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Supplementary Note 1

Supplementary Note 1. Chemical names and nomenclature of the 

materials highlighted in this work.

PC61BM: [6,6]-Phenyl-C61-butyric acid methyl ester

PC71BM: [6,6]-Phenyl-C71-butyric acid methyl ester

ICBA: 1′,1′′,4′,4′′-Tetrahydro-di[1,4]methanonaphthaleno[1,2:2′,3′,56,60:2′′,3′′][5,6]fullerene-

C60

Y5: (2,2'-((2Z,2'Z)-((12,13-bis(2-ethylhexyl)-3,9-diundecyl-12,13-

dihydro[1,2,5]thiadiazolo[3,4e]thieno[2'',3'':4',5']thieno[2',3':4,5]pyrrolo[3,2-g] 

thieno[2',3':4,5]thieno[3,2-b]-indole-2,10-diyl)bis(methanylylidene))bis(3-oxo-2,3-dihydro-

1H-indene-2,1-diylidene))dimalononitrile)

Y6: 2,2'-((2Z,2'Z)-((12,13-bis(2-ethylhexyl)-3,9-diundecyl-12,13-dihydro-

[1,2,5]thiadiazolo[3,4-e]thieno[2",3’':4’,5']thieno[2',3':4,5]pyrrolo[3,2-

g]thieno[2',3':4,5]thieno[3,2-b]indole-2,10-diyl)bis(methanylylidene))bis(5,6-difluoro-3-oxo-

2,3-dihydro-1H-indene-2,1-diylidene))dimalononitrile

Y7: 2,2'-((2Z,2'Z)-((12,13-bis(2-ethylhexyl)-3,9-diundecyl-12,13-dihydro-

[1,2,5]thiadiazolo[3,4-e]thieno[2",3’':4’,5']thieno[2',3':4,5]pyrrolo[3,2-

g]thieno[2',3':4,5]thieno[3,2-b]indole-2,10-diyl)bis(methanylylidene))bis(5,6-dichloro-3-oxo-

2,3-dihydro-1H-indene-2,1-diylidene))dimalononitrile

Y11: 2,2'-((2Z,2'Z)-((6,12,13-tris(2-ethylhexyl)-3,9-diundecyl-12,13-dihydro-6H-

thieno[2'',3'':4',5']thieno[2',3':4,5]pyrrolo[3,2-g]thieno[2',3':4,5]thieno[3,2-

b][1,2,3]triazolo[4,5-e]indole-2,10-diyl)bis(methanylylidene))bis(5,6-difluoro-3-oxo-2,3-

dihydro-1H-indene-2,1-diylidene))dimalononitrile

Y12: 2,2'-((2Z,2'Z)-((12,13-bis(2-butyloctyl)-3,9-diundecyl-12,13-dihydro-

[1,2,5]thiadiazolo[3,4-e]thieno[2",3’':4’,5']thieno[2',3':4,5]pyrrolo[3,2-

g]thieno[2',3':4,5]thieno[3,2-b]indole-2,10-diyl)bis(methanylylidene))bis(5,6-difluoro-3-oxo-

2,3-dihydro-1H-indene-2,1-diylidene))dimalononitrile
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O-IDTBR: (5Z,5'Z)-5,5'-(((4,4,9,9-tetrakis(n-octyl)-4,9-dihydro-s-indaceno[1,2-b:5,6-

b']dithiophene-2,7-diyl)bis(benzo[c][1,2,5]thiadiazole-7,4-diyl))bis(methaneylylidene))bis(3-

ethyl-2-thioxothiazolidin-4-one)

O-IDFBR: (5Z,5'Z)-5,5'-(((6,6,12,12-tetraoctyl-6,12-dihydroindeno[1,2-b]fluorene-2,8-

diyl)bis(benzo[c][1,2,5]thiadiazole-7,4-diyl))bis(methaneylylidene))bis(3-ethyl-2-

thioxothiazolidin-4-one)

EH-IDTBR: (5Z,5'Z)-5,5'-(((4,4,9,9-tetrakis(2-ethylhexyl)-4,9-dihydro-s-indaceno[1,2-b:5,6-

b']dithiophene-2,7-diyl)bis(benzo[c][1,2,5]thiadiazole-7,4-diyl))bis(methaneylylidene))bis(3-

ethyl-2-thioxothiazolidin-4-one)

IDIC: 2,2'-((2Z,2'Z)-((4,4,9,9-tetrahexyl-4,9-dihydro-s-indaceno[1,2-b:5,6-b']dithiophene-

