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In order to successfully defend the host from a wide range of pathogens and cancer, T-cells

must be able to recognize these threats while ignoring healthy tissues. If T-cell threat

recognition is not properly calibrated, pathologies such as autoimmunity or immune deficiency

can arise. The mechanisms that control T-cell recognition and activation can be broadly divided

into two categories: the structural mechanism by which T-cell receptors (TCRs) can bind

specifically to foreign peptides presented on the major histocompatibility complex (pMHC) but

not self-pMHCs, and the biochemical mechanism by which TCR binding events are translated

into T-cell activation. Here, I describe two projects that are together focused on developing tools

and models to better understand each of these critical aspects of T-cell function. First, I

developed a de-novo designed stabilizing domain which allows MHCs to be expressed solubly

in E. coli, allowing much faster and easier production of pMHC reagents for a variety of



applications in the study of pMHC-TCR interactions. Second, I developed a model of early T-cell

signaling steps which explains several important aspects of TCR signaling through the

clustering dynamics of signaling molecules. In combination, these two projects provide

important tools and insights in the study of T-cell antigen recognition and selectivity.
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Introduction

T-cells serve a critical role in the immune response, detecting and destroying threats to the host
organism that are contained within its own cells. They do this by scanning peptide-major
histocompatibility complexes (pMHC) presented on cells throughout the body, looking for rare
foreign peptides among highly abundant self-peptides1. In order to find these foreign pMHCs,
each T-cell uses its own unique T-cell receptor (TCR) which has been selected to avoid
detection of self peptides, while leaving open the possibility of detecting a specific set of foreign
peptides2. These carefully chosen TCRs allow T-cells to detect almost any peptide that was not
derived from a native host protein, ranging from viral or bacterial proteins to host proteins that
have been mutated in cancer1,3. Their simultaneous flexibility to detect any foreign peptide,
sensitivity to respond even to very low amounts of a foreign pMHC, and selectivity to ignore the
large array of self peptides give T-cells the ability to efficiently eliminate threats from the body.

Given their many useful properties in sensing and eliminating infections and cancer, T-cells
have attracted a lot of attention both as therapeutic targets and therapies themselves. However,
in order to fully harness their potential as therapeutics, it is important to fully understand the
mechanisms that underlie the qualities that make T-cells useful. Many research groups have
investigated the TCR-pMHC interaction to understand which TCRs can recognize which
peptides, and how specific those interactions are4–10. These studies reveal a high degree of
complexity: while there are general trends, such as a consistently preferred docking orientation9,
often the determinants of specificity are different from one TCR or pMHC to the next5. Other
studies have looked into the biochemical mechanisms that connect the TCR-pMHC binding
event to T-cell activity; these reveal a multitude of mechanisms, including TCR clustering11,12,
mechanical forces13,14, physical exclusion of inhibitory molecules from the vicinity of the TCR15,16,
and condensation of downstream signaling components17–19. These biochemical mechanisms
have been incorporated into a variety of computational models that offer insight into how these
mechanisms are able to achieve the remarkable properties of TCR signaling20–29.

Despite this large body of work, our understanding of how T-cell specificity and sensitivity can
stem from the structural details of the TCR-pMHC interaction and the biochemical signaling
steps that occur in response to this interaction is still incomplete. The reason for this incomplete
knowledge largely stems from the limitations of the tools and models that are currently available
to study these phenomena. In the case of TCR-pMHC binding specificity, progress is
significantly hindered by the difficult process that is necessary to produce pMHC reagents for
these experiments30. Part of the work presented below describes the development of a de-novo
designed protein domain that allows production of pMHC reagents through a much easier and
more accessible method. In the case of computational models of TCR signaling these
experimental limitations are not relevant, but most current models overlook an important feature
of the signaling pathway: the formation of signaling condensates18. Another part of the work
presented below describes the development of a model that can explain key properties of the
TCR signaling as outcomes of these condensation events, and shows experimental data
supporting key model predictions. Together these tools and models represent a significant
advance in our ability to understand and probe specificity and sensitivity of T-cells.
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Chapter 1: Designed stabilizing domain enables soluble

expression of the class I MHC peptide binding groove

Abstract

The interactions between peptides displayed in the major histocompatibility complex (pMHC)
and T-cell receptors play key roles in infectious disease, cancer and autoimmunity, making the
mapping of these interactions central to immunobiology and therapeutics development. The
large-scale mapping of pMHC-TCR interactions has been limited by misfolding and aggregation
of MHCs when expressed in E. coli. Here, we describe the de novo design of a ~70 residue
protein domain that structurally mimics the interactions made by β2-microglobulin and allows
soluble expression of the peptide binding groove of class I MHCs in E. coli. These soluble,
monomeric, antigen-receptive, truncated (SMART) MHCs retain the peptide- and TCR-binding
properties of native MHCs, providing a genetically encodable alternative to
streptavidin-tetramers for T-cell staining, and enabling high throughput mapping of pMHC-TCR
interactions.

Introduction

Recombinantly expressed soluble peptide-major histocompatibility complexes (pMHCs) are
widely used as a staining reagent to identify or isolate the T-cell subset that can respond to a
peptide of interest31, and have led to important discoveries in T-cell specificity6,8,32, infectious
disease33, autoimmunity34,35, cancer immunology36–38 and many other areas. Scaling up of these
studies has been limited by the pMHC production process, which involves separate expression
in E. coli of each of the two MHC chains as insoluble inclusion bodies, solubilization, and
subsequent refolding in the presence of the desired peptide39, which is expensive, slow, and
inefficient. To reduce the burden of refolding, methods have been developed by which a single
refolding reaction can be split and loaded with many different peptides30,40–42. However these
methods are still limited by the difficulty of refolding. Other methods have used eukaryotic
expression systems, such as viral7,43 or yeast display4,44 libraries, that can produce a well-folded
MHC structure natively9, but these approaches can be limited by library size or expression
levels.

A more stable MHC molecule that could be readily expressed in E. coli or yeast would enable
the study of peptide-specific T-cell populations at an unprecedented scale. Instead of relying on
specialized facilities to produce refolded pMHCs for staining experiments39, immunologists could
produce them in-house, dramatically improving their ability to iterate through multiple peptide
variants or MHC alleles. Similarly, a stable MHC molecule could facilitate screening of large
peptide libraries by yeast display without the need for prior optimization of the MHC sequence
for display. We reasoned that such a molecule could be created by leveraging the stability of
de-novo designed proteins and recent advances in protein-protein interface design45 to replace
a portion of the MHC molecule with a designed protein scaffold. This scaffold would replace or
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improve on the native interactions that maintain the structure of the MHC protein while
preserving the peptide and TCR binding properties of the stabilized MHC. We set out to use this
approach to design a soluble, monomeric, antigen-receptive, truncated (SMART) MHC system.

Results

Design of SMART MHCs

The structure of a native class I MHC is composed of four domains split between two chains: the
α1, α2, and α3 domains constitute the MHC chain which heterodimerizes with β2 microglobulin
(β2m) to form the full MHC structure46. The α1 and α2 domains consist of a pair of α-helices
lying over a β-sheet that forms the peptide binding groove46 and are stabilized by interactions
with β2m on the opposite side of the β-sheet. Following the precedent of previously described
truncated “mini-MHC” systems, we removed the α3 and β2m domains completely5,47,48 (fig. 1B,
left), which leaves an exposed hydrophobic patch on the underside of the β-sheet. We used
computational methods previously developed for the design of protein binders for arbitrary
target proteins45 to design small protein domains to bind this hydrophobic patch and stabilize the
structure. First, we docked small de-novo designed helical bundles (fig. 1B, left) against the
bottom of the β-sheet of a truncated MHC allele (mouse H-2Db, which we chose as a
representative example as all MHCs are very similar structurally). Docking positions were
selected such that the backbone positions of the bundle could accommodate side chains that
made favorable contacts with the MHC, in some cases directly replacing native side chains of
β2m. We then designed the bundle sequences to make these contacts and stabilize the MHC
fold (fig. 1B, middle). Finally we linked the designed stabilizing domains to the N-terminus of the
truncated MHC by a flexible linker (fig. 1A, right).

We screened roughly 104 designs using yeast surface display49, sorting first for display on the
yeast surface (fig. S1A), and then for binding to fluorophore-labeled gp33 peptide (fig. S1B),
which is strongly bound by native H-2Db 50. Deep sequencing of these populations revealed that
designs which contained a tryptophan residue placed similarly to W60 of β2m in the native
structure were much more likely to be positively enriched, consistent with the finding that
mutations at W60 can significantly destabilize the interaction between β2m and the MHC51,52.
We tested 29 enriched designs for soluble expression in E. coli; the most effective stabilizing
domain (hit6) preserved MHC folding in both yeast and E. coli expression systems, but with low
yield (fig. 1F, left). We identified likely cleavage sites based on the masses of the proteolytic
fragments, and then redesigned the sequence near those sites (fig. 1E, top), preventing
mutations in amino acids that directly interact with the peptide of TCR, and favoring
substitutions commonly observed in other MHC alleles. We selected the variant (CSM8 MHC)
which best prevented cleavage, and used machine learning methods53–55 to design a more
structured linker to replace the original GS linker (fig. 1E, bottom), and selected the design that
produced the largest improvement in soluble monomeric yield (fig. 1F, right). This design could
be solubly expressed not only in E coli but also in cell free protein synthesis (CFPS)56 with much
higher yields than the native MHC (fig. 1G). We refer to this design with the CSM8 mutations
and optimized linker as SMART MHC below.
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Figure 1. Design and screening of SMART MHCs. A) Structure of native H-2Db in complex
with the gp33 peptide (PDB ID: 1S7U). Inset shows the key interactions that β2m makes with



the α1 and α2 domains. B) Schematic of the initial design process used to generate a library of
candidate stabilizing domains showing the truncated H-2Db with candidate stabilizers (left), the
placement of the stabilizing domain (middle), and the final linked version used for yeast display
(right). C,D) KDEs of the distribution of enrichment values of all designs is either the expression
(C) or peptide binding (D) yeast display sorts. Designs are split into three categories for KDE
calculations: sequence-shuffled negative controls (shuffled), designs that do not replace W60
from β2m (-Trp), and designs that do replace W60 from β2m (+Trp). Relative enrichment for
each design was calculated by dividing its abundance after the indicated sort by its abundance
prior to that sort. E) Schematic of the iterative improvements made to hit6 showing the cleavage
site mutations and redesigned linker. F) SEC traces from an S75 column for soluble material
from 50mL E. coli expression cultures of each iterative improvement to hit6. G) Bar plot showing
yields from cell free protein synthesis reactions for GFP (positive control) and several H-2Db

variants.

SMART H-2Db retains native binding properties and structure

To verify that the soluble material we produced in E. coli retained the functional characteristics
of the native MHC, we first measured the binding affinity of SMART H-2Db for the gp33 peptide
using fluorescence polarization (FP) measurements. Because SMART MHCs can be produced
without a place-holder peptide, we directly measured binding by titrating empty SMART MHC
into a constant concentration of peptide, obtaining an affinity of 884±14pM (fig. 2A), stronger
than the reported value of 5nM for native H-2Db 57. We also found that SMART H-2Db was highly
stable, retaining this tight binding affinity after storage for at least one month at 4oC, and after
one freeze-thaw cycle (fig. 2A).

Given that SMART H-2Db can bind the gp33 peptide, we next tested whether it was able to do
so in a manner that preserved the interactions with a relevant TCR. We used the P14 TCR,
which binds H-2Db in complex with the gp33 peptide50,58. We first loaded the gp33 peptide (or a
variant thereof) into CSM8 H-2Db and then measured the binding affinity of this complex to the
P14 TCR using surface plasmon resonance (SPR). The affinities were very similar to those of
native H-2Db peptide complexes (table 1; fig. S2; fig. 2C), indicating that the designed domain
promotes folding to and stabilizes the TCR-binding conformation of the MHC.

