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ABSTRACT

Covalent inhibitors, i.e., small-molecule drugs that form covalent bonds with their targets,

have made for some of the most successful stories in pharmacology. In principle, their tunable

reactivity provides another dial for drug design on top of the noncovalent scaffold, offering

selectivity and potency that scaffold alone cannot reach. Only after decades of eschewal

during the late 1900s have their rational design and systematic application become possible.

While the last few decades have seen a rapid acceleration to this end, the initiative is far

from over, and many theoretical challenges stand in the way of a satisfactory understanding.

Understanding covalent inhibitors requires fundamentally different concepts from those

that describe noncovalent inhibitors. An experimental evaluation of inhibition strength is

forced to measure a timescale leading to equilibrium rather than a population distribution

at equilibrium. However, covalent inhibition is controlled by a hierarchy of steps includ-

ing diffusional encounter, noncovalent association, conformational rearrangements of the

enzyme–inhibitor complex, covalent bond formation, and possibly bond cleavage. These

processes can occur on vastly disparate timescales, spanning nanoseconds for fast confor-

mational fluctuations to days for slow covalent bond turnover. The challenge is that an

experimental assay yields a nonlinear combination of the underlying rates, from which the

individual contributions are inseparable without additional insight.

To unravel the principles between the macroscopic mechanisms we observe and the mi-

croscopic mechanisms we predict, we introduce a kinetic framework comprising numerical

simulations of the time evolution of arbitrary kinetic schemes, lossless experimental fitting,

and Bayesian parameter exploration. The goal is to relate the data collected by atomistic

simulations to the data collected by biochemical assays. In doing so, two questions become

answerable. Which microscopic step must change to produce a desired effect, and which

structural modification changes it?

The first part of this dissertation demonstrates the importance of this approach with a

xiv



formal description of the surprisingly large effect that rapid conformational intermediates

can have on experimental measurements of irreversible inhibition. The second part applies

the same kinetic modeling machinery to the binding mechanism between Bruton’s tyrosine

kinase and the irreversible covalent inhibitor ibrutinib, where free energy calculations of

the chemical steps and of the conformational preferences of the unlinked ligand together

recover the measured covalent efficiency. The third part combines a general workflow of

kinetic modeling with bespoke analysis to interpret unconventional experimental data on the

binding of novel covalent kinase probes to ABL1 kinase, resolving kinetic parameters with less

data and more accuracy. The fourth part applies the framework developed over the previous

three parts to understand how small structural differences among a triad of ibrutinib-derived

reversible inhibitors can cause drastic changes in residence time. Taken together, these four

parts show that productive drug design requires resolving the microscopic steps underlying

an observable and identifying their molecular determinants.
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CHAPTER 1

INTRODUCTION

“A substance will not work unless it is bound” — Paul Ehrlich’s century-old precept remains

a core tenet of molecular medicine.1 If a drug acts only insofar as it is associated with

its target, then covalent inhibitors are the absolutist’s instantiation. After diagnosing the

state of the field, this dissertation provides a theoretical and computational prescription for

predicting and evaluating the efficacy of covalent inhibitors.

Every second, a biological cell manages anywhere from millions of chemical reactions in

the simplest of cases to billions in a metabolically-active human cell. a Electrons are taken,

given, and shared in a chaotic economy in which essentially every atom that finds itself

within the bounds of a biological system participates. Two atoms — usually those of a core

group of nonmetal elements: carbon, hydrogen, oxygen, nitrogen, phosphorus, and sulfur —

can sometimes share their most vulnerable (i.e., valence) electrons, forming an aptly-named

covalent bond. Molecules are defined by the particular arrangement of their covalent bonds,

and the existing set of molecules changes with every reaction.

The formation and cleavage of biochemically-relevant covalent bonds are rare events on

their own, so biological systems employ a class of biomolecules called enzymes to catalyze

them. Enzymes vary in size, from ∼103 to ∼105 atoms.6;7 They are typically polymeric

chains of either amino acids or ribonucleic acids that fold into a particular three-dimensional

shape that confers the ability to bind specific substrates and catalyze specific reactions.

Almost every vital chemical process in biology is catalyzed by an enzyme. At any given

a. These estimates used adenosine triphosphate (ATP) turnover as a proxy for metabolic flux, since
metabolism is the bulk of covalent biochemistry. An E. coli cell turns over ∼0.2–6.4×106 ATP/s depending
on the growth phase.2 A human body turns over ∼60 kg ATP/day (BNID 1056063). With MATP = 507 g/mol
and ∼3.7×1013 cells in the human body4, 60,000 g/day

507 g/mol × NA ATP/mol
86,400 s/day × 1

3.7×1013 cells ≈ 2×107 ATP/s/cell.
This is a body-wide mean biased low by quiescent cells. Metabolically-active cells run much hotter, more
consistent with its ∼103-fold greater volume and protein content relative to a prokaryote.5 ATP is made and
spent through multi-step pathways, and there exist many other metabolic pathways not connected to ATP.
Therefore, estimates of covalent reactions per second exceed ATP turnover by over an order of magnitude.
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moment, each of the trillions of cells in the human body operates with several thousand

distinct types of enzymes, present in anywhere from hundreds to tens of millions of copies

apiece.8 They are distributed through the cytoplasm, sequestered in specialized compart-

ments, or secreted into the extracellular space. Many of these are essential for keeping the

cell alive.

Kinases are particularly important. This class of enzymes acts as a management layer

that switches functional pathways, such as those governing gene expression or cell-cycle

progression, on or off.

Many diseases can be blamed on problematic enzymes. These might be enzymes that are

malfunctioning, leading to dangerous chemical imbalances. They could be foreign, hijacking

the host cell on behalf of a pathogen. Maybe the enzyme is doing its job exactly as planned,

but it is working for a greedy cancer cell. Sometimes the body cannot return to a healthy

state without external aid. For these cases, efforts in molecular medicine aim to develop

drugs that stop enzymes from doing their jobs.9 These are ligands that bind enzymes to

inhibit their function. These are enzyme inhibitors.

Enzyme inhibitors can be partitioned into two mechanistic classes. A noncovalent in-

hibitor (I) binds its target enzyme (E) through a reversible association (Scheme 1.1). The

E + I kon

koff
E·I

Scheme 1.1: Generic mechanism of noncovalent inhibition.

fraction of target bound is fixed by a reversible equilibrium that is typically quick to relax.

A covalent inhibitor adds an irreversible (or slowly reversible) chemical step that converts

the noncovalent complex into a linked adduct E-I (Scheme 1.2).

E + I kon

koff
E·I kinact E-I

Scheme 1.2: Generic mechanism of covalent inhibition.
2



The qualitative consequence is shown in Figure 1.1. An excess of noncovalent inhibitor

depresses enzyme activity to a plateau based on the amount of inhibitor and the stability

of the bimolecular complex. This inhibitor may comprise only a few dozen heavy atoms

arranged to be complementary to the primary binding pocket of an enzyme, classifying it

as a small-molecule and competitive inhibitor. The inhibitor is competing for occupancy of

the binding site with the enzyme’s small-molecule endogenous substrate.

These molecules often provide a starting template (i.e., a scaffold) for covalent inhibitors.

The modernized concept of a covalent inhibitor has two main structural components: the

scaffold and a reactive chemical group called the “warhead”. The inhibitor is designed such

that once it binds in the pocket, the electrophilic warhead would be situated nearby a specific

nucleophilic “target residue”, a reactive side chain found somewhere near the primary binding

site. With any luck, a covalent bond will form between the warhead and target residue,

trapping the inhibitor in the pocket until the covalent bond breaks or, if the reaction is

effectively irreversible, the protein is degraded.

As shown in Figure 1.1, covalent inhibitors drive enzyme activity toward zero given

enough time (and given that the concentration of inhibitor is greater than or equal to the

concentration of enzyme), because every encounter that proceeds to the adduct is removed

permanently from the noncovalent equilibrium. This is what covalent inhibitors do. They

act on enzymes with conditional reactivity for their target residue and with greater potency

than their noncovalent counterparts.10 What they have achieved for pharmacology, and why

designing them has nevertheless remained so difficult, motivates this dissertation.

1.1 Covalent inhibitors in pharmacology: a brief history

A natural place to begin is aspirin. Patented at the turn of the twentieth century and still

among the most widely used medications in the world, aspirin is one of the earliest covalent

drugs, acetylating an active-site serine of cyclooxygenase.11 Penicillin followed a few decades
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Figure 1.1: Simulated biochemical data observing enzyme activity over time. The gray dashed line marks
the point at which either a noncovalent (black) or covalent (red) inhibitor is added.

later, discovered in the late 1920s and pressed into clinical use during World War II.12 In

neither case did anyone know the drug acted irreversibly via covalent bond formation.

It was not until the 1960s that irreversible inhibition attracted serious mechanistic at-

tention. During this time, Kitz and Wilson popularized the canonical kinetic treatment of

irreversible inactivation, giving the field a quantitative, assay-feasible protocol for evaluating

these compounds and a surface-level grasp of their mechanism.13 A few years later, penicillin

was recognized to acylate a transpeptidase serine.14

The liabilities became apparent too. Highly reactive molecules implicated off-target la-

beling and reactive-metabolite toxicity, and their reactivity made them difficult to study by

assay and to deliver. A stigma formed: covalent inhibitors were regarded as reckless, too

risky to design deliberately.10

The mechanism-based (“suicide”) inhibitors developed by Rando, Abeles, and Walsh in

the 1970s and 80s constituted the first genuine framework for rational covalent design.15

These inhibitors are nonreactive until the target enzyme’s own catalytic action converts

them into a highly reactive species, which then forms a covalent bond and inactivates the
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enzyme. This strategy is therefore limited to targets bearing the catalytic machinery needed

to unmask the latent warhead.

It is worth emphasizing that the modern “targeted covalent inhibitor” operates in the

opposite direction. The warhead (typically an acrylamide targeting a cysteine as of 2026)

is intrinsically reactive but kinetically slow, and selectivity is supplied by noncovalent posi-

tioning rather than by catalytic activation at the site.

Targeted covalent inhibitors continued to be found and used in the interim — a proton-

pump inhibitor reached the market in the 80s and hit “blockbuster” status (i.e. it made a

billion bucks) — but such compounds were discovered, not designed, emerging from pheno-

typic and biochemical screens with their covalent mechanism elucidated only afterward.

This situation began to change in the late 1990s with the first rationally designed, tar-

geted covalent inhibition of a protein kinase, characterized in detail in vitro and in vivo

and shown to work as intended.16 Because kinases are implicated across cancers and in-

flammatory and immune disease, as well as their own controversial history for being difficult

to target with drug-like specificity, this garnered attention. Interest in irreversible inhibi-

tion revived, and covalent compounds were applied to indications ranging from oncology to

vascular and central-nervous-system disorders, though most still arrived by serendipity. A

decade later the rationally-designed, irreversible Bruton’s tyrosine kinase (BTK) inhibitor

ibrutinib was approved for B-cell malignancies, and its clinical success effectively reversed

the field’s bias.17;18 Since then a full-fledged rational design initiative has been ongoing, with

intentionally-designed covalent inhibitors entering the clinic at a steady rate for especially

cancers and viral infections.

The initiative is far from finished. There is no shortage of disease, and some “solved”

targets are unsolved again by resistance that emerges in a fraction of the time it took to

develop the inhibitor. For example, it took almost a decade and hundreds of analogs to inhibit

KRAS(G12C), while acquired resistance was documented after only a couple years.19
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1.2 Enablers of modern covalent inhibitor design

To see where one can contribute, it is necessary to understand the modern flavor of rational

design and what enabled its acceleration over the past three decades. The acceleration was

permitted and in large part defined by methodological gains across several fields.

Structural biology. One must see what they are working with. Foundational structures of

pharmaceutically-relevant covalent targets from the mid-1990s and methodological advances

in this field made it possible to observe where in a pocket a candidate nucleophile sits and

how a warhead would be presented to it.20

Kinome mapping. Sequence and structural surveys of the human kinome established that

noncatalytic cysteines could be exploited as a systematic targeting strategy.21;22 Cysteine is a

fortunate choice for three reasons. (i) The thiol is the most nucleophilic standard protein side

chain at physiological pH. (ii) the acrylamide chemistry that targets it is mature, tunable, and

clinically de-risked. (iii) cysteine is rare on protein surfaces (∼2% of residues),23 conferring

inherent selectivity. Roughly 200 of the ∼518 human kinases carry a targetable cysteine near

the active site.22

Chemoproteomics. Activity-based protein profiling and its quantitative descendants ex-

tended target identification to proteome scale, allowing selectivity to be de-risked empirically

across thousands of reactive residues rather than inferred one target at a time.24–26 These

methods also generalized the notion of a targetable residue beyond cysteine.

Warhead chemistry. Maturation of electrophilic chemistry from the late 2000s onward

provided chemists with a menu of warheads calibrated for distinct nucleophiles and tunable

in intrinsic reactivity.27

Molecular modeling. Molecular modeling is broad and immensely deep. In principle, it

gives life to static structures, so one might expect it to be as central to covalent design as it

has become for noncovalent design, where computed affinities are integral to lead optimiza-

tion. In practice, its covalent contributions have primarily been intrinsic warhead-reactivity
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calculations and on ranking docked poses.28;29 Many of the most elegant results have been

post hoc dissections of a mechanism for a single ligand.30 Today, the bottleneck of compu-

tation has shifted from the hardware’s ability to generate enough data to the quality with

which we interpret and use atomistic simulations. The fact that theoretical or computational

findings often postdate the design suggests that there are improvements to be made in this

area.

1.3 Fundamental challenges require fundamental solutions

1.3.1 The limits of established metrics

In a test tube containing some concentration of target enzyme equilibrated with a larger

concentration of noncovalent inhibitor, the probability that each enzyme is bound to an

inhibitor (or the fraction of all enzymes bound) has a simple closed form,

p
eq
bound =

(
1 + Kd

[I]0

)−1
(1.1)

where the Kd is the equilibrium dissociation constant, a thermodynamic measure of binding

affinity that marks the initial inhibitor concentration ([I]0) required for a bound fraction

of 50%. Thermodynamic and equilibrium measurements here are informative because the

system rests in a stationary distribution around this probability. For a covalent inhibitor,

the long-time outcome is ∼100% occupancy. The covalent state becomes truly stable only

once the entire target population has been consumed, so the equilibrium distribution is

uninformative and the value of any equilibrium-like potency (e.g., a time-dependent EC50)

is ambiguous. What remains useful is not where the system ends up but how it relaxes

there. The kinetics of irreversible binding must therefore be characterized with respect to

both time and dose.

The canonical way of doing so descends from Michaelis and Menten’s famous 1913 work
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in the early days of understanding enzyme kinetics.31 It was adapted and popularized for

covalent inactivation by Kitz and Wilson half a century later.13 One fits analytical expres-

sions derived from a simplified binding scheme to a biochemical observable measured during

the approach to equilibrium, summarizing time- and dose-dependence with a few apparent

parameters: the inactivation rate constant kinact and inactivation steady-state constant KI.

The protocol’s end result is a curve of observed rate with respect to dose.

The approach is feasible in vitro and has served the field well, but it is quite limited.

Collecting enough data can be experimentally expensive and cumbersome relative to the

information it aims to extract. Yet, it discards most of a time-course by compressing it into a

single rate. It relies on many assumptions (e.g., pseudo-first-order, rapid equilibrium, steady

state) that are often violated. It demands a rigid protocol that is sometimes impractical,

since fitting the parameters of particularly fast ligands could require timepoints to short or

initial concentrations too high for standard assays. It is inflexible to abnormalities in the

experimental outcome. It yields little mechanistic insight. It was designed this way, like

other pragmatic compressions of a biochemical binding process, driven by observability and

parameter identifiability constraints.

1.3.2 A problem of many scales

The apparent parameters provide a macroscopic, bird’s-eye description, but covalent inhibi-

tion is controlled by a hierarchy of microscopic processes. It is the scope of these processes to

reveal kinetic inefficiencies. Because each apparent rate absorbs contributions from several

microscopic steps, the resulting kinetic degeneracy makes it difficult to diagnose which step

limits, differentiates, or contributes to the observed behavior. A medicinal chemist modifying

a molecule has, in effect, no clear readout which lever is being pulled, and there are several

levers. As shown in Figure 1.2, the relevant processes span an enormous range of timescales,

both on the individual level and as a whole. It is worth noting that this is all competing
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Figure 1.2: A discretization of timescales governing covalent inhibitor binding kinetics.

with the timescale of target resynthesis, which sets the dosing interval and determines the

relevance of residence time.32

Current efforts to understand covalent inhibition partition broadly into two camps to

meet this scale problem from opposite sides. Experimentalists interrogate the macroscopic

behavior. They mix trillions of protein with even more trillions of ligand, measure the binding

over time, and describe the resulting curve with one or two parameters. Computational

chemists interrogate the microscopic behavior with physics-based simulation. They follow,

for example, the warhead of a single inhibitor as it fluctuates in a kinase active site toward a

geometry competent to react with the target residue, resolving the action of dozens of atoms

in arbitrary detail. It is very difficult to extract deep mechanistic insight from a biochemical

assay, and equally difficult to see the macroscopic picture from a single fragment of the

molecular mechanism.

When the disparity in scale is this large, several questions become unavoidable. How

can we bridge these two sources of data? How do we correctly interpret the experimental

observable? How do we understand the broader relevance of each molecular feature? How

can apparent slow timescales emerge from much faster microscopic timescales? How can we

be more precise from an experimental perspective and more pragmatic from an atomistic

perspective? How do we understand the microscopic steps underlying macroscopic data, and

how do we understand the macroscopic consequences of microscopic steps?

9



These questions matter because there is, at present, only a limited understanding of how

chemical modifications affect the outcome. We know how to make molecules, and we know

what we want in the end (faster covalent bond formation, more specific noncovalent binding,

etc.). What we do not know are the microscopic changes needed to achieve it. Even when

strategizing in the broader sense, there is no consensus.33 Many follow the paradigm that the

best designs come from retrofitting a noncovalent scaffold for covalent inhibition, because

they inherit the tried-and-true specificity of noncovalent recognition for some particular

binding site. Others start by screening a library of reactive fragments instead, aiming to

discover ligandable sites incompatible with existing scaffolds. Then there are those who

claim that neither route is reliable and that success is largely luck. Sometimes, it can indeed

appear that way. It is shown in Chapter 5 that a minor change to the molecular structure,

as minor as the addition of a single methyl group, can perturb several microscopic steps in

the binding process. When observing the process from a birds-eye-view, like with what is

illustrated in Figure 1.1, these steps are completely convoluted.

1.3.3 A framework built on mass action

The central aim of this dissertation is to answer these questions by establishing a multi-

scale framework for rationalizing covalent inhibition, a self-consistent account that connects

atomistic detail to macroscopic observables. The connective tissue, in parts found in adja-

cent fields, resurrected from history, or developed here, is a strategy centered around kinetic

modeling that can fit, simulate, and combine the timescales of arbitrary steps in the bind-

ing process, allowing one to walk between levels of detail and ask at which level a given

understanding generalizes into a design principle.

First, the binding process is written out as a network of states, where each state is

connected to at least one other through a defined transition. Each state comprises some

type(s) of molecular species, like how “E” and “I” together compose the unbound state in
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the simple kinetic Scheme 1.1. The system moves from one state to another with known (or

parametric) stoichiometry and rate constants. A rate constant, k, is the average frequency

with which particles in the source state transition to the target state. The inverse of a rate

constant is the average waiting time between transitions, i.e, the characteristic timescale of

that process.

To understand how a bulk of particles flows through some kinetic scheme, we apply the

law of mass-action. This describes how the concentration, or probability, of each species

smoothly changes over time using a set of ordinary differential equations (ODEs). The set

of ODEs for Scheme 1.1 is,

d[E]
dt

= koff[E·I] − kon[E][I] (1.2)

d[I]
dt

= koff[E·I] − kon[E][I] (1.3)

d[E·I]
dt

= kon[E][I] − koff[E·I] (1.4)

where [·] denotes the concentration of the contained species. Deterministic simulations of the

concentrations are obtained by integrating these ODEs numerically. With rapid-equilibrium

approximations, series combinations of timescales, and other tricks for compressing Markov

models, or with simple empirical fits to simulated experimental data, we can move from

resolved schemes informed by atomistic simulations or experimental indicators to the generic

model (Scheme 1.2). We fit the resolved schemes to experiment, then coarse-grain the

resolved parameters into more universal ones (e.g., kinact and KI) that are used to benchmark

binding quality and draw broad conclusions. By now it should be clear that such coarse-

grained parameters hide many microscopic steps and, in that sense, are “apparent.” These

kinetic simulations indicate what to analyze next in the atomistic dynamics and what kinetic

regime a molecule occupies, and hence how it might be improved.

The reason we represent the binding kinetics with mass-action models rather than em-
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pirical models like Kitz-Wilson is that they are flexible in both construction and application.

One can add any amount of species and transitions to the network, as long as there is a

scientific reason. When starting from a generic model, the existing species and transitions,

coarse-grained as they are, can be split as reasonably desired into more specific partitions.

This methodology also supports second-order reactions or any other forms of nonlinear ki-

netics. After simulating a time-course or several, it is almost always possible to process

the output to match what is being detected in some binding experiment. In fact, some of

the innovations within this dissertation were realized through stubborn attempts to relate

idealized time-courses and experimental measurements.

These benefits alone solve most of the limitations associated with traditional analyses, but

mass-action carries limitations of its own. Writing the master equation of a kinetic system

as a set of ODEs assumes that there is a large, well-mixed copy number of particles and that

the transitions are memoryless (i.e., Markovian). The former is a guaranteed by the trillions

of molecules in a test tube, and the latter is justified because the underlying microscopic

dynamics decorrelate far faster than the processes made explicit in the scheme. The genuine

downsides are risk of overparameterization and loss of identifiability, both due to the fact

that every transition introduces at least one parameter (the rate constant). This concern is

mitigated by evaluating the proportionality of parameters (with, e.g., Kd = koff/kon) or by

Bayesian Metropolis Monte Carlo (BMMC) sampling of parameter space.

1.3.4 Microscopic input from molecular dynamics

This framework is incomplete without information of the atomistic environment. The com-

putational method we use to obtain this information is called molecular dynamics (MD).34

It is sometimes referred to as a “computational microscope,” since it provides a microscopic

view with atomistic resolution across a handful of nanometers and nanoseconds. The atoms

of a single protein and ligand typically begin at coordinates provided by a crystallographic
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structure. The surrounding space is filled with water and salt to mimic basic cytosolic condi-

tion. The initial velocity of each atom is sampled from the Maxwell-Boltzmann distribution

of the desired temperature. For each cycle of the MD algorithm, the net force on each atom

is calculated, which dictates the acceleration of each atom, which dictates the movement of

each atom over a billionth of a millionth of a second, which dictates the coordinates and

velocities to use in the next cycle.

Many technical choices are made based on the size of the system to approximate the most

realistic level of chemical theory with something cheaper to compute. These choices are the

difference between a simulation taking days instead of decades. For covalent inhibitors, it

is necessary to examine the dynamics under multiple different levels of theory. MD always

propagates the nuclei classically via Newton’s second law, but the level of theory determines

how the potential energy and forces are evaluated. Molecular mechanics (MM), an empirical

energy function that does not permit bonds to break, is used to sample the unlinked and

linked complexes extensively while bypassing the expensive quantum step. A semiempirical

quantum-mechanical/molecular-mechanical (QM/MM) treatment is used to interrogate the

covalent binding mechanism where bonds form and break. After billions of MD cycles, we

collect the accumulated statistical information over an arbitrary force or geometrical feature,

relate this to the free energy landscape, identify interesting metastable states, and calculate

from the free energy landscape the average time it takes to move from one state to another.

These states and rates are the details that turn a generic binding scheme into one tailored

for some enzyme–inhibitor pair.

It may be interesting to note that the pragmatic model of irreversible binding kinetics

found in Michaelis-Menten and Kitz-Wilson analyses was actually derived from mass-action-

based rate laws35 just over a century prior to this dissertation. A century full of statistical

mechanical theory, the inventions behind today’s powerful computer hardware, and millions

of lines of molecular simulation code have brought us here, leveraging mass-action far more
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fully than before.

1.4 Overview of dissertation

The first study, Chapter 2, establishes the principle of rapid intermediates and the mass-

action machinery used throughout. By expanding the conventional two-step scheme to dis-

tinguish reactive and nonreactive configurations of the noncovalent complex, it shows how a

rapidly equilibrating intermediate can dominate the apparent inactivation rate even though

it has nothing to do with the warhead chemistry itself. This simple abstraction of conforma-

tional gating demonstrates that rapid equilibria should be exploited for (i) drug optimization,

where the apparent inactivation rate must be deconvolved into its chemical and conforma-

tional contributions to take full advantage of a safer warhead with low/moderate reactivity

and to aim the optimization in a productive direction and (ii) parameter identification, since

kinact, koff, and the conformational probabilities have distinct effects on dose-dependency.

The expanded scheme is only one instance of a procedure applicable to any kinetic mecha-

nism.

Chapter 3 demonstrates how to use MD simulations together with mass-action kinetic

simulations to calculate macroscopic parameters from a microscopic binding pathway. We

use the binding of the famous drug ibrutinib to BTK as an example. A decade after FDA

approval, the mechanism has not been well-characterized. Our investigation results in a

kinetic scheme that contains ten states in its most complex form. Integrating these micro-

scopic steps into a kinetic simulation makes it possible to benchmark the collective kinetic

parameters against experiment, to partition the contributions of competing pathways, and

to quantify the effect of rapid conformational gating on the overall binding kinetics. Fur-

thermore, we show how the kinetics of solvent-mediated reactions can be dependent on the

pKa of the target residue and the pH of the solvent. Optimizing for these dependencies may

prove useful when targeting biological environments with unusual pH values, such as tumors.
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Chapter 4 advances the treatment of experimental data. My contribution lies in the

kinetic modeling section, where we evaluate the binding of irreversible kinase probes to

the kinase ABL1. A mass-action-based fitting protocol made it possible to model assay

abnormalities, such as nonspecific binding and apparent sub-stoichiometry, and to fit the data

losslessly, making for a much more efficient and insightful extraction of kinetic behavior. The

result is a workflow that is more accurate, requires substantially less experimental data, and

able to recover reversible affinity (Kd). The underlying program can be used to predict the

experimental conditions needed to break any parameter degeneracy and determine potencies

and rate constants poorly estimated in a previous round.

Chapter 5 turns to the microscopic origins of residence time and principles for reversible

covalent inhibitors. Residence time is an attractive parameter for estimating in vivo effi-

cacy.32 Apparent in vivo kon is of little pharmacological importance, largely because target

engagement is gated by slow absorption and distribution rather than by free diffusion in a

closed volume, and a poor kon can be offset by dose (although covalent inhibitor dose regi-

mens should be less cavalier). Improving kon with structure-activity-relationships is largely

empirical and very complex. By contrast, koff is independent of absorption, distribution,

and local concentration, and is governed by the same interactions that determine thermo-

dynamic affinity. Where irreversible covalent inhibitors bind their target until the target is

recycled, a liability even for some on-targets, reversible covalent inhibitors offer a tunable

compromise between prolonged residence time and safety. What sets residence time for re-

versible covalent inhibitors apart from noncovalent inhibitors is that it can comprise multiple

kinetically relevant timescales that aren’t necessarily the ones targeted in drug optimization,

as is shown in this section. This chapter examines three ibrutinib-derived reversible BTK

inhibitors from Bradshaw et al.,36 whose residence times differ markedly (∼0.5, 91, and

>200 hours) despite minor structural differences. We used a series of molecular modeling

methods to understand the underlying workings of these drugs, which resulted in a partial
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answer to why the residence times differ. Still, without the full molecular basis, we were

able to use the kinetic fitting protocol established in previous chapters with the experimental

data digitized from Bradshaw et al.36 and deduce a broader conclusion: prolonged residence

time is not the property of any single apparent rate constant. For the two well-performing

inhibitors, it is an emergent consequence of repeated covalent reengagement, in which the

reformation of the broken bond outpaces escape from the pocket. The methodology thereby

identifies which kinetic steps are worth modulating and predicts how modulating them will

affect the overall kinetic behavior.

These four studies assemble a framework in which atomistic simulations and macroscopic

observables are coupled through mass-action kinetic modeling, allowing covalent inhibition

to be understood, and ultimately designed, across the full range of timescales on which it

operates. The concluding chapter, Chapter 6, lays out the implications of these studies and

suggests where the framework goes next. The outlook includes a more detailed treatment

of the covalent step, the use of continuous state variables, and the extension of the same

reasoning beyond in vitro binding kinetics.
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CHAPTER 2

KINETIC MODELING OF COVALENT INHIBITION:

EFFECTS OF RAPIDLY FLUCTUATING INTERMEDIATE

STATES

Reproduced with permission from Ghaby, K. & Roux, B. Kinetic Modeling of Covalent

Inhibition: Effects of Rapidly Fluctuating Intermediate States. Journal of Chemical Infor-

mation and Modeling 65, 8730–8739 (2025).37 Copyright 2025 American Chemical Society.

The published version is available at https://doi.org/10.1021/acs.jcim.5c00952.

Abstract

There is increasing interest in the discovery of small-molecule inhibitors that form covalent

bonds with their targets for therapeutic applications. Nevertheless, identifying clear rational

design principles remains challenging because the action of these molecules cannot be un-

derstood as common noncovalent inhibition. Conventional kinetic models often reduce the

binding of covalent inhibitors to a two-step irreversible process, overlooking rapid complex

dynamics of the associated unlinked inhibitor before the formation of the covalent bond with

its target. In the present analysis, we expand the intermediate state into two conformations:

reactive (E·I) and nonreactive (E··I). To illustrate the consequences of such simplification,

the expanded kinetic model can be reduced to an effective two-step scheme expressed in

terms of the equilibrium probability of the unlinked inhibitor to form either conformation.

A mass-action-based numerical workflow is implemented to simulate time-dependent kinet-

ics, overcoming the common limitations of empirical models. The numerical workflow helps

relate microscopic states observed in molecular dynamics simulations to macroscopic observ-

ables like EC50 and the apparent rate of covalent inhibition, showing the impact of transient

intermediates on dissociation rates and potency. The proposed framework refines the inter-
17
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pretation of dose-response data, aiding medicinal chemists in optimizing covalent inhibitors

and providing a quantitative platform that relates molecular conformational distributions to

empirical parameters.

2.1 Introduction

For a long time, inhibitory small-molecules that form covalent bonds with their targets,

i.e., covalent inhibitors, were largely eschewed in drug development due to concerns over

off-target effects, assay and delivery interference, and metabolitic toxicity.10;38–44 With the

improvements in drug design and optimization over the past couple decades, targeted co-

valent inhibition is becoming a promising and widely recognized strategy for exceeding the

potency and selectivity of noncovalent inhibition.33;45–61 These enhancements should lead

to improvements in the translation of in vitro to in vivo efficacy and safety profile.62;63

Nevertheless, the rational design of covalent inhibitors remains extremely challenging.

Today’s dominant strategy to design a covalent inhibitor is to start from a molecular scaffold

that displays some reversible binding affinity to a protein of interest and attach to it a reactive

functional group or “warhead” that targets a specific residue in the binding site.33;64–72 Con-

ventional docking methods developed to deal with noncovalent protein-ligand interactions

have been adapted to model the binding of a covalent ligand with the protein.28;73–78 It is

commonly assumed that poses with the warhead in close proximity to the target residue can

be used to predict a covalently-bound adduct, and computational workflows based on these

ideas have been proposed.68–70;79–83 However, there is a wide range of issues. In particular,

conventional docking often falls short of an accurate estimation of potency when either the

ligand or protein target is flexible and can adopt multiple distinct conformations. It is also

worth emphasizing that the mere presence of a reactive residue near a ligand binding site

is not sufficient to guarantee a successful covalent strategy; the local chemical environment

of the target residue must be carefully considered to determine the suitability of this ap-
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proach.29 Residues near the warhead may act as catalysts or steric obstacles at various steps

along the reaction pathway. The situation is very different than for a reaction occurring in

bulk solution. Dynamics before the formation of the covalent bond is also thought to play

a key role.84;85 Traditional schematic descriptions of covalent inhibition typically ignore the

impact of rapidly fluctuating transient intermediates on the overall potency of a covalent

inhibitor. Despite their short lifetime, these may have a profound and complex impact on

the apparent reaction rate and potency. Such issues may be overcome by incorporating the

probabilities of these states in kinetic analyses.

The purpose of kinetic models, in the context of a drug development project, is to help

draw accurate lessons from experimental observations in order to make judicious decisions

to orient the design strategy in a productive direction. Due to the limited resolution, kinetic

measurements of covalent inhibition have commonly been interpreted in terms a simple two-

step mechanism.13;86;87 The simple picture is that the inhibitor initially diffuses in the bulk

solution to encounter the kinase enzyme and associate with the active site, followed by the

irreversible inactivation of the enzyme due to the formation of the covalent adduct. A critical

issue with such a minimal two-step model is that it may obscure important microscopic

factors that are at play, which in turn may misdirect the design strategy. For example,

kinetic data interpreted in light of the two-step model tend to ascribe the apparent rate of

inactivation to the final chemical step that leads to the formation of the covalent linkage.

Thus, in the case where a slow inactivation rate constant is caused by a low probability of

a reaction-ready pose by the unlinked ligand occupying the binding site, the observation of

an apparent slow rate might erroneously be attributed to poor reactivity of the warhead,

thereby leading the design strategy in a wrong direction.

While the mathematical simplicity of a model is an important advantage to analyze

experimental data, it should not be a determining factor. Computational methods for nu-

merically predicting molecular behavior and solving complex kinetic schemes have grown
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much more accessible and reliable. The precision of analysis depends on the precision of the

kinetic scheme. Also of interest, the fluctuations predicted by classical molecular dynamics

(MD) simulations based on atomic models can provide quantitative information that can

be incorporated into a kinetic scheme to affect the observable covalent occupancy. A recent

computational study of the irreversible covalent inhibitor of Bruton’s tyrosine kinase (BTK)

ibrutinib illustrates these ideas.84 Classical MD simulations of the unlinked compound as-

sociated with the kinase binding pocket showed that only a small fraction (about 3-5%)

of the configurations were reaction-ready despite the fact that the inhibitor remains very

close to the crystallographic binding pose. Quantitative agreement with experimental data

was achieved only once this information was included in the overall kinetics with the result

of hybrid quantum mechanics/molecular mechanics (QM/MM) calculation of the covalent

reaction. The kinetic effects of rapidly fluctuating intermediate conformational states have

been characterized and discussed in other fields88–90, but they have not been extensively

considered in covalent inhibition.

Owing to their growing significance, it is important to develop more accurate and more

realistic mathematical models of covalent inhibitors.91–99 It is the central goal of the present

work to help clarify the impact of rapid conformational fluctuations on the apparent potency

of covalent inhibitors, which should hopefully lead to more effective design strategies. In

the following, we first derive the kinetic framework that allows one to simulate covalent

inhibition with and without rapid intermediates. Then, we compare the kinetic simulations

of covalent and noncovalent schemes as a function of intermediate probabilities. Lastly, we

investigate how dose-rate and dose-response data are affected by the intermediate probability

distribution.
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2.2 Theoretical framework

2.2.1 Kinetic schemes

At the simplest level, the kinetics of irreversible covalent inhibition are often described as a

two-step mechanism shown in Scheme 2.1,13;86;87

E + I kon

k
app
off

E···I k
app
inact E-I

Scheme 2.1: Generic two-step mechanism of irreversible kinetics.

where kon is the bimolecular association rate, k
app
off is the apparent dissociate rate, and k

app
inact

is the apparent inactivation rate constant. Initially, the inhibitor (I) diffuses in the bulk

solution to encounter the kinase enzyme (E) and associate with the active site, resulting

in the reversible noncovalent complex (E···I). The final step describes the inactivation of

the enzyme as an irreversible process that results in the covalent adduct (E-I). Intermediates

such as noncovalent fluctuations and the QM mechanisms of bond formation are combined in

E···I and accounted for in k
app
off and k

app
inact. We explicitly attach the label ‘app” to these rates

because they implicitly subsume additional processes, as will be clarified in the following.

Scheme 2.2 splits the state E···I into nonreactive (E··I) and reactive (E·I) intermediate

states, where the reactive intermediate state meets some distance and orientation require-

ments necessary for the progress of the covalent reaction between the warhead and the target

residue. For the sake of simplicity, it is assumed that only the nonreactive state can disso-

ciate.

E + I kon

koff
E··I kr

knr
E·I kinact E-I

Scheme 2.2: Mechanism where the unlinked state is partitioned into nonreactive and reactive substates.

