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Significance

 To fight infections and cancer,  
T cells must selectively recognize 
low levels of foreign peptides 
from pathogens or cancer cells, 
but the mechanisms that enable 
these properties remain unclear. 
Using computational modeling 
and experiments, we find that  
T cells can selectively detect 
single foreign peptides through  
a clustering process where key 
proteins downstream of the T cell 
receptor form condensates 
containing hundreds of signaling 
proteins. This condensate 
nucleation process explains 
experimentally observed features 
of T cell signaling, including our 
finding that the size of signaling 
clusters depends on the distance 
between foreign peptides. Our 
work reveals a key role for the 
condensation of signaling 
molecules in setting spatial and 
temporal thresholds that control 
the sensitivity and selectivity of  
T cells.
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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 pre-
vents 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 linker for activation of T cells 
(LAT) phosphorylation, diffusion, and condensation following TCR–peptide major 
histocompatibility complex (pMHC) binding. In this model, time delays in LAT con-
densate 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 high-affinity 
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.

T cell receptor signaling | phase separation | nucleation-condensation | kinetic proofreading |  
stochastic computational modeling

 The T cell receptor (TCR) signaling pathway simultaneously achieves several functional 
properties that enable T cells to sense and appropriately respond to challenges of varying 
types and severities ( 1 ). First, it senses foreign peptide antigens displayed as peptide major 
histocompatibility complexes (pMHCs) in a highly sensitive manner, in some cases detect-
ing single foreign pMHCs ( 2 ). Second, it is highly selective so as to avoid responding to 
more abundant self-antigens, which have a weaker TCR binding affinity ( 3 ,  4 ). And finally, 
although the TCR signaling pathway activates in an all-or-none manner upon pMHC 
recognition ( 5   – 7 ), it can also tune its response to different antigen levels in an analog 
manner, enabling T cells to tailor their responses to the magnitude of the threat ( 8 ,  9 ). 
Despite significant advances in our knowledge of the biochemistry of TCR signaling ( 10 , 
 11 ), it remains incompletely understood how this 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 TCR complex by the kinase Lck( 10 ), leading to activation of the kinase ZAP70 
( 12 ). Next, ZAP70 phosphorylates several key proteins, including the transmembrane 
protein linker for activation of T cells (LAT) ( 10 ), leading to T cell activation. To explain 
how these steps can generate selective responses to foreign peptides based on their stronger 
binding affinity, the concept of kinetic proofreading has been proposed ( 13 ) and exten-
sively studied using mathematical modeling ( 3 ,  5 ,  8 ,  14   – 16 ). 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 unbinds ( 13 ). 
This allows the T cell to respond strongly to foreign antigens that bind long enough to 
complete all necessary steps, while ignoring self-antigens, which 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 selectivity ( 3 ), whereas positive feedback 
loops can enhance sensitivity to low pMHC copy numbers ( 5 ,  17 ), generating an 
all-or-none “digital” response. On the other hand, incoherent feedforward loops can 
expand the dynamic range of the T cell response ( 8 ). However, while these changes to 
feedback circuit topologies can improve one individual facet of circuit function, they often D
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do so at the expense of another. 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 ( 5 ,  18 ). Conversely, negative feedback can improve 
selectivity, at the expense of sensitivity to low ligand levels ( 5 ,  18 ). 
Additionally, T cells need to sense antigens at very low copy num-
bers, where stochastic effects can dominate ( 16 ,  19 ,  20 ). It is 
therefore unclear how a single signaling pathway can balance the 
competing demands of selectivity, sensitivity, and dynamic range, 
especially in a stochastic regime.

 The clustering of signaling molecules downstream of the TCR 
could help explain these cardinal properties of T cell signaling. 
Pioneering studies from Su and co-workers established that LAT 
can undergo condensation and phase separation when phospho-
rylated ( 21 ,  22 ), as predicted by earlier studies ( 23 ). 
Phospho-tyrosine (pY) sites on phospho-LAT (pLAT) act as bind-
ing sites for Grb2 and PLCγ, among other proteins ( 21 ,  22 ). Both 
Grb2 and PLCγ contain additional domains that can bind to 
several sites on son of sevenless (SOS) ( 21 ,  22 ,  24 ). This network 
of polyvalent interactions causes these molecules to form conden-
sates tethered to the membrane by LAT ( 21 ,  22 ,  24 ), and recruits 
other molecules which, together with PLCγ and SOS, transmit 
the activation signal into the T cell ( 10 ,  25 ). Some computational 
modeling work has begun to explore LAT condensation with 
Grb2, SOS, and PLCγ using coarse-grained molecular dynamics 
simulations ( 22 ,  26 ). However, these studies focus on condensate 
formation and growth within a steady-state context and not its 
role in the dynamics of signaling initiation. The experimental 
evidence for the importance of LAT clustering in TCR signaling 
( 21 ,  22 ,  24 ,  27 ) motivates the need to create models that include 
this biophysical process and to investigate its relationship to key 
signaling properties.