Table 1. P14 TCR Binding Affinities of gp33 Peptide Variants. All native affinities were
measured previously by Duru et al.58

Peptide name Peptide sequence CSM8 H-2Db affinity Native H-2Db affinity

gp33 KAVYNFATM 14.1μM 8.6μM

V3P-Y4F KAPFNFATM 75.6μM 80μM

Y4F KAVFNFATM 609μM No binding detected

https://www.zotero.org/google-docs/?uUAViW
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We additionally determined the crystal structure of CSM8 H-2Db in complex with the gp33
peptide. This structure shows excellent alignment with both the native structure59 (fig. 2D) and
the design model (fig. 2E), with CA-RMSDs of 0.39Å and 0.53Å, respectively. The peptide
backbone is very well aligned with the native conformation, and the side chains show only
relatively minor changes between the two structures (fig. 2G). These small changes, along with
a few slight shifts elsewhere in the structure could explain the slight deviations in peptide
binding affinities we observed in our SPR experiments. The crystal structure also shows a
tryptophan side chain replacing the critical interactions provided by W60 of β2m, as designed
(fig. 2F). Overall, these results demonstrate that SMART H-2Db is able to retain all of the
necessary structural features that allow peptide and TCR binding, without the refolding
requirements of the native MHC.

Figure 2. SMART H-2Db retains native interactions and structure. A) FP data (filled circles)
and fitted binding curves (lines) for FITC-gp33 binding to purified SMART H-2Db that was either

https://www.zotero.org/google-docs/?HAhMGY


stored at 4oC for one day (4C, 1 day) or 1 month (4C, 1 month), or flash-frozen and stored at
-80oC for one day and thawed immediately before use (Freeze/Thaw). B) Cartoon
representations of gp33 peptide variants with varying affinity for the P14 TCR. C) Equilibrium
binding measurements (filled circles) and fitted binding curves (lines) for complexes of CSM8
H-2Db with three different peptides binding to immobilized P14 TCR. D) Structural alignment of
the CSM8 H-2Db/gp33 complex crystal structure (purple) to that of the native (gold). E)
Structural alignment of the CSM8 H-2Db/gp33 complex crystal structure (purple) to the design
model (blue). F) Structural alignment of all structures from D and E highlighting the positioning
of W60 in the native structure relative to W14 of the stabilizing domain. G) Comparison of the
peptide conformation for the structures in D.

Designed stabilizing domain allows soluble expression of functional HLA A*02:01

Next, we tested the ability of our stabilizing domain to generalize to other MHC alleles. Based
on the structural and sequence similarity of H-2Db to a variety of human MHCs, we did not make
any modifications to the stabilizing domain, instead varying only the MHC sequence. We
selected HLA A*02:01 to test initially due to its abundance in the human population, and
because there are many well-characterized peptides and TCRs that bind to it60,61. We found that
CSM8 A*02:01 could be expressed solubly in E. coli, with roughly half of the material produced
in a monomic and half in a dimeric (and likely misfolded) state (fig. 3A). For all of the following
characterization we used only the monomeric fraction, as purified by SEC.

To test the ability of CSM8 A*02:01 to present peptides, we selected the NY-ESO-1 peptide
because of its relevance in cancer62 and the existence of a well-characterized TCR that binds
the NY-ESO-1/A*02:01 complex61. Using FP methods very similar to those used for SMART
H-2Db, we measured the binding affinity of CSM8 A*02:01 to NY-ESO-1 to be roughly 190nM
(fig. 3B), similar to the 40nM affinity measured for the native A*02:0163. The difference in affinity
between the native and CSM8 A*02:01 could be due to partial unfolding of the CSM8 A*02:01,
or to contamination of the monomeric species with dimer due to imperfect separation by SEC.
Overall this difference is relatively minor, and the FP measurements indicate that peptide
binding is maintained with CSM8 A*02:01.

Given that CSM8 A*02:01 can bind the NY-ESO-1 peptide, we next checked whether it also
retained binding to the 1G4 TCR62. Using similar SPR methods to those used for H-2Db we
determined the affinity of the NY-ESO-1/CSM8 A*02:01 complex to the 1G4 TCR with two
variants of the peptide (fig. 3C). We found that the measured affinities were roughly 7-9 fold
weaker than the same values for native A*02:01 (table 2). Despite this difference in absolute
binding affinity the ranking of the affinities for peptide variants was maintained, indicating that,
although some of the CSM8 A*02:01 might be improperly folded, the proportion that is folded
can be recognized by a relevant TCR. Overall, these data suggest that, although it is less
effective, our stabilizing domain can stabilize an allele other than the one it was designed for.

Table 2. 1G4 TCR Binding Affinities of NY-ESO-1 Peptide Variants. All native affinities were
measured previously by Chen et al61.
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Peptide name Peptide sequence CSM8 A*02:01 affinity Native A*02:01 affinity

9V SLLMWITQV 38.9μM 5.7μM

9C SLLMWITQC 123μM 13.3μM

Figure 3. CSM8 A*02:01 retains native interactions. A) SEC trace for empty CSM8 A*02:01.
Elution volume for the monomeric species is roughly 12mL. B) FP data (filled circles) and fitted
binding curve (line) for CSM8 A*02:01 binding to AF488-NY-ESO-1 peptide. C) Equilibrium
binding data (filled circles) and fitted binding curves (lines) from SPR experiments for complexes
of CSM8 A*02:01 with variants of the NY-ESO-1 peptide binding to immobilized 1G4 TCR.

Stabilizing domain improves yeast display of HLA A*02:01

As previously mentioned, yeast display can be a powerful tool to screen libraries of peptide
variants for TCR binding4,44. We again used A*02:01 as a test case, this time using the TAX
peptide and A6 TCR that recognizes the A*02:01/TAX complex60. The single-chain SMART
A*02:01/TAX complex was displayed on the C-terminus of Aga2 using a mutant A*02:01
(W167A) to allow the peptide linker to leave the peptide binding groove. We found that SMART
A*02:01 is displayed at much higher levels than native A*02:01, regardless of whether a
peptide is fused to it (fig. 4A). The elevated expression levels also lead to an increase in binding
of an A6 TCR tetramer when the TAX peptide was present (fig. 4B). These results indicate that
the SMART system can significantly improve yeast display of MHCs, opening the door to
generation of very large libraries of peptide-MHC allele combinations for large scale mapping of
pMHC-TCR interactions.

https://www.zotero.org/google-docs/?ZNcOFg
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Figure 4. SMART A*02:01 improves pMHC yeast display. A) Schematic of native A*02:01
yeast display construct. The Y84A mutation is used to allow room for the linker on the
C-terminus of the peptide to leave the binding pocket. B) Schematic of SMART A*02:01 display
constructs with and without TAX peptide fused. The W167A mutation is used to allow room for
the linker on the N-terminus of the peptide to leave the binding pocket. LS: leader sequence for
surface display. HA: HA peptide tag for measuring surface display. C) Scatterplots from flow
cytometry measurements of expression levels of various A*02:01 constructs on the surface of
yeast. Surface expression was measured by binding of an anti-HA antibody, and by binding of
an A*02:01-specific antibody. D) Scatterplots from flow cytometry measurements of A6 TCR
binding of various A*02:01 constructs on the surface of yeast. TCR binding was measured with
streptavidin tetramers of the A6 TCR.

Peptide-fused SMART MHC oligomers stain T-cells in a TCR-specific manner

A major application of pMHCs in immunological research is the staining of T-cells with pMHC
tetramers31. We therefore tested whether SMART MHCs could be converted into a similar

https://www.zotero.org/google-docs/?843bwx


multimeric staining reagent. Rather than using streptavidin to tetramerize the SMART MHCs, as
is typically done, we chose to directly fuse them to a de-novo designed oligomeric protein which
assembles into a tetrahedral symmetry containing 12 subunits, bypassing the biotinylation step
which is necessary for streptavidin-based tetramerization. We fused the peptide to be displayed
to the N-terminus of the SMART MHC along with a SUMO tag, incorporating the Y84A MHC
mutation to allow the peptide linker to exit the peptide binding groove. Co-expression of the Ulp1
protease allows the N-terminus of the peptide to be cleanly cleaved, allowing it to bind properly
in the peptide binding groove. On the C-terminus of the oligomer, we fused a Myc tag to allow
for antibody staining (fig. 5A).

To assess the ability of the SMART MHC oligomers to stain T-cells, we mixed two populations of
T-cells: one expressing the P14 TCR and the other expressing an unrelated TCR along with
mTagBFP to allow the two cell types to be distinguished independently of TCR staining. We
then made SMART H-2Db oligomers fused to several variants of the gp33 peptide with known
affinities to the P14 TCR50,58 and assessed their ability to stain the T-cell mixture. We found that
peptides with affinities similar to unmutated gp33 (V3P and M9C) showed bright staining of the
P14 T-cells relative to the control cells, with the highest affinity variant, V3P, achieving the
brightest staining. In contrast, we were unable to detect binding to gp33 variants with
significantly reduced affinities (V3P+Y4F and Y4F; staining is somewhat less sensitive than the
SPR methods used to measure the binding affinities). Overall, the success of the SMART MHC
oligomers in staining T-cells in both a TCR- and peptide- specific manner indicates that they can
be used in place of pMHC tetramers without the need for refolding and biotinylation.

https://www.zotero.org/google-docs/?kpnr4L


Figure 5. Peptide-fused SMART MHC oligomers stain T-cells in a TCR-specific manner. A)
Twelve identical subunits assemble to form a tetrahedral oligomer. A single subunit is
highlighted in red. B) Schematic of the SMART MHC oligomer sequence. Ulp1 protease is used
to cleave the SUMO tag from the peptide, leaving a clean peptide N-terminus to bind the
SMART MHC peptide binding groove. The MHC sequence bears the Y84A mutation to allow the
C-terminal linker from the peptide to leave the binding groove. The peptide-fused SMART MHC
is then fused to an oligomerization domain, followed by a Myc tag. C) The SMART MHC
oligomer self-assembles into the same shape as the base oligomer in (A). Each subunit
presents a peptide-fused SMART MHC to the T-cell and a Myc tag for secondary staining, but
only one subunit is shown with these for simplicity. D) Flow cytometry measurements of T-cell
staining of P14 T-cells (red) or control TCR T-cells (blue) with SMART H-2Db oligomers fused to
several variants of the gp33 peptide. Numerical values under the peptide names indicate the
binding strength of each peptide in the native MHC context for the P14 TCR relative to gp33
(KD,gp33/KD,mut). Binding strength values for V3P, V3P+Y4F, and Y4F were previously published by
Duru et al.58. Value for M9C was published previously by Boulter et al.50

Discussion

Our success in creating a single stabilizing domain that allows soluble expression in E. coli of
both the H-2Db and A*02:01 MHC alleles paves the way to soluble and high throughput
expression for all MHC alleles and peptide-MHC pairs. While the current SMART system does
not rescue soluble expression of all MHC-peptide pairs, we are optimistic that with direct
experimental optimization for expression and display it should be broadly applicable. While we
focused on class I MHC in this work, our approach should be readily extensible to class II
alleles. The ability to produce fully genetically encoded tetramer-like T-cell staining reagent
without the need for inefficient and labor-intensive refolding protocols should very substantially
increase the number of peptide-MHC combinations that can be tested in T-cell tracking and
sorting experiments. Such efforts could have wide impact across immunology, ranging from
improved tracking of immune responses to infectious disease and identification of
cancer-targeting T-cell clones. Similarly, efficient display of SMART pMHCs on yeast will be very
useful for probing the determinants of pMHC-TCR interactions. For example, a single yeast
library displaying SMART versions of many MHC alleles, each in combination with a wide range
of peptide sequences, could be produced and sorted to rapidly and comprehensively map the
binding specificity of any TCR of interest. More generally, SMART MHCs have the potential to
rapidly accelerate our understanding of T-cell behavior and TCR specificity.

