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ABSTRACT

Protein phosphorylation, catalyzed by more than 500 human kinases, governs al-
most every aspect of cellular signaling. Despite decades of research, a profound
gap persists between the scale of the kinase signaling network and our ability to
characterize it: over 95% of human phosphosites lack a confidently assigned ki-
nase, approximately one-third of the kinome remains functionally understudied,
and mechanisms by which kinase domains recognize and select substrates remain
under-explored. Consequently, the druggable landscape for targeting phosphoryla-
tion rewiring events in disease contexts remains limited. This thesis seeks to address
these challenges through complementary advances spanning machine learning, high-
throughput interactome screening, and deep mutational scanning.

In Chapter 2, we develop KINBERT, a transformer-based protein language model
that jointly encodes paired kinase domain and substrate peptide sequences, trained
across 2,304 kinases and 92 organisms to enable genuine generalization to under-
studied kinases. We demonstrate its utility through disease variant interpretation and
identification of host kinase targets during viral infection. In Chapter 3, we develop
PhosphoPCA, a barcoded yeast-based platform that couples kinase–substrate phos-
phorylation to cell growth for high-throughput pooled profiling of kinase specificity,
and apply it to identify novel substrates for understudied kinases and to engineer
validated live-cell SPARK biosensors for the innate immune kinases such as TBK1.
In Chapter 4, we leveraged double-deep phospho-PCA to enable deep mutational
scanning of kinase domains with measurable components of fitness from protein
stability, phosphorylation activity, and substrate selectivity.

Together, these three chapters establish an integrated framework for systematically
decoding the kinase–substrate interaction space, providing a diverse set of novel
technologies for illuminating the dark kinome, interpreting pathogenic pSNVs, and
enabling generalizable engineering of kinase biosensors and therapeutics.
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C h a p t e r 1

INTRODUCTION

1.1 The Dark Kinome and the Darker Phospho-Interactome
Protein phosphorylation is one of the most prevalent post-translational modifica-
tions in eukaryotic cells and regulates nearly every aspect of cellular physiology.
The human genome encodes more than 500 protein kinases capable of modifying
a substantial fraction of the proteome (Graham et al., 2004). Protein kinases cat-
alyze the transfer of the 𝛾-phosphate group from ATP onto serine, threonine, or
tyrosine residues of substrate proteins, thereby altering enzymatic activity, localiza-
tion, stability, and molecular interactions (Figure 1.1). Through these mechanisms,
phosphorylation governs processes including cell cycle progression, cell prolifera-
tion, differentiation, metabolism, and checkpoint signaling. Dysregulation of kinase
signaling is a recurring feature of human diseases, particularly cancer, immune dis-
orders, and neurodegeneration (Barefield & Sadayappan, 2010; J. Ji et al., 2015;
Vogelstein et al., 2013). In response to upstream stimuli, protein kinases selectively
transfer phosphate groups to their substrates, significantly affecting the behavior of
the substrate protein by causing changes in enzymatic activity, cellular localization,
and affinity for binding partners (Buljan et al., 2020; Roland Akinseye, 2024; Vo-
liotis et al., 2014). Given the central role that protein kinases play in the cell’s
information-processing capabilities, their ability to control their activity and select
a specific set of substrates is essential to their function. Dysregulation of protein
kinases can be caused by single missense mutations, or variants, and these variants
are important drivers of numerous diseases (Medvedev et al., 2023; Torkamani
et al., 2009; L. Wang et al., 2021), including autoimmunity and cancer. Despite
decades of research, a large portion of the kinome remains poorly characterized.
Approximately one-third of human kinases—around 160 proteins—lack in-depth
study of their function, regulation, and substrate relationships, constituting what is
collectively termed the "dark kinome" (Gomez et al., 2024).

The "darkness" extends beyond the kinases themselves to their interactions. Large-
scale phosphoproteomics has cataloged hundreds of thousands of phosphosites
across the human proteome (Huttlin et al., 2010; Lundby et al., 2012), and more than
534,000 experimentally observed phosphorylated residues are now documented.
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However, the upstream enzymes responsible for most of these events remain un-
known: more than 95% of human phosphosites lack an assigned kinase (Needham
et al., 2019). Current phosphoproteomics has cataloged enormous numbers of phos-
phosites across the proteome, yet the kinases responsible for most of these modi-
fication events remain unknown. This disconnect constitutes the darker phospho-
interactome: we know the modifications exist, but not the regulatory wiring diagram
that produces them. As we would elaborate in 1.2, 1.3, current consortium-scale
efforts on profiling phosphorylation motifs and assigning predicted kinase-substrate
interactions contains inherent limitations that is hard to transcend onto absolute
sequence spaces of kinase-substrate interactions.

Systematic efforts to address this gap have underscored that available resources
provide correlational evidence rather than definitive substrate mappings: network
inference is not equivalent to causal assignment, and in vitro specificity does not
guarantee in vivo substrate selection. Many dark kinases involved in diseases
lack functional annotation, validated substrates, and any known downstream tar-
gets, creating a compounding bottleneck for translational relevance and therapeutic
prioritization (Gomez et al., 2024). Earlier estimates suggested that only 8% of
the kinome had been effectively targeted for approved therapeutics; updated anal-
yses through 2024 indicate that approximately 80 FDA-approved small-molecule
inhibitors now collectively target around 25 unique human kinases. (Attwood et al.,
2021; Roskoski, 2024). This still leaves the majority of all human kinases without
a clinical-stage modulator (Attwood et al., 2021). Current phosphorylation omics
data derived from genetic, transcriptomic, or proteomic approaches therefore only
point indirectly to kinase activities, providing limited value for functional studies of
kinases in pathogenesis and for precision medicine development. Improved knowl-
edge of how variants affect catalytic activity of kinase domains as well as substrate
recognition will be critical for understanding broader concepts of protein stability,
structural determinants of specificity, and mechanisms of allostery, with the po-
tential to generate potent and specific molecules that alter kinase activity without
off-target effects (Y. Liu et al., 2025; Martinez et al., 2020; X. Xu et al., 2019).