 To address this gap, 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. This model displays 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 numbers. We also compare 
our model to experimental results, including clustering dynam-
ics in response to single pMHC–TCR binding events ( 27 ). 
Finally, we experimentally validate our model’s spatial predic-
tions using a designed protein system ( 28 ) that allows inde-
pendent variation of antigen spacing and number. These 
findings establish a quantitative framework for understanding 
T cell threat sensing and discrimination. 

Results

The LAT Condensation Model. To assess the contribution of LAT 
condensation to TCR signaling we built a dynamical model of 
the diffusion and clustering of LAT at the membrane. To capture 
these behaviors we built our model on a two dimensional (2D) 
grid representing the plasma membrane of a T cell. Within this 
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 ZAP70, 
SOS, Grb2, PLCγ, 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 chosen independently and stochastically, based 
on each molecule’s context, and the simulation grid is updated 
accordingly. By explicitly modeling the location of each molecule 

our model can capture signaling effects that occur due to spatial 
inhomogeneities not considered in existing models.

 To interrogate the role of LAT condensation independently 
from other signaling steps, we omit the phosphorylation steps 
between TCR binding and ZAP70 activation. Instead, we assume 
that a pMHC-bound TCR immediately initiates LAT phospho-
rylation in its local neighborhood ( Fig. 1A  ). This assumption is 
based on findings that LAT phosphorylation is a rate-limiting step 
for T cell signaling initiation ( 29 ,  30 ), suggesting that the earlier 
steps occur on a faster timescale. In reality, upstream events do 
take time to occur, and are likely also involved in kinetic proof-
reading ( 31 ,  32 ), especially in suppression of signals from very 
short binding ligands (less than a second). We chose to leave out 
the effects of earlier phosphorylation steps in order to isolate LAT 
condensation, and evaluate the degree to which it contributes to 
kinetic proofreading and other signaling properties.

 A pMHC-bound TCR continues fueling LAT phosphorylation 
either until the pMHC dissociates, or the TCR is inactivated. 
TCR inactivation, though not completely understood, is in line 
with experimental observations ( 27 ), and could involve negative 
feedback through phosphatases or TCR trafficking within the 
immune synapse. To simplify our model, we assume that TCR 
inactivation occurs independently for individual TCRs with 
first-order kinetics.

 We assume that the active pMHC–TCR complex phosphorylates 
LAT at four pY sites ( 33 ): Three sites are phosphorylated at a higher 
rate, while one (Y132) is a less ideal ZAP70 substrate and is phos-
phorylated at a lower rate ( 29 ,  34 ) ( 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 initiation 
( 29 ,  30 ). Accordingly, our model contains two types of pLAT: 
p4 LAT, which has all pY sites phosphorylated and can participate 
in PLCγ-mediated bonds, and p3 LAT, which has no phosphoryla-
tion on Y132 and can bind other p3 LAT only via weaker 
Grb2-SOS-mediated interactions ( Fig. 1 A , C , and D  ). These revers-
ible interactions are multivalent and allow LAT to form a conden-
sate by creating a network of bonds through its pY sites ( 10 ,  11 ,  21 ).

Fig. 1.   Model for TCR signaling by LAT condensation. (A) In this model, pMHC 
binding to the TCR triggers local LAT phosphorylation through rapid activation 
of downstream enzymes (e.g., Lck and ZAP70). Phosphorylation produces 
p3LAT (light gray), phosphorylated at Y171, Y191, and Y226; and p4LAT (dark 
gray), additionally phosphorylated at Y132. pLAT is dephosphorylated (e.g., by 
CD45). (B) pLAT molecules diffuse on a 2D grid. (C) Adjacent pLAT molecules 
bind to each other via cross-linking molecules not explicitly modeled. Bonds 
are either weak (yellow bar; slow on-rate, fast off-rate) or strong (purple bar; 
fast on-rate, slow off-rate). (D) Strong bonds (purple bars) require that at least 
one of the bonded pLAT molecules be p4LAT; weak bonds (yellow bars) involve 
either p3LAT or p4LAT.
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 pLAT condensate formation is opposed by the activity of phos-
phatases (such as CD45) which dephosphorylate pLAT, rendering 
it incapable of crosslinking ( Fig. 1A  ) ( 35 ,  36 ). While phosphatases 
act rapidly at uncondensed LAT sites, steric hindrance and exclu-
sion from condensates limit their activity on clustered pLAT ( 21 , 
 22 ,  37 ). We thus modeled a slower dephosphorylation rate for 
pLAT that has more bonds to other pLAT, with the stronger bind-
ing of PLCγ 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 characteristics of the TCR signaling pathway.  

