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A computer 100 system and method for classification of a test object 72 are provided.
The computer system comprises at least one processor 74 and nontransitory memory
90/92 addressable by the at least one processor. The nontransitory memory stores one
or more programs for execution by the at least one processor. The one or more
programs comprise instructions for enacting the method.

202
e

v

A description of the test object 72 is obtained.

e e e = = ——— ————y

i The test object 72 is a chemical compound having a molecular weight of less than E

2000 Daltons. 1

I
1
g gy g g g Sy g g g g g g g g g g g g g -

i The test object 72 is a chemical compound that satisfies the Lipinski rule of five i
] . .
1 Criterion, '

e e e e e o = = = = = = = ———————
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For each respective target object 58 in a first plurality of target objects, perform a first
procedure:

Pose the description 60 of the test object against the respective target object
thereby obtaining a description of an interaction between the test object and the
respective target object.

i Each target object 58 in the first plurality of different target objects is a

acid, a polysaccharide, cr an assembly of any combination thereof).

A respective target object 58 in the first plurality of target objects is a
polymer, and the posing the description of the test object against the
respective target object comprises posing the description of the test object

i

]

]

]

]

]

]

i

i set of three-dimensional coordinates {x, ..., xn} for a crystal structure of the

| polymer resolved at a resolution of 3.3 A or better, or at a resolution of 2.5 A

E_ or better.

! A respective target object 58 in the first plurality of target objects is a :

E polymer, and the posing the description of the test object against the i

! respective target object comprises posing the description of the test object of |

1 the target object against spatial coordinates for the respective target object E__/

E in the form of an ensemble of three-dimensional coordinates for the polymer !

! determined by nuclear magnetic resonance, neutron diffraction, or cryo- :
electron microscopy. i

1
]
e g g g g g g g g g N |

|

|

|
polymer (e.g., a protein, a polypeptide, a polynucleic acid, a polyribonucleic i——/

|

(

1
|
|
|
|

against spatial coordinates for the respective target object in the form of a i |1

I
|
I
|
|
I
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212

_______________________________________________________________________ _/’(cont.)
— 220

the posing the description of the test object against the respective target

]
]
E object comprises docking an atomic representation of the test object into an

|
1 polymer with an active site, the test object is a chemical composition, and E__/
i
|
|
|

i_atomic representation of the active site of the polymer. !

i The test object is a chemical compound, the respective target object i

I comprises a polymer with a binding pocket, and the posing the description of ! T 222
i the test object against the respective target object comprises docking o

i modeled atomic coordinates for the chemical compound into atomic i

i coordinates for the binding pocket. !

---------------------------------------------------------------------- : 204

— - - + - L—226
Input the description of the interaction between the test object 72 and the |

respective target object 58 to a first classifier 102 thereby obtaining a
corresponding score 106 for the interaction between the test object and the
respective target object from the first classifier.

The posing the description of the test object against the respective target — 228

object thereby obtaining a description of an interaction between the test
object and respective target object is performed by a second procedure that
comprises modeling the test object with the respective target object in each
pose 102 of a plurality of different poses.

]
]
]
]
]
E In some such embodiments each such pose is used to create a voxel map in
1 a plurality of voxel maps 40, where each respective voxel map 40 in the

E plurality of voxel maps comprises the test object 72 in a respective pose 120
1 inthe plurality of different poses. In such embodiments, each voxel map in

i the plurality of voxel maps is unfolded into a corresponding first classifier

I input vector 122, thereby creating a plurality of first classifier input vectors,

E where each first classifier input vector in the plurality of first classifier input

1 vectors is the same size. Further, in such embodiments, the inputting the

1 description of the interaction between the test object and the respective

E target object to a first classifier comprises inputting each respective first

I classifier input vector in the plurality of first classifier input vectors into the

| first classifier 102.

