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MD in Structure-Based Lead Optimization

Generative Modeling
- Posed ligands
Filtering, Clustering
Force Field Refinement
Light, Fast A
MD Screening
Free Energy Calcs

.

J

Computational
Cost

 Heavier MD methods staged to offer more value later in triaging

O OpenEye



MD in Structure-Based Lead Optimization

Generative Modeling
- Posed ligands

Filtering, Clustering

Computational
Cost

Force Field Refinement

Short Traj MD: NEW.’
MMPBSA ; BintScore

RBFE:
Non-Equilib Switching

\_ /

 Heavier MD methods staged to offer more value later in triaging

O OpenEye



Short Trajectory MD: Pose Testing

* Improved evaluation of a bound pose
o Samples protein, ligand, and explicit water motion

o Short Trajectory (2 ns)
o Only the immediate region of the bound pose
o Does the pose remain stable?

o Do the protein-ligand interactions remain as designed?

* High throughput ; light calculation
o Orion: 1 hr/ligand (~$1), highly parallel
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Short Trajectory MD in Orion: The Floe
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GAFF, GAFF2




MCL1 Dataset™® : STMD Floe Report

JOB O FLOE REPORT C
M !
Results D Report index
Anlys_MCL1_Jacs15_5Xligs_ff14Prsly_2021apr03 42 Show in 1
records  Project 1
Data | |
1’ [
Reports ‘
MD Report index [{ 1 ”
1 .
Job Details Delete i | 26 48 33 46
| # clusters: 1 # clusters: 1 # clusters: 1 # clusters: 1
Name Anlys_MCL1_Jacs15_5Xligs_ff14Prsly_2021apr03 [ MMPBSA score: MMPBSA score: MMPBSA score: MMPBSA score:
m | -51.8 = 0.1 kcal/mol -45.0 = 0.1 kcal/mol -42.8 = 0.1 kcal/mol -47.9 = 0.1 kecal/mol
|
Created Apr 3, 2021 2:40:27 PM | |
Source Floe Analyze Protein-Ligand MD ' |
Source Floe Version 4.0.0a125 ]
Tags + Add a tag 1 2 .
| G o
Job ID 4322 | |
|
Cost $7.97 (USD) |
; ; ’ @ | \
Duration 52 minutes | &
| O Q
Log Stream Download | View ! 35 31 52 68
Re-run this job | # clusters: 2 # clusters: 2 # clusters: 2 # clusters: 1
JoB parsmaters will b réirsed. eu can edit them before Siarting the ok a ‘ MMPBSA score: MMPBSA score: MMPBSA score: MMPBSA score:
) ) ‘ | -47.3 = 0.1 kcal/mol -46.1 = 0.1 kcal/mol -50.3 = 0.1 kcal/mol -50.6 = 0.1 kcal/mol

42 congeneric ligands

AN
*Wang et al., JACS 2015, 137, 2695 O Opentye

SCIENTIFIC



Aggregate Analysis of Ligand Trajectories

Pose 0 Pose 1 Pose 2 Pose 3 Pose 4
3 1 f—— .
2 — im
@
91 — E— _ e
O
0 - E—— — =) H e—— H E—
Other{i1mn |- n IIl i IIllI mu — T T TR | Illl [ I NI NIRRT lllI (§ NI
6 200 400 O 200 400 0 200 400 O 200 400 0 200 460
Traj Frame Traj Frame Traj Frame Traj Frame Traj Frame
Cluster Size <MMPBSA>2P <BintScore>?
-44.7 + 0.2 -19.4 + 0.3
-445 + 0.2 -156.6 £ 0.3
-46.6 + 0.3 -155:04
. . :i;:;g' i i?}JE ::'fz-‘}‘_‘» :4&;;"‘ 13 ° .\:
 Aggregate Analysis for all poses for a ligand o ——

* Reduces variance in Ensemble scoring : <MMPBSA>
* Consensus clustering yields a more global view of bound microstates

o Opentye
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MCL1 Dataset : Orion Analysis page