Phosphorylated LAT Condenses Above a Critical Concentration. 
In vitro studies have shown that pLAT can undergo phase separation 
above a critical concentration (21). To determine whether our 
model could recapitulate similar pLAT condensation behavior we 
ran simulations where the number of pLAT molecules was held 
constant. 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 rapidly (38, 39). Consistent with these expectations, we 
observed a sharp transition where pLAT began to form clusters 
above the critical concentration (27 μm−2; SI Appendix, Fig. S1 A–C 
and Movies S1 and S2). Finally, we found that the mean time to first 
cluster decreases with concentration following a power law with an 
exponent of 2.99 ± 0.17, suggesting that cluster nucleation requires 
simultaneous binding of three pLAT molecules (SI  Appendix, 
Fig. S1D). These results demonstrate that the model recapitulates 
the sharp, all-or-none nature of nucleation and condensation as 
intended and allows us to 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 form clusters 
above a critical concentration in our model, we proceeded to ask 
whether pLAT can form clusters in response to TCR–pMHC 
engagement. Single-molecule studies have previously shown that 
individual TCRs can induce LAT clusters with a variable time 
delay after pMHC binding (27). In these experiments TCRs 
are only tracked after they bind to a pMHC, and the pMHCs 
used are very high affinity. To mimic these experiments, we ran 
our simulations with the TCR constantly bound to pMHC 
throughout the simulation (Fig. 2 A and B).

 From simulations, we found that single active TCRs can nucle-
ate clusters of pLAT molecules with a time delay, consistent with 
experimental observations ( 27 ) ( Fig. 2A   and Movie S3 ). In these 
representative simulations ( Fig. 2 ) we found that a small cloud of 
pLAT molecules formed under the active TCR very shortly after 
the start of the simulation. 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. 2C  ; 0 to 15 s). However, in one simulation, there was 
an abrupt transition after a time delay, where a pLAT cluster 
became nucleated and proceeded to grow rapidly, giving rise to a 
large cluster ( Fig. 2C  ; upper trace, 20 to 45 s). Once formed, the 
cluster began to dissipate after the TCR was deactivated ( Fig. 2C  ; 
upper trace, 70 to 120 s).

 Across simulations, LAT clustering was all-or-none and prob-
abilistic in nature: While every active TCR gave rise to a cloud of 
pLAT monomers, some gave rise to LAT clusters, while others did 
not ( Fig. 2B   and Movie S4 ). Notably, these results show that a 
single pMHC ligand can give rise to a large cluster containing 

hundreds of LAT molecules. This remarkable amplification in the 
number of active signaling molecules is also observed experimen-
tally ( 15 ,  27 ) and demonstrates the ability of a condensation-based 
signaling system to sensitively amplify signals from single molecule 
binding events.  

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 experiments (27) (Fig. 3). These 
experiments track individual pMHC–TCR complexes and 
LAT clusters that form nearby and allow delay times and size 
distributions of pLAT clusters to be precisely measured.

 We first quantified the delay time between pMHC binding and 
pLAT cluster formation (τclust ,  Fig. 3 A  and B  ) because this time 
delay in LAT nucleation could constitute a kinetic proofreading 
step. Nucleation times were quantified as the time at which the 
number of LAT molecules reached a fixed threshold; however, we 
note that our results do not depend qualitatively on the threshold. 
Alternative cutoffs (SI Appendix, Fig. S2 A  and C ) or even alter-
native definitions of clustering (SI Appendix, Fig. S2 B , D, and E﻿ ) 
show similarly shaped τclust  distributions, suggesting that clustering 
does occur with a delay, regardless of our definition of a cluster. 
Comparing the simulated and experimental distributions, we find 
that they are strikingly similar with an initial rise peaking around 
15 to 20 s, followed by a slow decay ( Fig. 3B  ) ( 27 ). Critically, both 
distributions do not follow a monotonic decay as 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.

 We next compared LAT cluster sizes obtained from simulation 
to those measured in single-molecule imaging experiments, spe-
cifically comparing the maximal number of pLAT molecules in 
clusters, Nmax , over the course of a simulation to the number of 
pLAT molecules in experimentally observable clusters ( Fig. 3A  ). 

Fig. 2.   Individual bound TCRs nucleate LAT condensates with a time delay.  
(A and B) Snapshots from two example simulations of single permanently 
bound TCRs. Gray squares represent p3LAT (light) and p4LAT (dark). Circles 
represent active (red) and deactivate (purple) TCRs. Each snapshot represents 
a 2.25 x 2.25 μm square. Timestamps in seconds. (C) Trace of largest cluster size 
over time in the same simulations, with the cluster nucleation event marked. 
The colored bar indicates whether the TCR is active (red) or inactive (purple).

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 "
U

N
IV

E
R

SI
T

Y
 O

F 
W

A
SH

IN
G

T
O

N
 L

IB
R

A
R

IE
S,

 A
R

C
S 

- 
SE

R
IA

L
S"

 o
n 

O
ct

ob
er

 8
, 2

02
5 

fr
om

 I
P 

ad
dr

es
s 

20
5.

17
5.

11
8.

18
6.

http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2422787122#supplementary-materials


4 of 11   https://doi.org/10.1073/pnas.2422787122� pnas.org

We note that, because small LAT clusters are below the limit of 
detection in experiments, the experimental cluster size distribution 
would not include many of the small clusters present in our sim-
ulations. Thus, we compared LAT cluster sizes above roughly 200 
molecules. Our simulations show a range of Nmax  values up to 
about 450 molecules ( Fig. 3C   and SI Appendix, Fig. S3A﻿ ), slightly 
smaller than the largest experimentally observed clusters ( 27 ). 
Thus, in our model, single TCR binding events can give rise to 
clusters containing hundreds of LAT molecules, similar in size to 
those observed experimentally.