Methods

Stabilizer library design

We used previously developed computational methods to design protein binders for arbitrary
target proteins45 to design this stabilizing domain. The “target” supplied to this method was the
α1 and α2 domains of the H-2Db structure (PDB: 1S7U). We ran two versions of the design
protocol. The first version was a completely de-novo approach which allowed any amino acid to
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be placed anywhere near the bottom of the H-2Db peptide binding groove in order to make a
favorable interaction. The second approach specifically focused on making designs which
placed amino acids in locations that allow them to replace the exact interactions that β2m
makes in the native structure. Designs from both of these protocols were pooled and filtered for
the quality of the stabilizer and the interactions it made with the MHC, as previously described45.
We also included a set of negative control designs which were made by randomly scrambling
the sequence (while conserving the pattern of hydrophobic and hydrophilic residues) of a
random subset of the designs.

Yeast display screening of stabilizing domains

Yeast display was performed as previously described45 with the following changes. Rather than
screening our designs for binding to the α1 and α2 domains of H-2Db, we fused the designs to
those domains using a flexible poly-GS linker and screened them for surface display and
binding to a FITC-labeled gp33 peptide (KAVYNFATM), with FITC linked to the amine on the
lysine sidechain. Sorted populations were subsequently cultured and plasmid DNA was
extracted for sequencing.

Protein expression and purification

Genes encoding the designed protein sequences were synthesized and cloned into modified
pET-29b(+) E. coli plasmid expression vectors with a 6xHis tag added to the N-terminus (for
monomeric versions) or the C-terminus (for oligomeric/peptide-fused versions). Plasmids were
transformed into chemically competent E. coli BL21 (DE3) cells (NEB). E. coli cells were grown
either in TBII-AIM overnight at 37oC (autoinduction media64 made with TBII) or in LB medium at
37 °C until the cell density reached 1.0 at OD600, followed by addition of 1mM IPTG and
overnight growth at 16oC. The cells were collected by spinning at 4,000g for 5min and then
resuspended in lysis buffer (150 mM NaCl, 25mM Tris-HCL (pH 8.0), 25mM imidazole, 1mM
PMSF, and 5% glycerol) with RNase. The cells were lysed with a Qsonica Sonicators sonicator
for 7 min in total (3.5 min each time, 10 s on, 10 s off) with an amplitude of 80%. The soluble
fraction was clarified by centrifugation at 14,000g for 30 min. The soluble fraction was purified by
immobilized metal affinity chromatography (Qiagen) followed by FPLC SEC on a Superdex 75
10/300 GL column (GE Healthcare) for monomeric versions, and a Superose 6 10/300 GL
column (GE Healthcare) for oligomeric versions. All protein samples were characterized by
SDS–PAGE, and purity was greater than 95%. Protein concentrations were determined by
absorbance at 280 nm measured with a NanoDrop spectrophotometer (Thermo Scientific) using
predicted extinction coefficients.

Cleavage site mutation design

Likely cleavage sites were identified by LCMS analysis of the cleavage fragments of hit6 E. coli
expressions. Residues near these positions that were not likely to interact with a peptide or TCR
were identified by examining the structure, and Rosetta design was used to make mutations at
those positions. The design protocol was restricted based on a local position-specific
substitution matrix (PSSM) created from a multiple-sequence alignment of MHC sequences.
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The PSSM for each residue was based only on a 9-amino acid window centered on the target
position, and was restricted to MHC sequences that shared similar 3D structures in that local
region, thus restricting the mutations to those that are well-represented across MHC alleles.

Linker design

Linker design was used to replace the flexible GS linker that was used in the yeast display
screening with a more structured and shorter linker. Using the design model of the CSM8
variant as a starting point, we used previously developed “inpainting” methods53 to fill in a small
segment of protein structure to bridge the gap between the C-terminus of the stabilizer and
N-terminus of the MHC. Sequences for the protein backbones produced by this method were
designed using ProteinMPNN54, restricted to changing only the amino acids in the “inpainted”
structure. Finally, the resulting designs were evaluated using AlphaFold55 predictions where the
MHC structure was provided as a template, but the stabilizer and linker were not. Designs with
high overall pLDDT scores and low PAE scores for residues in the MHC/stabilizer interface were
selected for experimental testing.

Peptide binding affinity measurements

Three technical replicates of varying concentrations of SMART MHC were mixed with a constant
concentration of fluorophore-labeled peptide (300pM FITC-gp33 for H-2Db and 10nM
AF488-NY-ESO-1 for A*02:01) and incubated overnight at room temperature to allow
equilibration. Fluorescence polarization measurements of these samples were made with a
Synergy Neo2 plate reader (BioTek instruments) with a 485/530 FP filter. Binding curves (using
the non-simplified equilibrium binding equation65) were fitted separately to each of the triplicate
measurements and averaged to determine the KD.

TCR binding affinity measurements

TCR binding affinities were measured as previously described58, using SMART MHCs as the
mobile phase instead of native MHCs. All measurements were performed on a BIAcore T200
(GE Healthcare) at 4°C in the buffer containing 10 mM HEPES pH7.4, 150 mM NaCl, 0.005%
Tween-20, 3 mM EDTA. Soluble P14-his6 was noncovalently coupled to the anti-his antibody,
immobilized on a CM5-chip via standard amine coupling, and around 4000 response units of
anti-his antibody was coupled, immobilizing around 1000 response units of P14-his5 (0.75 uM).
A control surface was generated the same way, and up to 100 μM or 200 μM of freshly
produced WWDb/peptide complexes (2-fold dilutions from stock, at least 10 concentrations in
duplicate) were injected over the chip surfaces at 30 μL/mL. The sample rack was cooled to 4°C
during the run. Chip surfaces were regenerated using 0.1 M Glycine-HCl pH 2.5, 500 mM NaCl,
Tween 0.05% at 30 μL/min after each injection. The WWDb/peptide was injected over a control
surface, and the final signal was calculated by subtracting the signal obtained on the control
surface from the signal on the TCR-coupling surface, to remove the contributions of the bulk
effect and possible non-specific binding. The data were then analyzed using BIAevaluation 3.0
software. The KD values were obtained from steady-state fitting of equilibrium-binding curves.
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Crystallography

Crystallization was performed using the sitting-drop vapor diffusion method at 293.15 K. Drops
were set up using 0.15 µl of the SMART H-2Db/gp33 and 0.15 µl of the reservoir solution (0.2 M
sodium acetate trihydrate, 0.1 M TRIS hydrochloride pH 8.5, and 30% w/v polyethylene glycol,
PEG 4,000), equilibrated against 50 µl of reservoir solution. Crystals appeared after 6~13 days
and were cryoprotected with a solution containing an additional 7.5% w/v PEG 4,000 in the
reservoir solution and harvested using mounted CryoLoops (Hampton Research). Subsequently,
the crystals were flash-frozen in liquid nitrogen and transported to the beamline for data
collection. Diffraction images were collected in the automatic beamline ID30 at the European
Synchrotron Radiation Facility (ESRF) in Grenoble, France. Diffraction data were processed
using autoPROC66. The crystal structure was determined by molecular replacement utilizing
Phaser-MR in PHENIX67 with the design model employed as the search model. Subsequent
refinement was carried out using PHENIX. Manual model building was conducted using Coot68,
and the resulting model was further refined using PHENIX69–71. The figures were generated
using PyMOL Molecular Graphics System (Schrödinger). The final coordinates/structure factors
will be deposited in the protein data bank.

Peptide-fused yeast display

Yeast display of peptide-fused SMART A*02:01 was performed as previously described4. In
brief, 50ng pCT or pYAL plasmids encoding corresponding full length or SMART A02 constructs
with TAX were electroporated into competent EBY100. The EBY100 was cultured in YPD
medium for 1 hour at 30oC, spun down and continued to grow in SDCAA medium for 48 hours
before induction in SGCAA for 48 hours. Display levels were evaluated with
fluorophore-conjugated anti-HA and anti-A*02:01 (clone BB7.2) antibodies, and TCR binding
was evaluated with TCR tetramers made by combining soluble biotinylated A6 TCR with
fluorophore-conjugated streptavidin.

T-cell staining

Two Jurkat T-cell lines were used: one expressing the P14 TCR, and the other expressing an
unrelated TCR (a3a TCR, recognizing the MAGE-A3/A*01:01 complex) as well as mTagBFP.
Both cell lines were mixed in equal numbers and resuspended to 1M cells/mL in 100uL of
staining solution (500nM SMART MHC oligomer, 25mM Tris-HCl pH 8.0, 150mM NaCl, and 5%
glycerol) and incubated at 4oC for 30min. Cells were then washed twice with 100uL of Fc block
(HBH (HBSS with 0.5% BSA, and 10mM HEPES) supplemented with 10% 2.4G2 cell culture
supernatant). Cells were then resuspended in 50uL AF647-anti-Myc antibody diluted in Fc block
and incubated at 4C for 20min. Cells were then washed twice with 100uL of HBH and
resuspended to a final volume of 150uL of HBH for analysis on an Attune Nxt flow cytometer.
Cells were gated into P14 (mTagBFP-) or a3a (mTagBFP+) populations and the brightness of
the AF647 stain for each population was compared.
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Supplemental Figures

Figure S1. Yeast display sorting of the stabilizer library. A) Histogram of surface expression
levels of the stabilizer library. Surface expression was evaluated by antibody staining of a
C-terminal Myc tag. Cells with high surface expression were collected after the sort and
recultured for the next sort. B) Joint distribution of the surface expression and peptide binding
levels of the stabilizer library after the sort in A. Peptide binding was evaluated with
FITC-labeled gp33 peptide. Cells with high surface expression and peptide binding were
collected after the sort.

Figure S2. P14 TCR binding kinetics. Representative SPR traces from TCR pounding
experiments with the P14 TCR and several variants of the gp33 peptide complexed to CSM8
H-2Db. A) Data from the gp33 peptide. B) Data from the PF variant of the gp33 peptide.



Chapter 2: Proofreading and single-molecule sensitivity in

T-cell receptor signaling by condensate nucleation

Abstract

T-cells display the remarkable ability to detect single foreign peptides displayed on target cells,
while ignoring highly abundant self peptides. This selectivity has been explained by kinetic
proofreading in the T-cell receptor (TCR) signaling pathway, which prevents responses to
short-lived binding events regardless of their abundance. However, the biochemical
mechanisms that drive kinetic proofreading have remained unclear. Here, using computational
modeling, we show that these key signaling properties of the TCR pathway can emerge from
the dynamics of LAT phosphorylation, diffusion, and condensation following TCR-pMHC binding.
In this model, time delays in LAT condensate nucleation underlie kinetic proofreading, enabling
selective signaling responses to high-affinity pMHC ligands. The cooperativity in the nucleation
and growth of LAT condensates also provides a mechanism to amplify weak signals from single
foreign peptides and for condensates to grow with increasing antigen numbers. In contrast to
other models, condensate-nucleation proofreading predicts a dependence of signal strength on
pMHC spacing at fixed number, a prediction we validated experimentally using a protein scaffold
to present pMHCs at defined intervals. Our results suggest that nucleation-condensation
proofreading underlies the remarkable antigen detection capabilities of the TCR signaling
pathway.



Introduction

The TCR signaling pathway simultaneously achieves several functional properties that enable
T-cells to sense and appropriately respond to challenges of varying types and severities72.
Firstly, it senses foreign peptide antigens displayed on major histocompatibility complex ligands
(pMHCs) in a highly sensitive manner, in some cases detecting single copies of foreign pMHCs1.
Secondly, it is highly selective so as to avoid responding to more abundant self antigens, which
have a weaker binding affinity for the TCR32. And finally, although the TCR signaling pathway
activates in a digital, all-or-none manner upon pMHC recognition20,73,74, it can also tune its
response to different levels of antigen input in an analog manner, enabling T-cells to tailor their
responses to the magnitude of the threat21,75. Despite significant advances in our knowledge of
the biochemical steps involved in TCR signaling76,77, it remains incompletely understood how the
TCR signaling pathway is able to simultaneously achieve sensitivity, selectivity, and dynamic
range in antigen sensing.