SCATTER VIEWER
; H O » Conformers (5)
MMPBSATrajMean ~ mscatter~ v @Q Q C |« ™ &I Templates ~
- - Average 62
Average MC...
pr— fI}'é rA2 = 0.295 [0.082, 0.528] . 65
b ) ® = » Conformers (5)
—44 2 Average 65
(/— ® Average MC...
—-46 . 49
O = » Conformers (5)
—48 p & I « Average 49
< . Conformers ...
: =z clus0.. ®
=20 #'E ® o clus1(.. ®
P clus2.. @
-52 _ ® > @ ® @ clus3.. ®
- ® . » & I . Average MC...
-541a = . Conformers ...
. ® o clus0.. @
N . » clus 1 (...
-10 -9 -8 =7 -6 clus 2 ...
clus 3 ...
user dG.exp ~ . 32

* Ligands show varying degrees of pose stability

* Fitting a model is required: <MMPBSA> score itself is not useful R
Wang et al., JACS 2015, 137, 2695 O Opentye
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Modeling AG with <MMPBSA>: MCL1 Dataset

Correlations Between Experimental AG and Ensemble MMPBSA

42 i Metric Value Median [5%,95%]° p-value
o~ S eli->en estumator & I K= B 1 -
Huber Estimator Pearson's r? 0.295 0.301 0.097, 0.526] 0.000
S -—44 l " Kendallstb | 0339 |  0341[0.143,0517] | 0002 | ]
5 —-46 e 8Median with confidence intervals of 5% to 95% estimated using bootstrapping
X (2000 samples). bKendall's T is a recommended metric to assess rank ordering.
<
o
= Ef Robust Linear Models of Experimental AG
=
2 Metric | Theil-Sen | ( Huber
o =52 :
OE) Slope 0.170 0.202
4 1
uCJ -54 Intercept 0.186 1.930
MAE? 0.731 0.700
—56 1
| Relative MAEP 0.810 0.775 |
~10 -9 -8 -7 -6 | : A 7
Experimental AG (kcal/mol) 3\ean Absolute Error. °MAE divided by the Absolute Average Deviation of

Experimental AG.

°[Huber]or Thiel-Sen estimators: robust linear models for AG

O OpenEye
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Huber Modeling of AG with <MMPBSA>: 9 Datasets

Lo Huber model
Better 08 = <MMPBSA> | mmm <MMPBSA>
0.8
0.61
S 3
3 £0.6
= 4 (©
g 0.4 é
| =
< w 0.4
<
~0.2- =
0.2
0.0- Better
O RNIE » O o0 >
2
S & \& Q &@ Met”| & K@ N
—

* Huber model gives better Mean Absolute Error (MAE) for datasets
where Kendall’s T correlation is better

O Open€ye



MAE is Sensitive to Mean Absolute Deviation

= Huber model
= 1.0+

E 1.0 s <MMPBSA>
g 0.8

— 0.8

C ey

© g

*ﬂ-)’ - 0-6-

S 0.61 =

(O] U]

] =

Q i

= 0.4 o 0.4

° =

3

< 0.2 0.2

c

©

Q

= 0.0 0.0

* Mean Absolute Deviation (MAD): property of the data (Exptl AG)

* Narrower affinity range (poorer dataset) 2 lower MAEs !
O OpenEye



MMMMMMMM 1.0
Ao.s B <MMPBSA>
EO.G —
MAE g04 <OE 0.8
£ s
0.2 |.<|(\.|
0.0 EOG
— <
E10 o =04
g >
;0.8 =
i) (©
MAD :., 0.2
§0.4
i 00 v QO D
=0.0 N

* Relative Mean Absolute Error: RMAE = MAE/MAD
 Normalizes MAE between datasets (and dimensionless!)




Modeling AG with <MMPBSA>: 9 Datasets

)07 Huber model
Better 0.8 mm <MMPBSA> " | mmm <MMPBSA>
2 0.81
0.6 =
3 2
= 0.4 i
© <
c 204_
< v
0.2 >
I
E)O.Z-
0.0 Better
f1, Q; N Q) '~o N e ’b ’L P v 2O O B X N >
PN ¥ @ &P \z\\’& ) PN S R /\(\é‘ & P Q\O& A

 Huber model tends to give better Relative Mean Absolute Error
(RMAE) for datasets where Kendall’s T correlation is better

O Open€ye



Short Trajectory MD: Pose Testing

* Improved evaluation of a bound pose
o Samples protein, ligand, and explicit water motion

o Short Trajectory (2 ns)
o Only the immediate region of the bound pose
o Does the pose remain stable?
[o Do the protein-ligand interactions remain as designed?

