C(~[SX1])[#7] 176
Thiodiazole s1~n~c~n~c1, s1~c~n~n~c1, s1~n~n~c~c1, s1~n~c~c~n1 289
Thioether [#6]~[SX2]~[#6] 1920
Thioketone [#6]~[#6](~[S;X1])[#6] 42
Thiol [#6;!$(C=,#[!#6])][SX2H] 54
Thiophene s1~c~c~c~c1 516
Thiourea [#7]~C(~[SX1])[#7] 318

N
it

ro
ge

n-
B

as
ed

Aryl Amines [N$(N-c);H1,H2;r0] 1209
Carbonyls [#6,#7,#1]~[C!$([C;X3](~[#8])~[#8])](~[#6,#8,#1])~[O;X1] 1549
3◦Amines [#7;X3;H0]([#6])([#6])[#6] 1859
2◦Amines [#7;X3;H1]([#6])[#6] 1504
1◦Amines [#7;X3;H2][#6] 752
Acetamide [#7;X3;r0;H2]~[#6;X3;H0]~[O;X1] 342
Azide [#7;X2]~[#7;X2]~[#7;X1] 266
Azo [#6]-N=N-[#6] 115
Carbamide [#7;X3]~C(~[O;X1])~[#7;X3] 399
Diazine n1~n~c~c~c~c1, n1~c~n~c~c~c1, n1~c~c~n~c~c1 758
Hydrazine [#7;X3]~[#7;X3;H2] 414
Hydroxyl- amines [#6]~[#7;X3](~[#6])~[#8;H1] 92
Imidazole n1~c~n~c~c1 444
Isoxazole o1~n~c~c~c1, o1~c~n~c~c1 78
Nitrile [#6]~[#7;X1] 68
Nitro [#8;X1]~[#7]~[#8;X1] 2129
Nitroso [#7]~[#8;X1] 498
Oxidiazole o1~n~c~n~c1, o1~c~n~n~c1, o1~n~n~c~c1, o1~n~c~c~n1 344
Oxime [#6]~[#7;X2]~[#8;H1] 285
Pentazole n1~n~n~n~n1 4
Pyrazole n1~n~c~c~c1 458
Pyridine n1~c~c~c~c~c1 574
Pyrrole n1~c~c~c~c1 219
Tetrazine n1~n~n~n~c~c1, n1~n~c~n~n~c1 74
Tetrazole n1~c~n~n~n1 630
Triazine n1~n~n~c~c~c1, n1~n~c~n~c~c1, n1~c~n~c~n~c1 285
Triazole n1~n~n~c~c1, n1~c~n~n~c1 657

O
xy

ge
n-

B
as

ed

Carboxyls [O;X1]~C~[O;H1] 1023
Alcohols [#6!$([#6]=O)]~[O;H1] 2603
Carbonate [#8;X2]~[C](~[#8;X1])~[#8;X2] 54
Epoxide O1CC1 252
Ester C(~[O;X1])-[O;H0;X2]-[C] 1218
Ether [#8;X2](~[C;r0])~[#6] 736
Furan o1~c~c~c~c1 256
Ketone [#6][CX3](~[O;X1])[#6] 1041
Peroxides [#8;X2]~[O;X2] 77
Water [OH2] 868

C
ar

bo
n-

B
as

ed

Alkane [C;H2,H3]-[C;H2,H3] 4784
Alkene [C;H1,H0]=[C;H1,H0] 2413
Alkyne [C]#[C;H1] 8
Benzene-like Rings c1ccccc1 3280
Ethyl [C;H2;X4]~[C;H3;X4] 709
Methyl [C;H3;X4] 5313

Table S3 Table of SMARTS Strings used to Identify Molecular Motifs. Notice that some SMARTS strings deviate from typical convention in order
to accommodate the translation from thermodynamic coordinates (.xyz) to molecular connectivity graph format (.mol), as well as to define certain
groups as mutually exclusive.
6 | 1–17Journal Name, [year], [vol.],



C Additional Results and Visualizations101

C.1 Learning Curves102
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Fig. S3 Learning curves for lattice energy for the various representations used in this study. We varied the ratio of mutually-exclusive and randomly-
selected training and testing points in each learning curve and conducted a regularized ridge regression. For each ratio, we conducted ten trials with
random training sets and report the average (line) and standard deviations (shaded area).

For each descriptor, we constructed learning curves to demonstrate the saturation (or lack thereof) of the regression103

model on lattice energy. Each learning curve was run using scikit-learn.model_selection.learning_curve using a104

10-fold cross-validation on a regularized ridge regression pulling randomly from our established training set. All learning105

curves demonstrate that we are still within a small-data regime (noted by the absence of saturation), justifying our focus106

on simple and data-efficient linear models.107
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C.2 Kernel Ridge Regression Models108

Kernel Type Structure-Wise Definition Equivalent RKHS Definition
KAB = 1

nAnB

∑
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) [
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Table S4 Equations for Non-linear Kernels We computed regressions using the given kernel equations for crystals A and B and their corresponding
atoms a and b. Mercer’s theorem ensures that for a positive-definite kernel on x, there exists a non-linear mapping x 7→ φ such that K = φφT , for
which we have included our notation.