2,7-diyl)bis(methanylylidene))bis(3-oxo-2,3-dihydro-1H-indene-2,1-

diylidene))dimalononitrile

SN6IC-4F: 2,2'-((2Z,2'Z)-((thieno[3,2-

b]thieno[2''',3''':4'',5'']pyrrolo[2'',3'':4',5']thieno[2',3':4,5]thieno[2,3- d]pyrrole,4,9-dihydro-4,9-

di-1-octylnonyl-2,7-diyl)bis(methanylylidene))bis((5,6-difluoro-3-oxo-2,3 -dihydro-1H-

indene-2,1-diylidene))dimalononitrile

ITIC: 2,2'-[[6,6,12,12-tetrakis(4-hexylphenyl)-6,12-dihydrodithieno[2,3-d:2',3'-d']-s-

indaceno[1,2-b:5,6-b']dithiophene-2,8-diyl]bis[methylidyne(3-oxo-1H-indene-2,1(3H)-

diylidene)]]bis[propanedinitrile]

ITIC-C2C6: 2,2'-[[6,6,12,12-tetrakis(2-ethylhexyl)-6,12-dihydrodithieno[2,3-d:2',3'-d']-s-

indaceno[1,2-b:5,6-b']dithiophene-2,8-diyl]bis[methylidyne(3-oxo-1H-indene-2,1(3H)-

diylidene)]]bis[propanedinitrile]

ITIC-C8: 2,2'-[[6,6,12,12-tetrakis(n-octyl)-6,12-dihydrodithieno[2,3-d:2',3'-d']-s-

indaceno[1,2-b:5,6-b']dithiophene-2,8-diyl]bis[methylidyne(3-oxo-1H-indene-2,1(3H)-

diylidene)]]bis[propanedinitrile]

IT-4F: 9-Bis(2-methylene-((3-(1,1-dicyanomethylene)-6,7-difluoro)-indanone))-5,5,11,11-

tetrakis(4-hexylphenyl)-dithieno[2,3-d:2’,3’-d’]-s-indaceno[1,2-b:5,6-b’]dithiophene

CBM: 2,2'-(7,7'-(9-(heptadecan-9-yl)-9H-carbazole-2,7-diyl)bis(benzo[c][1,2,5]thiadiazole-

7,4-diyl))bis(methan-1-yl-1-ylidene)dimalononitrile
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FBR: 5,5′-[(9,9-Dioctyl-9H-fluorene-2,7-diyl)bis(2,1,3-benzothiadiazole-7,4-

diylmethylidyne)]bis[3-ethyl-2-thioxo-4-thiazolidinone]

BTPM: 2,2'-((2Z,2'Z)-((12,13-diisobutyl-3,9-dimethyl-5,7,12,13-tetrahydro-

[1,2,5]thiadiazolo[3,4-e]thieno[2'',3'':4',5']thieno[2',3':4,5]pyrrolo[3,2-

g]thieno[2',3':4,5]thieno[3,2-b]indole-2,10-diyl)bis(methaneylylidene))bis(6-methyl-3-oxo-

2,3-dihydro-1H-indene-2,1-diylidene))dimalononitrile

BTTPC: 2,2'-((6Z,6'Z)-((12,13-diisobutyl-3,9-dimethyl-5,7,12,13-tetrahydro-

[1,2,5]thiadiazolo[3,4-e]thieno[2'',3'':4',5']thieno[2',3':4,5]pyrrolo[3,2-

g]thieno[2',3':4,5]thieno[3,2-b]indole-2,10-diyl)bis(methaneylylidene))bis(5-oxo-5,6-dihydro-

7H-indeno[5,6-b]thiophene-6,7-diylidene))dimalononitrile

BTDTP-4F: 2,2'-((2Z,2'Z)-((3,12-dimethyl-13,14-dihydro-12H-[1,2,5]thiadiazolo[3,4-

e]thieno[2'',3'':4',5']pyrrolo[2',3':4,5]thieno[3,2-

b]thieno[2'',3'':4',5']thieno[2',3':4,5]pyrrolo[3,2-g]indole-2,10-

diyl)bis(methaneylylidene))bis(5,6-difluoro-3-oxo-2,3-dihydro-1H-indene-2,1-

diylidene))dimalononitrile

BDTP-4F: 2,2'-(((1Z,1'Z)-(1,11-dimethyl-4,6,6c,10,11,11b,12,13-octahydro-2H-

[1,2,5]thiadiazolo[3,4-e]thieno[2'',3'':4',5']pyrrolo[2',3':4,5]thieno[3,2-

b]thieno[2',3':4,5]pyrrolo[3,2-g]indole-2,9(1H)-diylidene)bis(methaneylylidene))bis(5,6-