 Finally, in single-molecule experiments, pMHC-bound TCRs 
gave rise to pLAT clusters only in a fraction of cases (25 to 50%), 
even when they were bound for very long times ( 27 ). 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 sets the probability of clustering at about 
27% in single-molecule experiments ( 27 ) and in our simulations 
( Fig. 3D  , WT).

 The probability of forming a cluster, the size of the cluster that 
is formed, and the delay between pMHC–TCR binding and clus-
ter 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 exper-
imental 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 signal initiation (29), 
and LAT mutations that accelerate this reaction have further been 
shown to promote LAT cluster formation (27). Here, we tested 
whether changes to rates of Y132 phosphorylation can modulate 
time delays to condensate nucleation. We simulated two mutations 
in LAT which are known to affect both the PLCγ binding site and 
the kinetics of signaling. The G131D mutation increases the rate 
of ZAP70 activity at Y132 (29), 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 mutation (33, 40). Conversely, G131D increases the 
productive binding rate from 27% to about 77% (Fig. 3D), in 
agreement with the observation that T cells bearing this mutation 
are more easily activated (29).

 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 distri-
bution and a shorter tail to the right of the distribution ( Fig. 3E  ) 
( 27 ). 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 recapitu-
lates the effects of mutations in LAT that affect the kinetics of its 
phosphorylation at the key Y132 site. We additionally show that 
similar results arise when we use an alternate set of parameters, or 
a shorter simulation time step (SI Appendix, Fig. S3 ); these results 
indicate that our conclusions are robust and our model is not 
overly dependent on our assumptions. Under both parameter sets, 
we are able to recapitulate expected effects on the frequency of 
cluster formation as well as on the distribution of cluster initiation 
times. 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.  

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 enabling T cells to 
selectively respond to high-affinity pMHC ligands. To test this idea, 
we simulated many TCRs on a single cell stimulated with pMHCs 
with varying lifetimes of TCR binding. We note that our model tracks 
the positions of TCRs but not pMHCs, ignoring local rebinding of a 
pMHC to a nearby TCR, because of its low likelihood (SI Appendix, 
Eqs. 14–20). In order to allow a fair comparison between different 
affinity pMHCs, we increased the simulated concentration of the 
pMHC as its TCR binding lifetime decreased such that TCR 
occupancy was held constant (Fig.  4 A and C). The simulation 
results confirm that the concentrations were selected appropriately 
(Fig. 4C). Despite constant TCR occupancy, LAT clustering occurred 
preferentially in response to stimulation with tight-binding pMHCs, 

Fig. 3.   LAT condensates nucleate with a time delay 
that is shortened by enhanced Y132 phosphorylation, 
in agreement with experimental results. Data from 
simulations of single permanently bound TCRs on cells 
with varying LAT mutations. 1,500 replicate simulations 
were run for each mutant. (A) Example trace showing 
the number of clustered pLAT molecules. Nmax denotes 
the maximum number of clustered molecules over the 
simulation. τclust denotes the time at which the first 
cluster of size 50 or greater is formed. (B) Distribution 
of τclust values in simulations for WT LAT (blue bars) 
or compared to the experimental distribution (27) 
(black line). Simulations with no clusters are omitted 
from these distributions. (C) Distribution of Nmax over 
replicate simulations with WT LAT (blue bars) compared 
to the experimentally determined distribution (27) 
(black line). Simulated distribution is truncated at the 
lowest observable cluster size and both distributions 
are normalized to facilitate comparison. (D) Bar 
chart showing the fraction of simulations producing 
a LAT cluster for various LAT mutants (colored bars) 
compared to the experimentally determined value 
for WT LAT (27) (black outline). (E) Distribution of τclust 
values as in (B) for G131D LAT (yellow bars) compared 
to the experimental distribution (27) (black line).
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Fig. 4.   Delays in pLAT condensate nucleation enable kinetic proofreading in TCR signaling. (A–F) Data from simulations of varying pMHC lifetimes and LAT mutants, 
with TCR occupancy held constant. 500 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 1.7 x 1.7 μm square. (C) Average number of bound TCRs (Nbnd) 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 (Nclust) for the same simulations in (C). (E) The fraction of simulations for each LAT mutation and 
pMHC binding lifetime (τoff) that produce a cluster of size 50 or greater (Fclust). As in B–D, the number of bound TCRs is held fixed. (F) Mean Nmax over replicate 
simulations for the same simulations as in (E). Error bars show 25th and 75th percentiles of replicate simulations. (G and H) Data from simulations with varying 
pMHC dose and lifetime, with WT LAT. 495 replicate simulations were run per condition. (G) Fclust for simulations yielding varied numbers of bound TCRs at each 
of three TCR–pMHC half-lives. (H) The mean Nmax in simulations where a cluster forms for the same stimulation conditions as (G). Error bars show 25th and 75th 
percentiles of replicate simulations. TCR occupancy (Nbnd) is measured as the average number of bound TCRs throughout all simulations within a given condition.D
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with little or no clustering occurring for pMHC ligands with shorter 
binding lifetimes (τoff < 0.5 s) (Fig. 4 B, D, and E and Movies S5–
S11). Furthermore, as pMHC binding lifetimes increased, cluster 
sizes and clustering likelihoods increased, indicating that the system 
is able to encode pMHC affinity information at this step. 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 directly 
demonstrate kinetic proofreading by LAT condensation.

