UC Irvine
UC Irvine Electronic Theses and Dissertations

Title
Characteristics and Emergent Behaviors of Multisite Intrinsically Disordered Proteins

Permalink
https://escholarship.org/uc/item/8jt8x4cfl

Author
Clemens, Lara

Publication Date
2019

Copyright Information
This work is made available under the terms of a Creative Commons Attribution-ShareAlike
License, availalbe at https://creativecommons.org/licenses/by-sa/4.0/

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/8jt8x4cf
https://creativecommons.org/licenses/by-sa/4.0/
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA,
IRVINE

Characteristics and Emergent Behaviors of Multisite Intrinsically Disordered Proteins

DISSERTATION

submitted in partial satisfaction of the requirements
for the degree of

DOCTOR OF PHILOSOPHY

in Mathematical, Computational, and Systems Biology

by

Lara C Clemens

Dissertation Committee:

Associate Professor Jun Allard, Chair
Professor Lee Bardwell

Professor Qing Nie

Assistant Professor Elizabeth Read

2019



Figure 3.1 (©) 2016 Wiley Periodicals, Inc.
Figure 4.1 (©) 2019 Elsevier
All other materials (©) 2019 Lara C Clemens



DEDICATION

To my family.

i



TABLE OF CONTENTS

Page

LIST OF FIGURES \%

LIST OF TABLES vii

ACKNOWLEDGMENTS viii

CURRICULUM VITAE e

ABSTRACT OF THE DISSERTATION xiii

1 Introduction 1

2 Entropic Multisite Binding 6

2.1 Introduction . . . . . . . ... 6

2.2 Methods . . . . . . 10

2.2.1 Polymer model of disordered protein . . . . . ... .. ... .. ... 10

2.2.2  Calculation of ligand binding rates from occlusion statistics . . . . . . 11

2.2.3 Simulation of multi-step processes from individual rates . . . . . . . . 12

2.2.4  Models for consequences of site modification . . . . .. ... ... .. 13

2.3 Results . . . . . . e 16

2.3.1 I Local stiffening . . . . . . .. .. ... 16

2.3.2 Supplemental to local stiffening . . . . . .. .. ... ... .. 26

2.3.3 II. Membrane association . . . . . . .. ... ... oL 32

2.3.4 IIL. Multiple simultaneous binding . . . . . . .. .. .. .. ... ... 42

2.4 DISCUSSION . . . . . . .. e 44

3 Formin 50

3.1 Background . . . .. .. 50

3.2 Methods . . . . . . . . 52

3.2.1 Parameters for generic formin simulations . . . . ... ... ... .. 52

3.2.2 Parameters for biological formins . . . . .. ... ... 00000 L 53

3.3 Results. . . . . . e 53
3.3.1 Multiple filaments reduce site specific capture rates, but increase over-

all polymerization rate . . . . . . . ... ... oL 53

3.3.2 N-terminal dimerization alters relative contributions of binding sites . 54

il



3.3.3  Development of analysis pipeline for formin homologues . . . . . . . . o7
3.3.4 Differences in actin polymerization rates can emerge from biological

variation in FH1 domains . . . . . . . . . . . .. ... ... ... .. 57
3.4 Discussion . . . . . . ... 59
4 Molecular Reach of Immune Receptor Tethers 61
4.1 Background . . . . .. ... 61
4.2 Methods . . . . . . .. 64
4.2.1 Surface Plasmon Resonance . . . . . . .. .. ... ... ....... 64
4.2.2  Differential Equation Model of SPR Time Series . . . . . . . ... .. 65
4.2.3 Estimating molecular reach of enzyme . . . . . . . ... ... ... 66
4.3 Results . . . . . . 68
4.3.1 Nonspecific binding can be represented as linear drift . . . . . . . .. 68
4.3.2 Parameter identification with Markov Chain Monte Carlo . . . . . . . 70

4.3.3 Assessment of correlations between biophysical parameters and en-
zyme, substrate concentrations . . . . ... ... 0oL 71
4.3.4 Tether length influences molecular reach of reaction . . . . . . . . .. 74
4.3.5 SHP-1 reach is primary contributor to molecular reach of reaction . . 76
4.3.6  Different immune receptor tails create small changes in molecular reach 78
4.3.7 Tethering of SHP-1 increases effective concentration, reaction rates . 80
4.4 Discussion . . . . . . . ... e 80
5 Discussion 82
5.1 Multisite Entropic Binding . . . . . . . .. ..o 82
5.2 Formin . . . . . . . 84
5.3 Molecular Reach . . . . . . . . ... ... 85
54 Conclusion . . . . . . . .. 86
Bibliography 88

v



2.1
2.2
2.3
24
2.5
2.6
2.7
2.8

2.9

2.10
2.11
2.12
2.13

2.14
2.15
2.16

3.1
3.2
3.3
3.4

4.1
4.2
4.3
4.4
4.5

4.6
4.7

4.8
4.9

Schematic diagram
Transition rates
Emergent sequential binding
Binding rates
Dose response curves
Binding rates with maximal local stiffening
Sequence-independent binding rates
Sequence-independent binding rates with maximal local stiff-

Local stiffening:
Local stiffening:
Local stiffening:
Local stiffening:
Local stiffening:
Local stiffening:
Local stiffening:
ening
Local stiffening:

Switch vs threshold behavior of dose-response curves . . . .
Membrane association: CD3e potentials and distributions
Membrane association: CD3( distributions

LIST OF FIGURES

Membrane association: CD3e binding rates and dose response curves
Membrane association: CD3e switch vs threshold behavior in dose response

curves

Membrane association: CD3( binding rates and dose response curves

Simultaneous binding: Steric limit
Simultaneous binding: Binding rates

Formin: Cartoon

Formin: Multiple filamants and N-terminal dimerization
Formin: Capu polymerization rates
Formin: Fhod-1 polymerization rates

Molecular Reach:
Molecular Reach:
Molecular Reach:
Molecular Reach:

Molecular Reach:
centration

Molecular Reach:

concentration

Molecular Reach:
Molecular Reach:
Molecular Reach:

Cartoon
Example curves
Nonspecific binding
Parameter correlations
PEG28 biophysical parameter correlations with SHP-1 con-

PEG28 biophysical parameter correlations with peptide
Biophysical parameters for PEG peptides
Molecular reach for PEG peptides
Fitting SHP-1 molecular reach . . . . . . . . ... ... ..



4.10 Molecular Reach: Reach of immune receptor cytoplasmic tails

vi



LIST OF TABLES

4.1 Molecular Reach: Immune receptors and number of amino acids . . . . . . .

5.1 Discussion: Characteristics and emergent behaviors of disordered proteins . .

vil



ACKNOWLEDGMENTS

First, I would like to thank my advisor, Jun Allard, for his continuous support over the
last five years. His passion for science and dedication to his graduate students is a constant
inspiration. I am grateful for all of the knowledge he has imparted, consciously and not, to
help me become a better scientist and mentor.

I would like to thank Omer Dushek and Misha Kutuzov for many enjoyable and educational
conversations, and for their patience and guidance. I'd also like to thank the entire Dushek
Lab and MIG for being so welcoming each time I visited.

I would like to thank Margot Quinlan and Aanand Patel for their curiosity and for asking
‘But what about this?’. I'd also like to thank the MathBioU/MathExpLR students I've
worked with over the past two summers — Lucy, Katherine, Kathryn, Poorvi, and Joanna
— for their enthusiasm in helping answer that question.

I’d like to thank the CCBS administrative staff for making all the details of graduate school
run smoothly for me.

I would like to thank my labmates — Matt, Abdon, Kathryn, Rob, Sohyeon, Trini, and
Derek — for their support, advice, conversations, and friendship.

I would like to thank my parents for everything they’ve done over the years. I am especially
grateful for their constant encouragement and support for every decision I've made. I would
like to thank my brothers, Sean and Ryan, for leading by example.

I'd like to thank Matt, Kerrigan, Tessa, Joe, and Abdon for all our adventures big and small.

I’d finally like to thank my MCSB family for making grad school as awesome as it can
be. Their passion, encouragement, collaboration, and indeed sometimes commiseration, sus-
tained me through all the highs and lows of graduate school.

This work was supported in part by NSF CAREER Award DMS1454739 to Jun Allard,
NSF-Simons Center grant NSF DMS1763272, and Simons Foundation grant 594598 to Qing
Nie.

Figures reproduced with permission from the copyright holders.

STATEMENT OF CO-AUTHORSHIP

viii



Jun Allard!?3* has been involved in the design, development, and analysis of all projects.
In all projects, I have been involved in model development, performing simulations, and
analyzing results.

In Chapter 2, a model of entropic multisite binding, Omer Dushek® helped design the research
and provided critical feedback on model development and analysis.

In Chapter 3, a model of formin-mediated actin polymerization, Margot Quinlan® and
Aanand Patel® assisted in model design and provided experimental data on formin poly-
merization rates.

In Chapter 4, measuring molecular reach, Omer Dushek® designed the research and Mikhail
Kutuzov® conducted and analyzed the experimental data.

!Department of Mathematics, University of California, Irvine

2Department of Physics, University of California, Irvine

3Center for Complex Biological Systems, University of California, Irvine

4Center for Multiscale Cell Fate, University of California, Irvine

SDunn School of Pathology, University of Oxford

6Department of Chemistry and Biochemistry, University of California Los Angeles

X



CURRICULUM VITAE

Lara C Clemens

Education

University of California, Irvine, Irvine, CA 2014 - current

e Ph.D., Mathematical, Computational, and Systems Biology
e Advisor: Jun Allard

e Thesis: Emergent characteristics and behaviors of multisite intrinsically disordered
proteins

St. Lawrence University, Canton, NY 2010 - 2014

e B.S., Mathematics, Biochemistry

Publications

Zhang Y, Clemens L, Goyette J, Allard J, Dushek O, Isaacson SA. (2019). The influence of
molecular reach and diffusivity on the efficacy of membrane-confined reactions, Biophysical
Journal, 117:1189-1201. doi: https://doi.org/10.1016/j.bpj.2019.08.023

Bryant, D, Clemens, L, Allard J. (2017). Computational simulation of formin-mediated
actin polymerization predicts homologue-dependent mechanosensitivity. Cytoskeleton. 74:29-
39. doi: https://doi.org/10.1002/cm.21344

Mukhopadhyay H, de Wet B, Clemens L, Maini PK, Allard J, van der Merwe PA, Dushek
O. (2016). Multisite phosphorylation of the T cell receptor zeta-chain enhances the potency
but not the switch-like response. Biophysical Journal. 110:1896-1906. doi: https://doi.
org/10.1016/j.bpj.2016.03.024


https://doi.org/10.1016/j.bpj.2019.08.023
https://doi.org/10.1002/cm.21344
https://doi.org/10.1016/j.bpj.2016.03.024
https://doi.org/10.1016/j.bpj.2016.03.024

Articles in Preparation

Clemens L, Dushek O, Allard J. Modification of disordered multisite signaling molecules
can create cooperativity and emergent sequential binding.

Grants and Fellowships

Center Fellow, NSF-Simons Foundation Center for Multi-scale Cell Fate Sept - Dec 2019
University of California, Irvine
Mathematical and Computational Biology Fellowship 2014 - 2015
University of California, Irvine
Undergraduate Researcher, Research in Industrial Projects for Students, Hong Kong
Jun - Aug 2013
St. Lawrence University

Honors and Awards

Best Poster in Subgroup, [UPAB/EBSA Meeting July 2017
Best Poster Honorable Mention, Mechanobiology Symposium at UC Irvine July 2018

Invited Talks

UC Irvine MathBioU/MathExpLR, Irvine, CA, Jul 2019
St. Lawrence University Mathematics Q-Club Seminar, Canton, NY, Sept 2018
BIRS Workshop: Mathematics of the Cell, Banff, Canada, Aug 2018
Posters

Mechanobiology Symposium [rvine, CA, Oct 2019
Annual Cell Fate Symposium Irvine, CA, Oct 2019
Early Career Research Cell Fate Symposium Irvine, CA, Mar 2019
American Society for Cell Biology Annual Meeting San Diego, CA, Dec 2018
Mechanobiology Symposium Irvine, CA, July 2018
Biophysical Society Annual Meeting San Francisco, CA, Feb 2018
IUPAB/EBSA Meeting Edinburgh, UK, July 2017

x1



Biophysical Society Annual Meeting New Orleans, LA, Feb 2017

Joint Mathematics Meetings

Teaching Experience

University of California, Irvine
Instructor, Math., Comp., and Systems Biol. Bootcamp
Research Manager and Mentor MathBioU, MathExpLR
Teaching Assistant, Calculus
Research Manager and Mentor MathBioU, MathExpLR
Teaching Assistant, MCBU

Teaching Assistant, Math., Comp., and Systems Biol. Bootcamp
Sept 2015 - Jun 2016

Teaching Assistant, Calculus for Life Sciences
Teaching Assistant, CCBS Short Course
Teaching Assistant, COSMOS
Instructor, TechTrek

St. Lawrence University
Peer Tutor, Quantitative Resource Center
Teaching Assistant, Group Theory

Additional Experience

Science Communications Course,
Opioid West Hackathon Participant,

Chosen as one of twenty five teams to participate in hackathon.

Business of Science Certificate Program,
Interdisciplinary Careers Panelist, CCBS Short Course
Mentoring Excellence Program,

xil

Baltimore, MD, Jan 2014

Sept 2019

Jul - Aug 2019
Jan - Mar 2019
Jul - Aug 2018
Jul 2017

Sept 2016, 2018

Jan 2016
Jun - Jul 2015
Jul 2015

Jan 2012 - May 2014
Jan 2014 - May 2014

Jan-Mar 2019
Oct 2018

Oct 2018
May 2018
Apr - Jun 2015



ABSTRACT OF THE DISSERTATION

Characteristics and Emergent Behaviors of Multisite Intrinsically Disordered Proteins
By
Lara C Clemens
Doctor of Philosophy in Mathematical, Computational, and Systems Biology
University of California, Irvine, 2019

Associate Professor Jun Allard, Chair

Proteins perform diverse jobs around the cell, including transporting nutrients and trans-
mitting signals across membranes. For a long time, the traditional understanding of proteins
has been that a protein’s structure determines its function. However, recent research shows
that more than 40% of human proteins contain intrinsically disordered domains, or pieces
of protein lacking a stable structure. These domains have been found in diverse biological
systems, including associated with the cytoskeleton, immune receptor tails, and as linkers
between structured domains. Given their abundance and variety, it has become critical to
understand how disordered domains behave. Here we investigate how characteristics of dis-
ordered proteins — including length, binding site location, long- and short- lived interactions
with other domains — influence their binding kinetics. Specifically, we consider three dis-
ordered proteins in different biological systems: (1) multiply phosphorylated T cell receptor
cytoplasmic tails, (2) formins — a family of actin polymerization mediators, and (3) PD-1
tethered T cell signaling inhibition. For the T cell receptor cytoplasmic tails and formins,
we use a freely-jointed chain model to simulate interactions between multisite disordered
domains (E.g. T Cell Receptor, formin) and a binding partner (e.g. kinase, profilin-actin)
represented as an idealized spherical domain. In each case, we demonstrate that disorder
naturally leads to site-specific binding rates in multisite domains. For T cell receptor tails,

we also demonstrate how physical changes due to post-translational modifications can give

xiil



rise to positive cooperativity, negative cooperativity, and ultrasensitivity. We next show how
variation between formin homologues, such as dimerization state, length, and binding site
locations, can lead to changes in actin polymerization rate. Lastly, we analyze surface plas-
mon resonance experiments of the phosphatase SHP-1 dephosphorylating its tether, PD-1.
We couple worm-like chain models with differential equations to extract binding kinetics,
catalytic rates, and molecular reach parameters from the data. We use this data to quantify
how changes in the lengths of disordered domains influence the rate and reach of reactions.
Together, these projects demonstrate the diversity and complexity of roles disordered pro-

teins can play in cellular processes.
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Chapter 1

Introduction

Proteins are the workhorses of the cell. Cells in the human body build proteins to perform
jobs around the cell. These jobs are incredibly diverse, including transporting nutrients
within the cell or across the cell membrane, transmitting signals from outside the cell to
the nucleus, and even helping to build new proteins. The understanding of proteins for
more than one hundred years has been that a protein’s role in the cell is determined by its
structure [1], much like a wrench can only loosen bolts of a specific size. However, the past
several decades have collected evidence for a paradigm shift: not all functional proteins have
a specific structure. Proteins which do not form a stable, specific structure, but instead
take on a wide ensemble of conformations, are termed ‘intrinsically disordered’ proteins.
Disordered proteins, or disordered domains of larger proteins complexes, have been found in
a variety of contexts including associated with the cytoskeleton (e.g. Tau, MAP7), immune
receptor tails (e.g. CD28, CD3(, PD-1), and as linkers between structured domains (e.g.
SHP-1, ZAP70) [2-5].