Historically bY
visual inspection
(Merc\( \:rOSSt)

* High throughput ; light calculation
o Orion: 1 hr/ligand (~$1), highly parallel
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Short Trajectory MD: Pose Testing

* Improved evaluation of a bound pose

o § WBRIEIEelE ey a ] explicit water motion
Ensemble Average

o Onlythei sdiate region of the bound pose
| o Does the pose remain stable? |
o Do the protein-ligand interactions|remain as designed? |

Qualitative assessment of Based on the “goodness”
protein-ligand interactions ’ of the ligand’s Initial Pose

O Open€ye



“Do the Protein-Ligand interactions ...

OElnteractions:

OEInteraction Type: contact
<ligand: 0 O protein:3561 C>

OElnteraction Type: hbond:protein2ligand
<ligand: 2 O protein:4300 N>

OElnteraction Type: hbond: non-ideal-protein2ligand

<ligand: 0 O protein:3555 N>

OElnteractions: Qualitative protein-ligand binding interactions

 Knowledge-based approach
 OEChem TK = Grapheme TK

IIIIIIIIII



“Do the Protein-Ligand interactions ...

e Use OElnteractions of the initial ligand Pose
* Principle: The more good OElnteractions there are, the better
* Prerequisite to relate to affinity

* Scoring the Initial Pose:
* With good OElInteraction Types j having weight;

* ForiOElInteractions of Type j: —
Bin
BintScore = sum; (i * weight;) _Ing
Bint
e/

IIIIIIIIII



“...remain as designed?”

* Initial Pose BintScore: Reference OEInteractions
* I|nitial Pose = “the design”
* Initial Pose BintScore = “goodness” of the design

* Trajectory BintScore = <BintScore>

* Per-frame occupancy of Reference OElnteractions
 Simple ensemble average

A changein binding interactions, even if good, is rejected
- “Does the pose remain stable?”: No

* <BintScore> strongly depends on the Initial Ligand Pose

IIIIIIIIII



Ensemble MMPBSA (kcal/mol)

<MMPBSA>, <BintScore>, and InitBintScore:

MCL1 Dataset

|
i
N

|
5N
N

|
1N
(&)}

|
N
o0

|
U1
o

|
Ul
N

|
ul
N

|
U1
(9]

=~ Theil-Sen Estimator
Huber Estimator

<MMPBSA>

-10

Experimental AG (kcal/mol)

TrajBintScore

-15

-20

-25

-35

-40

<BintScore>

== Theil-Sen Estimator

Huber Estimator

-10

-9 -8 -7
Experimental AG (kcal/mol)

-6

InitBintScore

InitBintScore

= Theil-Sen Estimator

—e—i
Huber Estimator
-70
—-80
—e—
—o— —e—
-90 e
=T
——
—&—
—o—|
—e—
-100 =y
-110 i
—e—
-10 -9 -8 i, -6

Experimental AG (kcal/mol)

O OpenEye
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Ensemble MMPBSA (kcal/mol)

<MMPBSA>, <BintScore>, and InitBintScore:
Tyk2 Dataset

<MMPBSA> <BintScore> InitBintScore
-39 Theil-Sen Estimator ——— Theil-Sen Estimator —65 ~— Theil-Sen Estimator | o o . g 3
Huber Estimator -34 Huber Estimator % Huber Estimator
—e—i
—e—i
—40 -36 -70
,_i:f"‘ - —e— A —o—i
-41 —— v o —75 !
3 -40 S iy
42 0 2 ik
- et | =5
—— % E -42 é —-80 e
i T E
—-43 = -44 —
-46
—44 i
—48 -90
—-45 =50
-95
-12 -11 -10 ~G -8 -7 -12 -11 -10 -9 -8 -7 -12 —-11 -10 -9 -8 =7
Experimental AG (kcal/mol) Experimental AG (kcal/mol) Experimental AG (kcal/mol)

O Open€ye
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Huber Models of AG: 9 Datasets

Better mE <MMPBSA> N <MMPBSA>
0.8 B <BintScore> 1.0 B <BintScore>
Bl [nitBintScore a BN nitBintScore
0.6 < 0.8;
g 2
» 0.4 20.6
g =
Q 0.2 g) 0.4-
E’
0.01 20.2
Better
e D D D O N 2 DD e
(JQ%- Q'\Q'\/ \(tl- QP e &@ @Q\/ Q;’O(J Q\o{\& RNy (JO@’ Q«Q’\?’ \(\\l—\' Q’b‘b & \\&6“0 \\Q\;\’ Q;o(’@\z\oé\?)@a