-----------------------------------------------------------------------

Fig. 2B
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|/~ (cont.)

| 226
(cont.)
228

~ (cont.)
—230

' y Each first classifier input vector 22 in the plurality of first classifier input
-vectors is one-dimensional. ' P

' The plurality of different poses comprises 2 or more poses, 10 or more : )
- poses, 100 or more poses, or 1000 or more poses. ]

232

VAN A

' The plurality of different poses is obtained using a docking scoring
i function in one of a Markov chain Monte Carlo sampling, simulated L

234

\

I annealing, a Lamarckian Genetic Algorithm, a genetic algorithm or a

i_deep convolutional nueral net sampling.

' The plurality of different poses is obtained by incremental search using a i —236

1 greedy algorithm. —T"

\

E The second procedure further comprises obtaining a plurality of scores | —1— 238
]

; from the first classifier 102, where each score 106 in the plurality of !
E scores corresponds to the input of a first classifier input vector in the !
! plurality of first classifier input vectors 122 into the first classifier, and E
E using the plurality of scores to obtain the description of the interaction !
' between the test object and the respective target object. In some such E
i emboddiments, the test object 72 is a chemical compound. The using !
i the plurality of scores to obtain the description of the interaction between |
I the test object and the respective target object comprises taking a i
i measure of central tendency of the plurality of scores: '
i when the measure of central tendency satisfies a predetermined |
i threshold value or predetermined threshold value range, the description i
i of the interaction between the test object and the respective the target |
! object is deemed to have a first classification, and i
E when the measure of central tendency fails to satisfy the !
1 predetermined threshold value or predetermined threshold value range, |
1 the description of the interaction between the test object and the i
E respective target object is deemed to have a second classification. !
! i
]

]

]

]

|

]

The first classification is a prediction that the test object binds to the
respective target object with an ICsp, ECsq, Kg, Kl or percent inhibition
that is below a first binding value, and the second classification is a Iy
rediction that the test object binds to the respective target object with i
n ICsp, ECsp, Kg, Kl or percent inhibition that is above the first binding !
]
]

| value (e.g. one micromolar, ten micromolar). _______________________1 !

L— 239

< 0 O

Fig. 2C
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|/~ (cont.)

____________________________________________________________________ : 226

> s
(cont.)
228

]

]

]

i The second procedure further comprises obtaining a plurality of scores |
! (cont.)
]

]

i
i
from the first classifier 102, where each score 106 in the plurality of i L]
scores corresponds to the input of a first classifier input vector in the i
1 plurality of first classifier input vectors into the first classifier. The using |
E the plurality of scores to obtain the description of the interaction between |
! the test object 72 and the respective target object 58 comprises taking a
1 weighted average of the plurality of scores, where
when the weighted average satisfies a predetermined threshold
value or predetermined threshold value range, the test object is deemed
to have a first classification, and
when the weighted average fails to satisfy the predetermined
threshold value or predetermined threshold value range, the test object
is deemed to have a second classification.

— 240

AN

| The first classification is a prediction that the test object binds to the |
E respective target object with an ICsy, ECso, Kq, Kl or percent inhibition E
! that is below a first binding value, and the second classification is a :_._r//—
| prediction that the test object binds to the respective target object with 1

]
i an ICs0, ECs0, Kg, Kl or percent inhibition that is above the first binding E
1

— 241

' 1 value (e.g. one micromolar,_ten micromolar).

242

The first classification is an I1Csp, ECs0, Kq, Kl, or percent inhibition for !
the test object with respect to the respective target object that is above |
a first binding value, and the second classification is an 1Csp, EC5, Ky, E
Kl, or percent inhibition for the test object with respect to the :
respective target object that is below the first binding value (e.g. one E
micromolar, ten micromolar). !

244

! 1 Arespective target object 58 in the first plurality of target objects is a '
E i polymer with an active site. The test object 72 is a chemical !
1| composition. The modeling the test object with the respective target :._.__,/
i i object in each pose 120 of a plurality of different poses comprises

i ! performing a molecular dynamics run of an atomic representation of

I 1 the test object 72 bound to an atomic representation of the respective
E
]
]
]
]
]
[}
]
]

| respective target object together over time. At least a subset of the
E plurality of different poses is obtained by taking snapshots of the

' trajectory over a period of time.
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_______________________________________________________________________

The first classifier 102 comprises a network architecture that includes
(i) an input layer 26 for sequentially receiving respective first classifier input
vectors in the plurality of first classifier input vectors, (ii) a plurality of
convolutional layers 28, and (iii) a scorer 30.