 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, G131D increased the 
LAT clustering response both in terms of probability of clustering 
( Fig. 4E  ) and the size of the clusters ( Fig. 4F  ), while Y132F again 
completely prevented clustering. Strikingly, G131D drastically 
reduces the ability of the simulated cells to distinguish lower-affinity 
peptides (τoff  ≤ 0.5 s) from higher-affinity peptides (τoff  ≥ 5 s) with 
roughly half of G131D simulations responding to peptides with 
150 ms 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 disease ( 30 ).

 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 mech-
anism 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 life-
times that are able to produce a condensation response.  

Cluster Growth Allows Wide Dynamic Range. In addition to 
distinguishing between ligands of varying affinity, T cells may 
also distinguish between varying pMHC levels (9), which indicate 
the severity of the infection. Most current models propose that 
signaling is digital at the single cell level such that pMHC dose 
does not alter the response at the single-cell level but tunes the 
percentage of cells that respond (5). However, some aspects of 
TCR signaling have been demonstrated to respond to pMHC 
dose in a graded manner at the single cell level (9, 41).

 To determine the extent to which LAT clustering can convey 
information about pMHC dose, we tested the response of our model 
to doses of three different antigens spanning three orders of magni-
tude ( Fig. 4 G  and H  ). We first tested the response at the population 
level and found that the fraction of simulated cells that form a large 
cluster increases with the antigen dose and lifetime ( Fig. 4G  ). This 
result highlights the digital nature of clustering, and provides a clear 
binary signal as to whether a threat has been detected by the cell. The 
rightward shift of these curves as pMHC binding lifetime decreases 
serves as further confirmation of kinetic proofreading. Interestingly, 
the proofreading is strongest at low TCR occupancy, where only the 
strongest binding pMHC can produce any clusters. Since higher 
occupancies require supraphysiological pMHC levels, this result 
suggests that LAT condensation dynamics are tuned to maximize 
kinetic proofreading under naturally occurring conditions.

 We next examined the response at a single cell level and found 
that changes in cluster size allow for an expanded dynamic range. 
Specifically, as the fraction of cells responding begins to saturate, 
the size of the cluster begins to grow ( Fig. 4H  ). Therefore, even at 
antigen doses where all cells respond, larger doses can be 

differentiated based on cluster size. 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.  

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 
how our model can be distinguished from other existing kinetic 
proofreading models. Most other dynamic models assume a 
well-mixed system, considering the concentrations of signaling 
molecules and the lifetime of binding events but not their 
spatial distribution (3, 8, 13, 15); as such, they would predict 
no dependence of the signaling activity on the spacing between 
antigens. In contrast, because the spatial distributions of LAT 
molecules can affect their propensity to form clusters, it is likely 
that our model would predict some dependence between the 
spatial distribution of pMHC-bound TCRs and signaling activity.

 We therefore tested how our model responds to differing spatial 
arrangements of pMHCs. We ran simulations where a four-by-four 
grid of pMHCs was placed opposing the T cell so that TCRs could 
only bind and activate in those locations ( Fig. 5A  ). We varied the 
2D density of pMHCs over roughly three orders of magnitude by 
adjusting the inter-pMHC spacing, while keeping the number of 
pMHCs constant, and examined the effects on LAT clustering 
( Fig. 5 B  and 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. 5C   and Movies 
S12–S16 ). At very low pMHC densities, each pMHC–TCR com-
plex is isolated from others such that pLAT produced at one TCR 
is dephosphorylated before it can reach a cluster formed at another 
TCR ( Fig. 5D  ). 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 pro-
duced by a single pMHC–TCR complex ( Fig. 5E  ). However, if the 
pMHCs are brought too close together, then the TCRs become 
crowded, merging into what is effectively a single TCR that pro-
duces pLAT at a higher rate. This allows a cluster to form faster, but 
the cluster size is limited by the small area covered by the pMHCs 
( Fig. 5F  ). Thus, LAT condensation sets the spatial scales of TCR 
activation in addition to the temporal scales discussed earlier.          

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 array 
(28) to place pMHCs at regular intervals (Fig. 6A). The arrays 
consist of two components in addition to the pMHC: the A 
component which is fused to the SpyCatcher protein (42), and 
the B component which is fused to green fluorescent protein 
(GFP). When mixed, the A and B components self-assemble into 
a hexagonal grid (Fig. 6A). By controlling the stoichiometry of 
the SpyTag-pMHC and SpyCatcher-A prior to assembly with 
component B, we can control the proportion of vertices of the 
array that present a pMHC, thus setting the average 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 D
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murine class I MHC, H-2D(b) ( 43 ). We used these ligands to stim-
ulate a Jurkat T cell line expressing the cognate P14 transgenic TCR 
and the CD8 coreceptor. This cell line has been shown to give rise 
to robust downstream signaling when stimulated conventionally ( 9 ).