 <MMPBSA> and <BintScore> have similar aggregate performance
 Complimentarity on specific targets

* InitBintScore performs less well = pose stability matters O OpenEye



RBFE with Non-Equilibrium Switching (NES)

—-— Equilibrium
©

Vytautas
De Groot Gapsys

NOn§E
Um A
> B

o Non-

Equilibr,'u””\éB ,

W,ss | Non-Equilibrium A28 |

Gapsys et al., Chem. Sci., 2020, 11, 1140-1152 —~  sommc



RBFE with Non-Equilibrium Switching (NES)

* \ery fast transitions through intermediate states o~
* Non-equilibrium Equilibrium o ?j@,

. . . S

 Sampling: many, very short trajectories o]

. . r A
Beautifully parellelizable ! Wg s s /




RBFE with Non-Equilibrium Switching (NES)

l Forward Work
e Work
800 JA’WM}’W

3K to 3B

=

(_7"‘”\ ﬁ/\O 80 0 0.01 002 0.03 0.04
ED Frames

Work Bound kJ/mol

PDF
g 800
BAR score: 9

8.30 = 1.02 kJ/mol § 780
g 760
g 740 0.04

Frames PDF
BAR ifj : Z 1
© Z1ltexp(ln L+ Bw; 1+ exp (In 2= + B(w; — AG))

CCCCCCCCC



RBFE-NES Floe: Bird’s eye view

/

o-Bep-Bio-BeB-f:B-Le

\_

/

\

'
.E E .E ‘a E E .a -g

~J oy s %
. LR  —
'= .E r =
- . - ’ ——
. - ~ 4 A
s ? : 3 : g
-t . . —

Stage 1: System Setup

o

'
.E .g ‘E .E

/

Stage 2: End-point
Equilibration

Stages 1 and 2 can be from a prior MD run

/

3B >>3A
3C>>3B
3F>>3C
3H>>3A
3K >>3B
\ 31>>3B

\

/

Almost entirely based on existing OE Orion infrastructure for MD
User input Edge mapping will come from RBFE mapper (LOMAP)

Stage 3: NES



RBFE-NES Floe: NES Stage for PTP1B (49 edges)

NES riin< Cube Name: GMX Bound NES
| 6xlarge o Healthy T 137

1

. ¢
. {
- L

10 100 1k 10k 100k

g3.4xlarge ©
Healthy 568
(GPu | '
10 100 1k 10k 100k
g3.8xlarge © :
Health .
y 14 |
- 1 10 100 1k 10k 100k /
] | o e
g 7,840 /
GMX /
. ¢ 7,840 rtt= 7,840 = /
Chimera ) .
'/_/’A
01:80:00 02:00:00 03:00:00 04:00:00 05:00:00 06:00:00 07:00:0
UTC Time

Orion scheduler dynamically allocates spot instances (availability)

* Not a concern for the user: everything finishes!
* Runtime may vary based on availability

CCCCCCCCC



NES Protocol mainly followed Gapsys et al.

* Gromacs 2020
e OpenFF 1.3 (Parsley) with Amber ff14

* Equilibrium runs done separately
* Bound and unbound ligand

 1X 6 ns, no clustering
* No NES knowledge embedded

 NES runs: 80 frames with 50ps switching per frame
* OpenEye alchemical chimeric A/B ligands
* AAG correlations symmetrized around A>B | B2>A

 Schrodinger JACS ‘15 datasets: 8 targets
 Hunt ‘13 Bace dataset

*Gapsys et al., Chem. Sci., 2020, 11, 1140-1152
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Tyk2

16 ligands
24 edges
Equil: S15

NES: S232, 6h
NES failures

Bound 8%

Unbound 7%

Predicted AAG kJ/mol

Method

MAE
Relative MAE
RMSE
Relative RMSE
Pearson's R2
Spearman's p
Kendall's T

Relative Binding Affinity

=5 0

Experimental AAG kJ/mol

AAG kJ/mol

3.51 [ 3.86 5.13]
0.87 [ 0.66 0.96]
3.95 [ 4.84 6.34]
0.79 [ 0.66 0.94]
0.44 [ 0.26 0.62]
0.66 [ 0.51 0.78]
0.45 [ 0.32 0.57]

