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Biological properties

“Numerical

Molecular descriptors: definition or
Physicochemicai codification
Topologicals
Structurals

Geometrics

Set of parameters that unequivocally describe each
structure and explain how the different biological properties
are affected as a function of these parameters.
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Oﬁjectives

Biological Cannabinotd effect

7 g ) o BuCnE ClGwp  [BACED % inhibition
Lonoourids
evaluation ey Cinnh. Typz) (¥Inh.)] contractile response

([10-¢/10-°])
el i 54.6/74.7

CB1/CB2 (A)

PGN33 74.7/86.4 . . .
. “8* 93 cez () Binding site
BuChe

BACE-1 NP145 6.4 (M) 53% No Effect
NP73 3.9 (O 50% No Effect

NP152 0.00026 (M) 11% cg?hz:észB&Z)

NP101 0.62 (M) 18% Cg%gg’f&i)
NPO1 .39 (M) 11% 3&'27/(5,,%8
nggf NP43 0.23 (M) 33% 5&3/ ggjs
NP129 0.8 (M 34% sgéz/ ?255
NP148 0.0025 (M) 38% 72[;;'/ 9(’2\‘57
BACE-1 88.5/96.0
s NP137 >10¢ (M) 60% &3 &5

BuChE NP124 0,00007 (M) 55% CB311/'C58/255(.PQA)
BACE-1 89.3/96.6
o NP120 0.08 (M) 45% Gz

M. Mixed-type; C. Competitive; A. Agonist; PA. PartGwimsmgem:

To develop a QSAR model to predict BACE-1 inhibitors

I. ponzoni et al. QSAR Classification Models for Predicting the Activity of Inhibitors of B-
Secretase (BACE1) Associated with Alzheimer s Disease. Scientific Report, 2019, 9:9102
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Subset Step | Cardinality Method %CC ROC Confusion Matrix
High Low

HS1 - MW 1 7 RF 85 0.85 28 3 High
5 16 Low

HS1- MW - RDFO80m | 2 6 RF 85 0.88 30 1 High
7 14 Low
High Low

HS1 - MW - -N-069 3 5 RF 83 0.89 29 2 High
7 14 Low

Table 6. Performances during external validation of the best QSAR classifiers inferred for HS1 reduced subsets

in each step. The final model has 6 molecular descriptors, an 85% of cases correctly classified and a ROC curve
of 0.88.
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Figure 3. Performance during external validation of the best QSAR model achieved in each experimental step.
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Figure 4. Kendall correlation among descriptors of the best model.
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Ciencia, Inteligencia Artificial e
Innovacion para crear un mundo
Inteligente

Aplica los beneficios de la IA en tu sector para generar el maximo valor de transformacion

| 2 Descubre Aitenea
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A prediction system developed by Altenea biotech, based on
Artificial Intelligence techniques that improves the identification
of pharmacological objectives and the design of new drugs.

SAVINGS

feandidate Preclinical Phase

Lower economic and time costs at q
evelopment

different preclinical stages in drug

CEVCiapIREnt 40%-50% time
$ 26 billions/year

Decrease the failure ratio

Clinical Trials

@A_Itenea I . . 50%-60% time
«biotech Decrease animal experimentation $ 28 billions/year

TechEmergence Report 2019

© Altena biotech S.L. www.aitenea.com
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the online platform. Areport is developed
Easily and intuitively T automatically,
climbs molecule - explaining the results
structures and decides r-é-‘, —— of the prediction
which properties you
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. predictions are
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STEP 1 STEP 3

© Altena biotech S.L. www.aitenea.com
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Altenea
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YOU ARE HERE > App > Main

Predict - Upload and predict

Prediction
Upload your data

Upload SMILE codes Upload a CSV Available Models

Input You can upload several SMILE codes

HIA (Human Intestinal Absorption)
if you separate them by a comma

BBB (Blood Brain Barrier)

Drop your CSV here Experiment Name

(D Advanced Settings
Nclcc2c(N(CCN3CCCCC3)N=C20Cc4cc5ccececs5ecd)cecl

Send prediction job

Aitenea Biotech
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