 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 
the TCR subunit phospho-CD3ζ (pCD3ζ) and pLAT ( Fig. 6 B  
and 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 bright-
ness in order to be able to count the number of GFP molecules 
and, by extension, the number of pMHCs present in each array 
(SI Appendix, Fig. S4 ) ( 44 ). 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 (SI Appendix, Fig. S5 ).

 We first used the median phosphorylation signal in each array 
as a measure of the effectiveness of array stimulation ( Fig. 6 D  and 
﻿E  ). These measurements showed a significant elevation of pCD3ζ 
and pLAT levels for arrays that have a high density of pMHC on 
them, while those with no pMHC did not induce any phospho-
rylation above background ( Fig. 6 D  and E  ). Additionally, larger 
arrays (higher GFP copy number) induced higher levels of phos-
phorylation ( Fig. 6E  ). 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 
contacting 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 initiation ( 45 ,  46 ) and could affect 
the fit of the model to the resulting data because the model was 
adjusted to match data from membrane-bound pMHC stimula-
tion. We therefore compare only general trends in these experi-
ments with the model predictions instead of precise values.

 Consistent with the differing biochemical mechanisms for acti-
vation of CD3ζ and LAT, the distributions of their phosphorylation 
levels show different shapes in response to pMHC stimulation 
( Fig. 6E  ). 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 result-
ing from stochastic cluster nucleation in a fraction of cases that 
increases with pMHC number. These results are consistent with 
our model prediction that 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. 4 G  and H  ).  

pMHC Arrays Reveal Optimal Antigen Spacing for LAT 
Condensation. After confirming the functionality of the 2D pMHC 
arrays, we tested whether varying pMHC density has an impact on 
downstream signaling. To do this we created arrays with pMHC 
density varying from 37.5 to 2,400 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 (SI Appendix, 
Fig. S6A). The slope of this relationship also increased with increasing 
pMHC density (SI Appendix, Fig. S6B). 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 additionally varies with pMHC spacing. 
To compare arrays across all pMHC densities despite nonoverlap-
ping distributions of pMHC number, 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 phosphoryl-
ation intensity and pMHC number (SI Appendix, Fig. S7 ), meas-
uring the pY signal per pMHC at a given spacing. We observed a 
significant deviation from a flat line in response to pMHC density 
for LAT activation, efficiency, but not for CD3ζ ( Fig. 6 F –H   and 
﻿SI Appendix, Fig. S8 ). This behavior is very similar to the behavior 
predicted by our model ( Fig. 5 ). The phosphorylation of CD3ζ, 
which does not participate in LAT condensation, is not significantly 
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. Thus, LAT condensation controls both the length and 
time scales required for optimal T cell activation.   

Fig. 5.   Simulations predict an optimal pMHC spacing for 
LAT condensate formation and TCR signaling. 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 3.47 x 3.47 μm 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.
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Fig. 6.   Protein arrays for precise pMHC presentation reveal optimal pMHC spacing for pLAT condensate formation. (A) Illustration of the array assembly and 
imagining protocol. Components A and B are shown as gray triangles and green rectangles, respectively. The assembled array has a 31 nm distance between 
opposing edges of each hexagonal unit (28). (B and C) Example images of cells (purple) and arrays (green) that were fixed 5 min 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 (100th percentile) GFP intensities. (D and E) Mode-normalized kernel density estimates for the distributions of median pCD3ζ (light 
blue, Top) or pLAT (red, Bottom) signal for arrays with low (Left; 0 to 33rd percentile) intermediate (Middle; 33rd to 66th percentile) or high (Right; 66th to 100th 
percentile) GFP intensities, compared to the same measurement in random locations (gray) for blank (D) or pMHC-presenting arrays (E). (F and G) Line plots 
showing CD3ζ (F) or LAT (G) activation efficiency as a function of pMHC density for arrays (colored) 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; filled circles) and their mean (bars) are shown, with each replicate independently normalized to the efficiency at 2,400 pMHC/μm2. Black lines show a fit to 
a Gaussian curve for pooled data across replicates for arrays (solid lines) or background (dashed lines). P-values comparing the Gaussian fit of the array data to 
a flat line (SI Appendix, Fig. S8) are listed in each plot. P-values above 0.05 are marked with n.s., and those below 0.01 are marked with **. (H) Bar plots showing 
the maximal value of the fitted Gaussian for pCD3ζ and pLAT. Error bars indicate the SD derived from curve-fitting. The dashed line indicates a response value 
of 1, equivalent to no change relative to the highest pMHC density tested.D
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Discussion

