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structural biology has provided us 
with atomistic insight into biology

h!ps://en.wikipedia.org/wiki/X-ray_crystallography

Brookhaven National Laboratory - NSLS II

X-ray crystallography
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NMR cryo-EM
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the last decade has produced an enormous 
number of biomolecular structures
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structure tell only part of the story: 
Dynamics is key to understanding function and disease

imatinib 
approved by USFDA in 2001

2500x more selective for Abl over Src 
Abl and Src share 54% sequence identity 



molecular modeling and simulation can  
breathe life into static structures

Shan, Kim, Eastwood, Dror, Seeliger, Shaw. JACS 133:9181, 2011 
Durrant, McCammon. Molecular dynamics simulations and drug discovery. BMC Biology, 2011



atomistic molecular simulation  
possesses unique challenges

h!ps://solarsystem.nasa.gov/resources/11776/cassini-trajectory/

spacecraft trajectory

McGuffee and Elcock. PLoS Comput Biol. 2010 Mar 5;6(3):e1000694.e

interior of a cell

Making sense of stochastic biomolecular behavior requires the development of new technologies



kinase inhibitor 
selectivity

predicting drug 
sensitivity/resistance

selective inhibitor design: 
targets/antitargets

novel drug delivery 
modalities

automated biophysical 
assays and inference

anticipating 
drug resistance

mechanisms of 
oncogenic activation

cancer 
immunotherapy

How can biophysical modeling play a major role in the era of cancer genomics?
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new approaches to molecular simulations are a powerful 
way to address questions in cancer research and therapy

Understand molecular mechanisms  
of function and disease

Improve drug discovery 
success rates

Predict clinical response and 
emergence of drug resistance

AurA
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biophysical modeling can reveal key insights into 
the molecular mechanism of function and disease

nick levinson 
umn

minkui luo 
ski

SETD8

Functional motions in SETD8

Schapira M. Cell Chem Biol 23:1067–1076, 2016.

AurA

Non-canonical activation in AurA

eLife 7:e32766, 2018 
Nature Chem Biol 13:402, 2017

methylates histone H4K20 

flexible to accommodate 
various substrates 

epigenetic cancer target

essential for mitosis 

multiple conformations 
relevant to regulation 

implicated in multiple cancers

bioRxiv: https://doi.org/10.1101/438994 

The regulation of the AGC-family kinases has been extensively studied [29]. The canonical activation
pathway for AGC kinases is the co-ordinated phosphorylation of both the HM and the activation loop [30].
Phosphorylation of a residue near the HM by an upstream kinase, usually one of the mTOR complexes [31,32],
primes the HM to interact with the PIF pocket of PDK1 [33,34] which allows PDK1 to phosphorylate the acti-
vation loop of the other kinase and activate it. Docking of the phosphorylated HM back to its own kinase
domain further increases kinase activity [35]. Thus, in most AGC kinases, PIF pocket engagement and activa-
tion loop phosphorylation are highly coupled events that activate the kinase in a concerted fashion. A key dif-
ference in the allosteric wiring of AurA compared with this canonical AGC model is that engagement of the
PIF pocket by Tpx2, and phosphorylation of the activation loop on T288, have been partially uncoupled from
one another, and that the enzyme is correspondingly more responsive to activation by either of these two regu-
latory inputs [36]. This seems to have allowed cells to utilize these inputs for two independent activation path-
ways of the kinase operating in different cellular contexts in mitosis.

Distinct activation mechanisms for two mitotic pools of
AurA that co-operate in the assembly of bipolar spindles
The assembly of bipolar spindles is a critical function of mitotic cells essential for faithful segregation of the
duplicated chromosomes into the two daughter cells [37]. AurA plays key roles in two distinct but complemen-
tary pathways of microtubule assembly required for the formation of bipolar spindles. These pathways were
uncovered by elegant studies in Xenopus egg extracts, which showed that spindle microtubule assembly can be
initiated independently by either the addition of chromatin to egg extract, or by the addition of sperm nuclei
containing centrosomes, which act as microtubule organizing centers [38–40]. Although there is partial redun-
dancy between the two pathways, in most cells both the chromatin-stimulated and centrosome-directed path-
ways are thought to be important for the faithful assembly of bipolar spindles.
Chromatin-stimulated microtubule assembly occurs through a RanGTP/Tpx2-dependent pathway in which

release of the spindle assembly factor Tpx2 from importins around condensed chromatin by the small GTPase

Figure 1. AurA and the AGC-family kinases share a common regulatory architecture.
(A) Top: The domain architectures of AurA and Tpx2 are shown, highlighting the N-terminal domain and kinase domain of
AurA, and the AurA-binding domain (AurA BD) of Tpx2. The kinase domain of AurA is divided into the N-lobe and C-lobe. The
location of the A-box in the N-terminal domain of AurA, which targets the kinase for degradation, is also shown. Bottom: X-ray
structure of the AurA kinase domain bound to residues 1–43 of human Tpx2 (PDB ID: 1OL5). The N-lobe and C-lobe are
shown in beige and gray, respectively, the activation loop in blue and Tpx2 in magenta. The inset shows an expanded view of
the docking site of Tpx2 on the N-lobe. (B) Top: A phylogenetic tree illustrating the relationship of the Aurora kinases to the
AGC kinase family is shown on the left (adapted from ref. [24]), and the domain architecture of the AGC kinase PKA is shown
on the right. Bottom: Structure of PKA (PDB ID: 1L3R) with the C-terminal tail containing the HM colored brown, the N-terminal
extension colored yellow, and the remainder of the kinase domain colored as in (A). The inset shows the docking of the HM to
the PIF pocket of the kinase.

© 2018 The Author(s). This is an open access article published by Portland Press Limited on behalf of the Biochemical Society and distributed under the Creative Commons Attribution License 4.0 (CC BY-NC-ND). 2027
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human kinase aurora a exists in two 
distinctly regulated pools

Levinson. Biophys J 475:2025, 2018 
Joukov and De Nicolo. Sci Signal 11:eaar4195, 2018

How do these functionally distinct activation pathways differ mechanistically?

centrosomal pool 
activated by phosphorylation

spindle microtubule-associated pool 
kept dephosphorylated by PP6  
activated by Tpx2 binding

nick levinson 
umn

AurA AurA
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aurora a and its phosphatase pp6 are 
mutated or amplified in Many Cancers

Cancer type
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CNA data

0%

5%

10%

15%

20%

25%

30%

35%

40%

45%

Al
te

ra
tio

n 
Fr

eq
ue

nc
y

+ + + + ++ + + + + + ++ + + + + + + + + + +

+ + + + -- + + + + + +- + - + + + - + - + -

Breast (BCCRC Xenograft)

NEPC (Trento/Cornell/Broad 2016)

Uterine CS (TCGA)

NCI-60

Melanoma (Broad/DFCI)

desm_broad_2015
Colorectal (TCGA pub)

Ovarian (TCGA)
ACbC (MSKCC/Breast 2015)

Stomach/Esophageal

CCLE (Novartis/Broad 2012)
Colorectal (TCGA)

cSCC (HGSC/BCM)
Pancreas (UT Southwestern)

ucs (Johns Hopkins 2014)

Stomach (TCGA)
Melanoma (TCGA)
Stomach (TCGA pub)

Melanoma (Broad)
Bladder (TCGA)
Melanoma (Yale)
Esophagus (TCGA)

SKCM (BROAD 2014)

Mutation Deletion Amplification Multiple alterations

0 100 200 300 403 aa

0

5

# 
M

ut
at

io
ns

AURKA

Pkinase

0 100 200 305 aa

0

25

# 
M

ut
at

io
ns

PPP6C R264C

Metallophos

0 200 400 600 747 aa

0

6
# 

M
ut

at
io

ns
TPX2 R496*/Q

Aur.. TPX2_importin TPX2

h!p://cbioportal.mskcc.org

Several AurA inhibitors entered clinical trials in the late 2000s, but clinical response was disappointing. 
Could this be due to failure to be selective for distinctly regulated pools of AurA?

AurA

Tpx2

PPP6C



canonical kinase activation involves 
flip of dfg motif aspartate

Levinson, Kuchment, Shen, Young, Koldobsky, Karplus, Cole, Kuriyan. PLoS Biol 4:e144, 2006.

(Type II inhibitors)

DDR1

sonya hanson

DFG motif 
(Asp-Phe-Gly)

Hanson*, Georghiou*, Miller, Rest, Chodera, Seeliger. Cell Chemical Biology, in press.

Does Tpx2 activate Aurora A by inducing 
a DFG out-to-in transition?



binding of the allosteric activator protein TPX2 induces 
a nanometer-scale movement of the activation loop

Cyphers, Ruff, Behr, Chodera, and Levinson. Nature Chemical Biology 13:402, 2017
nick levinson 
umn

absence of either Tpx2 or phosphorylation on the T288 residue [78,79]. The diversity of conformations observed
in crystal structures led to confusion as to the role of these conformational changes in regulating AurA, including
whether the kinase is naturally regulated by a DFG flip, and which of the various DFG-Out states captured in
crystal structures might represent a genuine autoinhibited state that restrains AurA activity in vivo.

Activation of AurA by Tpx2 involves a DFG flip
These questions were recently answered in a study that used spectroscopy to track the structural movements of
the kinase occurring in response to the binding of Tpx2 [36]. Using samples of AurA labeled on the activation
loop and a distal surface of the kinase domain with fluorescent donor and acceptor dyes, Förster resonance
energy transfer (FRET) experiments were performed that revealed a 1–2 nm movement of the activation loop

Figure 3. Tpx2 binding to AurA triggers a conformational transition from a DFG-Out state to the active DFG-In state.
(A) Selected crystal structures of AurA in which the kinase adopts DFG-Out states with widely differing positioning of the
activation loop [PDB IDs: 3UOK (yellow), 2WTV (brown), 5EW9 (beige) and 5L8K (dark purple)]. The active DFG-In state is
highlighted for comparison (pink, PDB ID: 1OL5). Structures were aligned on the entire kinase domain. (B) Schematics of the
dye-labeling scheme used to track the position of the activation loop by FRET (top), and (bottom) the distribution of inter-dye
distances determined by time-resolved FRET for inactive AurA (dashed line), AurA activated by Tpx2 (pink), and AurA activated
by phosphorylation on T288 (dark purple-shaded area). The data are taken from Ruff et al. [88]. (C) Structure of the probable
DFG-Out state adopted by AurA in solution (purple). The flipped DFG motif is indicated, and the partially intact regulatory spine
in which the W277 residue has taken the place of the DFG phenylalanine residue, is shown as a transparent surface. The
conformation of the activation loop in the active DFG-In state is shown for reference (pink). The Cα atom of the residue labeled
with a fluorescent dye is shown as a sphere in both structures. (D) Top: View of the active site in the active DFG-In state
showing the bound nucleotide and magnesium ions, the DFG motif and the Asn 261 residue, which, together with the DFG
Asp, co-ordinates one of the magnesium ions (PDB ID: 1OL5). Bottom: View of the active site in the crystal structure of the
native DFG-Out state showing bound nucleotide, the flipped DFG motif and the Asn261 residue (PDB ID 5L8K). Magnesium
coordination is lost in this state. (E) Illustrative free energy landscape for the DFG-In/DFG-Out transition, showing how
nucleotide and Tpx2 binding lead to graded changes in the populations of the DFG-In and DFG-Out states. (F) Schematic of
the AurA active site showing the DFG motif (light pink), αC-helix and Q185 residue (dark gray), water network (red spheres and
yellow hydrogen bonds) along with bound Tpx2 (magenta) and ATP (light gray). The colored arrows represent the allosteric
coupling of Tpx2 to the DFG motif through the water network (magenta), and the coupling of ATP to the DFG motif through the
water network and magnesium ions (gray). The faded DFG-Out state (purple) represents the promotion of the DFG-In state by
nucleotide and Tpx2.

© 2018 The Author(s). This is an open access article published by Portland Press Limited on behalf of the Biochemical Society and distributed under the Creative Commons Attribution License 4.0 (CC BY-NC-ND). 2031

Biochemical Journal (2018) 475 2025–2042
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FRET labeling 
(fluorescence resonance energy transfer)

DFG Asp

DFG Asp

Tpx2 binding shifts DFG motif from out to in. 
But there's a problem...
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dfg population shift is insufficient to 
explain 100-fold activation by tpx2
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opposed to the hydrophobic residues normally found at this position 
in protein kinases. The importance of this highly unusual feature of 
AurA is unknown. X-ray structures show that the Q185 side chain 
points into a cavity in the active site where it can form hydrogen 
bonds with structured water molecules24. The water-binding sites, 
referred to as W1 and W2, are formed by the backbone amides of 
the aspartate and phenylalanine residues of the DFG motif, respec-
tively, and are a characteristic feature of the DFG-in state in many 
protein kinases29 (Fig. 1a).

We reasoned that a spectroscopic probe introduced at the Q185 
position of AurA might sense conformational changes of the DFG 
motif that accompany kinase activation through their effects on the 
bound water molecules. We used cysteine labeling in the context of 
a functional cysteine-light (‘Cys-lite’) version of AurA to introduce 
a thiocyanate infrared (IR) probe30 into the active site at the Q185 
position (Fig. 1b; Supplementary Results, Supplementary Figs. 1 
and 2). The CN stretch vibration of the thiocyanate group under-
goes predictable frequency shifts in response to changes in local 
electrostatics and hydrogen bonding, making it a useful probe of 
local polarity31,32. We refer to the nitrile-labeled AurA as Q185CN.

We measured infrared absorbance spectra of AurA Q185CN 
in the apo form and in the presence of saturating concentrations 
of ADP, Tpx2 or both. While a single nitrile absorbance peak was 
observed in the apo sample, the addition of the ligands caused pro-
found spectral changes in which the single peak split into multiple 
absorbance bands (Fig. 1c). Peak fitting revealed that the spectra 
were comprised of three absorbance bands: two outlying peaks and 

a central peak that matches the peak position of the apo sample  
(Fig. 1d). The addition of the two ligands leads to a concerted 
increase in the magnitude of the two outlying peaks, with a corre-
sponding decrease in the magnitude of the central peak, pointing to 
an equilibrium that is shifted by the ligands.

The following peak assignments are based on solvatochromism 
studies (Fig. 1e) and deuterium isotope effects (Supplementary 
Fig. 3) and are discussed in more detail in the Online Methods.  
The blue- and red-shifted peaks promoted by the ligands arise 
from the DFG-in state, in which the Q185CN probe forms hydro-
gen bonds to the W1 and W2 water molecules coordinated to the 
DFG motif (Fig. 1f), and appear as separate peaks in slow exchange 
due to the picosecond vibrational timescale. The large separation 
between these peaks (>15 cm−1), as compared to spectral shifts seen 
in aprotic solvents (Fig. 1e), is a result of two different hydrogen 
bond geometries that cause shifts of opposite sign. A linear hydro-
gen bond with W1 gives rise to the blue-shifted peak, whereas a bent 
(pi) hydrogen bond with W2 gives rise to the red-shifted peak, con-
sistent with previous work on nitrile probes33,34. This situation arises 
because of the unique geometry of the DFG-in state in which two 
water-binding sites are positioned in close proximity to the probe.

The position of the central absorbance band, which dominates 
the spectra of the apo protein, is consistent with the loss of the 
hydrogen bonds to W1 and W2, suggesting a rearrangement of the 
DFG motif to an inactive DFG-out state. The existence of a two-state 
conformational equilibrium is supported by the concerted changes 
of the intensities of the red- and blue-shifted peaks (DFG-in) and 
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Figure 1 | Tpx2 induces a population shift toward the DFG-in state. (a) Crystal structures of protein kinases from the indicated families, aligned on the  
DFG motif, showing conserved water molecules (see Online Methods for PDB codes). The Q185 residue of AurA is shown. (b) Labeling scheme used to 
incorporate an infrared (IR) probe into AurA. (c) IR spectra of Q185CN in the apo form (black line and gray shading), in the presence of ADP (dashed pink 
line), Tpx2 (dashed blue line), and both ligands (solid blue line). Single representative spectra, normalized to the peak maxima. (d) Each panel shows the 
results of fitting IR spectra measured for an individual biochemical state at 25 °C. Thick lines are the experimental data colored as in c, thin dashed lines are 
numerical fits, and shaded peaks are individual fit components. Populations are derived from integrating the central gray peak (DFG-out) and the outlying blue 
peaks (DFG-in). Single representative spectra and fitting results are shown. (e) The outlying peaks from the AurA spectra are compared with IR spectra of 
ethylthiocyanate dissolved in aprotic solvents of varying polarity (DMSO, dimethyl sulfoxide; DMF, dimethylformamide; DCM, dichloromethane). (f) Models 
for the probe–water hydrogen bonds giving rise to the red-shifted (left) and blue-shifted (right) peaks in the Q185CN spectra. (g) Second derivatives of  
IR spectra of Q185CN bound to Tpx2 measured at temperatures from 5 to 40 °C. A single representative experiment is shown. Arrows indicate features in  
the second derivatives corresponding to peaks in the absorbance spectra. Their temperature-dependent amplitudes are shown in the inset.
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opposed to the hydrophobic residues normally found at this position 
in protein kinases. The importance of this highly unusual feature of 
AurA is unknown. X-ray structures show that the Q185 side chain 
points into a cavity in the active site where it can form hydrogen 
bonds with structured water molecules24. The water-binding sites, 
referred to as W1 and W2, are formed by the backbone amides of 
the aspartate and phenylalanine residues of the DFG motif, respec-
tively, and are a characteristic feature of the DFG-in state in many 
protein kinases29 (Fig. 1a).

We reasoned that a spectroscopic probe introduced at the Q185 
position of AurA might sense conformational changes of the DFG 
motif that accompany kinase activation through their effects on the 
bound water molecules. We used cysteine labeling in the context of 
a functional cysteine-light (‘Cys-lite’) version of AurA to introduce 
a thiocyanate infrared (IR) probe30 into the active site at the Q185 
position (Fig. 1b; Supplementary Results, Supplementary Figs. 1 
and 2). The CN stretch vibration of the thiocyanate group under-
goes predictable frequency shifts in response to changes in local 
electrostatics and hydrogen bonding, making it a useful probe of 
local polarity31,32. We refer to the nitrile-labeled AurA as Q185CN.

We measured infrared absorbance spectra of AurA Q185CN 
in the apo form and in the presence of saturating concentrations 
of ADP, Tpx2 or both. While a single nitrile absorbance peak was 
observed in the apo sample, the addition of the ligands caused pro-
found spectral changes in which the single peak split into multiple 
absorbance bands (Fig. 1c). Peak fitting revealed that the spectra 
were comprised of three absorbance bands: two outlying peaks and 

a central peak that matches the peak position of the apo sample  
(Fig. 1d). The addition of the two ligands leads to a concerted 
increase in the magnitude of the two outlying peaks, with a corre-
sponding decrease in the magnitude of the central peak, pointing to 
an equilibrium that is shifted by the ligands.

The following peak assignments are based on solvatochromism 
studies (Fig. 1e) and deuterium isotope effects (Supplementary 
Fig. 3) and are discussed in more detail in the Online Methods.  
The blue- and red-shifted peaks promoted by the ligands arise 
from the DFG-in state, in which the Q185CN probe forms hydro-
gen bonds to the W1 and W2 water molecules coordinated to the 
DFG motif (Fig. 1f), and appear as separate peaks in slow exchange 
due to the picosecond vibrational timescale. The large separation 
between these peaks (>15 cm−1), as compared to spectral shifts seen 
in aprotic solvents (Fig. 1e), is a result of two different hydrogen 
bond geometries that cause shifts of opposite sign. A linear hydro-
gen bond with W1 gives rise to the blue-shifted peak, whereas a bent 
(pi) hydrogen bond with W2 gives rise to the red-shifted peak, con-
sistent with previous work on nitrile probes33,34. This situation arises 
because of the unique geometry of the DFG-in state in which two 
water-binding sites are positioned in close proximity to the probe.