difluoro-3-oxo-2,3,3a,6,7,7a-hexahydro-1H-indene-2-yl-1-ylidene))dimalononitrile

BTTPTP-2OYPD: 2,2'-((2Z,2'Z)-((13,14-diisobutyl-5,7,13,14-tetrahydro-

[1,2,5]thiadiazolo[3,4-e]thieno[2''',3''':4'',5'']thieno[2'',3'':4',5']thieno[2',3':4,5]pyrrolo[3,2-

g]thieno[2'',3'':4',5']thieno[2',3':4,5]thieno[3,2-b]indole-2,10-

diyl)bis(methaneylylidene))bis(3-oxo-2,3-dihydro-1H-indene-2,1-diylidene))dimalononitrile 

BTPTTT-2OYPD: 2,2'-((2Z,2'Z)-((13,14-diisobutyl-5,7,13,14-tetrahydro-

[1,2,5]thiadiazolo[3,4-e]thieno[2''',3''':4'',5'']thieno[2'',3'':4',5']thieno[2',3':4,5]pyrrolo[3,2-

g]thieno[2'',3'':4',5']thieno[2',3':4,5]thieno[3,2-b]indole-2,10-

diyl)bis(methaneylylidene))bis(3-oxo-2,3-dihydro-1H-indene-2,1-diylidene))dimalononitrile

IEICO: 2,2′-((2Z,2′Z)-((5,5′-(4,4,9,9-tetrakis(4-hexylphenyl)-4,9-dihydros-indaceno[1,2-

b:5,6-b′]dithiophene-2,7-diyl)bis(4-((2-ethylhexyl)oxy)thiophene-5,2-

diyl))bis(methanylylidene))bis(3-oxo-2,3-dihydro-1H-indene-2,1-diylidene))dimalononitrile
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IEICO-4F: 2,2'-((2Z,2'Z)-(((4,4,9,9-tetrakis(4-hexylphenyl)-4,9-dihydro-sindaceno[1,2-b:5,6-

b']dithiophene-2,7-diyl)bis(4-((2-ethylhexyl)oxy)thiophene-5,2- 

diyl))bis(methanylylidene))bis(5,6-difluoro-3-oxo-2,3-dihydro-1H-indene-2,1- 

diylidene))dimalononitrile

BTTPTP-4Cl: 2,2'-((2Z,2'Z)-((13,14-diisobutyl-5,7,13,14-tetrahydro-[1,2,5]thiadiazolo[3,4-

e]thieno[2''',3''':4'',5'']thieno[2'',3'':4',5']thieno[2',3':4,5]pyrrolo[3,2-

g]thieno[2'',3'':4',5']thieno[2',3':4,5]thieno[3,2-b]indole-2,10-

diyl)bis(methaneylylidene))bis(5,6-dichloro-3-oxo-2,3-dihydro-1H-indene-2,1-

diylidene))dimalononitrile

INPIC-4F: [(Z)-2-({24-[(Z)-(1-Dicyanomethylidene-5,6-difluoro-3-oxo-2-

indanylidene)methyl]-15,15,30,30-tetrakis(p-hexylphenyl)-12,27-dioctyl-5,8,20,23-tetrathia-

12,27-diazanonacyclo[16.12.0.03,16.04,14.06,13.07,11.019,29.021,28.022,26]triaconta-

1(18),2,4(14),6(13),7(11),9,16,19(29),21(28),22(26),24-undecaen-9-yl}methylidene)-5,6-

difluoro-3-oxo-1-indanylidene]propanedinitrile

o-IO1: 2-((Z)-2-((5-(7-(5-(((Z)-1-(dicyanomethylene)-5,6-difluoro-3-oxo-1,3-dihydro-2H-

inden-2-ylidene)methyl)-3-((2-ethylhexyl)oxy)thiophen-2-yl)-4,4,9,9-tetraoctyl-4,9-dihydro-

s-indaceno[1,2-b:5,6-b']dithiophen-2-yl)-4-(2-ethylhexyl)thiophen-2-yl)methylene)-5,6-

difluoro-3-oxo-2,3-dihydro-1H-inden-1-ylidene)malononitrile

TfIF-4FIC: [(Z)-2-({26-[(Z)-(1-Dicyanomethylidene-5,6-difluoro-3-oxo-2-

indanylidene)methyl]-7,7,16,16,23,23,32,32-octaoctyl-11,27-

dithianonacyclo[17.13.0.03,17.04,15.06,13.08,12.020,31.022,29.024,28]dotriaconta-