1.2 Molecular Basis of Kinase Domain Specificity
1.2.1 The Kinase Catalytic Domain Recognizes Phosphosite Flanking

Residues
With over half a million experimentally observed human phosphorylation sites,
kinases must consistently discriminate among thousands of potential substrates to
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Figure 1.1: Overview of human protein kinase families, functions, disease roles,
and understudied landscape. A) Overview of human protein kinase families,
adapted from (Modi & Dunbrack, 2019b) B) Diverse biological functions regu-
lated by protein kinase in phosphorylation-dependent manner C) Biological pro-
cesses regulated by protein kinases and diseases involving malfunctioning kinases
D) Overview of the understudied dark kinome E)Evolutionarily Divergent residues
on kinase family and subfamily levels implied as specificity determinant candidates,
adapted from (Bradley et al., 2021)

maintain signaling fidelity. Computational approaches have succeeded in predicting
phosphosite occurrence from sequence context alone (Dou et al., 2014); however,
identifying which kinase is responsible for each phosphorylation event remains a far
more challenging problem. Although scaffold proteins and subcellular localization
contribute to selectivity, the primary molecular determinants reside in an interface
between two elements: the approximately 250-residue catalytic domain of the ki-
nase, and the approximately 7–15 amino acid sequence flanking the phosphosite on
the substrate (Amanchy et al., 2007).

A key gap in our knowledge is a mechanistic understanding of how kinase domains
contribute to substrate specificity. While physical co-localization of kinases with
their substrates—often mediated by interactions between peptide-binding domains
and short linear interaction motifs—is a key component of substrate specificity
(W. T. Miller, 2003), a growing body of work demonstrates that the kinase domain
itself makes a significant contribution to substrate recognition (Ubersax & Ferrell
Jr, 2007). Domain-swapping experiments on receptor tyrosine kinases have shown
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that cells expressing chimeric receptors develop phosphorylation profiles consistent
with the substrate preference of the kinase domain rather than the base receptor (Cai
et al., 2017; Duplay et al., 1996; Nagao et al., 2021; Nakamura et al., 1996; Piccinini
et al., 2002; Santoro et al., 1994). Complementing this work are studies on RET
(Songyang et al., 1995), CAMK2 (Özden et al., 2022), c-Src (Cuesta-Hernández
et al., 2023; N. H. Shah et al., 2018), PKA (Lubner et al., 2017; Walker et al., 2019),
and ERK (Torres Robles et al., 2025), which show that single-point mutations in
kinase domains can change their substrate preferences and, in some cases, drive
pathogenicity (Lubner et al., 2017; Walker et al., 2019).

1.2.2 Evolutionary Divergence of Specificity-Determining Residues
While classical protein kinases share a comparable bilobal structural framework,
they exhibit striking variation in the charge, hydrophobicity, and geometry of the
surface residues lining the substrate-binding cleft. This observation, in combination
with evolutionary analyses of tyrosine kinases, supports the hypothesis that kinase
domains originated from a promiscuous common ancestor and evolved to develop
distinct and diverse substrate preferences (Finneran et al., 2020). A paradigmatic
example of how individual residues encode substrate discrimination is provided by
CaMKII: a single substitution in the kinase domain is sufficient to alter selectivity
at the substrate +2 position (Castro-Rodrigues et al., 2018). Disease mutations rein-
force this principle at a pathological level. LRRK2 G2019S—one of the most com-
mon genetic causes of familial Parkinson’s disease—lies in the DXG𝜓 motif of the
LRRK2 kinase activation loop and stabilizes the DYG-in active conformation, lock-
ing the enzyme in a hyperactive state with substantially increased phosphorylation
of Rab GTPase substrates (Schmidt et al., 2021). Critically, this single glycine-to-
serine substitution not only elevates total catalytic output but also alters the relative
phosphorylation efficiency across substrates, illustrating that kinase domain muta-
tions can qualitatively rewire substrate selectivity rather than merely scaling overall
activity. Despite the biological and clinical importance of these examples, the
effects of missense mutations in kinase catalytic domains on kinase–substrate phos-
phorylation activity remain characterized only individually, with evidence gathered
sporadically across the literature rather than in any systematic framework.

Analysis of phosphorylation data across eukaryotic species reveals that most ser-
ine/threonine phosphorylation motifs are broadly present within eukaryotes but
absent from prokaryotic phosphoproteomes, underscoring that the substrate recog-
nition grammar of the eukaryotic protein kinase (EPK) superfamily is a eukaryote-
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specific evolution (Bradley & Beltrao, 2019). This contrast is sharpest when compar-
ing EPKs with prokaryotic eukaryotic-like kinases (ELKs). ELKs share the bilobal
catalytic fold and the conserved DFG/HRD catalytic motifs with their eukaryotic
counterparts yet lack the dynamic activation segment and GHI helical subdomain
that evolved in EPKs as a platform for allosteric regulation and substrate dock-
ing. Consequently, prokaryotic ELKs phosphorylate chemically distinct substrates
(Taylor & Kornev, 2011). The existence of a shared catalytic fold that nevertheless
supports entirely distinct substrate selectivity illustrates how much of the divergence
kinase allosteric landscape remains to be decoded.

1.3 Limitations of Existing Experimental Approaches to Characterize the
Phospho-Interactome

Kinases and their target substrates have for the past decades been investigated indi-
vidually in specific disease and biological pathway contexts. As a result, interactions
in literature-curated databases are heavily biased, with many kinases having fewer
than ten known substrates (Hornbeck et al., 2015). The major experimental ap-
proaches to kinase–substrate interaction (KSI) profiling have each made important
contributions, but each carries characteristic limitations that leave the problem cur-
rently unsolved (Figure 1.2).

The structural basis for kinase specificity is difficult to interrogate because only
approximately 20 co-crystal structures of protein kinases bound to a substrate peptide
have been solved (Bradley et al., 2021). This scarcity of kinase–substrate co-complex
structures due to the transient nature of phosphorylation events has impeded efforts
to derive the principles governing enzyme–substrate recognition from structural
data and stands in stark contrast to the hundreds of kinase structures solved in
complex with ATP-competitive inhibitors. Even closely related kinases can engage
substrates through entirely different binding modes (Bullock et al., 2009), yet the
lack of diverse samples of kinase-substrate co-crystal structures limits the direct
understanding of substrate recognition mechanism with dynamic and comparative
structural evidence.