The plurality of convolutional layers includes an initial convolutional
layer and a final convolutional layer.

Each layer in the plurality of convolutional layers is associated with a
different set of weights.

Responsive to the inputting of a respective first classifier input vector
122 in the plurality of first classifier input vectors to the first classifier 102,
the input layer feeds a first plurality of values into the initial convolutional
layer as a first function of values in the respective first classifier input vector
122

Each respective convolutional layer 28, other than the final
convolutional layer, feeds intermediate values, as a respective second
function of (i) the different set of weights associated with the respective
convolutional layer and (ii) input values received by the respective
convolutional layer, into another convolutional layer in the plurality of
convolutional layers.

The final convolutional layer 20 feeds final values, as a third function
of (i) the different set of weights associated with the final convolutional layer
and (ii) input values received by the final convolutional layer, into the scorer.

The second procedure further comprises: obtaining a plurality of
scores from the scorer 30, where each score in the plurality of scores
corresponds to the input of a first classifier input vector 122 in the plurality of
first classifier input vectors into the input layer 26, and using the plurality of
scores to obtain the description of the interaction between the test object 72
and the respective target object 58.

The scorer 30 comprises a plurality of fully-connected layers and an '

|
]
i evaluation layer. A fully-connected layer in the plurality of fully- T
]
]

The scorer 30 comprises an implementation of decision tree, a multiple
additive regression tree, a clustering algorithm, principal component

guadratic discriminant analysis, a suppart vector machine, an i
evolutionary method, a projection pursuit, a logistic regression or :
ensembles thereof. i

The computer system further comprises a graphical processing unit 50 i

i
E having a graphical processing memory 52, and the graphical processing i 1~
]
]

memory comprises the network architecture. !

analysis, a nearest neighbor analysis, a linear discriminant analysis, a | ——

L]

|/~ (cont.)
226

(cont.)

228
[ (cont.)

248

L —250

—252

L —254
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|/~ (cont.)
e oo} | 226
i v LA (cont)
I T Lo 228
I : A convolutional layer 28 in the plurality of convolutional layers has a Lo T (cont)
E i I plurality of filters, and each filter in the plurality of filters convolves a P E“ 248
1 1 1 cubic input space of N3 with stride Y, wherein N is an integer of two or i i ! LT (cont)
i 1 1 greater and Y is a positive integer (e.g. the different set of weights et N 256
1! . . . . . . '
1 1| associated with the convolutional layer are associated with respective b
i i filters in the plurality of filters). Lo
TN T e
e —— Soosonoemonooooonooorosooiieoecooos e
i 1 1 The scorer 30 comprises a plurality of fully-connected layers and a P | —— 258
E i i logistic regression cost layer, and a fully-connected layer in the plurality —
' ' of fully-connected layers feeds into the logistic regression cost layer. - E
| 4 STTTTTTmomomomomomomomomoooooooosomooomosomomomomooomoooooooooooos e
[T L L e L L P L P R R P R L 1
L e e e e e e e e e e e e e e e o o e e o o o o o o o 1

Each corresponding score for the interaction between the test object and a respective 260
target object across the first plurality of target objects forms a test vector 104 for the test f

1 The carresponding score 106 for the interaction between the test object 72 and the E 4 262
I respective target object 58 from the first classifier 102 is a numerical score. .

{ The corresponding score 106 for the interaction between the test object 72'andthe | | 264
: respective target object 58 from the first classifier 102 is a numerical score between ;_/

t The first plurality of target objects 58 comprises 100 target objects and the test vector C o 266
I 104 for the test object comprises 100 elements, each element for the score for the :
. interaction between the test object and a respective target object in the first plurality of |
i | target objects from the first classifier 102. i

The test vector 104 for the test object 72 is inputted to a second classifier 108 thereby
obtaining a transformation for the test vector as output from the second classifier. The 270
transformation provides an indication 110 of a single target object in the first plurality of e

target objects.