The first step in T-cell activation after a pMHC binds to the TCR is phosphorylation of the
ITAM-containing cytoplasmic tails of the TCR-associated CD3 proteins by Lck76. The kinase
ZAP70 can then bind to the phospho-ITAMs and become activated through phosphorylation by
Lck and by trans-autophosphorylation78, and can in turn phosphorylate a variety of downstream
substrates including the transmembrane protein LAT76, leading to signaling pathway activation.
To explain how the T-cell signaling pathway is able to selectively respond to foreign peptides
based on their stronger binding affinity, the concept of kinetic proofreading has been proposed22

and extensively studied using mathematical modeling20,21,23–26. In its most basic form, kinetic
proofreading consists of a series of biochemical steps that can occur only when a TCR is bound
to a pMHC, and that are quickly reversed when the pMHC unbinds22. This allows the T-cell to
respond strongly to foreign antigens that bind long enough to complete all necessary
biochemical steps, while ignoring self antigens that bind only briefly.

A number of extensions of the basic kinetic proofreading model have been evaluated, and
shown to improve different facets of the signaling behavior. The addition of a negative feedback
loop can dramatically enhance signaling selectivity23, whereas positive feedback loops can
enhance sensitivity to low pMHC copy numbers20,27, generating an all-or-none ‘digital’ response.
On the other hand, incoherent feedforward loops can expand the dynamic range of the T-cell
response21. Together these models demonstrate each of the three critical signaling properties of
T-cells, but individually each model is only able to achieve one or two. Additionally, most current
models do not account for the inherent stochasticity in signaling which can result in responses
that differ significantly from deterministic predictions26,28, and can dramatically reduce
selectivity29.

The condensation and clustering of signaling molecules downstream of the TCR could
constitute important events for recapitulating the cardinal properties of T cell signaling.
Pioneering studies from Su and co-workers established that LAT can undergo condensation
when phosphorylated. Phospho-tyrosine (pY) sites on phospho-LAT (pLAT) act as binding sites
for SH2 domains in Grb2 and PLCγ, among other proteins18,17. Both Grb2 and PLCγ also
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contain SH3 domains that can bind to the proline-rich repeat regions of SOS18,17,19. This network
of polyvalent interactions causes these molecules to form condensates tethered to the
membrane by LAT18,17,19, and recruits a variety of other molecules which act together with PLCγ
and SOS to transmit the activation signal into the T-cell76,79. These clustering events have been
overlooked by existing kinetic proofreading models, which generally assume that the reaction
system is well-mixed, even though it has been determined experimentally that this is not the
case18,17,19,80. More recent work has explored the condensation of LAT with Grb2, SOS, and
PLCγ using coarse grained molecular dynamics simulations17,81. However, these studies focus
only on the formation of the condensate and not its context within the larger signaling pathway.

To address these gaps, we developed a computational model to study the dynamics of LAT
condensation driven by TCR signaling. In this model, TCR antigen engagement leads to
localized LAT phosphorylation and condensation at the cell membrane through a stochastic
reaction-diffusion process. We find that this model shows all critical signaling properties of the
TCR pathway, including its sensitivity to low ligand numbers, selectivity to high affinity ligands,
and dynamic range in response to variations in pMHC ligand numbers. We also test key
experimental predictions of this model, including activation dynamics, which provide a direct
benchmark of the dynamics of pLAT cluster formation in response to single pMHC-TCR binding
events80. Finally, we experimentally validate the spatial component of our model using a
designed protein system82 that allows systematic variation of antigen spacing independent of
antigen number. Together, these findings establish a quantitative framework for understanding
the exceptional functional capabilities of the T cell in threat sensing and discrimination.

Results

The LAT condensation model

To assess the contribution of LAT condensation to TCR signaling we built a dynamical model to
capture the spatial distributions of LAT at the membrane due to clustering. To achieve this
property, we built our model on a 2D grid representing the plasma membrane of a T-cell. Within
this 2D grid, we model the location of TCRs and LAT molecules, both of which can diffuse freely
in the membrane (fig. 1B). Other signaling- and condensation-related molecules such as Lck,
ZAP70, SOS, Grb2, PLC​​γ, and CD45 are modeled implicitly by the effects they have on either
TCRs or LAT molecules. In each time-step of a simulated signaling trajectory, the actions of
each TCR and LAT molecule are calculated independently, based on the probabilities that each
molecule performs any of the available actions. The determined probabilities are then used to
stochastically make the relevant changes to the state of the simulation grid, and the next time
step begins. By explicitly modeling the location of each molecule our model can capture
signaling effects that occur due to spatial inhomogeneities that are not considered in existing
models.

To interrogate the role of LAT condensation independently from other signaling steps, we do not
explicitly model the phosphorylation steps between TCR binding and ZAP70 activation. Instead,
we assume that a pMHC-bound TCR immediately phosphorylates LAT (via ZAP70) in its local
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neighborhood, assuming that TCR phosphorylation and subsequent ZAP70 recruitment occur
rapidly compared to LAT phosphorylation (fig. 1A). This assumption is based on findings that
LAT phosphorylation is a rate-limiting step for T cell signaling initiation83,84. In reality, upstream
events do take time to occur, and are likely also involved in kinetic proofreading85,86, especially in
suppression of signals from very short binding ligands (e.g. binding dwell times less than a
second) . However, because we sought to evaluate the degree to which LAT condensation can
contribute to kinetic proofreading and other signaling properties, we chose to leave out the
effects of other phosphorylation steps on these properties.

We assume that the pMHC-bound TCR complex phosphorylates LAT at four pY sites87: three
sites are ideal substrates for the kinase and hence are phosphorylated at a higher rate, while
one (Y132) is less ideal and is phosphorylated at a lower rate83,88 (fig. 1A). We model the Y132
site separately from the other sites, as its slower phosphorylation has been shown to be a rate
limiting step in T-cell signal initiation83,84. To account for these differences, we model two types of
pLAT: p4LAT, which has all pY sites phosphorylated and can participate in PLCγ-mediated
bonds, and p3LAT, which has no phosphorylation on Y132 and can bind other p3LAT only via
weaker Grb2-SOS-mediated interactions (fig. 1A,C,E). These reversible interactions are
multivalent and allow LAT to form a condensate by creating a network of bonds through its pY
sites18,77,89.

pLAT condensate formation is opposed by the activity of phosphatases (such as CD45) which
dephosphorylate pLAT, rendering it incapable of crosslinking (fig. 1A)90,91. While phosphatases
act rapidly at uncondensed LAT sites, they are sterically hindered both directly by the binding of
other molecules to pY sites, and indirectly through exclusion from condensates18,17,15. We thus
modeled a slower dephosphorylation rate for pLAT that has more bonds to other pLAT, with the
stronger binding of PLC​​γ to pY132 offering a higher degree of protection than the weaker
Grb2/SOS mediated bonds.

Altogether, our model captures the key physical and chemical processes underlying
TCR-induced LAT clustering, thus allowing us to assess how this emergent phenomenon
contributes to the observed input/output characteristics of the TCR signaling pathway.
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Figure 1. pLAT Condensation Model. A) The TCR module of the model consists of pMHC
binding and subsequent activation of ZAP70. Active ZAP70 phosphorylates LAT to produce
p3LAT (light gray) and p4LAT (dark gray). pLAT can be dephosphorylated by phosphatases such
as CD45. B) The simulation takes place on a 2D grid over which pLAT molecules can diffuse. C)
Adjacent pLAT molecules can bind to each other via cross-linking molecules that are not



explicitly modeled. Bonds can be weak (yellow bar; slow on-rate, fast off-rate) or strong (purple
bar; fast on-rate, slow off-rate). D) Molecules within a pLAT cluster can rearrange internally as
long as the number of bonds made between them is conserved. E) Strong bonds (purple bars)
require that at least one of the bonded pLAT molecules be p4LAT, while weak bonds (yellow
bars) do not have this requirement.

Phosphorylated LAT condenses above a critical concentration

In vitro studies have shown that pLAT can undergo phase separation above a critical
concentration18. We first ran simulations where the number of pLAT molecules was held
constant by removing the ZAP70 and CD45 activity from the model to determine whether our
model could recapitulate similar pLAT condensation behavior. In these simulations we expect to
observe behaviors that resemble a phase transition, including the presence of a critical
concentration below which clusters do not form, and above which they form rapidly92,93.
Consistent with these expectations, we observed a sharp transition where pLAT began to form
clusters above a critical concentration threshold (160/μm2; fig. S1A,B,C; movie S1,2).
Additionally, at this critical concentration, pLAT shows a very clear bimodal distribution where
each simulation either achieves complete clustering or does not form clusters at all, indicating
that once a condensate is nucleated it forms very quickly and is very stable (fig. S1D). Finally,
we found that the mean time to first cluster decreases with concentration following a power law
with an exponent of roughly 3.5, suggesting that cluster nucleation requires simultaneous
binding of 3-4 pLAT molecules (fig. S1E). These results demonstrate that the model
recapitulates the key aspects of nucleation and condensation as intended and allows us to
further explore how these features can contribute to the behaviors of the TCR signaling pathway
as a whole.

Individual bound TCRs nucleate signaling condensates with a time delay

Having shown that pLAT alone can undergo clustering in our model, we proceeded to ask
whether pLAT can form clusters in response to TCR pMHC engagement and LAT
phosphorylation. Single-molecule studies had previously shown that single TCRs can induce
LAT clusters with a variable time delay after pMHC binding80. In these experiments TCRs are
only tracked after they bind to a pMHC, and the peptides used are very high affinity. We
therefore ran our simulations with the TCR constantly bound to pMHC throughout the simulation
(fig, 2A,B) to mimic the tracked TCRs in the experiment.

From simulations, we found that single active TCRs can nucleate clusters of pLAT molecules
with a time delay, consistent with experimental observations80 (fig. 2A; movie S3). In this
representative simulation (fig. 2) we found that a small cloud of pLAT molecules formed under
the active TCR very shortly after the start of the simulation, with a concentration gradient that
decayed with increasing distance away from TCR. While pLAT molecules in this cloud could
interact with one another, these interactions were transient, such that the majority of molecules
were either monomers or dimers (fig. 2B, inset). However, after a time delay, a LAT cluster
became nucleated and proceeded to grow, fed by continuing TCR activity (fig. 2B). Notably,
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these results show that a single pMHC ligand gave rise to a large cluster containing hundreds of
LAT molecules. This remarkable amplification in the number of active signaling molecules is
also observed experimentally25,80 and demonstrates the ability of a condensation-based
signaling system to sensitively amplify signals from single molecule binding events.

Figure 2. Individual bound TCRs nucleate signaling condensates with a time delay. A)
Snapshots from an example simulation of a single permanently bound TCR. Light gray squares
represent p3LAT and dark gray represent p4LAT. Circles represent TCRs, red when it is active,
purple when it is deactivated. Each snapshot represents a 2.25μm square. Time stamps are in
seconds. B) Trace of the size of the largest cluster over time in the example simulation in (A)
showing the time to the first cluster of size 4 or greater (τ4), or size 50 or greater (τ50). Colored
bar indicates TCR status; red for active, purple for inactive.

Simulated LAT cluster sizes and dynamics match single-molecule imaging

To further validate our model, we compared LAT clustering dynamics from simulations to those
previously seen in single molecule imaging experiments80 (fig. 3). These experiments track
individual pMHC-TCR complexes and LAT clusters that form nearby; importantly, because they
track the initial time that a single TCR binds to a pMHC ligand, they allow delay times and size
distributions of pLAT clusters to be precisely measured. In order to compare cluster sizes
between simulation and experiment, we define Nmax to be the maximal number of pLAT
molecules in clusters over the course of a simulation (fig. 3A). Our simulations show a range of
Nmax values from 50 to more than 500 molecules (fig. 3B), demonstrating the ability to amplify a
single-molecule input signal into a much larger response. This range of sizes closely matches
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the distribution observed experimentally, where cluster sizes range from the detection limit of
200 molecules to about 700, with the majority between 250 and 400 molecules80.

We next quantified the delay time between pMHC binding and pLAT cluster formation (τ50, fig.
3C), as this time delay in signaling condensate nucleation could constitute a kinetic proofreading
step in the TCR signaling pathway. Comparing the simulated and experimental distributions, we
find that they are strikingly similar with an initial rise peaking around 20-25s, followed by a slow
decay (fig. 3C)80. Critically, both distributions do not follow a monotonic decay such as the
exponential distribution expected from a first-order process. This delay in LAT cluster nucleation
could contribute to selectivity by filtering out short-lived binding events from weak ligands, a
possibility we will test below.