The equilibrium probability of the unlinked inhibitor to form the either reactive (pr) or
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nonreactive complex (pnr) can be defined from the species concentrations as,

pr ≡ [E·I]
[E·I] + [E··I] (2.1)

pnr ≡ [E··I]
[E·I] + [E··I] = 1 − pr (2.2)

Classical MD simulations indicate that the fluctuations of the unlinked inhibitor between

the reactive and nonreactive pose may take place on a timescale of microseconds.84 This

is significantly faster than the other transitions, whose rate constants are typically on the

order of minutes or even hours. As a rule of thumb, the dynamics of the intermediate states

can be considered fast if the transition rate constants kr and knr are larger than the slowest

rate constant (commonly kinact) by at least 1-2 order of magnitude. Since these states are

rapidly equilibrated relative to the rest of the scheme,

pr ≈ kr
kr + knr

(2.3)

pnr ≈ knr
kr + knr

(2.4)

and Scheme 2.2 can be reduced and made equivalent to a two-step system, as shown in

Scheme 2.3,

E + I kon

pnrkoff
E···I prkinact E-I

Scheme 2.3: Split-intermediate mechanism reduced to two steps.

where the apparent dissociation rate constant (kapp
off ) equals pnrkoff, and the apparent inac-

tivation rate constant (kapp
inact) equals prkinact. This equivalence was verified with numerical

simulations, i.e., for the cases examined in the present study, the results obtained by solving

the ordinary differential equations (ODEs) numerically for Scheme 2.2 or Scheme 2.3 were

identical.
22



To highlight the effects of pr on the residence time (τ) and occupancy of a bound ligand

in the absence of the irreversible covalent step from Scheme 2.2, it is of interest to consider

a non-covalent version as Scheme 2.4.

E + I kon

koff
E··I kr

knr
E·I

Scheme 2.4: Noncovalent mechanism that includes a rapid equilibrium between two bound states.

The residence time derived from Scheme 2.4 can be expressed by substituting k
app
off for koff(1−

pr),

τ = 1
koff(1 − pr)

(2.5)

The validity of this substitution depends on the rapid-equilibrium of the bound conformations

to keep pr constant over time. Note that dissociation is defined only to occur from the

nonreactive pose. The sensitivity of τ with respect to pr is,

∂τ

∂pr
= 1

koff(1 − pr)2 (2.6)

When pr is small, the sensitivity is approximately 1/koff. Therefore, engineering warheads

to nudge pr from near-zero will only have small linear effects on τ proportional to koff.

2.2.2 Simulation methodology

The time course of species concentrations in a well-defined (the rate constants and stoichiom-

etry are known or parametric for each transition), Markovian kinetic scheme can be solved

deterministically by integrating a set of ODEs for concentration with respect to time.32

These ODEs are derived from the law of mass action and formulated based on the stoichio-

metric coefficients and rate constants of each transition in the scheme. This fast, flexible, and

straightforward framework adequately models the in vitro kinetics100 of covalent inhibition.

Let CS(t) represent the concentration of species S at time t. The time derivative dCS/dt
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is given by the sum of contributions from all transitions involving species S,

dCS

dt
=
∑
T

∆νS kT

∏
S′∈Src(T )

C
νS′,Src(T )
S′

 (2.7)

where kT is the rate constant of transition T , and ∆νS is the difference between the

stoichiometric coefficients of species S as a target and as a source in transition T (i.e.,

νS,Tgt(T ) − νS,Src(T )).

A system of these rate laws with any degree of (non)linearity can be expressed and solved

in matrix notation as,
dC⃗

dt
= C⃗NSrc · diag

(
k⃗
)

· N (2.8)

The complete stoichiometry matrix, N, is the difference between the target and source

stoichiometry matrices (i.e., N = NTgt − NSrc). The stoichiometric matrices have m rows

corresponding to the species and n columns corresponding to the transitions. diag
(
k⃗
)

is

the diagonal matrix constructed from the vector of transition rate constants. The adjusted

concentration vector, C⃗NSrc , is the column-wise product of the element-wise exponentiation

of the concentration vector with the source stoichiometry matrix, i.e.,

C⃗NSrc ≡
∏
n

[
C⃗NSrc

]
m,n

(2.9)

eq 2.8 is numerically integrated over time with the scipy implementation of LSODA.101–103

This vectorized rate function together with the rest of the infrastructure for modeling the

schemes exists in GeKiM, an in-house and open-source Python package available at https:
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//github.com/kghaby/GeKiM. For example, the system of ODEs for Scheme 2.1 is,

d[E]/dt = −[E][I]kon + [E···I]kapp
off

d[I]/dt = −[E][I]kon + [E···I]kapp
off

d[E···I]/dt = [E][I]kon − [E···I]kapp
off − [E···I]kapp

inact

d[E-I]/dt = [E···I]kapp
inact

(2.10)

The combined stoichiometry matrix (N = NTgt − NSrc) is,

N =

kon k
app
off k

app
inact

[E] −1 1 0

[I] −1 1 0

[E···I] 1 −1 −1

[E-I] 0 0 1

(2.11)

The diagonal matrix of the rate constants is,

diag(k⃗) =


kon 0 0

0 k
app
off 0

0 0 k
app
inact

 (2.12)

The adjusted concentration vector is,

C⃗Nsrc =


[E]1 × [I]1 × [E···I]0 × [E-I]0

[E]0 × [I]0 × [E···I]1 × [E-I]0

[E]0 × [I]0 × [E···I]1 × [E-I]0

 =


[E] × [I]

[E···I]

[E···I]

 (2.13)
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The dot product of the matrices produces a vectorized version of the system of ODEs,

N · diag(k⃗) · C⃗Nsrc =



d[E]/dt

d[I]/dt

d[E···I]/dt

d[E-I]/dt


=



−[E][I]kon + [E···I]kapp
off

−[E][I]kon + [E···I]kapp
off

[E][I]kon − [E···I]kapp
off − [E···I]kapp

inact

[E···I]kapp
inact


(2.14)

A Jupyter notebook to reproduce the simulations and plots herein is available at https:

//github.com/RouxLab/covalent-kinetics-with-rapid-intermediates-2025. All

data is deterministically generated therein. The numerical values of the rate constants used in

the simulations were chosen to reflect the regime commonly observed for covalent inhibitors,

where kinact ≪ koff < kon[I]0.104

2.3 Results

2.3.1 Noncovalent vs covalent inhibition

Time courses of the total occupied populations of Scheme 2.2 and its noncovalent version

Scheme 2.4 are compared in Figure 2.1 for various probabilities of a reactive conformation,

pr. The purpose of Scheme 2.4 is to highlight the effects of pr in the absence of the irre-

versible covalent step from Scheme 2.2. pr has a similar impact on the occupancy of both

of the schemes. The noncovalent time courses demonstrate how pr can compensate for poor

affinity and limit maximal occupancy. The irreversible covalent time courses demonstrate

the dependence of covalent action rate on pr. Reversible covalent inhibition falls somewhere

in between, depending on the ratio of covalent forward and backward rate constants.

As shown in Figure 2.2, the propensity to adopt a conformation in which the ligand

cannot dissociate significantly increases the lifetime of binding despite the short lifespan of

the conformations themselves.
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Figure 2.1: Simulated time courses of the total occupancy from noncovalent Scheme 2.4 (top) and
covalent Scheme 2.2 (bottom) for different values of pr. [E]0 = 1 nM, [I]0 = 1 µM, kon = 1 × 10−2 µM−1s−1,
koff = 1 × 10−2 s−1, and kinact = 1 × 10−4 s−1. The occupancy of a one-step scheme is also included
(black-dashed) to illustrate the contribution of binding affinity, koff/kon.
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Figure 2.2: Noncovalent residence time (τ) of a bound ligand as a function of koff and pr. [E]0 = 1 nM,
[I]0 = 1 µM, and kon = 1 × 10−2 µM−1s−1. The residence times calculated analytically from eq 2.5 or
numerically from simulations of Scheme 2.4 are the same.
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2.3.2 Effects on observable outcomes

Dose-rate analysis

The kinetics of covalent inhibitors are often studied in a pseudo-first order regime in the spirit

of Michaelis-Menten kinetics,31;35 with an excess of either inhibitor or enzyme. For the sake

of convention, we will treat the inhibitor as the saturating species, so the bimolecular step

can be linearly approximated as shown in Scheme 2.5.

E
kon[I]0

k
app
off

E···I k
app
inact E-I

Scheme 2.5: Generic two-step mechanism with a pseudo-first order approximation.

In conventional experimental procedures of scoring an irreversible inhibitor’s on-target

behavior,87 the observed rate constant of inhibition, kobs, is first obtained by fitting the

fractional population of the covalently-bound state (i.e., covalent occupancy, CO) to the

pseudo-first order growth factor,

Occcov(t) ≡ [E-I]
[E]0

≈ 1 − e−kobst (2.15)

at various inhibitor concentrations. The variation of kobs as a function of initial inhibitor

concentration, [I]0, is then fitted to the Michaelis-Menten analog,

kobs = k
app
inact [I]0

K
app
I + [I]0

(2.16)

The apparent rate constant of inactivation, k
app
inact, is the maximal observed rate constant

that occurs when the entire free enzyme population rapidly transitions into the reversible

complex state. This limit is approached when kon[I]0 ≫ k
app
off . The apparent inactivation
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constant, K
app
I , is the concentration of the inhibitor that results in a half-maximal observed

rate constant, and it can be expressed as,

K
app
I =

k
app
off + k

app
inact

kon
(2.17)

A reaction may appear one-step in both non-saturating ([I]0 < KI) and saturating ([I]0 ≫

KI) conditions. These one-step approximations are distinguishable by the y-intercept, where

an intercept of 0 corresponds to a slope of kobs over [I]0 equivalent to the inactivation

efficiency (i.e., the potency of the irreversible inhibitor).105 For the three-step paradigm

(Scheme 2.2),

Effinact = k
app
inact

K
app
I

= prkinact
(pnrkoff + prkinact) /kon

(2.18)

The probability distribution of the intermediates has a significant role in the potency of

inhibition despite the non-limiting magnitude of the arming and disarming rate constants.

From an empirical perspective, the probability distribution between conformations limits

inhibition by linearly scaling the maximal observed rate constant. K
app
I also depends linearly

on pr, with,

lim
pr→0

K
app
I = koff

kon
= Kd (2.19)

and

lim
pr→1

K
app
I = kinact

kon
(2.20)

Rearranging eq 2.20 for kon shows that Effinact approaches kon as pr approaches 1; a reminder

that simplifying eq 2.18 at k
app
off = 0 yields kon. The dramatic relationship between simulated

empirical data from the numerical solution to the ODEs of Scheme 2.3 and pr is illustrated
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in Figure 2.3.
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Figure 2.3: Simulated time-responses of covalent occupancy ([I]0 = 1 µM) (top) and dose-rate (bottom)
data for different values of pr with [E]0 = 1 nM, kon = 1 × 10−2 µM−1s−1, koff = 1 × 10−2 s−1, and
kinact = 1 × 10−4 s−1. The ODEs of Scheme 2.3 were solved numerically for the time-responses (top), and
the fraction of the covalent complex was fit for kobs with eq 2.15 (bottom).

Rapid saturation of the reversibly-bound state, when kon[I]0 ≫ k
app
off , occurs (as a rule of

thumb) when [I]0 > k
app
off /kon × 10. With the parameters used in Figure 2.3, this threshold

is 100 nM when pr = 0.99 and 9.9 µM when pr = 0.01.

Dose-response analysis

The dose-dependence of irreversible kinetics can alternatively be examined with a dose-

response curve. Unlike reversible kinetics, the dose-response must be examined under non-

equilibrium conditions where the reaction is stopped before completion. For simplicity, we

will only consider noncompetitive experimental procedures where some proportional marker

of covalent occupancy (i.e., response), would be measured at the same timepoint for an array
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of saturating ligand concentrations. While the numerical simulations of the ODEs provide

the most faithful representation of a given kinetic scheme, the familiar Hill equation,106

Response ([I]0) = λDR
1

1 + (EC50/[I]0)n (2.21)

can serve as a useful shorthand analytical framework for describing the dose-dependence

data because it produces a simple sigmoidal curve with clearly identified parameters. In

eq 2.21, λDR represents a scaling factor to match the arbitrary amplitude of the data, EC50

represents the dose that yields half the maximal scaled response, and n represents the Hill

coefficient.

The Hill equation works exceedingly well for reversible one-step systems measured at

equilibrium, where the EC50 approximately equals the apparent binding affinity, K
app
d ≈

k
app
off /kon (i.e., the apparent inhibition constant, K

app
i ). However, special attention is re-

quired in the case of a covalent inhibitor because the covalent occupancy becomes truly

stable only when the entire enzyme population has been irreversibly occupied. Thus, the

value of EC50 is time-dependent and its kinetic significance is ambiguous.32;92 In the fol-

lowing, we derive a Hill-like model in terms of k
app
inact and K

app
I for the purpose of describing

dose-dependence data for a covalent inhibitor.

First, the expression must be properly normalized to covalent occupancy. This can be

done with the exponential growth factor for approximating a time-response curve of covalent

occupancy (eq 2.15). Recall the empirical definition of k
app
inact: the maximal observed rate

constant that occurs when kon[I] is large enough to instantly and steadily force the entire

(remaining) protein population into the reversibly-bound state. The Hill equation is then

scaled by the maximal covalent occupancy achieved within the dose-response time limit (tDR)

to get,

Occcov ([I]0) = 1 − e−kapp
inacttDR

1 + (EC50/[I]0)n (2.22)
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Thus, the amplitude of eq 2.22, i.e., the limit of covalent occupancy given a set time and an

infinitely high dose, is solely dependent on k
app
inact (or by extension kinact and pr).

To characterize the impact of the kinetic parameters on the location of the inflection

point of eq 2.22, i.e., the dose required for half-maximal covalent occupancy within the time

limit, we solve for the isosurface of EC50 in terms of k
app
inact and K

app
I . We start by solving

for kobs from the concentration at half maximum inhibition, defining [I]0 = EC50. Using the

definition of the EC50, a relationship of familiar first-order growth factors can be expressed

at this condition,

1 − e−kobstDR = 1
2

(
1 − e−kapp

inacttDR
)

(2.23)

We then solve for kobs,

kobs =
−ηEC50

tDR
(2.24)

where

ηEC50 = ln
1 + e−kapp

inacttDR

2

 (2.25)

Then, we substitute kobs with the Michaelis-Menten analog (eq 2.16) when [I]0 = EC50 to

get the approximation,

k
app
inactEC50

K
app
I + EC50

≈
−ηEC50

tDR
(2.26)

Finally, we solve for the EC50,

EC50 ≈
−K

app
I ηEC50

k
app
inacttDR + ηEC50

(2.27)
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As is expected from reversible one-step kinetics, the EC50 approaches the reversible binding

affinity, Kd, as k
app
inact approaches 0. This expression of the EC50 is substituted into eq 2.22

to guide the understanding of dose-dependence with respect to the microscopic kinetic pa-

rameters of irreversible binding.

Still, this expression is an approximation of the kinetics. Covalent occupancy calculated

from eq 2.22 and ODE-based simulations of Scheme 2.3 is compared in Figure 2.4 for three

demonstrative cases. The same rate constants are used in both solutions for each case, and
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Figure 2.4: Comparisons between eq 2.22 (darkened dashed line) and ODE-based numerical simulations
of Scheme 2.3 (solid line) for three representative cases. In Case 2, the parameters are tDR = 7.1 h,
[E]0 = 1 nM, kon = 1 × 10−2 µM−1s−1, kapp

off = 5 × 10−3 s−1, and kapp
inact = 5 × 10−5 s−1. The altered

parameters for Case 1 are kon = 5 × 10−4 µM−1s−1 and kapp
inact = 5 × 10−3 s−1. The altered parameters for

Case 3 are [E]0 = 1 µM, kon = 5 × 10−4 µM−1s−1, and kapp
inact = 5 × 10−3 s−1. The fitted values of n for cases

1, 2, and 3 are 1.47, 1.03, and 1.11, respectively.

the value of n in eq 2.22 is fit to the simulated covalent occupancy. Eq 2.22 deviates from

the numerical covalent occupancy in Cases 1 and 3. Case 1 represents the regime where

kon[I]0 < k
app
inact. In this regime, a single dose-response is likely not enough to resolve these

rate constants anyway. Case 3 includes nonlinear effects from the bimolecular association

step. The nonlinearity violates the first-order approximation used to derive eq 2.27, and

therefore leads to a poor analytical prediction of the EC50.

According to the present analysis, the EC50 depends both on k
app
inact and K

app
I . A smaller

EC50 can either be attributed to a smaller Kd (or faster kon for systems lacking reversible

equilibrium), larger pr, or faster kinact. Therefore, the EC50 by itself is a vague and possibly
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Figure 2.5: The variation of dose-response data (simulated by numerically solving the ODEs of
Scheme 2.3) as a function of koff (left column), kinact (middle column), and pr (right column) when tDR is
0.7 (top row), 7.1 (middle row), and 71.1 (bottom row) hours. The default parameters are [E]0 = 1 nM,
kon = 1 × 10−2 µM−1s−1, koff = 1 × 10−2 s−1, kinact = 1 × 10−4 s−1, and pr = 0.5.

misleading parameter for evaluating irreversible systems. This mathematical analysis is

illustrated with numerical kinetic simulations in Figure 2.5.

The amplitude and inflection point of eq 2.22 taken together reveal the unique roles

of Kd, pr, and kinact. As shown in Figure 2.5, proportional variations of these simulation

parameters distinctly affect the dose-response curves. The lack of complete covariance for

these parameters suggests that fitting dose-dependent data with simulations of the models is

a viable strategy for empirical approximation of Kd, pr, and kinact. If a set of dose-response

curves (for different, e.g., experimental conditions or inhibitor modifications) is used in the

fitting process, then one may discern the conditional impact on each parameter.

The dose-response simulations also demonstrate the importance of a well-chosen time-

point. If tDR is too short, as is shown in Figure 2.5 (top row), then the analysis of covalent

occupancy is more obscured by absolute sources of error. If tDR is too long and the reaction
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reaches 100% covalent occupancy, as is shown in Figure 2.5 (bottom row), then k
app
inact and

koff cannot be resolved in the fitting process.

By separating the contribution of rapid intermediates (e.g., conformations of the warhead

or target residue, translation of the scaffold, protonation states) from the dissociation and

inactivation steps, the kinetic comparisons between drug candidates become more precise,

which should make it more straightforward to associate molecular characteristics with more

potent and selective inhibition. This is especially beneficial when observed rates from reac-

tivity or non-specific binding assays do not correlate with observed rates of inhibition or when

the covalent action displays nonlinear complexities (as is the case for lysine-binders).84;107

While eq 2.22 is a useful approximation expressing the relationships between covalent

occupancy and kinetic parameters, in vitro kinetics are more accurately represented with

ODE-based simulations. This avoids the vague nature of the Hill coefficient n for fitting

irreversible kinetics since noncooperative causes of a fitted n > 1 (e.g., ultrasensitivity and

significant depletion of [I]) are unlikely to symmetrically affect the dose-response around

the midpoint in the manner n is designed to modulate.108;109. ODE-based simulations also

sidestep the assumptions and limitations of a pseudo-first order model such as the exponential

growth factor,

Occcov ([I]0) ≈ 1 − e−kobs([I]0)tDR (2.28)

where kobs([I]0) uses eq 2.16. This extends to the dose-rate analysis using a time-dependent

growth factor (eq 2.15) and eq 2.16.

If one globally fits parameterized simulations to multiple time-responses across varying

doses—data required for dose-rate analysis anyway—then the fitting quality is no longer

dependent on a single, well-chosen timepoint. The dose-dependence is included without the

loss of information that occurs when an entire time course is compressed into a single value of

kobs. Since ODE-based simulations accommodate low doses without concern for the validity
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of a first-order approximation, this strategy may enable a more accurate and practical (espe-

cially if kobs would only plateau at unreasonably high doses) estimation of k
app
inact and K

app
I

compared to the dose-rate workflow. The estimation of inactivation efficiency is also likely

to be more accurate, because the initial slope of kobs([I]0) is susceptible to the nonlinearity

of the bimolecular association step that emerges at low doses.

Admittedly, redundancy in these parameters and the danger of over-fitting are important

challenges. Within experimental error, some combination of kinact and Kd may have a pr-like

effect on dose-response data. Importantly, k
app
inact and K

app
d can be deconvoluted from this

type of data with high reliability. Using values of pr predicted from MD simulations, the

kinact and Kd can then be derived from their apparent counterparts. Alternatively, one may

exploit information from various sources, including classical MD simulations, to establish

reasonable bounds on various parameters which could then be used as priors in a Bayesian

Metropolis Monte Carlo protocol.110;111

In ending this discussion, it is important to recall that the present analysis is meant to

serve mainly as a conceptual illustration of how microscopic factors, that are not immedi-

ately related to the warhead’s chemistry, can impact the apparent observables such as the

inactivation rate and residence time. Clearly, even with the expanded associated-unlinked

intermediate state, Scheme 2.2 remains fairly simple and is unable to account for all the

complex microscopic aspects of covalent inhibition encountered with different warheads. Ex-

panding this type of analysis to realistic situations requires detailed atomic studies of the

inhibition mechanism for specific cases. As an example, we previously represented the overall

time-course of inhibition of BTK by ibrutinib, which targets a conserved cysteine residue, us-

ing an elaborate multi-state kinetic scheme based on the wealth of information extracted from

QM/MM simulations.84 The mechanisms and reaction pathways of other cysteine-targeting

covalent inhibitors could be examined using a similar strategy.36;112 Beyond cysteines, an

understanding of covalent inhibition in the case of lysine-targeting warheads113 or other
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chemistries58;59 will require detailed atomic studies.

2.4 Conclusion

A critical issue with the minimal two-step kinetic model, which represents the process of co-

valent inhibition as an association followed by formation of a chemical bond, is that it may

obscure important microscopic factors that affect the apparent efficiency of lead compounds.

The propensity of the warhead and the target residue to adopt a reaction-ready configura-

tion affects the apparent rate of inactivation but is not, in fact, specifically related to the

warhead itself. The lack of clarity on this issue and misinterpretation of experimental kinetic

data can, in turn, misdirect the design strategy and pull a project away from a productive

direction. To make judicious design decisions, it is critical to draw accurate lessons from ex-

perimental data. To this end, we explored a more realistic kinetic scheme, which can be used

as a framework to incorporate information about the fluctuations of the associated-unlinked

inhibitor generated from classical MD simulations. Analysis based on numerical simulations

showed that rapidly-equilibrating intermediates taking place on a short timescale can dra-

matically affect the observed inhibition rate via the relative populations of a reactive vs.

nonreactive configurations. Explicitly including the probability distribution of these states

also refines the values of dissociation and inactivation rate constants, informing for example

the amount of inactivation efficiency that can be attributed to only the warhead. Optimiz-

ing drug candidates with knowledge of the factors associated to the rapid fluctuations of the

associated-unlinked inhibitor may offer a promising route for improving the apparent affinity

or apparent inactivation rate, while ignoring those could lead one to erroneously attribute a

poor apparent inactivation efficiency to the warhead chemistry itself. Refining the evaluation

with computational prediction of noncovalent behavior can provide a more precise evalua-

tion of a drug’s potential and streamline drug optimization. Further work to develop kinetic

frameworks incorporating microscopic states gleaned from classical MD simulations may be
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able to provide a more precise understanding of the molecular characteristics underlying

apparent kinetic parameters.

38



CHAPTER 3

COMPUTATIONAL INVESTIGATION OF THE COVALENT

INHIBITION MECHANISM OF BRUTON’S TYROSINE

KINASE BY IBRUTINIB

Reproduced with permission from Barragán, A. M.,† Ghaby, K.,† Pond, M. P. & Roux,

B. Computational Investigation of the Covalent Inhibition Mechanism of Bruton’s Tyrosine

Kinase by Ibrutinib. Journal of Chemical Information and Modeling 64, 3488–3502 (2024).84

Copyright 2024 American Chemical Society. The published version is available at https:

//doi.org/10.1021/acs.jcim.4c00023. †These authors contributed equally. My main

contribution was the kinetic modeling.

Abstract

Covalent inhibitors represent a promising class of therapeutic compounds. Nonetheless, ra-

tionally designing covalent inhibitors remains extremely challenging. To better understand

the covalent binding mechanism, these issues are examined with computational methods

using the irreversible covalent inhibitor of Bruton tyrosine kinase (BTK) ibrutinib as an

example. A multi-µs classical molecular dynamics trajectory of the unlinked inhibitor is

generated to explore the fluctuations of the compound associated with the kinase binding

pocket. Then, the reaction pathway leading to the formation of the covalent bond with

the cysteine residue at position 481 via a Michael addition is determined using the string

method in collective variables on the basis of hybrid quantum mechanical - molecular me-

chanical (QM/MM) simulations. The reaction pathway shows a strong correlation between

the covalent bond formation and the protonation/deprotonation events taking place sequen-

tially in the covalent inhibition reaction, consistent with a 3-step reaction with transient

thiolate and enolates intermediate states. Two possible atomistic mechanisms affecting de-
39
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protonation/protonation events from the thiolate to the enolate intermediate were observed:

a highly correlated direct pathway involving proton transfer to the Cα of the acrylamide

warhead from the cysteine involving one or a few water molecules, and a more indirect path-

way involving a long-lived enolate intermediate state following the escape of the proton to

the bulk solution. The results are compared with experiments by simulating the long-time

kinetics of the reaction using kinetic modeling.

3.1 Introduction

Covalent drugs represent a class of small therapeutic compounds that can covalently bind

to specific target proteins, thereby inhibiting their biological functions.10;33;41 The potential

benefits of covalency have inspired medicinal chemists to explore the covalent drug space

despite concerns about reactivity. In many cases, compromises between reactivity, selectiv-

ity, and potency have produced safe and effective drugs. However, despite the increasing

number of FDA-approved covalent inhibitors,41 rationally designing covalent drugs remains

extremely challenging. The formation of a chemical bond between the compound and its

target can lead to prolonged engagement and exceptional potency, which is advantageous.

However, the imperfect selectivity of a highly reactive molecule binding irreversibly to off-

target proteins can also lead to severe side effects. To alleviate these issues, the dominant

design strategy has been to add a mildly reactive functional group (warhead) targeting

non-conserved amino acids to an existing non-covalently binding framework that is already

selective for a desired protein.65 Conventional docking methods developed to describe non-

covalent protein-ligand interactions have been expanded to model the covalent docking of a

ligand with the protein.28;73–78 The general philosophy is that poses, where the warhead is in

close proximity to a reactive amino acid, are automatically identified and used to construct

a covalently bound adduct. Despite the progress, going beyond simple considerations based

on static binding poses is difficult and many mechanistic aspects of covalent binding remain
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poorly understood.70;81. Owing to their growing significance, it is important to advance

our fundamental understanding of covalent inhibitors, and develop accurate computational

treatments to support the rational design of these compounds.

The two fundamental steps of irreversible covalent inhibition are represented in Scheme

3.1.13 Initially, the inhibitor (I) diffuses in the bulk solution to encounter the kinase en-

E + I
kass

kdiss
E•I

kinact E−I

Scheme 3.1: Mechanism of covalent inhibition of the enzyme E by the inhibitor I (E•I and E−I denotes
the equilibrium noncovalent complex and the covalent adduct, respectively).

zyme (E), resulting in the non-covalent association with the kinase active site. Then, the

non-covalently associated ligand fluctuates dynamically in the binding pocket, until the the

electrophilic warhead is favorably positioned to undergo a reaction with the nucleophilic

amino acid residue of the target enzyme. At this point, the chemistry may proceed through

a series of transitions leading to the covalent inhibition of the kinase. All the events preceding

the chemical changes occur for non-covalent as well as covalent inhibitors.

An interesting prototypical example of a covalent inhibitor is offered by the anti-cancer

covalent drug ibrutinib (PCI-32765).114 Ibrutinib (Figure 3.1) is an irreversible covalent

⍺

β

O

N

Figure 3.1: The ibrutinib molecule with its acrylamide warhead (red) which covalently binds to cysteine
481 in BTK.

inhibitor of Bruton tyrosine kinase (BTK), which plays a key role in the proliferation and

survival of leukemic cells in many B-cell malignancies and is a critically important therapeutic
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target in the treatment of B-cell malignancies, such as certain leukemia and lymphomas,

as well as inflammatory disorders and autoimmunity.17;115–117 Protein kinases represent

a critically important class of signaling enzymes that are implicated in numerous diseases

including cancer. Because the active site of kinases has evolved to bind ATP, designing highly

specific inhibitors is generally difficult. The purposeful addition of a reactive functional group

to an existing ligand in order to covalently target non-conserved amino acids in the kinase

active site offers a promising solution to the problem.118 In the early design of ibrutinib,

sequence alignments analysis pointed toward a cysteine residue at position 481 in the ATP

binding pocket of BTK as a potential nucleophilic site to form a covalent complex with an

electrophilic inhibitor.114 It was also noted that this residue was in the same position as

Cys773 in EGFR family kinases, which was known to be targeted by several irreversible

kinase inhibitors in clinical trials.119 More generally, only a few kinases have a non-catalytic

cysteine at this position, which suggests that it could be exploited in the design of selective

covalent inhibitors.114

To bind irreversibly, ibrutinib utilizes a thiol-Michael addition to assist in the formation

of the covalent bond between the electrophilic acrylamide “warhead” on the inhibitor and

the nucleophilic Cys481 in the active site of the BTK (Figure 3.1). This last step occurs via

a Michael addition with thiolate and enolate intermediate states, as depicted in Figure 3.2.

Computations can shed light on the dynamical factors affecting the Michael addition

reaction in the confined environment of the kinase active site, leading to the covalently in-

hibited BTK. The nature of the problem of covalent inhibition requires a hybrid quantum

mechanical/molecular mechanical (QM/MM) representation of the system.120–122 In a pi-

oneering study, Voice et al123 explored possible reaction pathways of BTK inactivation by

ibrutinib using umbrella sampling QM/MM simulations. However, many key mechanistic

details about the solvent-mediated deprotonation and protonation events have not been elu-

cidated. Of particular interest is the existence of the transient anionic thiolate and enolate
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Figure 3.2: Schematic representation of the reaction steps of the Michael addition leading to the covalent
inhibition of BTK by ibrutinib. First, the ligand in the active site of BTK is positioned to start the
chemical reaction. The deprotonation of Cys481 yields a thiolate, which then attacks the carbon Cβ of the
acrylamide warhead to form a covalent bond, resulting in the anionic enolate intermediate. In the final
step, the carbon Cα gets protonated, yielding the covalently inhibited BTK.

intermediate states, which are accompanied by subtle electronic changes.124;125

Our overarching goal is to comprehensively describe the key steps leading to the covalent

inhibition of BTK by ibrutinib. To this end, we first generated a multi-µs classical molecular

dynamics (MD) trajectory of the unlinked inhibitor associated with the kinase and then

determined the reaction pathway leading to the formation of the covalent inhibition using

QM/MM simulations using the string method in collective variables.126–131 The results are

finally put into a general context by simulating a simple kinetic model representing the

microscopic transitions involved in covalent inhibition of BTK by ibrutinib.

3.2 Methods

3.2.1 Simulation system

A complete atomistic model of BTK kinase with ibrutinib was constructed. The protein and

ligand coordinates were taken from the 1.08 Å resolution crystallographic structure with

PDB ID: 5P9J.132 The binding pose of ibrutinib is similar to that of dasatinib,133 with the

additional covalent bond with residue Cys481. The system was solvated with 18397 water

molecules, 59 K+ and 53 Cl− ions, corresponding to a physiological salt concentration of 140
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mM. The model was built using the CHARMM-GUI web server,134–136 and subsequently

equilibrated with molecular dynamics (MD). The CHARMM36 force field137;138 was used for

the protein, and the TIP3P model was used for the water molecules.139. The unlinked ibruti-

nib molecule was parameterized with CGenFF v2.5.1140–142 through CHARMM-GUI.135;136

The topology and parameter files generated in CHARMM format by CGENFF are given at

https://github.com/RouxLab/ibrutinib. A classical trajectory of 6.6 µs was generated

using the GPU-resident version of the AMBER program.143–145 Periodic conditions were

applied. The dimension of the cubic simulation system is approximately 80 Å. Long-range

electrostatic interactions were handled by PME.146 Lennard-Jones non-bonded interactions

were truncated at a 14 Å pairlist cutoff, with a smooth forced-based switching from 10-12

Å consistent with the CHARMM force field.147 The equations of motion were integrated

using a time step of 4 fs with mass repartitioning.148 The bonds involving hydrogen atoms

were constrained using the rattle algorithm.149 The temperature was set to 303.15 K via a

Langevin thermostat with a friction of 0.5 ps−1. The pressure was set to 1 atm via Monte

Carlo volume fluctuations.143–145 The trajectory was visualized using VMD for analysis.150

3.2.2 Hybrid QM/MM simulations

A hybrid QM/MM approach is necessary to accurately represent the chemical rearrange-

ments taking place during the binding of ibrutinib with BTK.120;121 We used the implemen-

tation in NAMD 2.14,122 as it supports a number of additional tools that are required for

the calculations.151;152 The QM/MM simulation system was constructed directly from the

periodic box used for the classical MM simulation described above. The Michael addition

leading to covalent inhibition of BTK corresponds to the deprotonation of the Sγ atom of

Cys481, the formation of a covalent bond between the Cβ atom of ibrutinib and the Sγ atom

of Cys481, and the protonation of the Cα atom of ibrutinib. Accordingly, the QM region

was chosen to include all relevant atoms to accurately model the chemical rearrangement
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involved in the reactions of interest. Regarding the ibrutinib ligand, the QM region includes

the acrylamide warhead and its neighboring pyrrolopyrimidine group. The rest of the in-

hibitor is represented with classical MM. On the protein side, the QM region includes the

entire Cys481 residue together with the backbone atoms of Gly480 and Leu482 which are the

nearest neighboring residues along the sequence. The bonds crossing the QM/MM boundary

in the protein and inhibitor were capped by hydrogen atoms to satisfy the valences of the

QM region.122 In addition, 16 water molecules, selected based on a proximity criterion of

3.6 Å from the Cα, Cβ , and Sγ atoms, were included in the QM region to account for solvent

effects on the reactions, corresponding to a first shell of solvation around the heavy atoms

of interest in the QM region. In total, the QM region comprises 106 atoms. The overall

QM/MM ibrutinib-BTK simulation system is illustrated in Figure 3.3.

The semi-empirical NDDO method PM7,153 supported by the MOPAC 2016 program,154;155

was used to represent the QM region. Again, the CHARMM36 force field137;138 was used

with TIP3P water model139 to represent the MM region of the system. The QM/MM trajec-

tories were integrated with a time step of 0.4 fs to increase numerical stability. The standard

MD protocol in NAMD 2.14 was followed:152 the temperature was set to 303.15 K with the

Langevin thermostat and the pressure was set to 1 atm with the Langevin piston. Long-

range electrostatic interactions were handled by PME. Short-range non-bonded interactions

were handled with a 14 Å pairlist cutoff, and a smooth 10-12 Å force switching for van der

Waals interactions. The equations of motion were integrated with a time step of 0.4 fs. As

the simulations progressed, the configurations were wrapped with PBCTools as needed and

visualized using VMD.150 After the final setup, the QM/MM system was relaxed briefly for

1,000 MD steps prior to initiating the pathway calculations.
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Figure 3.3: QM/MM simulation of ibrutinib bound to BTK. (top) The QM/MM region in relation to the
complete kinase structure. (bottom) Close-up view of the QM/MM region and binding pocket. The atoms
of the QM region, shown in color with thick bonds, include the acrylamide warhead and the neighboring
pyrrolopyrimidine group (the rest of the inhibitor simulated with a classical force field is represented with
thin bonds), Cys481 and the backbone atoms of Gly480 and Leu482, and 16 water molecules. In total, the
QM region comprises 106 atoms. The entire system was solvated in a box of aqueous solution at 140 mM
KCl and simulated with periodic boundary conditions.