The position of the central absorbance band, which dominates 
the spectra of the apo protein, is consistent with the loss of the 
hydrogen bonds to W1 and W2, suggesting a rearrangement of the 
DFG motif to an inactive DFG-out state. The existence of a two-state 
conformational equilibrium is supported by the concerted changes 
of the intensities of the red- and blue-shifted peaks (DFG-in) and 
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Figure 1 | Tpx2 induces a population shift toward the DFG-in state. (a) Crystal structures of protein kinases from the indicated families, aligned on the  
DFG motif, showing conserved water molecules (see Online Methods for PDB codes). The Q185 residue of AurA is shown. (b) Labeling scheme used to 
incorporate an infrared (IR) probe into AurA. (c) IR spectra of Q185CN in the apo form (black line and gray shading), in the presence of ADP (dashed pink 
line), Tpx2 (dashed blue line), and both ligands (solid blue line). Single representative spectra, normalized to the peak maxima. (d) Each panel shows the 
results of fitting IR spectra measured for an individual biochemical state at 25 °C. Thick lines are the experimental data colored as in c, thin dashed lines are 
numerical fits, and shaded peaks are individual fit components. Populations are derived from integrating the central gray peak (DFG-out) and the outlying blue 
peaks (DFG-in). Single representative spectra and fitting results are shown. (e) The outlying peaks from the AurA spectra are compared with IR spectra of 
ethylthiocyanate dissolved in aprotic solvents of varying polarity (DMSO, dimethyl sulfoxide; DMF, dimethylformamide; DCM, dichloromethane). (f) Models 
for the probe–water hydrogen bonds giving rise to the red-shifted (left) and blue-shifted (right) peaks in the Q185CN spectra. (g) Second derivatives of  
IR spectra of Q185CN bound to Tpx2 measured at temperatures from 5 to 40 °C. A single representative experiment is shown. Arrows indicate features in  
the second derivatives corresponding to peaks in the absorbance spectra. Their temperature-dependent amplitudes are shown in the inset.
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opposed to the hydrophobic residues normally found at this position 
in protein kinases. The importance of this highly unusual feature of 
AurA is unknown. X-ray structures show that the Q185 side chain 
points into a cavity in the active site where it can form hydrogen 
bonds with structured water molecules24. The water-binding sites, 
referred to as W1 and W2, are formed by the backbone amides of 
the aspartate and phenylalanine residues of the DFG motif, respec-
tively, and are a characteristic feature of the DFG-in state in many 
protein kinases29 (Fig. 1a).

We reasoned that a spectroscopic probe introduced at the Q185 
position of AurA might sense conformational changes of the DFG 
motif that accompany kinase activation through their effects on the 
bound water molecules. We used cysteine labeling in the context of 
a functional cysteine-light (‘Cys-lite’) version of AurA to introduce 
a thiocyanate infrared (IR) probe30 into the active site at the Q185 
position (Fig. 1b; Supplementary Results, Supplementary Figs. 1 
and 2). The CN stretch vibration of the thiocyanate group under-
goes predictable frequency shifts in response to changes in local 
electrostatics and hydrogen bonding, making it a useful probe of 
local polarity31,32. We refer to the nitrile-labeled AurA as Q185CN.

We measured infrared absorbance spectra of AurA Q185CN 
in the apo form and in the presence of saturating concentrations 
of ADP, Tpx2 or both. While a single nitrile absorbance peak was 
observed in the apo sample, the addition of the ligands caused pro-
found spectral changes in which the single peak split into multiple 
absorbance bands (Fig. 1c). Peak fitting revealed that the spectra 
were comprised of three absorbance bands: two outlying peaks and 

a central peak that matches the peak position of the apo sample  
(Fig. 1d). The addition of the two ligands leads to a concerted 
increase in the magnitude of the two outlying peaks, with a corre-
sponding decrease in the magnitude of the central peak, pointing to 
an equilibrium that is shifted by the ligands.

The following peak assignments are based on solvatochromism 
studies (Fig. 1e) and deuterium isotope effects (Supplementary 
Fig. 3) and are discussed in more detail in the Online Methods.  
The blue- and red-shifted peaks promoted by the ligands arise 
from the DFG-in state, in which the Q185CN probe forms hydro-
gen bonds to the W1 and W2 water molecules coordinated to the 
DFG motif (Fig. 1f), and appear as separate peaks in slow exchange 
due to the picosecond vibrational timescale. The large separation 
between these peaks (>15 cm−1), as compared to spectral shifts seen 
in aprotic solvents (Fig. 1e), is a result of two different hydrogen 
bond geometries that cause shifts of opposite sign. A linear hydro-
gen bond with W1 gives rise to the blue-shifted peak, whereas a bent 
(pi) hydrogen bond with W2 gives rise to the red-shifted peak, con-
sistent with previous work on nitrile probes33,34. This situation arises 
because of the unique geometry of the DFG-in state in which two 
water-binding sites are positioned in close proximity to the probe.

The position of the central absorbance band, which dominates 
the spectra of the apo protein, is consistent with the loss of the 
hydrogen bonds to W1 and W2, suggesting a rearrangement of the 
DFG motif to an inactive DFG-out state. The existence of a two-state 
conformational equilibrium is supported by the concerted changes 
of the intensities of the red- and blue-shifted peaks (DFG-in) and 
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Figure 1 | Tpx2 induces a population shift toward the DFG-in state. (a) Crystal structures of protein kinases from the indicated families, aligned on the  
DFG motif, showing conserved water molecules (see Online Methods for PDB codes). The Q185 residue of AurA is shown. (b) Labeling scheme used to 
incorporate an infrared (IR) probe into AurA. (c) IR spectra of Q185CN in the apo form (black line and gray shading), in the presence of ADP (dashed pink 
line), Tpx2 (dashed blue line), and both ligands (solid blue line). Single representative spectra, normalized to the peak maxima. (d) Each panel shows the 
results of fitting IR spectra measured for an individual biochemical state at 25 °C. Thick lines are the experimental data colored as in c, thin dashed lines are 
numerical fits, and shaded peaks are individual fit components. Populations are derived from integrating the central gray peak (DFG-out) and the outlying blue 
peaks (DFG-in). Single representative spectra and fitting results are shown. (e) The outlying peaks from the AurA spectra are compared with IR spectra of 
ethylthiocyanate dissolved in aprotic solvents of varying polarity (DMSO, dimethyl sulfoxide; DMF, dimethylformamide; DCM, dichloromethane). (f) Models 
for the probe–water hydrogen bonds giving rise to the red-shifted (left) and blue-shifted (right) peaks in the Q185CN spectra. (g) Second derivatives of  
IR spectra of Q185CN bound to Tpx2 measured at temperatures from 5 to 40 °C. A single representative experiment is shown. Arrows indicate features in  
the second derivatives corresponding to peaks in the absorbance spectra. Their temperature-dependent amplitudes are shown in the inset.
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opposed to the hydrophobic residues normally found at this position 
in protein kinases. The importance of this highly unusual feature of 
AurA is unknown. X-ray structures show that the Q185 side chain 
points into a cavity in the active site where it can form hydrogen 
bonds with structured water molecules24. The water-binding sites, 
referred to as W1 and W2, are formed by the backbone amides of 
the aspartate and phenylalanine residues of the DFG motif, respec-
tively, and are a characteristic feature of the DFG-in state in many 
protein kinases29 (Fig. 1a).

We reasoned that a spectroscopic probe introduced at the Q185 
position of AurA might sense conformational changes of the DFG 
motif that accompany kinase activation through their effects on the 
bound water molecules. We used cysteine labeling in the context of 
a functional cysteine-light (‘Cys-lite’) version of AurA to introduce 
a thiocyanate infrared (IR) probe30 into the active site at the Q185 
position (Fig. 1b; Supplementary Results, Supplementary Figs. 1 
and 2). The CN stretch vibration of the thiocyanate group under-
goes predictable frequency shifts in response to changes in local 
electrostatics and hydrogen bonding, making it a useful probe of 
local polarity31,32. We refer to the nitrile-labeled AurA as Q185CN.

We measured infrared absorbance spectra of AurA Q185CN 
in the apo form and in the presence of saturating concentrations 
of ADP, Tpx2 or both. While a single nitrile absorbance peak was 
observed in the apo sample, the addition of the ligands caused pro-
found spectral changes in which the single peak split into multiple 
absorbance bands (Fig. 1c). Peak fitting revealed that the spectra 
were comprised of three absorbance bands: two outlying peaks and 

a central peak that matches the peak position of the apo sample  
(Fig. 1d). The addition of the two ligands leads to a concerted 
increase in the magnitude of the two outlying peaks, with a corre-
sponding decrease in the magnitude of the central peak, pointing to 
an equilibrium that is shifted by the ligands.

The following peak assignments are based on solvatochromism 
studies (Fig. 1e) and deuterium isotope effects (Supplementary 
Fig. 3) and are discussed in more detail in the Online Methods.  
The blue- and red-shifted peaks promoted by the ligands arise 
from the DFG-in state, in which the Q185CN probe forms hydro-
gen bonds to the W1 and W2 water molecules coordinated to the 
DFG motif (Fig. 1f), and appear as separate peaks in slow exchange 
due to the picosecond vibrational timescale. The large separation 
between these peaks (>15 cm−1), as compared to spectral shifts seen 
in aprotic solvents (Fig. 1e), is a result of two different hydrogen 
bond geometries that cause shifts of opposite sign. A linear hydro-
gen bond with W1 gives rise to the blue-shifted peak, whereas a bent 
(pi) hydrogen bond with W2 gives rise to the red-shifted peak, con-
sistent with previous work on nitrile probes33,34. This situation arises 
because of the unique geometry of the DFG-in state in which two 
water-binding sites are positioned in close proximity to the probe.

The position of the central absorbance band, which dominates 
the spectra of the apo protein, is consistent with the loss of the 
hydrogen bonds to W1 and W2, suggesting a rearrangement of the 
DFG motif to an inactive DFG-out state. The existence of a two-state 
conformational equilibrium is supported by the concerted changes 
of the intensities of the red- and blue-shifted peaks (DFG-in) and 
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Figure 1 | Tpx2 induces a population shift toward the DFG-in state. (a) Crystal structures of protein kinases from the indicated families, aligned on the  
DFG motif, showing conserved water molecules (see Online Methods for PDB codes). The Q185 residue of AurA is shown. (b) Labeling scheme used to 
incorporate an infrared (IR) probe into AurA. (c) IR spectra of Q185CN in the apo form (black line and gray shading), in the presence of ADP (dashed pink 
line), Tpx2 (dashed blue line), and both ligands (solid blue line). Single representative spectra, normalized to the peak maxima. (d) Each panel shows the 
results of fitting IR spectra measured for an individual biochemical state at 25 °C. Thick lines are the experimental data colored as in c, thin dashed lines are 
numerical fits, and shaded peaks are individual fit components. Populations are derived from integrating the central gray peak (DFG-out) and the outlying blue 
peaks (DFG-in). Single representative spectra and fitting results are shown. (e) The outlying peaks from the AurA spectra are compared with IR spectra of 
ethylthiocyanate dissolved in aprotic solvents of varying polarity (DMSO, dimethyl sulfoxide; DMF, dimethylformamide; DCM, dichloromethane). (f) Models 
for the probe–water hydrogen bonds giving rise to the red-shifted (left) and blue-shifted (right) peaks in the Q185CN spectra. (g) Second derivatives of  
IR spectra of Q185CN bound to Tpx2 measured at temperatures from 5 to 40 °C. A single representative experiment is shown. Arrows indicate features in  
the second derivatives corresponding to peaks in the absorbance spectra. Their temperature-dependent amplitudes are shown in the inset.
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opposed to the hydrophobic residues normally found at this position 
in protein kinases. The importance of this highly unusual feature of 
AurA is unknown. X-ray structures show that the Q185 side chain 
points into a cavity in the active site where it can form hydrogen 
bonds with structured water molecules24. The water-binding sites, 
referred to as W1 and W2, are formed by the backbone amides of 
the aspartate and phenylalanine residues of the DFG motif, respec-
tively, and are a characteristic feature of the DFG-in state in many 
protein kinases29 (Fig. 1a).

We reasoned that a spectroscopic probe introduced at the Q185 
position of AurA might sense conformational changes of the DFG 
motif that accompany kinase activation through their effects on the 
bound water molecules. We used cysteine labeling in the context of 
a functional cysteine-light (‘Cys-lite’) version of AurA to introduce 
a thiocyanate infrared (IR) probe30 into the active site at the Q185 
position (Fig. 1b; Supplementary Results, Supplementary Figs. 1 
and 2). The CN stretch vibration of the thiocyanate group under-
goes predictable frequency shifts in response to changes in local 
electrostatics and hydrogen bonding, making it a useful probe of 
local polarity31,32. We refer to the nitrile-labeled AurA as Q185CN.

We measured infrared absorbance spectra of AurA Q185CN 
in the apo form and in the presence of saturating concentrations 
of ADP, Tpx2 or both. While a single nitrile absorbance peak was 
observed in the apo sample, the addition of the ligands caused pro-
found spectral changes in which the single peak split into multiple 
absorbance bands (Fig. 1c). Peak fitting revealed that the spectra 
were comprised of three absorbance bands: two outlying peaks and 

a central peak that matches the peak position of the apo sample  
(Fig. 1d). The addition of the two ligands leads to a concerted 
increase in the magnitude of the two outlying peaks, with a corre-
sponding decrease in the magnitude of the central peak, pointing to 
an equilibrium that is shifted by the ligands.

The following peak assignments are based on solvatochromism 
studies (Fig. 1e) and deuterium isotope effects (Supplementary 
Fig. 3) and are discussed in more detail in the Online Methods.  
The blue- and red-shifted peaks promoted by the ligands arise 
from the DFG-in state, in which the Q185CN probe forms hydro-
gen bonds to the W1 and W2 water molecules coordinated to the 
DFG motif (Fig. 1f), and appear as separate peaks in slow exchange 
due to the picosecond vibrational timescale. The large separation 
between these peaks (>15 cm−1), as compared to spectral shifts seen 
in aprotic solvents (Fig. 1e), is a result of two different hydrogen 
bond geometries that cause shifts of opposite sign. A linear hydro-
gen bond with W1 gives rise to the blue-shifted peak, whereas a bent 
(pi) hydrogen bond with W2 gives rise to the red-shifted peak, con-
sistent with previous work on nitrile probes33,34. This situation arises 
because of the unique geometry of the DFG-in state in which two 
water-binding sites are positioned in close proximity to the probe.

The position of the central absorbance band, which dominates 
the spectra of the apo protein, is consistent with the loss of the 
hydrogen bonds to W1 and W2, suggesting a rearrangement of the 
DFG motif to an inactive DFG-out state. The existence of a two-state 
conformational equilibrium is supported by the concerted changes 
of the intensities of the red- and blue-shifted peaks (DFG-in) and 
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Figure 1 | Tpx2 induces a population shift toward the DFG-in state. (a) Crystal structures of protein kinases from the indicated families, aligned on the  
DFG motif, showing conserved water molecules (see Online Methods for PDB codes). The Q185 residue of AurA is shown. (b) Labeling scheme used to 
incorporate an infrared (IR) probe into AurA. (c) IR spectra of Q185CN in the apo form (black line and gray shading), in the presence of ADP (dashed pink 
line), Tpx2 (dashed blue line), and both ligands (solid blue line). Single representative spectra, normalized to the peak maxima. (d) Each panel shows the 
results of fitting IR spectra measured for an individual biochemical state at 25 °C. Thick lines are the experimental data colored as in c, thin dashed lines are 
numerical fits, and shaded peaks are individual fit components. Populations are derived from integrating the central gray peak (DFG-out) and the outlying blue 
peaks (DFG-in). Single representative spectra and fitting results are shown. (e) The outlying peaks from the AurA spectra are compared with IR spectra of 
ethylthiocyanate dissolved in aprotic solvents of varying polarity (DMSO, dimethyl sulfoxide; DMF, dimethylformamide; DCM, dichloromethane). (f) Models 
for the probe–water hydrogen bonds giving rise to the red-shifted (left) and blue-shifted (right) peaks in the Q185CN spectra. (g) Second derivatives of  
IR spectra of Q185CN bound to Tpx2 measured at temperatures from 5 to 40 °C. A single representative experiment is shown. Arrows indicate features in  
the second derivatives corresponding to peaks in the absorbance spectra. Their temperature-dependent amplitudes are shown in the inset.

Q185CN nitrile IR probe labeling

Cyphers, Ruff, Behr, Chodera, and Levinson. Nature Chemical Biology 13:402, 2017
nick levinson 
umn

Where does the rest of the 100x activation by Tpx2 come from? 
Can molecular simulations shed some light on this?

Tpx2 binding only increases 
DFG-in population by 3.4x



molecular simulations struggle to access 
kinase conformational timescales

simulation timestep

interesting kinase events

number of timesteps

1 femtosecond

1 microsecond

1 billion timesteps
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molecular simulations struggle to access 
kinase conformational timescales
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through the speed barrier
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h!p://openmm.org OpenMM 7.1.0 development snapshot benchmark 
gromacs benchmarks from h!p://biowulf.nih.gov/apps/gromacs-gpu.html

method natoms gromacs CPU OpenMM GPU speedup
GB/SA 2,489 2.54 ns/day 789 ns/day 311 x

RF 23,558 18.8 ns/day 572 ns/day 30.4 x
PME 23,558 6.96 ns/day 337 ns/day 48.4 x

OpenMM speedup (GTX-1080) over 12-core Xeon X5650 CPU for DHFR

Eastman, Swails, Chodera, McGibbon, Zhao, Beauchamp, Wang, Simmone!, Harrigan, Stern, Wiewiora, Brooks, Pande. PLoS Comput Biol 13:e1005659, 2017 
Eastman, Friedrichs, Chodera, Radmer, Bruns, Ku, Beauchamp, Lande, Wang, Shukla, Tye, Houston, Stich, Klein, Shirts, Pande. J Chem Theor Comput 9:461, 2013

we built the open-source openmm, the first  
gpu-accelerated biomolecular simulation code
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a long-lived allosteric water 
network is key to tpx2 activation

Cyphers, Ruff, Behr, Chodera, and Levinson. Nature Chemical Biology 13:402, 2017 julie behr
nick levinson 
umn

Ultra-stable ordered water network is a key structural feature 
that explains the remainder of 100-fold allosteric activation of AurA by Tpx2

remaining bound in a similar configuration for up to 100 ns in simulations, in contrast with the picosecond
correlation times typical of interfacial water molecules. Interestingly, the inclusion of a Tpx2 fragment bound
to AurA in the simulations was found to stabilize both the water network and the αC-helix itself, and this
effect required the Q185 sidechain. This suggested that the water network constitutes an allosteric pathway for
communicating the binding of Tpx2, through the αC-helix and Q185 residue, to the active site. Indeed, in sub-
sequent experiments, substitution of Q185 with hydrophobic residues, including replacement with the leucine
and methionine residues found in most other kinases (see Figure 2C), was found to severely impair the activa-
tion of AurA by Tpx2 binding or phosphorylation. Interestingly, the activity of the mutant enzymes could be

Figure 2. The unusual regulatory spine of AurA contains a functionally important water-mediated allosteric network.
(A) Left: Structure of the kinase domain core of PKA, colored as in Figure 1, with the four residues of the regulatory spine
highlighted in dark gray. Right: Enlarged view of the regulatory spine of PKA, with the αC spine residue highlighted in yellow.
(B) Enlarged view of the regulatory spine of AurA, colored as in (A), showing the interactions of the unusual Q185 αC spine
residue with structured water molecules (red) co-ordinated to the DFG motif in the active site. (C) Histogram showing the
frequency of different amino acid residues at the αC spine position across all ePKs. Values are derived from the original
multiple sequence alignments published by Manning et al. [24]. (D) View of the water network in the AurA active site (PDB ID:
5G1X), showing the Q185 residue, three water molecules, the Glu-Lys salt bridge, and the bound ADP molecule. (E) Left: View
of the active site of COT kinase showing the similar interactions of the glutamine αC spine residue with the active site water
molecules (PDB ID: 4Y85). Right: View of the active site of PLK1 showing the water network mediated by the histidine αC spine
residue (PDB ID: 2OWB). (F) Structure of SAR-156497 bound to AurA showing the interactions of the small molecule with the
Q185 residue (PDB ID: 4UZD).

