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ICReDD philosophy

and our experience

- Beachon Gesignvia/iransiion * |CReDD strongly encourages the projects with emphasis on
state calculations
- Providing "computer collaboration between fields of chemistry (experimental,
prediction" . . ]
. computational, informatics).
Computational
_fsf% * In our case — experimental chemists
B |
Experimental . * We are working on:
Science Information
- Science * Predictive modeling for data from wet lab:

= Evaluation and execution

) . o 124
of the designed reactions Dras_tlc |m;_)r_ovement of ® SMma | data
design efficiency
* Feedback of e
* Providing

"human intuition" * Data management

"machine intelligence"

* Data analysis
Image by Prof Maeda, WPI-ICReDD
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Photoswitches

Molecular photoswitches are a class of compounds
that can readily isomerize between distinct structures
upon irradiation with light.
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Quantitative Structure-Property Relationship

modeling

Quantitative Structure-Property Relationship (QSPR) modeling — establishing a relationship between
the chemical structure (molecule, reaction, etc) and a property we want to predict.

Property = f( o’}
\ 4

Property = f(Descriptors)

/N

Mathematical relationship

. . ) Parameters directly derived
established with machine y

from molecular structure

learning methods
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DOPtools: a library for automation of benchmarking and

model building

chem module cli module \
« Calculation of fragments and fingerprints Command-line interface for all operations

)v + (CircuS, ChyLine, RDkit FP) * launch_preparer
s|DoRc.)vA « ColorAtom for fragment descriptors

+ Input as Excel or .csv
+ Structure reading and
standardization

*  Qutput as .svm or .csv

« Solvent features

DOPtools

optimizer module * launch optimizer

« Batch calculation of descriptors + Optimization of descriptor space

+ Optimization of model hyperparameters and ML hyperpanameters

« SVM, RandomForest, XGBoost * rebuilder
K* Regression and classification

. PlDttEr /

GANTZER

Byadi et al. Digital Discovery, 2025, 4, 1188-1198
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chem module: available descriptors

PP . Fingerprints (RDkit) Fragments
S ‘:9 \ * Morgan/features e Circular (CircuS) <« Linear (ChyLine)
* RDkit/layered
e = Jb o:l 0’.
° Torsion substru(:tures D'O ‘:> 'O |:> O'O

radius: 1 radius: 2 radius: 3

e AtomPairs

R oaee 00 | E DO GDO

- — . AC|d|ty radius: 1 radius: 2 radius: 3
SoLvEnT * Basicity () (N
' * Polarizabilit Chyton et et
— . Polarizability e S0 = GD
D|p0 anty length: 2 length: 3

Catalan. J. Phys. Chem. B, 2009, 113, 5951-5960
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Initial studies:

literature photoswitch data

e Literature data:

;800 molecules for Ay, = | =

w
431

* ~130 molecules for t,, 2 2 20
. . o 2 -
* Training/test set separation: = 15
90% training / 10% test ® * 10
5
- 0_
H T 250 300 350 400 450 500 550 600 0 2 4 6 8
e Stratified by property Absorption maximum A pax Thermal half-life logti

Byadi et al. ] Cheminformatics. 2025, 17(1), 42
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Benchmark results:

Prediction of absorption

A
0‘9/; ~ 04- 4’-% Cross-validation
C 5. % O
. T M %f S 2 B consensus and external
o(@ (/,') % s % . 42;0 0@@ % validation results
| e ? ? N S 1 ” ?’ for CircuS fragments
600 4 R2(CV) = 0.907 , 'r'.
6 £ 2 (tost) = .
28l é £ 5, | R(test)=0.905 Yo
(o] - N 2
x ®
£ ? % S 500 - ‘d . oy
wy 28] o ? ~ 450t
iy == - | g
= o £ 400 -
QC 24| é =
® 350 1
o test
300 -
22| & ’ r Qv
\— —- 250 1— : : :
300 400 500 600
Descriptor benchmark Observed Apmax, Nm

Byadi et al. ] Cheminformatics. 2025, 17(1), 42
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Benchmark results:

Prediction of thermal half-life

P
‘Qef,f s U T Cross-validation
o Q&, 3 %,. 8, %, o 2 ’04. 8, consensus and external
<, % % s % . ‘77% /)@(9 % validation results
. N ” ? ® S | ” > for ChyLine fragments
1.39 - R2(CV) = 0.582 )
1344 S 871 R2(test) = 0.482 ./:
; g
1.259 4 9 6 . o, '.40 s o
§ ®
1.2 1 § ° 0 o E ad W b
i 1d] 6 3] . : . }v A L4
15 o $
1.10 ? 6 E é ol ‘
. al t » ,/. ®
S e test
1.04 - ° o4 ¢ Qv
& 00 25 50 75

Descriptor benchmark Observed logt

Byadi et al. ] Cheminformatics. 2025, 17(1), 42
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* Lack of data

* Model applicability

* Complexity of
isomerization

mechanism
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Expanding the dataset

The data for all properties—t;,,, A, .+, and A, — was collected from literature, and
further intra-laboratory measurements were performed in various solvents.

R
t1/2 An—n* An—n* (HP)_NNJ@

368 / 284 | 84 773 | 689 / 84 130 /116 / 14
MeCN 130 (35.3%) 139 (18.0%) 71 (54.6%) @’)_N"H—i 5
DMSO 120 (32.6%) 120 (15.5%) 31 (23.8%) i) N
toluene 59 (16.0%) 59 (7.6%) 28 (21.5%) = o
THF 35 (9.5%) W35 (4.5%) i \L__}}Nﬁ _@15
EtOH 380 (49.2%)| - NN
MeOH 16 (2.1%) - J
1,2-DCE 24 (6.5%) 24 (3.1%) I NN
I T T I T T T T T hlj—mhl {l:?j:l
0 100 200 0 200 400 600 O 50 100 N
. R =CN, |, Cl, Br, F, NO;,
Number of data points CHy, CaHs, OCH,
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Benchmark results

Benchmarks for half-life
and A__.- showed the
superiority of the fragment
descriptors.

On the other hand, Avalon
fingerprints were the best

forA, .«

for the expanded dataset

t1/2, 109 units A(m—rm*), nm A(n—m*), nm
RMSE 0.8 1.0 1.2 20 25 30 15 20 25
Torsion - | HBH | 1 I |-ﬂoI | T o fH | |
RDKFP layered - i - HEh - HaH
RDKFP linear - B - gH - o H
RDKFP - HEH . HEH . HEH
AtomPairs - HBH o - HEH 4 HH
Morgan features g = HEH o s Ht o
Morgan - HEH - =] - oifH
Avalon 4 Hgl - HEH + HgH
ChyLine - B - HEH - off o
Circus {Hp o 41 - HH
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Benchmark results:

the best models

o 650- | 6501 -
i  MeCN a ,/
i  DMSO 550+ 550- <
- 5_ L] rd .
¢ toluene 9
THF = 3 450+ 450-
i FEtOH g
e .
MeOH ] ° 3501 350+
- ]
¢ 12-pce 1 v R2=0.774 & R2=0.895 R2=0.793
_3{ 7 RMSE=0.782 | 5c0d #7 RMSE=20.826 | >5qd »7 RMSE=15.443
3 -1 1 3 5 7 9 250 350 450 550 650 250 350 450 550 650
Observed logti)? Observed A(m — mm*) Observed A(n — m*)
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Model validation:
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single solvent vs multi-solvent vs LOSO

13

* Multi-solvent model achieved

higher performance in all
solvents in cross-validation

MeCN

compared to single solvent

* Leave-one-solvent-out models

were predictive in datasets with

lower data count, but struggled

THF

with solvents overrepresented

in the dataset

Predicted

Predicted

Single-solvent

9 -
7 »
5 . ®
e
3+ ";:""
1 o
_14 % R2: 0.661
_34~7 RMSE: 0.898
I 1 I I I I I
-3-11 3 5 7 9
Observed
9 ”
7 7
5 N ,,
34 ’
rs
14 7
14 L7 R2: -0.440
347 RMSE: 1.149
I I 1 I I 1 I
-3-11 3 5 7 9
Observed

Predicted

Predicted

Multi-solvent

R?: 0.760
RMSE: 0.755

T 1
1 3 5

Observed

T
/

T
9

7’
d

7’

-/
7’

R?: 0.600

RMSE: 0.606

1
-3 -1

T 1
1 3 5

Observed

T
/

T
9

Predicted

Predicted

LOSO
9 -
7 o ° 4
5+ g
i %
i N 593/:
- ”
a4 L7 R2: 0.262
347 RMSE: 1.324
I I 1 I I I I
-3-11 3 5 7 9
Observed
9 -
7 - 7
5_ ,/,
3+ ,,r
14 /
14 L R2: 0.477
347 RMSE: 0.693
1 I I 1 I I 1
-3-11 3 5 7 9
Observed
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single solvent vs multi-solvent vs LOSO
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* The effect was even more
pronounced for A« models:
ethanol that represented
around 50% of all data was not
predicted as well as other,
smaller solvent sets.