String and collective variables

The string method represents a reaction pathway connecting the reactant and product as a

chain of M states, or “images”, which is an ordered sequence {z1, z2, . . . , zM } parametrized

within the subspace of “collective variables” (CVs) z.126–131 First, a set of meaningful CVs

able to monitor the progress of the reaction must be chosen. As depicted in Figure 3.2,

the thiol-Michael addition leading to covalent inhibition requires the deprotonation of the

Sγ atom of Cys481, the formation of a covalent bond between the Cβ atom of the ibrutinib
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acrylamide warhead and the Sγ atom of the cysteine residue at position 481, and the proto-

nation of the Cα atom of ibrutinib. One obvious CV is directly associated with the formation

of the chemical bond between ibrutinib and BTK. Neglecting orientational effects, we chose

the interatomic distance between the Cβ atom of ibrutinib and the Sγ atom of Cys481, rSC

for the sake of simplicity. Two additional CVs are needed to monitor the deprotonation of

Sγ and protonation of Cα along the Michael addition reaction. Importantly, such CVs must

be constructed to reflect the fact that the protons in the QM region are indistinguishable

particles. To this end, a generalized mean distance between one atom A and a group of N

protons was defined as,

rA-[H] =
 1

N

N∑
i=1

1
||rA − ri||n

−1/n

(3.1)

This expression treats all the protons as identical particles but it weights more heavily the

one at the shortest distance from atom A. In the present work, a value of 6 was used for

n. The CVs monitoring the deprotonation of the Sγ atom and the protonation of the Cα

atom are rS-[H] and rC-[H], respectively. The three CVs were implemented using the colvars

module156 of NAMD.152

The algorithm consists of improving an initial string pathway starting from a reason-

able initial guess by making small adjustments to the values of the CVs zi of each image

(i = 1, . . . , M). Here, initial pathways were generated via steered MD (SMD) simulations

by imposing a time dependence on the two first CVs, rSC and rS-[H], while allowing the

third CV rC-[H] to evolve freely. This initial SMD pathway was then discretized into an

ordered sequence of M images to produce an initial string in the subspace of CVs that was

initially relaxed for 1.2 ps of MD with harmonic restraints on the protein backbone prior

to the iterative optimization procedure. In the string method with swarms-of-trajectories

(SMwST), the small adjustments to the string are calculated as the average dynamical drift

from an ensemble of unbiased short MD trajectories of length τ , initiated from each of the

images.130
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At iteration k of the optimization cycle, each image i is first thermalized with a harmonic

biasing restraint with force constant Ki to keep its 3 CVs near z(k)
i . A progressive force con-

stant Ki of 1,000 kcal/mol·Å−2 was used to reset the CVs at their updated position. Those re-

straints are then released and the mean drift is determined from an ensemble (swarms) of un-

biased trajectories of length τ initiated from each image as, ⟨∆zi(τ)⟩(k) = ⟨zi(τ) − zi(0)⟩(k).

The position of each image i is then updated via z(k+1)
i = z(k)

i + ⟨∆zi(τ)⟩(k). During the

string relaxation, images are kept at an equal Euclidean distance between adjacent images

i and i + 1. in the space of the CVs.126 Reparametrization is necessary to prevent the

images from pooling at the free energy minima and keep the path well-resolved, especially

in high-energy transition regions. The SMwST iteration cycle is repeated until the mean

drift of all the images becomes parallel to the local tangent of the string and displays no

orthogonal component, ⟨∆z⊥
i (τ)⟩(k) = 0.130 Each cycle is made of 1) thermalization of the

atomic conformations via restrained simulations at the collective variables values defining

the images for 20 fs, and 2) launching from each image a swarm of 20, independent, 2 fs long,

unbiased trajectories. In the present calculation, the string reached convergence in about

174 iterations, after which the path was further refined for 7 iterations using the mean force

algorithm131 with trajectories lasting 4 ps. To monitor convergence at each iteration, we

calculate the average of the RMSD of each image with respect to the same image in the initial

path (path-RMSD) with respect to the initial path (see Supporting Figure A.1). A plateau

of this quantity means that the path is not changing anymore after updates. An alternative

approach to optimize a string pathway, which is consistent with the mean force acting on

each image in the space of the CVs, is to update the position of the images directly from

the deviations of the CVs relative to the reference position during the restrained trajectory

of iteration k, via z(k+1)
i = z(k)

i + ⟨∆zi⟩
(k)
(i) .131 Because the deviation of the CVs relative to

the reference position is related to the mean force exerted on each image in the CV subspace

at iteration k, ⟨F⟩i = Ki ⟨∆zi⟩(i), convergence is reached when ⟨F⟩i is parallel to the local
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tangent of the string for each image.131

Once the optimization has converged, the free energy profile along the resulting string,
{z1, z2, . . . , zM }, can be calculated by integrating the mean force for image 1 to n using the
trapezoidal rule,

W (zn) = W (z0) −
n−1∑
i=1

1
2

(
⟨F⟩i + ⟨F⟩i+1

)
· (zi+1 − zi) (3.2)

where ⟨F⟩i corresponds to the mean force calculated on image i, and zi corresponds to the

coordinates of image i in the CV space. The mean force of each image, ⟨F⟩i, was calculated

from equilibrium QM/MM simulations of about 200 ps in the presence of harmonic restraints

applied to the 3 CVs. A force constant Ki of 500 kcal/mol·Å−2 was used. The mean force

was determined from the deviation relative to the reference values of the optimized string,

⟨F⟩i = Ki ⟨∆zi⟩(i). The statistical uncertainty with respect to the free energy profile W (zi)

along the string stems from the estimated value of the mean force ⟨F⟩i at each image. Using

a bootstrapping block-averaging procedure, the statistical uncertainty on the mean force at

each image was determined to be on the order of 0.2 to 2.2 kcal/mol/Å. The cumulated

statistical error integrated from the bottom of a well to the top of the nearest barrier best

represents the uncertainty on the free energy profile. Those values are reported in Table 3.1.

3.2.3 PMF calculation of hydronium

To further characterize the reaction, the potential of mean force (PMF) of a hydronium

cation (OH+
3 ) leaving the binding pocket was determined from MD simulations based on

a classical MM force field. To compute the PMF, we used the enhanced sampling algo-

rithm WTM-eABF157;158 built upon a hybrid of the extended adaptive biasing force (eABF)

method159–162 with well-tempered metadynamics (WTM),163–165 implemented within the

colvars module156 of NAMD 2.14.152 The PMF is calculated as a function of the distance

between the center-of-mass (COM) of the atoms Sγ , Cβ , and Cα and that of the OH+
3 cation.
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The simulation system comprises the BTK kinase with bound ibrutinib in the anionic enolate

intermediate state, one hydronium cation, 18,396 water molecules, and 59 K+ and 52 Cl−

ions corresponding to a concentration of 0.176 and 0.156 M, respectively. The parameters of

the classical OH+
3 model were taken from Sagnella and Voth.166 The partial charges of the

negatively charged ibrutinib in the enolate intermediate state were approximated as Mulliken

charges from the QM/MM simulation (given in https://github.com/RouxLab/ibrutinib).

The initial configurations for each WTM-eABF window were generated by steered MD

(SMD) with the colvars module.152;156 For all of the simulations, the WTM bias temperature

was set to 3000 K. For the eABF algorithm, the extended fluctuation, or standard deviation

between the extended CV and the actual CV was set to 0.05 Å. The width of the bins for

accumulating forces in the one-dimensional PMF calculation was set to 0.2 Å. For efficiency,

the reaction pathway was separated into 3 windows, with the center window overlapping its

neighbors by 1 Å. The value of the distance was recorded from 3.0 to 15.0 Å. The free-energy

calculations were determined to have converged by the histogram of the sampling in each

bin along the distance and by differences in the gradient of the PMF between the first and

second halves of the simulation. The PMF and the associated gradient with the corrected z–

averaged restraint (CZAR) estimator160 were output by the colvars module from the eABF

data. The PMF was obtained from 2.6 µs of sampling in each window.

3.3 Results

3.3.1 Dynamics of the unlinked inhibitor associated with the binding pocket

The first step leading to BTK inhibition is the reversible bimolecular association of the

ibrutinib molecule to the kinase active site without the formation of a covalent bond with

Cys481. The initial diffusive association of ibrutinib with the kinase may occur according to

two scenarios, in which the side chain of Cys481 is either protonated (thiol) or deprotonated
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(thiolate). With an elevated pKa of about 7.7,167 the encounter is more likely to involve the

thiol form, which is the situation that we consider here. This part of the problem essentially

mirrors the familiar thermodynamic and kinetic behavior of a standard non-covalent kinase

inhibitor. But more information on the state of the system following this initial step, before

the chemical reactions begin, is needed to better understand how the covalent inhibition is

likely to proceed. To characterize the structural dynamics of the unlinked inhibitor associated

with the kinase active site, a 6.6 µs classical MD simulation was generated.

To provide a global view of the fluctuations of the unlinked ligand associated with the

BTK binding pocket from the 6.6 µs classical MD simulation, we calculated the 2D-PMF

as a function of the distance between the Cβ atom of the acrylamide warhead and the

Sγ atom of Cys481, together with the RMSD of the inhibitor from its crystallographic

binding pose (PDB ID: 5P9J132). The result is shown in Figure 3.4. The 2D-PMF shows
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Figure 3.4: 2D-PMF calculated from the 6.6 µs classical MD simulation as a function of the distance
between the Cβ atom of the acrylamide warhead and the Sγ atom of Cys481 along the x-axis, and the
symmetry-corrected RMSD of the inhibitor’s heavy atoms from its crystallographic binding pose along the
y-axis (PDB ID: 5P9J132). The deviation was calculated post-alignment of the binding pocket backbone
Cα’s (within 10 Å of the inhibitor) to the crystallographic structure.

that the ibrutinib molecule in the binding pocket fluctuates significantly while retaining its

binding pose. The average root-mean-square deviation (RMSD) of the inhibitor relative

to its crystallographic binding pose is 1.15 Å. The hydrogen bond between the carbonyl
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oxygen of the acrylamide warhead and the amide hydrogen of Cys481, which is present in

the crystallographic structure,132) fluctuates but is nonetheless maintained 93% of the time

according to a distance cutoff of 3.5 Å and and angle cutoff of 135◦. (Figure 3.5).

6.1 ÅCβ Sγ

χ1

3.8 Å
Cβ

Sγ

χ1

Figure 3.5: Two distinct orientations of the Cys481 side chain occurring during the MD trajectory of
unlinked ibrutinib associated with the BTK binding site have a direct impact on the interatomic distance,
rCS (sienna dashed), between the Cβ atom (sienna) of the warhead and the Sγ atom (yellow) of Cys481.
The larger interatomic distance of 6.1 Å shown in (top) occurs the most frequently (∼ 95% of the time)
when the χ1 dihedral of Cys481 (black dashed) is +50◦. The smaller interatomic distance of 3.8 Å shown
in (bottom) occurs infrequently (∼ 5% of the time) when the χ1 dihedral of Cys481 is -50◦. The hydrogen
bond (blue dashed) between the carbonyl oxygen (red) of the acrylamide warhead and the amide hydrogen
(white) of Cys481 observed in the crystallographic structure132) is present in both configurations.

A key feature of interest is the interatomic distance rCS between the Cβ atom of the

warhead and the Sγ atom of Cys481, the two atoms most directly involved in covalent

inhibition. The main results are shown in Figure 3.6. Two distinctive values of rCS occur,

corresponding to two different atomic configurations of the system (Supporting Figures A.2

and A.4). Figure 3.6 displays the histogram of this distance during the 6.6 µs classical MD
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Figure 3.6: Dynamics of the associated but not covalently bonded inhibitor from the 6.6 µs classical MD
simulation. (top) Histogram of the interatomic distance, rCS, between the Cβ atom of the warhead and the
Sγ atom of Cys481. Two states distinguished by the vertical dash line corresponding to a short and long
distance are populated by about 5% and 95%, respectively. They correspond to two different orientations
of the Cys481 side chain (Figure 3.5). (bottom) Log plot of the normalized time correlation function of the
two states displaying an initial rapid relaxation followed by a near exponential decay (slope of the fitted
dashed line is -0.059 ns−1 corresponding to a relaxation time of 17 ns).

simulation. The most prevalent state corresponds to a distance rCS of about 6.1 Å. Figure

3.5(top) displays this configuration, in which the side chain of the Cys residue is rotated,

keeping the Sγ atom away from the drug’s warhead. Figure 3.5(bottom) displays a second

state, occurring infrequently, with an average distance of 3.8 Å. This corresponds to an

“activated complex” where the chemical reactions leading to covalent inhibition may start.

This configuration is achieved by rotation of the cysteine side chain, bringing the Sγ atom

closer to the Cβ atom of the warhead of ibrutinib. Transitions between the two metastable

states are controlled by rotation of the rotation of the χ1 dihedral angle Sγ-Cβ-Cα-C of

Cys481 switching between -50◦ and 50◦ (see Supporting Figure A.2). About 95% of the

time, the inhibitor and the side chain of Cys481 are separated by a distance on the order of

6.1 Å, too far from one another to allow the initiation of the chemical reactions leading to
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covalent inhibition. According to the classical trajectory, the system is configured favorably

about 5% of the time to allow the formation of a covalent bond between the Cβ atom of the

warhead and the Sγ atom of Cys481. This configuration is shown in Figure 3.5(bottom).

3.3.2 Initial reaction pathways from SMD simulations

The string method aims at discovering the minimum free energy path and the free energy

along the path in the subspace corresponding to a large but finite set of selected CVs.126–131

Whereas transition path sampling (TPS) offers a sophisticated strategy for determining the

reaction mechanism of enzymes,168–170 it can be computationally prohibitive when multiple

metastable states are encountered along a reaction pathway. The string method offers a

computationally attractive alternative by aiming to construct an optimal reaction pathway

directly over the free energy surface in the subspace of CVs.

To obtain an optimized string mapping of the covalent inhibition process, it is necessary

to provide an initial reaction pathway that includes all three chemical events of interest.

For this purpose, a series of 10 steered MD (SMD) simulations were generated with the

QM/MM model starting from 10 independent equilibrium configurations of the reactant

state (Supporting Figure A.5). During the SMD simulations, the dynamical evolution of

the CVs was enforced via time-dependent harmonic restraints to induce two of the chemical

steps involved in the covalent inhibition. The change in the interatomic distance between

the warhead Cβ atom and the Cys481-Sγ atom (rCS) enforces the formation of the covalent

bond, and the change in the generalized mean distance (rS-[H]) controls the deprotonation

of the Sγ atom to its surrounding solvent molecules. Including only these two distances in

the SMD while allowing the generalized mean distance (rC-[H]) controlling the protonation

of the Cα atom to evolve freely resulted spontaneously in a complete reaction pathway in

6 out of 10 SMD simulations. A typical SMD trajectory of this type of event is shown

in Figure 3.7a. In the remaining 4 cases, the protonation of the Cα atom did not occur
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spontaneously upon the formation of the Sγ-Cβ covalent bond and the deprotonation of the

Sγ atom. In this case, the proton is transferred from Sγ to the nearby water molecules

and takes the form of a solvated hydronium cation in the neighborhood of the ligand. To

complete the reaction in these 4 cases, the generalized mean distance (rC-[H]) controlling

the protonation of the Cα atom was controlled via a time-dependent harmonic restraint

in a subsequent SMD simulation (Supporting Figure A.6). A typical SMD trajectory of

this type of event is shown in Figure 3.7b. Two distinct mechanistic pathways could be
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Figure 3.7: Dynamical evolution of the CVs during SMD simulations. The evolution of the first two CVs,
rCS (green line) and rS-[H] (blue line), was enforced through time-dependent harmonic constraints. The
third CV, rC-[H] (red line), was allowed to evolve freely during the SMD simulations. (top) The entire
covalent inhibition reaction including the Cα protonation reaction takes place spontaneously. (bottom) In
the SMD simulations where the reaction paused at the enolate intermediate, the evolution of the third CV,
rC-[H] was enforced during a subsequent SMD simulation to finalize the Cα protonation.

identified from the 10 independent SMD simulations (Supporting Figure A.7). The first

one involves a single water molecule in the deprotonation/protonation events of the Sγ and

Cα atoms, respectively. Figure A.7 depicts this direct route followed by the proton during

the deprotonation and protonation events. In 5 of the 6 cases where the protonation of
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Cα occurred spontaneously, the same proton was transferred from the Sγ atom to a water

molecule, and then to the Cα atom of the warhead. The 4 cases where the effective distance

rC-[H] was included in SMD correspond to a more indirect route of a proton on its way to the

Cα atom. Once the proton is transferred from Sγ , a series of local transfers may lead to the

stabilization of a solvated hydronium ion in the QM water molecules. As discussed below,

the possibility that this hydronium cation may diffuse away in solution then results in a long-

lived anionic enolate intermediate state. A comparison of the 10 pathways generated by the

SMD simulations is shown in Figure A.5. These initial pathways do not show a correlation

between the 3 reactions. However, since 6 of the 10 pathways exhibit a spontaneous Cα

protonation upon covalent bond formation, this suggests a possible correlation between these

two reactions. However, the initial reaction pathway from SMD only represents a crude

approximate transition reaction path. Results from SMD trajectories may be affected by the

nonequilibrium time-dependent forces steering the atoms. To better assess the correlation

between microscopic events, it is necessary to go beyond the results from simple SMD.

3.3.3 Optimized reaction pathway from the string method

To construct an initial string pathway, a set of 32 configurations spanning the transition

were selected from the SMD trajectory. The 32 configurations were chosen to have the

same Euclidian distance between adjacent images, calculated in the subspace of the 3 CVs,

rSC, rS-[H], and rC-[H], to generate an initial string with equally spaced images. A total

of 10 initial string pathways were generated and then optimized in CV space using the

string method with swarms-of-trajectories (SMwST).130 The evolution of the 3 CVs along

the optimized string, shown in Figure 3.8 (top panel), is suggestive of strong correlations

between the three chemical reactions of interest. In particular, the deprotonation of the

Sγ atom (blue line) only begins after the Cβ-Sγ distance is 3.8 Å. The deprotonation of

the Sγ atom is not initiated while the ligand is at a larger distance. Once the Sγ atom is
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Figure 3.8: Results from the optimized string for the direct pathway. (top) Evolution of the CVs (in Å)
and associated PMF (in kcal/mol) along the optimized string. The four metastable states along the
reaction corresponding to local free energy minima are indicated in the PMF. (bottom) Typical
configurations corresponding to the four metastable states along the reaction: state 1: the associated
ibrutinib in the binding pocket with an interatomic distance between the Cβ atom (sienna) of the warhead
and the Sγ atom (yellow) of Cys481 of 3.7 Å); state 2: thiolate intermediate after deprotonation of the
Sγ-Cys481 atom; state 3: enolate intermediate after formation of the the Sγ-Cβ covalent bond, state 4:
completed reaction after the Cα protonation occurred. Results from the optimized string for the indirect
pathway are shown in Supporting Figure A.8.
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deprotonated, a hydronium cation hovers in the vicinity of the acrylamide warhead (state

2 in Figure 3.8). This shows that the deprotonation of the cysteine is an integral part of

the reaction that occurs in the presence of the ligand rather than an event that takes place

independently. Consistent with this observation, Awoonor-Williams and Rowley showed

that the noncovalent binding free energy of an ibrutinib-like inhibitor of BTK with a t-butyl

cyanoacrylamide warhead varied from −7.4 kcal/mol for the neutral (protonated) cysteine

to −11.4 kcal/mol for the deprotonated thiolate form.81 The difference in the calculated

noncovalent binding free energy is indicative of the coupling between the deprotonation of

Cys481 and the presence of the ligand, suggesting that this step must be treated as part of

the full chemical reaction pathway. This suggests that quantifying the pKa of the cysteine

side chains, albeit useful for characterizing the accuracy of the computational models, may

be of limited significance in predicting the selectivity of covalent kinase inhibitors.125

The product state of the initial deprotonation of Sγ coincides with the shortening of the

Cβ-Sγ distance (green line), leading progressively to the formation of the covalent bond.

The formation of the Cβ-Sγ covalent bond appears to trigger the protonation of the Cα

atom (red line). Figure 3.8 (central panel) shows the free energy profile calculated along the

optimized string. The local free energy wells can be directly related to the main states along

the reaction pathway, the unlinked-associated drug (state 1), the thiolate intermediate with

the deprotonated Sγ atom of the Cys481 residue (state 2), the anionic enolate intermediate

with covalently bound ibrutinib (state 3), and the final product with protonated-Cα (state

4).

Consistent with the Michael addition reaction (Figure 3.2), the pathway from the string

shown in Figure 3.8 displays four distinct states with three chemical steps. Based on the PMF

shown in Figure 3.8, the relative stability of the metastable intermediate states along the

reaction pathway is roughly similar until the final product, which is considerably more stable.

It is unclear how this aspect of the results may be affected by the accuracy of the QM method,
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as well as the reliance on the one-dimensional reaction pathway (string) in the subspace of

the CVs. In a cleverly designed strategy, Awoonor-Williams and Rowley determined the

thermodynamic stability of all metastable intermediate states of an ibrutinib-like covalent

inhibitor of BTK with a t-butyl cyanoacrylamide warhead using a combination of QM/MM

simulations together with an alchemical free energy method.81 Although an alchemical free

energy method is not designed to map out an optimal pathway along a multi-step reaction,

it could be used to rigorously address issues of thermodynamic stability for all well-identified

intermediate chemical states.

To gain further insight into the mechanism of covalent inhibition, we estimate the transi-

tion rate from all the steps displayed in Figure 3.8. For the sake of simplicity, the transition

rate from the reactant (r) to the product (p) for each of these steps is approximated within

the framework of classical transition state theory (TST),171;172

kr→p = e−W (s†)/kBT∫
r e−W (s)/kBT ds

⟨ṡ θ(ṡ)⟩ (3.3)

where the reaction coordinate s is the arc length along the string, and s† is the transition

state between the reactant “r” and the product “p”. The quantity ⟨ṡ θ(ṡ)⟩ represents the

average forward velocity of the CVs projected along the string. The transition rate can

be expressed as, kr→p = e−∆W †/kBT ⟨ṡ θ(ṡ)⟩ /Lr, where ∆W † = W (s†) − W (sr) is the

activation free energy, sr represents the position of the minimum in the reactant well, and

Lr =
∫
r e−[W (s)−W (sr)]/kBT ds, is the effective length of the reactant well “r”.

The results are summarized in Table 3.1. The average forward velocity of the CVs pro-

jected along the string for the Cα-Sγ bond reaction (2-3 and 3-2 transitions) is 2.27. Å·ps−1,

matching closely the value from Maxwell’s distribution for the carbon-sulfur reduced mass,

(kBT (mC + mS)/(2π(mCmS))1/2 = 2.14 Å·ps−1. The average forward velocity of the CVs

projected along the string for the proton transfer reactions (1-2, 2-1, 3-4, and 4-3 transitions)

is on the order of 8.70 Å·ps−1, slightly larger than the value from Maxwell’s distribution for
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Table 3.1: Estimated rates from transition state theory

Transitiona ∆W (s†) Lr ⟨ṡ θ(ṡ)⟩ kij

i to j (kcal/mol) (Å) (Å·ps−1) (s−1)
1 to 2 12.35 ±1.3 0.48 8.74 1.84 × 104

2 to 1 2.69 ±1.0 0.42 8.74 2.25 × 1011

2 to 3 5.61 ±0.6 0.42 2.27 4.42 × 108

3 to 2 9.91 ±0.7 0.19 2.27 7.28 × 105

3 to 4 5.01 ±0.7 0.19 8.68 1.03 × 1010

4 to 3 26.44 ±1.0 0.34 8.68 1.41 × 10−6
aState 1: unlinked-associated inhibitor, state 2: thiolate, state 3: enolate, and state 4: final product.

a single proton, (kBT/(2πmH))1/2 = 6.31 Å·ps−1 (using the reduced mass does not change

this value significantly). Because TST ignores recrossings and assumes a transmission coef-

ficient of 1, the transition rate estimates are upper bounds.172;173 Thus, the approximate

values in Table 3.1 are expected to be overestimated. However, the limited accuracy of the

semi-empirical QM method used is likely to be of greater importance.81;153;174.

One important value from Table 3.1 is the transition rate from the final product to

the enolate intermediate (k43), which is extremely slow (1.41 × 10−6 s−1). Essentially, the

covalent inhibition is irreversible according to the calculations. The string reaction pathway

displays a direct and highly concerted proton transfer from the Sγ atom of Cys481 to the

Cα atom of ibrutinib. In principle, this process is possible, as long as an excess proton

remains present inside the kinase binding pocket in the vicinity of the inhibitor. While

the attractive electrostatic interactions between the excess proton and the anionic enolate

intermediate oppose the dissociation of the excess proton from the binding pocket, the latter

should ultimately be able to escape and diffuse into the bulk solvent. The absence of an

excess proton in the binding pocket could then give rise to a long-lived enolate intermediate

state, as the system must wait for a new proton coming from the bulk solution to complete

the reaction. A picture of metastable state 2 in Supporting Figure A.8 hints at the diffusion

of a solvated proton away from the binding pocket. However, in the context of the QM/MM

simulation, dissociation cannot occur because the excess proton is artificially held captive
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by the finite number of water molecules in the QM region. To characterize the escape

process, the PMF of a hydronium cation was calculated as a function of its distance to

the ligand using MD simulations based on a classical MM force field with the enhanced

sampling algorithm WTM-eABF.157;158 The calculated PMF is shown in Figure 3.9. Based
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Figure 3.9: PMF for a hydronium cation escaping from the binding pocket into the bulk solvent, leaving
a negatively charged enolate intermediate.

on the PMF, the proton escaping from the binding pocket encounters a free energy barrier

of about 3.6 kcal/mol. The escape rate of the hydronium cation from the binding pocket to

the bulk solution (Figure 3.9) can be estimated in the high friction diffusive limit from the

Kramers-Smoluchowski theory,175;176

kdiff = D

2πkBT
(W ′′(rb) |W ′′(r†)|)1/2 e−∆W †/kBT (3.4)

where D is the H+ diffusivity, r† is the transition state (5.3 Å), W ′′(rb) is the second

derivative in the reactant well, W ′′(r†) is the second derivative at the transition state, and

∆W † is the activation free energy. Using the H+ diffusivity of 0.93 Å2/ps in bulk water177

yields an escape rate of about 2.2×109 s−1. Assuming that the association rate of a solvated

proton with the binding pocket is diffusion-limited, yields a rate on the order of 4.02 × 102

s−1 at a physiological pH of 7.4.

The present results can be compared with a previous QM/MM computational study

on covalent inhibition of BTK by ibrutinib based on the density-functional tight-binding

61



(DFTB3) method.123 Partial free energy surfaces were generated from umbrella sampling

QM/MM simulations to determine the reaction pathway, leading to the conclusion that the

mechanism for the deprotonation of Cys481 involved a direct proton transfer to the carbonyl

oxygen atom of ibrutinib, resulting in a Cys-[Sγ/C]OH+ ion pair.123 This led to the proposal

that the formation of the Cβ–Sγ bond leads to an enol complex and subsequently by a

solvent-assisted keto–enol tautomerization step to form the covalent keto product.123 This

conclusion stands in contrast with the present results, where the proton leaving the sulfur

atom of Cys481 is immediately captured by nearby water molecules in the binding pocket,

and the subsequent protonation of the Cα comes also from the solvent. An important factor

that may be responsible for the considerable difference in the proposed mechanisms is the

selection of the atoms treated as part of the QM region. The previous study included all

of the ibrutinib molecule and the side chain of Cys481 but only a single water molecule

hydrogen bonded to the carbonyl oxygen of the acrylamide as part of the QM region.123

In the present study, the QM region included the ibrutinib acrylamide warhead and its

neighboring pyrrolopyrimidine group, the entire Cys481 residue together with the backbone

atoms of Gly480 and Leu482, and also 16 water molecules (within 3.6 Å from the center

of the reaction). These water molecules represented at the QM level are critical for the

protonation and deprotonation steps observed along the reaction pathway determined from

the string method.

3.3.4 Kinetic implications

The quantitative results from the string method based on QM/MM simulations reported in

Figure 3.8 and Table 3.1 provide considerable insight into the reaction pathway. Nonetheless,

it is difficult to appreciate how these results relate to experimental observations. From this

point of view, it is important to try putting the present results in a broader context regarding

the time course of covalent inhibition of BTK by ibrutinib. The information gained from the
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classical MD simulations of the associated and unlinked inhibitor, and the string reaction

pathway from QM/MM simulations allow us to go beyond the generic picture that was shown

in Scheme 3.1 in representing the covalent inhibition process in some detail.
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Scheme 3.2: Detailed binding mechanism informed by molecular dynamics simulations

To make progress, we represent the overall time-course of inhibition with the more elab-

orate Scheme 3.2, encompassing the microscopic steps of Michael addition suggested from

the calculations. The simple association of the ligand to the kinase active site is a reversible

process that is similar for non-covalent as well as covalent inhibitors. While the ibrutinib-

BTK non-covalent dissociation constant, Kd (i.e. Ki), could be calculated using free energy

simulations with some efforts,81;178 this is unlikely to significantly affect the main conclu-

sions. For the purpose of our numerical simulations of the kinetic model, a Kd of 1 nM was

chosen, broadly consistent with available experimental ibrutinib data, reporting values of

10,179 1.9,180 and 0.64 nM.181 A residence time τm of 15 minutes was assumed, which is a

reasonable estimate compared to similar ligands. Once associated with the binding pocket,

the non-covalently bonded ligand undergoes dynamic fluctuations. According to the classical

MD simulation of the unlinked-associated inhibitor, about 5% of the configurations yield a

warhead that is favorably positioned to allow the subsequent chemical reactions to proceed

(although this number may require further attention). The rate of exchange between the

loosely-associated and well-positioned ligand, E•••I E••I, is very fast, and only the relative

population of the two states matters (Figure 3.6). This is represented in Scheme 3.2 by a

µs-timescale rate constant, kconf, scaled by the equilibrium probability of each conformation.

The process of covalent inhibition of BTK by ibrutinib was simulated within the frame-

work of Scheme 3.2 by solving the ordinary differential equations (ODEs) numerically with
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the transition rate constants estimated above. The results are illustrated in Figure 3.10.

In the initial phase, the population of the state E•••I, corresponding to the unlinked ligand
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Figure 3.10: Numerical simulation of Scheme 3.2. (top) Time course of the different states when
[I] = 1.72 × 103 nM ≈ KI and [E] = 1 nM. The observed rate constant of [E−I], kobs, was 0.90 s−1. Because
it is assumed that [I] >> [E], the inhibitor concentration remains essentially constant with time. (bottom)
The variation of kobs over [I] (black solid), the two-step curve kobs = kinact[I]/(KI + [I]) (red dashed), and
the one-step line kobs = Ceff[I] (dark-gray dashed). Fitting the two-step curve yielded KI ≈ 1.72 × 103 nM,
kinact ≈ 1.8 s−1, and Ceff ≈ 1.04 × 10−3 nM−1s−1.

loosely associated with the binding pocket, transiently rises and then decays over time. The

population of the state E••I, corresponding to the unlinked ligand with the warhead posi-

tioned favorably, also peaks with the state E•••I but always remains smaller (roughly 5% of

the combined population of the two unlinked states). The observed rate constant, kobs, is ob-

tained by fitting a generic growth factor, Occcov(t) = [E]0(1−e−kobst) to the time-dependent

occupancy of the covalently-bound state, E−I.87;105

Figure 3.10 (top) exemplifies a lag phase in covalent occupancy due to intermediate steps

that are quick to equilibrate yet heavily in favor of non-progressive states. This affects

the quality of the fitted Occcov(t), and it may go unnoticed in experiments due to lower
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Table 3.2: Experimental estimates of kinetic parameters of BTK inhibition by ibrutinib

KI (nM) kinact (s−1) Ceff (nM−1s−1) Reference

425 9.00 × 10−2 2.1 × 10−4 Watterson et al.182

54.2 2.66 × 10−2 4.8 × 10−4 Kaptein et al.183

0.95 1.10 × 10−2 1.2 × 10−2 Hopper et al.184

4.8 1.83 × 10−3 3.8 × 10−4 Liang et al.185

3.3 × 10−4 Toenjes et al.186

temporal and state resolution. For systems designed to accumulate in an intermediate state,

this deviation may significantly hinder the drug’s evaluation. For example, a well-performing

warhead may be overlooked if the same drug has a much higher propensity to exist in an

unfavorable conformation compared to its inverse. Despite the deviations, this analysis

remains useful for interpreting the rate constants reported herein through an experimental

lens.

The variation of kobs as a function inhibitor concentration, [I], is then fit to kobs =

kinact[I]/(KI + [I]) for the inhibition constant, KI, and the inactivation rate constant, kinact

(Figure 3.10, bottom). A reaction may appear one-step in both non-saturating ([I]<< KI)

and saturating ([I]>> KI) conditions. These linear approximations are distinguishable by

the Y-intercept, where an intercept of 0 yields a slope equivalent to the covalent efficiency,

Ceff = kinact/KI. The latter is often sufficient for evaluating covalent inhibitor potency,

especially in preliminary screenings where practical challenges for resolving kinact and KI

are not justified.41

The simulations of the kinetic model yield an estimated covalent efficiency, Ceff , of 1.04 ×

10−3 nM−1s−1, an apparent inhibition constant, KI, of 1.72 × 103 nM, and an apparent

inactivation rate constant, kinact, of 1.8 s−1. While the magnitude of Ceff from the present

computations is in good agreement with the data reported in Table 3.2, the inactivation rate

constant is, depending on the reference, overestimated by a factor of 20,182 67,183 163,184 or

983185 (the latter appears to be an outlier and will be omitted from the following discussion).

A number of factors could be at the origin of the overestimated inactivation rate constant,
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kinact. In particular, the approximate TST transition rates from Table 3.1 assume a trans-

mission coefficient of 1 and are expected to be overestimated.172 Nonetheless, a survey of

computed transmission coefficients in enzymatic reactions indicates that they vary between

0.36 and 0.99, suggesting that these effects are relatively modest.173 More importantly, we

used a population of 5% for the conformation in which the warhead is positioned favorably

to allow the chemistry to proceed based on the analysis of the 6.6 µs classical MD simula-

tion of the unlinked inhibitor associated with the kinase binding pocket. However, as this

simulation was started from the coordinates of the crystallographic structure of ibrutinib

covalently linked to BTK, it is quite possible that the population of conformations with a

favorably positioned warhead was overestimated. Although the dynamics of the unlinked

ligand has no bearing on the subsequent chemical reactions described by the QM/MM sim-

ulations, the population of conformations with a favorably positioned warhead has a direct

impact on the apparent inactivation rate. For instance, the discrepancy with the experimen-

tal rate of inactivation is immediately reduced by a factor of 5 if we assume a population of

1%, showing that the apparent inactivation rates can be altered by modulating the confor-

mational dynamics of the unlinked ligand associated with the kinase active site. Finally, a

likely factor for the disagreement with experimental data is the height of free energy barriers

for the chemical steps determined from the semi-empirical QM method. The free energy

barriers bear also some statistical uncertainty due to the finite sampling (Table 3.1). With

a population of conformations with a favorably positioned warhead of 5%, the experimental

inactivation rate is matched exactly if one assumes a uniform increase of 1.8-3.0 kcal/mol for

all the free energy barriers given in Table 3.1, but this is reduced to 0.8-2.1 kcal/mol if one

assumes a population of 1% (excluding the results from ref 185). Even though the overall

accuracy of the free energy barriers deserves further attention, which specific step may be

the most inaccurate is not immediately clear. For example, even though the initial deproto-

nation of Cys481 is the slowest step along the present pathway, experimental exchange-rate
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studies have shown that the equilibrium between the protonated and deprotonated states of

solvent-exposed cysteine side chains is fast.187–189 Moreover, a similarly small free energy

barrier for the chemical reaction leading to the formation of the enolate intermediate com-

plex was obtained using umbrella sampling QM/MM simulations in the case of a t-butyl

cyanoacrylamide warhead ligand.81

It is noteworthy that, according to the simulation of the kinetic model, about 82% of co-

valent inhibition results from reaction steps following the direct pathway, without escape of

the excess proton to the bulk solution. Because the bimolecular association rate of a proton

within the binding pocket depends on the [H+] concentration, this suggests the possibility of

a long-lived enolate intermediate state at high pH. The existence of direct and indirect routes

leading to covalent inhibition, with the excess proton either remaining within the binding

site or escaping to the bulk, represents an intriguing departure from the expected mecha-

nism for a Michael addition in solution. Although of a different character, a direct proton

transfer mechanism was also proposed in the QM/MM simulation study of Mulholland and

co-workers.123 Even though computational studies are burdened by a number of approxima-

tions, the concept of a direct proton transfer pathway leading to covalent inhibition within

the confine of the kinase binding pocket should be considered carefully.

Lastly, it is worth pointing out that Scheme 3.2 assumes that the initial diffusive en-

counter and non-covalent association of ibrutinib with the kinase occurs with a protonated

Cys481. Because of the elevated pKa of 7.7, this is the most likely scenario, as the equilib-

rium population distribution of the thiol and thiolate are about 0.67 and 0.33, respectively.

It is possible to expand the kinetic scheme to account for a scenario in the initial encounter

involves the thiolate form (see Scheme A.1 in Supporting Information). Solving the ODEs

numerically while accounting for this expanded scenario (Supporting Figure A.9) and inte-

grating the net flux for the thiolate−enolate transitions, Φ(t) = P(t.)(t)k23 − P(e.)(t)k32,

over the time course of the reaction shows that these ratios remain and that the dominant
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reaction pathway involves an encounter with the thiol form to about 67%, and 33% with the

thiolate form. The overall kinetic behavior of the model with respect to the final state, E−I,

is not greatly affected when including the encounter with the thiolate form. The covalent

efficiency Ceff , is 1.01 × 10−3 nM−1s−1, the apparent inhibition constant, KI, is 2.83 × 103

nM, and the apparent inactivation rate constant, kinact, is 2.86 s−1. The kinetic behavior

of the total occupancy is identical between the two mechanistic reaction schemes. The two

possible reaction pathways are compared via a schematic free energy diagram of all the states

and transitions in Supporting Figure A.10. This analysis shows that the dominant reaction

pathway corresponds to the encounter and non-covalent association with the thiol form of

Cys481.