Studying disordered domains has presented many challenges. Some traditional methods of

understanding proteins experimentally, such as X-ray crystallography, do not extend well to



disordered domains. Experimental methods such as NMR spectroscopy, small X-ray scatter-
ing, and circular dichroism, can allude to the disordered nature of a domain, but elucidating

their function — particularly how it relates to their disorder — remains problematic.

Recent investigations have turned to modeling to computationally explore how disordered
proteins affect their biological systems. Many tools exist to model proteins, including varying
levels of molecular detail from describing only kinetics with no spatial detail to including
every atom in the system. Each of these has been applied to disordered proteins with varying

degrees of success.

Differential equation models of proteins often describe protein-protein interactions or pro-
teins moving through different conformational or chemical states using rate constants and
concentrations. These types of equations are particularly useful for looking at long timescale
behaviors describing interactions over a finite number of states. For example, Mukhopad-
hyay et al. use a system of differential equations describing the phosphorylation states of
the disordered CD3( domain of the T Cell Receptor to demonstrate cooperative rate en-
hancement between phosphorylation events is needed to match experimental data [6]. These
models can bring about important understanding of protein networks and contributions of
disordered proteins to these networks, especially for understanding long timescale behaviors
(seconds to minutes or more). However, these models lump effects from the physical features
of the protein, such as transient steric occlusion by the disordered domain, into a single rate

constant value which must be inferred from data.

On the opposite scale of molecular detail, all-atom molecular dynamics (MD) simulations
describe each electrostatic interaction between atoms of the protein with itself and its sur-
rounding environment including solvent, such as the cytoplasm, or the cell membrane. This
type of model produces real-time simulations describing protein interactions, which can offer
important insights into enzymatic mechanisms or how mutations will influence protein func-

tion. However, computing interactions between every atom and the atoms in its surroundings



is computationally expensive. Simplifying these models, for example by coarse-graining the
solvent, can improve computational time, but simulations of milliseconds are still challenging
to attain. Disordered proteins explore their conformational space on the time scale of mi-
croseconds to milliseconds [7]. Molecular dynamics simulations have been used to investigate
behaviors of disordered proteins before [8], but often the timescales investigated are shorter
than that of a full conformational sweep and obtaining an accurate sampling of conforma-
tional space is challenging [9]. All of these challenges are enhanced for when studying longer
disordered domains such as those found in immune receptors (e.g. PD-1, CD3(; 30-120

amino acids) or on microtubules (e.g. tau; >100 amino acids).

To explore how the conformational flexibility of disordered proteins affects their interactions
with structured domains, such as kinases, modelers have also used ideas from polymer physics
to develop ‘mesoscale’ models, i.e. models of intermediate molecular detail. There are sev-
eral cases where new biological understanding has been obtained by modeling disordered
domains as random walks or worm-like chains (WLC). These types of models simplify disor-
dered domains down to two main parameters: the length and the flexibility of the domain.
More complicated features, such as angular restrictions, are typically ignored. Previous work
has used this framework to generate qualitative and quantitative insights into systems with
disordered regions. For example, Van Valen et al use a worm-like chain model to demon-
strate how the length of a tether between two structured domains influences their effective
concentration, such as in the auto-inhibition of WASP [10]. These models offer a way to
access micro- to milli- second timescales while still accounting for some physical details such

the ensemble of configurations a disordered protein can take on.

In the following chapters, we employ polymer models and differential equations to examine
disordered proteins in various contexts. In Chapters 2 and 3, we represent each disordered
domain as a freely-jointed chain, with a specific number and length of segments. We simulate

interactions between disordered domains and a binding partner, e.g. kinase, represented as an



idealized spherical domain. At this level of molecular detail, we are able to efficiently explore
how fluctuations in the configurations of the disordered domain affect the kinetics of the
reactions. Additionally, we can simulate how factors influencing the configuration space (e.g.
disordered-to-ordered transitions, tensile forces) will change the reaction. In Chapter 4, we
couple worm-like chain models with differential equations to extract biophysical parameters
from experimental data. At this scale, we are able to match time-series data on the timescale
of seconds to minutes and quantify how changes in the lengths of disordered domains influence
the rate and reach of reactions. The biological contexts and model extensions for each chapter

is detailed in the following paragraphs.

One of the main receptors in the adaptive immune system, the T Cell Receptor, contains six
disordered domains in its cytoplasmic region. One of their most important features is their
multiple phosphorylation sites. Phosphorylation of these sites is one of the first steps in T
Cell activation and developing an immune response. Previous work suggests that the T Cell
Receptor disordered domains can exhibit cooperative enhancement of phosphorylation [6].
In Chapter 2, we simulate the domains of the T Cell Receptor as freely jointed chains to ex-
plore how phosphorylation could influence future binding events. We explore the disordered
domains in three contexts: (1) phosphorylations create disordered-to-ordered transitions, (2)
phosphorylation-dependent membrane association, and (3) simultaneous multiple binding of
kinases to phosphorylated sites. In each case, we show how nonlinear signaling behavior, such
as cooperativity and ultrasensitivity, can be achieved with post-translational modifications

to a disordered domain.

In Chapter 3, we examine a family of disordered proteins called formins, which modulate
actin polymerization rates. Formin associates with the growing end of actin, processing
as the filament grows. The disordered domains of formin execute a capture-and-deliver
process: they perform a search to capture actin monomers and, once bound, deliver them

to the growing end of actin. There are fifteen different formin homologues in humans, each



with different characteristics, such as different lengths or number and location of binding
sites. Notably, some formins exist dimerized at both the N-terminus and C-terminus of the
disordered arms whereas others are only dimerized at the C-terminus. In this chapter, we
explore how dimerization at both ends of the disordered domain affects the ability of formin
to polymerize actin compared to those only dimerized at the C-terminus. This analysis offers

insights as to what effect biological variation in formins has on actin polymerization.

The length of disordered domains has been shown to influence reactions in many systems,
including auto inhibition of WASP, formin-mediated actin polymerization, and dephospho-
rylation of immune receptor tails [7, 10-12]. One example of this last case is seen with the
phosphatase SHP-1. SHP-1 can bind to phosphorylated receptor tails, such as PD-1, and de-
phosphorylate any phosphorylated tails within reach (e.g. CD28). In this reaction, it is clear
that the length of the tethers involved will influence how far away the two receptors can be
and still permit an interaction. However, the size of the enzyme will also contribute to this.
We call the length describing the size of the accessible region as the ‘molecular reach’ of the
reaction. The molecular reach of reaction is made up of the reach of the tethers and of the
enzyme. In Chapter 4, we use differential equations to fit experimental data describing these
tethered dephosphorylation reactions in order to extract the molecular reach of reaction. We
fit reactions of SHP-1 over many different synthetic disordered peptides of different lengths
in order to determine the reach of SHP-1 alone. Using this, we then determine the reach for
several immune receptors including PD-1, CD28, and SLAM. Understanding how the reach
of the enzyme and the reach of the tethers influence the reaction gives deeper intuition as

to how disordered tethers influence immune networks.



Chapter 2

Entropic Multisite Binding

2.1 Introduction

Traditional perceptions of protein function centered around the tenet ‘structure determines
function’. Contrary to this, a growing body of work reveals functional intrinsically disordered
proteins (IDP), or proteins which take on an entire ensemble of conformations. IDPs are
in fact abundant in the proteome: more than 40% of human proteins contain intrinsically
disordered regions longer than 30 amino acids [13, 14]. Disordered domains appear in many
contexts including as linkers between globular domains (e.g. Src) [15], associated with the
cytoskeleton (e.g. formin) [16, 17], or in signaling networks (e.g. CD3(, PD-1) [18, 19].
These regions often include sites for binding and post-translational modification, indicating
purpose beyond as passive tethers [15, 20, 21]. Additionally, the length of the domains
themselves has been suggested to influence their interactions - affecting binding kinetics and

catalytic abilities [7, 10-12].

An example of significant interest is the disordered domains of the T Cell Receptor (TCR). T

cells play a critical role in the adaptive immune response by recognizing and discriminating



between stimuli (i.e. antigens). The T cell receptor binds antigens, transmitting information
through the cell to mount a fast, sensitive, and specific response. Upon T cell activation, an
extensive signaling cascade leads to cytokine production, proliferation, differentiation, and

target killing [22, 23].

The T cell receptor is one of the most complicated immune receptors, composed of eight
domains complexed together: TCRaf and CD3de, CD3ve, CD3((. Of these, the subunits
CD3(, CD3e¢, CD36, CD3v all contain long intrinsically disordered cytoplasmic tails. Among
the six disordered domains, there are twenty tyrosines paired in immunoreceptor tyrosine-
based activation motifs (ITAMs). Most immune receptors contain only a single ITAM,
consistent with CD34, CD3y, and CD3e, however each CD3( has three ITAMs [24]. Af-
ter antigen engagement, the kinase Lck phosphorylates the TCR marking one of the first

intracellular steps of T cell signaling [24].

Over the course of T cell activation, the disordered domains of the T cell receptor have
many interaction partners. Prior to TCR triggering, constitutively active kinases (Lck, Fyn)
and phosphatases (CD45) compete to phosphorylate and dephosphorylate the cytoplasmic
domains. Such a competition runs the risk of introducing false signaling, where T cell
activation occurs without proper stimulus. Guarding against this, the CD3{ and CD3e
domains associate with the inner leaflet of the cell membrane, effectively sequestering the
tyrosines from phosphorylation [25-27]. After ligation by an antigen, the cytoplasmic tails no
longer associate with the cell membrane and Src-family kinases (e.g. Lck) phosphorylate the
T cell receptor [25, 28-30]. Phosphorylation of the ITAMs allows a second kinase, ZAP70, to
tandemly bind to the phospho-tyrosines and proceed to phosphorylate downstream molecules

such as LAT and SLP-76 [5].

Despite lack of structure, these disordered domains display nonlinear behaviors, including

cooperative phosphorylation [6]. For structured proteins, cooperative effects often emerge



from conformational changes [31]. For disordered domains, this begs the question: can

nonlinear behaviors arise as emergent properties from disordered domains?

Modeling disordered domains presents interesting challenges due to their large conforma-
tional space. Representative samplings of conformation space take on the order of millisec-
onds, a timescale that is computationally taxing to reach with current atomistic molecular
dynamic methods. Alternative modeling methods borrow ideas from polymer physics: rep-
resenting disordered domains as random walks or worm-like chains [10, 11, 32, 33]. These
models have offered qualitative and quantitative understanding of disordered regions in a
number of biological contexts. For example, Van Valen et al use a worm-like chain to model
tethered receptor-ligand kinetics for N-WASP promotion of actin polymerization, demon-
strating a tether length dependence for signaling [10]. Other systems where polymer models
have contributed insights include immune receptor tails, the formin family of actin associ-
ated proteins, and the flexible kinesin neck linker [6, 7, 11, 34]. This progress is despite the
simplicity of polymer models: they ignore excluded volume effects and electrostatic interac-
tions of the chain. To use these methods for systems like the TCR cytoplasmic domains, we
would need to consider interactions between not only the disordered domains, but also the
membrane and relevant ligands. Given the simplicity of a polymer model, what features of
the interaction between a disordered region and a globular domain, membrane or other dis-
ordered domain can be captured by entropy calculations of freely jointed chains interacting

with rigid spheres and planes?

Here we simulate a disordered domain as a freely-jointed chain in an implicit solvent interact-
ing with a spherical ligand. We investigate how properties of disordered domains influence
interactions with ligands, taking as a case study the cytoplasmic domains of the TCR inter-
acting with associated kinases, Lck and ZAP70. We explore how these disordered domains
behave in various contexts: (1) disordered-to-ordered transitions upon phosphorylation, (2)

phosphorylation-dependent membrane association, and (3) simultaneous multiple binding of



ZAPT70 to the full TCR (Fig. 2.1). Membrane interactions with the disordered domains are
modeled two different ways: In models (1) and (3), the membrane is treated as an impen-
etrable wall, while in model (2) the membrane is a soft barrier dependent on amino acid
properties. From these simulations, we calculate effective binding rates of kinases to the
TCR. We find that the entropic fluctuations of disordered domains naturally impose differ-
ential binding rates between binding sites, which can lead to preferential sequential binding.
We also show that under different assumptions of post-translational modification or binding
effects, disordered domains can exhibit emergent cooperativity (positive and negative) and

ultrasensitivity.

Unmodified A
residues

Modified
residues

Ligand

T~

B Local Slmqltaneous
structuring Membrane dissociation binding

=5
5=

Figure 2.1: Possible consequences of
membrane-bound disordered protein in-
teracting with ligand. (A) Interaction of
ligand (orange circle) with membrane-bound
disordered protein with multiple binding sites
(black stars) where (B) binding causes local
stiffening near post-translational modification
(e.g. phosphorylation; red stars), (C) phospho-
rylation reduces membrane-association of the
polymer or (D) the ligand remains bound while
more ligands attempt to bind simultaneously.




2.2 Methods

2.2.1 Polymer model of disordered protein

We create a generic model of a disordered protein using a simplified #-solvent freely-jointed
chain (FJC) from polymer physics. This model requires only specifying a number of rods
(N) and a length per rod (Kuhn length, §). The FJC consists of N rigid rods of length §
which are allowed to perform a random walk where the only constraints are the chain length

and connections. The ligand is modeled as an idealized sphere which may interact with the

FJC.

We compute quasi-equilibrium statistics of the chain and its ligands using a Monte Carlo
(Metropolis) Algorithm. At each proposed configuration, the Metropolis algorithm computes
the energy of the system and accepts or rejects based on energetic constraints. In the simplest
model with only the freely-jointed chain, all configurations are equally energetically favorable
and the FJC explores its configuration space through randomized movements. In models with
a membrane, a hard constraint is included at z = 0 such that configurations passing through

the hard membrane are rejected.

We model the intrinsically disordered cytoplasmic domains of the TCR, CD3(,¢,d,7, as freely
jointed chains with 113, 55, 47, and 45 segments respectively. Here, we represent each
segment as an amino acid (Kuhn length = 0.3nm). We consider a spherical estimate for the
kinases Lck and Zap-70, with radii 2.1nm (7 Kuhn lengths) and 2.7nm (9 Kuhn lengths)
respectively. Estimates for Lck and Zap-70 sizes are measured from PDB files (3LCK and
20Q1 respectively) using PyMol. For simulations of the full TCR, the relative location of the

membrane-anchor for each cytoplasmic domain is estimated from PDB 6JXR with PyMol.
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2.2.2 Calculation of ligand binding rates from occlusion statistics

We model the polymer in the canonical ensemble, i.e., equilibrium. Steric occlusion of
binding sites by the rest of the chain therefore gives rise to a change in Kp. From detailed
balance, we have Kp = kog/kon, which allows us to compute the change in Kp between two

states, e.g., fully phosphorylated compared to dephosphorylated, as follows:

Fon _ oo (—AG) (2.1)

Fos 7 kT
gz: = exp (—AGZ;TAGZ) (2.2)
- ((E1 - TSl)k;T(EQ - TSQ)) 23
. ((kBln(95P2))k; (kgln(%fl)> 2.4)
o 7 &

where G; = E; — T'S; is the free energy of binding in a given state, S; = kplnWV is the
entropy of binding, where W is the number of microstates and P; is the probability in the
canonical ensemble that the configuration allows for binding. We let 2; be the total number
of microstates, with €2;P; being the microstates available when the ligand is bound for a
given polymer state (e.g., dephosphorylated). We also note AE; = AFEj, since the change in

energy due to ligand binding is the same, regardless of conformation.