EtOH

MeOH

Predicted

Predicted

6504 P
550
450 1
® ®
350 - R?: 0.867
+%  RMSE: 22.417
2504 #7 MAE: 13.737
1 1 1 1 1
250 350 450 550 650
Observed
650 ,
7
V4
550 - e
/7
,/
450 1 ’
//’
350 - ’ R%:0.170
+°  RMSE: 29.311
250 4 P4 MAE: 19.213

T T T T T
250 350 450 550 650

Observed

Predicted

Predicted

650 - P
550 -
450 - }
350 - R?: 0.899
RMSE: 19.494
2504 77 MAE: 11.920
1 1 1 1 1
250 350 450 550 650
Observed
650 - P
7
,
550 - e
/7
,/
450 - ¥
350 - 7 R?: 0.836
+°  RMSE: 13.014
250 4 7/ MAE: 8.331

T T T T T
250 350 450 550 650

Observed

Predicted

Predicted

650 p
7/
7/
550 - i
4
4501
o
350 ' -0.603
RMSE: 77.826
2504 #” MAE: 56.191
1 1 1 1 1
250 350 450 550 650
Observed
650 ’
/
V4
550 - e
v
/I
450 7
,/
350 - L’ R?%: 0.744
7 RMSE: 16.293
2504 #7 MAE: 12.417

T T T T T
250 350 450 550 650

Observed
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External validation on newly

synthesized compounds

S N N
* To assess the practical utility /@/@%N' @ @[N J\ON ©/N°N (}\
izabili 10 3%

and generalizability of our

models, we designed and N@ @ F
synthesized six novel azo Noy -8 Noy @ J/@/Q
oot @)
pe o o

heteroaryl derivatives.

* Spectroscopic and thermal g | mmcncotszbe f A uso{ smon-zosz s B oo Mesmcuoisas
. izati t d = RMSE(DMS0)=0.229 /’ = RMSE(DMS0)=24.353 /’ E RMSE(DMS0)=23.165 +
isomerization studies were 2 - ,%400_ T
conducted in acetonitrile and S 4 < ® < 5001

_"; ../ . 8 E “ B /
DMSO at 25°C, with all ( R ¢ LA
ey . D o] WA & y S as0{ 7 88
compounds exhibiting first- 31,/ b U
order kinetics. 3 4 5 0000 330 400 %0 450 500 550
Observed t)», log units Observed Ap_p*, nm Observed A, —p+, Nm
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ColorAtom

* To interpret the predictions of the model, we use ColorAtom methodology. The contributions are
calculated from partial derivatives of descriptors and are shown as colors around each atom.

* The colors are scaled to the maximum weight and are relative (a very bright color means the
contribution is maximum, the less bright, the lower is the contribution).

Regression: Red is positive contribution, Blue is negative. Classification: Color intensity shows the importance

0.1859
1.505

’7@ 0.753

(‘ \}.-
$ DN
. - 0.000
©) N
B <758

-1.505

0.14593

0.1126

0.0760

0.0393

Marcou et al. Mol. Inf., 31(9), 639, 2012
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ColorAtom analysis

* ColorAtom highlighted ty
the substructures in the ~ SRS
,:@ P ) - < 6;/'@ 0.753
' A) -y
molecules that 4 O % J e AN C 0,000
_ ey O D N g
correspond to increases N- i A ~0.753
and decreases of the +305
property values.
_ A
* Importantly, it noted the N 42.47
often-observed inverse R @ . 2N DR € » . -
: : oo S N ) O ® g 0.00
relationship between t,, : 0 =2 2]
-21.23
and A« E) s
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SHAP analysis