1(19),2,4(15),5,8(12),9,13,17,20(31),21,24(28),25,29-tridecaen-10-yl}methylidene)-5,6-

difluoro-3-oxo-1-indanylidene]propanedinitrile

NIBT: (7Z,7'Z)-7,7'-(((4,4,9,9-tetrakis(4-octylphenyl)-4,9-dihydro-s-indaceno[1,2-b:5,6-

b']dithiophene-2,7-diyl)bis(benzo[c][1,2,5]thiadiazole-7,4-diyl))bis(methaneylylidene))bis(2-

(2-ethylhexyl)-1H-indeno[6,7,1-def]isoquinoline-1,3,6(2H,7H)-trione)
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Figure S1

Figure S1. Highest occupied molecular orbital (HOMO) and lowest unocuppied molecular 

orbital (LUMO) energy levels of representative donor and acceptor molecules as retrieved 

from TDDFT calculations. Molecules considered as NFAs in this work show proper HOMO 

and LUMO energy level alignment to act as electron acceptor when in a bulk heterojunction 

blend with commonly used donors, such as P3HT, PCDTBT, PM6 or PBDB-T.
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Figure S2

Figure S2. Solvent effect on the maximum oscillator strength ( ) in TDDFT 𝑓𝑜𝑠𝑐,𝑚𝑎𝑥

calculations. (a)  in Chlorobenzene (CB) versus in vacuum for 56 organic molecules 𝑓𝑜𝑠𝑐,𝑚𝑎𝑥

including common NFAs. (b)  in various organic solvents versus in vacuum for 7 𝑓𝑜𝑠𝑐,𝑚𝑎𝑥

different organic molecules, O-IDFBR, O-IDTBR, IT-4F, ITIC, Y5, Y6, and Y7. Noting here 

that . TDDFT was performed under B3LYP/6-311+G(d,p) using Polarizable-𝜀𝑑,𝑚𝑎𝑥 ∝ 𝑓𝑜𝑠𝑐,𝑚𝑎𝑥

continuum-solvent-model (PCM). We can see that the choice of solvent does not affect 

 much, and that a good linear correlation between solvent and vacuum  is obtained. 𝑓𝑜𝑠𝑐,𝑚𝑎𝑥 𝑓𝑜𝑠𝑐,𝑚𝑎𝑥

This tells us that the same correlation between TDDFT and experiments will be maintained 

based on either vacuum environment or polarized medium, which allows us focus on TDDFT 

results from vacuum calculations only. This is a great benefit since most of the TDDFT 

calculations by the present and past group members were done in vacuum, allowing us to have 

a larger database.
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Figure S3

Figure S3. (a) Correlation between the maximum of the absorption coefficient ( ) obtained 𝜀𝑑,𝑚𝑎𝑥

in solution state with the TDDFT calculated values. (b) Same dataset yet plotted in terms of 

maximum molar extinction coefficient ). A significant fraction of this dataset was 𝜀𝑑,𝑚𝑎𝑥

collected from literature.1,2,11,12,3–10 When required, a refractive index of 1.5 and a solid density 

of 1000 g L-1 were considered for all materials.
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Figure S4
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Figure S4. Comparison of maximum molar extinction coefficient ( ) between film 𝜀𝑑,𝑚𝑎𝑥

experiments and TDDFT calculations in vacuum (20 data points). The experimental data of 

 in film are either measured or collected from literature, noting that different values may 𝜀𝑑,𝑚𝑎𝑥

be present for the same material as they were collected from different papers. Unit of  is 𝜀𝑑,𝑚𝑎𝑥

M-1 cm-1. Grey dashed lines indicate the perfect match between x- and y-axis. The detailed data 

for generating this figure is presented in the Supplementary Database.
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Figure S5

Figure S5. (a) Maximum absorption coefficient ( ) in solution and film. Grey squares 𝛼𝑚𝑎𝑥

correspond to data obtained from literature.1,11 (b) Maximum absorption coefficient in film and 

as obtained in their corresponding TDDFT calculations. A few data points (labelled as lit.) 

correspond to values extracted from literature.1,11
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Figure S6
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Figure S6. Effect of the number of -electrons on the comparison between experimental 

(solution and film) maximum molar extinction coefficients and TDDFT results for the 

NFAs studied. (a) Experimental  in solution versus calculated   using 𝜀𝑑,𝑚𝑎𝑥/𝜋 𝜀𝑑,𝑚𝑎𝑥/𝜋