© 2018 The Author(s). This is an open access article published by Portland Press Limited on behalf of the Biochemical Society and distributed under the Creative Commons Attribution License 4.0 (CC BY-NC-ND). 2029

Biochemical Journal (2018) 475 2025–2042
https://doi.org/10.1042/BCJ20170771

αC helixordered waters



does phosphorylation also cause a 
dfg-out to -in population shift?

nick levinson 
umn Ruff, Mure!a, Thompson, Lake, Cyphers, Albanese, Hanson, Behr, Thomas, Chodera, and Levinson. eLife 7:e32766, 2018

Figure 1. Phosphorylation on T288 does not switch AurA into the DFG-In state. (a) IR spectra of nitrile-labeled phosphorylated AurA. The apo sample

(solid black line), and the sample bound to Tpx2 (dashed black line), were measured at 5˚C, and the kinase bound to ADP (colored lines) was measured

at the indicated temperatures. Arrows indicate peaks assigned to the DFG-In and DFG-Out states. The inset shows the same experiments performed

with unphosphorylated AurA. Single representative spectra are shown, normalized to peak maxima. (b) Overview of the structure of AurA in the active

conformation bound to ADP (yellow) and Tpx2 (beige), with enlarged views of the DFG-In (right, PDB ID: 1OL5) and DFG-Out (bottom, PDB ID: 5L8K)

states with the nitrile probe (Q185CN) modeled into the structures. (c) Second derivatives of IR spectra of apo WT and W277A AurA, showing the ~1.5

cm!1 spectral shift of the 2158 cm!1 peak (arrow).

DOI: https://doi.org/10.7554/eLife.32766.003

Ruff et al. eLife 2018;7:e32766. DOI: https://doi.org/10.7554/eLife.32766 2 of 14

Research article Structural Biology and Molecular Biophysics Computational and Systems Biology
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opposed to the hydrophobic residues normally found at this position 
in protein kinases. The importance of this highly unusual feature of 
AurA is unknown. X-ray structures show that the Q185 side chain 
points into a cavity in the active site where it can form hydrogen 
bonds with structured water molecules24. The water-binding sites, 
referred to as W1 and W2, are formed by the backbone amides of 
the aspartate and phenylalanine residues of the DFG motif, respec-
tively, and are a characteristic feature of the DFG-in state in many 
protein kinases29 (Fig. 1a).

We reasoned that a spectroscopic probe introduced at the Q185 
position of AurA might sense conformational changes of the DFG 
motif that accompany kinase activation through their effects on the 
bound water molecules. We used cysteine labeling in the context of 
a functional cysteine-light (‘Cys-lite’) version of AurA to introduce 
a thiocyanate infrared (IR) probe30 into the active site at the Q185 
position (Fig. 1b; Supplementary Results, Supplementary Figs. 1 
and 2). The CN stretch vibration of the thiocyanate group under-
goes predictable frequency shifts in response to changes in local 
electrostatics and hydrogen bonding, making it a useful probe of 
local polarity31,32. We refer to the nitrile-labeled AurA as Q185CN.

We measured infrared absorbance spectra of AurA Q185CN 
in the apo form and in the presence of saturating concentrations 
of ADP, Tpx2 or both. While a single nitrile absorbance peak was 
observed in the apo sample, the addition of the ligands caused pro-
found spectral changes in which the single peak split into multiple 
absorbance bands (Fig. 1c). Peak fitting revealed that the spectra 
were comprised of three absorbance bands: two outlying peaks and 

a central peak that matches the peak position of the apo sample  
(Fig. 1d). The addition of the two ligands leads to a concerted 
increase in the magnitude of the two outlying peaks, with a corre-
sponding decrease in the magnitude of the central peak, pointing to 
an equilibrium that is shifted by the ligands.

The following peak assignments are based on solvatochromism 
studies (Fig. 1e) and deuterium isotope effects (Supplementary 
Fig. 3) and are discussed in more detail in the Online Methods.  
The blue- and red-shifted peaks promoted by the ligands arise 
from the DFG-in state, in which the Q185CN probe forms hydro-
gen bonds to the W1 and W2 water molecules coordinated to the 
DFG motif (Fig. 1f), and appear as separate peaks in slow exchange 
due to the picosecond vibrational timescale. The large separation 
between these peaks (>15 cm−1), as compared to spectral shifts seen 
in aprotic solvents (Fig. 1e), is a result of two different hydrogen 
bond geometries that cause shifts of opposite sign. A linear hydro-
gen bond with W1 gives rise to the blue-shifted peak, whereas a bent 
(pi) hydrogen bond with W2 gives rise to the red-shifted peak, con-
sistent with previous work on nitrile probes33,34. This situation arises 
because of the unique geometry of the DFG-in state in which two 
water-binding sites are positioned in close proximity to the probe.

The position of the central absorbance band, which dominates 
the spectra of the apo protein, is consistent with the loss of the 
hydrogen bonds to W1 and W2, suggesting a rearrangement of the 
DFG motif to an inactive DFG-out state. The existence of a two-state 
conformational equilibrium is supported by the concerted changes 
of the intensities of the red- and blue-shifted peaks (DFG-in) and 
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Figure 1 | Tpx2 induces a population shift toward the DFG-in state. (a) Crystal structures of protein kinases from the indicated families, aligned on the  
DFG motif, showing conserved water molecules (see Online Methods for PDB codes). The Q185 residue of AurA is shown. (b) Labeling scheme used to 
incorporate an infrared (IR) probe into AurA. (c) IR spectra of Q185CN in the apo form (black line and gray shading), in the presence of ADP (dashed pink 
line), Tpx2 (dashed blue line), and both ligands (solid blue line). Single representative spectra, normalized to the peak maxima. (d) Each panel shows the 
results of fitting IR spectra measured for an individual biochemical state at 25 °C. Thick lines are the experimental data colored as in c, thin dashed lines are 
numerical fits, and shaded peaks are individual fit components. Populations are derived from integrating the central gray peak (DFG-out) and the outlying blue 
peaks (DFG-in). Single representative spectra and fitting results are shown. (e) The outlying peaks from the AurA spectra are compared with IR spectra of 
ethylthiocyanate dissolved in aprotic solvents of varying polarity (DMSO, dimethyl sulfoxide; DMF, dimethylformamide; DCM, dichloromethane). (f) Models 
for the probe–water hydrogen bonds giving rise to the red-shifted (left) and blue-shifted (right) peaks in the Q185CN spectra. (g) Second derivatives of  
IR spectra of Q185CN bound to Tpx2 measured at temperatures from 5 to 40 °C. A single representative experiment is shown. Arrows indicate features in  
the second derivatives corresponding to peaks in the absorbance spectra. Their temperature-dependent amplitudes are shown in the inset.
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opposed to the hydrophobic residues normally found at this position 
in protein kinases. The importance of this highly unusual feature of 
AurA is unknown. X-ray structures show that the Q185 side chain 
points into a cavity in the active site where it can form hydrogen 
bonds with structured water molecules24. The water-binding sites, 
referred to as W1 and W2, are formed by the backbone amides of 
the aspartate and phenylalanine residues of the DFG motif, respec-
tively, and are a characteristic feature of the DFG-in state in many 
protein kinases29 (Fig. 1a).

We reasoned that a spectroscopic probe introduced at the Q185 
position of AurA might sense conformational changes of the DFG 
motif that accompany kinase activation through their effects on the 
bound water molecules. We used cysteine labeling in the context of 
a functional cysteine-light (‘Cys-lite’) version of AurA to introduce 
a thiocyanate infrared (IR) probe30 into the active site at the Q185 
position (Fig. 1b; Supplementary Results, Supplementary Figs. 1 
and 2). The CN stretch vibration of the thiocyanate group under-
goes predictable frequency shifts in response to changes in local 
electrostatics and hydrogen bonding, making it a useful probe of 
local polarity31,32. We refer to the nitrile-labeled AurA as Q185CN.

We measured infrared absorbance spectra of AurA Q185CN 
in the apo form and in the presence of saturating concentrations 
of ADP, Tpx2 or both. While a single nitrile absorbance peak was 
observed in the apo sample, the addition of the ligands caused pro-
found spectral changes in which the single peak split into multiple 
absorbance bands (Fig. 1c). Peak fitting revealed that the spectra 
were comprised of three absorbance bands: two outlying peaks and 

a central peak that matches the peak position of the apo sample  
(Fig. 1d). The addition of the two ligands leads to a concerted 
increase in the magnitude of the two outlying peaks, with a corre-
sponding decrease in the magnitude of the central peak, pointing to 
an equilibrium that is shifted by the ligands.

The following peak assignments are based on solvatochromism 
studies (Fig. 1e) and deuterium isotope effects (Supplementary 
Fig. 3) and are discussed in more detail in the Online Methods.  
The blue- and red-shifted peaks promoted by the ligands arise 
from the DFG-in state, in which the Q185CN probe forms hydro-
gen bonds to the W1 and W2 water molecules coordinated to the 
DFG motif (Fig. 1f), and appear as separate peaks in slow exchange 
due to the picosecond vibrational timescale. The large separation 
between these peaks (>15 cm−1), as compared to spectral shifts seen 
in aprotic solvents (Fig. 1e), is a result of two different hydrogen 
bond geometries that cause shifts of opposite sign. A linear hydro-
gen bond with W1 gives rise to the blue-shifted peak, whereas a bent 
(pi) hydrogen bond with W2 gives rise to the red-shifted peak, con-
sistent with previous work on nitrile probes33,34. This situation arises 
because of the unique geometry of the DFG-in state in which two 
water-binding sites are positioned in close proximity to the probe.

The position of the central absorbance band, which dominates 
the spectra of the apo protein, is consistent with the loss of the 
hydrogen bonds to W1 and W2, suggesting a rearrangement of the 
DFG motif to an inactive DFG-out state. The existence of a two-state 
conformational equilibrium is supported by the concerted changes 
of the intensities of the red- and blue-shifted peaks (DFG-in) and 
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Figure 1 | Tpx2 induces a population shift toward the DFG-in state. (a) Crystal structures of protein kinases from the indicated families, aligned on the  
DFG motif, showing conserved water molecules (see Online Methods for PDB codes). The Q185 residue of AurA is shown. (b) Labeling scheme used to 
incorporate an infrared (IR) probe into AurA. (c) IR spectra of Q185CN in the apo form (black line and gray shading), in the presence of ADP (dashed pink 
line), Tpx2 (dashed blue line), and both ligands (solid blue line). Single representative spectra, normalized to the peak maxima. (d) Each panel shows the 
results of fitting IR spectra measured for an individual biochemical state at 25 °C. Thick lines are the experimental data colored as in c, thin dashed lines are 
numerical fits, and shaded peaks are individual fit components. Populations are derived from integrating the central gray peak (DFG-out) and the outlying blue 
peaks (DFG-in). Single representative spectra and fitting results are shown. (e) The outlying peaks from the AurA spectra are compared with IR spectra of 
ethylthiocyanate dissolved in aprotic solvents of varying polarity (DMSO, dimethyl sulfoxide; DMF, dimethylformamide; DCM, dichloromethane). (f) Models 
for the probe–water hydrogen bonds giving rise to the red-shifted (left) and blue-shifted (right) peaks in the Q185CN spectra. (g) Second derivatives of  
IR spectra of Q185CN bound to Tpx2 measured at temperatures from 5 to 40 °C. A single representative experiment is shown. Arrows indicate features in  
the second derivatives corresponding to peaks in the absorbance spectra. Their temperature-dependent amplitudes are shown in the inset.
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opposed to the hydrophobic residues normally found at this position 
in protein kinases. The importance of this highly unusual feature of 
AurA is unknown. X-ray structures show that the Q185 side chain 
points into a cavity in the active site where it can form hydrogen 
bonds with structured water molecules24. The water-binding sites, 
referred to as W1 and W2, are formed by the backbone amides of 
the aspartate and phenylalanine residues of the DFG motif, respec-
tively, and are a characteristic feature of the DFG-in state in many 
protein kinases29 (Fig. 1a).

We reasoned that a spectroscopic probe introduced at the Q185 
position of AurA might sense conformational changes of the DFG 
motif that accompany kinase activation through their effects on the 
bound water molecules. We used cysteine labeling in the context of 
a functional cysteine-light (‘Cys-lite’) version of AurA to introduce 
a thiocyanate infrared (IR) probe30 into the active site at the Q185 
position (Fig. 1b; Supplementary Results, Supplementary Figs. 1 
and 2). The CN stretch vibration of the thiocyanate group under-
goes predictable frequency shifts in response to changes in local 
electrostatics and hydrogen bonding, making it a useful probe of 
local polarity31,32. We refer to the nitrile-labeled AurA as Q185CN.

We measured infrared absorbance spectra of AurA Q185CN 
in the apo form and in the presence of saturating concentrations 
of ADP, Tpx2 or both. While a single nitrile absorbance peak was 
observed in the apo sample, the addition of the ligands caused pro-
found spectral changes in which the single peak split into multiple 
absorbance bands (Fig. 1c). Peak fitting revealed that the spectra 
were comprised of three absorbance bands: two outlying peaks and 

a central peak that matches the peak position of the apo sample  
(Fig. 1d). The addition of the two ligands leads to a concerted 
increase in the magnitude of the two outlying peaks, with a corre-
sponding decrease in the magnitude of the central peak, pointing to 
an equilibrium that is shifted by the ligands.

The following peak assignments are based on solvatochromism 
studies (Fig. 1e) and deuterium isotope effects (Supplementary 
Fig. 3) and are discussed in more detail in the Online Methods.  
The blue- and red-shifted peaks promoted by the ligands arise 
from the DFG-in state, in which the Q185CN probe forms hydro-
gen bonds to the W1 and W2 water molecules coordinated to the 
DFG motif (Fig. 1f), and appear as separate peaks in slow exchange 
due to the picosecond vibrational timescale. The large separation 
between these peaks (>15 cm−1), as compared to spectral shifts seen 
in aprotic solvents (Fig. 1e), is a result of two different hydrogen 
bond geometries that cause shifts of opposite sign. A linear hydro-
gen bond with W1 gives rise to the blue-shifted peak, whereas a bent 
(pi) hydrogen bond with W2 gives rise to the red-shifted peak, con-
sistent with previous work on nitrile probes33,34. This situation arises 
because of the unique geometry of the DFG-in state in which two 
water-binding sites are positioned in close proximity to the probe.

The position of the central absorbance band, which dominates 
the spectra of the apo protein, is consistent with the loss of the 
hydrogen bonds to W1 and W2, suggesting a rearrangement of the 
DFG motif to an inactive DFG-out state. The existence of a two-state 
conformational equilibrium is supported by the concerted changes 
of the intensities of the red- and blue-shifted peaks (DFG-in) and 
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Figure 1 | Tpx2 induces a population shift toward the DFG-in state. (a) Crystal structures of protein kinases from the indicated families, aligned on the  
DFG motif, showing conserved water molecules (see Online Methods for PDB codes). The Q185 residue of AurA is shown. (b) Labeling scheme used to 
incorporate an infrared (IR) probe into AurA. (c) IR spectra of Q185CN in the apo form (black line and gray shading), in the presence of ADP (dashed pink 
line), Tpx2 (dashed blue line), and both ligands (solid blue line). Single representative spectra, normalized to the peak maxima. (d) Each panel shows the 
results of fitting IR spectra measured for an individual biochemical state at 25 °C. Thick lines are the experimental data colored as in c, thin dashed lines are 
numerical fits, and shaded peaks are individual fit components. Populations are derived from integrating the central gray peak (DFG-out) and the outlying blue 
peaks (DFG-in). Single representative spectra and fitting results are shown. (e) The outlying peaks from the AurA spectra are compared with IR spectra of 
ethylthiocyanate dissolved in aprotic solvents of varying polarity (DMSO, dimethyl sulfoxide; DMF, dimethylformamide; DCM, dichloromethane). (f) Models 
for the probe–water hydrogen bonds giving rise to the red-shifted (left) and blue-shifted (right) peaks in the Q185CN spectra. (g) Second derivatives of  
IR spectra of Q185CN bound to Tpx2 measured at temperatures from 5 to 40 °C. A single representative experiment is shown. Arrows indicate features in  
the second derivatives corresponding to peaks in the absorbance spectra. Their temperature-dependent amplitudes are shown in the inset.
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Figure 1. Phosphorylation on T288 does not switch AurA into the DFG-In state. (a) IR spectra of nitrile-labeled phosphorylated AurA. The apo sample

(solid black line), and the sample bound to Tpx2 (dashed black line), were measured at 5˚C, and the kinase bound to ADP (colored lines) was measured

at the indicated temperatures. Arrows indicate peaks assigned to the DFG-In and DFG-Out states. The inset shows the same experiments performed

with unphosphorylated AurA. Single representative spectra are shown, normalized to peak maxima. (b) Overview of the structure of AurA in the active

conformation bound to ADP (yellow) and Tpx2 (beige), with enlarged views of the DFG-In (right, PDB ID: 1OL5) and DFG-Out (bottom, PDB ID: 5L8K)

states with the nitrile probe (Q185CN) modeled into the structures. (c) Second derivatives of IR spectra of apo WT and W277A AurA, showing the ~1.5

cm!1 spectral shift of the 2158 cm!1 peak (arrow).
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phosphorylated sample (Figure 4b, dark blue shading). The same trend was observed in experi-

ments performed with AMPPNP instead of ADP (Figure 4—figure supplement 2a). We wondered

whether the presence of a substantial DFG-Out subpopulation in these samples might be obscuring

a more dramatic structural change occurring in the DFG-In subpopulation. To test this, we used the

ATP-competitive AurA inhibitor SNS-314, which preferentially binds to the DFG-In state of AurA

(Oslob et al., 2008) (Figure 4d), to induce a homogeneous population of DFG-In kinase. Strikingly,

DEER spectra measured on unphosphorylated and phosphorylated AurA bound to SNS-314 showed

pronounced oscillations with differing periods, indicating that both samples adopt well-defined

structures, but that the major spin-spin distances are different in the two cases (Figure 4e). Indeed,

Figure 4. DEER spectroscopy confirms that phosphorylation of AurA alters the DFG-In state. (a) Background-corrected DEER spectra of

unphosphorylated AurA bound to ADP (red), and phosphorylated AurA bound to either ADP (blue) or to Tpx2 (yellow). The inset shows an enlarged

view of the spectra for the +ADP samples. (b) Population densities obtained by Tikhonov regularization for the data shown in (a), with prominent peaks

in the distributions indicated. The increased sampling of distances beyond ~50 angstroms in the phosphorylated kinase bound to ADP is highlighted

with darker blue shading. Data are from single representative experiments of two independent repeats. (c) Spin-spin distance distributions obtained by

molecular dynamics simulations initiated from X-ray structures of AurA in either the DFG-Out state (purple) or the fully-active DFG-In state with both

Tpx2 and phosphorylation (pink). The inset shows schematics of the spin-labeling scheme. (d) X-ray structure of SNS-314 bound to AurA highlighting

interactions with the DFG motif, structured water molecules and the catalytic glutamate (E181) specific to the DFG-In state (PDB ID: 3D15). (e) DEER
spectra (main panel) and distance distributions (inset) measured for unphosphorylated (red) and phosphorylated (blue) AurA bound to SNS-314. The

distributions are vertically aligned with those shown in (b) to facilitate comparison. (f) Hypothesized energy landscape for AurA, highlighting the effect

of phosphorylation on the DFG-In state.