We define P,.. as the probability that the region of space needed by the kinase domain is
occupied by some of the polymer, or another steric barrier. Thus, P; = 1 — P;. Our

problem of interest is now reduced to computing the occlusion probability.

KD1 _ 1— POCCQ (2 6)
KD2 1 - Poccl . .
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Steric occlusion by the polymer impacts the ability of a ligand to localize to the binding
site. Although entropic forces could also impact unbinding of the polymer, we assume this
influence to be negligible compared to the change in k,,. Therefore, for the body of this

work, we assume that the change in Kp stems from a change in k,,.

The occlusion probability is computed as the probability a ligand is able to bind to an
oriented sphere tangentially attached to the polymer. We define ‘able to bind’ as when the
specified sphere is empty of both other polymer segments and any other constraints (e.g.,
membrane). In each conformation, the location of the segment end points and ligands are
checked for chain-ligand intersections. If a membrane is present, a second constraint checks
if the ligand sphere crosses below the half-space surface designated at z = 0. Given that the
ligand sphere is large compared to the Kuhn length, we assume the probability of tangential
occlusion (where a segment has end points outside the sphere but part of the segment lies

within) is negligible compared to end point occlusion.

2.2.3 Simulation of multi-step processes from individual rates

We use a six-step Gillespie algorithm to make two calculations: 1) the probability of a specific
sequence of irreversible (de)phosphorylation, and 2) the sequence-weighted average binding
rate to transition between phosphostates (e.g. from one to two total phosphorylations). A
matrix of binding rates is created from the Metropolis simulations, including the binding
probabilities to each site in each (de)phosphorylation state. Each new state is chosen as
the minimum of a exponentially distributed random variable based on the binding rates
to the remaining sites in that state. At the end of each run of the six-step process, we
record the event sequence and the times to transition between each step. Probabilities of
each sequence are computed based on the total iterations of the algorithm. For simplicity,

only the probabilities for the two perfectly ordered sequences are considered. The sequence-
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weighted average binding rates are calculated as the inverse of the average transition time

for a specific step.

We use a reversible Gillespie algorithm to create the dose-response curves. The rate matrix
contains binding rates of a kinase to a disordered domain in a given phosphorylation state.
Under constant dephosphorylation, a constant rate is set for the dephosphorylation rate of
each site in each phosphorylation state. For sterically-limited dephosphorylation, the binding
rates of a phosphatase binding to phosphorylated sites in a disordered domain as determined
from the Metropolis algorithm are used for the reverse reaction rates. The phosphatase is
assumed to be of equivalent size to the kinase. The effective ratio of kinase to phosphatase is
controlled by multiplying the reverse rates by a constant value. Each step in the algorithm is
chosen as the minimum of a exponentially distributed random variable based on the binding
rates in that state. The average number of phosphorylated sites is calculated once the system

reaches a steady state.

2.2.4 Models for consequences of site modification

Local stiffening

Local stiffening is simulated as a limitation on which joints of the freely jointed chain are
allowed to rotate. For each modified residue, some number of joints are ‘frozen’ in a straight
conformation. The section of frozen segments acts as a single long segment, still rotat-
ing when neighboring segments rotate. This method of local stiffening leaves the modified
binding site in a primarily available configuration. The number of segments frozen per

modification, or degree of stiffening, is varied.

Similarly, dephosphorylation is modeled as ‘unfreezing’ nearby segments. The initial polymer

state is fully phosphorylated with the parallel amount of local stiffening. For simplicity, the
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phosphatase is assumed to be the same size as the ligand Lck. For dephosphorylation, the
degree of stiffening is limited to five segments on each side of the binding site to avoid the

ambiguity of overlapping regions of influence from different binding sites.

Membrane affinity

The polymer-membrane association is modeled as a potential acting on each segment of a
freely-jointed chain. Each potential only acts in the direction of the membrane (defined
as z = 0). We consider three groups of residues: tyrosines, phosphotyrosines, and basic

residues.

Basic residues are needed to create membrane-association [25] and are therefore modeled as
having an attractive interaction with the cell membrane. To match an approximately Gaus-
sian distribution of both the tyrosines and polymer along the membrane edge, a parabolic-
constant piecewise potential is used for the basic residues with depth Epq [8] (Eq. 2.7).

2 ) Epo
]{?pczi EBO zi < [y

. [ Epo
0 Zi 2 kpc

Tyrosine phosphorylation is sufficient to dissociate the polymer from the membrane [25].

Epasic(2i) = (2.7)

We therefore model phosphorylated tyrosines as having a repulsive interaction with the
membrane. Since phosphotyrosines interacting with a membrane are equivalent to charged
particles interacting with a surface, the membrane-phosphate interaction is modeled as an

exponential distribution (Eq. 2.9).
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The Debye length, zpebye, describes the length scale over which electrostatic interactions are

felt in a medium (Eq. 2.8).

1

4rlpcos

(2.8)

ZDebye =

where [p is the Bjerrum length (~ 0.7nm in water) and c., is the concentration of ions in
the cytoplasm (~ 150 — 200pM) [35]. From this, we can estimate the Debye length for the

cytoplasm as approximately 1 nm or 3 Kuhn lengths.

We therefore set the range of membrane interactions to be 1nm. Specifically, 2pepye ~ 1 nm

and \/Epo/kpc ~ 1nm.

Eyp (Zz) = Ep()@_zi/zDEbye (29)

The membrane still acts as a steric barrier to the remaining amino acids. A soft wall
constraint is applied to the unphosphorylated tyrosines and remaining amino acids (Eq. 2.10).
This imposes an energetic penalty on amino acids entering the membrane. Given that
amino acids are fairly small compared to lipids, we assume that the ability of an amino acid
to penetrate the cell membrane is dependent on hydrophobicity more than steric influences.
The average hydrophobicity of CD3( is estimated based on a hydrophobicity scale [36] taking
into account the amino acid composition of CD3(. From this, kg is set to 0.05kgT for all

simulations of CD3(.

Bs(z) = (2.10)
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Multiple simultaneous binding

To simulate simultaneous binding, each bound ligand is included as an idealized sphere
tangentially bound to a polymer. The bound ligands rotate with the polymer, but maintain
their orientation tangent to their binding site. The polymers may not occupy the same
space as the bound ligands, nor may bound ligands occupy the same space as other bound
ligands. When a membrane is present, the bound ligands cannot penetrate the membrane.
For these simulations, the bound and unbound ligands are the same size. The unbound,
incoming ligand is simulated as an idealized ghost sphere tangent to a single segment. In
this modification, a binding site is unoccluded in a given conformation if the specified sphere

is empty of polymer segments, membrane, and bound ligands.

2.3 Results

2.3.1 1. Local stiffening

One way in which disordered protein can participate in signaling cascades is to undergo a
disorder-to-order transition [20, 37] upon post-translational modification (e.g., tyrosine phos-
phorylation), becoming locally stiff, thereby changing the kinetics of future modifications.

This is shown schematically in Fig. 2.1B.

Previous experimental-modeling work [6] reconstituted the early TCR signaling cascade ec-
topically in vivo. The results suggest that the tyrosines on the TCR ¢ chain undergo phos-
phorylations at different rates. Specifically, the most consistent model had phosphorylation
rates that were enhanced by previous phosphorylations. Can this rate enhancement be

explained by phosphorylation-induced local stiffening?
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Disorder leads to entropic binding rate differences between phosphorylation sites

We first calculate the binding rate to each of the six tyrosines on an unphosphorylated,
membrane-bound CD3(-chain. We find that the binding rate to the tyrosine closest to
the membrane is about 3-fold lower than the binding rate of the tyrosine furthest from
the membrane, for an enzyme approximately the size of Lck (Fig. 2.2). Intuitively, the
membrane creates a steric barrier. Binding sites proximal to the membrane experience
many configurations where a large enzyme will not have room to bind. Sites further along
the disordered domain have a larger volume they are able to explore further away from the

membrane, increasing the likelihood of configurations where an enzyme could bind.

Rate differences can also persist without the presence of a membrane. We simulate an un-
phosphorylated, cytosolic CD3(-chain to explore how the presence of a membrane influences
these rate differences. We find that binding sites near the ends of the disordered domain have
binding rates 2- to 3-fold higher than binding rates towards the middle (data not shown).
In this case, binding site occlusion occurs solely from the rest of the disordered domain.
The ends of the disordered domain can more easily explore space away from the rest of the
domain, where there is enough unoccupied volume for the enzyme to bind. In comparison,
the binding sites closest to the middle experience occlusion from both ends of the domain,

leading to lower binding rates.

Each tyrosine of CD3( experiences a different environment based on its location along the
disordered domain. The entropic fluctuations of the disordered domain naturally creates

different binding rates to each phosphorylation site.
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Figure 2.2: Disorder leads to entropic binding rate differences between phosphory-
lation sites. Reaction rates of a kinase binding to the six binding sites of membrane bound
CD3( in a given phosphorylation state, assuming each phosphorylation event locally stiffens
11 amino acids (dark red: low binding rate; white: high binding rate; black: phosphory-
lated site). Pre-reaction number modified and state indicate the number and configuration
of phosphorylated sites on CD3( before the next binding event (white: unphosphorylated
site; black: phosphorylated site). The six binding sites have different rates prior to the first
phosphorylation event. Cartoon indicates location of binding sites along CD3( relative to

the membrane.
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Rate differences imply emergent preference of phosphorylation sequence

There are six different binding sites on the CD3( chain, offering 720 (6 factorial) possible
sequences for phosphorylation or dephosphorylation, assuming each process is irreversible.
Using a Gillespie algorithm in conjunction with the binding rates found above, we compute
the probability of (de)phosphorylating in each sequence. For simplicity, we compare only
two: where (de)phosphorylation occurs membrane proximal-to-distal (123456) and mem-
brane distal-to-proximal (654321). For membrane bound CD3(, there is an approximately
10-fold increase in the probability of binding membrane distal-to-proximal compared to mem-
brane proximal-to-distal for both the kinase and phosphatase (Fig. 2.3 A.i,B.i). Intuitively,
binding sites close to the membrane are sterically occluded by both the polymer and mem-
brane whereas binding sites distal to the membrane are primarily influenced by the polymer
and experience less occlusion by the membrane. This indicates that disordered domains in

the presence of a membrane can have an emergent preference of phosphorylation sequence.

Simulations of a cytosolic CD3( show reduced preference for phosphorylating membrane
distal-to-proximal, supporting intuition. However, phosphorylating membrane distal-to-
proximal is still 2-fold more likely than phosphorylating proximal-to-distal (Fig. 2.3 A.ii,B.ii).
When we re-simulate cytosolic CD3(, but now with its six tyrosines spaced evenly along the
amino acid sequence, there is no preference for phosphorylating membrane distal-to-proximal
compared to proximal-to-distal (Fig. 2.3A.iii,B.iii). This can be understood by comparing
the locations of the tyrosines in CD3(. In CD3(, the membrane distal tyrosine is twelve
amino acids away from the C-terminal while the membrane proximal tyrosine is twenty-one
amino acids away from the membrane. For cytosolic CD3(, the extra amino acids between
the first tyrosine and the membrane proximal end increases the steric hindrance that binding
site experiences. These results show that changing binding site locations by as little as ten

amino acids is sufficient to induce a preferential binding sequence.
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Figure 2.3: Binding rate differences imply emergent preference of

(de)phosphorylation sequence. Probability of (A) phosphorylating or (B) dephospho-
rylating membrane proximal-to-distal (123456) compared to membrane distal-to-proximal
(654321) for different ranges of local stiffening/unstiffening per binding event, and (C)
probability of the second to last binding event occurring at a specific location (i) with a
membrane, assuming sites spaced like tyrosines of CD3(, (ii) without a membrane, assuming
sites spaced like tyrosines of CD3(, and (iii) without a membrane, assuming sites spaced
evenly along the length of CD3(. Probability if all events are equally likely (A,B: 1/6!;
C: 1/6) indicated with black dotted line. Error bars (A,B) represent standard error of
the mean, treating each Gillespie run as an individual Bernoulli trial. Phosphorylation
and dephosphorylation are more likely to occur membrane distal-to-proximal compared to
proximal-to-distal for both the membrane bound and cytosolic CD3¢ chain. For cytosolic
CD3(¢ with evenly spaced tyrosines, both (de)phosphorylation sequences are approximately
equally probable. 20



Local stiffening modulates binding rates to multi-site disordered domain

We introduce local stiffening upon phosphorylation to examine how disordered-to-ordered
transitions influence kinase binding rates. We compute the average binding rate of a kinase to
the membrane-bound CD3¢ domain in its unphosphorylated state. Here, each average bind-
ing rate is weighted by the most likely (de)phosphorylation sequences. Without disordered-
to-ordered transitions, the average kinase binding rate decreases as more phosphorylations
occur. Since there is a natural preference to phosphorylate membrane distal-to-proximal,
it is most likely that the membrane-proximal tyrosine will be the last tyrosine phosphory-
lated. This tyrosine has a lower binding rate, bringing down the average binding rate of
the last phosphorylation compared to the first event, when the faster, membrane-distal sites

dominate.

However, if phosphorylation introduces enough local stiffening, then a single phosphoryla-
tion event creates an overall increase in the average binding rate of the kinase to another
tyrosine. This effect increases with total phosphorylations and degree of local stiffening per
phosphorylation. Specifically, if each phosphorylation locally stiffens 11 amino acids (~1/12
of the polymer length) then the sixth kinase binding event will occur almost two times
times faster than the first (Fig. 2.4A). This phenomenon can be intuitively understood as
local stiffening reduces the degrees of freedom of the polymer. This causes the polymer to be
more elongated on average and sample more configurations where the remaining tyrosines are
kinase-accessible. Through this mechanism, disordered-to-ordered transitions can increase

the binding rate of a kinase to the remaining unphosphorylated tyrosines.

Interestingly, there is a dip in the average binding rate between the fourth and fifth binding
event. For membrane-bound CD3(, the fifth binding event is most likely to occur at the
second tyrosine with the first tyrosine as next most likely (Fig. 2.3Ci). Therefore, the aver-

age binding rate is most heavily influenced by the binding rate at the second tyrosine. The
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dip in binding rate seen there marks a compeitition between disordered-to-ordered transi-
tions making all sites more accessible to phosphorylation versus the polymer and membrane
occlusion. Compared to the occluding effect of the membrane at the second tyrosine, the re-
duction in chain occlusion created by disordered-to-ordered transitions of the other tyrosine
is not enough to increase binding rate of the fifth event over the fourth. However, for the
sixth event, the additional, nearby stiffening increases the binding rate to the last tyrosine
enough to increase the average binding rate to above previous levels (Fig. 2.4A). Further
explorations of this competition indicate that depending on the magnitude of local stiffening,
the location of the binding sites and in particular the grouping of tyrosines into ITAMs, can

create significant changes in the average binding rates (Fig. 2.6)

While local stiffening of phosphorylated tyrosines enhances the binding rate of kinases to
unphosphorylated tyrosines, it also enhances the binding rate of phosphatases to phospho-
rylated tyrosines. We therefore explore how dephosphorylation (or loss of local stiffening)
impacts the binding rate of phosphatases to the domain. If each phosphorylation locally
stiffens 11 amino acids, then each dephosphorylation similarly relaxes 11 amino acids. For
this degree of local stiffening, a fully phosphorylated CD3( chain would have more than
half of its length stiffened. As dephosphorylation occurs, entropic flexibility is returned
to the polymer. By the sixth dephosphorylation event, the average phosphatase binding
rate is decreased by half (Fig. 2.4B). This shows that ordered-to-disordered transitions can
also modulate binding rates, decreasing the binding rate of a phosphatase to the remaining

phosphorylated tyrosines.
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Figure 2.4: Local stiffening modulates binding rates to multi-site disordered do-
main. (A) Average binding rates of a kinase binding to CD3( at different phosphorylation
states for varying range of local stiffening (pink: no residues are stiffened; blue: 11 residues
are stiffened, 5 on each side of site). The kinase average binding rate increases with each
phosphorylation and also with local stiffening range. (B) Average binding rates of a phos-
phatase binding to CD3( at different dephosphorylation states for varying ranges of local
un-stiffening per dephosphorylation event. When local stiffening occurs, the phosphatase
average binding rate decreases with each phosphorylation and also with local stiffening level.
For both (A) and (B), schematic below axis shows example configuration for each phos-
phorylation state. Unphosphorylated residues represented by black stars, phosphorylated
residues are red stars. Kinase and phosphatase radius is 2.1nm. Rates are normalized to the
free-space binding rate.
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Binding rate cooperativity creates ultrasensitivity, even in reversible symmetric

phosphorylation/dephosphorylation cycles

We explore two reversible systems: 1) constant dephosphorylation and 2) steric dephospho-
rylation. In each case, a large kinase attempts to phosphorylate the tyrosines and its binding

rate is affected by steric influences from the chain and the membrane.