5

10

Predicted AG kJ/mol

Centered Binding Affinity

— 0

Method

MAE
Relative MAE
RMSE
Relative RMSE
Pearson's R2
Spearman’s p
Kendall's T

5
Experimental AG kJ/mol

00

10

AG kl/mol

2.12 [ 1.38 3.04)
0.48 [ 0.30 0.74]
2.78 [ 1.72 3.70]
0.52 [ 0.35 0.72]
0.73 [ 0.60 0.90]
0.86 [ 0.77 0.94]
0.72 [ 0.50 0.89]

pentye
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Relative Binding Affinity Centered Binding Affinity

Thrombin

11 ligands

16 edges
Equil: S9

NES: $144, 2.7h
NES failures

e None -10 -5 0 5 10 -10 -5 0 5 10
Experimental AAG kJ/mol Experimental AG kJ/mol

Predicted AAG kJ/mol
Predicted AG kJ/mol

Method AAG kJ/mol Method AG kJ/mol
MAE 3.33 [ 3.66 5.09] MAE 2.42 [ 1.35 3.59]
Relative MAE 2.10 [ 1.43 2.60] Relative MAE 1.38[ 0.80 2.17]
RMSE 3.83 [ 4.48 6.18] RMSE 3.12[ 1.88 4.11]

Relative RMSE

Pearson's R2

Spearman's p
Kendall's T

1.89 [ 1.47 2.50]
0.69 [ 0.51 0.82]
0.83 [ 0.72 0.90]
0.60 [ 0.52 0.72]

Relative RMSE

Pearson's R2

Spearman's p
Kendall's T

1.44 [ 0.93 2.29]
0.86 [ 0.71 0.99]
0.93 [ 0.85 0.99]
0.82 [ 0.53 1.00]

O Open€ye
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JACS15 p38

34 ligands
56 edges
Equil: S39

NES: $660 6.1h

NES failures:

Bound 3%
Unbound 3%

Predicted AAG kJ/mol

Method

MAE
Relative MAE
RMSE
Relative RMSE
Pearson's R2
Spearman's p
Kendall's T

-20

-10 0
Experimental AAG kJ/mol

AAG kJ/mol

4.56 [ 5.55 7.15]
1.06 [ 0.90 1.27)
5.59 [ 6.89 8.95]
1.08 [ 0.91 1.26]
0.24 [ 0.14 0.37]
0.49 [ 0.37 0.60]
0.36 [ 0.25 0.44]

Relative Binding Affinity

10

20

Predicted AG kJ/mol

Centered Binding Affinity

-10 -5 0 5
Experimental AG kJ/mol

Method

MAE
Relative MAE
RMSE
Relative RMSE
Pearson's R2
Spearman’s p
Kendall's T

10 15

AG kl/mol

4.08 [ 3.11 5.10]
1.24 [ 0.94 1.64]
5.04 [ 3.84 6.06]
1.20 [ 0.98 1.52]
0.10 [ 0.00 0.35]
0.31 [ -0.03 0.57]
0.22 [ -0.02 0.46]

U VpTliLyv
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Direct Predictions of AG : 9 Datasets

Better B OE NES (OpenFF 1.3) B OE NES (OpenfFF 1.3)
| FEP+ (JACS'15) 2.01 m=m FEP+ (JACS'15)
1.01 zzz Gapsys NES (GAFF) = FZa Gapsys NES (GAFF)
S
‘300'8' L<|E\_11.5' I
i)
2 0.61 1 SE 1 i’ ﬁ . I %
© i i i <1.0 / v
Soal ME (L) R R WL | SN AN
Soal B 1L BU Y BY| Bl i : PEVEL
~ /// /// ! Y f 2 o ; ' ; % % I
% " - 4 © o R /A7 ‘
2 W E ; : S MUV EVE L &
% % / ] [0d 7 /N /N7 / ]
% % ] ¢ ol 1Y 1 BV BV
0.01 == “ “ . 78 17 A 178 17 Better
: : : : 00 A/ 1A - 1/ 1A .
N D v N (@ > O YV R O AP L N (@ » O
NN N SO S NN I S P o SO S G
Q O o2 X Q QY o X
o Q«Q V¥ Y Q\\)(\ ) oY% Q«Q AR &\\ﬁ KR \290 )

* OE NES has comparable accuracy to literature benchmarks

A
Wang et al., JACS 2015, 137, 2695 Gapsys et al., Chem. Sci., 2020, 11, 1140-1152 Q ODEHEUE