A major advancement toward understanding kinase selectivity arrived with combina-
torial positional scanning peptide libraries. In this approach, a purified recombinant
kinase is incubated with ATP and approximately 2.5 billion randomized peptides
that systematically substitute each of 20 amino acids at each flanking position. The
extent of phosphorylation at each substituted position is detected by phosphoim-



6

ager, yielding a linear consensus motif describing preferred flanking residues for the
screened kinase (Johnson et al., 2023). This strategy was recently applied at atlas
scale across the human serine/threonine kinome, profiling 303 kinases to produce
the most comprehensive substrate specificity matrix available (Johnson et al., 2023),
and subsequently extended to the tyrosine kinome across 84 human tyrosine kinases
(Yaron-Barir et al., 2024). However, consensus motifs are at times an oversimplifi-
cation of kinase specificity and in vivo phosphorylation environment with important
practical consequences. The assay is performed cell-free on degenerate synthetic
peptides and inherently cannot render sequence-level resolution. Moreover, the
mere existence of a consensus phosphorylation site within a protein does not pro-
vide an assurance that the protein functions as a substrate within a living organism.
For example, past research has identified that 123 proteins with the presence of a
full consensus site is not sufficient for Cdk phosphorylation (Ubersax et al., 2003).
Vice versa, it is important to note that genuine phosphorylation sites may not always
comply with the known consensus. In a study where human tyrosine kinases were
profiled against yeast proteome, it was realized that human non-receptor tyrosine
kinases are capable of phosphorylating a diverse range of substrates not following
the previously defined consensus motifs (Corwin et al., 2017). Some kinases also
exhibit multiple distinct selectivity modes that a single consensus motif cannot cap-
ture (Mok et al., 2010). Motif-based approaches therefore describe biochemical
permissibility rather than true biological interaction. Furthermore, these methods
are unable to assess kinase variants in parallel, making it challenging to study the
impact of variants on substrate specificity (Johnson et al., 2023; N. H. Shah et al.,
2018; Songyang et al., 1994; Yaron-Barir et al., 2024).

Mass spectrometry–based phosphoproteomics provides the complementary, cell-
endogenous view of the phosphorylation landscape but faces the opposite limita-
tion: it reveals which sites are phosphorylated without identifying the responsible
kinases. Quantitative phosphoproteomics after genetic or pharmacological kinase
perturbation can nominate kinase–substrate links indirectly, but identifying which
specific kinase is responsible for a given phosphosite remains a challenge and the
throughput of screening is limited to the diversity of one cell-type specific pep-
tides and one kinase perturbation at a time (Nováček et al., 2020). Thus, the two
most powerful existing approaches—positional scanning for kinase preferences and
phosphoproteomics for site discovery—are complementary but non-intersecting:
neither alone, nor both combined, reliably profiles which kinase phosphorylates
which phosphopeptide with peptide sequence level resolution.
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Co-crystal Structures: Structural Basis of Kinase-Substrate Specificity
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Figure 1.2: Current experimental limitations of kinase-substrate specificity
studies. A) The scarcity of co-crystal structure with active kinase and substrates.
B) Positional scanning results in potentially over-generalized peptide motifs. C)
Phospho-proteomics fails to connect kinase to phosphosites.

A third and underappreciated gap is the absence of a scalable, simultaneous, pooled
screening strategy capable of profiling large numbers of substrate sequences against
multiple kinases in a single experiment. Current specificity profiling is primar-
ily one-kinase-at-a-time: positional scanning, bacterial surface-display peptide li-
braries (N. H. Shah et al., 2018), and yeast-display platforms each profile a single
kinase per experiment, making comprehensive kinase–substrate pairs mapping in-
tractable. Yeast-based human kinase expression arrays represent a significant scaling
effort. Breitkreutz et al. (2010) established a resource covering 87 yeast and human
kinases for phenotypic readouts, and Jehle et al. (2022) extended this to 266 human
kinases in a chemical-genetic platform. However, these array-based approaches test
each kinase independently in separate wells and do not resolve individual peptide-
level KSI scores for large substrate sets in a pooled format. No current experimental
platform supports simultaneous profiling of 1,000 or more substrate sequences
against 10 or more kinases variants in a single pooled assay with quantitative, per-
substrate KSI resolution. This gap in multiplexing throughput directly limits the
training data available for computational predictors and the discovery rate for dark
kinase substrates (Figure 1.3).

Deep mutational scanning is a technology well suited for understanding the impact
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of variants on protein function (Fowler & Fields, 2014; Wei & Li, 2023). In this
approach, the impact of thousands of mutations is measured in parallel by coupling
protein activity to readable output such as cell growth. This coupling enables
quantification using next-generation sequencing to measure the desired properties
of protein variants. Deep mutational scanning has been applied to various systems,
including viral fitness (Hom et al., 2019; Sourisseau et al., 2019; Starr et al.,
2020), photosynthetic enzymes (Prywes et al., 2025), G-protein-coupled receptors
(M. K. Howard et al., 2025; Jones et al., 2020), protein–protein interactions (Faure
et al., 2022; Weng et al., 2024), as well as kinases such as ABL (Sokirniy et al.,
2025), MET (Estevam et al., 2025), EGFR (Hayes et al., 2024), Syk (Hobbs et al.,
2022), ERK2 (Brenan et al., 2016), and c-Src (Ahler et al., 2019; Beltran et al.,
2024). Although deep mutational scanning is powerful, prior assays are unable to
distinguish between increased protein abundance and solubility from kinase activity
(Ahler et al., 2019; Hobbs et al., 2022). Two recent preprints suggest that performing
separate deep mutational scans for protein activity and abundance can begin to
address this limitation (Beltran et al., 2024; C. J. Howard et al., 2025); however,
these studies measure overall kinase activity by linking higher kinase activity to
increased cytotoxicity from disrupted phosphorylation pathways and are unable to
reveal changes in substrate preferences among kinase variants.