In the first system, we assume the phosphatase is of negligible size. Therefore, dephospho-
rylation is not impacted by the sterics of the chain or membrane and instead occurs at a
constant rate at each site. Using the site-specific binding rates determined above for mem-
brane bound CD3(, we calculate the steady state fraction of sites phosphorylated through a
Gillespie algorithm. When no local stiffening occurs, reversible phosphorylation occurs with
approximately Michaelis-Menten kinetics with a Hill coefficient of 1. However, as the number
of amino acids stiffened per phosphorylation increases, the curves diverge from Michaelis-
Menten kinetics. Qualitatively, an increase in the slope of the curves can been seen as the
degree of local stiffening increases (Fig. 2.5A). This change can be quantified as an effective
Hill coefficient, here defined as the maximum logarithmic slope of each curve. This value
increases with the degree of local stiffening per phosphorylation, attaining a Hill coefficient of
1.8 when approximately 1/12 of the chain is stiffened per phosphorylation event. Therefore,
the binding rate cooperativity introduced by local disordered-to-ordered transitions can lead

to ultrasensitivity in a signaling network.

In the second system, we assume the phosphatase is large and therefore sterically influenced
in the same manner as the kinase. Without local stiffening, this reversible system also
shows approximately Michaelis-Menten behavior with Hill coefficient 1. Local disordered-
to-ordered transitions creates a slight increase in the slope of the dose-response curves. At
1/12 chain local stiffening per phosphorylation, the Hill coefficient is 1.3 (Fig. 2.5B). This

suggests that even under steric dephosphorylation, a reversible system with local disordered-
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to-ordered transitions is still capable of creating mild ultrasensitivity, dependent on the

degree of local stiffening.
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Figure 2.5: Emergent cooperativity from binding rate enhancement makes a good
switch, even in symmetric phosphorylation/dephosphorylation cycles. (A,B) Frac-
tion of sites phosphorylated as a function of the kinase-to-phosphatase activity ratio (mea-
sured by the ratio of free-space rates) for different ranges of local stiffening (colorbar), assum-
ing a phosphatase with (A) negligible size or (B) radius of 2.1 nm, equal to the kinase. Black
dashed line indicates a linear dose-response, i.e., with Hill coefficient 1. (C,D) Hill coefficients
for different ranges of local stiffening per phosphorylation event, assuming a phosphatase of
(C) negligible size or (D) radius of 2.1 nm. Hill coefficients calculated from maximum log-log
slope of the dose response curves. Error bars indicate root-mean-square error from a cubic
polynomial fit to slope. In both cases, the Hill coefficient increases with the range of local
stiffening, even when dephosphorylation is assumed to be sterically hindered (D).
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2.3.2 Supplemental to local stiffening

Local stiffening modulates sequence-dependent binding rates to multi-site disor-

dered domain

We explore how varying the local stiffening affects the sequence-weighted average binding
rates for a cytoplasmic CD3(. For maximal local stiffening, i.e. all residues becoming
stiff upon first phosphorylation, the binding rate is 1 for subsequent phosphorylations (Fig.
2.6A). This indicates the kinase is uninhibited and always able to access the binding sites.
This is expected, since here local stiffening puts the binding site in a primarily available

configuration.

Interestingly, at intermediate values of local stiffening (e.g. 19-67 residues stiffened per
phosphorylation), the average binding rate does not consistently increase but oscillates (Fig.
2.6A). This phenomenon can be understood by considering the distribution of tyrosines
along CD3(. The six tyrosines are grouped in pairs, signaling motifs called ITAMs. The
tyrosines in each pair are signficantly closer to each other than to the tyrosines of the next
ITAM. This uneven distribution of tyrosines leads to uneven response to local stiffening upon
phosphorylation. After the first phosphorylation occurs, the induced local stiffening reduces
the flexibility of the domain and increases the likelihood of nearby sites being accessible to
the kinase. For sites within the local stiffening region, this is intuitive since the stiffening
will place them in a primarily available configuration, only restricted by the fluctuations of

the unstiffened sections of the domain.

For sites outside the local stiffening region, this effect is lessened with distance. Sections
closest to the binding site are most likely to cause occlusion, since they are restricted to
be consistently nearby. Therefore, tyrosines close to the local stiffening site will experience

the most influence from the local stiffening. How does this cause the average binding rate
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to decrease from the second to the third event? Since tyrosines are paired, the first phos-
phorylation will create local stiffening at one tyrosine of a pair. The second tyrosine of the
pair will experience a increase in entropic availability — significantly more than the next
closest tyrosine in another ITAM. This means the second event will most likely occur at the
second tyrosine of the pair, where the binding rate is now much faster. However, after this
second event has occurred, the tyrosines in other ITAMs are far enough away to not benefit
from the local stiffening to the same degree. Therefore, the average binding rate to the next
ITAM is considerably slower. When local stiffening is large enough to stiffen residues up to
the next ITAM, the oscillation is lost and the average binding rate consistently increases.

We can see that when we simulate CD3( with evenly spaced tyrosines, this feature is also

lost (Fig. 2.6B).

Local stiffening modulates sequence-independent binding rates to multi-site dis-

ordered domain

For comparison, we consider the average binding rate of a kinase to the membrane-bound
CD3( if all possible phosphorylation sequences were equally likely. For example, assuming
any two tyrosines are phosphorylated on the domain with no preference for which ones,
what rate will the third phosphorylation occur on average? Consistent with intuition, with-
out disordered-to-ordered transitions, the average kinase binding rate remains constant re-
gardless of how many phosphorylations occur. However, if phosphorylation introduces local
stiffening, then a single phosphorylation event creates an increase in the average binding
rate of the kinase to another tyrosine. This effect increases with total phosphorylations and
degree of local stiffening per phosphorylation. Specifically, if each phosphorylation locally
stiffens 11 amino acids (~1/12 of the polymer length) then the sixth kinase binding event
will occur three times faster than the first (Fig. 2.7A). Without weighting by most likely

phosphorylation states, the average binding rate smoothly increases with number of phos-
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Figure 2.6: Large local stiffening of multi-site disordered domain demonstrates
effect of tyrosine location. Sequence-dependent average binding rates of a kinase bind-
ing to cytosolic CD3( (A) and cytosolic CD3¢ with evenly spaced tyrosines (B) at different
phosphorylation states for varying range of local stiffening (pink: no residues are stiffened;
blue: all residues are stiffened after first phosphorylation). For small and large magnitudes
of local stiffening, the average binding rate increases with each phosphorylation. For inter-
mediate magnitudes of local stiffening, cytosolic CD3( exhibits oscillations in the average
binding rate with an overall increase (A) while cytosolic CD3( with evenly spaced tyrosines
increases without oscillations (B). In both cases at maximal local stiffening per phospho-
rylation, the entire domain is stiff leading to uninhibited kinase binding. Schematic below
axis shows example configuration for each phosphorylation state. Unphosphorylated residues
represented by black stars, phosphorylated residues are red stars. Kinase and phosphatase
radius is 2.1nm. Rates are normalized to the free-space binding rate.
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phorylations. As local stiffening rate increases, the magnitude of cooperativity increases as
well, up to the limit where all residues are phosphorylated upon first phosphorylation (Fig.
2.8).

For dephosphorylation, removing the dephosphorylation-sequence weighting from the aver-
age binding rate has no effect on the trends, and only a small influence on the binding rates
themselves (Fig. 2.7B). Here, dephosphorylation removes local stiffening from a site. When
dephosphorylation occurs, there is an increase in entropic flexibility, which will have the
most effect on the binding rate to nearby phospho-tyrosines. However, the nearby phospho-
tyrosines remain locally stiff and primarily accessible to the phosphatase. The small decrease
in accessibility is not significant enough to overcome the differences in accessibility imposed
by the membrane. Therefore, at for the degree of local de-stiffening we consider, dephospho-

rylation rates are not heavily influenced by weighting by most likely sequence.

Emergent cooperativity from binding rate enhancement makes a good switch

but a weak threshold.

We investigate two characteristics of the dose-respone curves: 1) switch-like behavior and 2)
threshold behavior. The switch-like behavior of a dose-response curve describes how quickly
it increases from a less-phosphorylated state to a more-phosphorylated state and can be used
as a measure of cooperativity. Mathematically, the switch-like behavior is the maximum log-
arithmic slope of each curve. The threshold behavior of the curve describes how high of a dose
is required before a response occurs. We calculate this value as log10(81) /log1o(EC90/EC10)
for each curve. We calculate the switch-like and threshold behavior of the dose-response

curves under constant and steric dephosphorylation.

For constant dephosphorylation, the switch like behavior increases with the number of amino

acids stiffened per phosphorylation event. When 1/12 chain is stiffened per event, the switch
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Figure 2.7: Local stiffening modulates sequence-independent binding rates to
multi-site disordered domain. (A) Sequence-independent average binding rates of a
kinase binding to CD3( at different phosphorylation states for varying range of local stiff-
ening (pink: no residues are stiffened; blue: 11 residues are stiffened, 5 on each side of site).
The kinase average binding rate increases with each phosphorylation and also with local
stiffening range. (B) Sequence-independent average binding rates of a phosphatase binding
to CD3( at different dephosphorylation states for varying ranges of local un-stiffening per
dephosphorylation event. When local stiffening occurs, the phosphatase average binding rate
decreases with each phosphorylation and also with local stiffening level. For both (A) and
(B), schematic below axis shows example configuration for each phosphorylation state. Un-
phosphorylated residues represented by black stars, phosphorylated residues are red stars.
Kinase and phosphatase radius is 2.1nm. Rates are normalized to the free-space binding
rate.

30



Phosphorylation

1.0— 207
= 08r
(@] Q
T £ =
£ 06f oy
T O T o
[ D
= @© = 3
cn% 35
Qo 04 o ©°
o 3 Qo
S &= =)
O L O Q
z 3 =
£ 02| / S
__

r
o

0
0—1 1—2 2—3 3—4 4—5 5—6
Number of Modified Sites

Figure 2.8: Maximal local stiffening of multi-site disordered domain leads to un-
inhibited binding. Sequence-independent average binding rates of a kinase binding to
cytosolic CD3( at different phosphorylation states for varying range of local stiffening (pink:
no residues are stiffened; blue: all residues are stiffened after first phosphorylation). The aver-
age binding rate increases with each phosphorylation and also with local stiffening range. At
maximal local stiffening per phosphorylation, the entire domain is stiff leading to uninhibited
kinase binding. Schematic below axis shows example configuration for each phosphorylation
state. Unphosphorylated residues represented by black stars, phosphorylated residues are

red stars. Kinase and phosphatase radius is 2.1nm. Rates are normalized to the free-space
binding rate.
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hill coefficient is 1.8, suggesting moderate switch-like behavior, while the threshold hill coeffi-
cient is less than 1.2, suggesting a poor threshold (Fig. 2.9 C). For steric dephosphorylation,
the same increasing trend persists, but at 1/12 chain local stiffening, the switch hill coeffi-
cient is only 1.3 and the threshold hill coefficient is about 0.8 (Fig. 2.9 D). Local stiffening
therefore creates cooperativity, even under reversible phosphorylation, but makes a poor

threshold.

2.3.3 1II. Membrane association

Recent evidence [26, 38| suggests that, before receptor triggering, the chains of the TCR are
unphosphorylated and membrane-bound (protecting them from phosphorylation by kinases),
only dissociating from the membrane after triggering, at which time they can become phos-
phorylated. But TCR phosphorylation is thought to be one of the first steps in triggering
(and indeed, for antigen discrimination, the TCR must be involved in the first step) [39].

How are the first chains phosphorylated?

A possible hypothesis to resolve this chicken-and-egg puzzle is that, prior to triggering,
the chain is biased towards the membrane but spends a small-yet-significant time in the
cytoplasm, accessible to kinases. This is shown schematically in Fig. 2.1C. Then, upon initial
phosphorylation, the bias is shifted towards the cytoplasm, allowing further phosphorylation.
This hypothesis suggests a delicate balance between membrane affinity and phosphorylation.
In this section, we ask, if it is true that phosphorylation controls membrane association,
what are the quantitative constraints on the interaction strengths between the chain, the

membrane and the kinase?
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Figure 2.9: Emergent cooperativity from binding rate enhancement makes a good
switch, even in symmetric phosphorylation/dephosphorylation cycles. (A,B) Frac-
tion of sites phosphorylated as a function of the kinase-to-phosphatase activity ratio (mea-
sured by the ratio of free-space rates) for different ranges of local stiffening (colorbar), assum-
ing a phosphatase with (A) negligible size or (B) radius of 2.1 nm, equal to the kinase. Black
dashed line indicates a linear dose-response, i.e., with Hill coefficient 1. (C,D) Hill coefficients
for different ranges of local stiffening per phosphorylation event, assuming a phosphatase of
(C) negligible size or (D) radius of 2.1 nm. Hill coefficients calculated from maximum log-log
slope (black line) or log(81)/log(EC90/EC10) (gray line) of the dose response curves. Error
bars for max log slope indicate root-mean-square error from a cubic polynomial fit to slope.
Error bars for log(81)/log(EC90/EC10) indicate standard deviation of hill coefficients from
bootstrap sampling from dose-response curve.
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Simplified electrostatic membrane interaction model explains both basic residue

effects and phosphorylation effects

Experimental data suggests the CD3( and CD3e chains are membrane associated prior to
TCR triggering and that this association has two prominent features: 1) the basic residues
in CD3(,e are required for membrane association, 2) fully phosphorylated CD3(,e does not
associate with the membrane (Fig. 2.10 A). We create a simplified electrostatic interaction
model, where phosphorylated tyrosines feel a repulsion from the cell membrane and basic
residues feel an attraction (Fig. 2.10 B). Other amino acids, including unphosphorylated

tyrosines, experience the membrane as a soft wall potential.

Each potential is parameterized to reproduce the two experimental phenomena. Specifically,
we tune the strength of the basic residue potential, Egy, based on the ‘confinement’ of
the residues. Confinement of a tyrosine is here defined as when its positional variance is
below ((1/e)(range(variance))+min(variance)). Then the minimum Egg such that the basic
residues cause the polymer to be membrane associated is approximately 0.5 kgT (Fig. 2.10

C, inset).

We next tune the strength of the phosphorylation potential, Epg, such that tyrosine phos-
phorylation compensates for the basic residues (i.e. to match the null distribution where
Ego = 0) (Fig. 2.10 D). Given that there are 23 basic residues (ng) and only 6 tyrosines (ny)
in the CD3( chain, one would expect to need Epy > ng/ny * Egg in order for full phospho-
rylation to be enough to counteract the membrane association created by the basic residues.
For CD3(, this is consistent with the values found from simulation, where Egy ~ 0.5kgT
and Epy ~ 2.8kgT (Fig. 2.11). However, simulations of CD3e indicate that Epg ~ 2kgT
is sufficient for its two tyrosines to compensate for the basic residues (Fig. 2.10 D). This

contradicts the equation, which for CD3e predicts a minimum Epqy of 3.5kgT.
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We can explain this conflict by examining the distribution of basic residues compared to
tyrosines. For CD3(, there are both tyrosines and basic residues along the full length of the
domain. In CD3e, the two tyrosines are clumped at the membrane-distal end of the domain,
with fewer basic residues nearby. This difference in relative distributions of basic residues and
tyrosines can account for the discrepancy between the prediction from the formula compared
to the simulation. Tyrosines are primarily influenced by nearby basic residues and therefore

only require enough strength to overcome local effects.