3.4 Conclusion

A computational approach was used to study the mechanism of covalent inhibition of BTK by

ibrutinib. MD simulations based on classical force field indicate that the unlinked inhibitor

associated with the kinase binding pocket undergoes considerable fluctuations and that only

a small fraction of configurations position the ligand favorably to permit the initial chemical

steps toward covalent inhibition. The complete reaction pathway leading to the formation

of the covalent bond of the ibrutinib acrylamide warhead with Cys481 via a Michael addi-

tion was determined with the string method in collective variables on the basis of QM/MM

simulations. The string pathway shows that there is a strong correlation between the co-

valent bond formation and the protonation/deprotonation events taking place sequentially

in the covalent inhibition reaction in a sequence of 3 steps. Two possible mechanisms could

affect the deprotonation/protonation events from the thiolate to the enolate intermediate: a

highly correlated direct pathway involving one or a few water molecules, and a more indirect

pathway involving the escape of H+ to the bulk. The possibility of a direct proton transfer

pathway leading to covalent inhibition within the confine of the kinase binding pocket rep-
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resents an intriguing departure from the expected mechanism for a Michael addition in bulk

solution. About 82% of covalent inhibition results from reaction steps following the direct

pathway, without escape of the excess proton from the binding pocket to the bulk solution,

suggesting the possibility of a long-lived enolate intermediate state at high pH. Although the

calculated apparent inactivation rate is faster than the value reported from experiment,183

the discrepancy is strongly affected by the fluctuations of the unlinked ligand associated

with the kinase binding pocket and the probability that the warhead is positioned favorably

to allow the chemistry to proceed. The experimental inactivation rate is matched exactly if

one assumes a relatively modest uniform increase of 1.8-3.0 kcal/mol or 0.8-2.1 kcal/mol if

a population of conformations with a favorably positioned warhead of 5% or 1% is assumed,

respectively.

Ultimately, to achieve a quantitative description of covalent inhibition, the present ex-

ercise will have to be repeated with more extensive sampling from longer simulations along

the optimized path collective variables190 using QM methods of higher accuracy,191;192

more sophisticated treatments of the system’s conformational dynamics,193–195 and of the

transition kinetics.172–174;196;197 Despite its limitations, it is hoped that the present effort

provides a useful overview of the different microscopic factors affecting the mechanism of

covalent inhibition.
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CHAPTER 4

MOLECULAR DYNAMICS-GUIDED DESIGN AND

CHEMOPROTEOMIC PROFILING OF COVALENT KINASE

ACTIVITY PROBES

Reproduced in part with permission from Chakraborty, P.,† Carlos, A.,† Thomas, T.,† Ghaby,

K., Fathi, S., Sharma, M., Nguyen, N. K., Farmwald, M., Blachowicz, L., Alcyone, E., Harter,

K., Yu, S., Pillai, K. S., Roux, B. & Moellering, R. E. Molecular Dynamics-Guided Design

and Chemoproteomic Profiling of Covalent Kinase Activity Probes. Journal of the American

Chemical Society 148, 12641–12654 (2026).198 Copyright 2026 American Chemical Society.

The published version is available at https://doi.org/10.1021/jacs.5c18691. †These

authors contributed equally. My main contribution was the kinetic modeling. Chemical

syntheses and NMR validation are omitted from the Supplementary Information.

Abstract

Covalent small molecule activity probes can be powerful tools to interrogate protein func-

tion in native cellular environments. The design of family-wide activity probes requires

an understanding of the molecular sources of general targeting potential and specificity

to enable broad targeting of protein family members. Here, we developed and applied a

multifaceted docking and molecular dynamics (MD) simulation pipeline to design and test

cell-permeable covalent kinase activity probes from a set of hinge-binding pharmacophores.

This computationally-guided approach yielded a new cell-active probe, K60P, which targets

around 114 kinases across distinct kinase classes in live cells by targeting the conserved

active site lysine. Chemoproteomic profiling of this probe and a clinical candidate sharing

the same indazole core, KW-2449, identified kinase and non-kinase target profiles that differ

from recombinant protein assay profiles, underscoring the utility of native kinase profiling
70
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in situ. Bayesian Metropolis Monte-Carlo (BMMC) sampling modeling applied to single

dose- and time- response data identified covalent efficiency and kinact as key parameters for

performance of covalent probes. Finally, focused molecular dynamics simulations revealed

that K60P, as well as the comparator probe XO44, preferentially engage with target kinases

in their active, DFG-in conformations, which is driven by increasing population of reaction-

ready small molecule conformation. These results together establish a computational and

kinetic modeling framework for designing covalent activity probes and highlight the balance

of target selectivity and kinetic efficiency as a key factor in determining their proteome-wide

reactivity.

4.1 Introduction

Protein kinases are involved in regulation of diverse cellular processes, including metabolism,

cell cycle control, transcription, cell migration and cell death. Aberrant kinase activity con-

tributes to many diseases, most notably cancers, where mutation, translocation, or ampli-

fication of specific kinases can contribute to unchecked proliferative signaling. Advances in

medicinal chemistry and structure-based design have resulted in the development of small

molecule inhibitors and FDA-approved drugs targeting conserved ATP-binding active sites

of dozens of kinases for various disease indications. However, the fine-tuning of potent activ-

ity over structurally related kinases is an important aspect of kinase inhibitor development.

In particular, identification of the on- and off-target interaction across the kinome as well as

the broader proteome remains a challenge, and many kinase inhibitors are known to exhibit

polypharmacology.179;199–203 The disparity between recombinant assays compared to that

against native kinase targets in cells is well known. Technologies like KinomeScan,202;203

Kinobeads,179 and KiNativ204 have been widely deployed to identify the target landscape

of kinase inhibitors using either recombinant proteins or native proteins in cell lysates. How-

ever, these approaches suffer from several drawbacks. For instance, KinomeScan requires the
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genetic engineering or purification of recombinant proteins, typically just interrogating the

catalytic domain of target kinases and thereby does not replicate native cellular conditions.

Kinobeads utilize immobilized kinase inhibitors to scan for native protein kinase binding in

cell lysates, and KiNativ employs a reactive ATP-mimetic probe to label active kinases; both

technologies perform these measurements in the artificial cell lysate environment. There re-

mains a need for in situ profiling of native kinases and streamlined proteomic workflows to

profile small molecule probes and potential selective therapeutics.

Covalent small molecules are attractive as both probes and therapeutics due to their

potential for increased potencies, improved target residence kinetics, and high selectivity.

Recently, several cysteine-targeted covalent drugs have been approved in cancer, includ-

ing molecules targeting wild-type cysteines adjacent to the ATP binding site in protein

kinases205;206 or neomorphic mutant cysteines in GTPases like k-RAS.207 Targeting non-

catalytic cysteines near the ATP-binding site has served as a general approach to design

irreversible kinase probes, including several FDA-approved drugs.118;208 Expansion to other

nucleophiles like lysine and tyrosine is increasingly gaining popularity to expand the tar-

getable kinome due to the absence of druggable cysteines near the active site of many ki-

nases. Activated esters, vinyl sulfones, sulfonamides, and sulfonyl fluorides have been used to

target lysines.209 In particular, sulfonyl fluorides have been widely used to target lysines due

to their desired reactivity and hydrolytic stability in biological environments. For example,

Taunton and coworkers installed a sulfonyl fluoride warhead on pyrimidine 3-aminopyrazole,

which is a promiscuous kinase-binding scaffold, to generate a general lysine-reactive kinase

probe (XO44) that can label active kinases directly in cells. XO44 and its fluorosulfonate and

aldehyde analogs have been used to profile the catalytic lysines of the kinome,210;211 per-

mitting interrogation of hundreds of kinases. However, XO44 targets a subset of the kinome

and requires downstream click-chemistry labeling for target detection and quantification, po-

tentially limiting applications like spatial or low-sample-input profiling.212–216 Additionally,
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XO44 also labels many other proteins owing to its highly reactive sulfonyl fluoride covalent

warhead, raising the question of whether less reactive kinase probes could be useful for in-cell

or live tissue profiling studies.

Here, we elaborate a virtual screening workflow that combines docking and molecular

dynamics (MD) to develop and study several covalent kinase activity probe scaffolds. This

work follows considerable recent interest in applying and expanding computational screening

methods for the design of covalent ligands.64;68 Guided by the computational modeling, we

considered several core kinase-targeting scaffolds and ultimately synthesized and tested a

novel sulfonylfluoride-modified indazole probe, K60P, that targets the catalytic lysine of

kinases, specifically in their active conformations, in vitro and in cells. We also synthesized

a biotinylated XO44 analog, X4K, to enable click-free in-cell protein labeling and streamline

readouts and included it as a comparator in our proteomics and biochemical assays. Our

integrated computational, biochemical, and cell-based profiling workflow helped rationalize

kinetic determinants of selectivity and potency for specific kinases, including ABL1 as a

model kinase.

4.2 Results

4.2.1 Computational design of covalent kinase activity probes identifies

K60P as candidate

When considering core kinase-targeting for the design of cell permeable activity probes,

we focused on several hinge-binding scaffolds with reasonably promiscuous in vitro kinase

profiles. These included amino-pyrazoles, pyridyl-imidazoles, indazoles and others, which

are found in pre-clinical and clinical kinase inhibitors (e.g., sunitinib217 and KW-2449218).

To identify permissive sites for covalent warhead introduction around these hinge-binding

core scaffolds, we developed a computational workflow comprised of docking followed by MD
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simulations. From initial studies and published in vitro kinome profiles,202;203 we determined

that the compact indazole pharmacophore related to the phase 1 clinical candidate KW-2449

was a suitable starting point for development of pan- or multi-kinase covalent probes. We

determined the analog space to screen based on inspection of the predicted bound pose of

KW-2449, inferred from its shared scaffold with axitinib, which has been co-crystallized

with ABL1.219 We also aligned representative members from seven kinase groups against

the ABL1/KW-2449 model (Figure 4.1A, Figure B.1A) which revealed conserved alignment

of hinge-binding residues and proximity of conserved catalytic lysines to the indazole and

amino pyrimidine cores of KW-2449 and XO44, respectively. The alignment also highlighted

the need to stay clear of the gatekeeper residue to avoid individual kinase selectivity.220

We focused on a library of analogs containing a phenylsulfonyl fluoride group introduced

at the 4, 5, or 6 positions of the indazole heterocycle connected with linker lengths of 0,

1, or 2 atoms (Figure 4.1B, Figure B.1B). Initial docking was performed as a coarse screen

to rapidly eliminate analogs where the addition of the linker and phenyl group introduced

steric clashes or positioned the warhead outside of the binding pocket. The receptors for

docking were 4WA9 (ABL1 + axitinib), 5K9I (SRC + XO44), and 3G0E (KIT + sunitinib),

and were chosen based on ligands of interest and to expand the binding cavity around

potential scaffold modification positions.210;219;221 Analogs that docked in multiple viable

poses across multiple receptors were considered to have the highest potential. From this

evaluation, analogs modified at the 5 or 6 position of the indazole, with linker lengths of 0

or 2 atoms were identified as the most promising cores for further study. We also included

designs with a retrievable desthiobiotin or biotin tag linked to the piperazine of the KW-2449

pharmacophore for further computational screening, since neither tag interfered with target

binding.

We subjected 12 analogs to further scrutiny by conducting unbiased MD simulations

of their covalently linked complex, further expanding the set of analogs to account for the
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possibility of attaching the warhead at the ortho-, meta-, or para- positions of the phenyl

ring. Each analog was initially aligned to the crystallographic pose of axitinib in ABL1 kinase

(PDB ID: 4WA9, chain B). A covalent bond was then introduced in the force field between

the conserved Lys271 in ABL1 and the electrophilic warhead sulfur for each analog. The

systems were equilibrated with the ligand’s indazole nitrogens and protein restrained, prior

to being released for 100 ns of unbiased MD simulation with explicit solvent. The structural

strain of the covalently linked pose was evaluated over the final 10 ns of MD as a combination

of two metrics: 1) the position of the ligand indazole core relative to the axitinib defined pose;

2) any perturbation of the lysine backbone relative to the protein crystal structure (Figure

4.1B). We assumed that both metrics are reporters of the same strain within the covalently

linked structure, with a high score in either indicating that the ligand in the kinase active

site would be unlikely to adopt a suitable reaction-ready conformation with the catalytic

lysine before covalent engagement. We also scored the candidates based on the minimum

warhead-S to lysine-N distance between a conformational search of the linker and warhead

of each analog and to the crystallographic lysine-N positions of structures 4WA9 and 5K9I

with no consideration for sterics as a “naïve” structural metric (Figure 4.1B table). With

the exception of K50P and K62O, all ligands maintained key hydrogen bond interactions to

the hinge, although many did so from more strained conformations (Figure B.1C). Though

several promising scaffolds were found, K60P was selected for synthesis based on the metrics

as the best performing analog overall (Figure 4.1C–E). We also synthesized an analog, K50P,

which showed a less favorable core displacement after bond formation with Lys271, but was

still predicted to bind reversibly (Figure 4.1C–E, Figure B.22).
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Figure 4.1: Computation-guided design for covalent, conserved lysine-targeting kinase probes.(A)
Overlayed binding poses of indicated ligands within the conserved ATP-binding pocket defined by features
shared between representative kinases CAMK1D, AKT1, MAP2K1, ALK2, ABL1, CDK1, CK1α. (B) Left:
probe library scaffold structure and naming convention. Middle: lysine backbone and core displacements
(in Å) by each probe analog. Right: minimum achievable distance between the SO2F warhead and the
crystallographic pose of the lysine in 4WA9 (ABL1) and 5K9I (SRC) for each anchored analog. (C)
Modeled unlinked poses of K60P (green), K50P (orange), and XO44 (blue) in ABL1 kinase, illustrating
warhead positioning. (D) Chemical structures of K60P and K50P. (E) Final linked poses of K60P (left,
green), K50P (right, orange), and linked lysine (yellow) after Molecular Dynamics (MD) simulations (100
ns). The crystallographic pose of Axitinib (cyan) and lysine is shown for comparison.

4.2.2 Proteome-wide profiling reveals kinase and non-kinase targets of

K60P and KW-2449

We next explored the utility of K50P and K60P as cell-permeable kinase activity probes

by probing the proteome-wide labeling of their desthiobiotin-labeled versions. Both probes

showed dose-dependent covalent labeling of endogenous protein targets, as visualized by
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streptavidin immunoblotting of desthiobiotin-tagged proteins in cell lysates and intact cells

(Figure 4.2A). These data confirmed the suitable stability and cell permeability for in situ

profiling of these probes. In accordance with our modeling predictions, K60P exhibited

more robust labeling of the proteome than K50P in western blot-based assays. We therefore

proceeded with K60P for further downstream analyses to identify the probe-labeled proteins.

To identify the targets of K60P quantitatively, we synthesized the biotin-labeled version of

K60P, K60P-Bio, and performed LC-MS/MS analysis using stable isotope labeling by amino

acids in cell culture (SILAC) for quantitation of probe-labeled proteins (Figure 4.2B). We

treated K562, HeLa, and MCF7 cell lines with K60P-Bio prior to enriching probe-labeled

proteins on streptavidin beads. K60P-Bio enriched a total of 114 protein kinases in these

three cell lines combined (Figure 4.2C–D),including known targets of the parent scaffold

KW-2449 such as ABL1, AURKA and B, PAK2, BMP2K, RIPK1, TNIK, DYRK1A, and

CSNK2A1 and A2.179;203;222 For ABL1, because SILAC quantification relied on peptides

shared by BCR-ABL and WT ABL, we could not conclusively determine whether enrichment

was biased for the oncogenic protein, however, ABL1 was only enriched in K562 cells where

around 80% of ABL1 is BCR-ABL1.223;224 We also observed enrichment of kinases not

previously annotated as targets of KW-2449, including YES1, LIMK1, TAOK1, 2, 3, CDK1,

2, 4, 5, 6, and RSK1 and 2. Several metabolic kinases, including HK1 and 2, DTYMK,

AGK, ADK, CKB, and PANK4 were also enriched. Intriguingly, the kinome coverage of

K60P was reduced compared to a biotinylated version of XO44, X4K, that we synthesized

and profiled in K562 cells (Figure 4.2C, Figure B.3). X4K enriched roughly twice as many

kinases in this context alongside a much larger total number of targets (∼1800) compared

to K60P-Bio.

K60P is closely related to the parent indazole, KW-2449, which was assessed in the

clinic for targeting FLT3 and potentially ABL1, two oncogenic tyrosine kinases. Despite this

structural origin, K60P demonstrated less engagement of TK and TKL kinase sub-families
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relative to X4K (Figure B.3). Common targets between the two probes in these families

included YES, LYN, BTK, CSK, PYK2, LIMK, RIPK1 and ABL1. By contrast, K60P

engaged considerably more kinases in the STE, CK, AGC and CAMK sub-families, which

extends the coverage of the kinome across these two cell permeable probes (Figure 4.2D).

Beyond kinases, approximately 30% of the proteins labeled by both probes were annotated as

‘nucleotide binding’ from gene ontology analyses (Figure 4.2E). Additional classes of K60P-

Bio and X4K-enriched proteins included those involved in protein synthesis, nucleic acid

binding, and cytoskeletal proteins (Figure 4.2E, Figure B.4). This likely suggests that these

off-targets are highly abundant proteins, rich in solvent-exposed lysines and tyrosines, which

are non-specifically labeled by the electrophilic sulfonyl fluoride warhead, regardless of the

probe scaffold.225

To further explore the specificity of kinase and other target enrichments at the protein

level, we performed competitions between a non-biotinylated K60P analog, PC-2-52, and

the previously validated kinase probe XO44. Five-fold excess PC-2-52 or XO44 were pre-

incubated with K562 cell lysates prior to treatment with 10 µM K60P-Bio. Both PC-2-52

and XO44 competed with K60P-Bio enrichment of many known kinase targets of its indazole

progenitor KW-2449, including AURKB, CDK6, TNIK, CSNK2A2 indicating high confi-

dence hits (Figure 4.3A–C, Figure B.5A–C). Gene Ontology ‘Molecular Function’ (GOMF)

bioinformatic enrichment analysis showed kinases to be the major class of proteins competed,

confirming that K60P-Bio has high specificity for kinases (Figure 4.3B). More than 60 kinases

enriched by K60P-Bio were significantly competed by XO44 in K562 cells, including notable

shared targets like YES1, DYRK1A, TK1, CSNK1A, CDK1,5 indicating high confidence hits

(Figure 4.3C). XO44 also competed many other non-kinase off-targets of K60P-Bio, confirm-

ing that they are common off-targets of reactive sulfonyl fluoride probes (Figure B.5C). The

inverse experiment, where PC-2-52 was used to compete with X4K-enriched protein targets

also demonstrated significant competition with approximately 90 enriched protein kinases
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(Figure B.6). Collectively, these dual-competition studies support the covalent, active-site

targeted engagement of both K60P and XO44 (and its biotinylated analog X4K) in lysates

and live cells.

Because K60P engaged a distinct subset of kinase and non-kinase targets in cells, we

sought to use it in a competitive format to identify targets of the reversible parent scaf-

fold KW-2449. SILAC-labeled K562 cells were pre-treated with 2 µM KW-2449 or DMSO

for 1 hour prior to K60P-Bio treatment, target enrichment, and analysis by LC-MS/MS.

NTRK, TNIK, and AURKB,179;226 which are known targets of KW-2449, were signifi-

cantly competed under these conditions. Several novel kinase targets, including RPS6KB2,

MAP3K20, GSK3A, VRK2, as well as the metabolic kinases AGK and HK2, were signifi-

cantly competed (Figure 4.3D–E). These data suggest that KW-2449 may exert considerable

background target engagement of housekeeping enzymes under physiologically relevant con-

ditions. Gene Ontology ‘Cellular Component’ (GOCC) bioinformatic enrichment analysis

of competed KW-2449 targets indicated strong enrichment of proteins with reported local-

ization to mitochondria , including several kinases (HK2, RAF1, VRK2 and AGK, (Figure

B.7A), which could be related to the piperazine linker in this molecule and many other small

molecule kinase inhibitors. There were numerous non-kinase targets that were significantly

competed by KW-2449, about 30% of these included several GDP/GTP binding proteins

such as DNM1, RAB proteins, and the immunomodulatory protein STING1 (Figure B.7B).

This could potentially be attributed to binding site structural similarity, perhaps indicating

a degree of molecular crosstalk that would be missed in recombinant kinase assays. Notably,

ABL1 or BCR-ABL was not significantly competed by KW-2449, despite it being previ-

ously reported as a high-affinity and -value clinical target for development.226 We noted

that competition between a covalent probe and a non-covalent competitor with the same

pharmacophore likely biases toward capture of higher affinity targets and may miss other

transient interaction partners. To explore this and confirm this was not unique to K60P en-
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gagement of BCR-ABL1/ABL1, we performed a similar competition with KW-2449 against

X4K-dependent protein enrichment in live K562 cells. Of the approximately 200 kinases en-

riched by X4K in these cells, KW-2449 showed significant competition with approximately

30, including previous annotated targets like BMP2K, NTRK1, AURKB and RIPK1, as well

as target kinases not previously associated with KW-2449, such as several MAPK-family ki-

nases, STK16, and ROCK2 (Figure 4.3E, Figure B.8).179;211 Intriguingly, BCR-ABL1 was

enriched by X4K but not significantly competed by KW-2449, confirming the results from

K60P competition experiments. In contrast, AURKB and C were significantly competed

by KW-2449. In cell viability assays with K562 cells, KW-2449 showed potent GI50 val-

ues of ∼0.4 µM, but the response was majorly cytostatic, with viability plateauing at 20%

residual signal (Figure B.9). This is consistent with prior reports showing strong AURK-

driven G2/M arrest in K562 cells and comparatively weaker BCR-ABL pathway suppression

and apoptosis upon KW-2449 treatment, with strong BCR-ABL dephosphorylation and cell

death occurring mainly in combination settings.218;227 Together, these data suggest that

the Aurora kinases and the other kinases competed in these assays are likely higher-affinity

cellular targets of KW-2449, and that despite its annotation in some previous literature,

KW-2449 is not a high affinity ligand for endogenous BCR-ABL or ABL1. This conclusion

agrees with published bead-based profiling of native proteins in lysates,179 and relatively low

potency in cell based assays against BCR-ABL1 activity, but runs counter to work showing

that KW-2449 potently targets the catalytic domain of ABL1.202

4.2.3 Covalent probes display specific modes of active site labeling despite

disparate kinetics for ABL1, a model target kinase

To understand the mechanisms underlying active site engagement and covalent modification

by K60P and close analogs, we performed biochemical and biophysical studies with recom-

binant ABL1, a reported target of the progenitor scaffold and a focus of our computational
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Figure 4.2: Proteome-wide labeling by K60P-Bio in lysates and live cells. (A) Representative Western
blots demonstrate broad labeling of proteins in lysates (left) and in live cells (right) by K60P and K50P.
(B) Workflow of kinase probe SILAC-MS/MS profiling experiments to identify proteins labeled by
K60P-Bio (structure shown). (C) Waterfall plots of kinases labeled by K60P-Bio or X4K in live K562 cells
treated with either K60P-Bio (25 µM for 4 hours, left) or X4K (5 µM for 1 hour, right). Control cells were
treated with DMSO. Cutoff: SILAC Ratio ≥ 2 is shown as dotted line; n = 2 (D) Dendrogram showing
kinases enriched by K60P-Bio in K562, Hela, and MCF7 cell lines, n = 2 for each cell line. (E) Venn
diagram of shared and unique nucleotide- and nucleic acid-binding proteins labeled by K60P-Bio and X4K
in live K562 cells.

screening effort. We performed dose- and time-dependent labeling studies with recombinant

ABL1 (residues 46-515) and K60P, K50P, and X4K. Western blot analyses confirmed sub-

micromolar covalent labeling of ABL1 by K60P (EC50 = 0.6 µM) and X4K (EC50 = 0.7

µM), and less potent engagement by K50P (EC50 = 2.9 µM) (Figure 4.4A, Figure B.10).

Preincubation with PC-2-52 resulted in complete competition with both K60P and X4K with

sub-micromolar IC50 values (0.5–1 µM), suggesting that the predominant covalent labeling
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Figure 4.3: Competition with K60P-Bio reveals its specificity for kinases and known novel targets of
KW-2449 in live cells. (A) Volcano plot of streptavidin-enriched SILAC ratios for K562 cell lysate treated
with 50 µM PC-2-52 (2 hours) followed by with 10 µM K60P-Bio (1 hour). Cutoffs: competition SILAC
Ratio ≥ 2, p < 0.05; n = 2. (B) Gene Ontology Molecular Function analysis showing kinases as the major
classes of proteins significantly competed by PC-2-52. (C) Dendrogram showing kinases that are both
enriched by K60P-Bio and competed by XO44. (D) Volcano plot of streptavidin-enriched SILAC ratios for
K562 cells treated with 2 µM KW-2449 (1 hour) followed by with 25 µM K60P-Bio (2 hours). Cutoffs:
competition SILAC Ratio ≥ 2, p < 0.05; n = 4. (E) Heatmap of kinases competed by over 2-fold in
competition of KW-2449 (2 µM) against K60P-Bio (left) and X4K (right).

was occurring within the active site of ABL1 (Figure 4.4B, Figure B.11). Time-dependent

studies showed X4K labeled recombinant protein to apparent saturation within minutes,

which was much faster than either K60P or K50P (Figure 4.4C, Figure B.10). For the com-
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petition of PC-2-52 with X4K where PC-2-52 was present during probe labeling, there was

complete loss of X4K labeling at ≥ 1 µM PC-2-52, despite X4K being used in excess at 5

µM (Figure 4.4B). This indicated that PC-2-52 effectively outcompeted X4K for active site

engagement. Although X4K may exhibit rapid covalent labelling once bound, its effective

site engagement was surprisingly less efficient in these direct competition studies. These

results were unexpected given the similar arylsulfonylfluoride warhead and molecular dy-

namics scores between K60P and XO44 for ABL1. This kinetic advantage could contribute

to the apparent increase in kinome labeling by X4K, as well as higher labeling of non-kinase

targets in the proteome.

Figure 4.4: K60P, K50P, and X4K covalently label recombinant ABL1 with distinct kinetic profiles. (A)
Streptavidin immunoblot showing dose-dependent labeling of the recombinant ABL1 protein with K60P
(left), K50P (middle), and X4K (right) (0–25 µM, 1 hour), n = 2. Coomassie stain was used as loading
control. (B) Preincubation of recombinant ABL1 with PC-2-52 (non-biotinylated analog of K60P)
dose-dependently decreases recombinant ABL1 labeling by both K60P (top) and X4K (bottom), n = 2.
(C) Streptavidin immunoblot showing time-dependent labeling of recombinant ABL1 with K60P and K50P
(10 µM, up to 18 hours) and X4K (10 µM, up to 1 hour), n = 2.

To confirm and compare the site(s) of covalent labeling by K60P and X4K, we performed

focused proteomic mapping to detect and quantify the covalent adducts between each probe

across the recombinant ABL1 surface. Recombinant ABL1 was incubated with each probe

at 10 µM for 1 hour, followed by digestion and processing for peptide-level detection of
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covalent adducts across lysine and tyrosine residues in the protein. We observed direct

modification of the catalytic target lysine, K271, as the dominant adduct by both peptide

spectral matches (PSMs) and ion intensity for both K60P and X4K (Figure 4.5A–B, Figure

B.12). Two other sites of modification were also observed for K60P: Y226, located in the SH2

kinase linker, and Y393 in the activation loop (A loop), though these peptides were observed

at lower relative ion intensities (Figure 4.5A, Figure B.13). By contrast, X4K labeling was

observed at seven unique sites within ABL1, including the aforementioned K271, Y226, and

Y393, as well as Y115, Y215, Y139, and K262 (Figure 4.5B–C, Figure B.13). Inspection

of available ABL1 structures indicated that the phenolic oxygens in Y226 and Y393 do

not come into reasonable proximity with the bound sulfonylfluoride warhead, however two

possible configurations with distance of less than 5 Å between Tyr393 and the K60P warhead

location could be found within a 400 µs MD dataset of apo-ABL1 seeded from ABL1 crystal

structures that was previously reported by Meng et al. (Figure B.14).228 Sulfonylfluorides

react more readily with tyrosine than lysine229 but collectively this data suggests that such

poses are short-lived and relatively rare. Another possibility supported by this data involves

covalent labeling of the observed tyrosines in trans on another bound-ABL1 monomer, which

should bring these tyrosines into close active site proximity due to their role as primary sites

of trans auto-phosphorylation.230;231 Additionally, there are multiple other surface-exposed

tyrosines with comparable or higher solvent-exposed surface area than Y226 and Y393, which

also should generate reasonable tryptic peptides for detection by mass spectrometry (Figure

B.15, Table B.1).232 However, these sites were not observed to be modified by K60P or

at comparably much lower levels for the more reactive X4K, indicating that the labeling

of Y393 and Y226 may not be merely off-target non-specific labeling of exposed surface

residues. This provides a tantalizing possibility that the phosphorylatable tyrosines of an

active kinase monomer could be labeled by a probe reversibly bound to a second kinase

monomer, through a similar mechanism (Figure 4.5D). Indeed, reversibly bound K60P places
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the reactive warhead in proximity of the catalytic lysine as well as in the vicinity of the active

site entrance involved in phosphotransfer to these tyrosine targets of auto-phosphorylation

(Figure 4.5E). This mechanism would support the possibility of covalent targeting of kinase

substrates in trans (Figure 4.5D–E); additional focused work to elucidate the mechanism

and generality underlying these observations is needed.

Figure 4.5: K60P and X4K covalently label distinct sites in ABL1 with cis-labeling of conserved lysine
and a proposed trans-labeling of phosphorylatable tyrosines. (A) MS/MS spectrum of trypsinized
ABL1/K60P adduct showing the labeled K271. (B) ABL1 sites labeled by K60P (green, left) and X4K
(blue, right). Bar graphs show the number of peptide spectral matches (#PSMs) for each site. (C) ABL1
structure showing the positions of residues labeled by K60P (green), K50P (orange), and X4K (blue)
relative to K60P docked in the active site (green). K271, Y226, and Y393 are labeled by all probes. (D)
Proposed model for cis-labeling of K271 and trans-labeling of Y226/Y393 in ABL1 by K60P. Structural
model showing K60P docked in the active site of one ABL1 monomer (teal), either reacting with K271 of
the same monomer (cis) or with exposed tyrosine phosphorylation sites Y226/Y393 on a neighboring
monomer (pink, trans). (E) K60P docked into ABL1 active site showing that the probe is positioned to
access K271 within the same monomer, while its reactive group remains exposed at the active site opening
for approach of neighboring monomer tyrosines.
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4.2.4 A BMMC kinetic modeling framework captures key determinants of

covalent probe efficiency

Given the disparate kinetics of covalent and kinome-wide labeling of these model sulfonylflu-

oride probes, as well as the large differences in probe performance in recombinant assays,

we sought to rationalize probe performance by quantitatively characterizing the kinetics un-

derlying probe reactivity with ABL1 and other kinases. Conventional dose-rate fitting can

implicitly subsume rapidly fluctuating microscopic intermediates (like reaction-ready confor-

mations) and obscure the true determinants of covalent potency. We therefore explored a

wide range of possible kinetic parameters to fit experimental covalent labeling data within

a Bayesian statistical modeling framework using extensive Metropolis Monte-Carlo sam-

pling233 (BMMC). In this BMMC procedure, experimental time- and dose-dependent probe

labeling data with recombinant ABL1 were fit using parameterized mass-action simulations

of irreversible binding between protein P and ligand L (Scheme 1).37

P + L kon

koff
PL kinact P-L

Pns + L kns Pns + Pns-L
Scheme 4.1: Schematic basis of numerical kinetic simulations.

An initial least-squares (LS) fit normalized the experimental labeling intensities to the

fraction of covalently-bound protein and provided a starting point for the BMMC. Sampled

parameters included the apparent rate constants of association (kon), dissociation (koff), inac-

tivation (kinact), and nonspecific-binding (kns, e.g., non-specific labeling of surface residues).

To focus the sampling on the equilibrium binding affinity (Kd=koff/kon), for K60P and

K50P, the kon was fixed (diffusion-limited) while for X4K, koff was fixed since kon ap-

peared to be rate-limiting. The median (or fixed value) of each parameter together with

the 95% highest density interval is tabulated in Table B.2. To relate the fitted rate con-
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stants with familiar empirical constants of irreversible kinetics, the affinity, the inactivation

constant (KI=(koff+kinact)/kon), and the covalent efficiency (Ceff=kinact/KI) were calcu-

lated for each BMMC sample and are also included in the table.13;87;105 Simulated dose-

and time-responses using reasonable sets of sampled rate constants are shown in Figure 4.6.

The predicted rate constants in the regime of the K50P and K60P indicate a relatively slow

kinact (Figures B.16–B.18), and thus the rate of inactivation (i.e., kinact×[PL]), depends on

both kinact and the affinity (Kd=koff/kon). As such, K50P and K60P maintain an effective

equilibrium of the reversible binding step and fall in line with the rapid-equilibrium approx-

imation that is fundamental to conventional empirical models.104 In contrast, the BMMC

sampling suggests that X4K displays a relatively fast kinact, which precludes the equilib-

rium of the reversible bound state. For X4K, the reversible binding affinity is not resolved

by the measurements as the inactivation occurred on a timescale comparable to or faster

than reversible binding. Furthermore, the dose-response data for X4K does not appear to

reflect a saturation curve of the reversibly associated state, PL, which hinders the precision

of rate constant estimations and is explained further in the Supplemental Kinetic Modeling

Discussion. Notwithstanding the uncertainty, the modeled lower bound of sampled kinact

for X4K is over 20 times greater than the upper bound for K60P and the inherent affin-

ity, as fit by koff/kon parameters, does not explain the observed differences. The estimated

potency (i.e., covalent efficiency), which describes the proportionality of the rate constants

that was conserved across variations of K50P and regimes of X4K, provides a more reli-

able comparison between the probes, showing that X4K has the highest modeled potency

(Ceff ≈ 3.3–13.5×10−4 µM−1s−1), followed by K60P (≈ 0.69–2.9×10−4 µM−1s−1) and then

K50P (≈ 0.16–0.53×10−4 µM−1s−1). This approach suggested that complex descriptors

of covalent probe potency and kinetics could be predicted with straightforward dose- and

time-dependent protein engagement data. For comparison, we experimentally determined

kinact/KI of K60P, K50P and X4K with more elaborate time- and dose-response series using
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recombinant ABL1 protein. Notably, experimental kinact/KI values were 0.9×10−4 µM−1s−1

for K60P and 0.23×10−4 µM−1s−1 for K50P, aligning with the modeled ranges from BMMC

(Figures B.19–B.20, Table B.3). The kinact/KI for X4K was more challenging to determine

using these experimental assays due to rapid saturation of labeling with recombinant ABL1,

although these studies supported the conclusion that X4K displays a micromolar KI with a

considerably higher kinact compared to K60P or K50P (Table B.2). Indeed, these data align

with all previous experiments in cell lysates, live cells and recombinant protein that place

the covalent efficiency of X4K and its progenitor XO44 10-20 fold higher than the K60P

comparator that displays a similar KI, underscoring the importance of adopting reaction-

ready conformations — captured by kinact, for productive covalent inactivation as a leading

parameter for suitable covalent activity probes or targeted inhibitor development (Figure

4.2C, Figure 4.4A–C, Table B.2).