1.4 Gaps in Computational Models for the Phospho-Interactome Prediction
Numerous computational tools attempt to predict kinase–substrate interactions.
Early approaches such as Scansite employed position-specific scoring matrices
(PSSMs) derived from consensus motifs (Obenauer, 2003). While useful, PSSM-
based scoring collapses complex recognition into linear residue weights that tend to
be overly generalized. Without taking in kinase sequence information, these tools
cannot transfer specificity knowledge between kinases. Later methods incorporated
interaction databases and machine learning but remained restricted to well-studied
kinases with sufficient training examples. Most predictors cover only tens to low
hundreds of kinases out of more than 500 (Horn et al., 2014; D. Wang et al.,
2017; M. Wang et al., 2017). Knowledge-graph approaches such as LinkPhinder
expanded coverage to over 300 kinases through relational learning (Nováček et al.,
2020), yet these approaches rely on existing curated interactions and therefore inherit
the same literature imbalance of training data. New model architecture is needed:
kinase–substrate interaction is a pairwise sequence recognition problem, yet most
existing tools either ignore kinase sequence or treat substrate peptides independently
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tion of kinase-substrate specificity studies. A) Phospho-Y2H (yeast two-hybrid)
pipeline illustration. B) Deep mutational scanning for kinase domain illustration.



10

of kinase identity. Consequently, they cannot transfer specificity knowledge from
well-studied kinases to understudied ones, nor can they generalize to novel biological
contexts with novel substrate sequences such as viral infection phosphoproteomics
or disease-associated phosphosite variants.

Attempts in using protein language models to predict protein-protein interaction
events emerge with the transformer models being more accessible. Protein amino
acid sequences are sequential data governed by the physical and evolutionary con-
straints of protein folding. Two amino acids distant in the one-dimensional sequence
may interact strongly in the folded three-dimensional structure. Transformer archi-
tectures with multi-headed self-attention learn these long-range dependencies in a
parallel and unsupervised manner (Vaswani et al., 2017), making them well suited
to protein sequence representation. Pioneering protein language models include
UniRep (Alley et al., 2019) and SeqVec (Heinzinger et al., 2019). Subsequent large-
scale transformer models such as ESM-2, trained on hundreds of millions of protein
sequences, capture structural and functional information without explicit supervi-
sion and outperform recurrent architectures on diverse downstream tasks (R. Rao
et al., 2019; Rives et al., 2021). Transformer models can represent interactions be-
tween two biological sequences by concatenating them into a single input, analogous
to question–answer pair modeling in natural language processing. This approach
has successfully predicted MHC–peptide binding by treating the MHC allele and
peptide as paired input sequences, outperforming state-of-the-art single-sequence
tools (Cheng et al., 2021). The same principle applies directly to kinase–substrate
interaction, where the kinase catalytic domain and substrate peptide can be jointly
encoded, enabling the model to learn pairwise specificity rather than single-sequence
properties.

Two recent models illustrate the state of the art and its architectural trade-offs.
Phosformer (Z. Zhou et al., 2023) accepts an unaligned kinase catalytic domain
sequence paired with a 13-residue substrate peptide centered on the phosphosite.
ESM-2 embeddings are extracted independently for the kinase and the peptide,
then concatenated and passed through a lightweight transformer classification head
that predicts the interaction probability. KolossuS (Jha et al., 2025) adopts a co-
embedding architecture that represents both the full-length kinase sequence and
a 15-mer substrate peptide in a shared latent space via a multilayer perceptron
(MLP) projection layer. Representation embeddings are extracted from ESM-2 at
up to 15 billion parameters; average-pooled kinase and substrate embeddings are
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then nonlinearly transformed into a shared embedding space in which interacting
kinase–substrate pairs are trained to be geometrically close. The model was trained
on both the serine/threonine and tyrosine kinome atlas datasets, enabling cross-
kinase transfer of specificity information.

Despite these architectural advances, all current protein language model–based KSI
predictors training data are dominated by the same well-characterized kinase fam-
ilies that have accumulated the most research documentation over decades such as
AGC, CMGC, CAMK, and select tyrosine kinase families. Strong performance
on held-out test sets sampled from the same distribution does not guarantee gen-
uine generalization to dark kinases or novel biological contexts. There is a risk
that these models learn the statistical regularities of curated biological signaling
networks—such as which substrates co-occur with which kinase families in the
literature and which motifs are represented in PhosphoSitePlus—rather than the
underlying biophysical rules that govern how a kinase catalytic domain recognizes
and coordinates a peptide for phosphoryl transfer. A model that has effectively cap-
tured the connectivity of well-annotated pathways will perform well when asked to
score substrates abiding to the injected biology pathway biases, but will extrapolate
poorly when asked to predict substrates for a dark kinase whose signaling context
is entirely uncharacterized, or for novel substrates that do not conform to known
and well-populated substrates in training data. Benchmark results from KolossuS
comparing performance across kinase families with different annotation densities
show that prediction performance is markedly lower for kinase families with sparse
PhosphoSitePlus representation, consistent with this concern (Jha et al., 2025). Ar-
chitectural choices that promote learning of biophysical recognition rules, including
training on diverse in vitro biochemical datasets, hard negative sampling based on
kinase family annotations, and penalization of signaling-context associations using
unbiased, cross-kinase screening, are necessary to produce predictors that genuinely
extend into the dark kinome.

1.5 Biological Motivation for Accurate Kinase–Substrate Specificity Profiling
1.5.1 Mapping the Phospho-Interactome as a Prerequisite for Engineering

Live-Cell Kinase Biosensors
Understanding kinase specificity not only will benefit the understanding of struc-
tural determinants on the kinase domain, but also suggesting high-quality substrates
for biosensor engineering. Live-cell kinase activity biosensors depend on iden-
tifying a substrate peptide that is selectively phosphorylated by a given kinase,
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paired with a phospho-binding domain that recognizes that modification (Ni et al.,
2018). Several reporter architectures have been developed. FRET-based reporters
use donor–acceptor fluorescent protein pairs flanking a phosphorylatable substrate
and a phosphopeptide-binding domain (PBD); phosphorylation drives intramolec-
ular conformational change and produces a ratiometric FRET signal (Greenwald
et al., 2018; J. Zhang et al., 2001). Kinase Translocation Reporters (KTRs) cou-
ple phosphorylation to nucleo-cytoplasmic redistribution of a fluorescent protein,
providing a digital-like spatial readout (Regot et al., 2014). Phase-separation-based
SPARK sensors leverage multivalent interactions to amplify the phosphorylation
signal into bright condensate puncta (Q. Zhang et al., 2018) (Figure 1.4). Single-
fluorophore Exrai reporters based on circularly permuted EGFP (cpEGFP) achieve
greater dynamic range than classical FRET by directly coupling phosphorylation-
induced conformational change to the chromophore environment (Schmitt et al.,
2022; J.-F. Zhang et al., 2021). Unlike bulk phosphoproteomics, biosensors probe
kinase activity in a natural cellular environment with single-cell, real-time spa-
tiotemporal resolution, deconvoluting heterogeneity masked by population-average
measurements. Despite advances in reporter chemistry, biosensor development
has concentrated on a small set of well-characterized kinases such as PKA, ERK,
CaMKII, and AMPK. The primary limiting factor is not the reporter architecture
but substrate identification: without a selective, validated substrate peptide and a
corresponding phospho-binding domain that recognizes the phosphorylated peptide,
no reporter can be built. As a consequence, kinase biosensors have been iterating for
better signal-to-noise ratio only the same set of kinases but remain experimentally
inaccessible for most of the kinases without a compatible substrate.