TDDFT, (b) experimental   in film (solid state) versus that in solution; and (c) 𝜀𝑑,𝑚𝑎𝑥/𝜋

experimental   in solid state film versus calculated   using TDDFT. Unit of 𝜀𝑑,𝑚𝑎𝑥/𝜋 𝜀𝑑,𝑚𝑎𝑥/𝜋

  is M-1 cm-1.𝜀𝑑,𝑚𝑎𝑥/𝜋
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Figure S7

Figure S7. Histogram of the number of atoms present in the molecules of our TDDFT 

(B3LYP) dataset. Blue bars correspond to the molecules found originally in the dataset 

(3515 entries). Orange bars represent the distribution of the number of atoms found in 

the 479 molecules selected based on lowest energy conformation criteria.
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Supplementary Note 2

Supplementary Note 2. Description of the TDDFT database, statistical and machine-

learning methods.

The pristine data source of this work consists of a database of 3515 molecules optimized 

via DFT using the B3LYP functional as implemented in Gaussian09 software package. 

The database gathers original calculations performed for this particular study on 

conjugated small molecules as well as others developed in-house during the past years, 

including diverse conjugated small molecules, fullerenes and conjugated (co-)oligomers in 

distinct conformations (i.e., cis-/trans-).13 Given the variety of input sources, the 

corresponding data cleaning procedure consists of: i) identifying duplicates based on 

molecular weight; and ii) picking the lowest energy molecular conformation among each 

set of duplicates. The filtering results in a final selection of 479 conjugated small molecules 

and oligomers optimized at the B3LYP level of theory. The resulting database gathers a 

variety of basis sets employed in the geometrical optimization step: 48% of the molecules 

were optimized using the 6-31G(d) set and 36% of them using the more computationally-

expensive 6-311+G(d,p), see Figure S8. Furthermore, the chemical heterogeneity of the 

studied database is leaned toward known molecules and moieties of frequent use in high-

performing solar energy harvesting applications, see Figure S9 and Figure S10. Side 

chains are systematically omitted or substituted by methyl groups in all calculations to 

reduce the computational cost.



15

Figure S8

Figure S8. Histogram of the basis set employed in the geometrical optimization of the 479 

molecules found in the curated DFT database.

Figure S9

Figure S9. Histogram of the moieties present in the DFT database of 479 conjugated small 

molecules and oligomers. Moieties labels correspond to the chemical structures shown in 

Supplementary Note 4.
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Figure S10

Figure S10. The 10 most frequent moieties together with their corresponding ID number.

Molecular descriptors are computed using four different open-source software packages and 

Python libraries (such as NumPy),14 including 1D, 2D and 3D descriptors as retrieved from the 

corresponding DFT optimized geometries. The software bundle employed includes PaDEL 

(1874 descriptors),15 PyChem (1094 descriptors),16 Mordred (1826 descriptors)17 and RDKit 

v2021.03.2. (1039 descriptors).18 As a result, we obtained an initial set of 5834 descriptors for 

each molecule, which decreased up to 3239 after curing (i.e. dropping of uninformative or 

constant descriptors and others containing infinite or NaN values). Note that the same descriptor 

might be computed by more than one software bundle, yet slight numerical disagreements may 

arise due to the different computation algorithms. For that reason, we do not filter out redundant 

descriptors and perform their subsequent statistical analysis using the entire available catalogue. 

Furthermore, we include electronic features retrieved from the DFT calculations such as the 

energy levels of the 20 occupied and unoccupied molecular orbitals (HOMOs and LUMOs) 

closer to the band gap; the electronic band gap energy itself, ; and the number of  electrons 𝐸𝑔𝑎𝑝

(n) in the molecule, which was determined using custom coding based on the RDKit library. 

The set of molecular fingerprints tested in this work is computed using RDKit and it includes 

customized coding for the moiety fingerprints and built-in functions for the computation of 

MACCS keys, Morgan fingerprints,19 path-based (topological) fingerprints, E-state 

fingerprints20 and Coulomb vectors.21

The target features in this study focus on the maximum oscillator strength ( ) and other 𝑓𝑚𝑎𝑥

derived figures such as the maximum oscillator strength in the visible electromagnetic spectrum 

( , herein constrained between 300-1200 nm for its relevance in solar energy harvesting 𝑓𝑚𝑎𝑥,𝑣𝑖𝑠
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applications); the sum of  in the visible window, ; the spectral overlap between the 𝑓 𝑓𝑚𝑎𝑥,𝑣𝑖𝑠