Finally, in single-cell molecule experiments, pMHC-bound TCRs give rise to pLAT clusters only
in a fraction of cases (25-50%), even when they were bound for very long times80. This cap on
TCR-induced clustering likely arises from feedback mechanisms which deactivate pMHC-bound
TRCs over time. As the binding lifetime increases, if a cluster has not yet formed, it becomes
more likely that the TCR will be deactivated before a cluster can form. This negative feedback is
incorporated into our model and sets the probability of clustering at about 27% (fig. 3D, WT), in
accordance with experimental data80.

The probability of forming a cluster, the size of the cluster that is formed, and the delay between
pMHC-TCRC binding and cluster formation are all critical parameters controlling the T-cell
response at a cellular and population level. The close agreement in these measurements
between our simulated results and experimental data suggest that our model is able to
accurately capture these key aspects of early TCR signaling.

LAT phosphorylation kinetics modulate the time delay to condensate nucleation

LAT Y132 phosphorylation has been shown to be a rate-limiting step in T-cell signaling
initiation83, and LAT mutations that accelerate this reaction have further been shown to promote
LAT cluster formation80. Here, we test whether changes to rates of Y132 phosphorylation can
modulate time delays to condensate nucleation. To do so, we simulated two mutations in LAT
which are known to affect both the PLCγ binding site and the kinetics of signaling. The glycine
residue at position 131 in WT LAT makes Y132 a poor substrate for ZAP70, reducing its
phosphorylation rate significantly83. The G131D mutation increases this rate83, which we
modeled as an increase in the p4LAT production rate in our simulations. Conversely, the Y132F
mutation completely prevents phosphorylation at the same site, modeled as a reduction of the
p4LAT production rate to zero. We first observed that these mutations had the expected effect
on the fraction of TCR binding events that are productive. Y132F completely abolishes
clustering in simulations (fig. 3D), paralleling the dramatic reduction in signaling observed in
T-cells bearing that mutation87,94. Conversely, G131D increases the productive binding rate from
27% to about 75% (fig. 3D), in agreement with the observation that T-cells bearing this mutation
are more easily activated83.
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In addition to affecting the probability of clustering, G131D dramatically reduces nucleation
delay times. Both simulated and experimental results show an earlier peak in the delay time
distribution around 15s and a shorter tail to the right of the distribution (fig. 3E)80. The shortened
delay suggests a decreased ability for G131D cells to discriminate between weak and strong
binding pMHCs.

Through these simulations we show that our model recapitulates the effects of mutations in LAT
that affect the kinetics of its phosphorylation at the key Y132 site. We are able to recapitulate
expected effects on the frequency of cluster formation as well as on the distribution of cluster
initiation times. And more broadly, we are able to show that the kinetics of LAT phosphorylation
have a direct influence on the signaling outcome, and are likely to influence kinetic proofreading
via modulation of delay time distributions.

Figure 3. Simulated LAT clustering dynamics match experimental results. Data from
simulations of single permanently bound TCRs on cells with varying LAT mutations. 1500
replicate simulations were run for each mutant. A) Representative trace of the number of pLAT
molecules in clusters of size 50 or greater in a single simulation with WT LAT. Nmax denotes the
maximum number of clustered molecules over the course of the simulation. B) Distribution of
Nmax values over replicate simulations with WT LAT. C,E) Distribution of τ50 values (the time it
takes to form a cluster of size 50 or greater) in simulations for either WT LAT (C) or G131D LAT
(E). Simulations in which no cluster forms are omitted from these distributions. D) Bar chart
showing the fraction of simulations that produce a LAT cluster for various LAT mutants.
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Kinetic proofreading by condensate nucleation in TCR signaling

The observed delay between pMHC binding and LAT condensation can potentially serve as a
kinetic proofreading step and thereby enable T-cells to selectively respond to high-affinity pMHC
ligands. To test this idea, we simulated a system with diffusible TCRs on a 2D membrane that
were then stimulated with pMHCs with varying lifetimes of TCR binding. In order to allow a fair
comparison between different affinity pMHCs, we increased the simulated concentration of
pMHC inversely with its TCR binding lifetime, thus keeping TCR occupancy the same (fig.
4A,C). In these simulations, the fraction of pMHC-bound TCRs remained the same as binding
lifetimes increased, as expected (fig. 4C). In contrast, LAT clustering occurred preferentially in
response to stimulation with tight-binding pMHCs, with little or no clustering occuring for pMHC
ligands with shorter binding lifetimes (τoff < 1s) (fig. B, D-E; movie S4-10). Furthermore, as
pMHC binding lifetimes increased, both the likelihood of cluster formation as well as cluster
sizes increased, indicating that the system is able to encode pMHC affinity information at this
step. These results directly demonstrate kinetic proofreading by LAT condensation. Because the
TCR occupancies are matched across all simulations, the reduced clustering observed with the
faster off-rates can only be due to a kinetic proofreading mechanism. To the extent that this
occurs in these simulations, the proofreading is carried out solely by LAT condensation, and not
any upstream components of the pathway since they are not considered in our model. These
results show that LAT condensate nucleation is sufficient to generate the time delays needed to
enable selective response to only high-affinity pMHC ligands.

To probe the role of slow LAT phosphorylation in setting time delays in kinetic proofreading, we
ran the same TCR occupancy-matched simulations with the G131D and Y132F mutants and
looked at the effects of these mutations on signaling magnitude and proofreading. As expected,
the G131D mutation increased the LAT clustering response both in terms of the fraction of
simulations that were able to form clusters (fig. 4E) and the size of those clusters (fig. 4F), while
the Y132F again completely prevented clustering. Strikingly, the G131D mutation drastically
reduces the ability of the simulations to distinguish self-peptides (τoff<1s) from foreign peptides
(τoff>10s) with roughly 20% of G131D simulations responding to peptides with 50ms half-lives
(fig. 4E). The reduced degree of proofreading caused by this mutation explains why mice
bearing this mutation show enhanced responses to weak pMHC stimuli and develop
autoimmune disease30.

Together, these results indicate that LAT nucleation constitutes a key kinetic proofreading step in
T cell signaling . The delay imposed by the rarity of nucleation events provides a simple
mechanism for filtering out short-lived pMHC-TCR interactions. Additionally, the phosphorylation
rate of the PLCγ binding site is a critical parameter that controls the threshold for binding
lifetimes that are able to produce a condensation response.
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Figure 4. Kinetic proofreading by condensate nucleation in TCR signaling. Data from
simulations for varying LAT mutants and pMHC lifetimes, with TCR occupancy held constant.
750 replicate simulations were run for each condition. A) Schematic showing the simultaneous
increase in pMHC-TCR bond lifetime and decrease of pMHC 2D density used to achieve
constant numbers of bound TCRs. B) Snapshots of representative simulations at each pMHC



off-rate with WT LAT. Light gray squares represent p3LAT and dark gray represent p4LAT. Circles
represent bound TCRs, red for active and purple for deactivated. Each snapshot represents a
2.25μm square. C) Average number of bound TCRs over time for simulations at each pMHC
off-rate with WT LAT. D) Average number of pLAT molecules in clusters of size 50 or greater for
the same simulations in (C). E) The fraction of simulations for each condition that produce a
cluster of size 50 or greater. F) Mean Nmax over replicate simulations for each of the simulated
conditions. Error bars show 25th and 75th percentiles of replicate simulations.

Cluster growth allows wide dynamic range

In addition to distinguishing between ligands of varying affinity, T-cells also need to respond to
variations in pMHC levels75, which may indicate the severity of the infection. Most current
models propose that while signaling is digital at the single cell level, the population can have an
analog response where the pMHC dose tunes the percentage of cells that respond20. However,
some aspects of TCR signaling have been demonstrated to respond to pMHC dose in a graded
manner at the single cell level75,95.

To determine the extent to which LAT clustering can convey information about pMHC dose, we
tested the response of our model to antigen doses spanning three orders of magnitude (fig. 5).
We first found that each simulated cell has a binary response in terms of the presence or
absence of a cluster, with the fraction of responding cells increasing as with the antigen level
and lifetime (fig. 5A). At low doses, the average size of clusters, when they are present, remains
low, but as the fraction of cells responding begins to saturate, the size of the cluster begins to
grow (fig. 5B). These results indicate that our model is able to produce both all-or-none
signaling responses in the nucleation of a LAT cluster, as well as graded increases in the sizes
of nucleated LAT clusters with increasing antigen dose. Together, these results explain how LAT
clustering dynamics could give rise to digital activation for signal amplification and single
molecule sensitivity, as well as analog tuning for dynamic range in pMHC dose detection.

Figure 5. pLAT condensation increases gradually with increasing pMHC stimulation. Data
from simulations with varying pMHC dose and lifetime, with WT LAT. 500 replicate simulations
were run per condition. A) The fraction of simulations that produce pLAT clusters in response to
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stimulation with varied pMHC density at each of three TCR-pMHC half-lives. B) The mean Nmax

in simulations where a cluster forms for the same stimulation conditions as (A). Error bars show
25th and 75th percentiles of replicate simulations.

LAT condensation sets an optimal pMHC spacing for T cell activation

The analysis above shows that our LAT condensate nucleation model can uniquely give rise to
sensitivity, specificity and dynamic range in TCR signaling. This model agrees with existing
experimental data; however, we have not yet shown that there are unique predictions made by
this model that can allow it to be distinguished from other existing kinetic proofreading models.
Most other dynamic models make the assumption of a well-mixed system, where a scalar value
can represent the concentration of each signaling molecule. In these models, the number of
long-lived binding events is the only relevant parameter for activation21,22,20,23,25, and parameters
such as the spacing between antigens would not affect signaling activity, despite evidence that
this may be important96–98.

To test if our model made any unique predictions about spatial dependencies in TCR signaling,
we ran simulations where a square grid containing a fixed number of pMHCs was placed
opposing the T-cell so that TCRs could only bind and activate in those locations (fig. 6A). We
varied the 2D density of pMHCs over roughly three orders of magnitude by adjusting the
spacing between them, while keeping the number of pMHCs constant, and examined the effects
on LAT clustering (fig. 6B-C). In contrast to other models, our simulations show that there is an
intermediate spacing of pMHCs that is optimal for LAT cluster formation and T-cell signaling (fig.
6C). At both low and high pMHC density the cluster sizes are smaller, while only intermediate
densities achieve maximal clustering (fig. 6C; movie S11-15). At very low pMHC densities, each
pMHC-TCR complex is isolated from others such that pLAT produced at one TCR is
dephosphorylated before it can reach a cluster formed at another TCR (fig. 6D. As the pMHC
density increases, TCRs are able to cooperate, adding pLAT to clusters that were nucleated by
other TCRs, allowing the cluster to grow larger than what could be produced by a single
pMHC-TCR complex (fig. 6E). However, if the pMHCs are brought too close together, then the
TCRs become crowded, merging into what is effectively a single TCR that produces pLAT at a
higher rate. This allows a cluster to form faster, but the cluster size is still limited to what can be
produced by a single TCR (fig. 6F). Thus, LAT condensation sets the spatial scales of TCR
activation in addition to the temporal scales discussed earlier.
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Figure 6. LAT condensation simulations predict an optimal pMHC spacing for TCR
activation. Data from simulations with 16 fixed pMHCs at varying spacing, with WT LAT. 500
replicate simulations were run for each pMHC density. A) Schematic of pMHC placement in
simulations of varying antigen density at constant antigen number. B) Snapshots from example
simulations at different pMHC densities. Light gray squares represent p3LAT and dark gray
represent p4LAT. Circles represent bound TCRs, red for active and purple for deactivated. Each
snapshot represents a 1.27μm square. C) Mean Nmax values for each pMHC density. Error bars
show 25th and 75th percentiles of replicate simulations. D-F) Cartoon representation of the
underlying cause of optimal spacing. Large gray circles represent pLAT clusters, small gray
circles represent individual pLAT molecules, and red circles represent TCRs. D) At low pMHC
density, pMHC-bound TCRs are isolated, preventing pLAT produced at one TCR from
augmenting a condensate at the neighboring TCR. E) At intermediate pMHC density pLAT
produced at one pMHC-bound TCR can add to a condensate nucleated at a neighboring TCR.
F) At high pMHC density, neighboring pMHC-bound TCRs are crowded, limiting the area over
which a condensate can form.