Figure 4.6: Kinetic modeling reveals complex kinetics of ABL1 labeling by K60P, K50P, and X4K.
Experimental and simulated dose-responses (A) and time-responses (B) of K60P (green), K50P (red), and
X4K (blue) binding to ABL1. The experimental data are scaled according to the least-squares (LS)
minimization (dashed lines), and the families of solid lines correspond to the kinetic simulations of every 10
BMMC samples whose rate constants exist within their respective 95% highest density intervals. Simulated
response is the sum of the specifically- and nonspecifically-bound covalent complexes.
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4.2.5 Molecular dynamics modeling rationalizes “active” kinase

conformation preference and inherent differences in covalent probe

kinetic efficiency

Kinetic modeling indicated that the slower rate-limiting processes for K60P and K50P com-

pared to X4K likely occur post-association within the kinase active site. To account for

the differences in kinact, we considered two factors: 1) the differences in the intrinsic re-

activity of the warhead leading to the formation of the covalent bond; 2) the likelihood of

a reaction-ready arrangement within the binding pocket, in which the target lysine is de-

protonated and the ligand warhead is in close-proximity. To assess the intrinsic chemical

reactivity of the different warheads to form the covalent bond with the lysine, we conducted

labeling experiments of X4K and our probes with bovine serum albumin (BSA) as a model

non-specific target protein. This experiment indicated ∼1.7-fold higher labeling intensity

for X4K compared to K60P over the same treatment time (Figure B.21). This was in close

agreement with the non-specific labeling rates estimated from the kinetic modeling (Table

B.2). However, Gilbert et al.229 explored the kinetics of a series of XO44 analogs and showed

that a <100-fold difference in intrinsic reactivity did not correlate directly with significant

changes in on-target labeling in model systems. Based on these observations, we conclude

that differences in intrinsic reactivity are likely to partly account for the slower rate of la-

beling for K60P relative to X4K, and intrinsic reactivity of the latter likely contributes to

off-target binding profile within the proteome.

Another requirement of the reaction-ready arrangement is the deprotonation of the lysine

that enables a nucleophilic attack on the warhead. The likelihood of the lysine being neutral

is expected to be influenced by its potential salt-bridges to both the DFG-motif-Asp and αC-

helix-Glu. The presence of these salt-bridges has been predicted to result in an increase of two

pKa units,234 which is enough to decrease the likelihood of a reaction-ready configuration

with a neutral lysine by a factor of 100, and hence alter the apparent rate kinact. The
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K60P warhead is positioned much closer to the salt-bridge partners than that of XO44

and is more likely to affect, and be affected by, the dynamics of the associated structural

components, particularly of the DFG-motif, suggesting that kinase activity state could be

a major contributor to probe labeling. To explore the dynamics of the ligand and binding

pocket prior to the formation of the reactive complex, and to ascertain any sensitivity to

the protein conformation, we conducted a series of unbiased, 4 µs MD simulations of both

K60P and XO44 probes reversibly associated but before covalent engagement (unlinked) with

ABL1 and SRC kinases, including DFG-in and DFG-out conformations. The results of the

simulations are summarized in Figure 4.7, as Empirical Cumulative Distribution Function

(ECDF) plots (Figure B.22) and discussed further in the supplementary molecular modeling

discussion (Section B.4). Across these simulations, we observed increased reaction-ready

proximity (warhead-S to lysine-N distances of < 4.5 Å) in the DFG-in conformations for both

K60P and XO44, relative to the DFG-out conformations (Figure 4.7A). This preference can

be explained by the observation that the DFG-out phenylalanine largely blocks proximity

between the lysine and warhead of both K60P and XO44 when bound to the DFG-out

conformation of ABL1 (Figure 4.7B), suggesting that each probe is more likely to label

kinases in an ‘active’ conformation. Comparing the dynamics of ABL1 and SRC in the

DFG-in conformation revealed that, while the K60P warhead maintains overall proximity to

the catalytic lysine, it exhibits a reduced probability of achieving a reaction-ready proximity

relative to XO44. This appears to be because of over-confinement of the warhead within the

narrow kinase cleft, which restricts lysine rotameric flexibility and the approach geometry

required for nucleophilic attack (Figure 4.7C).

The dynamics also inform us about the likelihood of a neutral reaction-ready lysine

through the dependence of its pKa on the protein conformation. Increased sampling of the

DFG-out conformation, which may have a lower lysine pKa with ligand bound, is a plau-

sible mechanism to increase the likelihood of reaction-ready lysine.234 Both ligands showed
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a preference for the DFG-in conformation, but XO44 has been co-crystallized with other

kinases in the DFG-out conformation,210 and in ABL1 the extended P-loop conformation

that it binds to is associated with the inactive state.235 The K60P complex may also increase

the likelihood of reaction-ready lysine by another mechanism, as simulations of the DFG-in

conformation showed it could break the Lys to αC-helix-Glu salt-bridge by inducing the

αC-helix-out conformation (Figure 4.7D), and also to weaken through sterics the salt-bridge

between the DFG-Asp and the lysine. Other chemical steps may also be relevant,107 a sec-

ond deprotonation step of the intermediate complex also has potential to be rate-limiting

and may be more easily deprotonated for XO44 where the larger unlinked warhead to ly-

sine distance results in the reaction intermediate being further away from the salt-bridge

partners. There are multiple possible reaction pathways, which could be investigated via

QM/MM simulations.84

In summary, the overall slower labeling observed for K60P compared to X4K is likely a

combination of both unexpected but lower intrinsic reactivity, and lower sampling of reaction-

ready warhead-lysine proximities. But these differences are relatively small compared to the

differences in modeled kinact. It is likely that the exceptional kinetic performance of X4K

(notably over very similar analogs229) is due to subtle differences in the kinetics of nucle-

ophilic attack by Lys271 and the subsequent steps of deprotonation and fluoride expulsion.

These findings also align with the notion that kinetically tuned electrophilic probes can show

higher on-target labeling that is resistant to quenching by high abundance off-target pro-

teins in whole proteome or live cells. Overall, the apparent preference for DFG-in kinase

conformations by both probes supports their utility as activity probes in cellular settings

and warrants more global investigation across diverse kinases.
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Figure 4.7: Molecular dynamics reveals preference of both K60P and X4K for DFG-in active
conformation of kinases. (A) Estimation of the reaction-ready population in each system, determined by
percentage of frames with < 4.5 Å lysine to warhead-S distance in each 4 µs simulation, excluding the first
100 ns. (B) Final structures of K60P (green) and XO44 (blue) in Abl/DFG-out simulations (both replicates
overlayed). The DFG-out phenylalanine (pink) fences the warhead of both ligands away from the lysine
(cyan, salt-bridging with DFG-Asp) and displaces the K60P core. (C) Positions of probes and the differing
regions of highest lysine occupancy (blobs) for K60P (green) and XO44 (blue) for each of 2 replicates of
ABL/DFG-in simulations at ∼4 µs. Expected poses for KW-2449 and lysine (yellow), and XO44 (cyan) are
shown for reference. (D) Breaking of the Lys-Glu salt bridge and αC-helix adopting the out conformation
in K60P ABL/DFG-in simulations. Two replicates are shown at both 250 ns (yellow) and at 500 ns (green).

4.3 Discussion

Here, we aimed to apply docking and molecular dynamics simulations to identify new covalent

kinase activity probe scaffolds and to understand the contributors to probe specificity and

kinetic efficiency. We focused on the hinge-binding indazole pharmacophore found in the

clinical candidates KW-2449 and axitinib, under the premise that these molecules have

a relatively promiscuous in vitro kinase inhibition profile and thus could serve as general
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kinome-targeted activity probes in lysates, live cells and tissues. Through a computational

docking approach, we identified a subset of phenylsulfonylfluoride containing analogs for

further study, including a cell-active probe, K60P. Direct target-engagement and competition

profiling proteomics demonstrated that K60P and its progenitor KW-2449 broadly target

kinases as well as targets in related nucleotide-binding pathways. These targets and profiles

could be missed by focused recombinant profiling assays. This point is further emphasized

by the fact that KW-2449 only weakly inhibited labeling of native BCR-ABL1 in cells by

either K60P or X4K, despite being stated as a clinical development target. This discrepancy

can be attributed to the competition with intracellular ATP in live cells as well as the

difference between recombinant catalytic domains and full-length, native proteins in cellular

environments.236 These results indicate that, despite prior in vitro profiling of KW-2449 in

the catalytic domain and our initial docking and molecular dynamics suggesting nanomolar

potency and favorable binding of KW-2449 and related analogs toward ABL1, the effective

affinity for native ABL1 is relatively weak in the high nanomolar to low micromolar range.

In contrast, Aurora kinases B and C were strongly competed in our competition profiles. Our

viability assays and prior reports show that the dominant anti-proliferative effect in K562

cells is caused by G2/M arrest at lower concentrations consistent with AURK inhibition

whereas BCR-ABL inhibition occurs mainly at higher doses. These data suggest our assays

preferentially captured the higher-affinity cellular targets of KW-2449 and more accurately

represent the target profile of KW-2449 at low therapeutically relevant concentrations. These

data add weight to the general consensus supporting the implementation of probe selectivity

profiling beyond biochemical assays throughout the therapeutic discovery pipeline.25;237

Cellular profiling and computational modeling studies demonstrated that K60P engages

more than 100 kinases across three model cell lines and though it is not as promiscuous

as XO44, K60P expands coverage across several kinase sub-families. While broad-spectrum

kinase probes like XO44 are valuable for mapping inhibitor target landscapes, more selective
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cell-permeable kinase probes like K60P-Bio may be better suited for applications such as

biomarker discovery and pathway studies, where off-target engagement of multiple kinases

can make results hard to interpret. Greater selectivity for target kinase can also improve

the signal-to-noise, especially important for low-abundance targets. Together, these probes

expand the scope of targeted kinases by cell-permeable kinase probes (Figure 4.2). Our

biochemical, proteomics and kinetic modeling studies make a clear case that the rapid X4K

labeling of ABL1 relative to K60P is due to a faster kinact, and not a reversible binding

affinity step. Here, we suggest that increased kinetic efficiency of covalent labeling increases

the utility of kinase probes across diverse kinases, as seen here between K60P (lower kinetic

efficiency, lower global kinome labeling) and XO44 (high kinetic efficiency, increased global

kinome labeling). The increased performance of kinetically efficient probes likely involves less

competition and absorption by abundant off-target proteins sites in the proteome, resulting

in increased ‘on-target’ protein labeling within the kinome. The general design strategy for

cell-permeable kinome probes has been to choose promiscuous scaffolds with inherently high

affinity across their targets and functionalising them with a general reactive warhead. Here,

we conclude that beyond suitable non-covalent affinity and warhead reactivity, it is critical

to also optimize other components of kinact for increasing the residence time of a ligand

‘reaction ready’ conformation to develop promiscuous or class-specific probes. We found

assessing strain in the covalently linked pose to provide an efficient estimate of the ligand-

conformation component of kinact during screening, however, subsequent analysis in this

study suggested that components of kinact related to deprotonation and protein conformation

were more likely to be rate-limiting and thus more predictive, albeit requiring significantly

greater computational resources to screen.

We also demonstrated for the first time that BMMC fitting of low complexity dose- and

time-dependent covalent labelling data can be used to accurately predict more complex de-

scriptors of covalent inhibitor potency and inhibitor efficiency. Our results comparing K60P,
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K50P and X4K demonstrate that IC50/EC50 data commonly used to describe covalent in-

hibitors and probes fall short of describing target-specific covalent potency. Instead, Ceff

and kinact are the most important terms to optimize for both promiscuous activity probes

and targeted covalent inhibitor development. We believe this computational kinetic mod-

eling framework could streamline use in other chemical proteomic and covalent inhibitor

development campaigns. We implemented molecular dynamics simulations to rationalize

the potential source of improved kinact for XO44 (or its biotinylated probe analog, X4K) rel-

ative to K60P, despite their similar KI and covalent warheads. These studies suggested that

both probes prefer the active, DFG-in conformations of ABL1 and SRC, a preference that

is likely similar for other kinases in the proteome and underlines differences between native

proteome and in vitro profiling studies. These data supports their utility for comparative

kinase profiling in cell and patient samples, inhibitor selectivity profiling, as well as more

focused spatial and single-cell activity profiling studies.212–215 Finally, we posit that the

combination of computational docking, molecular dynamics and kinetic BMMC simulation

described here can be used more generally to identify suitable ligand scaffolds for synthesis

and testing, followed by optimization by kinetic modeling to identify more efficient paths to

reaction-ready conformations.
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CHAPTER 5

DETERMINANTS OF COVALENT INHIBITOR RESIDENCE

TIME REVEALED BY MOLECULAR AND KINETIC

SIMULATIONS

Abstract

Covalent inhibition proceeds through a hierarchy of steps occurring across widely disparate

timescales, including noncovalent association, conformational fluctuations within the bound

complex, and covalent bond formation. For reversible covalent ligands, the nascent covalent

bond may subsequently break, permitting dissociation of the ligand from its target. Because

most experimental observables reflect the kinetics of an inherently nonequilibrium process,

an atomistic understanding of covalent inhibition is essential for extracting mechanistic in-

sight from experimental data and guiding the rational design of new covalent inhibitors.

Here are laid out the elements of an integrated Bayesian strategy in which multiple sources

of time-course data are fit together with detailed mass-action kinetic models using results

predicted by atomistic simulations as priors. As an illustrative example, we examine three

ibrutinib-derived reversible covalent inhibitors of Bruton’s tyrosine kinase (BTK) that ex-

hibit markedly different residence times, ranging from 1 to 200 hours, despite only minor

structural differences. For each ligand, the conformational fluctuations of both the cova-

lently linked and unlinked complexes were characterized by molecular dynamics simulations,

the potential of mean force over the initial deprotonation of the retro-Michael reaction was

estimated from QM/MM simulations, and the noncovalent binding affinity was determined

from absolute binding free energy calculations based on alchemical molecular dynamics sim-

ulations. The results of these atomistic calculations were then incorporated into a detailed

mass-action kinetic model to fit time-course experimental data from multiple sources. Care-

ful analysis shows that no single factor is dominant and that different microscopic steps may
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be responsible for the observed residence time of the different reversible inhibitors.

5.1 Introduction

Covalent inhibitors couple molecular recognition to covalent bond formation, allowing po-

tency and selectivity to arise from conditional reactivity rather than noncovalent affinity

alone.10;33;41 While the end goal is clear, the mechanistic leverage that makes covalent in-

hibition attractive as a pharmacological strategy complicates its design. Covalent inhibition

is controlled by a hierarchy of steps including diffusional encounter, noncovalent associa-

tion, conformational rearrangements of the enzyme–inhibitor complex, covalent bond forma-

tion, and possibly bond cleavage. These processes can occur on vastly disparate timescales,

spanning nanoseconds for fast conformational fluctuations to days for slow covalent bond

turnover.238

The standard model of reversible covalent inhibition is represented by Scheme 5.1. First,

E + I
kon

ko!
E···I

kf
inact

kb
inact

E—I

Scheme 5.1: Traditional two-step kinetic scheme of reversible covalent inhibition.

the solvated enzyme and inhibitor may undergo bimolecular association with the rate con-

stant kon into the noncovalent complex E···I. The noncovalent complex may either dissociate

into the solvated state with the rate constant koff or form the covalent adduct E—I with the

forward inactivation rate constant kf
inact. In reversible systems, the nascent covalent bond

can break, returning the system to the noncovalent state with the backward inactivation rate

constant kb
inact. In reality, it is important to realize that all rates in this Scheme are effec-

tive or apparent, as they are expected to hide significant microscopic details. For example,

the noncovalent complex E···I may undergo rapid internal dynamics between reactive and

nonreactive poses.84
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A practical consequence of covalent binding is that most experimental readouts are actu-

ally reporting on various aspects of nonequilibrium behavior. For an idealized assay probing

the action of excess covalent inhibitor with a protein target, the long-time equilibrated

outcome is ∼100% depletion of the free protein, and metrics derived from the equilibrium

distribution of bound and unbound states are therefore not informative.105 The metrics that

remain useful, e.g., time-dependent IC50 shifts, kinact/KI, and residence times, are obtained

by fitting analytical expressions derived from simplified kinetic schemes to a biochemical

observable measured during the relaxation to equilibrium.87 These expressions describe the

time- and dose-dependence of inhibition with a few apparent parameters which, due to the

simplification, absorb contributions from multiple microscopic processes. The resulting ki-

netic degeneracy makes it difficult to diagnose which microscopic step limits, differentiates,

or contributes to the observed behavior.37

Structural modifications may improve potency by decelerating dissociation of the non-

covalent complex, increasing the probability of reactive conformations, lowering an energy

barrier in the covalent action, or (in reversible systems) suppressing bond cleavage. The op-

timal design intervention depends on the magnitude, determinants, and overall contribution

of the timescale associated with each stage. All these issues become especially important in

the rational design and optimization of targeted covalent inhibitors, whose mode of action

is sensitive to both thermodynamic and kinetic factors. A fundamental understanding of

the process of covalent inhibition at the atomic level is required to make full use of available

experimental data, and ultimately enable a rational design strategy for the discovery of new

covalent inhibitors.

These challenges motivate an integrated strategy in which multiple sources of time-course

data are fit together with detailed mass-action kinetic models that include states and rate

constants predicted by atomistic simulations. Atomistic characterization of the covalent step

via quantum mechanical/molecular mechanical (QM/MM) and alchemical free energy meth-
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ods has been applied across diverse warhead classes and targets,59;64;239 and mass-action

fitting of enzymatic time courses is the mechanistically explicit, albeit highly parameterized,

strategy from which more practical models were derived.35;240;241 This decomposition is

essential for rational optimization.

Protein kinases provide a clinically relevant testbed for such an approach. Kinases are

implicated in many malignancies and inflammatory disease, motivating sustained efforts in

drug discovery.17;117 Their binding sites exhibit recurrent reactive residues (notably cys-

teines and lysines) and conserved architecture for the endogenous small-molecule ligand,

ATP, enabling both irreversible and reversible covalent small-molecule strategies.118 One

particular success story is ibrutinib, an irreversible covalent inhibitor of Bruton’s tyrosine

kinase (BTK) approved for B-cell malignancies.18;84;114;123

The present study focuses on three ibrutinib-derived reversible covalent BTK inhibitors

developed by Bradshaw et al.36 (compounds 1–3 therein; hereafter 4A9, 4B9, and 4C9).

Despite small structural differences, the estimated residence times differ markedly: 0.53,

91, and >200 hours, respectively. Building on a previous investigation into the irreversible

binding mechanism of ibrutinib to BTK,84 these three compounds are particularly inter-

esting for a computational study. They share the cyanoacrylamide-based warhead which

is the canonical reversible Michael acceptor for cysteine-targeted inhibition.27 Further op-

timization of related molecules produced rilzabrutinib, recently FDA-approved for immune

thrombocytopenia.242;243 Importantly, the availability of experimental inhibitor dissociation

data enables direct interrogation of residence time, an experimentally accessible parameter

that more closely reflects in vivo efficacy than do single-time-point potency or covalent ef-

ficiency (kinact/KI) measurements.244 Furthermore, reversibility in covalent inhibition is an

attractive feature that offers a tunable compromise between durability and safety, mitigating

liabilities associated with permanent modification while retaining the possibility of prolonged

occupancy.53;245 Despite the kinetic and thermodynamic studies of cyanoacrylamide–thiol
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reactions,238;246 including an absolute binding free energy profile for BTK–4C9,81 an expla-

nation for the prolonged and differential residence times of these ligands is still lacking.

The following investigation is organized around where in the unbinding process the mi-

croscopic timescales of these ligands are expected to differ. The design hypothesis attributes

the differential residence time to steric gating of the initial proton-abstraction in the retro-

Michael elimination by the variably-sized terminal alkyl group.36 Therefore, for each ligand,

the conformational distribution of the covalent complex is estimated from unbiased molec-

ular dynamics simulations, and the abstraction energy barrier is computed via nonequilib-

rium QM/MM simulations with that conformation restrained. The same alkyl groups were

observed in a crystal structure to form hydrophobic contacts with the protein,36 and we ex-

pected this would affect the noncovalent off-rate. The noncovalent binding affinity Kd, as we

predict via absolute binding free energy calculations, is a more practical proxy for koff under

the assumption of a shared kon. For simplicity, we also assume that the reaction rates for

the Michael addition and remaining steps of the retro-Michael elimination are shared across

the series. The chemistry is likely identical, and in all three cases the reactive geometries are

shown to be very similar. We incorporated these calculations into a detailed kinetic scheme,

where the relevance of each molecular insight in a full unbinding event is evaluated through

mass-action simulations fit to the experimental data.

5.2 Methods

5.2.1 Atomic models

Three reversible BTK inhibitors, 4A9, 4B9 and 4C9, taken from the study of Bradshaw et

al.36, were compared with the irreversible inhibitor ibrutinib.84 Those compounds, depicted

in Figure 5.1, all target the non-catalytic Cys481 via a thiol-Michael addition reaction.

High resolution crystallographic structures are available for 4C9 (PDB ID: 4YHF36) and
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Figure 5.1: The chemical structures of the warheads and shared scaffold of irreversible inhibitor ibrutinib
(IB) and reversible inhibitors 4A9, 4B9, and 4C9.

ibrutinib (PDB ID: 5P9J132). 11 additional covalent inhibitors were examined to broaden the

analysis. In total, 15 kinase–inhibitor complexes (Supporting Table C.1) were constructed

from published crystal structures of covalently linked adducts for molecular dynamics (MD)

simulations. Missing non-terminal backbone segments were rebuilt with modeller,247 and

the N-terminal “AKDAW” motif was included when absent from the deposited coordinates

to preserve possible functional contacts. Side chains of modeled residues were placed with

scwrl4.248 Each system was solvated with TIP3P water139 and 0.15 M KCl in a cubic box

with a 12 Å buffer using charmm-gui.135;136

Ligand coordinates for both the linked (covalent adduct with target residue, acetyl and

N-methylamide caps) and unlinked (pre-reactive warhead) states were generated with the

PyMOL Builder module.249 Both states were parameterized with CGenFF.140–142 Protein

parameters were taken from charmm36m.137;250 A charmm patch connecting the ligand

to the target residue was constructed by replacing charmm36 atom types and charges of

the affected residue atoms with the corresponding CGenFF linked-state parameters. The

small charge discrepancy between the unlinked and linked topologies was distributed over

polarizable ligand atoms distal to the warhead. Selected dihedrals were reparameterized

against relaxed potential-energy scans at the MP2/6-31G* level.251 PSF files were assembled

with psfgen,150 and ParmED252 was used to convert the charmm topology to amber

format.
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Classical simulations

Unbiased MD was performed with the amber 24 engine253;254 at 310 K under a Monte Carlo

barostat (1 bar). Free energy calculations were performed with namd 3152 and the colvars

module156 at 300 K under the Langevin piston barostat (1 atm). Unless otherwise stated,

simulations used a 12 Å real-space cutoff with force-based switching at 10 Å, particle-mesh

Ewald electrostatics, SHAKE255 constraints on bonds to hydrogen, a 2 fs time step, and

Langevin dynamics (γ = 1 ps−1). For the unbiased MD, each system was first minimized for

5,000 cycles (2,500 steepest descent, 2,500 conjugate gradient) with positional restraints of

1.0 kcal mol−1 Å−2 on protein backbone heavy atoms (Cα, C, O, N), ligand heavy atoms, and

heavy atoms of all ordered waters within 10 Å of the ligand. The system was then equilibrated

in the NVT ensemble over 25 ps (1 fs time step) with 10 kcal mol−1 Å−2 restraints on the

same mask. Five successive 2 ns NPT stages then relaxed the restraints through 10.0, 5.0,

2.5, 1.0, and 0.5 kcal mol−1 Å−2. Unrestrained production was propagated in NPT for 4–8 µs

per system.

QM/MM simulations

QM/MM simulations were carried out with amber 24. The QM region comprised the

cysteine target residue (Cys481), the ligand warhead and scaffold, and 20 water molecules

selected by proximity (≤ 5.5 Å) to the Sγ , Cα, and Cβ atoms at the start of the equilibrated

BTK–4A9 structure. The QM subsystem was treated at the PM6 semi-empirical method256

because of its computational efficiency. The MM remainder used the charmm36m, CGenFF,

and TIP3P potential. QM–MM electrostatic interactions were computed with PME. SHAKE

was disabled for QM atoms. Upper-wall restraints (rwall = 7.0 Å, κ = 2.0 kcal mol−1 Å−2)

on the distances between each QM water oxygen and the center of mass of Sγ , Cα, and Cβ

prevented evaporation of the QM solvent shell. To minimize systematic differences across

ligands, the three systems were prepared sequentially: 4A9 was equilibrated with QM/MM,
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mutated to 4B9 (PyMOL), re-equilibrated, mutated to 4C9, and re-equilibrated. 99 inde-

pendent steered MD replicates were launched from each equilibrated endpoint (Langevin

thermostat, γ = 1 ps−1, T = 300 K).

5.2.2 Free energy landscape of Cα–H bond cleavage

The initiation of the retro-Michael elimination (Cα–H bond cleavage) was modeled with

QM/MM steered molecular dynamics (SMD) in amber 24 coupled to PLUMED257 for

the non-steering restraints. The coordinate r was constructed to reflect the fact that the

protons in the QM region are indistinguishable particles, following the protocol of ref 84. A

generalized mean distance between one atom A and a group of N protons was defined as,

rA-[H] =
 1

N

N∑
i=1

1
||rA − ri||n

−1/n

(5.1)

This expression treats all the protons as identical particles but weights more heavily the

one at the shortest distance from atom A. As a result, this strategy avoids pre-selection of

a proton acceptor and permits the reaction to choose the lowest-energy pathway. In the

present work, a value of 6 was used for n, and atom A corresponded to the acrylamide

Cα. The pulling path spanned from 2.2 Å (bonded) to 3.5 Å (abstracted) over 10 ps with a

0.4 fs time step, using a harmonic restraint of 200 kcal mol−1 Å−2. Two heavy-atom dihedrals

(Supporting Figure C.2) connecting the carbonyl and the alkyl capping group were restrained

with harmonic potentials (κ = 0.15 kcal mol−1 deg−2 to allow a standard deviation of 2◦) to

hold the warhead in the retro-Michael-competent orientation (ϕ ≈ 180◦).

The potential of mean force (PMF) W (r) for deprotonation was reconstructed from the

ensemble of nonequilibrium work trajectories via the weighted-histogram estimator from
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Hummer and Szabo,258

W (r) = −β−1ln

∑
t

〈
δ
(

r−rt

)
exp(−βwt)

〉
〈

exp(−βwt)
〉

∑
t
exp(−βu(r,t))〈

exp(−βwt)
〉 (5.2)

where β = (kBT )−1 is the inverse temperature, ⟨ · · · ⟩ denotes an average over all SMD

replicates, rt and wt are the stochastic coordinate value and accumulated work at time t,

δ(r − rt) in practice is a histogram bin filter for some value r along the PMF, and u(r, t) =
1
2κ[r − r0(t)]2 is the harmonic bias with time-dependent center r0(t) and spring constant κ.

The time dependent nonequilibrium work wt is given by

wt =
∫ t

0
∂

∂t′
1
2κ [r − r0(t′)]2 dt′ (5.3)

wt =
∫ t

0
κ [r − r0(t′)] ṙ0(t′) dt′ (5.4)

5.2.3 Noncovalent binding free energy

The noncovalent binding affinity of four BTK inhibitors (4A9, 4B9, 4C9, IB) was calculated

using the alchemical double-decoupling route, following the BFEE2 protocol based on clas-

sical MD.259 This computes the absolute standard binding free energy ∆G
(◦)
bind at a 1 M

reference concentration via the potential energy U(λ), where λ is a thermodynamic coupling

parameter such that U(0) corresponds to the ligand fully decoupled from its environment

and U(1) to the ligand fully coupled.

The reference bound-state structure for each ligand was taken from unlinked equilibrium

MD simulations as the centroid of the dominant cluster of five coordinates: two warhead–

scaffold dihedrals, linking-atom distance, ligand center-of-mass deviation from the crystal

pose, and the distance between the ligand carbonyl oxygen and the backbone nitrogen of
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the target cysteine. The equilibrated complex (100 ns for the ligand–protein system and

20 ns for the ligand-only system) served as the starting point for all alchemical stages. The

reversible coupling (forward) and decoupling (backward) of the inhibitor to and from the

solvated kinase (bound state) and the bulk (unbound state) were conducted using stratified

free energy perturbation (FEP)260. The number of λ values (50–200) and sampling per λ (2–

8 ns, including 0.2–1 ns equilibration) were adjusted on a per-system basis until convergence

of each direction and adequate overlap between λ values of opposite directions and overlap

between sequential λ values in one direction. Data from forward and backward simulations

were combined via the Bennett acceptance ratio (BAR)261 to obtain the associated free

energy difference.

During the bound FEP simulations, the ligand was restrained to the bound reference con-

formation, orientation, and position using seven coordinates: a symmetry-corrected RMSD

of the ligand heavy atoms (κ = 10 kcal mol−1 Å−2), three Euler angles and two polar angles

describing the ligand orientation relative to the protein (κ = 0.1 kcal mol−1 deg−2 each),

and the protein–ligand center-of-mass separation (κ = 10 kcal mol−1 Å−2). Only the RMSD

restraint was applied for the unbound FEP simulations. The free energy cost associated

with the restraints was evaluated by progressively reducing the force constants to zero using

thermodynamic integration (TI)262 bidirectionally. For both forward and backward bound

simulations, 101 values of λ were sampled each for 4 ns. 201 values of λ sampled for 2 ns each

were used for the unbound TI. The free energy contribution accounting for the reorientation

and translation of the unbound inhibitor was calculated analytically.263

Because the bound-state decoupling step exhibited persistent hysteresis between the for-

ward and backward simulations that could not be fully mitigated with additional sampling,

the free-energy bounds from each direction were propagated as uncertainties on the final

ABFE error estimate.

Since intramolecular non-bonded ligand interactions were preserved during the FEP sim-
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ulations (alchDecouple on), the absolute solvation free energy could be obtained with only

one additional calculation: a bidirectional TI in vacuum to evaluate the free energy cost of

imposing the RMSD restraint on the isolated ligand. This vacuum TI used 201 values of λ

for 2 ns each, with PME disabled and nonbonded cutoffs set effectively to infinity.

5.2.4 Kinetic modeling

Biochemical assay data measuring over time the dissociation of 4A9, 4B9, and 4C9 from

BTK were digitized from Supplementary Figure 5 in ref 36. Each time course was inde-

pendently fit to obtain experimental residence times, τ exp, using a single-exponential decay

function, % BTK Bound = Y0 exp(−t/τ exp). Differently from the original analysis, the fit-

ting here assumed that the total occupancy goes to near-zero, and therefore did not include

a parameter for a plateau.

Following the molecular modeling, the process depicted by the simple and generalizable

Scheme 5.1 is resolved into the more complex and bespoke kinetic Scheme 5.2. It is important

to emphasize that deliberate choices are made when decomposing kinetic schemes, and the

choices herein are informed by the atomistic simulations of these particular ligands. For

example, these ligands in reality may associate into the nonreactive or reactive state, but

we have chosen to define the scheme such that it only binds into the reactive state. This

approximation is allowed by the overwhelming presence of the reactive state in the unlinked

MD simulations and greatly reduces the complexity of the resolved scheme. In previous

works on ibrutinib binding kinetics84 and a theoretical demonstration of rapid-intermediate

gating37, the choice to bind only in the nonreactive pose was more suitable.

Scheme 5.2: Covalent inhibition resolved for 4A9, 4B9, and 4C9 from atomistic simulations.
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Scheme 5.2 was simulated in the deterministic limit as a system of ordinary differential

equations using the in-house Python package GeKiM37. Global fitting of the simulated

and experimental total occupancy curves was first done with a local minimization using

LMFIT264 with the Levenberg-Marquardt least-squares (LS) algorithm.265 A wide range

of possible parameters was then explored with Bayesian Metropolis Monte Carlo (BMMC)

sampling.198;233 The sampled parameters were log10 kon, log10 kf
inact, log10 kb′

inact, and each

ligand-specific log10 Kd. Rate constants and dissociation constants were sampled in log10

space to ensure uniform multiplicative exploration across orders of magnitude. The bounds of

each Kd were set from the ABFE error. The minimum bound of kon was set to 1×104 (Ms)−1,

informed by a survey of binding kinetics and the expectation that the association is not

conformationally gated.266

Per-point weights were constructed as the product of a temporal-density correction, wt =
√

∆ti, and an inverse-occupancy term, wy = 1/(yi + 0.1), and normalized per ligand. Early

timepoints for 4B9 and 4C9 were upweighted to anchor the simulated curves to the initial

occupancy plateau, which is well-constrained experimentally but otherwise underweighted

by the inverse-occupancy correction.

The Metropolis acceptance criterion used the sum of squared residuals between a sim-

ulated time course and the experimental data, with temperature tuned to yield a range of

fitted curves that reasonably spans the experimental spread (true experimental uncertainties

could not be recovered). Six independent chains were initially perturbed around the LS

minimum, run for 1×106 steps, and thinned for every 1000 samples (discarding the burn-in

period) to reduce the effect of autocorrelation.
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5.3 Results and discussion

5.3.1 Dynamics of associated inhibitor

Linked inhibitor

The covalent bond cleavage between the target cysteine and the three cyanoacrylamide-

based inhibitors occurs through a retro-Michael elimination. A critical first and necessary

step of this reaction is the abstraction of the proton on the warhead Cα. This process is

most feasible when the dihedral angle ϕ between that proton and the carbonyl oxygen is

approximately 270◦ (Figure 5.2, top).36 However, in equilibrium simulations of the linked

state, we observed no sampling near this region, ruling out rapid conformational gating as a

contributing factor to the prolonged residence time.
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Figure 5.2: (top) Definition of the dihedral ϕ (O=C−Cα−H) governing the geometric competence of the
proton abstraction, illustrated on the 4C9–Cys covalent adduct. (bottom) Equilibrium distributions of ϕ in
the linked simulations of 4A9, 4B9, and 4C9.

To estimate general differences in the energy landscape and kinetics of Cα deprotonation,
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a nonequilibrium steered QM/MM simulation was used to examine the proton abstraction

step. The steering coordinate was the generalized mean distance between the Cα and all

hydrogen atoms in the QM region (eq 5.1). All systems contained 20 QM waters. As shown

in Figure 5.3 (top), the barrier heights for 4B9 and 4C9 are indistinguishable, whereas the

barrier for 4A9 is ∼2.4 kcal/mol lower.

Because the proton was abstracted in the direction opposite to the nucleophilic sulfur and

further blocked from the sulfur by the cyanoacrylamide group (Figure 5.2, top), we reasoned

that a water would be the likely acceptor. We therefore examined the availability of water

as a possible acceptor (i.e., the average number of waters in the first solvation shell of the

Cα) along the steering coordinate. As shown in Figure 5.3 (bottom), the qualitative picture

matches that of the PMF. The first-shell population for 4B9 and 4C9 contains about the

same number of waters on average (∼1.1–1.2), which contrasts the markedly higher number

of waters available for 4A9 (∼1.4–1.5). This excess is already present in the reactant state

and persists through the transition state, consistent with steric exclusion by the isopropyl and

tert-butyl capping groups of 4B9 and 4C9 restricting solvent access to the Cα independently

of the torsional gate. The collapse of all three curves at the upper end of the generalized

mean distance reflects only that the first shell is essentially defined to be empty at those

values.

This differential hydration offers a plausible explanation for the difference in the energy

barrier. Beyond direct contribution to proton transfer, a drier first shell may also raise the

cost of stabilizing the resulting carbanion, further disfavoring the transition state for the

bulkier inhibitors.

For the sake of simplicity, the transition rate constant for deprotonation from the proto-

nated (prot) state is approximated within the framework of classical transition state theory

(TST),171;172;267

kTST
deprot = e−βW (r†)∫

prot e−βW (r) dr
⟨ṙ θ(ṙ)⟩r† (5.5)
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Figure 5.3: (top) Potentials of mean force (PMFs) and (bottom) mean number of QM waters in the first
solvation shell of the Cα as a function of the generalized mean proton distance for each ligand. Shaded
regions are pointwise 95% bootstrap confidence intervals from 1000 resamplings of the 99 SMD replicates
per system (top) and the standard error of the mean across replicates (bottom).

where r† is the transition state between the states “prot” and “deprot”, and the quantity

⟨ṙ θ(ṙ)⟩r† represents the average forward velocity of r at the transition state using the Heav-

iside function θ(ṙ) to select positive values. The transition rate constant can be expressed

as, kTST
deprot = e−β∆W † ⟨ṙ θ(ṙ)⟩r† /Lprot, where ∆W † = W (r†) − W (rprot) is the activa-

tion free energy, rprot represents the position of the minimum in the protonated well, and

Lprot =
∫
prot e−β[W (r)−W (rprot)] dr, is the effective length of the protonated well. The aver-

age forward velocity was calculated by finite difference from a 50 ps trajectory harmonically

restrained (κ = 800 kcal mol−1 Å−2) at the transition state r†. This simulation was launched

from the SMD replicate that used the lowest amount of nonequilibrium work to reach r†.

Table 5.1: Estimated rate constants from transition state theory

∆W † Lprot ⟨ṙ θ(ṙ)⟩r† kTST
deprot

(kcal/mol) (Å) (Å/ps) (s−1)
4A9 10.4 +0.6

−0.4 0.15 17.7 3.21×106

4B9 12.8 +0.4
−0.3 0.14 14.9 5.55×104

4C9 12.8 +1.1
−0.5 0.17 16.2 4.54×104
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The results are summarized in Table 5.1, along with the 95% bootstrap confidence interval

of ∆W †. The average forward velocity is 15–18 Å/ps, almost three times the value from

Maxwell’s distribution for a single proton, (kBT/(2πmH))1/2 = 6.31 Å/ps. Using the reduced

mass does not change this value significantly. It can be shown that the time derivative of

the generalized mean distance r defined by eq 5.1 is increased when the weighted sum is

dominated by one or a few short distances. Examination of the QM proton density as a

function of distance from the Cα during the transition-state simulation confirms this regime:

only ∼11–12% of the density is closer than ⟨r⟩.