Phosphorylation-modulated membrane association allows some early phospho-

rylation, and accelerates late phosphorylation

For the minimum confinement of tyrosines to the membrane in CD3¢, we require the basic
residues to feel at least a 0.5kgT attractive potential. In order for the two phosphorylated
residues to be sufficient to eliminate the membrane association, each phosphate must expe-
rience a minimum of 2kgT repulsive interaction with the membrane. However, a stronger
repulsive interaction could exist and replicate the same phenomena. To examine how phos-
phorylation influences binding kinetics, we simulate a range of strengths for the phosphate-

membrane interaction assuming a basic residue-membrane interaction strength of 0.5kgT.

When we compute the binding rates for kinases/phosphatases to the CD3e chain for different
levels of phosphorylation, we see that when the phosphate-membrane interaction is nonex-
istent or weak (Epg = 0,1kgT) (de)phosphorylation has minimal effect on the subsequent
(de)phosphorylations. However, when Epq is stronger (Epy > 2kgT), the average kinase
binding rate increases for future phosphorylation events (Fig. 2.12A.i, 2.14A.i). For CD3e,
phosphorylation can introduce an almost 2-fold increase in the binding rate for the second
phosphorylation (Fig. 2.12A.1) For CD3(, phosphorylation can create a 2-4 fold increase in
the binding rates from the first to the sixth phosphorylation event, depending on the strength

of the phosphate-membrane interaction (Fig. 2.14A.i). These results indicate phosphoryla-
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Figure 2.10: Simplified membrane interaction model sets constraints on the
strength of basic residue attraction and phosphorylation-driven repulsion from
membrane. (A) Schematic diagrams reflecting probability density of tyrosines under dif-
ferent conditions, based on previous experimental studies. Probability density of tyrosines
is narrow and close to the membrane for wild type CD3e, but widens and shifts away from
the membrane when it is phosphorylated or the basic residues are mutated. (B) Interac-
tion potentials used in simplified model. Basic residues experience an attractive potential
of depth Epy near the membrane and experience zero potential one Debye length (~1nm)
away from the membrane (blue solid line). Phosphorylated tyrosines experience a repulsive
potential with strength Epy (red dashed line). Unphosphorylated tyrosines and all other
amino acids are hindered from entering the membrane but otherwise experience no potential
(green dotted line). (C) Probability density of the distance from the membrane of the 1st
tyrosine of CD3e, assuming no phosphorylated tyrosines, for varying strengths of the basic
residue potential, Egg (white: low; black: high). The tyrosine moves close to the membrane
as Epg is increased. Probability density when there is no basic residue potential (Egy = 0
kgT) is shown as blue dotted line. (Inset) Variance of probability density of 1st tyrosine
over range of basic residue potential strengths. Green dashed line shows the characteristic
Epo = 0.5kpT required to confine the tyrosine to the membrane, defined in the text. (D)
Probability density of the location of 1st tyrosine assuming all tyrosines are phosphorylated,
for Egg = 0.5 kg'T (the value required to confine the tyrosine to the membrane assuming no
tyrosines are phosphorylated), and varying phosphorylated tyrosine potential strength, Epg
(low - white, high - black). Probability density when Epy = 2 kgT is shown as red dashed
line, reflecting the Epg value needed to approximately return to the distribution when Egg
= 0 kgT (blue dashed line).
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Figure 2.11: Simplified membrane interaction model sets constraints on the
strength of basic residue attraction and phosphorylation-driven repulsion from
membrane for CD3(. (A) Probability density of the distance from the membrane of the
3rd tyrosine of CD3(, assuming no phosphorylated tyrosines, for varying strengths of the
basic residue potential, Egy (white: low; black: high). The tyrosine moves close to the mem-
brane as Epy is increased. Probability density when there is no basic residue potential (Egg
= 0 kgT) is shown as blue dotted line. (Inset) Variance of probability density of 3rd tyrosine
over range of basic residue potential strengths. Green dashed line shows the characteristic
Epy = 0.5kpT required to confine the tyrosine to the membrane, defined in the text. (B)
Probability density of the location of 3rd tyrosine assuming all tyrosines are phosphorylated,
for Egg = 0.5 kg'T (the value required to confine the tyrosine to the membrane assuming no
tyrosines are phosphorylated), and varying phosphorylated tyrosine potential strength, Epg
(low - white, high - black). Probability density when Epy = 2.8 kgT is shown as red dashed
line, reflecting the Epy value needed to approximately return to the distribution when Egg
= 0 kgT (blue dashed line).
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tion of membrane-associated disordered domains is able to modulate binding rates, creating

cooperativity between phosphorylation events.

Interestingly, the average phosphatase binding rate also increases as more sites are dephos-
phorylated (Fig. 2.12A.ii, 2.14A.ii). For phosphorylation, each phosphorylation event helps
dissociate more of the chain from the membrane, reducing the steric influence of the mem-
brane on the kinase. However, for dephosphorylation, the initial steric influence is the
entropic penalty from the disordered domain. As more residues become dephosphorylated,
more sections of the chain become membrane associated, restricting their freedom to pri-
marily two dimensions. The remaining phosphorylated tyrosines remain dissociated from
the membrane by the repulsive phosphate-membrane interaction and therefore more acces-
sible to the phosphatase. The cooperative effect of dephosphorylation only produces a small
increase (CD3e: 1.15-fold; CD3(¢: 1.5-fold) in binding rate since the membrane still creates

a large steric barrier to phosphatase binding (Fig. 2.12A.ii, 2.14A.ii).

In a reversible system, weak phosphate-membrane interactions behave with approximately
Michaelis-Menten kinetics (Hill coefficient = 1). Stronger phosphate-membrane interactions
(Epp > 2) cause the dose-response curve to diverge from Michaelis-Menten kinetics under
both constant and sterically-influenced dephosphorylation (Fig. 2.12B, 2.14B). The effective
Hill coefficients, defined as the maximum logarithmic slope, for this family of curves increases
over the range of the phosphate-membrane interaction strength. Under both constant and
steric dephosphorylation, the Hill coefficient increases to 1.2 and 1.3 for CD3e and CD3(
respectively at Epg = 10kgT (Fig. 2.12C, 2.14C). This suggests reversible phosphorylation
of membrane associated domains is able to create weak ultrasensitivity, dependent on the

strength of the interaction between the phosphorylated tyrosines and the membrane.
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Figure 2.12: Phosphorylation-driven modulation of membrane association leads
to cooperativity. (A) Average binding rates of (i) kinase and (ii) phosphatase binding
to CD3e at different (de)phosphorylation states for varying strengths of phosphorylated ty-
rosine potential (Epg) (blue: weak; yellow: strong). Both kinase and phosphatase binding
rates increase with each phosphorylation and also with increasing Epg. (B) Fraction of sites
phosphorylated over kinase intrinsic rate compared to phosphatase intrinsic rate for varying
strengths of phosphorylated tyrosine potential (Epg), assuming a phosphatase with (i) negli-
gible size (constant dephosphorylation) or (ii) 2.1 nm radius, equivalent to the kinase (steric
dephosphorylation). Black dashed line indicates linear dose response, i.e., Hill coefficient
1. (C) Hill coefficients calculated from maximum logarithmic slope of the Hill curves for
varying strengths of phosphorylated tyrosine potential (Epg), assuming a phosphatase of (i)
negligible size or (ii) radius of 2.1 nm, equal to the kinase. Error bars indicate root-mean-
square error from a cubic polynomial fit to slope. For (A)-(C), both kinase and phosphatase
are assumed to have radius 2.1 nm. Rates are normalized to the free-space binding rate.
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Figure 2.13: Emergent cooperativity from binding rate enhancement to CD3e
makes a weak switch. (A) Fraction of sites phosphorylated over kinase intrinsic rate
compared to phosphatase intrinsic rate for varying strengths of phosphorylated tyrosine
potential (Epg), assuming a phosphatase with (i) negligible size (constant dephosphorylation)
or (ii) 2.1nm radius, equivalent to the kinase (steric dephosphorylation). Black dashed line
indicates linear dose response, i.e., Hill coefficient 1. (B) Hill coefficients for varying strengths
of phosphorylated tyrosine potential (Epg), assuming a phosphatase of (i) negligible size or
(ii) radius of 2.1 nm, equal to the kinase. Hill coefficients calculated from maximum log-log
slope (black line) or log(81)/log(EC90/EC10) (gray line) of the dose response curves. Error
bars for max log slope indicate root-mean-square error from a cubic polynomial fit to slope.
Error bars for log(81)/log(EC90/EC10) indicate standard deviation of hill coefficients from
bootstrap sampling from dose-response curve. In both cases, the Hill coefficient increases
with the strength of phosphorylated tyrosine potential, even when dephosphorylation is
assumed to be sterically hindered (B). Rates are normalized to the free-space binding rate.
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Figure 2.14: Phosphorylation-driven modulation of membrane association of CD3(
leads to cooperativity and sequential binding. (A) Sequence-dependent average bind-
ing rates of (i) kinase and (ii) phosphatase binding to CD3( at different (de)phosphorylation
states for varying strengths of phosphorylated tyrosine potential (Epg) (blue: weak; yellow:
strong). Both kinase and phosphatase binding rates increase with each phosphorylation and
also with increasing Epg. (B) Fraction of sites phosphorylated over kinase intrinsic rate com-
pared to phosphatase intrinsic rate for varying strengths of phosphorylated tyrosine potential
(Epo), assuming a phosphatase with (i) negligible size (constant dephosphorylation) or (ii)
2.1nm radius, equivalent to the kinase (steric dephosphorylation). Black dashed line indi-
cates linear dose response, i.e., Hill coefficient 1. (C) Hill coefficients for varying strengths
of phosphorylated tyrosine potential (Epg), assuming a phosphatase of (i) negligible size or
(ii) radius of 2.1 nm, equal to the kinase. Hill coefficients calculated from maximum log-log
slope (black line) or log(81)/log(EC90/EC10) (gray line) of the dose response curves. Error
bars for max log slope indicate root-mean-square error from a cubic polynomial fit to slope.
Error bars for log(81)/log(EC90/EC10) indicate standard deviation of hill coefficients from
bootstrap sampling from dose-response curve. In both cases, the Hill coefficient increases
with the strength of phosphorylated tyrosine potential, even when dephosphorylation is as-
sumed to be sterically hindered. For (A)-(C), both kinase and phosphatase are assumed to
have radius 2.1 nm. Rates are normalized to the free-space binding rate.
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2.3.4 1II1I. Multiple simultaneous binding

One of the first molecular participants in T cell activation downstream of TCR is Zap-70, a
molecule with two SH2 domains that bind phosphorylated tyrosines [5, 6, 40-42]. A recent
in vivo experimental study found that approximately six Zap-70 molecules are bound per
TCR [42], despite having ten possible simultaneous binding sites. This raises two questions:
Do entropic constraints arising from polymer flexibility prevent more Zap-70 ligands from
binding? And, if so, from a design viewpoint, are there advantages to the cell in not using the
full array of possible Zap-70 binding sites? To address this question, we simulate binding
of a ligand, Zap-70, to the full T Cell Receptor, when other ligands are already bound,
shown schematically in Fig. 2.1D, and ask what impact the previously-bound ligands have

on kinetics.

Simultaneous binding of full TCR is not sterically prohibited at physiological

ligand radii.

We first examine the feasibility of fitting ten Zap-70 on a single T Cell Receptor. For large
enough ligand radii, configuring ten molecules on a single receptor is not possible due to
the restriction created by the binding sites and membrane. To determine whether this is
a concern at physiological ligand radii, we simulate ten ligands tangentially attached to
implicit TCR domains. The ten ligands move, energetically restricted by their interactions
with each other and the contour limits of their attached polymers. They are also limited by
an impassable membrane. Simulations end when a configuration is attained where the ten
ligands do not conflict with each other or the membrane, and do not pass the contour limit of
the polymers. We find that for physiological ligand radii (i.e. at least up to 6.9 nm radius),
we can find a configuration where all ten ligands are able to bind to the T Cell Receptor

without conflict (Fig. 2.15).
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Multiple binding to multi-site disordered domain gives rise to anti-cooperativity

We calculate the average binding rates of ligands to all six membrane-bound chains of the
T Cell Receptor, assuming a given number of previously bound ligands. For small ligands
(e.g., 0.3nm radius), the average binding rate remains approximately constant regardless of
how many ligands are already bound (Fig. 2.16C). Since each ligand is very small, binding
another ligand has little impact on the entropy of the chains, explaining why each addition

does not influence the binding rate of the next ligand.

For larger ligands, the first binding event is significantly less likely than for small ligands,
since a larger volume needs to be sterically accessible to accomodate the large ligand. As
more ligands are simultaneously bound to the TCR, the average binding rate decreases.
For a large ligand like Zap-70, with approximately 2.7 nm radius, the binding rate for the
tenth ligand is approximately 20,000 times lower than the binding rate of the first ligand (
Fig. 2.16C). Therefore, for large ligands, the extra steric barrier introduced by the previously-
bound ligands significantly decreases the binding rate of future binding partners. This steric
barrier influences the binding rate, but does not prohibit simultaneous binding to all ten

sites (Fig. 2.15).

Sterically-induced negative cooperativity is one way of regulating the number of Zap-70 that
associate with a given TCR. The first couple Zap-70 are able to bind to the domain relatively
easily, but it quickly becomes prohibitive to bind more. The extra binding sites also allow
flexibility of where Zap-70 bind and allow more to simultaneously bind to the domain before

steric influences dominate.
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Figure 2.15: Simultaneous binding of full TCR is not sterically prohibited at
physiological ligand radii. Two views of single TCR configuration with ten bound ligands
where each ligand has radius of 6.9nm. In this configuration, ligands do not interact with
membrane (yellow) or other ligands. Colored lines represent TCR cytoplasmic domains.

2.4 Discussion

Disordered proteins play a critical role in many biological systems, including the first steps
of T cell triggering. Previous work has demonstrated that despite their lack of structure,
disordered domains can confer nonlinear behavior to signaling networks [6]. In this work,
we developed a coarse grain model of a generalized disordered domain interacting with a
spherical ligand. We adapted this model to specifically explore how the disordered domains

of the T Cell Receptor behave in several contexts.

Relation to other work

Preferential Sequential Binding

Binding to multi-site proteins is typically classified into one of two groups: (1) sequential, or
ordered, binding where binding occurs in a specific sequence, and (2) random binding, where

no such sequence is required and binding can occur at any site. For CD3(, previous work
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as more ligands are bound. This effect increases with increasing ligand radius. Rates are
normalized to the free-space binding rate.
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offers a contradiction: some evidence suggests TCR ( is sequentially phosphorylated, while
others found no evidence for this [43-45]. Out work offers a possible resolution. We find that
multi-site disordered domains can display ‘preferential’ (i.e. non-obligate) sequential binding
through entropically derived binding rate differences. The presence of a membrane intro-
duces additional steric limitations, enhancing the differences in binding rate and therefore

exacerbating the observed preference.

Sequential binding has been extensively theoretically studied and has been shown to create
nonlinear signaling behavior, such as ultrasensitivity. However, theoretical studies focus on
‘obligate’ sequential binding, where each event is required for the next to occur [45-48]. Our
work reveals emergent ‘preferential’ sequential binding, where the sequence is likely to form

but not required. How these differ is an interesting question for future study.

Disordered-to-Ordered Transitions

We find that for a multisite disordered domain, modifications that lead to changes in the
entropy of the domain can lead to cooperativity between the binding sites. Specifically, local
disordered-to-ordered transitions are sufficient to create positive cooperativity of PTMs,
and conversely, ordered-to-disordered transitions can create negative cooperativity. Positive
cooperativity can increase the sensitivity of a response to changes in ligand concentration
and increase the potency of signaling responses. We find that for CD3(, enhancement of
binding rates through disordered-to-ordered transitions can lead to positive cooperativity.
This offers one explanation to explain previous experimental evidence showing cooperative
effects between phosphorylations of CD3( [6]. There are several recorded instances of proteins
undergoing disordered-to-ordered transition upon post-translational modification [20, 49, 50].