DOI: https://doi.org/10.7554/eLife.32766.012

The following figure supplements are available for figure 4:

Figure supplement 1. Validation of spin-labeled AurA constructs used for EPR.

DOI: https://doi.org/10.7554/eLife.32766.013

Figure supplement 2. DEER experiments with AMPPNP and peptide substrate.

DOI: https://doi.org/10.7554/eLife.32766.014

Figure supplement 3. DEER experiments with an alternate spin labeling site support a phosphorylation-driven structural transition in the DFG-In state.

DOI: https://doi.org/10.7554/eLife.32766.015
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Phosphorylation does not alter DFG-out/in equilibrium, 
but remodels the DFG-in population!

One study exploited the self-quenching of tetramethylrhodamine dyes to monitor transitions between active
and inactive states by single-molecule fluorescence [87]. This approach revealed that T288-phosphorylated
AurA dynamically transitions between active (fluorescent) and inactive (quenched) states, much like the
unphosphorylated enzyme. In contrast, Tpx2 binding was observed to cause a pronounced switch to the active
state. A second study used time-resolved FRET to map the distribution of conformations sampled by the acti-
vation loop with and without phosphorylation on T288 [88]. The results showed that the activation loop of
both unphosphorylated and phosphorylated AurA samples a range of conformations in solution that span the
DFG-Out and DFG-In states (Figure 3B, compare dashed and solid purple lines in the FRET distance distribu-
tion). In contrast, upon binding to Tpx2, the activation loop of both unphosphorylated and phosphorylated
AurA adopts a more constrained conformation consistent with adoption of the DFG-In state (Figure 3B, solid
pink line in the FRET distance distribution). These results were corroborated using an independent experimen-
tal method, double electron–electron resonance (DEER) spectroscopy, in which the fluorescent dyes are
replaced by paramagnetic spin probes. The results of the DEER experiments were fully consistent with the
FRET experiments [88], confirming that the activation loop of phosphorylated AurA adopts a range of different
conformations, as observed in the unphosphorylated kinase.
These surprising results raised the question of how phosphorylation on its own activates AurA so strongly,

without causing a population shift to the DFG-In state. Reasoning that the large DFG-Out subpopulation of
phosphorylated AurA might be obscuring an activating structural change in the DFG-In subpopulation in their
ensemble experiments, Ruff et al. [88] used a DFG-In-selective inhibitor, SNS-314, to trap AurA in the DFG-In
state. DEER experiments on these samples revealed that phosphorylation on T288 indeed triggers a structural
change within the DFG-In state, confirming that phosphorylation operates by altering the structure and dynam-
ics of the DFG-In subpopulation (Figure 4A). Molecular dynamics simulations suggested a model for the struc-
tural transition triggered by phosphorylation (Figure 4B). Simulations performed on the unphosphorylated
kinase lacking Tpx2, but initiated from the active DFG-In conformation, showed a strong tendency of the acti-
vation loop to refold into an alternative structure in which a short helical turn formed spanning residues P282
to R286. This effect was not observed in simulations of the kinase with phosphorylation on T288, which
instead stably sample the active conformation. Because the T288 phosphorylation site lies at the C-terminus of

Figure 4. Phosphorylation of T288 triggers a rearrangement of the activation loop within the DFG-In state.
(A) Schematic of the spin-probe labeling scheme (top) and measured spin-spin distances (bottom) from double electron–
electron resonance experiments on phosphorylated AurA (darker solid line and shading) and unphosphorylated AurA (lighter
dashed line). Data are taken from Ruff et al. [88]. The inhibitor SNS-314 was used to isolate the DFG-In state. (B) Conformation
of the activation loop in the active DFG-In substate promoted by phosphorylation on T288 (top, PDB ID: 1OL5), and putative
structure of the autoinhibited DFG-In substate adopted in the absence of phosphorylation, identified in molecular dynamics
simulations (bottom). The Cα atom of the residue on the activation loop labeled with the spin probe is shown as a sphere in
both panels. (C) Schematics of the four main activation states of AurA highlighting the complementary structural and dynamic
changes triggered by Tpx2 binding and phosphorylation (pT288), and the dynamically quenched state that results when these
factors act together, e.g. in PP6-mutated melanoma cells.
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(A) Schematic of the spin-probe labeling scheme (top) and measured spin-spin distances (bottom) from double electron–
electron resonance experiments on phosphorylated AurA (darker solid line and shading) and unphosphorylated AurA (lighter
dashed line). Data are taken from Ruff et al. [88]. The inhibitor SNS-314 was used to isolate the DFG-In state. (B) Conformation
of the activation loop in the active DFG-In substate promoted by phosphorylation on T288 (top, PDB ID: 1OL5), and putative
structure of the autoinhibited DFG-In substate adopted in the absence of phosphorylation, identified in molecular dynamics
simulations (bottom). The Cα atom of the residue on the activation loop labeled with the spin probe is shown as a sphere in
both panels. (C) Schematics of the four main activation states of AurA highlighting the complementary structural and dynamic
changes triggered by Tpx2 binding and phosphorylation (pT288), and the dynamically quenched state that results when these
factors act together, e.g. in PP6-mutated melanoma cells.
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One study exploited the self-quenching of tetramethylrhodamine dyes to monitor transitions between active
and inactive states by single-molecule fluorescence [87]. This approach revealed that T288-phosphorylated
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unphosphorylated enzyme. In contrast, Tpx2 binding was observed to cause a pronounced switch to the active
state. A second study used time-resolved FRET to map the distribution of conformations sampled by the acti-
vation loop with and without phosphorylation on T288 [88]. The results showed that the activation loop of
both unphosphorylated and phosphorylated AurA samples a range of conformations in solution that span the
DFG-Out and DFG-In states (Figure 3B, compare dashed and solid purple lines in the FRET distance distribu-
tion). In contrast, upon binding to Tpx2, the activation loop of both unphosphorylated and phosphorylated
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pink line in the FRET distance distribution). These results were corroborated using an independent experimen-
tal method, double electron–electron resonance (DEER) spectroscopy, in which the fluorescent dyes are
replaced by paramagnetic spin probes. The results of the DEER experiments were fully consistent with the
FRET experiments [88], confirming that the activation loop of phosphorylated AurA adopts a range of different
conformations, as observed in the unphosphorylated kinase.
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phosphorylated AurA might be obscuring an activating structural change in the DFG-In subpopulation in their
ensemble experiments, Ruff et al. [88] used a DFG-In-selective inhibitor, SNS-314, to trap AurA in the DFG-In
state. DEER experiments on these samples revealed that phosphorylation on T288 indeed triggers a structural
change within the DFG-In state, confirming that phosphorylation operates by altering the structure and dynam-
ics of the DFG-In subpopulation (Figure 4A). Molecular dynamics simulations suggested a model for the struc-
tural transition triggered by phosphorylation (Figure 4B). Simulations performed on the unphosphorylated
kinase lacking Tpx2, but initiated from the active DFG-In conformation, showed a strong tendency of the acti-
vation loop to refold into an alternative structure in which a short helical turn formed spanning residues P282
to R286. This effect was not observed in simulations of the kinase with phosphorylation on T288, which
instead stably sample the active conformation. Because the T288 phosphorylation site lies at the C-terminus of

Figure 4. Phosphorylation of T288 triggers a rearrangement of the activation loop within the DFG-In state.
(A) Schematic of the spin-probe labeling scheme (top) and measured spin-spin distances (bottom) from double electron–
electron resonance experiments on phosphorylated AurA (darker solid line and shading) and unphosphorylated AurA (lighter
dashed line). Data are taken from Ruff et al. [88]. The inhibitor SNS-314 was used to isolate the DFG-In state. (B) Conformation
of the activation loop in the active DFG-In substate promoted by phosphorylation on T288 (top, PDB ID: 1OL5), and putative
structure of the autoinhibited DFG-In substate adopted in the absence of phosphorylation, identified in molecular dynamics
simulations (bottom). The Cα atom of the residue on the activation loop labeled with the spin probe is shown as a sphere in
both panels. (C) Schematics of the four main activation states of AurA highlighting the complementary structural and dynamic
changes triggered by Tpx2 binding and phosphorylation (pT288), and the dynamically quenched state that results when these
factors act together, e.g. in PP6-mutated melanoma cells.
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DFG-out DFG-in

an integrated model explains two 
distinct mechanisms of aurora activation

nick levinson 
umn Levinson. Biophys J 475:2025, 2018 

Joukov and De Nicolo. Sci Signal 11:eaar4195, 2018

Will lead to new insights into how to selectively target 
separate pools of Aurora A with small molecules

absence of either Tpx2 or phosphorylation on the T288 residue [78,79]. The diversity of conformations observed
in crystal structures led to confusion as to the role of these conformational changes in regulating AurA, including
whether the kinase is naturally regulated by a DFG flip, and which of the various DFG-Out states captured in
crystal structures might represent a genuine autoinhibited state that restrains AurA activity in vivo.

Activation of AurA by Tpx2 involves a DFG flip
These questions were recently answered in a study that used spectroscopy to track the structural movements of
the kinase occurring in response to the binding of Tpx2 [36]. Using samples of AurA labeled on the activation
loop and a distal surface of the kinase domain with fluorescent donor and acceptor dyes, Förster resonance
energy transfer (FRET) experiments were performed that revealed a 1–2 nm movement of the activation loop

Figure 3. Tpx2 binding to AurA triggers a conformational transition from a DFG-Out state to the active DFG-In state.
(A) Selected crystal structures of AurA in which the kinase adopts DFG-Out states with widely differing positioning of the
activation loop [PDB IDs: 3UOK (yellow), 2WTV (brown), 5EW9 (beige) and 5L8K (dark purple)]. The active DFG-In state is
highlighted for comparison (pink, PDB ID: 1OL5). Structures were aligned on the entire kinase domain. (B) Schematics of the
dye-labeling scheme used to track the position of the activation loop by FRET (top), and (bottom) the distribution of inter-dye
distances determined by time-resolved FRET for inactive AurA (dashed line), AurA activated by Tpx2 (pink), and AurA activated
by phosphorylation on T288 (dark purple-shaded area). The data are taken from Ruff et al. [88]. (C) Structure of the probable
DFG-Out state adopted by AurA in solution (purple). The flipped DFG motif is indicated, and the partially intact regulatory spine
in which the W277 residue has taken the place of the DFG phenylalanine residue, is shown as a transparent surface. The
conformation of the activation loop in the active DFG-In state is shown for reference (pink). The Cα atom of the residue labeled
with a fluorescent dye is shown as a sphere in both structures. (D) Top: View of the active site in the active DFG-In state
showing the bound nucleotide and magnesium ions, the DFG motif and the Asn 261 residue, which, together with the DFG
Asp, co-ordinates one of the magnesium ions (PDB ID: 1OL5). Bottom: View of the active site in the crystal structure of the
native DFG-Out state showing bound nucleotide, the flipped DFG motif and the Asn261 residue (PDB ID 5L8K). Magnesium
coordination is lost in this state. (E) Illustrative free energy landscape for the DFG-In/DFG-Out transition, showing how
nucleotide and Tpx2 binding lead to graded changes in the populations of the DFG-In and DFG-Out states. (F) Schematic of
the AurA active site showing the DFG motif (light pink), αC-helix and Q185 residue (dark gray), water network (red spheres and
yellow hydrogen bonds) along with bound Tpx2 (magenta) and ATP (light gray). The colored arrows represent the allosteric
coupling of Tpx2 to the DFG motif through the water network (magenta), and the coupling of ATP to the DFG motif through the
water network and magnesium ions (gray). The faded DFG-Out state (purple) represents the promotion of the DFG-In state by
nucleotide and Tpx2.

© 2018 The Author(s). This is an open access article published by Portland Press Limited on behalf of the Biochemical Society and distributed under the Creative Commons Attribution License 4.0 (CC BY-NC-ND). 2031
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protein lysine methyltransferases (PKMTs) are 
dynamically heterogeneous epigenetic cancer targets

Can we use molecular simulation to learn about PKMT function and 
opportunities to exploit functional dynamics for selective inhibition?

Kinases: 
Manning et al. Science 298:1912, 2002 
Xu et al. PLoS One 6:e22644, 2011 
PKMTSs: 
Tian et al. Current Cancer Drug Targets 13:558, 2013 
Schapira. Cell Chem Biol 23:1067, 2016

adenosine triphosphate (ATP)

Figure 1. Analyses of kinase DFG-out structures. (A) Superposition of the DFG-in and DFG-out structures of LCK (PDB codes: 3LCK and 2PL0,
respectively), and the conserved residues that characterize the space of the active-site cleft (LCK numbering: K273, E288, D382, and F383). (B) Rotation
axis of the N-lobe shown by the LCK DFG-in structure. (C) Superposition of the LCK DFG-out structure and the DFG-in structure with the rotated N-
lobe. (D) Analyses of the active-site cleft of the kinase ABL1 DFG-out structure (PDB code: 2F4J) using the programs PASS and LIGSITE. The three red
spheres B1, B2, and B3 represent the three binding site centers identified by PASS. The grid points enclosed with the gray mesh represent the cleft
binding pocket identified by LIGSITE.
doi:10.1371/journal.pone.0022644.g001

Predicting Inactive Conformations of Kinases

PLoS ONE | www.plosone.org 3 July 2011 | Volume 6 | Issue 7 | e22644

LCK [3LCK/2PL0]

S-adenosyl-methionine (SAM)

RAFAL 
WIEWIORA SHI CHEN MINKUI LUO

Close collaboration between Rafal Wiewiora (Chodera lab) and Shi Chen (Luo Lab) 
both co-first authors



CONFORMATIONAL heterogeneity is both A challenge and 
OPPORTUNITY FOR CHEMICAL PROBE DESIGN

Schapira, Cell Chem. Biol. 2016



in kinases, some kinase inhibitors exploit differences in energies 
of binding-competent conformations to achieve selectivity

reorganization 
energy penalty

ΔG of binding to  
binding-competent 

state
net ΔG 

of binding

0

Lee and Craik. Science 324:213, 2009imatinib is 2500x more selective for Abl over Src 
Abl and Src share 54% sequence identity 

How can we understand the relative energetics of SETD8 conformations,  
as well as find druggable conformations we haven't seen before?

reorganization 
energy penalty



COVALENT LIGANDS can trap HIDDEN CONFORMATIONS OF SETD8 
to allow visualization via x-ray crystallography

RAFAL 
WIEWIORA SHI CHEN MINKUI LUO

Lee and Craik. Science 

with Mount Sinai, SGC, TakedabioRxiv: https://doi.org/10.1101/438994 

https://doi.org/10.1101/438994


simulations seeded from x-ray structures can identify hidden 
conformations and characterize functional dynamics

discovery of new states

sampling interstate transitions

X-ray structure 1

X-ray structure 2

X-ray structure 3

idealized protein conformational landscape



 ~100 PFLOP/s of aggregate computational power!

Folding@Home provides immense computational 
 resources for probing biomolecular dynamics

h!p://foldingathome.org

Greg bowman 
wustl

vincent voelz 
Temple university

john chodera 
mskcc

http://folding.stanford.edu
http://foldingathome.org


the power of citizen science
Sunway TaihuLight was the first single supercomputing installation  

to reach 100 PFLOP/s (at same time Folding@home did) cost $273M



Schwantes, Pande. J Chem Theor Comput 11:600, 2015 
Pérez-Hernandez, Paul, Giorgino, De Fabritiis, Noé. J Chem Phys 139:015012, 2013 
Prinz, Wu, Sarich, Keller, Fischbach, Held, Chodera, Schü!e, Noé. J Chem Phys 134:174105, 2011 
Bacallado, Chodera, and Pande. J Chem Phys 131:045106, 2009 
Chodera*, Singhal*, Swope, Pitera, Pande, Dill. J Chem Phys 126:155101, 2007 
Chodera, Swope, Pitera, and Dill. Multiscale Model Simul 5:1214, 2006

Voelz, Bowman, Beauchamp, Pande. JACS 132:1526, 2010

first millisecond 
folding mechanism (NTL9)

we developed machine learning approaches to distill 
massive simulation datasets into simple kinetic models

We collected six milliseconds of aggregate simulation data in ten million snapshots



Distilling milliseconds of simulations reveals the 
conformational landscape of APo SETD8
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the markov state model summarizes slow kinetically distinct 
conformational states

RAFAL 
WIEWIORA SHI CHEN

bioRxiv: https://doi.org/10.1101/438994 

APO SETD8

SET-I
Post-SET

Post-SET
SET-I

https://doi.org/10.1101/438994


sam-bound and ternary-complex-like states are found in apo 
setd8 landscape at low populations

0.8%

bioRxiv preprint: https://doi.org/10.1101/438994 

Lee and Craik. Science 324:213, 2009

0.1%

SAM•SETD8

SAM•substrate•SETD8

https://doi.org/10.1101/438994


sam binding significantly restricts conformational dynamics

apo SETD8

SAM•setd8

bioRxiv: https://doi.org/10.1101/438994 

SET-I Post-SET
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dynamic models inform design of gain-of-function mutations

RAFAL 
WIEWIORA SHI CHEN MINKUI LUO

gain-of-function mutations proposed from model stopped-flow fluorescence and ITC experiments

bioRxiv: https://doi.org/10.1101/438994 

SAM•setd8
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Figure 3. Biochemical characterization of gain-of-function mutations revealed by conformational 

landscapes of SETD8. a, Comparison of binding environments of Trp390 between apo and SAM-bound 

SETD8 in the context of their dynamic conformational landscapes. b, Illustration of rapid-quenching 

stopped-flow experiments. These experiments were conducted to trace fluorescence changes of Trp390 

upon SAM binding. c, Comparison of the conformations of post-SET kink and SET-I helix between apo 

and SAM-bound SETD8 in the context of their dynamic conformational landscapes. Analysis of key 

structural motifs indicated K282P, I293G and E292G as potential gain-of-function variants. d, 
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simulations of setd8 mutants from msk-impact allow us to 
annotate their functional effects 

 20 

 

Figure 6. Computational and experimental characterization of cancer-associated SETD8 mutants. a, 

Cancer-associated mutations in the catalytic domain of SETD8 examined in this work. b, Cartoon 

representations of TC with cancer-associated SETD8 mutations highlighted. c, Differential residue-

contact maps of cancer-associated SETD8 mutants in reference to wild type apo-SETD8 (grey). d, 
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SETD8 clinical cancer mutations from MSK-IMPACT
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population of neo-conformations

Next steps: What are cancer-associated mutations of SETD2 and NSD2  
doing to perturb activity, regulation, and specificity?
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gain/loss of secondary and tertiary structure 
and population changes

setd8
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how can biophysical modeling help us improve 
success rates in drugging cancer targets?