We computed regressions with both (i) an optimized RBF kernel (with optimal γ found by employing a subset of 1,000109

crystals taken from the training set and (ii) a parameter-free cosine kernel. We ran kernel ridge regression models using110

scikit-learn.linear_model.KernelRidge51 employing a 90/10 training / validation split. The results on the offset test111

set are given in Table S5.112

RBF Kernel Cosine Kernel
Regression Equation RMSE MAE RMSE MAE

ec =
[

φ
(s)
c

(
φ

(s)
c′

)T
]

wc 0.904 0.665 1.039 0.772

em =
[

φ
(g)
m

(
φ

(g)
m′

)T
]

wm 0.392 0.294 0.496 0.373

δc =
[

φ
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c
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φ

(s)
c′

)T
]

wc

−
∑
m∈c

nm

nc

([
φ

(g)
m

(
φ

(g)
m′

)T
]

wm

)
0.913 0.681 1.061 0.805

δc =
[

φ
(s)
c

(
φ

(s)
c′

)T
]

w 0.694 0.508 0.742 0.526

δc =
[

φ
(g)
c

(
φ

(g)
c′

)T
]

w 1.097 0.714 1.097 0.71

δc =
[(

φ
(s)
c − φ

(g)
c

)(
φ

(s)
c′ − φ

(g)
c′

)T
]

w 0.541 0.403 0.589 0.425

δc =
[

φ
(s−g)
c

(
φ

(s−g)
c′

)T
]

w 0.515 0.382 0.66 0.489

Table S5 Results of Kernel Ridge Regression Exercises. We have written each equation using reproducing kernel hilbert space (RKHS) notation (see
Table S4), denoting the training set with ′. Note the difference between the bottom entries, which represent (1) the “remnant version of non-linear
feature vectors φ and (2) the non-linear mapping of the remnant vector employed in the main text. In each kernel regression, an independent, 2-fold
cross-validated model was built on our 2’707 crystal training set in an 80/20 train/validation split. Here we report the RMSE and MAE (in kJ/mol)
on a separate testing set of 551 crystals (or the coinciding 628 molecules). Each regression equation w is unique to that regression.

8 | 1–17Journal Name, [year], [vol.],



C.3 Expanded Violin Plot

Fig. S4 Violin Plot from Fig. 2, expanded to include all functional groups. A representative example is shown above or below the violin plot with
the functional group highlighted for each functional group. The lines on each plot denote each group’s extrema and mean contributions. The plots
colors reflect the number of examples within the dataset, ranging from 4 (pentazole) to 5313 (methyl groups)

.
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C.4 Images of Phenanthrene Polymorphs

(a) View of PHENAN08 52 along a axis. (b) View of PHENAN14 15 along a axis.

(c) View of PHENAN08 52 along b axis. (d) View of PHENAN14 15 along b axis.

(e) View of PHENAN08 52 along c axis. (f) View of PHENAN14 15 along c axis.

Fig. S5 Axial views of the stable (a, c, e) and unstable (b, d, f) phenanthrene polymorphs. 3x3x3 supercells are shown to include all intermolecular
interactions.
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C.5 Additional PCovR Maps
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Fig. S6 PCovR map from Fig. 3, highlighting each type of functional group. Each map is on the same color scale; however, we have truncated the
color bar to demonstrate the range of cohesive interactions. We have denoted the average of all group members by a square marker on the color bar.
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Fig. S7 PCovR map from Fig. 3, highlighting each type of functional group. Each map is on the same color scale; however, we have truncated the
color bar to demonstrate the range of cohesive interactions. We have denoted the average of all group members by a square marker on the color bar.

12 | 1–17Journal Name, [year], [vol.],



0.5

0.0

0.5

1.0

1.5

2.0

2.5
PC

ov
2

Hydroxyl- amines (N=92) Imidazole (N=444) Isoxazole (N=78)

0.5

0.0

0.5

1.0

1.5

2.0

2.5

PC
ov

2

Ketone (N=1041) Methyl (N=5313) Nitrile (N=68)

0.5

0.0

0.5

1.0

1.5

2.0

2.5

PC
ov

2

Nitro (N=2129) Nitroso (N=498) Oxidiazole (N=344)

7.5 5.0 2.5 0.0 2.5 5.0
PCov1

0.5

0.0

0.5

1.0

1.5

2.0

2.5

Oxime (N=285)

7.5 5.0 2.5 0.0 2.5 5.0
PCov1

Pentazole (N=4)

7.5 5.0 2.5 0.0 2.5 5.0
PCov1

Peroxides (N=77)

20 10

 [kJ/mol]

10 5 0

 [kJ/mol]

10.0 7.5 5.0

 [kJ/mol]

10 0 10

 [kJ/mol]

10 0 10

 [kJ/mol]

10 5 0 5

 [kJ/mol]

20 0

 [kJ/mol]

20 10

 [kJ/mol]

15 10 5

 [kJ/mol]

20 10

 [kJ/mol]

7.722 7.720

 [kJ/mol]

20 10

 [kJ/mol]

Fig. S8 PCovR map from Fig. 3, highlighting each type of functional group. Each map is on the same color scale; however, we have truncated the
color bar to demonstrate the range of cohesive interactions. We have denoted the average of all group members by a square marker on the color bar.
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Fig. S9 PCovR map from Fig. 3, highlighting each type of functional group. Each map is on the same color scale; however, we have truncated the
color bar to demonstrate the range of cohesive interactions. We have denoted the average of all group members by a square marker on the color bar.
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C.6 Parity Plot for Ethenzamide Dataset
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Fig. S10 Parity plot showing regression errors for the 29 ethenzamide co-crystals. Regressions were computed using the regularized ridge regression
trained the remnant descriptor x(s−g)

c of the 2’707 training set crystals. Here we have labeled each point by its corresponding CSD refcode.
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