The timescales of deprotonation predicted by the direct transition rates, τTST
deprot, are

3.11 × 10−7, 1.80 × 10−5, and 2.20 × 10−5 s, for 4A9, 4B9, and 4C9, respectively. Clearly,

the kinetics of this step does not make a difference on the overall residence time. Because

TST ignores recrossings and assumes a transmission coefficient of 1, the transition rate

estimates are upper bounds.172;173 Additionally, the semi-empirical QM method used can

underestimate energy barriers.84;256;268. Thus, the approximate rate constants in Table 5.1

are expected to be overestimated, but only by 3–4 kcal/mol.

Unlinked inhibitor

The bound-but-unlinked conformational ensemble warrants examination in its own right.

Conventional design heuristics rank unlinked inhibitor poses by the spatial proximity of the

electrophilic warhead to the target nucleophile.68;69;79;80;82;83 While geometric competence is

necessary, it is not sufficient when the reactive pose is transient and in rapid equilibrium with

nonreactive conformations.37;70 Prior work on BTK–ibrutinib, where the reactive geometry

was predicted to be a minority state of the unlinked ensemble, established that this regime

is not a hypothetical concern for ligands of similar structure.84 We therefore examined the

unlinked ensembles of 4A9, 4B9, 4C9, and ibrutinib bound to BTK with unbiased classical

MD simulations.
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To assess the conformational landscapes of each ligand, two-dimensional potentials of

mean force (PMFs) were computed over two general coordinates using MD simulations based

on a classical force field: (i) the linking-atom distance between the warhead electrophile and

the target nucleophile, and (ii) the no-fit RMSD of the ligand center of mass relative to the

crystallographic pose with the protein pocket aligned. The first coordinate reports geometric

competence of the warhead for covalent action, while the second captures scaffold translation

independent of warhead rotation.

As shown in Figure 5.4, the PMFs of the three cyanoacrylamide-based inhibitors are

qualitatively distinct from that of acrylamide-based ibrutinib. The BTK–ibrutinib ensemble

was partitioned between a reactive and nonreactive basin, with only ∼3% of sampled config-

urations satisfying the reactive-geometry criterion, consistent with prior work.84 In contrast,

4A9, 4B9, and 4C9 appeared to mostly sample a single reactive basin. Conformational states

were further resolved with the addition of two warhead–scaffold dihedral angles, ϕA and ϕB,

(Supporting Figure C.1) and clustered with HDBSCAN269. This decomposition exposed

multiple reactive and nonreactive conformational substates for the three cyanoacrylamide-

based inhibitors, with summed reactive populations of 93%, 97%, and 98% for 4A9, 4B9, and

4C9 (Figure 5.4, bottom). The unlinked reactive-pose probability pf
r is therefore effectively

saturated for these reversible inhibitors and cannot account for differential residence time.

This bias comes almost entirely from the intramolecular dynamics of the ligand. The cyano

group appears necessary to stabilize the dihedral ϕA around −30◦, a reorientation of the

entire warhead that places the electrophile in range of the target nucleophile.

Interestingly, the hydrogen bond between the warhead amide carbonyl and BTK cysteine

backbone nitrogen is hardly present in the unlinked state for 4A9 (7%), 4B9 (3%) and 4C9

(1%), but is almost entirely present for unlinked ibrutinib (96%). This hydrogen bond was

suggested by Bradshaw et al. to potentially stabilize the covalent complex after observing

it in the crystal structure.36 It is almost always present in the linked states of all three
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Figure 5.4: (top) Free energy landscapes (red–yellow) as a function of linking-atom distance (dlink) and
center-of-mass deviation (RMSDCOM) for the unlinked ensembles of ibrutinib (IB), 4A9, 4B9, and 4C9,
bound to BTK. (bottom) Free energy landscapes over the dihedrals ϕA and ϕB. Each bin is colored by its
cluster class: reactive (red–yellow), nonreactive (blue–green), or HDBSCAN noise (gray). A conformation
is deemed reactive (r) if the cluster’s centroid has a linking-atom distance under 4.5 Å.

reversible ligands (>99%), but only present for 24% of the linked BTK–ibrutinib simulation.

The stark difference in conformational gating of the forward reaction between structurally-

similar ligands motivated a broader survey of a diverse set of kinase–inhibitor pairs, analyzing

the PMFs over the two general coordinates used initially (Supporting Figure C.3). Across

the three ibrutinib complexes, the warhead is most stable in BTK and progressively destabi-

lized in EGFR and MKK7, recapitulating the rank order of experimentally observed poten-

cies180;181;270;271 and indicating that ibrutinib’s reactive-pose suppression is not a property

of the warhead alone. The remaining panel spanned qualitatively diverse regimes. Several

systems remained near a single conformation throughout the multi-microsecond trajectories,

while others adopted multiple well-resolved states separated by 1–3 kcal/mol barriers. For
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example, EGFR–afatinib sampled multiple basins dominated by translational displacement

of the scaffold. In contrast, c-SRC–DGY-06-116 was stable around a single conformation,

but the target cysteine on the mobile P-loop was rarely near the warhead. Proximity-based

ranking of docked poses would correctly identify the reactive configurations of the three

cyanoacrylamide-based inhibitors (4A9, 4B9, and 4C9) but rank ibrutinib incorrectly and

other inhibitors whose reactive geometries are minority states (e.g. DGY, 5YZ, and PF),

consistent with the broader point that geometric competence of a static pose does not imply

a populated reactive state. The saturation of the unlinked reactive-pose probability pf
r for

4A9, 4B9, and 4C9 is therefore a property of these compounds in this pocket, rather than a

feature that can be assumed a priori.

5.3.2 Noncovalent association

The first step in Scheme 5.1 corresponds to the noncovalent association of the inhibitor

with the binding pocket without the formation of a covalent bond. The crystal structure

of the BTK–4C9 complex revealed hydrophobic contacts between the tert-butyl capping

group and surrounding protein residues,36 suggesting that noncovalent affinity contributes

to the differential residence time. To quantify this effect, the absolute standard binding free

energies (ABFE) ∆G
(◦)
bind of 4A9, 4B9, 4C9, and ibrutinib to BTK were computed using the

alchemical route with the BFEE2 protocol.259. The results are given in Table 5.2.

Table 5.2: Computed absolute binding and solvation free energies for the major unlinked poses of BTK
inhibitors.

∆G
(◦)
bind (kcal/mol) ∆Gsolv (kcal/mol)

4A9 −7.9 ± 1.8 −27.9 ± 0.1
4B9 −12.9 ± 1.7 −27.5 ± 0.5
4C9 −15.1 ± 2.8 −25.0 ± 0.1

IB −14.7 ± 0.7 −22.5 ± 0.1

The solubility ∆Gsolv is anticorrelated to the binding free energy of the three reversible

inhibitors. Increasing the steric bulk of the terminal alkyl group increases the binding affinity
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and destabilizes the solvated state. The cyanoacrylamide warhead, being substantially more

polar than the acrylamide of ibrutinib, is more favorably solvated by 2.5–5.4 kcal/mol across

the series, implying a larger desolvation cost upon binding. Since 4C9 achieves a binding

free energy on par with ibrutinib, it is likely that the larger desolvation cost is offset by more

favorable interactions between the large hydrophobic capping group and the binding pocket.

The calculated noncovalent Kd values of the three reversible ligands span several orders of

magnitude: 1.6×103, 0.43, and 0.011 nM for 4A9, 4B9, and 4C9, respectively (conservative

bounds: 83–3.2×104, 0.026–7.2, and 8.9×10−5–1.2 nM). The trend is consistent with the

hypothesis that larger alkyl substituents enhance the noncovalent binding affinity. However,

comparing these values to a theoretical binding affinity K
exp
d = (kon τ exp)−1 for the whole

unbinding process calculated as a function of total residence time and using a generic value

of 1×105 (Ms)−1 for kon shows that noncovalent dissociation alone does not account for the

observed timescale of unbinding (Figure 5.5).

101 102 103

Experimental residence time exp (h)

10 3

10 1

101

103

K d
 (n

M
)

(2.5 h,
1600.0 nM)

(97.0 h,
0.43 nM)

(720.0 h,
0.011 nM)

4A9 4B9 4C9 Kexp
d

Figure 5.5: Noncovalent dissociation constant Kd from absolute binding free energy calculations vs.
experimental residence time τ exp from single-exponential fits of the BTK unbinding data for 4A9, 4B9, and
4C9. Vertical bars are the conservative Kd bounds from the ABFE hysteresis. The dashed line is
Kexp

d = (kon τ exp)−1 using a generic value of 1×105(Ms)−1 for kon.

The computed affinities, together with the unlinked dynamics, suggest that noncova-

lent behavior of these inhibitors occupy a qualitatively different regime than their irre-

versible counterpart, ibrutinib (Supporting Figure C.4). Despite ibrutinib’s calculated Kd
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of ∼0.02 nM (0.0068–0.062 nM) reflecting very tight noncovalent binding, the probability of

the reactive pose is only ∼3%. Strong noncovalent affinity thus does not guarantee efficient

covalent engagement. In contrast, the reversible inhibitors are all almost entirely poised to

react once bound, but their affinities vary dramatically. Favorable reactive geometry thus

does not guarantee tight noncovalent engagement.

5.3.3 Kinetic modeling

Taken individually, the computational results are suggestive but provide an incomplete pic-

ture. To develop a picture that integrates all the different pieces of information across the

various stages, the experimental data were fit altogether with mass-action simulations of a

detailed kinetic scheme (Scheme 5.2) tailored for these three ligands.

In the first steps of this scheme, the solvated enzyme and inhibitor undergo bimolecular

association with the rate constant kon into the reactive noncovalent complex, which can dis-

sociate with the rate constant koff. The noncovalent complex is partitioned between reactive

(E·I) and nonreactive (E··I) poses with rapid conformational rate constants kf
r and kf

nr. Since

the unlinked ligands exist almost entirely in reactive state, the association into the nonre-

active state can be ignored for simplicity. The reactive pose forms the covalent adduct with

the forward inactivation rate constant kf
inact. The proton-abstracted intermediate (E∼I),

formed from the reactive covalent adduct with the deprotonation rate constant kdeprot, then

completes the backwards reaction with the rate constant kb′
inact.

Most of the rate constants were constrained by the results from the molecular model-

ing. Conformational transition rate constants (kf
r and kf

nr for the unlinked ensemble) were

assigned under a rapid equilibrium approximation by fixing the sum kr + knr at 108 s−1

and partitioning the forward and backward rates according to the equilibrium populations

extracted from the MD trajectories, i.e., kr = pr(kr + knr). The deprotonation rate constant

kdeprot was estimated from the PMF of proton abstraction. The noncovalent dissociation
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rate constant koff was related to kon and the ABFE-derived Kd with koff = Kd kon. The

three remaining rate constants, kon (bimolecular association), kb′
inact (the remainder of the

retro-Michael reaction after proton abstraction), and kf
inact (the Michael addition), were fit

freely. These were shared across the ligands, because we do not expect them to be much

different from each other and sharing them significantly restricts the parameter space.

The simulated protocol reproduced the experimental protocol: an incubation phase

([E]0=0.45 µM, [I]0=1.5 µM, tinc=30 min) followed by setting kon to 0 and monitoring

of the fraction of occupied enzyme over 120 hours. Including the incubation step was critical

because 4A9 does not reach full occupancy in that time, allowing for estimates of kon and

kf
inact. Distributions of possible parameter values were obtained with Bayesian Metropolis

Monte Carlo (BMMC) sampling of parameter space. The resulting time courses are com-

pared to the experimental data and single-exponential fit in Figure 5.6. Decompositions of all

enzyme-containing species during both the incubation and post-incubation phases are shown

in Supporting Figure C.5. The full set of free and fixed parameters is given in Supporting

Table C.2, and the trajectories of the free parameters are shown in Supporting Figure C.6.
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Figure 5.6: Fraction of total BTK occupancy over time for 4A9, 4B9, and 4C9. Points are the
experimental data digitized from ref 36. Dotted lines are single-exponential fits to those points, and dashed
lines are the least-squares (LS) fit of mass-action Scheme 5.2. 500 randomly chosen BMMC samples are
shown as transparent solid lines.

To better understand the timescales associated with the noncovalent and covalent states
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in the coarse-grained sense, Scheme 5.2 was reduced to an apparent two-step model (Scheme

5.1) that generalizes the kinetics for reversible covalent inhibition. The apparent noncovalent

off-rate and forward inactivation rate constants were obtained under a rapid-equilibrium ap-

proximation by scaling the intrinsic rate constants by the unlinked reactive-pose probability,

k
app
off = pf

r koff and k
f,app
inact = pf

r kf
inact.37 The apparent backwards inactivation rate constant

was obtained as the series combination of effective timescales of the deprotonation and re-

maining chemical steps, 1/k
b,app
inact = 1/(kdeprot + 1/kb′

inact). The overall apparent residence

time of Scheme 5.1 was calculated analytically using the known expression for induced-fit

models,272

τapp =
k

app
off + k

f,app
inact + k

b,app
inact

k
app
off k

b,app
inact

= 1
k

b,app
inact

+ 1
k

app
off

+ k
f,app
inact

k
app
off k

b,app
inact

(5.6)

Depending on the system, any of the three terms may dominate the apparent residence time

τapp. The most naive interpretations of residence data commonly focus on the first term,

1/k
b,app
inact , which is the timescale for breaking the covalent linkage between the ligand and

the kinase. Evidently, if this is the slowest process in all the microscopic steps, then it does

indeed dominate the apparent residence time. The second term, 1/k
app
off , is the timescale

for the dissociation of the noncovalently bound ligand and dominates if the breaking of the

covalent bond is fast and negligible. The third and most salient term, k
f,app
inact/(kapp

off k
b,app
inact ),

represents the timescale associated with covalent reengagements. Its contribution is dissected

after a brief account of the first two terms for each ligand.

The 95% highest density intervals (HDIs) from the BMMC sampling of the contributing

timescales are reported in Table 5.3. Despite broad distributions in the sampled parameters,

robust qualitative conclusions can be drawn about the origins of the prolonged lengths and

differences in the overall residence times. For 4A9, the noncovalent dissociation timescale
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Table 5.3: The 95% highest density interval from BMMC simulations of the timescales of reduced rate
constants compared to the Scheme 5.1 residence time (τapp) and single-exponential residence time (τ exp).

1/kapp
off (h) 1/kb,app

inact (h) kf,app
inact/(kapp

off kb,app
inact ) (h) τapp (h) τ exp (h) ⟨n⟩ + 1

min – max min – max min – max min – max min – max

4A9 0.000042 – 0.13 3.2 – 5.4 0.00059 – 0.37 3.4 – 5.5 2.5 1.0 – 1.1
4B9 7.4 – 23 3.2 – 5.4 63 – 78 85 – 93 97 14 – 22
4C9 56 – 180 3.2 – 5.4 440 – 660 560 – 780 720 95 – 180

(1/k
app
off < 0.2 h across the 95% HDI) is negligible compared to the covalent bond lifetime

(1/k
b,app
inact ≈ 3–5 h). The apparent residence time (τapp ≈ 3–5 h) is almost entirely deter-

mined by the rate of covalent bond cleavage. Once the bond breaks, the inhibitor escapes

the pocket almost instantaneously. In contrast, the noncovalent dissociation timescales of

4B9 (1/k
app
off ≈ 7.4–23 h) and 4C9 (1/k

app
off ≈ 56–180 h) are very long. This is likely due to

underestimation of 1/k
b,app
inact . A deeper investigation is ultimately required to find the exact

differences in the kinetics of the chemical reaction, but principles of prolonged residence time

are still unraveled below.

The fitted rate constants can be benchmarked against comparable values in the literature.

The association rate constant of rilzabrutinib, a reversible BTK inhibitor with a similar scaf-

fold and cyanoacrylamide-based warhead, was determined from TR-FRET measurements to

be relatively slow at 5.1±2.1×104 (Ms)−1.242 Our fitted kon (95% HDI: 0.1–6.4×105 (Ms)−1),

which came entirely from kinetic inference of the incubation period yet played an important

role in identifying koff, meets the expectation that 4A9, 4B9, and 4C9 also do not exist

on the higher end of the distribution of kinase-inhibitor association rates.266 Similarly, our

fitted kf
inact (1.4–5.7×10−4 s−1) was not informed by any molecular modeling and still falls

in the expected regime of being rate-limiting over noncovalent association. However, it is

likely an underestimate. Similar BTK inhibitors from the same study show kinact∼10−3–

10−2 s−1.36 The conclusions are not hostage to the fitted range. The BMMC posterior shows

a positive rank correlation between kf
inact and k

app
off (ρ = 0.63, 0.79, 0.54 for 4A9, 4B9, 4C9).

A higher kf
inact would therefore be partially absorbed by a higher k

app
off , yet still lengthen
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the covalent reengagements timescale. Precise estimation of the individual rate constants

ultimately requires incorporation of covalent occupancy time-courses at multiple doses to

resolve ligand-specific kf
inact values.

As mentioned, the apparent residence time of a generalized reversible covalent inhibitor

(Scheme 5.1) is a series combination that includes not only the mean timescales of sin-

gular noncovalent and covalent disengagements, but also that of covalent reengagements,

k
f,app
inact/(kapp

off k
b,app
inact ). The contributions of the covalent and noncovalent off-rates are there-

fore less straightforward than simple proportions of the apparent residence time. This is

clarified by considering a refactored form of τapp re-written to distinguish the timescales for

a single noncovalent dissociation and multiple covalent cleavages,

τapp = (1 + ⟨n⟩) 1
k

b,app
inact

+ 1
k

app
off

(5.7)

Here, the prefactor (1+⟨n⟩) = (1+k
f,app
inact/k

app
off ) corresponds to the mean number of inac-

tivation events before unbinding (see Appendix A). The leading 1 accounts for the initial

inactivation event that places the system in the covalently-bound state E—I, while the ratio

k
f,app
inact/k

app
off is the odds of inactivation vs. dissociation evaluated per visit to the noncovalent

complex E···I. Interestingly, the apparent residence time expressed in the form of eq 5.7

makes it clear that the mean number of inactivation steps per association event represents a

critical design feature that can be dialed to modulate the behavior of this class of reversible

inhibitors. The smaller the noncovalent off-rate, the higher the probability of re-inactivation.

The smaller the covalent off-rate, the more each re-inactivation contributes to the overall

timescale. It is through these covalent reengagements that the apparent residence times

of 4B9 and 4C9 receive their largest contribution (Table 5.3). By our estimates, 4B9 and

4C9 inactivate on average 13–21 and 94–175 times per binding event, whereas 4A9 inacti-

vates a negligible amount of times (9.4×10−5–0.095). This analysis suggests that only 4A9
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behaves according to the typical view of covalent inhibition, where a relatively rapid and

constant exchange of noncovalent association and dissociation consistently offers transient

and seldom-taken opportunities to covalently bind. Instead, 4B9 and 4C9 appear to adopt

a quasi-equilibrium with respect to the covalent linkage and cleavage.

The apparent residence time can also be refactored in a different form to highlight the

implications of this atypical balance,

τapp = 1
k

b,app
inact

+ (1 + Kinact)
1

k
app
off

= 1
k

b,app
inact

+ 1
p

app
off k

app
off

(5.8)

where Kinact = (kf,app
inact/k

b,app
inact ) is the equilibrium constant of the covalent linkage, and p

app
off =

k
b,app
inact /(kf,app

inact +k
b,app
inact ) is the probability to find the associated ligand in the unlinked config-

uration. Here, the apparent timescale for the dissociation of the noncovalently bound ligand

is modulated by the equilibrium constant of forming the covalent bond itself, a perspective

that is uncommon perhaps somewhat surprising. If individually the rates k
b,app
inact and k

f,app
inact

are relatively fast, then Kinact becomes the relevant variable and the thermodynamics of

the covalent bond become an exploitable design feature that can be dialed to optimize the

apparent residence time.

5.4 Conclusion

Here we carried out atomistic calculations on the linked and unlinked inhibitor, deprotona-

tion, and binding free energy. Because our goal was to focus primarily on the steps expected

to play the most important role on the residence time, all the microscopic steps of Scheme

5.2 were not simulated explicitly. For example, we did not characterize the forward Michael

reaction, though our previous study of ibrutinib shows how this can be done. Furthermore,

we did not calculate the dissociate rate of the unlinked ligand. While this is not conceptually
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complex, this can be a challenging calculation though there are promising enhanced sampling

methods to do this efficiently. In principle, atomic calculations could be carried out for all

the steps to include in our integrated strategy.

Still, without the full molecular basis, we were able to use a kinetic fitting protocol with

the experimental data digitized from Bradshaw et al.36 to deduce a broader conclusion:

prolonged residence time is not the property of any single apparent rate constant. For the

two well-performing inhibitors, it is an emergent consequence of repeated covalent reengage-

ment, in which the reformation of the broken bond outpaces escape from the pocket. The

methodology thereby identifies which kinetic steps are worth modulating and predicts how

modulating them will affect the overall kinetic behavior. The theoretical analysis provides

a deeper understanding of how residence time is governed by the dissociation rate, forward

rate of inactivation, and backward rate of inactivation that is applicable to any reversible

covalent inhibitor.

Appendix A: mean number of inactivation attempts

For a bound Markovian ligand traveling in Scheme 5.1, each E···I sojourn leads to either inac-

tivation with p = k
f,app
inact/(kapp

off + k
f,app
inact) or dissociation with q = 1−p = k

app
off /(kapp

off + k
f,app
inact).

The mean number of inactivations ⟨n⟩ during one binding event is given by the geometric

series over sequences of n E···I sojourns,

⟨n⟩ =
∑
n≥0

n(pn q) = p
∑
n≥0

n pn−1 q = p
∂

∂p
(
∑
n≥0

pn) q

= p
∂

∂p

(
1

1 − p

)
q = p

1
(1 − p)2 q = p

q

= k
f,app
inact
k

app
off

(A.1)
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CHAPTER 6

CONCLUSION AND OUTLOOK

This thesis was motivated by a difficulty that is not, on inspection, any single hard prob-

lem. Designing covalent inhibitors rationally is hard because the process is governed across

a wide range of scales. Those that understand covalent inhibition through experimental

binding curves of homemade molecules and those who understand it through simulated mo-

tion of individual atoms have partial views of the picture that do not overlap without a

comprehensive, unified framework.

We started from these two sources of information, and what came into view was how

kinetics can be used as a language to help them communicate. These two sources can inform

each other. Microscopic data constrain the detailed macroscopic fit and the macroscopic data

reveal which microscopic details matter. The role of the framework is to hand the medicinal

chemist a “control panel” with dials and buttons that connect microscopic chemical features

to some experimental outcome.

6.1 Summary of dissertation

Chapter 2 introduced the principle of rapid intermediates and the mass-action machinery

used throughout. It shows that an apparent rate of inactivation can be dominated by a

microscopic factor that has nothing to do with the reactivity of the warhead. The apparent

inactivation efficiency must therefore be deconvolved into its chemical and conformational

contributions before any design conclusion is drawn from it. A relationship between the

EC50 and kinetic parameters was derived to show explicitly the convoluted impact that koff,

kinact, and conformational probabilities can have on dose-dependency. This relationship

also provides the basis leveraged in Chapter 4, that dose-response data measured at an

appropriate time point can efficiently constrain kinetic parameters.
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Chapter 3 built, from the bottom-up, macroscopic kinetic parameters for ibrutinib bind-

ing Bruton’s tyrosine kinase. A binding pathway parameterized by molecular dynamics

reproduced the experimentally measured covalent efficiency once its microscopic steps were

assembled into a kinetic model and coarse-grained. This agreement was obtained using es-

timated values for kon and koff. While the good agreement is welcome, one may note that

the covalent efficiency is a comparatively forgiving quantity to predict because it depends on

ratios of rate constants rather than their absolute values. When integrating the microscopic

steps in this way, the dynamics can be benchmarked to experiment, pathways can be sepa-

rated and interrogated, and the effect of rapid conformational gating on the overall kinetics

is quantified from first principles rather than assumed to be a hypothetical concern.

Chapter 4 entailed a collaborative effort for designing novel kinase probes that spans

from proteomics to molecular modeling. My contribution was the kinetic modeling of bio-

chemical in vitro data, which advances the evaluation of kinetics from experimental assays.

The binding of irreversible probes to the kinase ABL1 was fit using mass-action simulations

and a Bayesian Metropolis Monte Carlo protocol. This approach extracts kinetic parame-

ters more accurately and from less data than conventional analyses, and separates specific

binding from nonspecific and apparent sub-stoichiometric factors. This approach also recov-

ers the reversible affinity directly from the data when reversible binding maintains a rapid

equilibrium during the hours it takes to covalently inactivate all enzymes, a regime that

conventional empirical models already assume. After a pilot assay, the protocol can be run

in reverse to identify the experimental conditions that will most efficiently reduce parameter

degeneracy and uncertainty in a second round of measurements.

Chapter 5 examined the molecular and kinetic determinants of differences in residence

time across a set of ibrutinib-derived reversible covalent inhibitors that differ only slightly in

structure. The residence times of those compounds span more than two orders of magnitude,

and the atomistic calculations yielded only a partial answer as to why. The conceptual payoff
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came through the lens of the coarse-grained, two-step binding mechanism. The residence

time of the shortest-lived inhibitor is almost entirely limited by the rate at which its covalent

bond breaks, whereas the two longer-lived inhibitors obtain most of their residence time from

repeated covalent reengagement rather than one long-lived covalent bond. The theoretical

analysis emphasized how residence time for a reversible covalent inhibitor is determined

jointly by the rates of dissociation, covalent bond formation, and covalent bond cleavage.

This result applies to any reversible covalent inhibitor.

6.2 Implications for covalent inhibitor design

An effective design strategy requires answering two questions. The first is which molecular

feature to change in order to produce a desired effect. The second is which chemical modifica-

tion actually changes that molecular feature. That is, the designer has many dials available,

but cannot determine from the observed outcome alone which combination is responsible for

it.

A medicinal chemist modifies a covalent inhibitor and measures the resulting change

in potency. The measured change should constrain the next modification, but on its own

the data does not identify the microscopic mechanism at the origin of the change. The

apparent rate of inactivation, for example, has both a chemical contribution from the intrinsic

reactivity of the warhead and a conformational contribution from the probability of a reactive

geometry, and a change in the apparent rate can arise from either. As shown in Chapter 2,

increasing the conformational contribution allows the same apparent inactivation rate to be

reached with a less reactive warhead, which is expected to reduce off-target reactivity and

the associated toxicity. This decomposition also weighs on how selectivity is understood.

Selectivity in covalent inhibition is usually attributed to a warhead of low intrinsic reactivity

positioned near a nucleophile that is present in the target but absent from most off-target

proteins.10 The present results show that the probability of a reactive geometry can itself
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contribute to selectivity, since a warhead that is rarely presented for reaction in an off-

target site will react there slowly even when the same nucleophile is available. Optimizing

the conformational contribution can therefore improve selectivity while also allowing a less

reactive and safer warhead. Because standard ways of measuring covalent occupancy do not

distinguish the two contributions, a design decision based solely on these measurements is

made without knowledge of which contribution it will affect.

The same issue is more pronounced for reversible covalent inhibitors. Design efforts (and

post hoc rationale) typically concentrate on the stability of the covalent complex. Chapter 5

showed instead that the prolonged residence time of a reversible inhibitor emerges from the

compounding effect of several rate constants that belong to different processes and act in op-

posite directions. The regime in which a ligand sits with respect to the balance of these rates

determines which of them limits the residence time and which can be productively modified.

A strategy that considers only the stability of the covalent bond might be pushing at the

point of already-diminished returns, missing out on the multiplicativity of the timescales of

noncovalent dissociation and covalent bond cleavage.

A reasonable concern is that the microscopic mechanisms involved in covalent inhibition

vary enough from system to system that a single, generalized framework cannot meaningfully

apply across them. In the ideal case, a covalent inhibitor should be as potent and selective

as possible, binding with a dose-efficient strength to only a single target in the proteome.

To this end, one aims to optimize properties that boil down to the noncovalent affinity and

the kinetics of the covalent step. The difficulty is not that these properties differ between

molecules, but that the experimental observable is a nonlinear combination of them. Two

molecules can produce the same enzyme-binding curve for different microscopic reasons,

i.e., by relying on different mechanisms. This distinguishes covalent inhibition from most

problems in molecular biophysics, where a simulated quantity corresponds directly to a

well-defined measurement, such as the current through an ion channel, a nuclear magnetic
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resonance relaxation time, or some structural order parameter. For covalent inhibition,

the experimentally measured quantity is a complex combination of many quantities that

each requires their own substantial computation effort. This dissertation’s framework is

useful because it relates the observable in terms of these underlying quantities. A structural

modification can then be directed at the microscopic step responsible for a given behavior

rather than chosen from the aggregate outcome.

The field has not reached a consensus on how best to develop a covalent therapeutic.33

That said, the strategies of starting from an established noncovalent scaffold and starting

from a screened covalent fragment seem to complement each other more than they compete.

The best option would depend, for instance, on whether the goal is to target known pockets or

discover new ones. Still, some believe neither strategy works and any success is just a matter

of luck. Perhaps we already agree that the convolution and degeneracy of microscopic effects

make covalent inhibition nearly impossible to understand with phenomenological data alone.

Where we differ is that this dissertation treats the problem as one requiring a “computational

microscope” rather than luck.

This framework can be immediately applied to the growing number of covalent inhibitors

for which both structural and kinetic data are available. Resolved kinetic models can be

constructed to explain why structurally similar molecules behave differently, as was done for

the three reversible inhibitors in Chapter 5. The explanations obtained in this way can then

serve as Bayesian priors for the prospective design of new molecules.

More than a set of results, the objective of this dissertation is to provide a roadmap. It

identifies several kinetic regimes in which the dominant determinant of potency or residence

time is different, and in which the same structural modification therefore acts through a dif-

ferent mechanism. Starting from a detailed understanding of a single molecule, the property

that must be changed to achieve a given effect can be identified. The behavior of related

molecules can be predicted from molecular modeling without reconstructing the full kinetic
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description for each new compound. The framework itself does not depend on the specific

warhead chemistry or on the identity of the target. Kinases and their inhibitors were used as

a model system to unravel these principles, but the analysis applies to any covalent inhibitor

whose binding can be written as a kinetic scheme.

6.3 Refining the kinetic model

6.3.1 Model fidelity and its limits

It is important to recognize the limitations of the proposed framework. Many careful-but-

necessary approximations are made in modeling potential energies, sampling alternative

paths, and deriving rate constants. Therefore, the information derived from molecular dy-

namics is indeed best considered Bayesian priors rather than ground truth. The same goes

for crystallographic structures. In practice, a structure often functions as a form of risk man-

agement rather than a specific answer. If the lead molecule of a drug development initiative

is found to cause some adverse effect, a purely phenotypic approach would have to restart

with far less information than if they had a structure. A structure can at least indicate

which changes are likely to modulate an important interaction. A set of molecular dynamics

simulations, like a static structure, is not guaranteed to inspire the perfect modification, but

it does provide a much more thorough understanding. Therefore, it is significantly more

valuable when a large investment is at stake.

The present framework is most useful once a small number of lead compounds exist and

have been characterized experimentally. The experimental data contain the parameter space

and reduce the amount of computation required to determine what controls the overall ki-

netics. Furthermore, it is much easier to make statements about the relative differences

between structurally-similar molecules than the absolute behavior of one without any con-

text. In Chapter 4, the fits to XO44 and K50P in vitro binding data were largely possible
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because of the parameter constraints imposed by the data for K60P binding, for which the

doses and time-points happened to suit better. In Chapter 5, the molecular factors governing

the unlinked conformational reactivities or the noncovalent binding free energies could be in-

ferred through structural comparisons across the series of cyanoacrylamide-based inhibitors

and their less complex parent inhibitor, ibrutinib. That being said, the more thorough in-

vestigation of ibrutinib alone in Chapter 3 yielded a greater understanding of the binding

process, revealing factors such as the solvent-mediated nature of the chemical reaction and

the conformational gate that comes before.

The game we play in using this framework is finding the simplest kinetic scheme that is not

simplistic. A scheme that more precisely reflects reality may not be any more informative

than a simpler version of the same binding process that better communicates the salient

point. This is especially true in a drug design pipeline, where the cost of added complexity

must be justified by the engineering question it aims to answer. This is less true for scientific

endeavors where the entire point is a strict description of some natural phenomenon. A

drug candidate designed today could be obsolete tomorrow, but the mechanism by which

one endogenous biomolecule reacts with another will be relevant for a very long time.

6.3.2 Resolving the covalent step

The most concrete extension of this work is exemplified by a study of the reversible inactiva-

tion pathway of the three reversible cyanoacrylamide-based inhibitors studied in Chapter 5.

The analysis was guided by the molecular reasoning of the medicinal chemists who devel-

oped the compounds, and this reasoning did not fully account for the differences in residence

time. The conclusions drawn from detailed atomistic calculations were coarse-grained and

limited in quantitative accuracy. The forward and backward inactivation rates were not

characterized. Moreover, they are not expected to be the same for the three ligands. The

backward inactivation is initialized by the deprotonation of the inhibitor Cα. It was thought
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that the rate of this deprotonation is slow and ligand-specific, and therefore contributes to

the differences in residence time. While the deprotonation rate is ligand-specific, it is always

too fast to be rate-limiting in any capacity. Instead, the rate-limiting step of the reverse

reaction appears to be cleavage of the covalent bond between the Sγ atom of the target

cysteine and the Cβ of the inhibitor. This tracks with previous quantum-mechanical studies

of acrylamide-thiol reactions with and without a cyano group stabilizing the anionic form of

the Cα.246 It may be that the larger substituents on the better-performing ligands increase

the torsional strain and displace the warhead from the geometry required to break this bond,

where the leaving sulfur atom must rotate out of the plane of the acceptor. Characterizing

the chemical step explicitly for each ligand, rather than treating them identically, is the most

direct way to improve the fidelity of the kinetic modeling.

The quantum-mechanical pathways, although improved relative to previous work and

optimized for the dominant route, were branched only where a specific question required it,

such as the dependence of the reaction on pH for BTK and ibrutinib in Chapter 3. Such ques-

tions are not difficult to address once the main reaction pathway has been established, but

doing so requires care, and probably the exploitation of rapid local equilibria. Good practice

is to check, with every added detail, that a numerical simulation of the more complex kinetic

scheme produces nearly the same change in an observable as the more coarse-grained one.

This check also applies in the opposite direction, when compressing a detailed scheme. A

large source of intuition for the regimes and sensitivities of a given binding process comes

from testing how changes in kinetic parameters, experimental conditions, and network topol-

ogy push the boundaries of approximations and break the equivalence between simple and

complex schemes.

The heuristics of conformational reactivity can also be refined if the situation calls for

it. For determining whether a given conformational state is reactive, the distance between

the reacting atoms is often an adequate metric, and a simple cutoff is usually sufficient.
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For reversible ligands, reactivity may depend on more continuous quantities. The orbital

overlap that determines the optimal geometry for the reverse reaction, for example, makes

the conformational reactivity a function of a dihedral angle (ϕ), varying approximately as

sin ϕ rather than as a binary indicator. Different warheads introduce further differences.

Two warheads may have different rate-limiting steps for the same overall reaction, such as

the retro-Michael reaction for an acrylamide and a cyanoacrylamide.246 They may also begin

the reaction from different conformations, as suggested by the unbiased simulations of both

unlinked and linked states in Chapter 5 where the cyanoacrylamide-based inhibitors and

acrylamide-based ibrutinib reside in opposing conformations. As a result, a single enhanced-

sampling protocol may not apply to two slightly different warheads that undergo the same

general class of reaction.

The investigation of the alternative path in Chapter 3 points to important additional

considerations. A multi-step pathway that avoids a slow downstream step at the cost of a

higher initial barrier can impact the macroscopic kinetics. Yet, the current suite of enhanced

sampling methods is best suited for characterizing the energy landscape of one kinetically-

trapped pathway at a time. This is especially relevant in studying the chemical reaction. The

process of modeling these expensive quantum-mechanical steps is a science like any other,

and it should draw from previous knowledge. Unbiased MD in the unlinked and linked

states, as well as prior study of the general chemistry, already indicate which conformations

are populated and how the reaction is likely to proceed. A reaction coordinate can also be

designed so that the system finds the lowest-energy route on its own, as is done in Chapter 3

by using the distance between a carbon to a group of indistinguishable protons instead of

just one. Because the rate through a path depends exponentially on the barrier, a path even

modestly lower in energy dominates, so the enumeration of alternative pathways does not

need to be exhaustive in order to be quantitatively useful. Exploratory enhanced sampling

can find paths by walking several coordinates at once. These methods still have blind spots,
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and an imperfect choice of coordinates gives a barrier that does not necessarily describe the

true minimum free energy between two states, inviting hysteresis and poor convergence from

slow orthogonal degrees of freedom.