1.5.2 Phosphorylation Rewiring Events in Human Diseases
Large-scale genomic sequencing has revealed that human genetic variation fre-
quently perturbs post-translational regulation including phosphorylation sites. Mis-
sense variants are enriched near phosphorylation sites and protein interaction inter-
faces across diverse disease contexts. Reimand et al. (2013) systematically analyzed
cancer genomes and demonstrated that somatic mutations are significantly enriched
at and around phosphorylation sites in more than 89% of tumors across 12 can-
cer types. Phosphorylation-altering single nucleotide variants (pSNVs) were found
to be more functionally deleterious than mutations at non-phosphorylation sites.
The disease relevance of phosphorylation rewiring extends beyond cancers. In
Alzheimer’s disease, tau hyperphosphorylation at more than 40 serine/threonine
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Figure 1.4: Survey of live-cell kinase biosensor designs. A) Ratiometric single-
fluorescent protein ExRai Design, illustration inspired by (J.-F. Zhang et al., 2021).
B) Phase-separation based SPARK reporter design, illustration inspired by (Q.
Zhang et al., 2018).

sites—driven largely by CDK5 and GSK-3𝛽—promotes dissociation from micro-
tubules and the formation of paired helical filaments and neurofibrillary tangles.
Phosphorylated tau at Thr231, Ser396, and Ser404 serves as diagnostic biomarker
signatures of active disease (Tönnies & Trushina, 2017). In Parkinson’s disease,
𝛼-synuclein phosphorylation at Ser129 marks more than 90% of aggregated Lewy
body inclusions, directly implicating aberrant kinase activity in aggregate seed-
ing (Tenreiro et al., 2014). Age-dependent upregulation of CDK5 and GSK-3𝛽
activity in the aging mouse brain—detectable by quantitative phosphoproteomics—
recapitulates multiple Alzheimer’s-associated phosphorylation signatures and cor-
relates with progressive neuronal dysfunction (Mohallem et al., 2024). In cardiac
disease, hypertrophic cardiomyopathy mutations in sarcomeric proteins frequently
map to phosphorylation sites normally targeted by PKA and CaMKII during 𝛽-
adrenergic contractile regulation. Phosphorylation-altering variants at these sites
disrupt the phosphorylation-dependent modulation of myosin cross-bridge cycling
(Barefield & Sadayappan, 2010). In congenital and developmental disorders, de
novo variants in kinase-encoding genes converge on synaptic phosphorylation net-
works. DYRK1A haploinsufficiency causes intellectual disability and microcephaly
via altered phosphorylation of splicing regulators and cytoskeletal proteins, while
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CDK5R1 (p35) mutations associated with lissencephaly disrupt CDK5-mediated
phosphorylation of substrates critical for cortical neuron migration (Graham et al.,
2004; J. Ji et al., 2015). In autoimmune and inflammatory disease, gain-of-function
variants in kinase-encoding genes have been identified directly in patients. A strik-
ing example is provided by SYK, where monoallelic gain-of-function variants cause
multi-organ inflammatory disease including colitis and arthritis (L. Wang et al.,
2021). The pattern is reoccurring: dysregulated kinase phosphorylation of immune
signaling substrates is a recurrent driver of autoimmune pathology, yet for the vast
majority of identified variants the specific kinase–substrate pair responsible for the
phenotype remains unassigned. This prevents pSNVs from being translated into
mechanistic hypotheses or therapeutic targets.

1.5.3 Viral Hijacking of Host Kinase Networks
Viruses extensively reprogram host kinase signaling to create a permissive cellular
environment for replication. RNA viruses relies on co-opted host kinases to phos-
phorylate viral proteins for nuclear import, particle assembly, and immune evasion,
and to remodel host signaling in ways that suppress antiviral defense. In SARS-
CoV-2 infection, phosphoproteomics of infected Vero E6 cells revealed dramatic
remodeling of host phosphorylation, with CK2 and p38 MAPK identified as major
activated kinases (Bouhaddou et al., 2020). In DNA virus Epstein–Barr virus, the
viral kinase BGLF4 exhibits CDK1-like substrate preferences and drives widespread
phosphorylation changes linked to the DNA damage response and mitotic signaling,
while inhibition of mitotic checkpoint signaling suppresses extracellular virus pro-
duction (R. Li et al., 2015). Similarly, human papillomavirus (HPV) E6 physically
interacts with host Aurora kinase B and alters its activity (Boon et al., 2023; Guo
et al., 2019). Surveying across the virus infection events suggests that many hijacked
kinases remain under-characterized at the substrate level. Accurate kinase–substrate
prediction would potentially leverage the drug re-purposing strategy to redirect
well-characterized and FDA-approved kinase inhibitors to host-directed antiviral
therapeutics.
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C h a p t e r 2

PROTEIN LANGUAGE MODEL ENABLES GENERALIZABLE
KINASE-SUBSTRATE INTERACTION (KSI) PREDICTION

2.1 Introduction
As thoroughly discussed in Chapter 1, protein phosphorylation, catalyzed by the
approximately 500 kinases of the human kinome, governs virtually every aspect of
cellular biology, from proliferation and differentiation to immune surveillance and
DNA-damage repair. Kinase–substrate interaction (KSI) prediction remains chal-
lenging: despite decades of experimental effort, the interaction space is sparsely
characterized and coverage of non-human kinases is especially limited. Existing
computational methods are constrained by training-data scarcity – motif-based ap-
proaches are restricted to families with ≥50–100 annotated sites, instance-based
methods cover at most low hundreds of kinases under minimum-site thresholds,
and recent deep-learning methods such as Phosformer (Z. Zhou et al., 2023) and
DeepKinZero (Deznabi et al., 2020) still fall short in breadth, cross-species transfer,
and generalize to poorly annotated kinases (Table 2.2).