Chodera lab papers: 
Cell Chem Biol, in press 
Nature Materials 17:361, 2018 
J Chem Eng Data 62:1559, 2017 
J Comput Aid Mol Des 30:945, 2016; 29:1073, 2015 
J Phys Chem B 122:5466, 2018; 22:5579, 2018; 119:12912, 2015

Our lab develops next-generation modeling approaches that  
fulfill unmet needs in rational drug discovery.



human kinases are a major target in 
precision cancer treatment

imatinib 
approved by USFDA in 2001
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Only a small number of kinases implicated in cancer 
have been targeted so far

43

1
over 100 

clinical trials



DRUG DISCOVERY USUALLY ENDS IN FAILURE

Scannell et al. Nature Rev Drug Disc 11:191, 2012

Nature Reviews | Drug Discovery

b  Rate of decline over 10-year periods
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FDA tightens
regulation
post-thalidomide

First wave of
biotechnology-
derived therapies

FDA clears backlog
following PDUFA
regulations plus small
bolus of HIV drugs 

The magnitude and duration of Eroom’s 
Law also suggests that a lot of the things that 
have been proposed to address the R&D pro-
ductivity problem are likely, at best, to have a 
weak effect. Suppose that we found that it cost 
80 times more in real terms to extract a tonne 
of coal from the ground today than it did 
60 years ago, despite improvements in mining  
machinery and in the ability of geologists 
to find coal deposits. We might expect coal 
industry experts and executives to provide 

explanations along the following lines: “The 
opencast deposits have been exhausted and 
the industry is left with thin seams that are 
a long way below the ground in areas that 
are prone to flooding and collapse.” Given 
this analysis, people could probably agree 
that continued investment would be justified 
by the realistic prospect of either massive 
improvements in mining technology or large 
rises in fuel prices. If neither was likely, it 
would make financial sense to do less digging.

However, readers of much of what has 
been written about R&D productivity in 
the drug industry might be left with the 
impression that Eroom’s Law can simply be 
reversed by strategies such as greater man-
agement attention to factors such as project 
costs and speed of implementation26, by 
reorganizing R&D structures into smaller 
focused units in some cases27 or larger units 
with superior economies of scale in others28, 
by outsourcing to lower-cost countries26,  
by adjusting management metrics and 
introducing R&D ‘performance score-
cards’29, or by somehow making scientists 
more ‘entrepreneurial’30,31. In our view, these 
changes might help at the margins but it 
feels as though most are not addressing  
the core of the productivity problem.

There have been serious attempts to 
describe the countervailing forces or to 
understand which improvements have been 
real and which have been illusory. However, 
such publications have been relatively 
rare. They include: the FDA’s ‘Critical Path 
Initiative’23; a series of prescient papers by 
Horrobin32–34, arguing that bottom-up  
science has been a disappointing distraction;  
an article by Ruffolo35 focused mainly on 
regulatory and organizational barriers;  
a history of the rise and fall of medical inno-
vation in the twentieth century by Le Fanu36; 
an analysis of the organizational challenges 
in biotechnology innovation by Pisano37; 
critiques by Young38 and by Hopkins et al.39, 
of the view that high-affinity binding of a 
single target by a lead compound is the best 
place from which to start the R&D process; 
an analysis by Pammolli et al.19, looking at 
changes in the mix of projects in ‘easy’ versus 
‘difficult’ therapeutic areas; some broad-
ranging work by Munos24; as well as a  
handful of other publications.

There is also a problem of scope. If we 
compare the analyses from the FDA23, 
Garnier27, Horrobin32–34, Ruffolo35, Le Fanu36, 
Pisano37, Young38 and Pammolli et al.19, there 
is limited overlap. In many cases, the differ-
ent sources blame none of the same counter-
vailing forces. This suggests that a more 
integrated explanation is required.

Seeking such an explanation is important 
because Eroom’s Law — if it holds — has 
very unpleasant consequences. Indeed, 
financial markets already appear to believe 
in Eroom’s Law, or something similar to it, 
and the impact is being seen in cost-cutting 
measures implemented by major drug com-
panies. Drug stock prices indicate that inves-
tors expect the financial returns on current 
and future R&D investments to be below 
the cost of capital at an industry level40, and 

(KIWTG���^ Eroom’s Law in pharmaceutical R&D. a�̂ �6JG�PWODGT�QH�PGY�FTWIU�CRRTQXGF�D[�VJG�75�
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Drugs are ge!ing more expensive to develop due to low success rates

now: $1.6B/drug



DRUG DISCOVERY USUALLY ENDS IN FAILURE

Nature Reviews | Drug Discovery

b  Rate of decline over 10-year periods
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FDA tightens
regulation
post-thalidomide

First wave of
biotechnology-
derived therapies

FDA clears backlog
following PDUFA
regulations plus small
bolus of HIV drugs 

The magnitude and duration of Eroom’s 
Law also suggests that a lot of the things that 
have been proposed to address the R&D pro-
ductivity problem are likely, at best, to have a 
weak effect. Suppose that we found that it cost 
80 times more in real terms to extract a tonne 
of coal from the ground today than it did 
60 years ago, despite improvements in mining  
machinery and in the ability of geologists 
to find coal deposits. We might expect coal 
industry experts and executives to provide 

explanations along the following lines: “The 
opencast deposits have been exhausted and 
the industry is left with thin seams that are 
a long way below the ground in areas that 
are prone to flooding and collapse.” Given 
this analysis, people could probably agree 
that continued investment would be justified 
by the realistic prospect of either massive 
improvements in mining technology or large 
rises in fuel prices. If neither was likely, it 
would make financial sense to do less digging.

However, readers of much of what has 
been written about R&D productivity in 
the drug industry might be left with the 
impression that Eroom’s Law can simply be 
reversed by strategies such as greater man-
agement attention to factors such as project 
costs and speed of implementation26, by 
reorganizing R&D structures into smaller 
focused units in some cases27 or larger units 
with superior economies of scale in others28, 
by outsourcing to lower-cost countries26,  
by adjusting management metrics and 
introducing R&D ‘performance score-
cards’29, or by somehow making scientists 
more ‘entrepreneurial’30,31. In our view, these 
changes might help at the margins but it 
feels as though most are not addressing  
the core of the productivity problem.

There have been serious attempts to 
describe the countervailing forces or to 
understand which improvements have been 
real and which have been illusory. However, 
such publications have been relatively 
rare. They include: the FDA’s ‘Critical Path 
Initiative’23; a series of prescient papers by 
Horrobin32–34, arguing that bottom-up  
science has been a disappointing distraction;  
an article by Ruffolo35 focused mainly on 
regulatory and organizational barriers;  
a history of the rise and fall of medical inno-
vation in the twentieth century by Le Fanu36; 
an analysis of the organizational challenges 
in biotechnology innovation by Pisano37; 
critiques by Young38 and by Hopkins et al.39, 
of the view that high-affinity binding of a 
single target by a lead compound is the best 
place from which to start the R&D process; 
an analysis by Pammolli et al.19, looking at 
changes in the mix of projects in ‘easy’ versus 
‘difficult’ therapeutic areas; some broad-
ranging work by Munos24; as well as a  
handful of other publications.

There is also a problem of scope. If we 
compare the analyses from the FDA23, 
Garnier27, Horrobin32–34, Ruffolo35, Le Fanu36, 
Pisano37, Young38 and Pammolli et al.19, there 
is limited overlap. In many cases, the differ-
ent sources blame none of the same counter-
vailing forces. This suggests that a more 
integrated explanation is required.

Seeking such an explanation is important 
because Eroom’s Law — if it holds — has 
very unpleasant consequences. Indeed, 
financial markets already appear to believe 
in Eroom’s Law, or something similar to it, 
and the impact is being seen in cost-cutting 
measures implemented by major drug com-
panies. Drug stock prices indicate that inves-
tors expect the financial returns on current 
and future R&D investments to be below 
the cost of capital at an industry level40, and 

(KIWTG���^ Eroom’s Law in pharmaceutical R&D. a�̂ �6JG�PWODGT�QH�PGY�FTWIU�CRRTQXGF�D[�VJG�75�
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MOORE’S LAWEROOM’S LAW



103 - 106 parts

We regularly design planes, bridges,  
and buildings on computers 

< 102 atoms

Why not small molecule drugs?



a predictive model of ligand affinity would 
have a huge impact on drug discovery

M. R. Shirts, D. L. Mobley and Sco! P. Brown. "Free energy calculations in structure-based drug design",  
in Drug Design: Structure- and Ligand-Based Approaches, pgs. 61-86, 2010.

4 Shirts, Mobley, and Brown
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Fig. 1.1. Distribution of drug a⇤nities of the chemist’s predictions (blue) compared
to the distribution of drug a⇤nities after selection by computer with computation
error � = 0.5 (purple), � = 1.0 (pink), and � = 2.0 (red). The shaded area represents
the total probability of a proposed modification with a⇤nity gain greater than 1.4
kcal/mol. In many situations, Even with moderate error, a reliable method of
filtering compounds could significantly improve the e⇤cency of synthesis in lead
optimization.

one round of synthesis. With 1.0 kcal/mol error, we still have 36% chance
of achieving the goal with the first molecule synthesized, for about a 5 fold
decrease in median number synthesized. Surprisingly, even with 2 kcal/mol
computational noise the time to the goal is reduced about threefold. Simi-
lar computations can be done with large numbers of computer evaluations;
unsurprisingly, the more computational evaluations can be done, the more
computational noise can be tolerated and still yield useful time savings. For
example, even with 2 kcal/mol error, if 100 molecules can be screened, num-
ber of molecules required to be synthesized is reduced eightfold, similar to
the results for 10 molecules and 0.5 kcal/mol error.

Even relatively small numbers of moderately accurate computer predic-
tions may be able to give significant advantage in the pharmaceutical work
flow; 100 screened molecules with 2 kcal/mol noise or 10 screens with 1
kcal/mol noise in our example process could reduce the number of molecules
required to be synthesized by almost an order of magnitude. Clearly, these
calculations assume the simulations are not biased against active compounds,
and errors that are highly dependent on the binding system would result in
less reliable advantages. But physically based prediction methods should in
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Kd / ⌧unbound
⌧bound

bound

time

unbound

P+ L
Kd↵ PL

dissociation 
constant

How can we compute binding affinities 
of ligands we haven't synthesized yet?



Shan Y, Kim ET, Eastwood MP, Dror RO, Seeliger MA, Shaw DE. JACS 133:9181, 2011.

ANTON 
$50M special-purpose supercomputer from D.E. Shaw Research

Src:dasatanib 
(4 us simulation)

For typical drug off-rates (10-4 s-1), 
reliable calculation of binding affinities would require hour trajectories,  

requiring ~106 years to simulate.

David E. Shaw

How can we compute binding affinities 
of ligands we haven't synthesized yet?



alchemical free energy calculations provide a 
rigorous way to efficiently compute binding affinities

∆Gbind

PLP + L

PøP + ø
restraint imposition discharging steric decoupling noninteracting

By breaking the problem into statistically easily computable pieces, 
calculation can be completed in just hours

multiple simulations of alchemical intermediates

Pioneering work from many: McCammon, van Gunsteren, Kollman, Jorgensen, Chipot, Roux, Boresch, Fujitani, Pande, Shirts, Swope, Christ, Mobley, Schrödinger, and many more

U_n

DeltaG instead of DeltaF

Show protein and ligand 
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How can we design  
SPECIFICALLY targeted 
cancer drugs?

how can we predict  
drug resistance  
and susceptibility? 

can we use free energy calculations to address  
major questions in cancer therapy?



Chodera 
J Chem Theor Comput 12:1799, 2016

Shirts, Mobley, Chodera, Pande 
J Phys Chem B 111:13052, 2007

Mobley, Graves, Chodera, McReynolds, Shoichet, Dill 
J Mol Biol 371:1118, 2007

Mobley, Chodera, Dill 
J Chem Theor Comput 3:1231, 2007

Mobley, Dumont, Chodera, Bayly, Cooper, Dill 
J Phys Chem B 111:2242, 2007

Mobley, Chodera, Dill 
J Chem Phys 125:084902, 2006

Shirts, Chodera 
J Chem Phys 129:124105, 2008

Chodera, Shirts 
J Chem Phys 135:194110, 2011

Wang, Chodera, Yang, Shirts 
J Comput Aid Mol Des 27:989, 2013

An open-source platform for integrating methodology 
advances into GPU-accelerated free energy calculations

Andrea Rizzilevi naden

Naden_171003_01.NEF

Naden_171003_03.NEF

Naden_171003_05.NEF

Naden_171003_02.NEF

Naden_171003_04.NEF

Naden_171003_06.NEF

A free, open-source, extensible platform 
for free energy calculations and ligand design 

funded by numerous partners interested in open science

h"p://www.getyank.org
Powered by OpenMM 

h"p://openmm.org

http://www.getyank.org
http://openmm.org


mskcc built one of the first  
major academic gpu clusters in 2013

HAL @ MSKCC NJDC (2013)

40 x

80 x

GTX-Titan 
4.5 TFLOP/s (single prec) 
$1000

GTX-680 
3.0 TFLOP/s (single prec) 
$500

240 TFLOP/s 
$40K

180 TFLOP/s 
$40K

=

=

420 TFLOP/s for $80K

Next-generation GPU cluster lilac managed by HPC Director Juan Perin supports 274 users from the MSKCC community 
powering machine learning, computational pathology, cryo-EM structural biology, and drug discovery
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RMSE ~ 1.7 kcal/mol 
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How often can this help us make 
the right decision about which 
molecules to synthesize?
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alchemical free energy methods have 
transformed drug discovery already

https://www.fiercebiotech.com/biotech/updated-gilead-bags-early-stage-nash-drug-1-2b-nimbus-deal

Impact has currently been limited to affinity optimization. 
What about selectivity?



alchemical methods can also compute 
many other useful properties

selectivity for targets/off-target effects 
(of high relevance to selective kinase inhibition)

partition coefficients (logP, logD) and permeabilities 

environment-dependent solubilities 

crystal polymorphs 



HOW WELL CAN WE PREDICT SELECTIVITY?
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Steven Albanese

inhibition reinstates apoptosis in cancer cells

essential for S-phase progression



alchemical methods can accurately predict 
binding affinities to individual cdks

Lingle Wang 
Schrödinger

FEP+/OPLS3Individual affinities predicted confidently, 
but what does this mean for selectivity?

Steven Albanese

statistical error
presumed forcefield error



CDK2/CDK9

10x selectivity: 
2-4x fewer molecules 
synthesized

100x selectivity: 
20-40x fewer molecules 
synthesized

how much can free energy calculations 
accelerate selective inhibitor discovery?

Achieving 100x selectivity is difficult,  
but predictive modeling can have substantial impact.

Steven Albanese

CDK2/CDK9

Lingle Wang 
Schrödinger

FEP+/OPLS3



setting free energy calculations free

Free for academics, through the browser
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How can we design  
SPECIFICALLY targeted 
cancer drugs?

how can we predict  
drug resistance  
and susceptibility? 

can we use free energy calculations to address  
major questions in cancer therapy?



drug resistance is a major challenge 
for targeted kinase inhibitor therapy

Genome Medicine 9:37, 2017



multiple mechanisms can mediate  
drug resistance in cancer

Modugno M. Drug Discov Today Technol 11:5, 2014  
h!p://doi.org/10.1016/j.blre.2011.09.001 

mutations in the 
target of therapy

http://doi.org/10.1016/j.blre.2011.09.001


the long tail of cancer mutations 
frustrates the prediction of resistance

Missense mutations 
from MSK-IMPACT 

68
.5

%
85

.1
%

87
.4

%

mutation recurrence

RecurrentRare

Zehir et al. Nature Medicine 23:703, 2017 
Hauser et al. Communications Biology, in press.

The vast majority of mutations are so rare there is 
unlikely to be clinical or biochemical evidence of 
whether they confer drug resistance or susceptibility

seen only once

seen < 10 times

seen < 5 times

Out of 10,000 tumors sequenced by MSKCC 
-

55,217 missense mutations in 
MSK-IMPACT panel kinases

Steven Albanese



abl kinase domain point 
mutants are widely distributed

kevin hauser 
SchrödingerHauser, Negron, Albanese, Ray, Steinbrecher, Abel, Chodera, Wang. Communications Biology 1:70, 2018

patient bearing a resistance mutation in the kinase domain of Abl
has an equal chance of Prime correctly predicting this mutation
would be resistant to one of the TKIs considered here, while if
the mutation was susceptible, the chance of correct prediction
would be ~75%. By contrast, the classification specificity of
FEP+ was substantially better. For FEP+, the sensitivity was
0:500:740:29 while the specificity was 0:930:970:88. There is a very high
probability that FEP+ will correctly predict that one of the eight
TKIs studied here will remain effective for a patient bearing a
susceptible mutation.

How reliant are classification results on choice of cutoff? Pre-
vious work by O’Hare et al. utilized TKI-specific thresholds for
dasatinib, imatinib, and nilotinib40, which were ~2 kcal mol−1.

Supplementary Figure 2 shows that when our classification
threshold was increased to a 20-fold change in binding (1.77
kcal mol−1), FEP+ correctly classified 8 of the 13 resistant
mutations and with a threshold of 100-fold change in binding
(2.72 kcal mol−1), FEP+ correctly classified the only two
resistant mutations (T315I/dasatinib and T315I/nilotinib).
With the extant multilayered and multinodal decision-making
algorithms used by experienced oncologists to manage their
patients’ treatment, or by medicinal chemists to propose can-
didate compounds for clinical trials, the resistant or susceptible
cutoffs could be selected with more nuance than the simple
10-fold affinity threshold we consider here. With a larger
affinity change cutoff, for example, the accuracy with which
physical models predict resistance mutations increases
beyond 90% (Supplementary Figure 2). For the alchemical
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Fig. 3 Comparison of experimentally measured binding free-energy changes (ΔΔG) for 131 clinically observed mutations and 6 targeted kinase inhibitors
(TKI). Co-crystal structures are publicly available for wild-type Abl kinase (see Methods) bound to these inhibitors. Top panel: Abl:TKI co-crystal
structures (protein is gray; TKI is green) with positions of point mutations shown as spheres colored from blue (near) to red (far) by relative distance from
the inhibitor. Middle panel: Scatter plots show Prime and FEP+ computed ΔΔG compared to experiment. Variability (ellipses) in experimental ΔΔG
(standard error between IC50-derived ΔΔG measurements made by different labs, 0.32 kcal mol−1) and computed ΔΔG (±σ= 0 kcal mol−1 for Prime while
for FEP+ the standard error of the mean from 3 independent runs). Experimental error bars (σexp) are the standard error between ΔpIC50 and ΔKd

measurements, 0.58 kcal mol−1. To better highlight true outliers unlikely to simply result from expected forcefield error, we presume forcefield error

(σFF≈ 0.9 kcal mol−137) also behaves as a random error, and represent the total estimated statistical and forcefield error
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2FF þ σ2exp=cal

q" #
as vertical error

bars. The yellow region indicates area in which predicted ΔΔG is within 1.36 kcal mol−1 of experiment. Two mutations were beyond the concentration limit
of the assay and were not plotted; N= 129. Bottom panel: Truth tables and classification results include T315I/dasatinib and L248R/imatinib; 131 points
were used. Truth tables of classification accuracy, sensitivity and specificity using two-classes (resistant: ΔΔG > 1.36 kcal/mol; ΔΔG≤ 1.36 kcal/mol). For
MUE, RMSE, and classification statistics, sub/superscripts denote 95 % CIs. For Prime, *MUE highlights that the Bayesian model yields a value for MUE
that is noticeably larger than MUE for observed data due to the non-Gaussian error distribution of Prime

COMMUNICATIONS BIOLOGY | DOI: 10.1038/s42003-018-0075-x ARTICLE
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alchemical free energy calculations show promise in predicting 
whether clinical mutants are susceptible or resistant

kevin hauser 
SchrödingerHauser, Negron, Albanese, Ray, Steinbrecher, Abel, Chodera, Wang. Communications Biology 1:70, 2018
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targets during lead optimization25–27,35, to calculate the effect of
point mutation on the binding free energy between the inhibitor
and the kinase receptor (Fig. 1b, c). We compare this approach
against a fast but approximate physical modeling method
implemented in Prime36 (an MM-GBSA approach) in which an
implicit solvent model is used to assess the change in minimized
interaction energy of the ligand with the mutant and wild-type
kinase. We consider whether these methods can predict a ten-fold
reduction in inhibitor affinity (corresponding to a binding free-
energy change of 1.36 kcal mol−1) to assess baseline utility. As a
benchmark, we compile a set of reliable inhibitor ΔpIC50 data for
144 clinically identified mutants of the human kinase Abl, an
important oncology target dysregulated in cancers like chronic
myelogenous leukemia (CML), for which six1 FDA-approved
TKIs are available. While ΔpIC50 can approximate a dissociation
constant ΔKD, other processes contributing to changes in cell
viability might affect IC50 in ways that are not accounted for by a
traditional binding experiment, motivating a quantitative com-
parison between ΔpIC50 and ΔKD. The results of this benchmark
demonstrate the potential for FEP+ to predict the impact that
mutations in Abl kinase have on drug binding, and a classification
accuracy of 889382% (for all statistical metrics reported in this
paper, the 95% confidence intervals (CI) is shown in the form of
xupperlower

! "
), an RMSE of 1:071:260:89 kcal mol−1, and an MUE of

0:790:920:67 kcal mol−1 was achieved.