Transition path theory (TPT) is a tantalizing option that can be applied directly to

molecular dynamics.273 This framework characterizes the transition from one state to an-

other with the committor, an ideal reaction coordinate that measures progress by probability

of outcome rather than geometry, and from it the total rate over all reactive pathways. Sam-

pling this ensemble of pathways directly, through transition path sampling or reconstructing

it from a Markov state model (MSM), would address this problem without presupposing a

dominant route.274;275 None of this is currently feasible for a bond-breaking step. The com-

mittor is a function of the entire configuration space (when applied to molecular dynamics

data, this is the set of all possible atomic positions) that requires the reactive barriers to be

visited repeatedly. It is unclear if the amount of sampling required to estimate the commit-

tor, or the network of an MSM, can be achieved with a quantum-mechanical level of theory.

An MSM partitions configuration space into states connected by transition probabilities and

characteristic timescales. MSMs themselves are master equation models of the kind used

throughout this dissertation. These tools are better used for mechanisms with high network

complexity and fast sampling of configuration space. This is the case for protein folding

mechanisms sampled classically276, but not for covalent binding mechanisms.

6.3.3 State representation

Some key simplifications were used with even the most detailed of kinetic schemes found in

this dissertation, and refining the quantitative outcomes would require relaxing these sim-

plifications. For one, noncovalent association led explicitly into one of two conformational

possibilities: a nonreactive or reactive state. In Chapter 2, the enzyme and inhibitor were

considered to bind into a nonreactive conformation, illustrating in a theoretical way the im-
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pact of conformational gating. Chapters 3 and 5 modeled noncovalent binding into either the

nonreactive and reactive conformations, respectively, because one or the other was almost

entirely dominant in the unlinked molecular simulations. Since these conformations exist in

a rapid equilibrium, the choice essentially becomes a matter of clarity, granted the apparent

dissociation rate is scaled by the right probability. If the conformational distribution is more

evenly split between different noncovalently-bound states, it may be desirable to incorporate

each conformation’s association/dissociation explicitly. For conformations that are kineti-

cally trapped rather than rapidly equilibrated, one would need to take care in partitioning

a computed binding free energy across these states. The binding free energy computed for

one state can be converted for another state from the ratio of state probabilities.

Only one protein conformation was considered in the kinetic modeling, although both

small side-chain rearrangements, such as the DFG-in and DFG-out states for kinases, and

larger changes between active and inactive conformations could be relevant. This is also true

for protonation states, particularly for reactions targeting a lysine. Only the kinetic model

in Chapter 3, Supplementary Scheme A.1, considered the pathway of binding BTK where

the cysteine was already deprotonated.

The use of continuous rather than discrete states is another possibility for further refining

a kinetic model. Some states are better described by a continuum. This would apply for the

continuous function of reactivity mentioned in the previous subsection, as well as when the

kinetics depend on, for example, the degree of folding of an RNA molecule or the rotational

state of a molecular motor. The general framework here can accommodate such descriptions.

It is independent of the type of observable, provided that the kinetic scheme is specified

correctly and the relationship between the simulation time course and the measured signal

is defined. A FRET signal that correlates with a mass-action probability distribution as a

function of FRET distance could be fit in this way.
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6.4 Extending beyond in vitro kinetics

6.4.1 Pharmacokinetics

The general idea of the present work, to seek a better representation of the macroscopic

behavior of a system by relying on a detailed kinetic framework incorporating information

from atomistic modeling and computations, can be extended to the full biological context

of the system of interest. For example, the behavior of a covalent inhibitor in vivo does not

begin or end with the generic binding scheme, E + I E·I E-I. An orally administered

drug passes through the gut, the intestinal lining, and the liver, before it is either excreted

in the bile or put into systemic circulation. It distributes across the intravascular and

extravascular space, interacting with plasma proteins, crossing the capillary endothelium

into the interstitial fluid and permeating into circulatory cells, the endothelium itself, or the

parenchymal cells of whatever tissue it reaches. Intracellular drug targets can be located in

several different compartments with their own barriers of entry. When the drug is finally in

close proximity, molecular engagement (E + I E·I) must still compete with endogenous

substrates also trying to bind the target and with active efflux transporters trying to remove

the drug from the cell. The drug, or more likely a metabolite,277 is eventually eliminated

through the kidney or, by way of the liver, the bile, with a fraction reabsorbed through

enterohepatic recirculation.

Metabolites are an important point of study with the present framework. Because a large

fraction of an orally administered compound, such as ibrutinib,278 can be chemically altered

during first pass through the gut lining and liver, the behavior of its metabolite(s) may be

more relevant than that of a parent molecule. The framework is well-suited for comparing the

two. A comparison between a parent molecule and its metabolites is more reliable than the

absolute characterization of a single molecule, because the systematic errors in the potential

energy approximations largely cancel. The comparison also makes it straightforward to
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isolate the few binding steps that differ between the two molecules, which can be modeled

explicitly with molecular dynamics while the remaining parameters are shared and fit freely.

Every kinetic model in this dissertation is reductionist in that it describes a homogeneous

solution containing one type of enzyme and one type of inhibitor. The molecules are well-

mixed, present in enormous copy number, and reach each other by rapid Brownian diffusion.

This is the right description of the biochemical assays the models were fit to. However,

nearly every stage of the pharmacokinetic process described above violates at least one of

these conditions.32

A drug does not diffuse from the gut to a tumor. It is carried there by flowing blood

with a rate set by perfusion. This is a hydrodynamic process and requires the addition of

an explicit transport term in the kinetic model of this stage.279;280 While diffusing through

a tissue, the concentration gradient is made irregular by the irregular layers of cells. More

accurate descriptions of this stage, when mixing is incomplete and concentrations vary over

space, are possible with reaction-diffusion models that track concentrations as a field rather

than as one number.281

Diffusion inside a cell is also not what it is in water. The cytosol is crowded with macro-

molecules and partitioned by membranes and filaments, so a molecule explores space more

slowly than Fick’s law predicts.100 A reaction depletes its immediate surroundings faster

than they are replenished, so the apparent rate “constant” is not constant and instead de-

cays with time. Fractal kinetics accommodates this by making the rate coefficients explicitly

time-dependent.282

Low copy number is another problem that must be taken into account when modeling

in cellulo kinetics.100 An inhibitor at a low concentration in a small compartment may

amount to a handful of molecules. Inhibition is then a sequence of rare discrete events

competing against the synthesis of the target, and whether there is an apparent effect may

be decided by the chance of many overlapping target–inhibitor bindings rather than by
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the mean concentration of the bound complex. Therefore, when sensitivity to stochastic

fluctuations is a problem or perhaps a deliberate design principle of the system in question,

the deterministic mass-action limit of the chemical master equation may fail to capture the

meaningful kinetic features.283 One must instead use stochastic methods of simulating the

chemical master equation. Where roughly a single inhibitor is searching an organelle for its

target, one should use Monte Carlo kinetics with the Gillespie algorithm.284 For intermediate

copy numbers above roughly 100 that one could expect in the cytosol, the chemical Langevin

equation captures the fluctuations at a much lower cost.285

Some stages are slow aggregates of many steps that are not worth resolving individually.

For example, absorption and distribution mainly manifest in the overall kinetics as a lag be-

fore the drug appears in the next compartment. Delay differential equations represent these

lag phases as explicit time delays,286 whereas mass-action ordinary differential equations

would require a chain of intermediate states and the parameters that accompany them.

The process by which a drug reaches a target is a stochastic, spatially-extended, multi-

compartment process. No single type of kinetic simulation engine is appropriate for all of it.

Each method carries its own assumptions and computational cost, and the modular design

of the kinetic modeling software developed for the present work allows them to be combined

within a single scheme.

Pharmacokinetics is a convenient source of examples, but the general point goes beyond

it. The use of mass-action, let alone the empirical models derived from it, should be audited

whenever the data come from anything but a test-tube reaction. Identifying which assump-

tion fails for a given set of data, and choosing the representation that avoids it, is part of

building a kinetic analysis protocol.

136



6.4.2 Systems biology

The approach developed here is applicable beyond covalent inhibition. Most biological sys-

tems operate across disparate length and time scales. Their mechanisms often must be

inferred from noisy data that reflect the quantity of interest only indirectly with limited

resolution in both scales. Kinetic analysis of complicated networks is a common undertaking

in systems biology research, where the central-dogma machinery of E. coli 287 or the whole-

cell model of M. genitalium 288 are among the more astounding network reconstructions.

Although molecular modeling is not routinely involved in these effects, it has an important

role to play.

In most complex kinetic models, the topology of the network can be specified and ana-

lyzed, but the individual rate constants are neither measured nor identifiable from the avail-

able data. Even the coarse-grained parameters they are folded into are often “sloppy.”289

However, molecular dynamics can be used to estimate these rate constants, and a sensitivity

or identifiability analysis of the network can determine which of them most affect a given

question and which experiment would rigorously resolve a degeneracy.

As the accessibility of powerful computer hardware grows, so does the number of research

projects who use molecular dynamics. However, these are largely independent investigations

motivated by a molecular understanding of one small piece of a living cell. The questions

are rarely derived from observations of the larger network in which the particular piece is

just a cog in the wheel. Rarely, too, do these investigations compute kinetic parameters

that could slot into a larger kinetic scheme, even though methods for doing so are landmark

achievements in statistical mechanics. The broader importance of these parameters is lost

when there is no centralized effort to integrate them and provide insight for the next iteration

of experiments or simulations.

A “complete” mechanistic and quantitative picture of any lifeform is most satisfactory

when it resolves the entire hierarchy of events that underlie its behavior at a level of detail
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that no single phenomenological model can achieve. This goal, whether it be for a whole cell

or single signaling pathway, could sustain a multidisciplinary research program that combines

molecular biological experiment and biophysical simulation.

As an illustration, how effectively an adhesion G protein coupled receptor searches the

extracellular space, how an adhesion-derived signal is distributed across canonical and non-

canonical pathways, and how alternative splicing supports the probabilities of these path-

ways, are all questions of kinetics that fold into a multiscale model. The molecular modeling

supplies the microscopic rate constants that quantify the inherent likelihoods of different

events. These probabilities, together with the concentrations of species involved, inform the

transition rates of the kinetic model. The phenomenological data provides the macroscopic

observables the model must reproduce.

Curated repositories of kinetic parameters and assembled models already exist.290;291

They are archives, though, aggregating heterogeneous literature values measured under in-

commensurable conditions, and they offer no way to identify which unmeasured rate constant

most limits a given prediction, nor to derive missing constants from a consistent physical

model. What is absent is a directed and collective effort in which a shared kinetic scaffold

of a complex biological system is populated incrementally rather than in isolation. Such a

framework would let contributors identify which transitions remain unparameterized, claim

the ones suited to their expertise, constrain the larger scheme with deposited rate constants,

and expose the many layers of operation that direct future research.

6.5 Concluding Remarks

This thesis is a proof of principle. It shows that detailed atomistic calculations can be

incorporated into kinetic models and, in this way, compared directly against experimental

measurements. This direct comparison is the central feature of the approach. The kinetic

theory that makes it possible is more than a century old and was developed when the gov-
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erning equations could not be integrated numerically, which is why the early treatments

of enzyme kinetics and their successors relied on simplification and analytical approxima-

tions.31 The novelty is that the microscopic quantities entering the kinetic model can now

be computed with atomistic simulation. The framework can also be used in the reverse di-

rection, taking a set of plausible parameter values and selecting the experimental conditions

that will most improve the next set of measurements.

After solving a long sequence of theoretical and technical problems in the course of a

project like this one, it is easy to lose sight of the bigger picture. Every field, every perspec-

tive, every level of description is one piece of a larger puzzle. Empirical understandings of

selectivity and potency would come from experiments, such as chemoproteomics, whereas

theoretical understandings would come from modeling, such as molecular simulations. For

most of the history of covalent inhibitor design, every piece but the theoretical ones have

been laid in place, waiting for them to drop in and reveal the final image. Often they have

not, and the missing pieces were either deemed unnecessary and left out, or a guess of what

they would have shown is drawn straight onto the table in their place. In these cases, the

experiments were not guided by physics-based input.

Part of the reason is that what is wanted of computation — or any form of mathematical

modeling since the pre-computer days of molecular medicinea — is the inverse problem,

namely which molecule should be made to produce a desired behavior. There is no general

way to solve it. Computation runs in the forward direction instead, predicting what a given

molecule does. The practical route is to iteratively modify the molecule when it falls short of

what is wanted and predict again, which requires the prediction to yield the same quantity

the chemist is trying to improve. Existing methods can perturb a structure and compute the

corresponding change in free energy, or simulate different molecules to characterize a chemical

a. For example, Torsten Teorell wrote: “It might very well be possible, by aid of relations derived, to
find out which is the best way to dose and to administer a drug, or even how to change the drug, in order
to ascertain a definite time-concentration relation and thereby a desired therapeutical effect.” This is from
1937, in what is arguably the first landmark pharmacokinetics paper.279
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mechanism. However, the resulting thermodynamic parameters and individual microscopic

steps do not necessarily correlate with the observed overall behavior and can be misleading

on their own. Combining them in a kinetic network that is grounded with experimental data

makes them useful for design.

A theoretical framework should also be intuitive. It should not require an esoteric under-

standing of its internal details in order to be applied or communicated. Expressing simulation

results in terms of macroscopic observables makes them accessible to the experimentalists

who use them. Furthermore, as Chapter 4 demonstrated, a framework that is fed by multiple

disciplines is more likely to yield methodological improvements, since each perspective could

ask for information from the others in a way that breaks routine.

More generally, this framework is one contribution to the broader problem of inferring

mechanism and identifying the determinants that matter when the available data are in-

complete, noisy, or indirect, or systems that operate across a wide range of scales. Covalent

inhibition is a difficult example of this problem, because its experimental observables reflect

so many underlying processes. The fact that these observables can nevertheless be inter-

preted in microscopic terms suggests that the same can be done for other systems whose

behavior is driven by microscopic dynamics that are not directly observed.
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APPENDIX A

SUPPLEMENTARY INFORMATION FOR CHAPTER 3

A.1 Structural dynamics
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Figure A.1: (top) RMSD of the inhibitor’s heavy atoms from its crystallographic covalently-linked pose
(PDB ID: 5P9J132) calculated for the 6.6 µs classical MD simulation of the covalently-unlinked inhibitor.
RMSD was calculated post-alignment of the binding pocket protein backbone Cα’s (within 10 Å of the
inhibitor) to the crystallographic structure. The values were corrected with respect to symmetry-equivalent
atoms in the inhibitors. (bottom) RMSD of the binding pocket backbone Cα’s from the crystallographic
pose.
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Figure A.2: Fluctuations during the 6.6 µs MD simulation with the of the unlinked inhibitor associated
in the BTK binding pocket. The time evolution of the χ1 side-chain dihedral angle of the residue Cys481
and interatomic distances between the Cβ atom (cyan) of the acrylamide warhead and the Sγ atom
(yellow) of Cys481 is shown for the initial 40 ns of the simulation.
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Figure A.3: 2D-PMF calculated from the 6.6 µs classical MD simulation as a function of the (x-axis)
COM and the (y-axis) RMS deviations of the inhibitor’s heavy atoms from its crystallographic binding
pose (PDB ID: 5P9J132). Both deviations were calculated post-alignment of the binding pocket backbone
Cα’s (within 10 Å of the inhibitor) to the crystallographic structure.
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a b

Figure A.4: Conformations observed during the 6.6 µs MD simulation with the of the unlinked inhibitor
associated in the BTK binding pocket. In (a) the interatomic distances between the Cβ atom (cyan) of the
warhead and the Sγ atom (yellow) of Cys481 is 6.1 Å and in (b) the distance is 3.8 Å. See also Figure 3.6
in the main text.
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A.2 Reaction pathways
CV

s(
Å)

Figure A.5: All 10 initial pathways generated from SMD trajectories.
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Figure A.6: Completing the reaction for the indirect pathway with SMD.

Figure A.7: Indirect (left) and direct (right) pathway observed from SMD trajectories. Carbon is cyan,
sulfur is yellow, oxygen is red, nitrogen is blue, and hydrogen is white.
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Figure A.8: Evolution of the CVs and PMF along the optimized string of the indirect path (top).
Instantaneous snapshots along the string corresponding to metastable states 2 and 3 (bottom). Carbon is
cyan, sulfur is yellow, oxygen is red, nitrogen is blue, and hydrogen is white.
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A.3 Expanded kinetic scheme

Scheme A.1 includes the possibility of a diffusive encounter with a kinase containing a de-

protonated target cysteine (thiolate form).
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Scheme A.1: Detailed mechanism including the diffusive encounter with the thiolate form.

The clockwise and anticlockwise product of the transition rate constants around the ring

must obey the condition,
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where we assumed that kass = k∗
ass and kH,on = k53. Solving for k∗

diss yields 1.22 × 10−3

s−1, which is in very close agreement to kdiss = 1.11 ×10−3 s−1. The numerical simulations

of Scheme A.1 shown in Figure A.9 yields an estimated covalent efficiency, Ceff , of 1.01 ×

10−3 nM−1s−1, an apparent inhibition constant, KI, of 2.83 × 103 nM, and an apparent

inactivation rate constant, kinact, of 2.86 s−1.

Comparing the two possible mechanism is visually more compelling via a free energy

diagram of all the states and transitions, as shown in Figure A.10.
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Figure A.9: Time course of Scheme A.1. The initial concentrations used for Figure 3.10 (top),
[I] = 1.72 × 103 nM and [E] + [E−

(t.)] = 1 nM, yielded kobs = 1.09 s−1. The total occupancy (gray) is
identical between Schemes 3.2 and A.1.
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Figure A.10: Schematic free energy profile of the thiol (blue) and thiolate (red) reaction pathways
corresponding to Scheme A.1. The bimolecular association rate constants, kass and k∗

ass, are multiplied by
the initial concentration of inhibitor, [I] = 1.72 × 103 nM.
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APPENDIX B

SUPPLEMENTARY INFORMATION FOR CHAPTER 4

B.1 Supplementary figures and tables

Figure B.1: Modeled poses of starting scaffolds and final linked poses of screened compounds. (A)
Overlayed binding poses of relevant ligands (shown separately) alongside overlayed conserved binding
pocket features from each of 7 kinase families (B) Naming convention for KW-2449 scaffold probes in
molecular dynamics screening. (C) Final structures of KW-2449 scaffold probes and lysine in MD screening
simulations (yellow) after 100 ns, overlayed with co-crystallized poses of axitinib and lysine from PDB ID:
4WA9 (cyan).
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Figure B.2: Alternative alkene rotation for K5* series compounds. Modeled pose of K50P (orange)
aligned to axitinib in PDB ID: 4TWP, and alternative rotamer of the ring-connecting alkene (brown). The
backbone of kinase hinge residues, gatekeeper residue, conserved lysine, and its salt-bridge partners are
shown in cyan.

Figure B.3: Kinome scope of X4K. Dendrogram representation of the kinases targeted by X4K in K562,
HeLa, and MCF7 cell lines shown as blue spheres.
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Figure B.4: K60P-Bio labels kinases and other classes of proteins across different cell lines. (A)
Metascape analysis of proteins enriched more than 2-fold by K60P-Bio in K562 cells. (B) Gene Ontology
Molecular Function analysis of proteins enriched more than 2-fold by K60P-Bio in K562 cells. (C–D)
Waterfall plot of proteins enriched by K60P-Bio (25 µM, 4 hours) in live HeLa (C) and MCF7 (D) cells.
Kinases are shown as red dots. Control cells were treated with DMSO. Cutoff: SILAC ratio ≥ 2; n=2.

151



Figure B.5: Competition profiles of PC-2-52 and XO44 against K60P-Bio reveal specificity of K60P for
kinases. (A) Dendrogram showing kinases competed by PC-2-52 from K60P-Bio in K562 cell lysate. Red
dots represent kinases and are scaled according to their SILAC ratios. (B) Volcano plot of
streptavidin-enriched SILAC ratios for competition of XO44 against K60P-Bio in K562 cell lysate. Red
dots are kinases and blue dots are nucleotide-binding proteins. Cutoffs: competition SILAC ratio ≥ 2, p <
0.05; n = 2. (C) Gene ontology analysis of targets competed by PC-2-52 and XO44 from K60P-Bio in
K562 cell lysate showing common classes of non-kinase off-targets.
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Figure B.6: (A) Volcano plot of streptavidin-enriched SILAC ratios for competition of PC-2-52 with X4K
in K562 cell lysate. Red dots are kinases and blue dots are nucleotide-binding proteins. Cutoffs:
competition SILAC ratio ≥ 2, p < 0.05; n = 2. (B) Dendrogram showing kinases competed by PC-2-52
from X4K. Red dots representing kinases are scaled according to their SILAC ratios.

Figure B.7: Gene Ontology cellular component (A) and molecular function (B) bioinformatic enrichment
analysis of all protein targets significantly competed by KW-2449 from K60P-Bio (SILAC ratio ≥ 2, p <
0.05).
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Figure B.8: Volcano plot of streptavidin-enriched SILAC ratios for K562 live cells treated with 2 µM
KW-2449 (1 hour) followed by 5 µM X4K (1 hour). Cutoffs: competition SILAC ratio ≥ 2, p < 0.05; n = 2.

Figure B.9: 2-day CTG assay viability curve of KW-2449 in K562 cells; n = 3.
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Figure B.10: Uncropped blots for dose- and time-responses of ABL1 labeling by K60P, K50P, and X4K.
Bioreplicates of Figure 4.4A and 4C: dose response (A) and time response (B) of ABL1 labeling by K60P,
K50P, and X4K.
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Figure B.11: Uncropped blots for competition of PC-2-52 with X4K and K60P. Bioreplicates of
Figure 4.4B: competition of PC-2-52 with X4K (A) and with K60P (B) for ABL1 labeling.
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Figure B.12: K60P, K50P, and X4K covalently label the conserved K271 of ABL1. MS/MS spectra of
K271-labeled peptides for K60P (A), K50P (B), and X4K (C).

Figure B.13: K60P, K50P, and X4K covalently label Y393 and Y226 in ABL1. MS/MS spectra of Y393
(A) and Y226 (B) labeled peptides for K60P (left), K50P (middle), and X4K (right).
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Figure B.14: Conformations of apo-ABL1 identified with Y393 closest to K60P. K60P is modeled in
green with DFG-in (A) and DFG-out (B) conformations. K271 and Y393 are shown in cyan.

Figure B.15: (A) Surface map of SH3-SH2-kinase domain of ABL1 (PDB ID: 1OPK) showing surface
exposed tyrosines. Y393 is shown in blue, Y226 is shown in purple, and the other tyrosines are shown with
side chain color coded by atoms (C: green, O: red). (B) SH3-SH2-kinase domain of ABL1 (PDB ID:
1OPK) tyrosine residues colored according to solvent accessible surface area (SASA) of their sidechains
from red (0) to Y393 or equivalent (blue). Tyrosine -OH groups coordinating with crystallographic waters
are indicated by pink spheres.
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Table B.1: Solvent-exposed tyrosines in the SH3-SH2-kinase domain of ABL1 with their sidechain
solvent-accessible surface areas (SASA, calculated from PDB structure 1OPK) and their peptide sequences.
Tyrosines are numbered according to PDB structure 4WA9. Important tyrosines are in bold.

Tyr SASA (Å2) Peptide sequence

93 98.7 VLGYNHNGEWCEAQTK
185 41.3 LYVSSESR
215 101.0 FNTLAELVHHHSTVADGLITTLHYPAPK
226 38.4 NKPTVYGVSPNYDK
232 156.9 NKPTVYGVSPNYDK
320 83.9 EPPFYIITEFMTYGNLLDYLR
326 32.6 EPPFYIITEFMTYGNLLDYLR
342 39.2 QEVNAVVLLYMATQISSAMEYLEK
393 72.2 LMTGDTYTAHAGAK
413 123.6 WTAPESLAYNK
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Table B.2: The estimated median and 95% highest density interval (upper
lower ) of parameters from BMMC

simulations.
K50P K60P X4K

Moddel Modsil

kon
((µM s)−1) 1.82 × 10−2 ∗ 1.82 × 10−2 ∗ 1.82 × 10−2 ∗ 1.26 × 10−3

(ND)
5.20×10−3

4.56×10−4

koff
(s−1) 7.62 × 10−2 1.50×10−1

2.29×10−2 1.17 × 10−1 2.25×10−1

5.20×10−2 2.10 × 10−2 4.54×10−2

5.80×10−3 8.95 × 10−2 ∗
Kd
(µM) 4.19 × 100 8.27×100

1.26×100 6.43 × 100 1.24×101

2.86×100 1.15 × 100 2.50×100

3.19×10−1 7.13 × 101
(ND)

1.51×102

7.89×100

kinact
(s−1) 1.19 × 10−4 1.64×10−4

7.40×10−5 2.06 × 10−4 2.82×10−4

1.41×10−4 1.91 × 10−4 2.45×10−4

1.40×10−4 1.34 × 10−1
(ND)

3.12×10−1

5.99×10−3

KI
(µM) 4.19 × 100 8.28×100

1.26×100 6.44 × 100 1.24×101

2.87×100 1.16 × 100 2.51×100

3.27×10−1 1.86 × 102
(ND)

5.85×102

8.45×100

Ceff
((µM s)−1) 2.82 × 10−5 5.03×10−5

1.55×10−5 3.18 × 10−5 5.32×10−5

1.70×10−5 1.63 × 10−4 2.92×10−4

6.85×10−5 6.43 × 10−4
(ND)

1.35×10−3

3.32×10−4

kns
((µM s)−1) 5.69 × 10−7 1.43×10−6

1.46×10−9 5.38 × 10−7 1.53×10−6

1.85×10−9 1.65 × 10−6 2.22×10−6

1.11×10−6 5.14 × 10−6 6.86×10−6

3.36×10−6

kdel
(s−1) 1.12 × 10−4 1.71×10−4

5.44×10−5

Fracsil 2.79 × 10−1 4.21×10−1

1.28×10−1

λBR1 1.56 × 100 1.46 × 100 6.65 × 10−1 5.93 × 10−1

λBR2 1.37 × 100 1.28 × 100 8.01 × 10−1

λBR3 2.40 × 100 2.34 × 100 1.29 × 100 5.33 × 10−1

λBR4 3.05 × 100 2.92 × 100 1.50 × 100

Parameters without a range were fixed during BMMC. Values marked with an asterisk (∗) were also fixed
during LS minimization. The Kd, KI, and Ceff were not explicit parameters and were instead calculated
analytically per sample. Parameters whose bounds could not be resolved are marked Not Determined
(ND), with the median from BMMC sampling in parentheses. The uncertainty behind these parameters is
discussed in the supplementary kinetic modeling discussion, Section B.6.
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Figure B.16: Time-evolution of the effective energy and variable parameters during the BMMC
simulations. Samples were collected every 500 steps to account for autocorrelation of parameters. The
equilibrium non-covalent dissociation constant (Kd = koff/kon) and covalent efficiency (Ceff = kinact/KI,
where KI = (koff + kinact)/kon) were calculated at each sample for K60P (green), K50P (orange, red), and
X4K (blue). The distributions of each time evolution are shown to the right of each plot. The median of
each parameter is marked with a dotted line, and the bounds of the 95% highest density interval are
marked with a dashed line.
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Figure B.17: The least-squares (LS) fit and Bayesian Metropolis Monte Carlo (BMMC) variation of
dose-responses (A) and time-responses (B) for each K50P modified scheme. The samples have been filtered
so that each kinetic parameter falls within its respective 95% highest density interval. Simulated
“response” is the sum of the specifically- and nonspecifically-bound covalent complexes.

Figure B.18: Evolution of species over time during a simulated dose-response (A) and time-response (B)
using the best parameter values from the least-squares fit for K60P. The normalized concentrations of all
Scheme 1 species, the normalized sum of both covalently bound species, and the normalized experimental
data are shown.
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Figure B.19: Experimental determination of kinact/KI, kinact, and KI for K50P (A) and K60P (B). Left:
time responses at different doses of probe. Right: plot of kobs versus [I].

Table B.3: Experimentally determined kinact/KI, kinact, and KI for K60P and K50P along with their
ranges from BMMC simulations. The ranges from the Modsil simulations are considered for K50P.

Experimental value Range from BMMC sampling

K60P
kinact 0.4 × 10−4 s−1 (1.40–2.45) × 10−4 s−1

KI 0.49 µM 0.33–2.51 µM
kinact/KI 0.9 × 10−4 µM−1 s−1 (0.68–2.92) × 10−4 µM−1 s−1

K50P
kinact 0.81 × 10−4 s−1 (1.41–2.82) × 10−4 s−1

KI 3.46 µM 2.87–12.4 µM
kinact/KI 0.23 × 10−4 µM−1 s−1 (0.17–0.53) × 10−4 µM−1 s−1
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Figure B.20: Time responses of different doses of K50P (A) and K60P (B) with 0.1 µM recombinant
ABL1. Negative control (NC) was no-probe, 0 min sample. Positive control (PC) was 0.1 µM K60P, 25 µM
ABL1, 240 min-treated sample. For K50P, half the volume of PC was loaded (denoted PC (0.5×)). All
lane signal intensities were normalized to PC intensity.

Figure B.21: X4K, K60P, and K50P exhibited different inherent reactivities. Rate of labeling of
non-specific target protein BSA with K60P, K50P, and X4K shows intrinsic reactivity in order X4K >
K60P > K50P.
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Figure B.22: Empirical Cumulative Distribution Function (ECDF) of the lysine to warhead-S distance in
each 4 µs simulation, excluding the first 100 ns. Duplicates with slight tweaks to starting conformation are
shown as the same color.
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B.2 Methods for biology

B.2.1 Cell culture

K562, HeLa, and MCF7 cells were propagated in RPMI (Corning) supplemented with 10%

fetal bovine serum (FBS, Corning) and 1% penicillin/streptomycin (Gibco). All cell lines

were grown at 37 ◦C in a 5% CO2 humidified incubator. All cell lines tested negative for

mycoplasma using Lonza MycoAlert PLUS Detection Kit.

B.2.2 In vitro recombinant Abl labeling assays

Protein purification

The c-Abl three-domain construct (SH3-SH2-kinase; residues 46-515, human Abl 1a num-

bering) was coexpressed in E. coli BL21(DE3) cells with YopH phosphatase and purified as

described in Seeliger et al.292 with the following modifications. Cleared cell lysate in 50

mM Tris (pH 8.0), 500 mM NaCl, 5% glycerol, 25 mM imidazole (buffer A) was loaded onto

Ni-NTA agarose resin (Qiagen) equilibrated with buffer A. The resin was washed with 15

bed volumes of buffer A and eluted with 3 bed volumes of buffer B (buffer A plus 0.5 M

imidazole). The His tag was cleaved from the eluted kinase by incubation with 1 mg of TEV

protease per 25 mg of kinase while dialyzing against 20 volumes of 20 mM Tris (pH 8.0),

100 mM NaCl, 5% glycerol, 1 mM DTT for 16 h at 4◦C with a 13 kDa molecular weight

cutoff (MWCO) membrane. In order to separate the kinase from the cleaved His tag, TEV

protease (which contains a His tag) and YopH phosphatase (which binds nonspecifically to

the Ni-NTA resin), the dialysate was passed over Ni-NTA agarose resin equilibrated with

buffer A. The flow-through contained pure kinase protein with the His tag removed. Concen-

tration of the purified kinase was determined by absorbance spectroscopy at 280 nm using

the calculated extinction coefficient of 60,550 M−1 cm−1.

The purified protein was buffer exchanged to PBS using 30kDa MWCO Millipore Amicon
166



centrifugal filter (3000×g, 10 min, 4◦C, 8 times) to remove tris in the protein storage buffer

from interacting with probe. The resulting protein concentration was measured using BCA

assay and adjusted to make 0.025 mg/mL protein stock.

Dose response assays

For dose response, 20 µL of protein stock was added to each sample followed by addition of 5

µL of probe stock (5×). The samples were incubated for 1 hour at 37 ◦C. The samples were

then diluted with 4× Laemmli buffer containing 50 mM dithiothreitol (DTT) as reducing

agent, heated to 95 ◦C for 5 minutes, and cooled to room temperature. The samples were then

resolved on a 10% SDS-PAGE gel and transferred to nitrocellulose membranes using standard

western blotting techniques. Membranes were blocked with 2% BSA in TBS containing 0.1%

Tween-20 (TBST) and probed with streptavidin-800 (Licor IRDye® 800CW, Licor Odyssey

CLx imager) to detect probe labeling. Coomassie staining was done as loading control for

the gels. Blot intensities were quantified using ImageJ and normalized in Microsoft Excel.

Time response assays

For time response, 20 µL of protein stock was added to each sample followed by addition of 5

µL of probe stock (5×, 50 µM) and incubated at 37 ◦C. At the end of each time point, the re-

spective sample was diluted with 4× Laemmli buffer containing 50 mM dithiothreitol (DTT)

as reducing agent and heated to 95 ◦C for 5 minutes. The samples were then then probed for

streptavidin signal according to western blot protocol mentioned above. Coomassie staining

was done as loading control for the gels.

Competition assays with PC-2-52

For the competition of PC-2-52 with K60P and X4K, 20 µL of protein stock was added to

each sample followed by addition of 2.5 µL of PC-2-52 stock (9×) and incubated at 37 ◦C
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for 1 hour. Then, 2.5 µL of probe (10×, 50 µM) of K60P (1 hour) or X4K (30 minutes). The

sample was then diluted with 4× Laemmli buffer containing 50 mM dithiothreitol (DTT) as

reducing agent and heated to 95 ◦C for 5 minutes. The samples were then then probed for

streptavidin signal according to western blot protocol mentioned above. Coomassie staining

was done as loading control for the gels.

Kinetics assays

For K50P and K60P, 40 µL of protein stock was added to each sample tube. This was

followed by the addition of 5× probe stock to give final probe concentrations of 0.125, 0.25,

0.5, 1, 2, 5 µM and final protein concentration of 0.1 µM. Samples were incubated at 37 ◦C

for 15, 30, 45, 60, 120 and 240 minutes. At the end of each timepoint, the samples were

diluted with 4× Laemmli buffer containing 50 mM dithiothreitol (DTT) as reducing agent

and heated to 95 ◦C for 5 minutes. The samples were then then probed for streptavidin signal

according to western blot protocol mentioned above. All signal intensities were normalized

to reference sample containing 0.1 µM K60P, 10 µM protein, representing ‘maximum signal’.

The response data at lower concentrations were fit using linear fits and the response data at

higher concentrations were fit using one-phase association fit (shared plateau constrained to

> 0) in GraphPad Prism. The kobs obtained from the fits were plotted against respective

probe concentrations [I] and fit to the equation kobs = (kinact[I]) / (KI + [I]) to obtain kinact

and KI values.

B.2.3 BSA labeling assays

20 µL of a BSA stock solution (0.025 mg/mL) was added to each sample followed by addition

of 5 µL of probe stock (50 µM) of K50P-Bio, K60P-Bio, or X4K. The samples were incubated

for 5, 15, 30, and 60 minutes at 37 ◦C. The samples were then diluted with 4× Laemmli buffer

containing 50 mM dithiothreitol (DTT) as reducing agent, heated to 95 ◦C for 5 minutes,
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and cooled to room temperature. The samples were then resolved on a 10% SDS-PAGE

gel and transferred to nitrocellulose membranes using standard western blotting techniques.

Membranes were blocked with 2% BSA in TBS containing 0.1% Tween-20 (TBST) and

probed with streptavidin-800 (Licor IRDye® 800CW, Licor Odyssey CLx imager) to detect

probe labeling. Coomassie staining was done as loading control for the gels. Blot intensities

were quantified using ImageJ.

B.2.4 K50P and K60P probe dosing on live cells and lysates for

immunoblot analysis

Wildtype HeLa cells were seeded in 24-well plate at 0.1×106 cells per well in 1 mL of

RPMI media (Corning) supplemented with 10% fetal bovine serum (Corning) and 1% peni-

cillin/streptomycin (Gibco) 24 hour before experimentation. Cells were treated with 0–50

µM of probe in 500 µL of serum-free, phenol-red-free RPMI media (Gibco) for 4 hr at 37
◦C. The cells were then washed in 500uL PBS twice and lysed in ice-cold 1x RIPA buffer

supplemented with protease inhibitor (Roche) and 1 mM DTT. Cells were allowed to lyse

while shaking on ice for 20 min. The lysates were collected and insoluble debris was cleared

using centrifugation. The supernatant was diluted in 4× Laemmli buffer containing 50 mM

dithiothreitol (DTT) as a reducing agent. SDS-PAGE samples were prepared by heating the

mixture at 95 ◦C for 5 minutes, then cooling to room temperature. The samples were re-

solved on a 10% SDS-PAGE gel and transferred to nitrocellulose membranes using standard

western blotting techniques. Membranes were blocked with 2% BSA in TBS containing 0.1%

Tween-20 (TBST) and probed with streptavidin-800 (Licor IRDye® 800CW, Licor Odyssey

CLx imager) to detect biotin/desthiobiotin labeling. Blot intensities were quantified using

ImageJ and normalized in Microsoft Excel.