Gaussian-broadened spectrum of fs in the visible (taking a standard deviation of 0.1 eV) and 

the AM1.5G solar irradiance spectrum, ; the maximum absorption coefficient ( ); the 𝑓𝑜𝑣𝑒𝑟𝑙𝑎𝑝 𝛼𝑚𝑎𝑥

maximum of the imaginary part of the dielectric function ( ); and the maximum molar 𝜀2,𝑚𝑎𝑥

extinction coefficient, ,  and  are also evaluated per number of  electrons in 𝑓𝑚𝑎𝑥 𝑓𝑚𝑎𝑥,𝑣𝑖𝑠 𝑓𝑠𝑢𝑚,𝑣𝑖𝑠

the molecule, i.e. ,  and .𝑓𝑚𝑎𝑥/𝑛𝜋 𝑓𝑚𝑎𝑥,𝑣𝑖𝑠/𝑛𝜋 𝑓𝑠𝑢𝑚,𝑣𝑖𝑠/𝑛𝜋

The statistical analysis of descriptors is deployed using the open-source library SciPy22 whereas 

the machine-learning (ML) models (k-nearest neighbours, linear regression, support vector 

regressor and random forests) are implemented in Scikit-Learn.23

Regarding the scoring of the ML models,  ranges from -  to unity, being 1 the best possible 𝑅2 ∞

score and zero an indication of lack of predictive power (as it is always returning the expected 

value of the target function, i.e., its average value);  is formulated as24𝑅 2
𝑎𝑑𝑗

𝑅 2
𝑎𝑑𝑗 = 1 ‒ (1 ‒ 𝑅2) 𝑛 ‒ 1

𝑛 ‒ 𝑝 ‒ 1
,

where  is the number of variables and n the sample size. Thus,  adds penalties if the model 𝑝 𝑅 2
𝑎𝑑𝑗

uses too many variables, which is a useful metric when studying feature selection procedures. 

Test sets comprise 30% of the available data and all models are 10-fold holdout cross-validated 

(unless otherwise stated, using a randomized 70%-30% splitting for the train and test sets, 

respectively).

The recursive feature elimination (RFE) procedure applied in this work starts by decreasing the 

number of input features to 32 (i.e., 1% of the starting descriptor population of 3239 descriptors) 

in six consecutive feature reduction steps, in which after performing successive 10-fold cross-

validations we drop 50% of the (averaged and least important) descriptors. Rather than 

observing a performance drop, the actual scoring of the RF ensemble improves as the number 

of features is reduced from 3239 ( ) to 51 (𝑅2 =  0.65  0.06, 𝑟 =  0.82  0.03

) variables in the last RFE iteration (Figure S11). After the last 𝑅2 =  0.70  0.05, 𝑟 =  0.85  0.02

pruning step (51 variables), we select the 32 most important descriptors and perform a more 

thorough feature selection procedure by successively dropping (one-by-one) the least important 

descriptor (always keeping a 10-fold cross-validation scheme, see Figure S12).
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Figure S11

Figure S11. Scoring of RF regressors as part of a recursive feature elimination (RFE) loop 

in which 50% of the least important descriptors are dropped at each step.

Figure S12

Figure S12. Scoring of 10-fold cross-validated RF regressors (300 estimators) trained and 

tested using different amounts of input descriptors as progressively indicated by the RFE 

algorithm. The top axis indicates, from left to right, the name of the variable that is added 

to the RF model, thus forming an ordered list of the most important descriptors found by 

the RF method.
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Figure S13

Figure S13. Performance of RF regressors trained without including electronic 

descriptors, using 300 estimators and 10-fold cross-validation. (a) Scoring parameters of 

cross-validated models as part of the RFE algorithm. (b) Detailed scoring parameters of 

the last 32 models obtained by RFE.
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Supplementary Note 3

Supplementary Note 3. Clusterization algorithm of multicollinear descriptors. 

The clusterization algorithm starts by taking the descriptor with the highest Spearman’s 

rank correlation coefficient () and computing the Pearson correlation coefficient (r) with 

respect to the remaining elements in the -ordered list of descriptors with   0.7. 

Descriptors from this list are dropped if r  0.7 and considered to be in the same cluster; 

those showing r  0.7 are candidates to form a different cluster. The process runs in a 

recursive-elimination manner until naturally leading to a selection of (typically) 1 to 5 

descriptor clusters depending on the selected thresholds (0.6-0.7). These clusters gather 

the most statistically relevant and monotonic correlation trends with the target feature. 

Interestingly, by looking at the features stored in each of the clusters it is possible to 

replace some of the descriptors found originally by the algorithm by alternative figures of 

easier interpretation and/or larger physicochemical relevance.