 Our results demonstrate that the dynamics of LAT phosphoryla-
tion, diffusion, and condensation downstream of the TCR can 
simultaneously give rise to sensitivity, selectivity, and dynamic 
range in T cell antigen sensing. While other signaling mechanisms 
can individually enhance these properties ( 3 ,  5 ,  8 ,  13 ,  15 ,  16 ,  20 ), 
it has not been clear how these mechanisms can simultaneously 
balance the opposing constraints imposed by all three of these 
properties. Through its inherent physical properties, the LAT 
nucleation-condensation process enables the TCR signaling path-
way to simultaneously realize all these features in a single signaling 
step. Cluster growth following nucleation provides a strong pos-
itive feedback mechanism that can amplify even a single pMHC 
binding event into a large signaling response. The resulting cluster 
grows in proportion to the amount of available pLAT, imparting 
the system with a wide dynamic range in its response to pMHC 
levels. Finally, the inherent delay in cluster nucleation filters out 
weak pMHC binding events, enabling proofreading and selective 
responses to long-lasting pMHC–TCR binding events.

 Our results also reveal a strong dependence of T cell signaling 
on the spatial distribution of antigens. The length scale of the 
pLAT gradient under an pMHC-bound TCR sets an optimal 
antigen spacing for LAT cluster growth. This optimal antigen 
spacing was predicted by our model and confirmed in our exper-
iments, and aligns well with results from prior work using DNA 
origami ( 45 ,  47 ) or nanofabrication ( 48 ) techniques to specify the 
spatial arrangement of TCR ligands. Both of these methods allow 
precise control of the grouping of TCR ligands independent of 
their overall abundance. Across all these studies, there was a clear 
effect of ligand arrangement on TCR signaling even at a fixed 
overall ligand density, similar to our model’s predictions. In future 
studies, it will be interesting to examine whether tuning ligand 
spacing can be a strategy for optimizing T cell signaling and effec-
tor responses, particularly in the context of immunotherapy.

 Ultimately, LAT condensation will likely work together with 
other signaling and feedback mechanisms to specify the functional 
properties of TCR signaling. For instance, negative feedback loops 
initiated downstream of clustering may further improve selectivity 
( 3 ,  5 ). Similarly, the inclusion of kinetic proofreading steps 
upstream of LAT phosphorylation could also improve selectivity. 
In future work, it will be important to analyze the relative roles 
and contributions of these distinct biochemical processes to T cell 
antigen sensing and signaling.

 Our results point to a broader role for phase separation of signaling 
pathway components in shaping cellular responses across diverse 
physiological and pathological contexts. In T cells, phase separation 
provides an intuitive explanation for how these cells can detect threats 
with high selectivity and sensitivity for effective immune protection. 
It also provides insight into the mechanisms by which mutations in 
key TCR pathway components could alter antigen recognition and 
lead to autoimmune disease. More generally, phase-separation phe-
nomena are being discovered in a wide range of biologically relevant 
pathways ( 38 ,  49 ), and understanding how they contribute to sign-
aling outcomes in these contexts could lead to valuable insights in 
many areas. Our model provides a framework to do exactly that by 
making it possible to explicitly model the contributions of phase- 
separation to cellular signaling networks.  

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 30 nm 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 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.	 pLAT–pLAT binding (via Grb2, SOS, and PLCγ)

These steps are repeated for the desired number of time steps (for a total of 
2 min of simulated time). The length of the time step is set to 125 μs (unless 
otherwise indicated) 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 SI Appendix, Modeling Appendix.

Analysis of Simulation Results. The output of each simulation was analyzed 
to determine two key values:

1.	 Nmax: The maximum number of clustered molecules. This was defined as the 
maximal value of the number of molecules in clusters of size 50 or greater 
over the course of the simulation.

2.	 τclust: The time at which the first cluster formed in the simulation. In the main 
text and SI Appendix, Figs. S1 and S3, this was defined as the earliest time point 
at which the largest cluster in the simulation contained at least 50 molecules. In 
SI Appendix, Fig. S2 A and C, the minimum cluster size was varied from 5 to 50 
molecules. In SI Appendix, Fig. S2 B, D, and E, the definition was the time at which 
the first period of sustained (duration ≥ D) and rapid (growth rate ≥ R) began, for 
varying values of D and R. For any definition of τclust, simulations that never meet 
the defined criteria were ignored.

For each group of replicate simulations, the fraction of simulations achieving 
a cluster (Fclust) was calculated as the fraction of simulations with Nmax ≥ 50. All 
simulation results presented here are derived from Fclust, Nmax, or τclust.

Array Component Purification. SpyCatcher-fused component A (A-SC) and 
GFP-fused cyclic component B (B-c-GFP) were expressed in Escherichia coli as 
previously described (28). E. coli cell pellets were resuspended in TBS supple-
mented with 5% (w/v) glycerol (TBSG), 1 mM PMSF, and 0.7 U/mL RNase A and 
lysed by sonication. Lysate was clarified by centrifugation at 14,000× g for 30 min 
and His-tagged array components were purified form the soluble fraction by Ni 
affinity chromatography in TBSG with either 40 mM imidazole (wash) or 500 mM 
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 pep-
tide (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 4 °C 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 5 μM A-SC and 
2.5 μM B-c-GFP in TBSG with 500 mM imidazole. The final mixture was allowed 
to assemble overnight at 4 °C, protected from light. Assembled arrays were 
separated from free components by centrifugation at 5,000× g for 5 min. After 
aspirating the supernatant, the pelleted arrays were resuspended in TBSG with 
500 mM imidazole to their original volumes before aspirating.