For lysate dosing studies, clarified HeLa lysates were treated with 0–50 µM probe for 2

hours at 37 ◦C before preparing samples for immunoblotting as described above.
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B.2.5 Viability assay

5000 cells were seeded in a 96-well plate on day 1 in 50 µL media. On day 2, 25 µL of 3×

KW-2449 stock was added to the cells and the cells were incubated in the incubator (37
◦C, 5% CO2) for 48 hours. Next, the plate was removed from the incubator and brought

to room temperature. 75 µL of CTG reagent from the Promega CellTiter-Glo Luminescent

Cell Viability Assay kit (#G7572) was added into each well. The plate was covered with

aluminum foil and mixed on a shaker for 2 minutes. The plate was allowed to stand for 10

minutes at room temperature, after which luminescence was recorded.

B.2.6 ABL1 site of labeling assays

For mapping the site of labeling of the probes in ABL1, the protein was buffer-exchanged

to PBS as mentioned above and diluted to a concentration of 0.2 mg/mL protein in PBS.

250 µL of the protein was taken and treated with 10 µM probe for 1 h at 37 ◦C. Excess

probe was quenched with 10 mM Tris base and 1× 8 M urea (250 µL) was added. Then,

DTT aqueous solution (5 µL, 1 M) was added, followed by incubation at 65 ◦C for 15 min.

Iodoacetamide aqueous solution (40 µL, 0.5 M) was added to the sample, followed by further

incubation for 30 min in the dark. The sample was then transferred to a 30kDa MWCO

Millipore Amicon centrifugation filter unit and washed twice with 1 mL 2 M urea in 25

mM ammonium bicarbonate solution. The sample volume was brought up to 300 µL with

2 M urea in 25 mM ammonium bicarbonate. CaCl2 (3 µL, 100 mM) was added to the

sample followed by 1 µg of sequencing-grade trypsin. The samples were digested overnight

at 37 ◦C while shaking. Following trypsinization, supernatant was collected, acidified with

HPLC grade formic acid (2% final, pH 2–3), and peptides were then desalted on ZipTip C18

tips (100 µL, Millipore), dried under vacuum, resuspended with LC-MS grade water (Sigma

Aldrich), and then lyophilized.

Lyophilized peptides were dissolved in LC-MS/MS Buffer (H2O with 0.1% formic acid,
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LC-MS grade, Sigma Aldrich) for proteomic analysis. Proteomic methods reported are

adopted from our previous reports.293 LC–MS/MS analysis for proteomics samples was

performed with an UltiMate 3000 RSLCnano System (Thermo Fisher Scientific) using an

Acclaim PepMap RSLC C18 column (75 µm × 15 cm, 2 µm, 100 Å, Thermo Fisher Scientific)

with an in-line Acclaim PepMap 100 C18 trap column (75 µm × 2 cm, 3 µm, 100 Å, Thermo

Fisher Scientific) heated to 45 ◦C. The LC system was coupled to an Orbitrap Exploris 480

and Nanospray Flex Ion Source with stainless steel emitter tip (Thermo Fisher Scientific).

Mobile phase A was composed of H2O supplemented with 0.1% formic acid, and mobile

phase B was composed of CH3CN supplemented with 0.1% formic acid. The instrument was

run at 0.3 µL min−1 with 2-hour gradients. MS/MS spectra were collected for the entirety of

the gradient using a data-dependent, 2-second cycle time setting with the following details:

full MS scans were acquired at a resolution of 120,000, scan range of 380 m/z to 1,500 m/z,

maximum IT of 25 ms, normalized AGC target of 300% and data collection in profile mode.

MS2 scans were performed by high-energy collision dissociation (HCD) fragmentation with

a resolution of 15,000, normalized AGC target of 50%, maximum IT of 50 ms, HCD collision

energy of 30% and data collection in centroid mode. The isolation window for precursor ions

was set to 1.6 m/z. Peptides with a charge state of 1, 7+ and unassigned were excluded,

and dynamic exclusion was set to 40 seconds. The RF lens % was set to 40 with a spray

voltage value of 2.0 kV and an ionization chamber temperature of 300 ◦C.

Data were processed using the SEQUEST HT search engine node within the Proteome

Discoverer 3.0 software package. Data were searched using a concatenated target/decoy

UniProt database of the human proteome with isoforms. Digest enzyme specificity was set to

trypsin with up to two missed cleavages allowed, and peptide length was set to between 6 and

144 residues. Precursor mass range was set to 350–6500. Precursor mass tolerance was set

to 10 ppm, and fragment mass tolerance was set to 0.02 Da. Up to 4 dynamic modifications

were allowed per peptide, including K60P/K50P (+666.262) or X4K (+858.353) modification
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on lysine or tyrosine, oxidized methionine (+15.9949), N-terminal acetylation (+42.0106), N-

terminal Met-loss (−131.0405) and N-terminal Met-loss + acetylation (−89.0299). Cysteine

carboxyamidomethylation (+57.0215) was set as a static modification. A minimum of two

peptides, with a minimum length of 6, was required for protein identification, and false

discovery rate (FDR) was determined using Percolator with FDR rate set at 1%.

B.2.7 SILAC cell culture methods and proteomic sample preparation

SILAC labeling was performed by growing cells for at least five passages in lysine- and

arginine- free SILAC medium (RPMI, Invitrogen) supplemented with 10% dialyzed fetal

calf serum (GeminiBio) and 1% Pen/Strep. “Light” and “heavy” media were supplemented

with natural lysine and arginine (0.1 mg/mL) for “light”, and 13C-, 15N-labeled lysine and

arginine (0.1 mg/mL) for “heavy”, respectively.

B.2.8 Sample preparation and streptavidin enrichment of biotin-labelled

proteins in live-cell experiments

SILAC quantitative proteomics was performed with “heavy” and “light” labeled cells. For

K562 cells, SILAC-labeled cells were treated at 1×106 cells/mL density in T75 flasks. HeLa

and MCF7 cells were grown to confluency and treated in a 10 cm dish. Cells were incubated

with DMSO alone (light cells) or chemical probe (25 µM, heavy cells) for 4 hours (for

K60P-Bio) or 1 hour (for X4K) in serum-free SILAC RPMI for probe no-probe studies. For

inhibitor competition studies, cells were pretreated with inhibitor (KW-2449, 2 µM, light

cells) or with vehicle (DMSO, 2 µM, heavy cells) for 1 hour before probe treatment of both

heavy and light with probe (25 µM) for 2 hours. After incubation, excess probe was removed

and supplanted with media for 10 minutes.

Following aspiration of media, cells were collected and then lysed in RIPA lysis buffer (50

mM Tris, 150 mM NaCl, 1% Triton X-100, 0.5% deoxycholate, pH 7.4) supplemented with
172



EDTA-free complete protease inhibitor (Roche) and 1 mM DTT, at 4 ◦C. After sonication,

insoluble debris was cleared by centrifugation (17,000 g, 15 min). BCA assay was performed

to normalize Heavy and Light protein concentrations to ∼1 mg/ml. Streptavidin agarose

beads (50 µL slurry, Pierce) were washed twice with RIPA buffer, and each cell lysate

was separately incubated with the beads with rotation overnight at 4 ◦C. The beads were

subsequently washed five times with 0.5 mL of RIPA lysis buffer containing 1 mM DTT,

combined together, four times with 0.5 mL PBS, and two times with 2 M Urea in 25 mM

ammonium bicarbonate. 500 µL of 6 M Urea in 50 mM ammonium bicarbonate was then

added to the beads, and samples were reduced on resin by TCEP (10 mM final) with orbital

shaking for 20 minutes at 65 ◦C. Samples were then alkylated by adding iodoacetamide (20

mM final), covered from the light and with orbital shaking, for 40 minutes at 37 ◦C. The

streptavidin agarose beads were collected, washed once with 2 M Urea in 25 mM ammonium

bicarbonate, and the buffer exchanged to 2 M Urea in 25 mM ammonium bicarbonate

supplemented with 1 mM CaCl2. Enriched proteins were digested on-bead by the incubation

of 2 µg sequencing grade trypsin overnight at 37 ◦C. Following trypsinization, supernatant

was collected by passing through a Micro Bio-Spin column (Bio-Rad) into a fresh LoBind

tube, acidified with HPLC grade formic acid (2% final, pH 2-3), and peptides were then

desalted on ZipTip C18 tips (100 µL, Millipore), dried under vacuum, resuspended with LC-

MS grade water (Sigma Aldrich), and then lyophilized. Lyophilized peptides were dissolved in

LC-MS/MS Buffer (H2O with 0.1% formic acid, LC-MS grade, Sigma Aldrich) for proteomic

analysis.

B.2.9 Sample preparation and streptavidin enrichment of biotin-labelled

proteins in lysate experiments

SILAC quantitative proteomics was performed with “heavy” and “light” labeled K562 cells.

107 cells were lysed in 500 µL of DPBS per sample per channel. For competition experiments,

173



light cells were pretreated with inhibitor PC-2-52 or XO44 (2.5 µL, 10 mM) and heavy cell

lysate were pretreated with vehicle (DMSO, 2.5 µL) for 2 hours at 37 ◦C. This was followed

by treatment of both light and heavy cell lysate with K60P-Bio (1 µL, 5 mM) or X4K (2.5

µL, 1 mM) for 1 hour at 37 ◦C.

Following treatment, cell lysates were processed for MS/MS analyses as reported before.

Briefly, heavy and light samples were first combined in methanol (2 mL) and chloroform

(0.5 mL), vortexed, and then DPBS (1 mL) was added. The resulting cloudy suspension

was vortexed and centrifuged (5,000g, 15 min, 4 ◦C). The organic and aqueous phases were

aspirated, leaving a protein disc at the interface. This disc was washed with ice-cold methanol

(3 × 1 mL) by sonication. The organic phase was removed by aspiration. The pellet was

dissolved in freshly prepared urea (500 µL, 6 M in DPBS). TCEP (5 µL, 1 M) and the sample

was incubated at 37 ◦C with shaking for 30 min. Iodoacetamide (36 µL, 300 mM) was then

added and the mixture was incubated in the dark for 30 min at room temperature. Proteomes

were diluted with SDS (140 µL, 10% in DPBS) followed by DPBS (5.5 mL), then incubated

with DPBS-washed Streptavidin agarose beads (50 µL slurry, Pierce) and rotated at room

temperature for 90 min. Beads were subsequently pelleted by centrifugation (1,400g, < 1

min) and washed sequentially with 0.25% SDS in DPBS (3 × 10 mL), DPBS (3 × 10 mL),

and ddH2O (3 × 10 mL). They were then transferred to a Protein LoBind tube (Eppendorf).

Enriched proteins were digested on-bead by the incubation of 2 µg sequencing grade trypsin

overnight at 37 ◦C in 2 M urea in DPBS with 1 mM CaCl2. Following trypsinization,

supernatant was collected by passing through a Micro Bio-Spin column (Bio-Rad) into a

fresh LoBind tube, acidified with HPLC grade formic acid (2% final, pH 2–3), and peptides

were then desalted on ZipTip C18 tips (100 µL, Millipore), dried under vacuum, resuspended

with LC-MS grade water (Sigma Aldrich), and then lyophilized. Lyophilized peptides were

dissolved in LC-MS/MS Buffer (H2O with 0.1% formic acid, LC-MS grade, Sigma Aldrich)

for proteomic analysis.
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B.2.10 LC-MS/MS acquisition and analysis

Proteomic methods reported are adopted from our previous reports.293 LC–MS/MS analysis

for proteomics samples was performed with an UltiMate 3000 RSLCnano System (Thermo

Fisher Scientific) using an Acclaim PepMap RSLC C18 column (75 µm × 15 cm, 2 µm, 100

Å, Thermo Fisher Scientific) with an in-line Acclaim PepMap 100 C18 trap column (75 µm

× 2 cm, 3 µm, 100 Å, Thermo Fisher Scientific) heated to 45 ◦C. The LC system was coupled

to an Orbitrap Exploris 480 and Nanospray Flex Ion Source with stainless steel emitter tip

(Thermo Fisher Scientific). Mobile phase A was composed of H2O supplemented with 0.1%

formic acid, and mobile phase B was composed of CH3CN supplemented with 0.1% formic

acid. The instrument was run at 0.3 µL min−1 with 2-hour gradients. MS/MS spectra were

collected for the entirety of the gradient using a data-dependent, 2-second cycle time setting

with the following details: full MS scans were acquired at a resolution of 120,000, scan range

of 380 m/z to 1,500 m/z, maximum IT of 25 ms, normalized AGC target of 300% and data

collection in profile mode. MS2 scans were performed by high-energy collision dissociation

(HCD) fragmentation with a resolution of 15,000, normalized AGC target of 50%, maximum

IT of 50 ms, HCD collision energy of 30% and data collection in centroid mode. The isolation

window for precursor ions was set to 1.6 m/z. Peptides with a charge state of 1, 7+ and

unassigned were excluded, and dynamic exclusion was set to 40 seconds. The RF lens % was

set to 40 with a spray voltage value of 2.0 kV and an ionization chamber temperature of 300
◦C.

Data were processed using the SEQUEST HT search engine node within the Proteome

Discoverer 3.0 software package. Data were searched using a concatenated target/decoy

UniProt database of the human proteome with isoforms. Digest enzyme specificity was set

to trypsin with up to two missed cleavages allowed, and peptide length was set to between 6

and 144 residues. Precursor mass range was set to 350–6500. Precursor mass tolerance was

set to 10 ppm, and fragment mass tolerance was set to 0.02 Da. Up to 4 dynamic modifica-
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tions were allowed per peptide, including heavy lysine (+8.0142), heavy arginine (+10.0083),

oxidized methionine (+15.9949), N-terminal acetylation (+42.0106), N-terminal Met-loss (-

131.0405) and N-terminal Met-loss + acetylation (-89.0299). Cysteine carboxyamidomethy-

lation (+57.0215) was set as a static modification. A minimum of two peptides, with a

minimum length of 6, was required for protein identification, and false discovery rate (FDR)

was determined using Percolator with FDR rate set at 1%. Before quantification, chro-

matographic alignment was performed, with a maximum retention time difference of 10 min

allowed, a mass tolerance of 10 ppm and a minimum signal/noise threshold of 5 required

for feature mapping. SILAC ratios were determined using precursor-based quantification

in a protein abundance manner based on peak intensity without normalization or scaling

using a maximum ratio of 20. Proteins considered as enriched exhibited a probe dependent

median SILAC ratio greater than 2 across two biological replicates combined (for Figure

4.2) and across 4 biological replicates combined (for Figure 4.3). Kinome Dendrograms were

produced using http://www.kinhub.org/kinmap and Gene Ontology analysis was done

using Metascape.

B.3 Supplementary molecular modeling methodology

Visualization of systems was performed using VMD 1.9.4a57150 or Pymol 2.5 [The PyMOL

Molecular Graphics System, Version 2.5 Schrödinger, Inc.]. Analysis was performed with

MDTraj 1.9.8294 and graphs were generated with matplotlib 3.6.2.295

We initially considered 3 ligands of interest - KW-2449, sunitinib, and XO44 - and the

receptors for docking were selected from structures containing these or similar ligands (Figure

B.1). Crystal structures for sunitinib and XO44 were already available, and crystal structures

of axitinib were identified as analogous to KW-2449. The selected structures for docking were

5K9I (Src+XO44), 4WA9 (Abl+axitinib), and 3G0E (KIT+sunitinib). The structures 5K9I

and 4WA9 exhibited open binding pockets suitable for docking, the 3G0E binding pocket was
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much tighter and the A-loop after the DFG phenyl was removed from the 3G0E structure

prior to docking.

We determined the analogue space to screen based on examination of the distances be-

tween the scaffold and conserved lysine, as well as by examining the sterically similar group

on Axitinib. Modifications on the core ring with linker lengths of 0, 1, 2 between the scaffold

and phenylsulfonyl fluoride warhead were considered.

Docking experiments were performed with only the attached phenyl ring, and not the

fluorosulphonyl group of the warhead. This allowed for the rapid elimination of modifica-

tion positions that caused steric clashes, whilst minimizing the potential for false negatives

due to the inflexibility of the receptor backbone during docking or any clash between the

warhead leaving group and lysine. Docking was performed with Smina 2020.12.10.296 Pro-

teins were prepared for docking using AutoDockTools within the MGLTools software suite

1.5.7.297 Docking was confined to a box of 30x30x30 Å centered on the binding site. The

protein backbone was fixed during docking, but all sidechains facing into the binding pocket

were considered flexible. We initially generated 100 poses for each ligand, with the restraint

that all poses were > 0.2 Å apart and increased the exhaustiveness of the search to ensure

conformations were sampled thoroughly. Poses in which the core-NH was > 2 Å from the

crystallographic pose, or that would direct the warhead out of the pocket, were then dis-

carded. Generating multiple poses in multiple receptors was used as the primary indication

of probe viability, probes with many generated poses were reasoned to be more likely to

form an unstrained covalent bond once the fluorosulfonyl was attached to the ortho-, meta-,

or para- positions. Modification positions that did not produce any viable poses, or only

produced poses in 1 receptor were eliminated.

The initial template for MD simulations was constructed with CHARMM-GUI134;135;147

with the protein from the 4WA9 (chain B, Abl + axitinib) crystal structure. Systems were

constructed by replacing the protein in the template system after alignment to its kinase
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hinge (resid 316 to 318) with proteins from PDB IDs: 4WA9 (chain B), 4TWP (chain B),

2G1T (chain A), 5K9I (chain A). Ligands were aligned to the pharmacophore of axitinib in

the template structure. For systems with ligands modified from 5-position of the KW-2449

scaffold (K5*), the initial ligand conformation prior to alignment was adjusted to an alternate

rotation of the ring-connecting alkene relative to the axitinib structure (Figure B.2). This

conformation better directs the warhead towards Lys271 and is necessary to avoid clashes

with the curled Abl P-loop. Both alkene rotations engage in the same hydrogen bonds

and were observed to freely exchange during simulations, a QM dihedral scan (not shown)

predicted both rotations to have within 0.3 kcal/mol energy in solution. For systems of XO44

in proteins from PDB IDs: 4WA9 or 4TWP, the curled P-loop conformations were replaced

by alignment with extended conformations from PDB ID: 6BL8228 to avoid clashes with

the ligand. The T315I gatekeeper mutation in 4TWP was reverted to wild-type. Missing

residues in the A-loop of 5K9I (chain A) (and residues up to 2 adjacent) were modeled

with MODELLER.247 Minor extensions were modeled for protein termini in Abl so that all

proteins were the same length (resid 233-508). Clashing water molecules (< 1 Å from ligand

or protein) were shifted to the bulk solvent. All histidines were protonated HSD except

His361/375 in Abl and His384/492 in Src which were protonated as HSE.

The linked MD simulations for screening were performed with NAMD 3.0a13298 for or-

tho/meta/para warhead positions for all molecules that passed the initial screening and were

determined to be synthetically viable: modified at the 5 or 6 position and with a linker length

of 0 or 2. Ortho-, meta-, and para- variants were generated for each chosen modification-

position and linker combination. The systems were equilibrated, as per CHARMM-GUI

NAMD output, with protein heavy atoms restrained using a force constant of 1.0 kcal/mol

for the backbone and 0.5 kcal/mol for the sidechain. The ligand core was restrained only

by position restraints on the indazole nitrogens, and Lys271 was not restrained. For the

linked XO44 simulation the ligand core restraints also included the full ring system except
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the warhead ring, and the modeled P-loop residues were also unrestrained. The initial NVT

equilibration of 250 ps was followed by an additional 1 ns NPT equilibration with the same

restraints. Production runs were performed for 100 ns. RMSD calculations for the core

displacement, and lysine backbone displacement metrics were calculated on the final 10 ns

of simulation frames aligned by all Cα to the 4WA9 crystal structure chain B.

The unlinked simulations to investigate the labelling rate were performed using the CUDA

version of Amber 20.143;144;254 The systems were converted to amber format using CHAM-

BER299 within ParmEd.252 The systems were equilibrated, as per CHARMM-GUI Amber

output but the ligands were restrained (XO44 heavy atoms, K60P indazole), and modeled

protein residues were unrestrained. Production runs were performed for 4 µs.

Force field parameters for each ligand were obtained for the CGenFF 4.4 force field140;300

using Paramchem.141;142 Parameters were calculated for the unlinked ligand, as well as for

a linked form where the fluorine was replaced with a nitrogen and attached lysine sidechain

(CB as a methyl group). The bonded terms around the covalent bond were a good match to

the model compound (MBSM) used in the development of the CGenFF force field,300 and we

reproduced the potential energy scans in MD and QM (not shown). The dihedral parameter

between the aromatic and piperazine rings of XO44 selected by Paramchem was a poor

analogy and the dihedral ‘NG2R62 CG2R64 NG301 CG331’ was used instead. The resulting

parameters were applied to the unlinked ligand and lysine system as a patch using NAMD’s

psfgen. The parameters for the charge of the warhead fluorine and S-F bond length were

incorrect and were re-fit. The charges of the warhead and adjacent phenyl ring were fit using

FFParam301 according to the CGenFF parameterization guidelines, using Gaussian251 and

OpenMM302 for the required QM and MD calculations respectively. The S-F bond-length

was set to 1.62 Å as per the QM optimization.
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B.4 Supplementary molecular modeling discussion

When conducting MD simulations of the unlinked ligand to investigate the labelling rate,

the simulations were performed using protein conformations taken from X-ray structures of

the kinase co-crystallized with axitinib (Abl) and XO44 (Src): Abl DFG-out (Abl/DFG-out,

4WA9), Abl DFG-in (Abl/DFG-in, 4TWP), Src DFG-in (Src/DFG-in, 5K9I), and Abl DFG-

in/αC-helix-out (Abl/DFG-in/αC-helix-out, 2G1T). This resulted in a total of 2 duplicates

of 4 systems for each of the 2 ligands (16 × 4 µs simulations).

The DFG-out simulations for both ligands had the lowest sampling of reaction-ready

proximities. In this conformation, π-stacking interactions between the warhead ring and

the phenylalanine sidechain of the DFG motif effectively displaced the warhead, disrupting

the core hydrogen bonds and fencing it away from the target lysine (Figure 4.2C, 2D).

This suggests that both ligands have a preference for reversible binding to the DFG-in

conformation of Abl kinase.

In the Abl DFG-in simulations XO44 outperformed K60P in spite of unstable interactions

with the Abl P-loop. The XO44 warhead was observed to flip into and out of the binding

pocket, resulting in closer proximities than in Src DFG-in where the warhead position re-

mained stable. In 1 replicate of each DFG-in Abl-XO44, the P-loop curled up preventing

the warheads re-entry. K60P was stable in the DFG-in simulations, but we observed that

the warhead ring tended to cause the lysine to be displaced away from the warhead towards

the P-loop. The Lys to DFG-in-Asp salt-bridge strained to form over the top of the ligand,

inducing the scaffold to angle slightly deeper into the cleft than our predicted poses and

more frequently adopt the 180◦ rotated alkene position (Figure B.2).

All K60P simulations resulted in the αC-helix adopting the out conformation after a few

100 ns, likely due to charge-repulsion from the warhead, thus preventing the formation of

a salt-bridge between the lysine and αC-helix-Glu. For the XO44 simulations the αC-helix

remained in its initial conformation. The XO44 crystal structures are in the αC-helix-out
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conformation, but it is unclear if this only occurs post-reaction.

B.5 Supplementary kinetic modeling methodology

To characterize the kinetics of ABL1-probe binding, the experimental data were fit with

numerical simulations of irreversible kinetic schemes. The basic kinetic scheme underlying

all systems is defined with two-step inactivation and one-step nonspecific binding (Scheme 1).

The two-step inactivation comprises a reversible non-covalent association/dissociation step

followed by an irreversible covalent reaction step. The protein species that exists solely for

non-specific binding, Pns, is unconsumed to approximate the slow saturation of nonspecific

binding sites.

Ordinary differential equations (ODEs) were constructed for each transition in the scheme

and integrated together numerically to yield the time evolution of each species concentration.

These simulations used the same basic conditions as the experiments. The two independent

free protein species, P and Pns, had an initial concentration of 0.357 µM. Time-responses

used an initial probe concentration of 10 µM. Dose-responses used a timepoint of one hour.

The time- and dose-responses on their own do not offer much value for fitting unnor-

malized labeling data, but they complement each other well when used simultaneously. The

fitting procedure, which is done for each probe individually, leverages this idea by considering

the residuals between all corresponding experimental and simulated data at once. The simu-

lations are parameterized with the rate constants for each kinetic transition and a normalizing

factor (λ) for each experimental data set. Therefore, a reasonable set of rate constants must

yield a reasonable fit to every replicate of both time- and dose-responses. The simulated

response is 1) the sum of the concentrations of the specifically- and nonspecifically-bound

covalent complexes, [P-L] and [Pns-L], 2) normalized by the initial protein concentration, and

3) multiplied by the λ parameter for the corresponding experiment. Note that when plotting

and analyzing the outcome of the fitting procedure, the simulated response is left normal-
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ized to initial protein concentration, and the experimental datapoints are divided by λ as an

effective normalization. The residuals were minimized using LMFIT264 with the Levenberg-

Marquardt least-squares (LS) algorithm265 and Trust Region Reflective method.303

Initial guesses and bounds of kon and koff were informed by a comprehensive kinetic

survey between kinases and competitive ligands.266 To efficiently focus the sampling on the

binding affinity, (Kd=koff/kon), with minimal degeneracy, either kon or koff must be fixed.

Fixing kon is more ideal, since it is largely diffusion limited and differences in the ligands

are more likely to be represented by differences in the koff. This was a viable strategy for

K50P and K60P, but X4K required a fixed koff. X4K was possibly rate-limited by kon, so

the rest of the kinetic parameters and affinity would be largely dependent on the fixed value

of kon. The kon was fixed for the KW probes at 100 times less than the value for KW-

449/ABL1, 1.82×10−2 µM−1s−1. For X4K, koff was fixed according to analogue VX-680,

8.95×10−2 s−1. We discarded the 2- and 60-minute timepoints in the X4K time-response

experiment, because no reasonable fits to the dose-response could be produced otherwise.

The best parameters from the LS minimization were used to initialize Metropolis Monte-

Carlo (BMMC) sampling, which used the same fitting procedure to calculate the chi-square

value from the residuals as an “energy” for the purposes of acceptance. The normalization

factors were held constant in addition to the parameters that were already fixed in the LS

fit. The step size for each variable parameter was chosen uniformly between +/- 5% of the

respective best-fit value. To reduce the effect of autocorrelation, only every 500th step in

the BMMC chain was kept. The presented range of each variable parameter is the highest

density interval for 95% of its BMMC distribution.304

Although the absolute scale of labeling data with respect to total protein concentration is

unknown, the relative scaling between the KW probes was approximated as an inter-ligand

scaling factor from the one time-response (Bio Rep 1) and two dose-responses (Bio Reps 3

and 4) that captured K50P and K60P together on the same gel. This inter-ligand scaling
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factor for each replicate was calculated as the K60P:K50P ratio of the final response. Probe

K60P was fit independently, yielding a standard error for each normalization factor that was

calculated as the square root of the product of the diagonal elements of the covariance matrix

and the reduced chi-square. The initial guess of the respective K50P normalization factor

was the K60P best fit multiplied by the inter-ligand scalar. The bounds were the initial

guess +/- two scaled standard errors. The propagation of uncertainty and the flexibility of

inter-ligand scaling, though crude, enabled the K50P fitting to utilize the relative scaling

observed in all three Bio Reps.

Following the observations of relative scaling between the KW probes, the kinetic scheme

of K50P was modified to account for sub-stoichiometry. Two modified versions of the scheme

were created to allow the fraction of specific binding to plateau below 100% of the initial

protein concentration, Moddel (Scheme B.1) and Modsil (Scheme B.2). Moddel introduces

the parameter kdel, i.e. the rate constant of K50P “deletion” (del) and models a ligand-

limited plateau. Modsil introduces the parameter Fracsil, i.e. the fraction of “silent” (sil)

ligand and models a protein-limited plateau. The term “silent” stems from the scenario

where a portion of the total ligand population is consuming protein without contributing to

the observable. Note that the measured effect of Modsil would be equivalent had the silent

population been protein instead, effectively modeling the scenario where the protein is the

affected species, e.g., if the ligand induces and traps a silencing and rapidly-equilibrating

conformational change in the protein. The sub-stoichiometric modeling is elaborated upon

in the supplementary kinetic modeling discussion.

L kdel 0L
Scheme B.1: Additional transition to express sub-stoichiometric covalent occupancy in terms of ligand

“deletion”.

Note that the original ligand concentration is distributed over two populations, L and

Lsil, where the proportion of silent ligand is defined as the parameter, Fracsil.
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P + Lsil
kon

koff
PLsil

kinact P-Lsil

Pns + Lsil
kns Pns + Pns-Lsil

Scheme B.2: Additional transitions to express sub-stoichiometric covalent occupancy in terms of a
“silent” ligand population.

A Jupyter notebook for kinetic modeling is accessible at https://github.com/RouxLab

/covalent-kinase-activity-probes-2025.

B.6 Supplementary kinetic modeling discussion

Early in the study, the experimental time-dependent data displayed a striking difference in

unnormalized intensity between K50P and K60P. By the six-hour endpoint, K60P exceeded

twice the intensity of K50P, which had reached an apparent plateau. Since the specific

binding of both irreversible probes should plateau at 100% of the protein concentration,

we reasoned that the difference in intensity could be caused by greater nonspecific binding

by K60P or an unknown mechanism causing K50P to plateau sub-stoichiometrically. Rea-

sonable estimates of the probes’ nonspecific-binding rate constants could be fitted to the

dose-responses. Yet, the nonspecific binding only accounted for about half of the difference

in probe intensity. The remaining half was achieved by inducing either ligand-limited or

protein-limited sub-stoichiometry with one of two generic modifications, Moddel or Modsil,

to the base kinetic model of K50P. Moddel introduces a one-step transition that deletes

(del) the ligand and lowers its effective concentration over time (Scheme B.1). Modsil intro-

duces a silent (sil) fraction of the ligand population that can covalently bind protein without

producing signal (Scheme B.2), akin to the transducer ratio for the operational model of

agonism.305 Both modifications caused the same apparent behavior (Figure B.17).

The models of sub-stoichiometry and their associated parameters are not representative
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of any specific mechanism. They instead represent generic mechanisms that act on the

simulated response to align with empirical observations and cover a broad range of possi-

bilities. For example, Modsil covers covalent unbinding within the quenching period of the

assay, and Moddel covers hydrolysis of the sulfonylfluoride warhead. An important purpose

of these modifications is to demonstrate how estimations of canonical kinetic features, such

as the affinity and the rate constant of inactivation, are dependent on the model of sub-

stoichiometry. The fitted values of Kd and kinact were mostly unaffected when the kinetic

analysis included Modsil but were approximately halved when it included Moddel. These

features are especially susceptible to complex versions of Moddel. As an illustrative yet un-

likely example, modeling depletion of productive ligand via protein-mediated hydrolysis at

the binding site lowers the estimated Kd by about an order of magnitude, since the complete

depletion within the experimental time frame depends on the quality of reversible binding.

In any case, the inactivation rate constants, kinact, for the KW ligands were consis-

tent with previously reported values for XO44 analogues (kobs ranging from 3×10−4 to

8×10−4 s−1)229 and to a similarly positioned probe (ABP4) binding to ABL1 (kinact =

0.778×10−4 s−1).306 The median kinact values for K50Psil and K60P were nearly identical

despite their empirical differences. However, the median nonspecific-binding rate constant,

kns, for K60P was about three times larger than that of both K50P variants, consistent with

the qualitative trends observed in nonspecific reactivity assays (Figure B.21).

Unlike the KW probes, the kinact of X4K could be fast enough to compete with kon,

(and the fixed koff) and prevent an effective equilibrium of association and dissociation.

Consequently, the apparent Kd is less meaningful, particularly in the commonly-sampled

space where kinact greatly exceeds koff. It is also possible that the kon is entirely rate-limiting,

in which case the upper bound of kinact is indeterminable from the labeling data. Yet, this

is not the only factor of ambiguity surrounding the X4K analysis. In the dose-response,

X4K appeared to covalently bind 100% of ABL1 within the incubation time at doses too low
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to rapidly saturate the reversibly associated state and yield kon×[L] ≫ kinact. Therefore,

unlike the KW probes, the unique role of kinact in modulating the saturation-driven plateau

of covalent occupancy could not be leveraged for fitting kinact.37 With only the EC50 to

modulate, the kinact and kon were highly correlative in the fitting. In turn, the sampled

values of kinact were often also dependent on the assumed value of koff (8.95×10−2 s−1).

Still, as pointed out in the main text, it is clear qualitatively that the X4K labeling is faster

than that of K50P and K60P due to a faster kinact. This increased reactivity is also reflected

in the estimated nonspecific rate constant kns, which has a median approximately three times

greater for X4K than K60P.
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APPENDIX C

SUPPLEMENTARY INFORMATION FOR CHAPTER 5

Table C.1: Kinase structures with covalent inhibitors. 4A9, 4B9, and 4C9 are
reversible.36;119;132;133;210;270;307–315

PDB ID Kinase Ligand Site
BTK 4A9 Cys 481
BTK 4B9 Cys 481

4YHF BTK 4C9 Cys 481
5P9J BTK Ibrutinib Cys 481

5YU9 EGFR (T790M) Ibrutinib Cys 797
EGFR (T790M) 4C9 Cys 797

6YG2 MKK7 Ibrutinib Cys 218
4G5J EGFR Afatinib Cys 797
6E6E c-SRC DGY-06-116 Cys 280
5TOZ JAK3 PF-06651600 Cys 909
4GS6 TAK1 5Z-7-Oxozeaenol Cys 174
5K9I c-SRC probe O44 Lys 295
5U8L EGFR probe O44 Lys 745
7FIC AURKA 5YZ Lys 162

c-SRC 5YZ Lys 295
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A

B 4C9

Cys

Figure C.1: The two dihedrals, ϕA and ϕB, used to resolve the conformational states in the unlinked
ensemble, depicted on 4C9.

1
4C9

Cys

2

4C9

Cys

Figure C.2: The two dihedrals, ϕ1 (left) and ϕ2 (right), restrained during the steered proton-abstraction
simulations, depicted on 4C9.
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Figure C.3: Two-dimensional PMFs over the distance between the linking atoms and RMSD of the ligand
center of mass with respect to the crystal pose. Similar systems are grouped.
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Figure C.4: Fraction of the unlinked ensemble spent in a reactive state vs. the noncovalent dissociation
constant (Kd) for irreversible ibrutinib (IB) and reversible 4A9, 4B9, and 4C9.
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Figure C.5: Demonstrative time courses of all enzyme-containing species during the incubation (left) and
post-incubation (right) phases of the experimental protocol from ref 36 for 4A9 (top), 4B9 (middle), and
4C9 (bottom). The simulations use the parameter set with the lowest energy from the post-burned/thinned
BMMC samples (kon = 1.19 × 104 M−1s−1, kf

inact = 1.95 × 10−4 s−1, kb′

inact = 6.96 × 10−5 s−1, K4A9
d = 134
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d = 0.137 nM). Colored solid lines are individual species. The dashed black line
is the sum of all bound species. Points on the right column are the experimental occupancy data.
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Table C.2: The medians and 95% highest density bounds (upper
lower ) of parameters used in BMMC

simulations.

4A9 4B9 4C9

Kd (nM) 2.87 × 102 1.72×103

8.26×101 2.23 × 10−1 1.56×100

2.56×10−2 2.87 × 10−2 2.00×10−1

2.42×10−3

pf
r 0.932 ∗ 0.968 ∗ 0.976 ∗

pb
r 1.00 ∗ 1.00 ∗ 1.00 ∗

∆W
†
deprot (kcal/mol) 10.4 ∗ 12.8 ∗ 12.8 ∗

kon (M−1s−1) 9.08 × 104 6.41×105

1.00×104

kf
inact (s−1) 3.20 × 10−4 5.93×10−4

1.48×10−4

kb′
inact (s−1) 6.64 × 10−5 8.38×10−5

5.02×10−5

Shared parameters are displayed spanning all three ligand columns. Parameters marked with an asterisk
(∗) were fixed during both least-squares minimization and BMMC sampling.
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