We developed KINBERT, a transformer-based protein language model that learns
kinase–substrate recognition directly from paired kinase domains and substrate pep-
tide sequences to address these limitations. The model is trained comprehensively
on validated KSIs from four complementary databases, expanding training coverage
to 2,304 kinases and 92 organisms (Table 2.1)(Table 2.3). It employs a family-aware
negative-sampling scheme that creates informative contrastive examples without
introducing ambiguity from promiscuous phosphosites. Our benchmarking experi-
ments reveal the optimized model architecture for KSI prediction requires backbone
end-to-end with a separator-token architecture that enables joint kinase–substrate
encoding. Two proof-of-concept downstream applications further demonstrate the
utility of KINBERT as an efficient inference engine for human disease variant
interpretation and viral host-kinase identification.

2.2 Results
2.2.1 Comprehensive Database Annotation Integration
KSIs were aggregated from four experimentally curated databases (DeepKinZero
(Deznabi et al., 2020), PhosphoSitePlus (Hornbeck et al., 2015), phosphoELM
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Figure 2.1: Overview of the data collection, model architecture, and down-
stream application of KINBERT Left: Data collection and negative sample aug-
mentation Middle: Training and model architecture schematics Right: Application
of KINBERT to virus drug-repurposing and phosphorylation rewiring predictions

(Diella et al., 2008), and KinasePhos 3.0 (Ma et al., 2023)), standardized to UniProt
accessions, and filtered to retain only kinases with a single unambiguous catalytic do-
main and a resolvable family classification. Phosphosites targeted by more than three
kinase families were excluded to reduce promiscuity-driven ambiguity, yielding a
class-annotated interaction set of kinase–substrate–phosphosite triples (Figure 2.2).
Training negatives were generated using a two-component strategy: family-aware
hard negatives, pairing each kinase with residue-matched phosphosites from an
incompatible kinase family context, and background negatives drawn from unan-
notated S/T/Y flanking sequences, together producing a balanced training dataset
(Figure 2.1). This mixed negative sampling strategy exposes the model to both fine-
grained specificity contrasts and broader non-interacting phosphosite backgrounds,
improving generalization across kinase families. On top of this DB Only training
set, we ingested further a titania LC-MS/MS characterized dataset where dephos-
phorylated HeLa cell lysates are used as substrate pools to react with recombinant
kinases in vitro and results in the more diverse DB+Lysate dataset.
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Table 2.1: Comparison of training-data scope across KSI prediction methods.

Model # of Kinases # of Organisms # of KSIs
DeepKinZero 343 1 13,426
Phosformer 800 13 24,534
KINBERT 2,304 92 147,488
KolossuS Training data statistics not available*

*KolossuS training set composition was not reported in the preprint (Jha et al., 2025); statistics
could not be independently verified.

Table 2.2: Kinase-family and individual-kinase coverage in computational KSI
prediction methods.

Method Number of Ki-
nases or Kinase
Families

Criteria for Inclu-
sion

MusiteDeep (D. Wang et al., 2017) 5 families Families with >100
sites

PhosphoPredict (Song et al., 2017) 8 families Families with ≥50
sites

PhosphoPICK (Patrick et al., 2015) 59 human kinases Kinases with >10
sites

PKIS (Zou et al., 2013) 56 human kinases Kinases with >10
sites

KSRPred (M. Wang et al., 2017) 103 human kinases Kinases with ≥15
sites

KinomeXplorer (Horn et al., 2014) 222 kinases cov-
ered; accuracy as-
sessed for 14

Kinases with ≥20
sites

Table 2.3: Distribution of interactions per kinase for database-curated (DB Only)
and combined database plus Mass-Spec (DB + Lysate) sources.

Source 1–5 5–20 20–50 50–100 100–200 >200
DB + Lysate 1,129 290 79 63 66 189
DB Only 1,211 375 113 44 24 23

2.2.2 Model Architecture Optimization and Finalization
A test set comprising 10% of the database-curated-only interactions (DB Test) was
withheld for evaluation on more literature-curated interactions, alongside a larger
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Figure 2.2: Details of compiled training corpus for KINBERT. A) Number of
kinase-substrate pairs that overlap between the four ingested stand-alone phospho-
interactome sources B) Number of unique kinases that overlap between the four
ingested stand-alone phospho-interactome sources C) Number of unique organisms
that overlap between the four ingested stand-alone phospho-interactome sources

test set incorporating both database-curated and lysate-based interactions (DB +
Lysate Test) that constitutes 10% of all KSI interactions. Between the two external
comparators, KolossuS performs better on the DB + Lysate test than Phosformer,
which is expected given that KolossuS ingested LC-MS lysate interactions during
training. Conversely, Phosformer performs better on the DB Test, consistent with
its training being restricted to PhosphoSitePlus interactions.

KINBERT:TAPE models outperformed both Phosformer and KolossuS on both test
sets (Figure 2.3), as well as on the 15 aa-mapped versions of Phosformer’s training
and test sets (Phosformer was originally trained on 11-residue windows; these were
mapped back to the original sequence and extended to 15 aa for benchmarking).
Within the exploration of KINBERT architectures, having a fine-tunable backbone
that enables self-attention between kinase and substrate in the transformer encoder
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layers via a separator token produced the best performance on both test sets. A longer
15-residue substrate flanking region and an expanded source of interactions were
adopted compared to Phosformer; in contrast to KolossuS, which uses full-length
kinase sequences, KINBERT focuses on the kinase domain and substrate predic-
tion, which may be more fitting for the nature of LC-MS cell-lysate characterized
interactions.