2D protein arrays allow precise tuning of pMHC spacing independent of dose

In order to test the prediction of optimal pMHC density, we developed an imaging assay to probe
the relationship between antigen density and LAT clustering. As a platform for antigen
presentation we used a 2D protein array82 to place pMHCs at regular intervals (fig. 7A). The
arrays consist of two components in addition to the pMHC: the A component which is fused to
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the SpyCatcher protein99, and the B component which is fused to GFP. When mixed, the A and
B components self-assemble into a hexagonal grid (fig. 7A). By controlling the stoichiometry of
the SpyTag-pMHC and SpyCatcher-A prior to assembly with component B, we can control the
2D density of pMHCs on the arrays. Furthermore, by quantifying stochastic variations in the
sizes of arrays we are able to assess effects of variations in pMHC number, thus allowing us to
independently assess the effects of pMHC spacing and number on TCR signaling.

As a model antigen, we presented the gp33-41 peptide from Lymphocytic Choriomeningitis
Virus (LCMV) complexed to the murine class I MHC, H-2D(b)100. We used as a model a Jurkat
T-cell line expressing the cognate P14 transgenic TCR and the CD8 co-receptor, which we
found gives rise to robust downstream signaling75. After the arrays were assembled, we seeded
them onto a glass imaging surface and plated the P14 Jurkat cells on top of them. After a brief
stimulation, we fixed the cells and stained them for phospho-CD3ζ (pCD3ζ) and phospho-LAT
(pLAT; fig. 7B,C). Each array produced a bright GFP spot in the image which we used to locate
the regions of the image where arrays overlapped cells. We additionally calibrated our
measurements of GFP brightness in order to be able to count the number of GFP molecules
and, by extension, the number of pMHCs present in each array (fig. S2)101. Using these values,
along with several other measurements, we filtered the arrays to remove aggregates and
imaging noise, yielding a set of high quality arrays that we used in all downstream analysis (fig.
S3).

We first used the median phosphorylation signal in each array as a measure of the effectiveness
of array stimulation (fig. 7D,E). These measurements showed a significant elevation of pCD3ζ
and pLAT levels in arrays that have a high density of pMHC on them, while those with no pMHC
did not induce any phosphorylation above background (fig. 7D,E). Additionally, larger arrays
(higher GFP copy number) induced higher levels of phosphorylation (fig. 7E). These results
confirm that we were able to stimulate Jurkats with the arrays in a pMHC-dependent manner,
and that phosphorylation is dependent on the number of pMHCs that contacted the cell. We
note that array-displayed pMHCs differ from those displayed on cell membranes in their TCR
contact heights, as well as their ability to exclude membrane-associated proteins such as
phosphatases. These kinds of differences have been shown to impact TCR signaling
initiation97,102 and could affect the fit of the model to the resulting data because the model was
adjusted to match data from membrane-bound pMHC stimulation. We therefore compare only
general trends in these experiments with the model predictions instead of precise values.

Consistent with the differing biochemical mechanisms for activation of CD3ζ and LAT, the
distributions of their phosphorylation levels show different shapes in response to pMHC
stimulation (fig. 7E). The pCD3ζ distribution shows a clear increase in its mode relative to the
background distribution as the array size increases, consistent with CD3ζ phosphorylation
occurring in proportion to the number of pMHCs present. The pLAT distribution, on the other
hand, shows a widening tail to the right without a major shift of the mode. This distribution is
consistent with pLAT signals resulting from stochastic cluster nucleation in a fraction of cases
that increases with pMHC number. These results are consistent with our model prediction that
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LAT signaling condensates nucleate only for a fraction of pMHCs (fig. 3C), but can grow to large
sizes that scale with the number of initiating TCR inputs (fig. 5).

Figure 7. 2D protein arrays enable precise pMHC display. A) Illustration of the array
assembly and imagining protocol. Components A and B are shown as purple triangles and
green rectangles, respectively. The assembled array has a 31nm distance between opposing
edges of each hexagonal unit82. B,C) Example images of cells (purple) and arrays (green) that
were fixed 5min after interacting with blank (B) or pMHC-presenting arrays (C) showing the
pCD3ζ (light blue) or pLAT (red) responses to pMHC array stimulation. Larger fields of view (left)
show a single representative cell interacting with arrays. Smaller fields of view (right) show four
representative arrays with either low (33rd percentile), intermediate (int.; 66th percentile), or high
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(100th percentile) GFP intensities. D,E) Normalized kernel density estimates for the distributions
of median pCD3ζ (light blue, top) or pLAT (red, bottom) signal for arrays with low (left; 0-33rd

percentile) intermediate (middle; 33rd-66th percentile) or high (right; 66th-100th percentile) GFP
intensities, compared to the same measurement in random locations (gray) for blank (D) or
pMHC-presenting arrays (E).

pMHC arrays reveal optimal antigen spacing for LAT condensation

With the functionality of the 2D pMHC arrays validated, we moved forward to test whether
varying pMHC density has an impact on downstream signaling. To do this we created arrays
with pMHC density varying from 37.5 to 2400 pMHC/μm2 and measured the CD3ζ and LAT
phosphorylation responses to each density. We first examined the relationship between array
size and phosphorylation signal and found that, for all pMHC densities above zero,
phosphorylation increased with increasing array size (fig. S4A). The slope of this relationship
also increased with increasing pMHC density (fig. S4B). These results show increasing pMHC
number results in a stronger downstream CD3ζ and LAT phosphorylation; more antigen results
in a stronger signal.

After demonstrating that pMHC array stimulation produces the expected response to varying
pMHC number, we next tested whether TCR signaling varies with pMHC spacing at fixed pMHC
number. To compare arrays across all pMHC densities despite non-overlapping distributions of
pMHC number when comparing the lowest densities to the highest, we measured the activation
efficiency for arrays of each density. This metric is defined as the slope of the line of best fit to
the relationship between phosphorylation intensity and pMHC number (fig. S5), and measures
the degree to which pMHCs elicit signaling, at a given spacing. We observed that pMHC
spacing does not have a strong effect on CD3ζ activation efficiency (fig. 8A), while pLAT
activation efficiency shows a clear peak at intermediate pMHC spacing (fig. 8B). This behavior is
very similar to the behavior predicted by our model (fig. 6). The phosphorylation of CD3ζ, which
does not participate in LAT condensation, is not impacted by pMHC density. Conversely, LAT
phosphorylation is dependent on pMHC density, and requires an optimal density for maximal
signaling. These experimental and simulated results further demonstrate that LAT condensation
is central to the TCR signaling pathway. By examining the experimental and simulated
responses to varied antigen density we have demonstrated that the optimal antigen spacing is
controlled by the underlying length scales of LAT clustering. Thus, LAT condensation controls
both the length and time scales required for optimal T-cell activation.



Figure 8. 2D arrays reveal optimal pMHC spacing for LAT phosphorylation. A,B) Line plots
showing CD3ζ (A) or LAT (B) activation efficiency as a function of pMHC density for arrays
(color) or background (gray). Activation efficiency is defined as the slope of the line of best fit for
the relationship between integrated phosphorylation intensity and pMHC number. Data from two
biological replicates (rep1 and rep2) are shown, with each replicate independently normalized to
the efficiency at 2400pMHC/μm2.

Discussion

The results presented here demonstrate that condensation can explain the key features of the
TCR signaling network, simultaneously achieving sensitivity, selectivity and dynamic range.
Prior work in modeling these properties has generally focused on the selectivity of the
pathway20–23,25,29 with some studies also giving attention to the sensitivity20,23,26 and very few
considering dynamic range21. The focus on selectivity likely stems from the key role it plays in
preventing autoimmunity, and the fact that it is difficult to balance all three of these properties in
a single model. Each property imposes its own set of constraints on the underlying signaling
network, and these constraints are often in opposition to each other. Large numbers of
proofreading steps have been shown to increase the selectivity of the pathway22,25, but recent
work has demonstrated that these additional steps make the system much more noisy, and can
actually decrease the ability of the pathway to distinguish between weak and strong binding
amid the stochasticity of biochemical reactions29. Strong positive feedback can significantly
improve the sensitivity of a signaling pathway, but can create a digital system that is either “on”
or “off” and lacks dynamic range. Strong positive feedback is also more likely to amplify small,
spurious responses to off-target signals, reducing specificity. Conversely, negative feedback can
improve selectivity and can explain the observation that antigens with intermediate affinity can
antagonize the signaling of higher affinity antigens20,23. The ability of these additional feedback
loops to strengthen our model’s proofreading and improve its performance could be explored in
future work.
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Our model is able to balance the constraints imposed by each property of the TCR signaling
pathway in a single signaling step by taking advantage of the inherent physical properties of
condensation. Simulations of single pMHC-TCR interactions show how condensation itself
provides a strong positive feedback mechanism that can amplify even a single pMHC binding
event into a large LAT cluster. The resulting cluster is able to grow in proportion to the amount of
available pLAT, giving the system a wide dynamic range. We have also demonstrated that the
positive feedback inherent in condensation is carefully controlled by another
condensation-related mechanism: nucleation delays. Because of strong ambient phosphatase
activity, pLAT is very short-lived outside of clusters resulting in fast dissipation of any pLAT that
accumulates during short pMHC binding events, preventing spurious activation and filtering out
noise. However, if a pMHC can bind long enough that a LAT cluster can nucleate, that cluster
can grow quickly and survive even after the pMHC dissociates, allowing time for downstream
signaling to be fully activated. In addition to these well-recognized properties of the TCR
pathway, we have demonstrated that the same condensation mechanism underlies the spatial
preferences of TCR signaling. The area over which a single TCR can produce a LAT cluster
sets the optimal distance between active TCRs. The preference for intermediate antigen
spacings that we observed in our model and imaging experiments is also consistent with
previous work which used DNA origami to cluster defined numbers of pMHCs together98. The
DNA origami results showed that clusters with intermediate pMHC numbers are most efficient
for downstream activation98.

It is striking that a single step in this complex signaling pathway can achieve such a wide variety
of signaling properties in contrast to other models that require a complex multi-step network of
reactions to achieve the same results21,22,20,23,25. Our model provides an intuitive explanation for
the properties of TCR signaling that make T-cells such an effective component of the immune
system. It also provides insight into how the system is carefully tuned to its purpose, and how
small adjustments to key parameters can lead to dysfunction. The insights provided here not
only paint a more complete picture of the TCR signaling mechanism, but also provide avenues
to adjust T-cell signaling in therapeutic contexts. By carefully controlling LAT clustering, T-cell
signaling could be modulated to suit the situation. In this way, our model can be used to both
further the understanding of TCR signaling and provide guidance on how to best engineer it to
fill therapeutic needs.

Methods

Computational model

Our computational model is based on a 2D square grid representing the inner leaflet of the
plasma membrane. We chose to use a grid spacing of 30nm to approximately match the space
a single molecule of LAT occupies in the densest LAT clusters observed experimentally. Within
this grid, TCRs and pLAT molecules are modeled as occupying a single grid square to the
exclusion of molecules of the same type. All other molecules are not present in the model, and
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their effects are modeled implicitly in the behavior of the TCRs and pLAT molecules. Each
timestep of the model proceeds through the following steps:

1. TCR diffusion
2. pLAT dephosphorylation (CD45 activity)
3. TCR-pMHC binding and activation
4. LAT phosphorylation (ZAP70 activity)
5. pLAT diffusion
6. Intra-cluster rearrangement
7. pLAT-pLAT binding (via Grb2, SOS, and PLCγ)

These steps are repeated for the desired number of time steps (for a total of 2-5min of
simulated time). The length of the time step is set to 125μs so that the probability that any
molecule would take more than one action within each step of the simulation is negligible.
Further details of each step are outlined in the modeling appendix of the supplemental
information.