E The second classifier 108 comprises a logistic regression algorithm, a random forest, i | — 272
| a nonlinear regression model, a linear regression algorithm, a kernel method, a r/
' decision tree, multivariate splines (MARS), or a multiple additive regression tree. i

)

Fig. 2F
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The second classifier 108 is trained on a plurality of training vectors 116. Each respective
training vector in the plurality of training vectors is the output from the first classifier 102
after inputting a corresponding training object 113 in a first plurality of training objects as a
test object in accordance with the first procedure. Each training object 113 in a first
subset of the first plurality training objects is uniquely associated with a corresponding
target object in the first plurality of target objects. Each training object in a second subset
of the first plurality of training objects is associated with no target object in the first
plurality of target objects.

The first subset of the first plurality of training objects comprises 1000 training i
objects 113, and the first plurality of target objects 72 comprises 100 target objects. |
For each respective target object in the first plurality of target objects, the first subset
of the first plurality of training objects includes at least five training objects that are
uniquely associated with the respective target object, and the second subset of the
first plurality of training objects comprises 10000 training objects.
' Each respective training object 113 in the first plurality of training objects is a E
i chemical compound with a corresponding molecular fingerprint (e.g., Daylight H
ifingerprint, a BClI fingerprint, an ECFP fingerprint, an ECFC fingerprint, an MDL i
| fingerprint, an APFP fingerprint, a TTFP fingerprint, or a UNITY 2D fingerprint) E_l/
i that is dissimilar to the molecular fingerprint of any training object in the first
I plurality of training objects that is not uniquely associated with the same target
| object as the respective training object.

1 L)
i 'The corresponding molecular fingerprint of the respective training object is E
! : deemed to be dissimilar to the molecular fingerprint of another training object !
i 'in the first plurality of training objects when the Tanimoto coefficient between

i . i the respective training object and the molecular fingerprint of the other

i 'tralnlng object is less than 0.70, or less than 0.60, or less than 0.50.

274
s

L 276

- 278

— 280

Fig. 2G
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74

The first classifier 102 comprises a plurality of weights. Prior to the obtaining 204, a E
training data set 63 is acquired that comprises: a second plurality of training objects E
66, a second plurality of target objects 65, and a plurality of experimentally '
determined scores 68, where each respective experimentally determined score in the ._/
plurality cf experimentally determined scores is for the interaction between a
corresponding training object 66 in the second plurality of training objects and a
corresponding target object 65 in the second plurality of target objects. For each
respective training object 66 in the second plurality of training objects, a second
procedure is performed that comprises: (i) posing a description of the respective
training object 66 against a corresponding target object 65 in the second plurality of
target objects thereby obtaining a description of an interaction between the training
object and the corresponding target object, (ii) inputting the description of the
interaction between the respective training object and the corresponding target
object to the first classifier 102 thereby obtaining a corresponding score 106 for the
interaction between the training object 66 and the corresponding target object 65
from the first classifier 102, (iii) determining a differential between (1) the
corresponding score 106 from the first classifier 102 for the description of the
interaction between the respective training object 66 and the corresponding target
object 65 and (2) the experimentally determined score 68 for the interaction between
the respective training object 66 and the corresponding target object 65 from the
training data set 63, and (iv) applying the differential to the plurality of weights.

The second plurality of target objects is the same as the first plurality of target
objects.

There is only partial overlap between the second plurality of target objects and
the first plurality of target objects.

g

There is no overlap between the second plurality of target objects and the first
plurality of target objects.

-'_'_(\'_Z_

The first plurality of target cbjects is a subset of the second plurality of target
objects. !

c

The second plurality of target objects is 50 or more target objects, 100 or more
target objects, 250 or more target objects.
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The first plurality of training objects is the same as the second plurality of
training cobjects.

c

The first plurality of training objects is different than the second plurality of
training cbjects. !

c
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