Figure S14

Figure S14. Spearman’s rank correlation coefficient (in absolute value) histograms for the 

3239 descriptors and the 10 different target features related with optical absorption and 

oscillator strength explored in this work.
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Figure S15

Figure S15. Influence of the molecular planarity on the maximum molar extinction 

coefficient. (a) The 1,p/3,p ratio correlates positively with d,max as straighter (more linear) 

molecules show larger 1,p while enhanced molecular planarity lowers 3,p values (which 

approach zero as there is no variance out of the molecular plane). (b) The shape of the 

molecule quantified with  shows that linear and planar molecules (i.e.,  closer to 𝐾𝑝 𝐾𝑝

unity)25 enable larger  values.  is defined as25𝜀𝑑,𝑚𝑎𝑥 𝐾𝑝

𝐾𝑝 =

∑
𝑚 | 𝜆𝑚,𝑝

∑
𝑚

𝜆𝑚,𝑝

‒
1
3|

4/3
,

where  and .𝑚 = 1,2,3 0 ≤ 𝐾𝑝 ≤ 1
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Figure S16

Figure S16. Influence of molecular symmetry on absorption strength. (a) Quantification 

of the total molecular symmetry as per the definition of the WHIM symmetry descriptor 

 (corresponding to the unweighted geometric mean of the directional symmetries, 𝐺𝑢

)25 shows that as the molecules lose their central symmetry (i.e., lower  𝐺𝑢 = 3 𝛾1,𝑢·𝛾2,𝑢·𝛾3,𝑢 𝐺𝑢

values),  can be further enhanced. (b) Conversely, the Moreau chirality index26 𝜀𝑑,𝑚𝑎𝑥

weighted by atomic coordinates of small molecular absorbers shows poor correlation with 

.𝜀𝑑,𝑚𝑎𝑥
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Figure S17

Figure S17. Influence of the side chains on 1,p values. (a) Comparison of 1,p values for a 

selection of small molecule acceptors as computed from xTB including side chains (y axis) 

and DFT-optimized geometries with methyl-substituted side chains (x axis). (b) Maximum 

molar extinction coefficient ( ) as a function of 1,p for small molecule acceptors 𝜀𝑑,𝑚𝑎𝑥

optimized with (open circles) and without (filled circles) side chains.
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Figure S18

a b

c d

Figure S18. (a) Correlation between E1 and the number of heteroatoms in the molecules. 

(b) Correlation between the molar extinction coefficient ( ) and the number of 𝜀𝑑,𝑚𝑎𝑥

heteroatoms. (c) Correlation between E1 and 1,p. (d) Correlation between E1 and C2SP2. 

All panels include the corresponding Spearman’s rank correlation coefficient ().
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Figure S19

Figure S19. Relationship between the maximum oscillator strength and the energy of the 

first electronic transition in a set of TDDFT-optimized NFAs.
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Table S1

Table S1. Statistical performance of a manifold of 10-fold cross-validated baseline models 

using  as target feature.𝜀𝑑,𝑚𝑎𝑥

Model No. variables R2 r

2 -0.18  0.41 0.50  0.05
1-nearest neighbour

3239 -0.10  0.37 0.47  0.09

Linear regression 2 0.37  0.10 0.61  0.09

2 0.23  0.17 0.59  0.06
Random forest w/300 estimators

3239 0.65  0.06 0.82  0.03
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Figure S20

a b c

Figure S20. Correlation plots of three (exemplary) baseline models trained and tested on 

 using two input descriptors only: 1,p and C2SP2. (a) 1-nearest neighbour; (b) linear 𝜀𝑑,𝑚𝑎𝑥

regression; and (c) out-of-the-box RF trained with 300 estimators.
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Table S2

Table S2. Performance of RF models trained and 10-fold cross-validated using 300 

estimators, 3 input molecular descriptors (1,v, CIC3 and HOMO-2) and different forms 

of molecular fingerprint vectors. In the case of Morgan fingerprints, we set the 

connectivity radius to 4 units, while for topological fingerprints the minimum and 

maximum path counts are set to 1 and 6 units, respectively. Their vector lengths are set 

to either 64 or 2048 bits to reflect different degrees of model complexity.

No. molecular descriptors Fingerprint type No. bits Total no. inputs R2 r

3 N/A N/A 3 0.63  0.06 0.80  0.03

3 Moiety 159 162 0.63  0.06 0.81  0.04

3 MACCS 166 169 0.66  0.04 0.83  0.02

64 67 0.70  0.05 0.84  0.03
3 Morgan

2048 2051 0.69  0.05 0.84  0.03

64 67 0.68  0.04 0.83  0.02
3 Topology

2048 2051 0.69  0.05 0.84  0.03

3 E-state 79 82 0.66  0.04 0.82  0.02

3 Coulomb 320 323 0.56  0.07 0.77  0.04
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Table S3

Table S3. Scoring of the baseline and hyperparametrically optimized RF and ExtraTrees 

models, fed with 3 molecular descriptors and a Morgan fingerprint vector of 64 bits.