Modeling AG with AG_NES: Thrombin Dataset

Theil-Sen Estimator

Correlations Between Experimental AG and Predicted AG (NES)

-~ Huber Estimator '—}/ , Metric Value | StdErr;[5°/o,95%]a p-value
© 2 : T -
E | o | MAEP 0.580 I 0.143 [0.358, 0.826] | n/a
§ i + i | [ RMAE® 1.464 0.360 [0.930, 2.075] ] n/a
= _-="" | Pearson'sr 0.859 0.071 [0.741, 0.978] 4.051e-05
i --7 Kendall's T 0.818 0.117 [0.600, 1.000] 1.323e-04
2 Robust Linear Models of Experimental AG
B =i : .
42 Metric Theil-Sen Huber
@ - Slope “ 0.382 | 0.375
— Intercept -0.015 -0.006
MAE? [ 0.126 | 0.127
-1 -0.5 0 0.5 1 [ Relative MAEP 0.299 0.302 ]

Experimental AG (kcal/mol)

e Huber or Thiel-Sen estimators:

robust linear models for AG

SCIENTIFIC

O OpenEye



Modeling AG with AG_NES: 9 Datasets

| mmm AG_NES
mm Huber(AG_NES)

r
N

O 1.2 = Thiel(AG_NES)
1.0- <zt
208 o= L0
5 0.6 =0.8
= "
0.4 <
5 = 0.6
@ 0.2 v
0.0 i —— l E 0.4
; ]
' o
S €9\ 0.2
o oM WO pe XN Better
A S 0T e & % O
VUGN S S P R S S
> X

* Robust Linear (Huber) Modeling of Modeling AG with AG_NES
substantially improves RMAE compared to direct prediction



Kendall’s T for <MMPBSA>, <BintScore>, and AG_NES

Better

s <MMPBSA>

pm <BintScore>
0.8 m Huber(AG_NES)
_ 52 T
") C 0.0
© 0.4 &
g a -0.2; ==
> o
e T —0.4 J
-O (o]
c
()]
0.01 ~ _0.61 | ' '
b7 .
50 ES\ \365 es)
o D ® OB e DO A'\V‘ 5¢0<e LB N aWEE W
S \& NPy <b’°c Q@QQ ) e et

Kendall’s Tt correlation between <MMPBSA> ,<BintScore>, and AG_NES
show no significant differences in aggregate performance.
 Sometimes large differences on individual targets. @Openfye

CCCCCCCCC



Modeling AG with <MMPBSA>, <BintScore>, and AG_NES

1.0{ === <MMPBSA>
. <BintScore>
B Huber(AG_NES)

&
o)

0.2; T ‘|’

0.01

=
I

Score Differences

Relative MAE (MAE/MAD)
=
o

—0.21

o
N

Better

ool _ : N7
z_N\N\ c_)CoYe B“\‘SKBG “ES\ AN\N\?B% NES)
e

* Huber Models of <MMPBSA> ,<BintScore>, and AG_NES show no
significant differences in aggregate performance.

 Sometimes large differences on individual targets.

O OpenEye



Modeling AG with <MMPBSA>, <BintScore>, and AG_NES

Better W

s <MMPBSA> 1.0 == <MMPBSA>
 <BintScore> i <BintScore>

BN Huber(AG_NES) B Huber(AG_NES)

=

o
o
o

o
(o)}

Kendall's tau
(@]
S
Relative MAE (MAE/MAD)
o
(@)

0.4
0.2
0.2
0.0 Better
0.0
@’ '\3’ S ’bq’ S oV & '\?’\{3’
(5) Q $Q K @Q %@ Q\O(‘& N

* Huber Models of <MMPBSA> ,<BintScore>, and AG_NES show no
significant differences in aggregate performance.
 Sometimes large differences on individual targets.



Conclusions

OpenEye will have a massively parallel Relative Binding Free
Energy (RBFE) floe available in the upcoming Orion release

* Non-Equilibrium Switching (NES)
 Comparable accuracy to literature RBFE benchmarks (limited testing)

Pose Evaluation using Short Trajectory MD will be improved by
the addition of Ensemble BintScore.

* New knowledge-based evaluation

AG_NES, Ensemble BintScore, and Ensemble MMPBSA can all be
effectively used in Robust Linear Modeling of Affinity

* Aggregate performance is similar
» Specific targets may (strongly) favor one model

IIIIIIIIII
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