KolossuS formulates kinase–substrate prediction as a metric learning problem, op-
timizing cosine similarity between independently encoded protein embeddings.
While effective for representation learning, this objective is mismatched to the
biology and evaluation of KSIs, which are asymmetric, sparse, and decision-centric
rather than symmetric similarity relationships. In contrast, KINBERT directly opti-
mizes interaction likelihood using binary cross-entropy, allowing the model to learn
non-metric, asymmetric decision boundaries. Performance improves further when
moving from frozen or cached representations to end-to-end fine-tuning with joint
sequence encoding, where kinase and substrate are concatenated with an explicit
separator token and processed as a single input. This formulation enables token-level
cross-conditioning throughout the transformer stack, allowing the backbone to learn
pair-specific compatibility features rather than relying on post-hoc embedding com-
parison. Among backbones, TAPE consistently outperformed ESM-t12 (Rives et al.,
2021) under this regime (Table 2.4). This is attributed to TAPE’s pre-training with
explicit segment semantics (CLS/SEP tokens) and its greater fine-tuning flexibility
with less-conditioned pre-training, which make separator-based joint encoding im-
mediately meaningful and easier to adapt for discriminative pairwise reasoning. By
contrast, ESM models are pre-trained almost exclusively on single-chain evolution-
ary objectives and must relearn boundary semantics and suppress global similarity
biases during fine-tuning.
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Figure 2.3: Model architecture optimization and test data performance bench-
marking. Phosformer, KolossuS, and KINBERT with TAPE backbone, ESM-2
backbone, ESM-2 without separator token and ESM-2 with frozen encoder back-
bone were benchmarked against but Train/Test data of KINBERT and of Phosformer,
KolossuS data is currently unavailable from the preprint

Table 2.4: Metrics: model architecture optimization and test data performance
benchmarking.

PR_AUC ROC_AUC
Model Phosformer KolossuS KINBERT:TAPE KINBERT:ESM KINBERT:ESM-CONCAT KINBERT:ESM-FROZEN Phosformer KolossuS KINBERT:TAPE KINBERT:ESM KINBERT:ESM-CONCAT KINBERT:ESM-FROZEN

DB + LYSATE Test 0.614 0.720 0.970 0.968 0.964 0.924 0.695 0.779 0.973 0.972 0.968 0.940
DB Test 0.688 0.607 0.780 0.754 0.662 0.686 0.854 0.758 0.887 0.870 0.821 0.819
Phosformer Test 0.739 0.751 0.919 0.882 0.871 0.831 0.782 0.762 0.950 0.934 0.916 0.865
Phosformer Train 0.816 0.729 0.921 0.914 0.866 0.822 0.845 0.737 0.947 0.943 0.908 0.851

2.2.3 Model Performance and Generalization Benchmarking Against Exist-
ing Methods

Across all benchmarks, we further evalute on the performance of the KIN-
BERT:TAPE model trained without access to the corresponding withheld sets, as
this setting most directly tests out-of-distribution generalization. Under this strict
evaluation, KINBERT:TAPE achieves the highest performance on the Dark Kinase
Holdout, despite never observing any dark kinases during training, demonstrating
that the model generalizes across kinase families rather than relying on kinase-
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specific memorization. It should be noted that many of the dark kinases enriched
in the test sets are characterized with documented substrates but remain classified
as understudied due to limited functional characterization.

In the Non-Human Kinase Holdout, where all kinases characterized in non-human
species are excluded from training, KINBERT:TAPE retains strong PR AUC and
ROC AUC, demonstrating substantial cross-species transfer. Performance drops
more than in the human dark-kinase holdout, reflecting the additional distribution
shift introduced by evolutionary divergence and species-specific signaling contexts.
While dark kinases are poorly annotated, they remain part of the human kinome
and share conserved catalytic and regulatory features with well-studied kinases,
facilitating generalization. In contrast, non-human kinase–substrate interactions
differ in both kinase sequence composition and substrate landscape, introducing
divergence in motif usage and regulatory constraints. Importantly, KINBERT:TAPE
is trained exclusively on kinase domain sequences rather than full-length kinases,
which likely contributes to improved transfer by focusing learning on evolutionarily
conserved catalytic and substrate-recognition features while discarding species-
specific regulatory regions and low-complexity tails. This design reduces reliance
on organism-specific context and encourages the model to learn general biochemical
compatibility principles.

The Yeast × Human PK benchmark represents an even more extreme departure
from the training distribution. This dataset is based on experiments in which hu-
man non-receptor tyrosine kinases were individually expressed in Saccharomyces
cerevisiae, and their tyrosine phosphorylation activity on the yeast proteome was
profiled by LC-MS/MS, yielding thousands of kinase–substrate relationships on a
substrate space evolutionarily distant from human signaling networks (Corwin et al.,
2017). Because the yeast proteome lacks endogenous tyrosine kinase pathways and
phosphotyrosine-binding modules, human kinases acting on this background gen-
erate phosphorylation events that are physicochemically permitted but not governed
by native co-evolved constraints, compounding the cross-species challenge. Despite
these difficulties and the minimal overlap with the training data distribution, KIN-
BERT consistently outperforms both KolossuS and Phosformer, indicating that its
predictions are driven by learned biochemical compatibility rather than reliance on
organism-specific context or memorization of known interactions. This setting poses
a particularly stringent challenge because tyrosine kinases often exhibit broad intrin-
sic substrate compatibility and require auxiliary regulatory domains (e.g., SH2/SH3
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domains) to achieve context-specific substrate selection; when assayed only through
their catalytic domains or in a non-native proteome lacking co-evolved pTyr sig-
naling modules, predicting this specificity becomes inherently difficult. Studies of
cytoplasmic tyrosine kinases have shown that non-catalytic regions such as SH2 and
SH3 domains play important roles in substrate recruitment and localization, shaping
substrate specificity beyond the intrinsic catalytic preferences of the kinase domain.
Moreover, high-throughput profiling of human tyrosine kinases reveals considerable
diversity in substrate sequence preferences, implying that accurate specificity pre-
diction depends on both sequence context and higher-order regulatory interactions
(Yaron et al., 2022).

Overall, the separator-augmented TAPE backbone yields the strongest and most
consistent predictive performance across diverse and biologically distinct kinase–
substrate interaction tasks (Figure 2.4) (Table 2.4).