Array component purification

SpyCatcher-fused component A (A-SC) and GFP-fused cyclic component B (B-c-GFP) were
expressed in E. coli as previously described82. E. coli cell pellets were resuspended in TBS
supplemented with 5% (w/v) glycerol (TBSG), 1mM PMSF, and 0.7U/mL RNase A and lysed by
sonication. Lysate was clarified by centrifugation at 14000xg for 30min and His-tagged array
components were purified form the soluble fraction by Ni affinity chromatography in TBSG with
either 40mM imidazole (wash) or 500mM imidazole (elution). Eluted components were further
purified by size exclusion chromatography on a Superose 6 Increase 10/300 G/L column (Cytiva
29091596) to select the components that assembled into the correct oligomeric state.

Array assembly

Refolded SpyTag-fused H-2D(b) bound to the LCMV gp33 peptide (KAVYNFATM) (ST-pMHC)
was provided by the NIH Tetramer Facility. Varying molar ratios of ST-pMHC and purified A-SC
from 1:3 to 1:192 (ST-pMHC:A-SC) were mixed and incubated overnight at 4C to allow
formation of the SpyCatcher-SpyTag bond. The resulting A-pMHC and an unreacted A-SC
control were then each mixed with B-c-GFP and diluted to a final concentration of 5uM A-SC
and 2.5uM B-c-GFP in TBSG with 500mM imidazole. The final mixture was allowed to assemble
overnight at 4C, protected from light. Assembled arrays were separated from free components
by centrifugation at 5000xg for 5min. After aspirating the supernatant, the pelleted arrays were
resuspended in TBSG with 500mM imidazole to their original volumes before aspirating.

Cell culture

P14 TCR transgenic Jurkat cells were provided by Matthew Wither and grown in RPMI (Gibco
11835-030) supplemented with 10% FBS (VWR 89510-186), 10mM HEPES (Gibco 15630-080),
1mM sodium pyruvate (Gibco 11360-070), and 1x Pen/Strep/Glu (Gibco 10378-016) (T-cell
media). Cells were stored as 500uL aliquots at 5M/mL in T-cell media with 5% DMSO in a liquid
nitrogen dewar. Four days prior to imaging, cells were thawed, washed with 2.5mL of T-cell
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media, plated in 5mL T-cell media in a 6cm dish and incubated for two days at 37C and 5%
CO2. After two days cells were counted and diluted to 100k cells/mL in T-cell media and
incubated for another two days at 37C, 5% CO2.

Jurkat stimulation and staining

All stimulation and staining was performed in a 96-well black-sided glass-bottom plate (MatTek
PBK96G-1.5-5-F). The plate was first coated with a mixture of anti-GFP (100x dilution; MBL Life
Science 598), anti-LFA1 (10ng/uL; BioLegend 301202), and retronectin (20ng/uL; Takara
T100B) in PBS overnight at 4C. After coating, the plate was blocked in 1% casein (Sigma
Aldrich C8654) for 1hr at 37C and washed three times with PBS. Each well of the plate was
then coated with 50uL of a 2000x dilution of assembled arrays in TBSG with 500mM imidazole.
The plate was centrifuged at 100xg for 5min to improve array coating and washed three times
with PBS with 0.1% CHAPS, and three times with PBS to remove any arrays and unassembled
components not firmly attached. P14 Jurkats were seeded into the plate at 35k cells/well and
centrifuged at 100xg for 1min to induce contact with the arrays. After 5 or 10min of incubation at
room temperature (including the 1min centrifugation) cells were fixed with BD fixation buffer (BD
Biosciences 51-2090KZ) for 30min at room temperature. Fixed cells were permeabilized and
blocked with a 1x BD wash/perm buffer (BD Biosciences 51-2091KZ; diluted from 10x in Fc
blocking buffer) for 15min at room temperature, protected from light. Cells were then washed
twice with 1x BD wash/perm buffer diluted in PBS, and stained overnight at 4C, protected from
light, with 50uL/well of PE-anti-pLAT (BD Biosciences 558487; 5x dilution) and
AF647-anti-pCD3z (Abcam ab237452; 100x dilution) in 1x BD wash/perm buffer diluted with
PBS. Staining solution was removed with two washes with BD perm/wash diluted in PBS and
one with PBS. Cells were then stained with 100uL of 5μM CellTrace Violet (Invitrogen C34557)
in PBS for 20min at room temperature, protected from light. Excess CellTrace was removed with
three washes in PBS, and cells were left in PBS for imaging. All washes and buffer changes
were performed with 100uL per well unless otherwise listed and all liquids were added gently to
avoid dislodging the cells from the glass surface.

Imaging

Images of fixed and stained cells were acquired on a Leica DMi8 with a spinning disc confocal,
hardware autofocus, and a 63x (0.75 NA) glycerol objective. At each position, a z-stack of 6
slices spaced out by 200nm, centered on the glass surface was acquired. Images of cells (DIC,
100ms exposure), CellTrace (405 Ex, 440/40 Em, 500ms exposure), arrays/GFP (470 Ex;
510/50 Em, 900ms exposure), PE-anti-pLAT (555 Ex, 600/50 Em, 200ms exposure), and
AF647-anti-pCD3𝜁 (640 Ex, 700/75 Em, 900ms exposure) were acquired at each slice using an
LDI-7 from 89North at 50% power.

Image Processing

Images were processed using a custom MATLAB script to extract information about the CD3𝛇
and LAT phosphorylation in areas where cells came in contact with pMHC arrays. First, a
segmentation of the cells was determined from the CellTrace stain, including dimmer regions



containing thin regions of cytoplasm in contact with the glass surface. Next, a segmentation of
the arrays as determined from the GFP signal in a manner that allows detection of both very
bright and very dim arrays. Finally, the total or median fluorescence intensity in each channel
(with the local background in a small ring around the array subtracted from each pixel) was
calculated for each region where the two segmentations overlapped. As an image-internal
control, the shape of each overlapping region was extracted and placed at a random location
within a cell in the same image and the same total fluorescence quantification was made in that
region.

GFP Counting

To estimate the number of GFP molecules present in an array from its total intensity, we used
particles with known GFP copy number to calibrate our imaging protocol. Nanocages with either
60 or 120 GFP copies attached101 were coated onto the glass imaging surface and fixed using
the same protocol as the arrays. GFP nanocage images were segmented and quantified using
the same custom scripts as the array images and the average total intensity for all segmented
nanocages was calculated for each GFP copy number. A linear fit to these data allows
interconversion between total GFP fluorescence intensity and GFP copy number (fig. S2).

Supplemental Information

Modeling Appendix

1. TCR Diffusion
TCRs diffuse across the simulation grid from one square to an unoccupied adjacent or diagonal
square with a probability, Pdif,f defined below:

(1)𝑃
𝑑𝑖𝑓𝑓

 =  𝐷 ∆𝑡

(∆𝑥)2

Where Δt is the simulation time step and Δx is the width of the grid square, and D is the diffusion
coefficient of the TCR. Based on experimental measurements, we set the diffusion coefficient of
pMHC-bound TCRs to be roughly 15 times slower than free TCRs103.

Table S1. TCR diffusion parameters. Each parameter value is listed as both the probability of
the event it describes happening in a given time step, and as the kinetic parameter that results
from the given probability. When a parameter was set based on a prior experimental
measurement, a citation is listed for that measurement.

https://www.zotero.org/google-docs/?9IXVoS
https://www.zotero.org/google-docs/?U6mrWt


Parameter name Probability Kinetic parameter Citation

Δt N/A 1.25x10-4 s

Δx N/A 30 nm

Pdiff (free TCR) 8.89x10-4 0.064 μm2/s Chen et al. 2021103

Pdiff (bound TCR) 5.97x10-5 0.0043 μm2/s Chen et al. 2021103

2. pLAT Dephosphorylation
The activity of CD45 and other phosphatases is incorporated into the model as the
dephosphorylation probability of pLAT. Since the pY sites on LAT are bound by other proteins in
the cluster, the probability of dephosphorylation for an individual pLAT molecule is reduced as it
forms more bonds, according to the following equation:

(2)𝑃
𝑑𝑒𝑝ℎ𝑜𝑠

 =  𝑃
𝑚𝑎𝑥

 −  
𝑃

𝑚𝑎𝑥
 − 𝑃

𝑚𝑖𝑛

1 − 𝑒(−𝐵 + 𝐾)

Where Pmax and Pmin are the bounds on the probability of dephosphorylation, K is a constant that
determines how many bonds are required for protection, and B describes the number and type
of bonds made by the molecule:

(3)𝐵 =  
𝑖=1

𝑁

∑ 𝑤
𝑖

Where N is the number of bonds made by the molecule and wi is the weight of the ith bond.
Bond weights are high for the strong interactions mediated by PLCγ and low for the weaker
interactions mediated by Grb2 and SOS. The protection from phosphatases provided by a
cluster is the basis for one of several positive feedback mechanisms in condensate formation.

Table S2. pLAT dephosphorylation parameters. Each parameter value is listed as both the
probability of the event it describes happening in a given time step, and as the kinetic parameter
that results from the given probability.

Parameter name Probability Kinetic parameter

Pmin 1x10-6 8x10-3 s-1

Pmax 6.5x10-4 5.2 s-1

K N/A 8

w (strong bond) N/A 8

w (weak bond) N/A 2

3. TCR-pMHC binding and activation

https://www.zotero.org/google-docs/?ljbm2H
https://www.zotero.org/google-docs/?rFm9WS


TCR binding occurs through standard binding kinetics with second order kinetics for association
and first order kinetics for dissociation. In each simulation, only TCRs or MHCs, but not both,
are explicitly modeled, and their binding probability is modulated by a parameter which
represents the 2D density of their unmodeled binding partner. In addition to being bound or free,
TCRs can exist in a signaling competent or incompetent state. All TCRs start signaling
competent, meaning that they can immediately activate ZAP70 and begin phosphorylating LAT
as soon as they bind a pMHC. However they become signaling incompetent with first order
kinetics during the times that they are bound to a pMHC. This accounts for the local negative
feedback that has been observed to occur on TCRs in single molecule imaging studies80.

Table S3. TCR-pMHC binding parameters. Each parameter value is listed as both the
probability of the event it describes happening in a given time step, and as the kinetic parameter
that results from the given probability. When a parameter was set based on a prior experimental
measurement, a citation is listed for that measurement.

Parameter name Probability Kinetic parameter Citation

Pon (always bound) 1 ∞

Poff (always bound) 0 0

Pon (dynamic) 3.125x10-9 2.5x10-5 μm2/(molecule x s) McAffee et al. 202280

Poff (dynamic) 2.5x10-6 to
2.5x10-3

0.02 s-1 to
2 s-1

McAffee et al. 202280

Pdeactivate 1.925x10-6 1.54x10-2 s-1

4. LAT phosphorylation
In order to focus on the contributions of LAT clustering to TCR signaling and simplify the model,
active TCRs (pMHC-bound and signaling competent) are assumed to instantly phosphorylate
ZAP70 which can then phosphorylate LAT. Each active TCR can phosphorylate LAT in the 3x3
grid centered on its location with a probability proportional to the number of sites in the 3x3
neighborhood that are not occupied by pLAT, representing the local substrate depletion around
an active TCR. When pLAT is produced, it can be made in one of two forms representing
different sites of phosphorylation. pY132 is modeled separately from the other three pY sites
since it is known to behave differently. Primarily, pY132 is known to be phosphorylated more
slowly by ZAP7083,84, so pLAT is more often produced with only the other three sites
phosphorylated (p3LAT) while the fully phosphorylated form (p4LAT) is produced more rarely. In
cases where the p4LAT phosphorylation rate is varied, the p3LAT phosphorylation rate is varied
such that the sum of the two rates is constant.