Cell Line. The Jurkat cells used in these experiments were provided by Matthew 
Wither. They were produced by transducing a TCRβ-knockout Jurkat line with two 
lentiviral vectors. The first vector expressed the α and β chains of the P14 TCR 
(fully murine sequences) under the same promoter, separated by a P2A linker. The 
second vector expressed CD8α and CD8β (fully murine sequences), again under 
the same promoter, separated by a P2A linker. A single clone was selected from 
the doubly transduced cells and expanded for imaging experiments.D
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Cell Culture. P14 Jurkat cells grown in Roswell Park Memorial Institute 1640 
medium (Gibco 11835-030) supplemented with 10% fetal bovine serum (VWR 
89510-186), 10 mM HEPES (Gibco 15630-080), 1 mM sodium pyruvate (Gibco 
11360-070), and 1× Pen/Strep/Glu (Gibco 10378-016) (T cell media). Cells were 
stored as 500 μL aliquots at 5 M/mL in T cell media with 5% dimethyl sulfoxide in a 
liquid nitrogen dewar. Four days prior to imaging, cells were thawed, washed with 
2.5 mL of T cell media, plated in 5 mL T cell media in a 6 cm dish and incubated 
for 2 d at 37 °C and 5% CO2. After 2 d cells were counted and diluted to 100 k 
cells/mL in T cell media and incubated for another 2 d.

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 (100× dilution; MBL Life Science 
598), anti-LFA1 (10 ng/μL; BioLegend 301202), and retronectin (20 ng/μL; Takara 
T100B) in PBS overnight at 4 °C. After coating, the plate was blocked in 1% casein 
(Sigma Aldrich C8654) for 1 h at 37 °C and washed three times with PBS. Each 
well of the plate was then coated with 50 μL of a 2,000× dilution of assembled 
arrays in TBSG with 500 mM imidazole. The plate was centrifuged at 100× g for 5 
min 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 35 k cells/well and 
centrifuged at 100× g for 1 min to induce contact with the arrays. After 5 min of 
incubation at room temperature (including the 1 min centrifugation) cells were 
fixed with BD fixation buffer (BD Biosciences 51-2090KZ) for 30 min at room 
temperature. Fixed cells were permeabilized and blocked with a 1× BD wash/
perm buffer (BD Biosciences 51-2091KZ; diluted from 10× in Fc blocking buffer) 
for 15 min at room temperature, protected from light. Cells were then washed 
twice with 1× BD wash/perm buffer diluted in PBS, and stained overnight at 4 °C, 
protected from light, with 50 μL/well of PE-anti-pLAT (BD Biosciences 558487; 
5× dilution) and AF647-anti-pCD3z (Abcam ab237452; 100× dilution) in 1× 
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 100 μL of 5 μM CellTrace Violet (Invitrogen C34557) in PBS for 20 
min 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 100 μL 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 63× (0.75 NA) glycerol objec-
tive. At each position, a z-stack of six slices separated by 200 nm, centered on the 
z-coordinate of the arrays was acquired. Images of cells (DIC, 100 ms exposure), 
CellTrace (405 Ex, 440/40 Em, 500 ms exposure), arrays/GFP (470 Ex; 510/50 
Em, 900 ms exposure), PE-anti-pLAT (555 Ex, 600/50 Em, 200 ms exposure), 
and AF647-anti-pCD3ζ (640 Ex, 700/75 Em, 900 ms 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 attached (44) 
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 (SI Appendix, Fig. S4).

Statistical Analysis of Imaging Data. To determine whether the optimal value 
of pMHC density observed on our imaging experiments was statistically signif-
icant, we compared two fits to the relative activation efficiency data. The first fit 
was a simple flat line, representing the null hypothesis that pMHC density does 
not impact activation efficiency. The second was a Gaussian with four parameters: 
amplitude, mean, SD, and baseline, representing the hypothesis that there is an 
optimal spacing. The Gaussian was constrained to have a SD greater than half the 
spacing between adjacent data points and a baseline above −3 (a value near, but 
lower than the lowest value in the dataset) in order to avoid overfitting to noisy 
data. The two fits were compared using the F-test to obtain a P-value for the signif-
icance of the improvement in the fit gained by fitting the Gaussian instead of the 
flat line. We also calculated the maximum height of the Gaussian fit (the sum of 
the amplitude and the baseline) as a measure of the effect size of pMHC spacing.

Data, Materials, and Software Availability. Summarized simulation and 
imaging data, and the code used to run simulations and analyze simulation and 
imaging data have been uploaded to the Kueh lab github (https://github.com/
kuehlab/LAT-clustering_White-et-al-2025) (50).
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