It is possible these systems could also exhibit rate enhancements as well.
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Phosphorylation-mediated Membrane Association

Prior to T cell triggering, the CD3(, € domains of the TCR associate with the cell membrane,
with the tyrosines primarily embedded in the bilayer [25-27]. Post-triggering, they dissociate
from the membrane, revealing the tyrosines for phosphorylation [25]. There is evidence that
fully phosphorylated domains do not associate with the membrane [25]. However, given
that tyrosine phosphorylation is one of the first events in TCR triggering, it is unclear how
the domains either dissociate from the membrane to become phosphorylated, or, become
phosphorylated to dissociate. We capture these behaviors in a simple model, including
interactions between the membrane, basic residues, and phosphorylated tyrosines. Although
tyrosine accessibility is low while the domains are membrane-associated, we find that a
single phosphorylation can increase the binding rate of Lck to the rest of the tyrosines.
Cooperativity of phosphorylations during membrane-association would offer one way for
the CD3(,e to both become phosphorylated and dissociate from the membrane. Prior to
TCR triggering, phosphorylation of the first tyrosine is rare enough that phosphatases could
dephosphorylate, preventing extraneous signaling. Upon TCR ligation, the phosphatase
CD45 is thought to locally evacuate, which could increase the likelihood of phosphorylation
[51].

TCR signaling occurs within seconds of the TCR binding an antigen [52-54]. It is unclear
if the degree of ultrasensitivity created by phosphorylation of membrane-associated CD3(¢
would be sufficient to achieve this fast response. Additional factors may be needed to induce
efficient phosphorylation of the domain, such as TCR clustering or local changes in lipid
composition. TCR clustering could also lead to more steric influences between the cytoplas-
mic membrane-associated domains, leading to an increased likelihood of dissociation [55].
Changes in lipid composition near the TCR have been shown to influence the membrane-

association of the TCR domains [3, 28, 56]. Any of these could lead to increased tyrosine
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accessibility, which when combined with the cooperative effect of phosphorylation, could

lead to the rapid phosphorylation of the cytoplasmic domains.

Multiple Simultaneous Binding

Recent experimental evidence suggests only six ZAP70 bind to a single TCR on average.
Why only six, when there are ten ITAMs on a TCR? The tight placement of the disordered
domains of the TCR limits ZAP70 binding by decreasing individual binding rates. Binding
sites near the membrane experience more occlusion from other domains in this configuration
than expected from looser configurations. This provides a natural regulation to the number
of ZAP70 able to bind to the TCR. This offers both a way to regulate the signal produced
from a single T cell receptor while maintaining the ultrasensitive effects derived from having

more binding sites than necessary for signaling [48].

We find that multiple simultaneous binding of ligands to the full T Cell Receptor leads
to negative cooperativity. Negative cooperativity can endow signaling systems with two
features: high turnover of ligands even in high ligand concentration (which might be ad-
vantageous if ligands are involved in other reactions), and constant signaling activity in low
ligand concentration [31]. Similarly, this might reduce the impact of inhibitors, requiring

much higher concentrations of inhibitor to completely turn off signaling [31].

Limitations of Model

Many previous studies have used differential equations or Markov chains to model binding
to multisite molecules, including CD3( [45-48]. These models have offered insights into how
multisite phosphorylation creates ultrasensitivity in a system. However, these methods make

assumptions about the phosphorylation rates and do not include physical influences, such as
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the chain configurations or interactions with the membrane. Our model begins from basic

principles and calculates binding rates to each site, which can then be fed into other models.

Our model makes several assumptions, including flexibility of the domain and the spherical
nature of the ligands. Given the distribution of amino acids along the domain, it is likely the
persistence length is not perfectly uniform along the domain and may be stiffer in some areas.
For example, proline-enriched regions tend to have a higher persistence length than other
disordered segments [57]. However, by assuming the shortest persistence length reasonable
for a protein (one segment represents one amino acid), we are able to consider the upper
estimate for how entropy influences binding. Previous studies indicate the distribution of
end-to-end distances of disordered domains match those of a worm-like chain with persistence
length 3.04A [32]. Additionally, this estimate is supported by recent studies quantifying the

persistence length for CDe [27].

Other possible extensions to the freely-jointed chain model include using segments with

non-zero width, and restricting angular freedom based on amino acid preferences.

For this work, ligand sizes are estimated as spheres. A more detailed representation could
include several more parameters to describe the size (e.g. oval, rectangular prism), and/or
represent each ligand with multiple domains. For instance, ZAP70 would have three separate
but connected domains to represent the two SH2 and one catalytic domains. This would
significantly complicate the simulation, since all tests for occlusion would need involve more
complicated geometries, and we do not expect it to influence the qualitative results of our

study.

This method also does not include atomistic details of the disordered domain or ligand. As
computational power increases, alternate methods of studying disordered domains such as
molecular dynamics, could give a detailed view of CD3( phosphorylations and how they

affect interactions between the disordered domain and the membrane or itself.
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Chapter 3

Formin

3.1 Background

Actin is a major part of the cytoskeletal network influencing cell structure, division, and
movement [58, 59]. Understanding the process of actin polymerization, where actin monomers
(Fig. 3.1 (orange circles)) are added to a growing actin polymer (Fig. 3.1 (orange chain)),

is therefore critical to understanding these cellular characteristics.

Actin polymerization is often facilitated by members of a protein family called formins.
Formins contain a structured Formin Homology 2 (FH2) domain and two disordered FH1
domains [60]. The FH2 domain is bound to the growing (barbed) end of actin, processing
as monomers attach [61, 62]. The two identical FH1 domains behave as flexible ‘arms’
(Fig. 3.1 (blue chains)), which are able to explore the nearby space and bind profilin-actin
molecules. FH1 domains contain polyproline tracks — proline-enriched regions of the amino
acid sequence — which act as binding sites for profilin-actin molecules [61, 62]. To facilitate
actin assembly, formins perform a ‘capture-and-deliver’, capturing profilin-actin molecules

in solution and then delivering them to the growing end of the polymer [61, 63-65]. Upon
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delivery, the actin monomer of the profilin-actin binds to the barbed end, dissociating from

the profilin, and the profilin dissociates from the FH1 domain [63].

In humans alone, there are fifteen distinct formins [66]. Features such as length, number of
binding sites, location of binding sites, and dimerization state distinguish these formins from
each other. The behaviors and mechanisms of different formins are not well understood and
are of growing interest in the field. What is it about these flexible arms that allow them
to enhance actin polymerization? How do characteristics of specific formins influence this
effect? Here we explore how formin features affect actin polymerization rates. Specifically,
we investigate the effects of the following: (1) having two disordered domains compared to a

single domain, (2) dimerization at the N-terminal ends of the domains, and (3) length and

binding site locations as derived from true formin sequences.

O :

Binding Site on FH1

Figure 3.1: Cartoon of formin structure. Formin FH2 domain (black rectangle) attached
to F-actin (orange chain). Profilin-actin monomers (orange circle) can bind to binding site
(red circles) of formin FH1 domain (blue chain). Figure adapted from [11].
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3.2 Methods

We model the FH1 domains of formins as freely jointed chains, interacting with spherical
profilin-actin molecules. The basis of this model is further described in Sections 2.2.1 and
2.2.2. We simulate two types of formins: (1) theoretical formins with fixed length and evenly
spaced polyproline tracks, and (2) biologically motivated formins with length and binding

sites designed to represent specific formin family members (e.g. Fhodl, Capu).

3.2.1 Parameters for generic formin simulations

Formin amino acid sequences include stretches of proline-rich regions. Polyproline regions
often have a higher propensity to form polyproline II helices, which increases the persistence
length [67]. In our model, we choose to model formin with 60 segments of length 1.2nm,
twice the length of an amino acid. Five polyproline tracks are located at 1/10, 3/10, 5/10,
7/10, and 9/10ths of the length of the filament. Additional parameters and methods match

Bryant et al. 2017 [11].

To investigate how formin dimerization, and in particular, N-terminal dimerization, influ-
ences the rate of actin polymerization, we simulated three cases: monomeric formin, formin
dimerized at the C-terminus (C-term dimer), and formin dimerized at both the N and C
terminals simultaneously (NC-term dimer). The dimerized formin is separated at the C-
terminals by 5nm in both dimerized forms. For the NC-terminal dimer, the N-terminals are
separated by approximately Inm. Outside of these restrictions, each domain is allowed to

move freely.
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3.2.2 Parameters for biological formins

We consider two specific formins: Fhod and Capu. For simplicity we only consider polypro-

line tracks with consecutive prolines.

Parameters for Fhod were determined from UniProt entry Q9Y613. The Fhod FH1 domain
has 129 amino acids, with four polyproline tracks. We simulate formin with Kuhn length
1.2nm. Therefore, we use a FJC with 41 Kuhn segments, with polyproline tracks centered

at 8, 13, 16, and 21 segments away from the C-terminus of FH1 (actin barbed end).

Parameters for Capu were determined from UniProt entry Q24120. The Capu FH1 domain
has 81 amino acids, with five polyproline tracks. We simulate formin with Kuhn length
1.2nm, with polyproline tracks centered at 5, 13, 19, 28, and 36 segments away from the

C-terminus of FH1.

3.3 Results

3.3.1 Multiple filaments reduce site specific capture rates, but

increase overall polymerization rate

Overall, dimerization appears to reduce the rate of polymerization (Fig. 3.2B). More inter-
estingly, dimerization and the specific type of dimerization influence the relative polymer-
ization rates of each polyproline track. When the capture and delivery steps are compared,
the changes in capture rate seem to contribute most of the interesting behavior. In general,
dimerized formin experiences more steric hinderance or occlusion of the polyproline tracks
since there are two domains able to occlude monomers. This creates a lower capture rate

compared to monomeric formin (Fig. 3.2A). However, the NC-terminal dimer decreases

53



the capture rate even further since both ends of the formin domains are constrained to be
close together and therefore incur more steric hindrance. Experiments on a Fhod variant
wn vitro also show N-terminal dimerization reduces actin polymerization rate compared to

Fhod dimerized only at the C-terminal (personal communication, Quinlan Lab, UCLA).

3.3.2 N-terminal dimerization alters relative contributions of bind-

ing sites

In the monomeric form, the first (here defined as closest to the FH2 domain) and last (furthest
from the FH2 domain) polyproline tracks have higher capture rates than the middle three
tracks. Since the first and last site are equidistant from their respective ends, they experience
similar occlusion and therefore have similar capture rates. In the C-terminal dimer, the last
polyproline track shows a higher capture rate than the first track and the capture rate of the
first track more similarly matches that of the middle sites (Fig 3.2A.ii). Since the C-terminal
of each domain is fixed bnm apart, the first polyproline track on each domain sees much more
of the other domain compared to the last track, which is able to explore a larger region of
space. Therefore, in the C-terminal dimer, the first site experiences more occlusion than the
last track, giving it a smaller capture rate. In the NC-terminal dimer, both ends are forced
into close proximity, but now the N-terminal ends are only 1nm apart, creating even more
steric occlusion than the 5nm C-terminal separation. This causes the first polyproline track

to now have a higher capture rate than the last polyproline track (Fig. 3.2Aiii).

Since the capture rate is the rate limiting step in polymerization, these trends carry over to
the polymerization rates for each dimer (Fig. 3.2B). With C-terminal dimerization, polypro-
line tracks closest to the N-terminus will contribute the most to polymerization whereas with

NC-terminal dimerization, tracks closest to the C-terminus will contribute more.
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There is a small increase in the delivery rate (not shown) of the NC-terminal dimer compared
to the C-terminal dimer, which can be accounted for by the change in end-to-end distance
distribution of the two dimers. The NC-terminal dimer on average has a smaller end-to-
end distance than the C-terminal dimer, allowing it to deliver profilin-actin monomers more

efficiently (Fig. 3.2C).

To more closely investigate how differences in polyproline track locations influence the cap-
ture rates, we also looked at the probability a polyproline track is available for binding as
a function of where that track is located as a on the domain (Fig. 3.2D). For monomeric
formin, sites near each end are significantly more available than sites in the middle, but this
difference only matters for sites less than 2/10ths from either end. All sites further than
2/10ths from either end experience similar levels of occlusion. In the C-terminal dimer, sites
close to the C-terminus are less often available compared to the monomeric form whereas
sites at the N-terminal behave similar to if the formin were monomeric. In the NC-terminal
form, the C-terminal sites behave as in the C-terminal dimer but N-terminal sites are now

more occluded.
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Figure 3.2: Formin dimerization decreases actin polymerization rate and influences
relative polyproline track contribution. (above) Cartoons of each simulated formin
domain. The FH1 domains are shown as black curves with the polyproline tracks shown
as colored circles. The FH2 domain is represented as a black rectangle. (A) Capture rate
(uM~s71) and (B) polymerization rate (s=') versus force (pN) for each polyproline track.
Polyproline tracks are located at 0.1 (dark red), 0.3, 0.5, 0.7, and 0.9 (yellow) fractions of
the domain length. Rates shown for formin in (i) monomeric, (ii) C-terminal dimeric, and
(iii) NC-terminal dimeric forms. (C) End-to-end distributions of formin in C-terminal (red)
and NC-terminal (blue) forms. (D) Probability polyproline track is unoccluded as a function
of polyproline track location as a fraction of domain length. Single (monomeric) formin is
in black, C-terminal dimer in red, and NC-terminal dimer in blue.
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3.3.3 Development of analysis pipeline for formin homologues

Given that there are many formin homologues, it would be beneficial to have a pipeline to
analyze each formin and determine the rate they polymerize actin. We develop a pipeline to
do the following: (1) find proteins with FH1 domains from Uniprot, (2) determine the length,
binding site locations, and number of prolines in each binding site for the FH1 domains, and
(3) determine the polymerization rates for the three dimer forms from a lookup table of rates
developed for the pipeline. We create a Python script to access the Uniprot database to find
proteins with FH1 domains and determine their length and binding sites. The lookup tables
are created by simulating a range of lengths and binding site locations for each dimer form
and interpolating the intermediate values. Results from our pipeline indicate differences

between actin polymerization rates due to variation in formin FH1 domains.

3.3.4 Differences in actin polymerization rates can emerge from

biological variation in FH1 domains

Here, we use our pipeline to analyze two specific formins, Fhod and Capu, to explore how dif-
ferences in their FH1 domains impact their polymerization rates. The FH1 domain of Fhod
is ~ 1.5 times as long as Capu and has four polyproline tracks grouped more tightly near
the C-terminus. In comparison, Capu has a shorter FH1 domain containing five polyproline
tracks spaced roughly uniform along its length. Additionally, each of Capu’s polyproline re-
gions contains more consecutive prolines than any of Fhod’s polyproline tracks. We compute
the total polymerization rates for Fhod and Capu, as a function of their length, binding site
location, and size of polyproline track (how many prolines in the region). We find that in
all dimerization states, Capu demonstrates a higher polymerization rate than Fhod (Fig.
3.3, 3.4). This indicates that biological variation in FH1 domains can produce significant

differences in actin polymerization rates.

57



80

Amino Acid Index N-Terminus
[\S] w B (8} (o] ~l
o o o o o o

C-Terminus
>

FH1

180

160

140

120

60

40

20

CAPU-FruitFly

Single

1
Filaments

Double-Filament
200 T

T T

180

160

140

120

60

40

20

1 2total
Filaments

180

160

140

N-Dimerized
00 T T T

1 2 total
Filaments

Figure 3.3: Polymerization rates for the formin, Capu Schematic of Capu including

length and binding sites.

Sizes of binding sites represent relative number of prolines in

binding site (left). Polymerization rates for a single filament, C-terminal dimer, and NC-
terminal dimerized Capu. Contributions from individual binding sites indicated with colored
bars. For dimers, the polymerization rates of individual filaments are shown (1,2) and the
rates for the whole dimer is shown by ‘total’.
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terminal dimerized Fhod-1. Contributions from individual binding sites indicated with col-
ored bars. For dimers, the polymerization rates of individual filaments are shown (1,2) and
the rates for the whole dimer is shown by ‘total’.