Table S4. LAT phosphorylation parameters. Each parameter value is listed as both the
probability of the event it describes happening in a given time step, and as the kinetic parameter
that results from the given probability.

https://www.zotero.org/google-docs/?4XEfvx
https://www.zotero.org/google-docs/?63RpA6
https://www.zotero.org/google-docs/?ebxwbR
https://www.zotero.org/google-docs/?stRRvv


Parameter name Probability Kinetic parameter

Pphos (p3LAT) 1.5x10-2 120 s-1

Pphos (WT p4LAT) 1.5x10-3 12 s-1

Pphos (G131D p4LAT) 5x10-3 40 s-1

5. pLAT diffusion
pLAT diffusion proceeds very similarly to TCR diffusion as described in step 1, but with a faster
diffusion coefficient that is modulated by the number of molecules that move together in a
cluster:

(4)𝑃
𝑑𝑖𝑓𝑓

(𝐶) =  
𝐷

𝐿𝐴𝑇

𝐶
· 𝐶

𝐶+𝐴 · ∆𝑡

(∆𝑥)2

Where DLAT is the diffusion coefficient for a single pLAT molecule, C is the number of molecules
that are in the cluster, and A is the number of additional molecules that are pushed by the
cluster as it moves. The first term models the reduced diffusion coefficient for larger objects
embedded in the membrane. The second term accounts for the inertia of molecules not in the
cluster as it collides with them. The third term accounts for the dimensions of the simulation as
in equation 1.

Table S5. pLAT diffusion parameters. Each parameter value is listed as both the probability of
the event it describes happening in a given time step, and as the kinetic parameter that results
from the given probability.

Parameter name Probability Kinetic parameter

Δt N/A 1.25x10-4 s

Δx N/A 30 nm

DLAT N/A 0.302 μm2/s

6. Intra-cluster rearrangement
Once in a cluster, pLAT molecules are allowed to rearrange within the cluster to model the
flexibility that has been observed experimentally in LAT clusters17,18. This rearrangement
happens at a much slower rate than free diffusion, and can only occur when the new location of
the pLAT molecule allows it to make the same number of each type (PLCγ or Grb2/SOS) of
bond with its new neighbors as it did before the rearrangement.

https://www.zotero.org/google-docs/?6EYGfy


Table S6. pLAT diffusion parameters. Each parameter value is listed as both the probability of
the event it describes happening in a given time step, and as the kinetic parameter that results
from the given probability.

Parameter name Probability Kinetic parameter

Prearrange 2.5x10-4 1.8x10-3 μm2/s

7. pLAT-pLAT binding
Adjacent molecules of pLAT can bind to each other through the implicit activity of PLCγ, Grb2,
and SOS. Any molecules that are connected directly or indirectly by a bond must move together
as a cluster until the bonds connecting them are broken. These bonds can either be strong
bonds mediated by PLCγ, or weaker bonds mediated by Grb2 and SOS. However, since PLCγ
binds preferentially to pY132 on LAT, at least one p4LAT must participate in any strong bond.
The strength of the bond is modeled by the first-order off-rate of the bond, with stronger bonds
having slower off rates. In contrast, the on-rate of the bonds is modulated by their local
environment to account for the local concentration of PLCγ, Grb2, and SOS. As a pLAT
molecule forms more bonds, the local concentration of the crosslinking molecules is increased,
thus increasing the effective on-rate of modeled pLAT-pLAT bonds. This increase on the on-rate
drives a positive feedback loop which allows pLAT condensates to grow quickly once nucleated,
following the equation below:

(5)𝑃
𝑏𝑖𝑛𝑑

(𝑖, 𝑗) =  (𝑃
𝑚𝑖𝑛

+  
𝑃

𝑚𝑎𝑥
 − 𝑃

𝑚𝑖𝑛

1 − 𝑒
(−𝑆

𝑖𝑗
 + 𝐾) ) · 𝑒

−(𝐸
𝑖
+𝐸

𝑗
)

Where Pmax and Pmin are the bounds on the probability of binding, K describes the degree of
local binding required to promote further binding, and Ei and Sij are defined as follows:
EI is equal to 0 if molecule i is already bound to a molecule other than j, and is a positive
number, Z, representing the entropic penalty of binding if molecule i is free.

(6)𝑆
𝑖𝑗

 = 𝑁
𝑖𝑗

· 𝑏 
Where Nij is the number of bonds made by pLAT molecules that neighbor both molecules i and
j, and b is the weight of a bond. Thus, as more bonds are made around a pair of pLAT
molecules, the local concentration of cross-linking molecules increases, resulting in an
increased probability of binding. Because PLCγ-mediated bonds only require a single molecule
to form, the Pmin for the formation of those bonds is increased relative to the
Grb2/SOS-mediated bonds, and the off rate is decreased.

Table S7. pLAT-pLAT binding parameters. Each parameter value is listed as both the
probability of the event it describes happening in a given time step, and as the kinetic parameter
that results from the given probability.



Parameter name Probability Kinetic parameter

Pmin (weak) 5x10-5 0.4 s-1

Pmin (strong) 1x10-3 8 s-1

Pmax (weak or strong) 0.1 800 s-1

K N/A 15

b N/A 2.5

Z N/A 1

Punbind (weak) 4.58x10-4 3.66 s-1

Punbind (strong) 8.3x10-7 6.64x10-3 s-1



Supplemental Figures

Figure S1. pLAT molecules condense rapidly above a critical concentration. Data from 250
replicate simulations without TCR or CD45 activity at varying p3LAT 2D densities. No p4LAT was
included in these simulations. A,B) Representative snapshots of simulations with 122pLAT/μm2

(A) or 333pLAT/μm2 (B). Images are 2.13μm square, timestamps are min:sec. C) The fraction of
simulations at each pLAT density that achieve a maximum cluster size of at least 50 molecules.
Black curve represents the fit to the Hill equation. D) Stacked bar plot showing the proportion
simulations that have either full, partial, or no clustering, with >95%, 5%-95%, or <5% of LAT in
clusters, respectively. E) The mean and standard deviation of the time until the first cluster for
each pLAT density where any clusters form. Red line shows power law fit to the points with
pLAT densities achieving at least 50% clustering.



Figure S2. GFP counting calibration. A,B) Filtering criteria for inclusion of puncta in GFP
counting analysis. A) Histograms showing the distribution of the number of z-slices each
nanoparticle spans for the 60-GFP nanoparticle (top) and 120-GFP nanoparticle (bottom).
Nanoparticles must be present in at least 2 consecutive z-slices to be included in the analysis.
B) 2D histograms showing the joint distribution of the volume (voxels) and median GFP intensity
(a.u.) for the 60-GFP nanoparticle (top) and 120-GFP nanoparticle (bottom). Nanoparticles must
not exceed 252 voxels or a median intensity of 126 in order to be included in the analysis. C)
Linear fit of the median of the integrated GFP intensity distribution of nanoparticles passing the
filtering criteria to three replicates at each GFP number.



Figure S3. Filtering removes low quality arrays. Cartoons and distributions describing the
filtering criteria for inclusion of arrays in later analysis. A) Cell contact filter. Histogram shows the
distribution of the fraction of the array volume that overlaps with a cell for all arrays. Only arrays
with at least 99% overlap are included. B) Z-continuity filter. Histogram shows the distribution of
the number of consecutive z-slices the array is present in for all arrays passing the cell contact
filter. Arrays must span at least 2 consecutive z-slices to be included. C) Aggregation filter. 2D
histogram shows the joint distribution of the volume (voxels) and median GFP intensity (a.u.) of
all arrays passing the cell contact and z-continuity filters . Arrays with median GFP greater than
317 are considered to be aggregated and are excluded. D) Size filter. Histogram shows the
distribution of GFP copy number for all arrays passing the cell overlap, z-continuity, and
aggregation filters. Arrays must have at least 100 GFP copies to be included.



Figure S4. Total phosphorylation increases with array size and density. A) Scatterplots
showing the background-subtracted integrated pCD3ζ (top) or pLAT (bottom) intensities
produced by arrays vs the number of GFP molecules in the array for arrays from three
representative pMHC densities. Black dashed lines indicate the line of best fit to the data. B)
Line plots showing the relationship between the slope of the fitted lines in (A) and the pMHC
density for two biological replicates. Each replicate is independently normalized to the value for
the highest pMHC density.



Figure S5. Phosphorylation at constant array size increases with pMHC density.
Scatterplots showing the background-subtracted integrated pCD3ζ (top) or pLAT (bottom)
intensities produced by arrays vs the number of pMHC molecules in the array for arrays from
three representative pMHC densities. Black dashed lines indicate the line of best fit to the data.



Supplemental Movies

Supplemental movies 1-2. Simulations at constant pLAT density. Representative movies of
simulations with constant p3LAT levels showing that clustering does not occur at 122
molecules/μm2 (movie S1), but does occur at 333 molecules/μm2 (movie S2). Still frames from
movies S1 and S2 are shown in figure S1A and S1B, respectively.

Supplemental movie 3. Simulation with constantly bound TCR. Representative movie of
simulations with a TCR that is constantly bound to a pMHC showing the formation of a pLAT
cluster in response to a single TCR. Still frames and a summary plot from movie S3 are shown
in figure 2.

Supplemental movies 4-10. Simulations at varying pMHC off rate. Representative movies of
simulations at a range of pMHC off rates, with pMHC density varied to keep TCR occupancy
constant across simulations. Still frames from movies S4-10 are shown in figure 4B in order,
starting with a frame from movie S4 on the right and ending with a frame from movie S10 on the
left.

Supplemental movies 11-15. Simulations at varying pMHC spacing. Representative movies
of simulations with a constant number of pMHCs held at varying distances from each other. Still
frames from movies S11-15 are shown in figure 6B in order, starting with a frame from movie
S11 on the right and ending with a frame from movie S15 on the left.

In all supplemental movies, p3LAT is represented by light gray squares, p4LAT is represented by
dark gray squares, active TCRs are represented by red circles, and deactivated TCRs are
represented by purple circles, as in the still frames in figures 2, 4, 6, and S1.



Discussion

Understanding how T-cells are able to sensitively and selectively eliminate threats from the body
is critical for harnessing their behavior for a wide range of therapeutic applications across
cancer, autoimmunity, and infectious disease. Here I have provided two new ways to understand
and explore features of the T-cell and TCR that make these behaviors possible. SMART MHCs,
if they can be expanded to cover a wider range of MHC alleles, will make the study of
TCR-pMHC interactions much more tractable. By circumventing the need for refolding of soluble
pMHC, SMART MHCs make T-cell staining experiments much more accessible. When refolding
is not required, the equipment and expertise required to produce a pMHC reagent decreases
significantly, allowing a much broader set of research groups to produce their own pMHC
reagents on demand. This ease of access has the potential to dramatically accelerate any
research that relies on identification, tracking, or isolation of a specific T-cell population.
Additionally, SMART MHCs demonstrate the ability to improve on existing pMHC yeast display
strategies. The significantly improved folding and expression levels we demonstrated likely
make it possible to detect lower affinity TCR-pMHC interactions, and facilitate more careful
mapping of TCR specificities. Both of these applications of SMART MHCs make them a useful
tool to understand how T-cells achieve their specificity from the perspective of the structural and
biochemical features that drive TCR-pMHC interactions.

Another key aspect of T-cell sensitivity and selectivity stems not from the TCR-pMHC
interaction, but from the signaling cascade that this interaction initiates. Differences in
TCR-pMHC affinities cannot fully explain the observed differences in signaling outcomes22,32, but
these differences can be explained by the underlying signaling network. The model presented
here provides an intuitive explanation for the properties of the TCR pathway that allow it to
distinguish self and foreign peptides. The nucleation and growth of LAT signaling clusters is able
to explain these key properties without relying on a complex series of biochemical steps. The
delay associated with nucleation allows the filtering out of interactions with self pMHCs, and the
positive feedback associated with the growth of a cluster can produce single molecule
sensitivity. Additionally, the length scale of cluster formation explains the preferred TCR spacing.
The ability of a single biochemical step to explain this wide array of signaling properties is
remarkable, and could represent a more general signaling mechanism that exists more broadly
outside of TCR signaling.

Together the LAT condensation model and SMART MHCs provide important new ways to study
TCR biology from two key perspectives. Understanding how both the binding specificity and the
signaling specificity of TCRs arise is critical for understanding their behavior, and harnessing it
for therapeutic applications. The work presented here provides a powerful tool and an important
model that together lend insight into these key properties of T-cells.

https://www.zotero.org/google-docs/?6qgVL2
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