Results
A benchmark of ΔpIC50s for predicting mutational resistance.
To construct a benchmark evaluation dataset, we compiled a total
of 144 ΔpIC50 measurements of Abl:TKI affinities, summarized in
Table 1 while ensuring all measurements for an individual TKI
were reported in the same study from experiments run under
identical conditions. 131 ΔpIC50 measurements were available
across the six TKIs with available co-crystal structures with wild-
type Abl—26 for axitinib and 21 for bosutinib, dasatinib, imati-
nib, nilotinib, and ponatinib. 13 ΔpIC50 measurements were
available for the two TKIs for which docking was necessary to
generate Abl:TKI structures—7 for erlotinib and 6 for gefitinib.
For added diversity, this set includes TKIs for which Abl is not
the primary target—axitinib, erlotinib, and gefitinib. All muta-
tions in this benchmark dataset have been clinically observed
(Supplementary Table 1). Due to the change in bond topology
required by mutations involving proline, which is not currently
supported by the FEP+ technology for protein residue mutations,

the three mutations H396P (axitinib, gefitinib, erlotinib) were
excluded from our assessment. As single-point mutations were
highly represented in the Memorial Sloan Kettering-Integrated
Mutation Profiling of Actionable Cancer Targets (MSK-
IMPACT) study analyzed in Fig. 1a, we excluded double muta-
tions from this work. However, the impact of mutations from
multiple sites can potentially be modeled by sequentially mutating
each site and this will be addressed in future work.

Experimental ΔpIC50 measurements for wild-type and mutant
Abl were converted to ΔΔG in order to make direct comparisons
between physics-based models and experiment. However, com-
putation of experimental uncertainties were required to under-
stand the degree to which differences between predictions and
experimental data were significant. Since experimental error
estimates for measured IC50s were not available for the data in
Table 1, we compared that data to other sources that have
published IC50s for the same mutations in the presence of the
same TKIs (Fig. 2a–c). Cross-comparison of 97 experimentally
measured ΔΔGs derived from cell viability assay IC50 data led to
an estimate of experimental variability of 0:320:360:28 kcal mol−1 root
mean square error (RMSE) that described the expected repeat-
ability of the measurements. Because multiple factors influence
the IC50 aside from direct effects on the binding affinity we also
compared ΔΔGs derived from ΔpIC50s with those derived from
binding affinity measurements (ΔKd) for which data for a set of
27 mutations was available (Fig. 2d). The larger computed RMSE
of 0:811:040:59 kcal mol−1 represents an estimate of the lower bound
of the RMSE to the IC50-derived ΔΔGs that we might hope to
achieve with FEP+ or Prime, which were performed using
non-phosphorylated models, when comparing sample statistics
directly. Comparing 31 mutations for which phosphorylated and
non-phosphorylated ΔKds were available, we found a strong
correlation between the ΔΔGs derived from those data (r= 0.94,
Supplementary Figure 1).

Most mutations do not significantly reduce TKI potency. The
majority of mutations do not lead to resistance by our 10-fold
affinity loss threshold: 86.3% of the co-crystal set (n= 113) and
86.8% of the total set (n= 125). Resistance mutations, which are
likely to result in a failure of therapy, constitute 13.7% of the
co-crystal set (n= 18) and 13.2% of the total set of mutations
(n= 19). The ΔpIC50s for all 144 mutations are summarized in
Supplementary Tables 2–7. Two mutations exceeded the dynamic
range of the assays (IC50 > 10,000 nM); as these two mutations

Table 1 Public ΔpIC50 datasets for 144 Abl kinase mutations and eight TKIs with corresponding wild-type co-crystal structures
used in this study

(kcal mol−1) (kcal mol−1)

TKI Nmut R S PDB |ΔGmax−ΔGmin| Source ΔGWT

Axitinib 26 0 26 4wa9 2.05 52 −8.35
Bosutinib 21 4 17 3ue4 2.79 79 −9.81
Dasatinib 21 5 16 4xey 5.08 79 −11.94
Imatinib 21 5 16 1opj 2.16 79 −9.19
Nilotinib 21 4 17 3cs9 3.88 79 −10.74
Ponatinib 21 0 21 3oxz 1.00 79 −11.70
Subtotal 131 18 113
Erlotinib 7 1 6 Dock to 3ue4 1.73 82 −9.77
Gefitinib 6 0 6 Dock to 3ue4 1.79 82 −8.84
Total 144 19 125

Nmut Total number of mutants for which ΔpIC50 data was available
Number of Resistant, Susceptible mutants using 10-fold affinity change threshold
PDB Source PDB ID, or Dock to 3ue4, which used 3ue4 as the receptor for Glide-SP docking inhibitors without co-crystal structure
ΔGWT Binding free energy of inhibitor to wild-type Abl, as estimated from IC50 data
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patient bearing a resistance mutation in the kinase domain of Abl
has an equal chance of Prime correctly predicting this mutation
would be resistant to one of the TKIs considered here, while if
the mutation was susceptible, the chance of correct prediction
would be ~75%. By contrast, the classification specificity of
FEP+ was substantially better. For FEP+, the sensitivity was
0:500:740:29 while the specificity was 0:930:970:88. There is a very high
probability that FEP+ will correctly predict that one of the eight
TKIs studied here will remain effective for a patient bearing a
susceptible mutation.

How reliant are classification results on choice of cutoff? Pre-
vious work by O’Hare et al. utilized TKI-specific thresholds for
dasatinib, imatinib, and nilotinib40, which were ~2 kcal mol−1.

Supplementary Figure 2 shows that when our classification
threshold was increased to a 20-fold change in binding (1.77
kcal mol−1), FEP+ correctly classified 8 of the 13 resistant
mutations and with a threshold of 100-fold change in binding
(2.72 kcal mol−1), FEP+ correctly classified the only two
resistant mutations (T315I/dasatinib and T315I/nilotinib).
With the extant multilayered and multinodal decision-making
algorithms used by experienced oncologists to manage their
patients’ treatment, or by medicinal chemists to propose can-
didate compounds for clinical trials, the resistant or susceptible
cutoffs could be selected with more nuance than the simple
10-fold affinity threshold we consider here. With a larger
affinity change cutoff, for example, the accuracy with which
physical models predict resistance mutations increases
beyond 90% (Supplementary Figure 2). For the alchemical
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Fig. 3 Comparison of experimentally measured binding free-energy changes (ΔΔG) for 131 clinically observed mutations and 6 targeted kinase inhibitors
(TKI). Co-crystal structures are publicly available for wild-type Abl kinase (see Methods) bound to these inhibitors. Top panel: Abl:TKI co-crystal
structures (protein is gray; TKI is green) with positions of point mutations shown as spheres colored from blue (near) to red (far) by relative distance from
the inhibitor. Middle panel: Scatter plots show Prime and FEP+ computed ΔΔG compared to experiment. Variability (ellipses) in experimental ΔΔG
(standard error between IC50-derived ΔΔG measurements made by different labs, 0.32 kcal mol−1) and computed ΔΔG (±σ= 0 kcal mol−1 for Prime while
for FEP+ the standard error of the mean from 3 independent runs). Experimental error bars (σexp) are the standard error between ΔpIC50 and ΔKd

measurements, 0.58 kcal mol−1. To better highlight true outliers unlikely to simply result from expected forcefield error, we presume forcefield error

(σFF≈ 0.9 kcal mol−137) also behaves as a random error, and represent the total estimated statistical and forcefield error
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2FF þ σ2exp=cal

q" #
as vertical error

bars. The yellow region indicates area in which predicted ΔΔG is within 1.36 kcal mol−1 of experiment. Two mutations were beyond the concentration limit
of the assay and were not plotted; N= 129. Bottom panel: Truth tables and classification results include T315I/dasatinib and L248R/imatinib; 131 points
were used. Truth tables of classification accuracy, sensitivity and specificity using two-classes (resistant: ΔΔG > 1.36 kcal/mol; ΔΔG≤ 1.36 kcal/mol). For
MUE, RMSE, and classification statistics, sub/superscripts denote 95 % CIs. For Prime, *MUE highlights that the Bayesian model yields a value for MUE
that is noticeably larger than MUE for observed data due to the non-Gaussian error distribution of Prime
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patient bearing a resistance mutation in the kinase domain of Abl
has an equal chance of Prime correctly predicting this mutation
would be resistant to one of the TKIs considered here, while if
the mutation was susceptible, the chance of correct prediction
would be ~75%. By contrast, the classification specificity of
FEP+ was substantially better. For FEP+, the sensitivity was
0:500:740:29 while the specificity was 0:930:970:88. There is a very high
probability that FEP+ will correctly predict that one of the eight
TKIs studied here will remain effective for a patient bearing a
susceptible mutation.

How reliant are classification results on choice of cutoff? Pre-
vious work by O’Hare et al. utilized TKI-specific thresholds for
dasatinib, imatinib, and nilotinib40, which were ~2 kcal mol−1.

Supplementary Figure 2 shows that when our classification
threshold was increased to a 20-fold change in binding (1.77
kcal mol−1), FEP+ correctly classified 8 of the 13 resistant
mutations and with a threshold of 100-fold change in binding
(2.72 kcal mol−1), FEP+ correctly classified the only two
resistant mutations (T315I/dasatinib and T315I/nilotinib).
With the extant multilayered and multinodal decision-making
algorithms used by experienced oncologists to manage their
patients’ treatment, or by medicinal chemists to propose can-
didate compounds for clinical trials, the resistant or susceptible
cutoffs could be selected with more nuance than the simple
10-fold affinity threshold we consider here. With a larger
affinity change cutoff, for example, the accuracy with which
physical models predict resistance mutations increases
beyond 90% (Supplementary Figure 2). For the alchemical
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Fig. 3 Comparison of experimentally measured binding free-energy changes (ΔΔG) for 131 clinically observed mutations and 6 targeted kinase inhibitors
(TKI). Co-crystal structures are publicly available for wild-type Abl kinase (see Methods) bound to these inhibitors. Top panel: Abl:TKI co-crystal
structures (protein is gray; TKI is green) with positions of point mutations shown as spheres colored from blue (near) to red (far) by relative distance from
the inhibitor. Middle panel: Scatter plots show Prime and FEP+ computed ΔΔG compared to experiment. Variability (ellipses) in experimental ΔΔG
(standard error between IC50-derived ΔΔG measurements made by different labs, 0.32 kcal mol−1) and computed ΔΔG (±σ= 0 kcal mol−1 for Prime while
for FEP+ the standard error of the mean from 3 independent runs). Experimental error bars (σexp) are the standard error between ΔpIC50 and ΔKd

measurements, 0.58 kcal mol−1. To better highlight true outliers unlikely to simply result from expected forcefield error, we presume forcefield error

(σFF≈ 0.9 kcal mol−137) also behaves as a random error, and represent the total estimated statistical and forcefield error
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2FF þ σ2exp=cal

q" #
as vertical error

bars. The yellow region indicates area in which predicted ΔΔG is within 1.36 kcal mol−1 of experiment. Two mutations were beyond the concentration limit
of the assay and were not plotted; N= 129. Bottom panel: Truth tables and classification results include T315I/dasatinib and L248R/imatinib; 131 points
were used. Truth tables of classification accuracy, sensitivity and specificity using two-classes (resistant: ΔΔG > 1.36 kcal/mol; ΔΔG≤ 1.36 kcal/mol). For
MUE, RMSE, and classification statistics, sub/superscripts denote 95 % CIs. For Prime, *MUE highlights that the Bayesian model yields a value for MUE
that is noticeably larger than MUE for observed data due to the non-Gaussian error distribution of Prime
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patient bearing a resistance mutation in the kinase domain of Abl
has an equal chance of Prime correctly predicting this mutation
would be resistant to one of the TKIs considered here, while if
the mutation was susceptible, the chance of correct prediction
would be ~75%. By contrast, the classification specificity of
FEP+ was substantially better. For FEP+, the sensitivity was
0:500:740:29 while the specificity was 0:930:970:88. There is a very high
probability that FEP+ will correctly predict that one of the eight
TKIs studied here will remain effective for a patient bearing a
susceptible mutation.

How reliant are classification results on choice of cutoff? Pre-
vious work by O’Hare et al. utilized TKI-specific thresholds for
dasatinib, imatinib, and nilotinib40, which were ~2 kcal mol−1.

Supplementary Figure 2 shows that when our classification
threshold was increased to a 20-fold change in binding (1.77
kcal mol−1), FEP+ correctly classified 8 of the 13 resistant
mutations and with a threshold of 100-fold change in binding
(2.72 kcal mol−1), FEP+ correctly classified the only two
resistant mutations (T315I/dasatinib and T315I/nilotinib).
With the extant multilayered and multinodal decision-making
algorithms used by experienced oncologists to manage their
patients’ treatment, or by medicinal chemists to propose can-
didate compounds for clinical trials, the resistant or susceptible
cutoffs could be selected with more nuance than the simple
10-fold affinity threshold we consider here. With a larger
affinity change cutoff, for example, the accuracy with which
physical models predict resistance mutations increases
beyond 90% (Supplementary Figure 2). For the alchemical
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Fig. 3 Comparison of experimentally measured binding free-energy changes (ΔΔG) for 131 clinically observed mutations and 6 targeted kinase inhibitors
(TKI). Co-crystal structures are publicly available for wild-type Abl kinase (see Methods) bound to these inhibitors. Top panel: Abl:TKI co-crystal
structures (protein is gray; TKI is green) with positions of point mutations shown as spheres colored from blue (near) to red (far) by relative distance from
the inhibitor. Middle panel: Scatter plots show Prime and FEP+ computed ΔΔG compared to experiment. Variability (ellipses) in experimental ΔΔG
(standard error between IC50-derived ΔΔG measurements made by different labs, 0.32 kcal mol−1) and computed ΔΔG (±σ= 0 kcal mol−1 for Prime while
for FEP+ the standard error of the mean from 3 independent runs). Experimental error bars (σexp) are the standard error between ΔpIC50 and ΔKd

measurements, 0.58 kcal mol−1. To better highlight true outliers unlikely to simply result from expected forcefield error, we presume forcefield error

(σFF≈ 0.9 kcal mol−137) also behaves as a random error, and represent the total estimated statistical and forcefield error
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2FF þ σ2exp=cal

q" #
as vertical error

bars. The yellow region indicates area in which predicted ΔΔG is within 1.36 kcal mol−1 of experiment. Two mutations were beyond the concentration limit
of the assay and were not plotted; N= 129. Bottom panel: Truth tables and classification results include T315I/dasatinib and L248R/imatinib; 131 points
were used. Truth tables of classification accuracy, sensitivity and specificity using two-classes (resistant: ΔΔG > 1.36 kcal/mol; ΔΔG≤ 1.36 kcal/mol). For
MUE, RMSE, and classification statistics, sub/superscripts denote 95 % CIs. For Prime, *MUE highlights that the Bayesian model yields a value for MUE
that is noticeably larger than MUE for observed data due to the non-Gaussian error distribution of Prime
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patient bearing a resistance mutation in the kinase domain of Abl
has an equal chance of Prime correctly predicting this mutation
would be resistant to one of the TKIs considered here, while if
the mutation was susceptible, the chance of correct prediction
would be ~75%. By contrast, the classification specificity of
FEP+ was substantially better. For FEP+, the sensitivity was
0:500:740:29 while the specificity was 0:930:970:88. There is a very high
probability that FEP+ will correctly predict that one of the eight
TKIs studied here will remain effective for a patient bearing a
susceptible mutation.

How reliant are classification results on choice of cutoff? Pre-
vious work by O’Hare et al. utilized TKI-specific thresholds for
dasatinib, imatinib, and nilotinib40, which were ~2 kcal mol−1.

Supplementary Figure 2 shows that when our classification
threshold was increased to a 20-fold change in binding (1.77
kcal mol−1), FEP+ correctly classified 8 of the 13 resistant
mutations and with a threshold of 100-fold change in binding
(2.72 kcal mol−1), FEP+ correctly classified the only two
resistant mutations (T315I/dasatinib and T315I/nilotinib).
With the extant multilayered and multinodal decision-making
algorithms used by experienced oncologists to manage their
patients’ treatment, or by medicinal chemists to propose can-
didate compounds for clinical trials, the resistant or susceptible
cutoffs could be selected with more nuance than the simple
10-fold affinity threshold we consider here. With a larger
affinity change cutoff, for example, the accuracy with which
physical models predict resistance mutations increases
beyond 90% (Supplementary Figure 2). For the alchemical
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Fig. 3 Comparison of experimentally measured binding free-energy changes (ΔΔG) for 131 clinically observed mutations and 6 targeted kinase inhibitors
(TKI). Co-crystal structures are publicly available for wild-type Abl kinase (see Methods) bound to these inhibitors. Top panel: Abl:TKI co-crystal
structures (protein is gray; TKI is green) with positions of point mutations shown as spheres colored from blue (near) to red (far) by relative distance from
the inhibitor. Middle panel: Scatter plots show Prime and FEP+ computed ΔΔG compared to experiment. Variability (ellipses) in experimental ΔΔG
(standard error between IC50-derived ΔΔG measurements made by different labs, 0.32 kcal mol−1) and computed ΔΔG (±σ= 0 kcal mol−1 for Prime while
for FEP+ the standard error of the mean from 3 independent runs). Experimental error bars (σexp) are the standard error between ΔpIC50 and ΔKd

measurements, 0.58 kcal mol−1. To better highlight true outliers unlikely to simply result from expected forcefield error, we presume forcefield error

(σFF≈ 0.9 kcal mol−137) also behaves as a random error, and represent the total estimated statistical and forcefield error
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2FF þ σ2exp=cal

q" #
as vertical error

bars. The yellow region indicates area in which predicted ΔΔG is within 1.36 kcal mol−1 of experiment. Two mutations were beyond the concentration limit
of the assay and were not plotted; N= 129. Bottom panel: Truth tables and classification results include T315I/dasatinib and L248R/imatinib; 131 points
were used. Truth tables of classification accuracy, sensitivity and specificity using two-classes (resistant: ΔΔG > 1.36 kcal/mol; ΔΔG≤ 1.36 kcal/mol). For
MUE, RMSE, and classification statistics, sub/superscripts denote 95 % CIs. For Prime, *MUE highlights that the Bayesian model yields a value for MUE
that is noticeably larger than MUE for observed data due to the non-Gaussian error distribution of Prime
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patient bearing a resistance mutation in the kinase domain of Abl
has an equal chance of Prime correctly predicting this mutation
would be resistant to one of the TKIs considered here, while if
the mutation was susceptible, the chance of correct prediction
would be ~75%. By contrast, the classification specificity of
FEP+ was substantially better. For FEP+, the sensitivity was
0:500:740:29 while the specificity was 0:930:970:88. There is a very high
probability that FEP+ will correctly predict that one of the eight
TKIs studied here will remain effective for a patient bearing a
susceptible mutation.