3.4 Discussion

In this chapter, we simulated explored how differences in disordered domain characteristics
and multiplicity can influence formin polymerization rates. We first simulate a generic
formin, with evenly spaced polyproline tracks, to explore how single, C-terminal dimerized,
and NC-terminal dimerized FH1 domains influences actin polymerization rates. We find
that dimerization of FH1 at the C-terminus reduces the polymerization rates contributed

by each polyproline track due to decreased probability of capturing profilin-actin monomers.
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Despite this, the total polymerization rate of dimerized formin is increased as the benefit of
double the possible binding sites outweighs the increased steric occlusion. Formins where
FH1 is dimerized at both the N and C termini experience yet more steric occlusion, but with
an overall polymerization rate still above that of a single FH1 domain. Dimerization states

therefore offer one method for controlling actin polymerization rates

We also compared the polymerization rates resulting from two specific formins, Fhod and
Capu. We find that Capu has a higher polymerization rate than Fhod. This is intuitive since
Capu has binding sites distributed closer to the N-terminus of FH1. These experience less
occlusion by the rest of the formin domain than the C-terminal binding sites. Additionally,
the polyproline tracks of Capu are much longer than the polyproline tracks of Fhod. The
longest track of consecutive prolines on Fhod FH1 domains is five prolines long, whereas Capu
polyproline tracks range from 6-14 prolines in length. These features mean Capu is more
easily able to capture profilin-actin monomers, and therefore has a higher polymerization

rate than Fhod.

Variations in sequence such as this could point to formins adapted to different environments
in the cell. For instance, Capu would increase actin polymerization effectively, providing
critical control for systems requiring quick actin growth. However, a formin like Fhod, where
most binding sites are clustered near the actin barbed end, could provide fast polymerization
in situations where formins undergo high force. A force extending the formin would increase
the capture rate, and decrease the delivery rate [11]. Binding sites primarily near the barbed

end could mitigate the reduction in delivery rate by increasing the likelihood of encountering

the barbed end.

60



Chapter 4

Molecular Reach of Immune Receptor

Tethers

4.1 Background

T cells play a critical role in the adaptive immune system: recognizing and responding to
foreign artifacts, called antigens, in the body. Antigens are presented on the outside of
Antigen-Presenting Cells, where T Cells can form a contact with them and determine if the
antigen presents a threat. The T Cell response needs to be both specific (only responding

to true threats) and sensitive (responding even to small quantities of the threat) [68].

The simplified story of T Cells interacting with antigens revolves around the T Cell Receptor.
The T Cell Receptor (TCR) is a complex protein expressed by T Cells with both extracellular
and intracellular regions. When a T cell encounters an antigen, the TCR binds to the
antigen and makes a threat assessment. T cell triggering occurs when a TCR encounters an
antigen that warrants a response. Triggering initiates a signaling cascade, leading to T Cell

activation, characterized by cytokine production, proliferation, and target killing. The first
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events of T cell triggering include phosphorylation of the intracellular, disordered domains
of the TCR by kinase Lck. This is followed by tandem binding to the same domains by the
kinase ZAP70, and a phosphorylation cascade that eventually leads to T cell activation [22,
69].

The more complicated story of T cell activation actually involves many more players. Specif-
ically, there are many other proteins called co-receptors which are involved with enhancing
or inhibiting T cell activation [22, 70, 71]. For example, engagement of co-receptor CD28 is
critical to achieving full T cell activation. CD28 knockdowns result in a reduction of both

proliferation and cytokine production [72].

Of significant interest is the co-receptor Programmed Cell Death - 1 (PD-1). Unlike CD28,
PD-1 is a co-inhibitory receptor, responsible for reducing T cell activation when engaged [70,
73]. Ligands of PD-1 (e.g. PD-L1, PD-L2) are often expressed by cancer cells, thwarting
an immunological response [19, 74]. Understanding PD-1 interactions with T Cell signaling
is therefore critical for improving potential immune therapies. Upon ligation, the tyrosine
motif of PD-1 is phosphorylated by the kinase Lck. These tandem phospho-tyrosines act as a
docking site for the phosphatases SHP-1 and SHP-2. The tethered phosphatases dephospho-
rylate nearby phosphorylated receptor domains, such as CD28 or CD3(. Dephosphorylation

of these T Cell stimulating receptors leads to decreased T Cell activation [19, 70, 73, 75].

One notable feature of these co-receptors is their disordered cytosolic domain. Previous stud-
ies have shown that characteristics of these disordered domains can influence their function.
For example, the length of the tether has been shown to influence signaling reactions by
affecting both binding and catalytic rates [12]. Simulations of membrane-anchored tethers
have also indicated reaction rates can increase or decrease with tether length, depending
on the rate of diffusion in the membrane [7]. Additionally, a bioinformatic analysis indi-

cates binding site motifs associated with activatory functions tend to be located closer to
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the membrane-anchored end of the cytoplasmic tail than motifs associated with inhibitory

function [12].

There are many reactions where a enzyme bound to a cytosolic domain will interact with
another cytosolic domain. One such case is SHP-1/2 bound to PD-1 dephosphorylating
CD28 [75]. For reactions like this, the length of the two tethers and the size of the enzyme
can determine how far away a reaction can occur. We refer to the distance that describes

the probability cloud of interaction as the ‘molecular reach’ of the reaction (Fig. 4.1).

Given that the length of tethers — and therefore the molecular reach — has been shown to
influence reaction rates, some questions arise: Can we quantitatively measure the ‘molecular
reach’ of a reaction” How much of a reaction’s molecular reach is contributed by the enzyme

versus the tether? Can we measure the ‘reach’ of different immune receptors?

To address these questions, we consider a simple two-species in vitro system involving a
disordered, singly phosphorylated peptide and a phosphatase, SHP-1. The phosphatase
can bind and unbind to the phosphorylated tyrosine on the peptide. When bound, the
phosphatase can dephosphorylate the nearby peptides, effectively removing possible binding

sites for other phosphatases. The phosphatase can also dephosphorylate from solution.

Here we use Surface Plasmon Resonance to obtain a time series describing this tethered
dephosphorylation reaction. We fit a differential equation model to the time series data,
extracting five biophysical parameters: binding and unbinding rates, two distinct catalytic
rates, and the molecular reach. We analyze data for four constructed peptides of different
lengths and use the molecular reach of their reactions to estimate the reach of the phosphatase
alone. Using the molecular reach of the phosphatase, we find the reach of different immune

receptor cytoplasmic domains.
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Figure 4.1: Cartoon illustrating molecular reach. Cartoon illustrating SHP-2 tethered
to PD-1 and dephosphorylating CD28. The reach of PD-1, CD28, and SHP-2 combine to
give the overall reach of the reaction, L. Figure adapted from [7], which is licensed under
CC BY-SA 4.0.

4.2 Methods

4.2.1 Surface Plasmon Resonance

Tethered reaction in wvitro experiments are conducted using Surface Plasmon Resonance
(SPR). In SPR, light is shined at a surface. At a certain angle, plasmons on the surface
will resonate with the light, resulting in an absorption of light. The reflected beam of light
will therefore have a reduced magnitude at the resonance angle. If the surface changes,
the resonance angle changes. SPR detects this change in angle and reports the time series
of these changes converted to arbitrary ‘Resonance Units’. This response is related to the
amount of mass on the surface at a given time. SPR is a highly sensitive technique able to
detect even fast, minute changes in the surface. The following experiments are conducted

on a BiaCore T200, with detection events every 0.1 seconds.
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For our experimental setup, peptides are irreversibly bound to a surface — in this case a
200 nm layer of dextran — in a channel, or flow cell. The response to the peptide alone de-
termines the ‘baseline’ for the experiment. A phosphatase is then flowed through the channel
and can bind, unbind, and/or dephosphorylate the peptides. SPR detects the changes in
the surface and returns a time series of the response. We subtract the ‘peptide only’ base-
line from the resulting curve to establish what changes are only due to interactions with
the phosphatase. We also subtract drift from control flow cell to remove artifacts from the

buffer.

In the following work, we consider reactions of the phosphatase SHP-1 interacting with
many.different immune receptor tails. We use peptides constructed with Polyethylene Glycol
(PEG) linkers with the ITIM motif of PD-1. Five such peptides are constructed, each with
a different number of PEG linkers (0, 3, 6, 12, and 28) in order to establish different contour
lengths. We also use several wild type immune receptor tails, including PD-1, CD28, SLAM,
and CD3¢. We use PD-1 phosphorylated at the second tyrosine, which has 55 amino acids
between the membrane and the second tyrosine. We also consider a truncated version of
the PD-1 with only 25 amino acids to the second tyrosine, which we call PD-1 25aa. All

experiments are conducted at 37° C with a buffer flow rate of 10uL/min.

4.2.2 Differential Equation Model of SPR Time Series

To fit the SPR tethered reaction data, we modify a multicenter particle density partial
differential equation model developed by Goyette et al [12]. The original model includes
parameters corresponding to the binding and unbinding rates (kon,kof) of an enzyme to the
receptor, the catalytic rate of the enzyme in solution (k..Sol), the catalytic rate of the en-
zyme when tethered to the receptor (k.a;Teth), and a molecular reach parameter (L). Our

data exhibits nonspecific binding of the enzyme to the surface, sometimes reducing the re-
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sponse below the baseline. This type of data cannot be well fit by the original version of
the model. To account for this, we introduce a nonspecific binding term as a fit parame-
ter. We demonstrate that the magnitude of response attributed to nonspecific binding is
approximately linear with time. We also incorporate two parameters to fit the start and
stop time of injections. Given that the response is noisy near injection start and stop times,
this can more accurately find the start/stop time than by eye. Parameter fits are generated
using MATLARB’s least-squares curve fitting (Isqcurvefit) function. Model is implemented in
MATLAB 2017b.

4.2.3 Estimating molecular reach of enzyme
Combining molecular reaches

The molecular reach of the reaction is influenced by the reach for the tether, Liciper, and the
reach of the enzyme, Lsgp.1. Each of these reaches depend on the length and flexibility of
the molecule. Using a worm-like chain model, we can write the probability density function
as seen in Eq. 4.1. For a single tether or enzyme, the reach, L, is given by L = \/m where

l. is the contour length and [, is the persistence length.

e (1) e (20 a

We can combine the tethers and enzyme to establish the probability density for the reaction,

which is also described by Eq. 4.1 [10, 12]. In this case, L describes the molecular reach of

the reaction and is a combination of the reach of the tethers and enyzme as seen in Eq. 4.3.

L= Lreaction - \/L%ether + Lgether + L%HP—I (42)

= \/2 * L‘?ether + L%HP—I (43)
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Estimate of SHP-1 reach

For a disordered domain, the reach can be estimated from the contour length (l.) and the
persistence length ([,), or flexibility, of the domain. For the constructed PEG-PD-1 peptides,
we estimate the contour length (from membrane to binding site of SHP-1) as being the
number of PEG-linkers (Npgg) times the length of a single PEG, (lpgpg ~ 0.4nm) [76].
From this, we can derive an approximation for the reach of SHP-1 where the reach is given

by the intercept of the line L? versus Nprg (Eq. 4.7).

L= \/2 * Listner + Ligpa (4.4)
L? =2 L}y + Lipp, (4.5)
=2 (2l.l,) + Ligp, (4.6)
=4 Npgc - lprg - b + Ligp, (4.7)

Calculation of L?

For each reaction, L? (as seen in Fig. 4.9) is calculated by averaging the fitted parameter
o* for all replicates and transforming the average to a single L? value for the peptide. Error
propagation is used to convert the standard deviation of ¢* to an error for L2. The parameter

L relates to o* as seen in Eq. 4.8.

L=(0"w) /3 where w = (107%-6.023 - 10** - 10° - (107%)%) (4.8)

Estimates from PyMol of SHP-1

From the PDB file for an open conformation SHP-1 (PDB 3PS5) and sequence data from
UniProt (P29350), we can estimate a probable range of reach values for SHP-1. Direct

measurement from PDB structure of N-SH2 binding site to catalytic site (straight line) gives
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a short reach estimate of 5.3nm. Combining the size of the individual structured domains
with fully extended disordered regions gives the longest reach estimate of 16.5 nm. Instead of
using fully extended disordered regions, we also consider a more probable end-to-end distance
for the linkers. Assuming the linkers behave as worm-like chains with persistence length of
0.3nm, we can calculate an intermediate expected reach of 7.4nm. All measurements of
structured domains were calculated using the measurement tool in PyMol. We use this range

of reach estimates to validate the experimentally determined SHP-1 reach.

4.3 Results

4.3.1 Nonspecific binding can be represented as linear drift

One of the challenges of Surface Plasmon Resonance is in detecting signal only from specific
binding/unbinding events, not interactions with other molecules (e.g. the dextran matrix)
termed non-specific binding. Inspection of the control flow cells indicates that SHP-1 exhibits
non-specific binding with a component of the flow cell and that the magnitude of non-
specific binding is not consistent between control and experimental flow cells (Fig. 4.3).
Therefore, when we subtract the control flow cell response from the experimental flow cell
response to remove artifacts from the buffer, the difference between non-specific binding
magnitudes results in a shift away from the baseline (Fig. 4.3). The difference in non-specific
binding between control and experimental flow cells does not correlate with phosphatase
concentrations, or peptide concentrations. The time series of nonspecific binding to the
control flow cell indicates an approximately linear increase in magnitude over the course of
the phosphatase injection (Fig. 4.3B). Therefore, we account for nonspecific binding in our

model as a linear term with a fitted prefactor, nsb.
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Figure 4.2: Nonspecific binding relative magnitude depends on control flow cell.
Example SPR traces and fit parameters. (left) Experimental injection in flow cell 4, control
in flow cell 3. Curve drops below baseline. (right) Experimental injection in flow cell 3,
control in flow cell 4. Curve remains far above baseline.
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Figure 4.3: Nonspecific binding can be represented as linear drift. (A) Raw traces
of experiment, normalized to peptide response as baseline. Last buffer cycles plotted for
flow cell 1 (red) and 2 (pink). Experimental injection of SHP-1 in flow cell 2 (blue). Control
injection of SHP-1 in flow cell 1 (green). Control flow cell response increases more with SHP-
1 injection than buffer only. (B) Double referenced response: experimental response minus
both control flow cell and buffer cycle. Response decreases below baseline. (C) Nonspecific
binding response: Control flow cell with SHP-1 cycle minus control flow cell buffer cycle.
Non specific response increases approximately linearly with time.
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4.3.2 Parameter identification with Markov Chain Monte Carlo

We use a Markov Chain Monte Carlo to determine the posterior distributions for the param-
eters of the model. Preliminary results from a single dataset indicate there a no strong cor-
relations between parameters, suggesting each parameter can be independently determined
from the data (Fig. 4.4). Small positive correlations exist between k,, and kg, indicating a
dependence on K. However, the small range of k,, and k.g suggest they can still be deter-
mined from the data. Intuitively, there are correlations between k., (Tethered)- [Peptide] and
0" - keas(Tethered) since they both depend on the tethered catalytic rates. Interestingly, the
start time, pga.¢ shows a sharp cutoff at 0.4 seconds. An important next step is to develop

confidence intervals for each parameter.

70



. Xliaﬁ”‘[SHP—ll

2. 35
2 ZS
2. 15
kcatTe‘h*[Pep]
7 u -
6.5
sigmaStar* ko:an.l.mh
keatg  *[SHP-1]
0.042
3 0. 038
0.036
Slal‘l
O 398
’“ 0.396
2" 0304
0.392
stop
49.2
5 49
o’ 48.8
48.6
%10~
-1.1
X £ £
-1.2
f d
12X stddev of dat:

0.36 0.37 0.38 7 12 14 0.036 0.04 0.392 0.396
k [SHP 1] kcantT th [Pep] sigmaStar*| kca\T th kcat [SHP 1] Pgtart

Prob. Density
~

o

kcatTe‘h [Pep]

-
IS

sigmaStar*! kcat.re(h
-
~

cats I*[SHP-l]
o
o
»

nsb/FMa>

nsb/FMax
- -

stddev of data

1 1.1 1.2
Pstop nsb/FM,g;;o 4 stddev of dppa3

Figure 4.4: Parameters correlations from Markov Chain Monte Carlo Histograms
(diagonal) and correlations (lower triangle) for model parameters for a single dataset. Green
circles indicate starting point of MCMC. Purple asterisks indicate mode of parameters.