Model No. 
estimators

No. samples per 
leaf

No. samples to 
split Validation R2 r

RF

(out-of-the-box)
300 1 2 10-fold CV 0.70  0.05 0.84  0.03

RF (optimized) 1200 1 2 10-fold CV 0.70  0.05 0.85  0.03

RF (optimized) 1200 1 2 LOOCV 0.74 0.86

ExtraTrees

(out-of-the-box)
300 1 2 10-fold CV 0.69  0.05 0.85  0.02

ExtraTrees 
(optimized) 2000 1 2 10-fold CV 0.70  0.04 0.85  0.02

ExtraTrees 
(optimized) 2000 1 2 LOOCV 0.73 0.86
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Figure S21

Figure S21. LOOCV of the optimized Extra Trees (ET) regressor fed with 3 molecular 

descriptors and a 64-bit vector as Morgan fingerprint.
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Figure S22

Figure S22. Boxplots for the Pearson correlation coefficients between different sets of 

molecular descriptors retrieved from xTB and DFT (B3LYP) optimized geometries.
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Figure S23
a b c

Figure S23. (a) Leave-one-out interpolation of a RF model trained using DFT data and 

tested on xTB-optimized molecules using 3 parameters (1,v and CIC3 recalculated from 

the xTB geometry, and the HOMO-2 energy level as computed in xTB) and a 64-bit vector 

as Morgan fingerprint. (b) Fitting of linear regression and support vector regressor (SVR) 

models for calibration of HOMO-2 energy levels as computed in xTB and DFT (B3LYP). 

The mismatch in the absolute values of HOMO-2 energy levels between DFT and xTB 

calculations prevents obtaining higher scorings in the RF models depicted in (a). (c) 

Correlation plot between HOMO-2 energy levels from DFT and the corresponding 

calibrated values as obtained by linear regression (blue), SVR (red) and RF (green) 

models. The dashed black line indicates perfect matching between DFT and calibrated 

values.
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Supplementary Note 4

Supplementary Note 4. Detailed database of moieties used in this work.
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Supplementary Note 5

Supplementary Note 5. Estimation of computation time required to make absorption 

strength predictions using xTB Hamiltonians (in combination with ML models) or 

rigorous TDDFT.

Table S4 provides a comparison in terms of the computation time required for the molecular 

geometry optimization step in the TDDFT and xTB approaches. We analysed 194 molecules 

from TDDFT calculations based on B3LYP/6-311+G(d,p) and 475 molecules (Figure S7) from 

xTB calculations based on GFN2–xTB to tentatively quantify the difference in computational 

efficiency between both methods. Our analysis suggests that geometry optimization using 

GFN2–xTB is ca. 3000 times faster than TDDFT/B3LYP/6-311+G(d,p), even though GFN2–

xTB calculations were done on a conventional 12 CPUs laptop as opposed to the 32 CPUs 

dedicated cluster/workstation employed in the TDDFT calculations, thus highlighting the great 

advantage of using xTB over TDDFT.

Furthermore, we have estimated the time consumption for the absorption strength predictions 

using the established ML model in this work. The time required for the ML model training and 

LOOCV steps is below 10 minutes (12 CPUs), whereas the calculation of molecular descriptors 

(>5000 descriptors) for the full data set (479 molecules) takes no less than 180 minutes (12 

CPUs). Hence, for a molecule made up of 100 atoms, the whole absorption strength 

determination (i.e., from geometry optimization to  prediction) effectively takes around 𝜀𝑑,𝑚𝑎𝑥

200 minutes using xTB with ML; and 1345 minutes using solely TDDFT. Nevertheless, the 

advantage of the ML approach is more evident as interpolation in the trained model takes less 

than 1 second (per molecule) to compute, which enables at least four orders of magnitude faster 

molecular screening with respect to TDDFT (1345 minutes or 80700 seconds per molecule).
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Table S4

Table S4. Computation time required for molecular geometry optimization steps using 

TDDFT/B3LYP/6-311+G(d,p) and xTB/GFN2–xTB.

Approach DFT/B3LYP/6-311+G(d,p) xTB/GFN2–xTB

No. of molecules 194 475

No. of atoms 18022 37989

No. of CPUs 32 12

Time elapsed (mins) 206398.355 136

Time elapsed per atom (mins) 11.45257768 0.003579984
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