How reliant are classification results on choice of cutoff? Pre-
vious work by O’Hare et al. utilized TKI-specific thresholds for
dasatinib, imatinib, and nilotinib40, which were ~2 kcal mol−1.

Supplementary Figure 2 shows that when our classification
threshold was increased to a 20-fold change in binding (1.77
kcal mol−1), FEP+ correctly classified 8 of the 13 resistant
mutations and with a threshold of 100-fold change in binding
(2.72 kcal mol−1), FEP+ correctly classified the only two
resistant mutations (T315I/dasatinib and T315I/nilotinib).
With the extant multilayered and multinodal decision-making
algorithms used by experienced oncologists to manage their
patients’ treatment, or by medicinal chemists to propose can-
didate compounds for clinical trials, the resistant or susceptible
cutoffs could be selected with more nuance than the simple
10-fold affinity threshold we consider here. With a larger
affinity change cutoff, for example, the accuracy with which
physical models predict resistance mutations increases
beyond 90% (Supplementary Figure 2). For the alchemical
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Fig. 3 Comparison of experimentally measured binding free-energy changes (ΔΔG) for 131 clinically observed mutations and 6 targeted kinase inhibitors
(TKI). Co-crystal structures are publicly available for wild-type Abl kinase (see Methods) bound to these inhibitors. Top panel: Abl:TKI co-crystal
structures (protein is gray; TKI is green) with positions of point mutations shown as spheres colored from blue (near) to red (far) by relative distance from
the inhibitor. Middle panel: Scatter plots show Prime and FEP+ computed ΔΔG compared to experiment. Variability (ellipses) in experimental ΔΔG
(standard error between IC50-derived ΔΔG measurements made by different labs, 0.32 kcal mol−1) and computed ΔΔG (±σ= 0 kcal mol−1 for Prime while
for FEP+ the standard error of the mean from 3 independent runs). Experimental error bars (σexp) are the standard error between ΔpIC50 and ΔKd

measurements, 0.58 kcal mol−1. To better highlight true outliers unlikely to simply result from expected forcefield error, we presume forcefield error

(σFF≈ 0.9 kcal mol−137) also behaves as a random error, and represent the total estimated statistical and forcefield error
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2FF þ σ2exp=cal

q" #
as vertical error

bars. The yellow region indicates area in which predicted ΔΔG is within 1.36 kcal mol−1 of experiment. Two mutations were beyond the concentration limit
of the assay and were not plotted; N= 129. Bottom panel: Truth tables and classification results include T315I/dasatinib and L248R/imatinib; 131 points
were used. Truth tables of classification accuracy, sensitivity and specificity using two-classes (resistant: ΔΔG > 1.36 kcal/mol; ΔΔG≤ 1.36 kcal/mol). For
MUE, RMSE, and classification statistics, sub/superscripts denote 95 % CIs. For Prime, *MUE highlights that the Bayesian model yields a value for MUE
that is noticeably larger than MUE for observed data due to the non-Gaussian error distribution of Prime
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patient bearing a resistance mutation in the kinase domain of Abl
has an equal chance of Prime correctly predicting this mutation
would be resistant to one of the TKIs considered here, while if
the mutation was susceptible, the chance of correct prediction
would be ~75%. By contrast, the classification specificity of
FEP+ was substantially better. For FEP+, the sensitivity was
0:500:740:29 while the specificity was 0:930:970:88. There is a very high
probability that FEP+ will correctly predict that one of the eight
TKIs studied here will remain effective for a patient bearing a
susceptible mutation.

How reliant are classification results on choice of cutoff? Pre-
vious work by O’Hare et al. utilized TKI-specific thresholds for
dasatinib, imatinib, and nilotinib40, which were ~2 kcal mol−1.

Supplementary Figure 2 shows that when our classification
threshold was increased to a 20-fold change in binding (1.77
kcal mol−1), FEP+ correctly classified 8 of the 13 resistant
mutations and with a threshold of 100-fold change in binding
(2.72 kcal mol−1), FEP+ correctly classified the only two
resistant mutations (T315I/dasatinib and T315I/nilotinib).
With the extant multilayered and multinodal decision-making
algorithms used by experienced oncologists to manage their
patients’ treatment, or by medicinal chemists to propose can-
didate compounds for clinical trials, the resistant or susceptible
cutoffs could be selected with more nuance than the simple
10-fold affinity threshold we consider here. With a larger
affinity change cutoff, for example, the accuracy with which
physical models predict resistance mutations increases
beyond 90% (Supplementary Figure 2). For the alchemical
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Fig. 3 Comparison of experimentally measured binding free-energy changes (ΔΔG) for 131 clinically observed mutations and 6 targeted kinase inhibitors
(TKI). Co-crystal structures are publicly available for wild-type Abl kinase (see Methods) bound to these inhibitors. Top panel: Abl:TKI co-crystal
structures (protein is gray; TKI is green) with positions of point mutations shown as spheres colored from blue (near) to red (far) by relative distance from
the inhibitor. Middle panel: Scatter plots show Prime and FEP+ computed ΔΔG compared to experiment. Variability (ellipses) in experimental ΔΔG
(standard error between IC50-derived ΔΔG measurements made by different labs, 0.32 kcal mol−1) and computed ΔΔG (±σ= 0 kcal mol−1 for Prime while
for FEP+ the standard error of the mean from 3 independent runs). Experimental error bars (σexp) are the standard error between ΔpIC50 and ΔKd

measurements, 0.58 kcal mol−1. To better highlight true outliers unlikely to simply result from expected forcefield error, we presume forcefield error

(σFF≈ 0.9 kcal mol−137) also behaves as a random error, and represent the total estimated statistical and forcefield error
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2FF þ σ2exp=cal

q" #
as vertical error

bars. The yellow region indicates area in which predicted ΔΔG is within 1.36 kcal mol−1 of experiment. Two mutations were beyond the concentration limit
of the assay and were not plotted; N= 129. Bottom panel: Truth tables and classification results include T315I/dasatinib and L248R/imatinib; 131 points
were used. Truth tables of classification accuracy, sensitivity and specificity using two-classes (resistant: ΔΔG > 1.36 kcal/mol; ΔΔG≤ 1.36 kcal/mol). For
MUE, RMSE, and classification statistics, sub/superscripts denote 95 % CIs. For Prime, *MUE highlights that the Bayesian model yields a value for MUE
that is noticeably larger than MUE for observed data due to the non-Gaussian error distribution of Prime
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CML patients failing out of imatinib therapy often different kinds of resistance 
depending on the choice of second-line therapy:

(Figure 1b), E255V, G250E, F311I, E255K/V and F311I clones
were rapidly selected (n¼ 7); Y253H/F, T315I and F359V
generally persisted (n¼ 6), while F317L, M351T and E355G
were sensitive (n¼ 8). T315I again evolved slowly and the
G250E was both selected and deselected upon treatment,
indicating that there were additional determinants besides those
characteristics of the mutant proteins themselves for these
patients. In general, selection and deselection patterns observed
were obvious as early as 3 months of treatment, in particular for
patients receiving dasatinib. After initial rapid changes, most
curves show saturation kinetics after 3 to 6 months, but in
isolated cases clones decreased also at 12 months of drug
exposure. Therefore, in an attempt to further characterise the
in vivo drug sensitivity profile, clonal increase/decrease levels

observed at 3 months of treatment were compared with
quantitative measurements of in vitro resistance based on
analysis of cell viability (IC50 analysis3,4). As shown in Table 1,
most of data agree with the in vitro results, which might be
surprising, considering the heterogeneity of the approaches.
However, for single mutations pronounced differences were
found; in particular, for BCR–ABLT315I, the observed short-time
kinetics are not in agreement with the high in vitro resistance
shown by the IC50 levels of above 250. Thus, the comparisons
highlight discrepancies between the in vivo and in vitro
resistance settings, particularly for BCR–ABLT315I. Therefore,
we sought to identify factors associated with selectivity patterns
in vivo that are not operative in vitro. For that purpose, general
patterns of dynamics observed in all individual subjects,
harbouring multiple mutations, including those that harboured
BCR–ABLT315I were evaluated (Figure 2). In apparent contrast to
the distinct nature of T315I in IC50 measurements in vitro, the
emergence of BCR–ABLT315I is not associated with immediate
relapse kinetics; but rather, a slow and steady increase of the
T315I subclones can be seen. Thus, despite the slow evolution
of the T315I clones, it appears poised to become the dominant
clone in several cases. Obviously, the BCR–ABLT315I observed
in subject 15 is not in a position to replace the drug-sensitive
BCR–ABLY253H as rapidly as the BCR–ABLF317L does (subjects 7,
11 and 14). Although leukaemic burden is stabilized at a high
level by the evolving BCR–ABLF317L (ratio never drops below
10%) in parallel to deselection of the BCR–ABLY253H, the
BCR–ABLT315I alone emerges slowly and therefore is associated
with a drop in leukaemic burden to less than 1% (subject 15 and
22). Towards 12 months of 2nd TKI, BCR–ABLF317L levels drop,
while BCR–ABLT315I is still increasing in subjects 7, 11. A more
rapid replacement of existing clones is seen in cases 35 and 14:
a dominating BCR–ABLT315I clone is rapidly replaced by a novel
BCR–ABLE255K clone during nilotinib treatment, and a dominant
BCR–ABLF317L is replaced by BCR–ABLV299L under dasatinib
treatment. In these cases, competition between mutated clones
apparently has a key role in the dynamic selectivity patterns.
Consequently, as clonal interference obviously will not be
instrumental in cell viability assays performed using mouse
Ba/F3 cells in culture, clonal interference may be the origin of
the many of the dynamic features observed in the study.

The key biological findings of this study are first, the
observation of clonal competition in several subjects harbouring
multiple mutations, and second, the variance of time scales of
the apparent clonal competition. Understanding these pheno-
mena is essential for improving treatment outcome in patients

Figure 1 In vivo selectivity of dasatinib and nilotinib towards
mutated isoforms of BCR–ABL. BCR–ABL transcripts harbouring
resistance mutations were traced over a 4-log range of magnitude.
For each case, the absolute increase/decrease of single mutated clones
from baseline (value at first significant detection) were calculated for
dasatinib (a) or nilotinib treatment (b) and plotted as a function of time
after first detection. The mutations can be ranked according to the
increase, persistence or decrease patterns and classified into progres-
sing, persisting and regressing clones for each drug.

Table 1 Comparison of in vivo increase/decrease levels at 3
months of drug exposure (left column) versus in vitro IC50 reported in
the literature

In vivo qARMS
(3 months)

IC50
in vitro3

IC50
in vitro4

Dasatinib Nilotinib Dasatinib Nilotinib Dasatinib Nilotinib

G250E "1.59 1.02 2.25 3.69 4.45 4.56
Y253H "2.19 n.a. 1.62 34.61 n.a. n.a.
Y253F n.a. 0.18 1.75 9.61 1.58 3.23
E255K "1.09 0.94 7 15.38 5.61 6.69
E255V "0.05 2.15 13.75 33.08 3.44 10.31
V299L 2.60 n.a. 22.5 n.a. 8.65 1.34
T315I 0.35 0.88 4250 4153 75.03 39.41
F317L 1.57 "1.10 9.25 3.85 4.46 2.22
M351T "1.00 "0.92 1.25 1.15 0.88 0.44
F359V "2.94 0.60 2.75 13.46 1.49 5.16
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(Figure 1b), E255V, G250E, F311I, E255K/V and F311I clones
were rapidly selected (n¼ 7); Y253H/F, T315I and F359V
generally persisted (n¼ 6), while F317L, M351T and E355G
were sensitive (n¼ 8). T315I again evolved slowly and the
G250E was both selected and deselected upon treatment,
indicating that there were additional determinants besides those
characteristics of the mutant proteins themselves for these
patients. In general, selection and deselection patterns observed
were obvious as early as 3 months of treatment, in particular for
patients receiving dasatinib. After initial rapid changes, most
curves show saturation kinetics after 3 to 6 months, but in
isolated cases clones decreased also at 12 months of drug
exposure. Therefore, in an attempt to further characterise the
in vivo drug sensitivity profile, clonal increase/decrease levels

observed at 3 months of treatment were compared with
quantitative measurements of in vitro resistance based on
analysis of cell viability (IC50 analysis3,4). As shown in Table 1,
most of data agree with the in vitro results, which might be
surprising, considering the heterogeneity of the approaches.
However, for single mutations pronounced differences were
found; in particular, for BCR–ABLT315I, the observed short-time
kinetics are not in agreement with the high in vitro resistance
shown by the IC50 levels of above 250. Thus, the comparisons
highlight discrepancies between the in vivo and in vitro
resistance settings, particularly for BCR–ABLT315I. Therefore,
we sought to identify factors associated with selectivity patterns
in vivo that are not operative in vitro. For that purpose, general
patterns of dynamics observed in all individual subjects,
harbouring multiple mutations, including those that harboured
BCR–ABLT315I were evaluated (Figure 2). In apparent contrast to
the distinct nature of T315I in IC50 measurements in vitro, the
emergence of BCR–ABLT315I is not associated with immediate
relapse kinetics; but rather, a slow and steady increase of the
T315I subclones can be seen. Thus, despite the slow evolution
of the T315I clones, it appears poised to become the dominant
clone in several cases. Obviously, the BCR–ABLT315I observed
in subject 15 is not in a position to replace the drug-sensitive
BCR–ABLY253H as rapidly as the BCR–ABLF317L does (subjects 7,
11 and 14). Although leukaemic burden is stabilized at a high
level by the evolving BCR–ABLF317L (ratio never drops below
10%) in parallel to deselection of the BCR–ABLY253H, the
BCR–ABLT315I alone emerges slowly and therefore is associated
with a drop in leukaemic burden to less than 1% (subject 15 and
22). Towards 12 months of 2nd TKI, BCR–ABLF317L levels drop,
while BCR–ABLT315I is still increasing in subjects 7, 11. A more
rapid replacement of existing clones is seen in cases 35 and 14:
a dominating BCR–ABLT315I clone is rapidly replaced by a novel
BCR–ABLE255K clone during nilotinib treatment, and a dominant
BCR–ABLF317L is replaced by BCR–ABLV299L under dasatinib
treatment. In these cases, competition between mutated clones
apparently has a key role in the dynamic selectivity patterns.
Consequently, as clonal interference obviously will not be
instrumental in cell viability assays performed using mouse
Ba/F3 cells in culture, clonal interference may be the origin of
the many of the dynamic features observed in the study.

The key biological findings of this study are first, the
observation of clonal competition in several subjects harbouring
multiple mutations, and second, the variance of time scales of
the apparent clonal competition. Understanding these pheno-
mena is essential for improving treatment outcome in patients

Figure 1 In vivo selectivity of dasatinib and nilotinib towards
mutated isoforms of BCR–ABL. BCR–ABL transcripts harbouring
resistance mutations were traced over a 4-log range of magnitude.
For each case, the absolute increase/decrease of single mutated clones
from baseline (value at first significant detection) were calculated for
dasatinib (a) or nilotinib treatment (b) and plotted as a function of time
after first detection. The mutations can be ranked according to the
increase, persistence or decrease patterns and classified into progres-
sing, persisting and regressing clones for each drug.

Table 1 Comparison of in vivo increase/decrease levels at 3
months of drug exposure (left column) versus in vitro IC50 reported in
the literature

In vivo qARMS
(3 months)

IC50
in vitro3

IC50
in vitro4

Dasatinib Nilotinib Dasatinib Nilotinib Dasatinib Nilotinib

G250E "1.59 1.02 2.25 3.69 4.45 4.56
Y253H "2.19 n.a. 1.62 34.61 n.a. n.a.
Y253F n.a. 0.18 1.75 9.61 1.58 3.23
E255K "1.09 0.94 7 15.38 5.61 6.69
E255V "0.05 2.15 13.75 33.08 3.44 10.31
V299L 2.60 n.a. 22.5 n.a. 8.65 1.34
T315I 0.35 0.88 4250 4153 75.03 39.41
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(Figure 1b), E255V, G250E, F311I, E255K/V and F311I clones
were rapidly selected (n¼ 7); Y253H/F, T315I and F359V
generally persisted (n¼ 6), while F317L, M351T and E355G
were sensitive (n¼ 8). T315I again evolved slowly and the
G250E was both selected and deselected upon treatment,
indicating that there were additional determinants besides those
characteristics of the mutant proteins themselves for these
patients. In general, selection and deselection patterns observed
were obvious as early as 3 months of treatment, in particular for
patients receiving dasatinib. After initial rapid changes, most
curves show saturation kinetics after 3 to 6 months, but in
isolated cases clones decreased also at 12 months of drug
exposure. Therefore, in an attempt to further characterise the
in vivo drug sensitivity profile, clonal increase/decrease levels

observed at 3 months of treatment were compared with
quantitative measurements of in vitro resistance based on
analysis of cell viability (IC50 analysis3,4). As shown in Table 1,
most of data agree with the in vitro results, which might be
surprising, considering the heterogeneity of the approaches.
However, for single mutations pronounced differences were
found; in particular, for BCR–ABLT315I, the observed short-time
kinetics are not in agreement with the high in vitro resistance
shown by the IC50 levels of above 250. Thus, the comparisons
highlight discrepancies between the in vivo and in vitro
resistance settings, particularly for BCR–ABLT315I. Therefore,
we sought to identify factors associated with selectivity patterns
in vivo that are not operative in vitro. For that purpose, general
patterns of dynamics observed in all individual subjects,
harbouring multiple mutations, including those that harboured
BCR–ABLT315I were evaluated (Figure 2). In apparent contrast to
the distinct nature of T315I in IC50 measurements in vitro, the
emergence of BCR–ABLT315I is not associated with immediate
relapse kinetics; but rather, a slow and steady increase of the
T315I subclones can be seen. Thus, despite the slow evolution
of the T315I clones, it appears poised to become the dominant
clone in several cases. Obviously, the BCR–ABLT315I observed
in subject 15 is not in a position to replace the drug-sensitive
BCR–ABLY253H as rapidly as the BCR–ABLF317L does (subjects 7,
11 and 14). Although leukaemic burden is stabilized at a high
level by the evolving BCR–ABLF317L (ratio never drops below
10%) in parallel to deselection of the BCR–ABLY253H, the
BCR–ABLT315I alone emerges slowly and therefore is associated
with a drop in leukaemic burden to less than 1% (subject 15 and
22). Towards 12 months of 2nd TKI, BCR–ABLF317L levels drop,
while BCR–ABLT315I is still increasing in subjects 7, 11. A more
rapid replacement of existing clones is seen in cases 35 and 14:
a dominating BCR–ABLT315I clone is rapidly replaced by a novel
BCR–ABLE255K clone during nilotinib treatment, and a dominant
BCR–ABLF317L is replaced by BCR–ABLV299L under dasatinib
treatment. In these cases, competition between mutated clones
apparently has a key role in the dynamic selectivity patterns.
Consequently, as clonal interference obviously will not be
instrumental in cell viability assays performed using mouse
Ba/F3 cells in culture, clonal interference may be the origin of
the many of the dynamic features observed in the study.