4.3.3 Assessment of correlations between biophysical parameters

and enzyme, substrate concentrations

We first verify that the biophysical parameters can be identified independently of phos-

phatase or peptide concentration, which are chosen as part of the experimental set up. We
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collect data for SHP-1 interacting with PEG28-PD1 for different phosphatase and peptide
concentrations. When we consider each fitted biophysical parameter as a function of phos-
phatase concentration, we see that for most parameters, there is no correlation between the
parameter and SHP-1 concentration (Fig. 4.5). The exception to this is the binding rate,
kon, which negatively correlates with SHP-1 concentration (Fig. 4.5). One explanation for
this could be that increasing SHP-1 concentration creates crowding of the system. If there
is an increased steric hindrance of the binding site due to crowding, this could appear as
a decrease in binding rate. There are no strong correlations between the fitted parame-
ters and peptide concentration (Fig. 4.6). This model is therefore capable of determining
the biophysical parameters for a reaction without dependence on phosphatase and peptide

concentrations.
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Figure 4.5: PEG28 biophysical parameter correlations with SHP-1 concentration.
Biophysical parameters plotted against SHP-1 concentration of experiment (black dots).
Mean and standard deviations of parameters displayed. Linear regression for each parame-
ter indicated with red line. Coefficient of determination (R?) and p-value for linear regression
displayed. Correlation at 5% significance found for binding rate (k,,) and dissociation con-

stant (Kp).
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Figure 4.6: PEG28 biophysical parameter correlations with peptide concentration.
Biophysical parameters plotted against peptide (PEG28-PD1) concentration of experiment
(black dots). Mean and standard deviations of parameters displayed. Linear regression for
each parameter indicated with red line. Coefficient of determination (R?) and p-value for
linear regression displayed. Correlation at 5% significance found for unbinding rate (k).

4.3.4 Tether length influences molecular reach of reaction

To examine how tether length impacts the molecular reach of a reaction, we collect data for
peptides of five different lengths. These peptides are constructed to have the same binding
motif — an ITIM taken from PD-1 — and varying numbers of PEG linkers. Fitting the
data each dataset individually, we average the biophysical parameters within each peptide.
The parameter, ox, is the effective concentration. As the number of PEG linkers in the
peptide increases, ox decreases, marking an increase in the molecular reach (Fig. 4.7). This
indicates that the length of the tether does influence the molecular reach of the reaction.

The longer peptide length expands the region a tethered enzyme is able to access, allowing it
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to dephosphorylate peptides in a larger radius. Additionally, since the peptides themselves
are longer, they explore a larger region where they may encounter a phosphatase. However,
disordered tethers may take on many conformations, most of which will not be extended, but
instead be compact (think a hairball). This means that even large changes in the contour
length of the peptide may only result in small changes in the domain most explored by the
peptide. This is consistent with the current evidence that a increase of ~ 11nm in the
contour length from a peptide with no PEG (PEGO) to PEG28 only changes the molecular
reach by ~ 5nm (Fig. 4.8).
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Figure 4.7: Biophysical parameters for peptides of various lengths. Biophysical
parameter fits (colored dots), mean (gray bar), and standard error (black error bars) plotted
for each PEG peptide: PEGO0, PEG3, PEG6, PEG12, and PEG28. The binding rate (k,,)
and tethered catalytic rate (k.Teth) each show increases with tether length (increasing
number of PEGs). The effective concentration (0*) shows a decrease with increasing tether
length.
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dots), mean (gray bar), and standard error (black error bars) plotted for each PEG peptide:
PEGO, PEG3, PEG6, PEG12, and PEG28. Molecular reach increases with increasing tether
length.

4.3.5 SHP-1 reach is primary contributor to molecular reach of

reaction

The molecular reach for these simplified reactions involves two components: the reach of the
tether and the reach of the enzyme. Assuming the reach of these molecules can be modeled
as worm-like chains, the individual reaches combine as seen in Eq. 4.3. We can calculate the
tether reach independently using the formula L = \/m, where [, is the contour length and
l,, is the persistence length. We therefore modify Eq. 4.3 to find the reach of the enzyme
alone, as seen in Eq. 4.7. This equation shows we can estimate the reach of the enzyme
as the intercept of a line plotting the squared reach of reaction versus the number of PEG
linkers in the peptide. We find that when we consider the peptides with PEG linkers (PEG3,
PEG6, PEG12, and PEG28), the squared reach of reaction is linear with the number of PEG
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linkers, as expected from Eq. 4.7 (Fig. 4.9). From this, we estimate the molecular reach of
SHP-1 to be 15.9nm (Fig. 4.9). This value is within extrema estimates of SHP-1 reach we
measured using the PDB 3PS5 and Uniprot P29350. The molecular reach of reactions using
PEG peptides ranged from 13nm to 20nm (Fig. 4.8). This suggests most of the reach of a

reaction is determined by the reach of the enzyme and not the reach of the tether.
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Figure 4.9: Molecular reach of SHP-1 can be estimated from reach of reaction
for different length tethers. Computed mean square molecular reach (L?) and standard
deviation (colored points) plotted against two times the number of PEG linkers (2 - Npgg)
for the peptide. Linear regression for PEG3,6,12, and 28 (red line) gives a y-intercept of
259.05nm?. The estimate for SHP-1 reach alone (i.e. zero tether length) is 16.1 nm.
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Table 4.1: Immune receptors analyzed and number of amino acids before the phosphorylated
peptide.

Number of amino acids

Peptide Name to phosphorylated tyrosine

CD28 11
PD1-25aa 25
PD1 55
SLAM 68

4.3.6 Different immune receptor tails create small changes in molec-

ular reach

Given the estimate of SHP-1, we can calculate the molecular reach of specific immune re-
ceptors tethers. We collected data for a variety of immune receptors including PD-1, CD28,
SLAM, and CD3(. Using the same fitting procedure as above, we fit the molecular reach of
the reactions for each peptide (Fig. 4.10A). Using the molecular reach of reaction and the
SHP-1 reach, we calculate the tether reach for each peptide (Fig: 4.10C). Consistent with
their contour length from the membrane anchor to the binding site, CD28 shows the smallest
molecular reach and SLAM shows the longest (Fig: 4.10C). It is notable that the reach for
CD28 is approximately zero. The binding site of CD28 is only 11 amino acids away from
the membrane (as measured to the phosphorylated tyrosine) (Table 4.1). The theoretical
reach of CD28 by itself is therefore only ~ 1nm. This suggests almost the entire reach of
SHP-1 dephosphorylating CD28 is made up from SHP-1, with almost no contribution from
CD28. For CD3(, SHP-1 demonstrated dephosphorylation, but no detectable binding (data

not shown).
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4.3.7 Tethering of SHP-1 increases effective concentration, reac-

tion rates

In this system, dephosphorylation occurs at two rates depending on the mechanism. Dephos-
phorylation from solution occurs at 7qephos(Solution) = keat (Solution) - [SHP-1]. When SHP-1
is tethered to a peptide, dephosphorylation occurs at 7qephos(Tethered) = keat(Tethered) - o*.
There is some evidence that the catalytic rate of SHP-1 depends on whether it is in solution
or tethered to a peptide. In solution, the N-SH2 domain of SHP-1 is thought to inhibit the
catalytic PTP domain [77, 78]. When the C-SH2 domain of SHP-1 binds a phosphotyrosine,
the conformation change releases this auto-inhibition [77, 78]. This phenomenon could pro-
duces changes in the catalytic rate between SHP-1 in solution compared to tethered SHP-1.
Regardless of changes in the catalytic rate, changes in the concentration of SHP-1 could ac-
count for changes in the reaction rate between solution and tethered dephosphorylation. For
example, in one of the experiments using PEG28, we use a SHP-1 concentration of 0.5uM.
In this experiment, the fitted effective concentration (¢*) is 119.5uM. If the catalytic rates
from solution and when tethered are equivalent, then these changes in effective concentra-
tion will be reflected in the dephosphorylation rate. This indicates that tethering of SHP-1
can enhance the dephosphorylation rate more than 200-fold compared to dephosphorylation

from solution, independent of auto-inhibitory effects.

4.4 Discussion

In this chapter, we quantified the molecular reach of a phosphatase, SHP-1, and many im-
mune receptor cytoplasmic domains including PD-1, CD28, and SLAM. We showed that
the reach of the enzyme contributes the majority of the reaction reach, but that changes

in tether length do result in small differences in reach. We also demonstrated that enzyme
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tethering can increase reaction rates, even without changes in the catalytic rate. This sup-
ports the growing body of work suggesting tether lengths can influence reactions [7, 10, 12].
Tether length therefore offers an interesting point of control for evolutionary, or synthetic,
regulation of reactions. This work further confirms that disordered domains can behave as

functional units, beyond as passive linkers.
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Chapter 5

Discussion

In this dissertation, we discussed the importance of disordered proteins in biological systems.
Specifically, we investigated how characteristics of disordered domains — including length,
binding site location, post-translational modifications, long-lived interactions (e.g. dimeriza-
tion), and short-lived interactions (e.g. phosphorylation-dependent membrane association)
— can alter kinetic rates and interactions with downstream enzymes (Table 5.1). We consider
three main systems: (1) T Cell receptor cytoplasmic domains and their interactions with the
cell membrane and kinases, (2) formin-family proteins altering actin polymerization rates,
and (3) immune co-receptor cytoplasmic domains interacting with the phosphatase SHP-1.

We will discuss the contributions of each of these projects separately below.

5.1 Multisite Entropic Binding

T Cell activation is the hallmark of an adaptive immune response. Synthetic regulation of the
adaptive immune response is of recent interest, particularly to develop cancer therapeutics

(e.g. CAR T Cell Therapy). It is therefore critical to understand one of the earliest steps
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Table 5.1: Table of disordered protein characteristics and emergent behaviors.
Characteristics are features of disordered proteins included as inputs for some of the analyzed
models. Emergent behaviors indicate the resulting behaviors a disordered protein can exhibit
in a system.

Characteristics Emergent Behaviors
- length - concentration magnification
- binding site location - preferential sequential binding
- local flexibility changes - positive cooperativity
- changes in electrostatic interactions - ultrasensitivity
- multiple simultaneous binding - negative cooperativity
- multi-site dimerization - rate changes

of T cell activation: T Cell Receptor signaling through phosphorylation of its disordered
cytoplasmic domains. Experimental and computational research demonstrate that the dis-
ordered domains of the TCR are capable of positive cooperativity between phosphorylations
[6]. In Chapter 2, we developed a freely-jointed chain model of the TCR disordered domains
to explore how disorder can contribute nonlinear behaviors — such as cooperativity — to a
signaling network. Using the freely-jointed chain as our base, we implement variations of the
model to describe the multisite disordered domains in three cases: (1) disordered-to-ordered
transitions induced by phosphorylation by the kinase Lck; (2) phosphorylation-dependent
membrane association; and (3) multiple simultaneous binding of the kinase Zap70. In each
model, we compute how each scenario influences the kinetics of the binding reaction. Using
these distinct binding rates, we compute how changes in the entropy of the domain due to

early binding events impact future binding events.

We find that, independent of post-translational modifications, the entropic fluctuations of
the disordered domain naturally lead to binding rate differences between binding sites. In-
terestingly, we find that these differences lead to emergent preferential sequential binding
(a preferred, but not required order of binding) to the domain. Obligate sequential bind-

ing (required order of binding) has previously been shown to lead to nonlinear behaviors
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such as ultrasensitivity. Exploring the difference in consequences of obligate and preferential

sequential binding is an interesting avenue of future work.

When we consider the three different contexts of post-translational modifications, we find
that the corresponding rate differences lead to nonlinear behaviors in the system. Specifically,
under disordered-to-ordered transitions, positive cooperativity and ultrasensitivity can be
attained. We also find that phosphorylation-dependent membrane association could lead to
a weak switch-like behavior. Finally, if multiple molecules bind to the TCR Complex at
the same time, the added steric interference will create negative cooperativity among the

binding sites.

This project offers many insights into how disorder could behave as more than a simple
tether, and in fact contribute nonlinear signaling to the T cell activation pathway. These
concepts are not only applicable to the T Cell Receptor. Many immune receptors tails,
such as PD-1 and CD28, have at least two tyrosines that are phosphorylated as part of the
immune response. Our results could easily extend to these molecules, and to other multisite

disordered proteins as well.

5.2 Formin

Formins are a family of disordered proteins which modulate actin polymerization rates.
Distinct formins can be found among different species and different contexts of actin poly-
merization (e.g. contractile rings, actin-driven cell motility). Some differences between the
formin family members include changes in the number of polyproline regions and length of
the formin. Typically, the disordered arms of formins form a dimer at the C-terminus, con-
nected by the structured domain of formin, and are free to explore space at the N-terminus.

However, some species of formins exhibit dimerization at both the C-terminus and the N-
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terminus. This naturally leads to the following questions: What affect does dimerization
at both ends of the disordered domain have on formin-mediated actin polymerization? Do

other biological variations in formin sequence impact the polymerization rates?

In Chapter 3, we extend a freely-jointed chain model of the formin FH1 domains to examine

how dimerization and polyproline track locations influence actin polymerization rates.

We find that formins dimerized at both the N- and C-terminus reduces the polymerization
rate to actin compared to formins dimerized only at the C-terminus. Our collaborators, the
Quinlan Lab at UCLA, have demonstrated that the formin, Fhod, dimerized at both the N-
and C-terminals has a slower polymerization rate in vitro than C-terminal only dimerized
Fhod, consistent with our predictions [personal communication]. Our simulations also find
that different species of formins, with different length and spacing of binding sites, exhibit
different polymerization rates. Specifically, the formin Capu — which has long, evenly spaced

polyproline tracks — creates a higher actin polymerization rate compared to Fhod.

These results suggest the specific formin species could determine the actin polymerization

rate, thereby regulating processes dependent on actin polymerization.

5.3 Molecular Reach

Disordered domains often appear as tethers anchoring structured molecules to another sur-
face or molecule. These tethers can facilitate reactions, increasing the effective concentration
of an enzyme to its substrate compared to the untethered reaction. Previous work has demon-
strated that the length of the tether influences the rate of reaction [7, 10, 12]. For reactions
where a tethered enzyme modifies another tether, we call the length scale over which this
reaction can occur the ‘molecular reach’ of the reaction. The molecular reach is determined

by the reach of both the tethers and the enzyme in the reaction.
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In Chapter 4, we use experimental and computational methods to quantify the molecular
reach of the reaction and extract the reach of the enzyme and tethers alone. We use surface
plasmon resonance to measure time series of the phosphatase SHP-1 interacting with the
disordered immune receptor PD-1. We then extract biophysical rate constants and the
molecular reach from the data using ordinary differential equations model of the binding,
unbinding, and catalysis of SHP-1 to a tether. We model each component of the molecular
reach as a worm-like chain in order to extract the reach contributed by SHP-1 compared to
the tether. We find that the molecular reach of the reaction is predominantly determined
by the reach of SHP-1. However, we also find that changing the tether length will change
the molecular reach of the reaction. This work quantifies the contributions of individual
molecules to the molecular reach of a reaction. Although the majority of the molecular reach
is contributed by the structured enzyme, changing the tether lengths can still influence the
reaction. This work therefore suggests that tether length can act as a point of control for

the regulation of reactions.

5.4 Conclusion

Each of the above chapters considers how disordered proteins can act as functional units
in their own right, contributing important points of regulation to a system. In Chapters 2
and 3, we explore theoretical models of disordered proteins. This method of modeling offers
a computationally efficient way to explore characteristics of disordered proteins and how
post-translational modifications could influence their kinetics. For immune receptor tails,
our models offer predictions for how disorder can confer nonlinear behaviors to signaling net-
works. In the case of formins, our models predicts force-dependent polymerization rates that
change with the biological variation of the sequence. For formin, some of these predictions
have been confirmed experimentally (unpublished data). In Chapter 4, we take a different

approach to modeling behaviors of disordered proteins. We use in vitro experimental data,

86



differential equations, and a worm-like chain model to extract values for the molecular reach
of the phosphatase SHP-1 and immune receptors tails, including PD-1, CD28, and SLAM.
This data-driven approach to elucidating disordered protein function verifies the importance
of disordered domain lengths in determining reaction rates. This work also highlights the
relative contributions of the enzyme and tethers in the magnitude of the molecular reach of
reaction. Through each of these models, we discover new facets of the behaviors of disordered
proteins and their roles in various biological processes. Together with the growing body of
disordered protein research, this work points to disordered proteins playing a vital role in

the cell.
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