SHAP analysis for the t; model

0.5 -
0.4 -

0.3 5 l}

0.2 1

SHAP values

0.1 - ¢
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SHAP analysis for the A(m— m*) model
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Photoswitchable molecules as agonists

of Wnt signaling pathway

(a)
7XxTRE Luc gene
il'lz Wnt Transfection
N”N . reporter
NN 0
@/\/J‘ \C[o> - Q}@
g © O. trans Photoswitchable ‘ Y 4
IH" Whnt agonist
NN 525 nm | | 405 nm i ] | : (e)
WN 450 nm : 8120
N (RS > . _
s D ‘ @100 i I Dark Light § 80/ ECso =100 uM
~ m | m
BML-284 NH; @ e g 80 g Light
NN ] g 00+ g 60]
SN 3 40 - E :
Reporter expression o 20 I - . 1 3
O. . = o 404
Cis ‘ % 0 '-l T T T T T % Dark
1 ] v o o ool X o o o - ; . ; .
Y pXBSBgBIBSBQ @ 50 100 150 200 250
.' g — g — 2] /uM HASHIM
= 2] /uM = 2] /uM
Measurement = (21 /u = [2] /u

(Luminescence)

Ahmad, et al. Org. Biomol. Chem., 2025, 23, 4240-4245
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Tubulin docking studies

RMSD

Ligand / pose
BML-284

cis-1

Docking score

-8.1
-7.7

0.38A

0.67 A
6.93 A

trans-1 -6.6

(9) cis-1@7CEK (h) BML-284@7CEK (i) trans-1@7CEK

B:240 MET

TYR PHE B:257

s‘;’szs B:50 LEU 8:266 lVSS
y :350

YR THR
8:50 B:237
2 ILE
cvs ALA 8 ;
8239 8:314 8248 s’ {EUY 9218

* Tubulin is used as a benchmark, not |
as the proposed Wnt target. n & Y g = w

B:352

« Cis-1 reproduced the BML-284 pocket = “@ @ NN e @ 2
141 85350 H B : vu/ 7 &
position better than trans-1. = . © & S

* Cis-1 interacts with the same amino ™ & % S &m0

acids as BML-284.

" ]Van der Waals [ Pi-Sigma [] Hydrogen Bond. ] Alkyl
[ Hydrogen Bond "7 Pi-Pi Stacked 1 Pi-Cation. ] Pi-Alkyl
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Wnt pathway target elucidation — FZD receptors

(a) cis-1@FzZD7

(d) cis-1@FZD7
PRO
A:58
VAL
A:62
PHE
> A:56
LEU
A:59
PHE
A:108
LEU -
A:104 H
H
PHE -
A:110 GIN
A:55

[ ]Van der Waals
¥ Hydrogen Bond

(b) BML-284@FZD7

7 Pi-Sigma
™ Pi-Pi Stacked

[1 Hydrogen Bond.
[ Pi-Cation.

(c) trans-1@FZD7

(f) trans-1@FZD7

LEU
A:104 VAL
A:62

PHE E
A:108 ;I{; 5%

GLN

PRO
--(PRO pHE  ASS
A8 'a110

(9}

] Alkyl
] Pi-Alkyl

FZD were selected as potential targets.
Docking across FZD CRDs showed repeated
preference towards cis-isomer.

Frizzled BML | cis-1 trans-1 cis-1— trans-1 (A)
FZD2 (7X8P) -8.7 -8.7 -7.9 -0.8
\FeDaeBRB) | 81 | 81 | 8 | 01 _
FZD5 (5URY) -8.8 -8.8 -8.2 -0.6
FZD7 (5T44) -8.5 -8.6 -7.9 -0.7
FZD8 (11JY) -8.2 -8.2 -7.2 -1
FZD10 (7X8T) -6.7 -6.5 -6.4 -0.1
Ligands Interacting amino acids
BML-284 GLN55 PHE56 PRO58 LEU59 VAL62 LEU104 PHE108 PHE 110 GLN111 PRO113
cis-1 GLN55 PHE56 PRO58 LEU59 VAL62 LEU104 PHE108 PHE110 PRO113
trans-1 PRO58 LEU59 VAL62 PHE108
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Conclusions

* Using machine learning on structural features (fragment counts of various topologies),
we have successfully predicted photoswitching properties of various azo-
photoswitches with high accuracy.

* Fragment descriptors allow to not only build accurate models, but also to apply the
model interpretation techniques such as ColorAtom to guide subsequent design
efforts and experiments.

* Docking studies allow to identify potential targets, further confirmed and evaluated by
MD simulations.
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