The key biological findings of this study are first, the
observation of clonal competition in several subjects harbouring
multiple mutations, and second, the variance of time scales of
the apparent clonal competition. Understanding these pheno-
mena is essential for improving treatment outcome in patients

Figure 1 In vivo selectivity of dasatinib and nilotinib towards
mutated isoforms of BCR–ABL. BCR–ABL transcripts harbouring
resistance mutations were traced over a 4-log range of magnitude.
For each case, the absolute increase/decrease of single mutated clones
from baseline (value at first significant detection) were calculated for
dasatinib (a) or nilotinib treatment (b) and plotted as a function of time
after first detection. The mutations can be ranked according to the
increase, persistence or decrease patterns and classified into progres-
sing, persisting and regressing clones for each drug.

Table 1 Comparison of in vivo increase/decrease levels at 3
months of drug exposure (left column) versus in vitro IC50 reported in
the literature

In vivo qARMS
(3 months)

IC50
in vitro3

IC50
in vitro4

Dasatinib Nilotinib Dasatinib Nilotinib Dasatinib Nilotinib

G250E "1.59 1.02 2.25 3.69 4.45 4.56
Y253H "2.19 n.a. 1.62 34.61 n.a. n.a.
Y253F n.a. 0.18 1.75 9.61 1.58 3.23
E255K "1.09 0.94 7 15.38 5.61 6.69
E255V "0.05 2.15 13.75 33.08 3.44 10.31
V299L 2.60 n.a. 22.5 n.a. 8.65 1.34
T315I 0.35 0.88 4250 4153 75.03 39.41
F317L 1.57 "1.10 9.25 3.85 4.46 2.22
M351T "1.00 "0.92 1.25 1.15 0.88 0.44
F359V "2.94 0.60 2.75 13.46 1.49 5.16
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(Figure 1b), E255V, G250E, F311I, E255K/V and F311I clones
were rapidly selected (n¼ 7); Y253H/F, T315I and F359V
generally persisted (n¼ 6), while F317L, M351T and E355G
were sensitive (n¼ 8). T315I again evolved slowly and the
G250E was both selected and deselected upon treatment,
indicating that there were additional determinants besides those
characteristics of the mutant proteins themselves for these
patients. In general, selection and deselection patterns observed
were obvious as early as 3 months of treatment, in particular for
patients receiving dasatinib. After initial rapid changes, most
curves show saturation kinetics after 3 to 6 months, but in
isolated cases clones decreased also at 12 months of drug
exposure. Therefore, in an attempt to further characterise the
in vivo drug sensitivity profile, clonal increase/decrease levels

observed at 3 months of treatment were compared with
quantitative measurements of in vitro resistance based on
analysis of cell viability (IC50 analysis3,4). As shown in Table 1,
most of data agree with the in vitro results, which might be
surprising, considering the heterogeneity of the approaches.
However, for single mutations pronounced differences were
found; in particular, for BCR–ABLT315I, the observed short-time
kinetics are not in agreement with the high in vitro resistance
shown by the IC50 levels of above 250. Thus, the comparisons
highlight discrepancies between the in vivo and in vitro
resistance settings, particularly for BCR–ABLT315I. Therefore,
we sought to identify factors associated with selectivity patterns
in vivo that are not operative in vitro. For that purpose, general
patterns of dynamics observed in all individual subjects,
harbouring multiple mutations, including those that harboured
BCR–ABLT315I were evaluated (Figure 2). In apparent contrast to
the distinct nature of T315I in IC50 measurements in vitro, the
emergence of BCR–ABLT315I is not associated with immediate
relapse kinetics; but rather, a slow and steady increase of the
T315I subclones can be seen. Thus, despite the slow evolution
of the T315I clones, it appears poised to become the dominant
clone in several cases. Obviously, the BCR–ABLT315I observed
in subject 15 is not in a position to replace the drug-sensitive
BCR–ABLY253H as rapidly as the BCR–ABLF317L does (subjects 7,
11 and 14). Although leukaemic burden is stabilized at a high
level by the evolving BCR–ABLF317L (ratio never drops below
10%) in parallel to deselection of the BCR–ABLY253H, the
BCR–ABLT315I alone emerges slowly and therefore is associated
with a drop in leukaemic burden to less than 1% (subject 15 and
22). Towards 12 months of 2nd TKI, BCR–ABLF317L levels drop,
while BCR–ABLT315I is still increasing in subjects 7, 11. A more
rapid replacement of existing clones is seen in cases 35 and 14:
a dominating BCR–ABLT315I clone is rapidly replaced by a novel
BCR–ABLE255K clone during nilotinib treatment, and a dominant
BCR–ABLF317L is replaced by BCR–ABLV299L under dasatinib
treatment. In these cases, competition between mutated clones
apparently has a key role in the dynamic selectivity patterns.
Consequently, as clonal interference obviously will not be
instrumental in cell viability assays performed using mouse
Ba/F3 cells in culture, clonal interference may be the origin of
the many of the dynamic features observed in the study.

The key biological findings of this study are first, the
observation of clonal competition in several subjects harbouring
multiple mutations, and second, the variance of time scales of
the apparent clonal competition. Understanding these pheno-
mena is essential for improving treatment outcome in patients

Figure 1 In vivo selectivity of dasatinib and nilotinib towards
mutated isoforms of BCR–ABL. BCR–ABL transcripts harbouring
resistance mutations were traced over a 4-log range of magnitude.
For each case, the absolute increase/decrease of single mutated clones
from baseline (value at first significant detection) were calculated for
dasatinib (a) or nilotinib treatment (b) and plotted as a function of time
after first detection. The mutations can be ranked according to the
increase, persistence or decrease patterns and classified into progres-
sing, persisting and regressing clones for each drug.
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Can we model evolution of resistance using predicted affinities as a surrogate for fitness?

dasatinib nilotinib

CML patients failing out of imatinib therapy often different kinds of resistance 
depending on the choice of second-line therapy:



physical modeling of drug resistance 
can open up new avenues of research

- Could we predict whether mutation confers resistance or sensitivity to any kinase 
inhibitor approved by the FDA or currently in clinical trials? 
Can we anticipate resistance mutations before they appear in the clinic? 
Get a head start on second- and third-generation inhibitors 

- Could we quantify potential to elicit mutational resistance? 
Prioritize molecules to promote to the clinic that are less likely to elicit resistance 

- Can we evaluate selective pressures from combinations? 
- Could we engineer inhibitors unlikely to elicit mutational resistance?



we need more good biophysical affinity 
data for clinical cancer mutations

clearly raise resistance, we excluded them from quantitative
analysis (RMSE and MUE) but included them in truth table
analyses and classification metrics (accuracy, specificity, and
sensitivity).

FEP+ predicts affinity changes for clinical Abl mutants. Fig-
ure 1b depicts the thermodynamic cycle that illustrates how we used
relative free-energy calculations to compute the change in ligand
binding free energy in response to the introduction of a point
mutation in the kinase (Fig. 1c). From prior experience with relative
alchemical free-energy calculations for ligand design, good initial
receptor-ligand geometry was critical to obtaining accurate and
reliable free-energy predictions26, so we first focused on the 131
mutations in Abl kinase across six TKIs for which wild-type Abl:
TKI co-crystal structures were available. Figure 3 summarizes the
performance of predicted binding free-energy changes (ΔΔG) for all
131 mutants in this set for both a fast MM-GBSA physics-based
method that only captures interaction energies for a single structure
(Prime) and rigorous alchemical free-energy calculations (FEP+).
Scatter plots compare experimental and predicted free-energy
changes (ΔΔG) and characterize the ability of these two techniques
to predict experimental measurements. Statistical uncertainty in
the predictions and experiment-to-experiment variability in the
experimental values are shown as ellipse height and widths,
respectively. The value for experimental variability was
0.32 kcal mol−1, which was the standard error computed from the
cross-comparison in Fig. 2. For FEP+, the uncertainty was taken to
be the standard error of the average from three independent runs
for a particular mutation, while Prime results are deterministic and
are not contaminated by statistical uncertainty.

To better assess whether discrepancies between experimental
and computed ΔΔGs simply arise for known forcefield limitations
or might indicate more significant effects, we incorporated an
additional error model in which the forcefield error was taken to
be a random error σFF ≈ 0.9 kcal mol−1, a value established form
previous benchmarks on small molecules absent conformational
sampling or protonation state issues37. Thin error bars in
Fig. 2 represent the overall estimated error due to both this
forcefield error and experimental variability or statistical
uncertainty38,39.

To assess overall quantitative accuracy, we computed both
RMSE—which is rather sensitive to outliers, and mean unsigned
error (MUE). For Prime, the MUE was 1:161:370:96 kcal mol−1 and
the RMSE was 1:722:001:41 kcal mol−1. FEP+, the alchemical free-
energy approach, achieved a significantly higher level of
quantitative accuracy with an MUE of 0:820:950:69 kcal mol−1 and
an RMSE of 1:111:300:91 kcal mol−1. Notably, alchemical free-energy
calculations come substantially closer than MMGBSA approach
to the minimum achievable RMSE of 0:811:040:59 kcal mol−1 (due to
experimental error; Fig. 2) for this dataset.

FEP+ accurately classifies affinity changes for Abl mutants.
While quantitative accuracy (MUE, RMSE) is a principle metric
of model performance, an application of potential interest is the
ability to classify mutations as raising resistance to a specific TKI.
To characterize the accuracy with which Prime and
FEP+ classified mutations in a manner that might be ther-
apeutically relevant, we classified mutations by their experimental
impact on the binding affinity as susceptible (affinity for mutant
is diminished by no more than 10-fold, ΔΔG ≤ 1.36 kcal mol−1)
or as resistant (affinity for mutant is diminished by least 10-fold,
ΔΔG > 1.36 kcal mol−1). Summary statistics of experimental and
computational predictions of these classes are shown in Fig. 2
(bottom) as truth tables (also known as confusion matrices).

The simple minimum-energy scoring method Prime correctly
classified 9 of the 18 resistance mutations in the dataset while
merely 85 of the 113 susceptible mutations were correctly
classified (28 false positives). In comparison, the alchemical free-
energy method FEP+, which includes entropic and enthalpic
contributions as well as explicit representation of solvent, correctly
classified 9 of the 18 resistance mutations while a vast majority,
105, of the susceptible mutations were correctly classified (merely
8 false positives). Prime achieved a classification accuracy of
0:720:790:64, while FEP+ achieved an accuracy that is significantly
higher (both in a statistical sense and in overall magnitude),
achieving an accuracy of 0:870:920:81. Sensitivity (also called true
positive rate) and specificity (true negative rate) are also
informative statistics in assessing the performance of a binary
classification scheme. For Prime, the sensitivity was 0:500:730:25, while
the specificity was 0:750:830:67. To put this in perspective, a CML
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Fig. 2 Cross-comparison of the experimentally measured effects that mutations in Abl kinase have on ligand binding, performed by different labs. ΔΔG was
computed from publicly available ΔpIC50 or ΔpKd measurements and these values of ΔΔG were then plotted and the RMSE between them reported. a
ΔpIC50 measurements (X-axis) from ref. 79 compared with ΔpIC50 measurements (Y-axis) from ref. 81. b ΔpIC50 measurements (X-axis) from ref. 79

compared with ΔpIC50 measurements (Y-axis) from ref. 80. c ΔpIC50 measurements (X-axis) from ref. 81 compared with ΔpIC50 measurements (Y-axis)
from ref. 80. d ΔpIC50 measurements (X-axis) from ref. 79 compared with ΔpKd measurements (Y-axis) from ref. 82 using non-phosphorylated Abl kinase.
Scatter plot error bars in (a–c) are ±standard error (SE) taken from the combined 97 inter-lab ΔΔGs derived from the ΔpIC50 measurements, which was
0:320:360:28; the RMSE was 0:450:510:39 kcal mol−1. Scatter plot error bars in (d) are the ±standard error (SE) of ΔΔGs derived from ΔpIC50 and ΔpKd from a set
of 27 mutations, which is 0:580:74

0:42 kcal mol−1; the RMSE was 0:811:040:59 kcal mol−1

ARTICLE COMMUNICATIONS BIOLOGY | DOI: 10.1038/s42003-018-0075-x

4 COMMUNICATIONS BIOLOGY | �(2018)�1:70� | DOI: 10.1038/s42003-018-0075-x | www.nature.com/commsbio

Hauser, Negron, Albanese, Ray, Steinbrecher, Abel, Chodera, Wang. Communications Biology 1:70, 2018

IC50 data does not agree well with affinity data 
IC50 data is highly limited, while cbioportal has 104-105 mutations



AUTOMATED bacterial expression yields a diverse panel of kinase DOMAINS 
into which we can introduce clinical mutants

Biochemistry 57:4675, 2018 
data: h!p://choderalab.org/kinome-expression 
plasmids: h!ps://www.addgene.org/kits/chodera-kinase-domains

Manuscript submitted to eLife

Expressing clinically-derived Src and Abl1 mutants147

The advent of next-generation sequencing technology has enabled generation of massive datasets148

rich with missense alterations in kinases observed directly in the clinic (Varghese and Berger,149

2014; Zehir et al., 2017; Garraway, 2013), and has been particularly transformative in the �eld of150

oncology. Here we report the expression results for 96 missense mutations mined from sequencing151

studies of cancer patients, both from publicly available sources as well the private dataset from152

Memorial Sloan Kettering (Zehir et al., 2017). Similar to the expression screen above, a database153

was built focusing on the kinases we found to be expressible in E. coli. To add the mutation data,154

we retrieved public datasets from cBioPortal (Cerami et al., 2012; Gao et al., 2013) and annotations155

from Oncotator (Ramos et al., 2015), through their respective web service APIs. We then added156

mutatations and annotations from the private dataset at MSKCC. The annotated mutations were157

�ltered for mutations that occurred within the Uniprot de�ned boundaries of the kinase domains158

for our expressible kinases. We found 63 mutations in Abl1 and 61 in Src. We then selected 48159

mutants for Abl1 and 46 for Src to express, aiming for a panel of mutants that were distributed160

throughout the entire kianse domain (Figure 4A). The mutants were engineered into the Src and161

Abl1 plasmids from the 96 kinase expression screen using mutagenesis, and coexpressed in E.162

coli with YopH phosphatase. The mutants that expressed above 2�g/mL are shown in Table 2,163

while all of the mutants are shown in Figure 4A. A synthetic gel for all of the mutants is shown in164

Figure 4B. While the vast majority of the Src mutants expressed at a usable level, many of the Abl1165

mutants expressed below the 2�g/mL threshold. This can primarily be attributed to the low level of166

expression for wild type Abl1 (Table 1). In instances where kinase activity is not required, this yield167

Figure 3. Kinome wide search for expressible kinases. (A) The number of PDB structures per kinase family, from the database built to select
kinases for expression. (B) The distribution among familes of candidate kinases in our expression screen. (C) Caliper GX II synthetic gel image
rendering of the highest expressing kinases, quanti�ed using micro�uidic capillary electrophoresis. (D) Kinome distribution of expression based on
our 96 kinase screen. Dark green circles represent kinases with expression above 50 �g/mL culture yield. Light green circles represent kinases with
expression between 50 and 12 �g/mL yield. Yellow circles represent kinases with expression between 12 and 7 �g/mL yield. Yellow circles represent
kinases with any expression (even below 2 �g/mL) up to 7 �g/mL yield. Image made with KinMap: http://www.kinhub.org/kinmap.
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>50 mg/L yield

12-50 mg/L yield

7-12 mg/L yield

<7 mg/L yield
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Expression of MSK-IMPACT mutants for Abl and Src

YopHkinase +
co-transform kinases with phosphatase
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Figure 1. A large class of FDA-approved kinase inhibitors signi�cantly increase �uorescence upon binding. FDA-approved
ATP-competitive kinase inhibitors with nitrogen-containing aromatic bicyclic sca�olds exhibit large, useful increases in �uorescence upon binding.
Fluorescence emission spectra are shown for various inhibitor concentrations in the absence (grey) and presence (colors) of kinase domains of Src,
Abl, or p38. Measurements were performed in 100 �L volumes in 96-well plates in 20 mM Tris pH 8 bu�er in the absence or presence of 1 �M
kinase domain. Ligand concentrations are indicated by rainbow coloring from lowest (blue) to highest (red) concentration with the concentrations:
0, 0.008, 0.0175, 0.0383, 0.0837, 0.183, 0.875, 1.91, 4.18, 9.15, and 20.0 �M. Relative �uorescence intensity is shown on a log scale so that the
simultaneous decrease in �uorescence at 340 nm can be seen alongside the increase in �uorescence at 280 nm. Insets show the increase in
inhibitor �uorescence (blue circles) quanti�ed at the wavelength designated by a vertical dotted blue line in the corresponding �uorescence
emission spectra (usually 480 nm) and the decrease �uorescence (black circles) quanti�ed at the wavelength denoted by the vertical dotted black
line (usually 340 nm) as a function of ligand concentration; in the insets normalized relative �uorescence units (RFU) are shown on a linear scale
and after subtracting ligand �uorescence. Inhibitors with quinazoline sca�olds (A, E) exhibit broad increases in �uorescence upon binding, while
inhibitors with quinoline sca�olds (B, E) exhibit a distinct wavelength maximum around 480 nm. Inhibitors with pyrazolopyrimidine sca�olds such
as ponatinib (C.) also exhibit large �uorescence increases upon binding, along with a prominant shift in the emission maximum wavelength.
Inhibitors with indazole sca�olds such as pazopanib (D) exhibit an emission peak at 360 nm, though axitinib (E) exhibits distinct �uorescence
properties (Supplementary Figure 5).
Marks on the colorbars that indicate where the di�erent concentrations fall in terms of color?

Supplemental �gure 1: with Absorbance spectra and ex 350nm Spectra to claim that excitation at 280 nm is superior.

Materials and methods related to �gure 1: plates (manufacturer, model) did we use. Include bandwidth.

Discuss whether we have found any inhibitors with these sca�olds that do not exhibit this �uorescence e�ect, or if we have just only characterized the inhibitors listed so far and simply don’t know whether the other FDA-
approved inhibitors with these sca�olds also exhibit this property.

How do we make the point from Figure 1 that we shouldn’t just be looking at decrease in Trp/Tyr �uorescence?
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The intrinsic fluorescence of many fda-approved inhibitors allows 
us to directly measure binding affinities to wt and mutant kinases

Building on Levinson and Boxer. PLoS One 7:e29828, 2012



Assay automation allows us to scale this up to msk-
impact scale while controlling sources of error

mix spin readdispense

sonya 
hanson

lucelenie 
rodriguez

mehtap 
isik

erin 
grundy

steven 
albanese

We're scaling up automated measurement of kinase inhibitor binding affinities 
to clinical cancer mutations in human kinase domains from cbioportal
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55,000 clinical 
cancer mutations

predict kinase inhibitor 
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INSPIRE: Integrated and scalable 
prediction of resistance

Shantenu Jha, Rutgers 
Massively scalable robust computational infrastructures

peter coveney, university college london 
Parallel binding free energy calculations for drug discovery

rick stevens, argonne national laboratory 
Scalable machine learning for cancer / CANDLE

john chodera, sloan kettering institute 
Alchemical free energy calculations for resistance, automated biophysics



200 cabinets 
18,688 AMD opterons 16-core cpus 

299,008 compute cores 
18,688 NVIDIA K20X gpus 

SUMMIT just came online with 15x GPU FLOP/s



the future is exciting
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Exploring the interface of structure-informed machine learning and free energy calculations



kinase inhibitor 
selectivity

predicting drug 
sensitivity/resistance

selective inhibitor design: 
targets/antitargets

novel drug delivery 
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automated biophysical 
assays and inference

anticipating 
drug resistance

mechanisms of 
oncogenic activation
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immunotherapy

CHODERA LAB
How can computational biophysics play a MAJOR role in the era of CANCER genomics?
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