Figure 2.4: Generalizability benchmark across transformer-based KSI predic-
tion models Phosformer, KolossuS, and KINBERT with TAPE backbone were
benchmarked against dark kinase KSIs, non-human KSIs, PhosphoPCA-identified
KSIs (detailed in Chapter 3), and human kinase reactivity in yeast proteome
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Table 2.5: Metrics for generalizability benchmark across transformer-based KSI
prediction models

PR_AUC ROC_AUC
Model KINBERT:TAPE KINBERT:TAPE-No Dark KINBERT:TAPE-Non Human KolossuS Phosformer KINBERT:TAPE KINBERT:TAPE-No Dark KINBERT:TAPE-Non Human KolossuS Phosformer

Dark Kinase Holdout 0.996 0.961 0.658 0.635 0.996 0.959 0.730 0.681
Non-Human Kinase Holdout 0.949 0.750 0.612 0.693 0.976 0.874 0.762 0.851
PhosphoPCA KSIs 0.874 0.692 0.759 0.754 0.401 0.495
Yeast x Human PK 0.674 0.569 0.602 0.713 0.636 0.695

2.2.4 Downstream Application: Inference on Pathogenic PTM Human Vari-
ants for Elucidation of Disease-Related Phosphorylation

To connect pathogenic phosphosite variants to their disrupted upstream kinases,
we screened missense variants annotated at phosphorylatable residues in PTMVar
(Hornbeck et al., 2015) against the full human kinome using KINBERT. Vari-
ants were scored in both wild-type and mutant sequence contexts, and kinases
showing a significant drop in prediction confidence upon mutation were flagged
as disrupted candidates. High-confidence predictions were cross-validated against
physical protein–protein interaction evidence from OmniPath (Türei et al., 2016),
PhosphoNetworks (Hu et al., 2014), and STRING-DB (Szklarczyk et al., 2023), and
retained only for variants with ClinVar-confirmed pathogenic or likely pathogenic
classifications (Landrum et al., 2014; Sherry, 2001). Surviving hits were manually
curated into evidence tiers based on the directness of experimental support for the
specific kinase–site relationship Figure 2.5). This pipeline yielded a disease-linked
kinase–phosphosite network connecting pathogenic variants at phosphorylatable
residues to their predicted disrupted upstream kinases and associated clinical phe-
notypes. We further prioritized variants with literature evidence and novelty with
details as described in the Methods section.
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Figure 2.5: Phosphorylation-rewiring event predictions in disease SNV contexts
A) Pathogenic phosphosite variants from PTMVar were screened against the human
kinome using KINBERT. Variants were evaluated in wild-type and mutant contexts,
and kinases with reduced prediction confidence upon mutation were identified as
disrupted candidates. High-confidence hits were filtered using protein–protein inter-
action evidence (OmniPath, PhosphoNetworks, STRING) and ClinVar pathogenic-
ity annotations, then curated into evidence tiers based on experimental support.
This pipeline generated a disease-linked kinase–phosphosite network and prioritized
variants with literature support and novelty. B) KINBERT identifies disease-linked
kinase–phosphosite disruptions stratified by evidence strength. Solid line recapitu-
lates experimentally validated kinase–substrate–site relationships directly abolished
by pathogenic variants, while dashed lines highlights clinically supported but in-
completely resolved phosphorylation mechanisms revealed by disease mutations.

The first category comprises kinase–substrate–phosphosite–disrupting variants for
which the phosphorylation event is explicitly demonstrated at the residue level in pri-
mary literature, with the upstream kinase directly assigned. These include AMPK𝛼1
phosphorylation of PTPS at Thr58, documented under hypoxic conditions and link-
ing this site to metabolic adaptation (Zhao et al., 2020). Aurora kinases phosphory-
late TP53 at defined sites, with Aurora-A targeting Ser215 and Aurora-B targeting
Ser269, producing established effects on p53 DNA binding, transcriptional output,
and stability (Gully et al., 2012; Q. Liu et al., 2004; L. Wu et al., 2011). Canoni-
cal WNT pathway regulation is fully recapitulated, including CK1-family priming
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phosphorylation of 𝛽-catenin at Ser45, which initiates destruction-box processing,
followed by GSK3A/GSK3B phosphorylation of 𝛽-catenin at Ser33, Ser37, and
Thr41, which together license 𝛽-catenin for ubiquitin-mediated degradation (Amit
et al., 2002). Variants affecting any of these residues therefore abolish a sequential,
experimentally defined phosphorylation cascade.

Additional events include CK1-dependent phosphorylation of PER2 at Ser662,
which controls circadian period length and underlies familial advanced sleep-phase
syndrome (Shanware et al., 2011); CK2 phosphorylation of cyclin F at Ser621,
required for proper SCF–cyclin-F E3 ligase function and genome stability (A. Lee
et al., 2017); OSR1/SPAK phosphorylation of SLC12A3 (NCC) at Thr60, a required
activation site for the sodium–chloride cotransporter, disrupted in renal salt-wasting
disorders (Yang et al., 2013); JNK-mediated phosphorylation of 𝛽-catenin at Ser37,
documented in stress-activated signaling contexts (M.-H. Lee et al., 2009); and
PKC-dependent phosphorylation of KIT at Ser821, which contributes to full recep-
tor signaling output (Blume-Jensen et al., 1995). Across all Tier 1 entries, disease-
associated variants either eliminate the phospho-acceptor residue itself or disrupt
the immediate local sequence required for kinase recognition, directly abolishing
phosphorylation events whose kinase identity, modified residue, and regulatory
consequence are experimentally established.

The second category with dashed lines highlights nominate clinically implicated
phosphorylation mechanisms that are biologically well supported but incompletely
resolved at the kinase–site level, where disease-associated mutations illuminate reg-
ulatory failures underlying characteristic patient phenotypes. In the RTK–ubiquitin
axis, insulin signaling provides direct support for CBL phosphorylation at Tyr371,
and Tyr371 is established as a critical activation switch for CBL E3 ligase activ-
ity (Kassenbrock & Anderson, 2004; J. Liu et al., 2002). Clinically, pathogenic
and likely pathogenic CBL variants at or near Tyr371 are associated with Noonan
syndrome-like developmental phenotypes and juvenile myelomonocytic leukemia,
disorders marked by excessive growth-factor signaling. In immune contexts, TAM
receptor pathways further implicate CBL-family ubiquitin regulation, as TAM
signaling attenuates immune activation through CBL-B-dependent ubiquitination
(Chirino et al., 2020). In neurodegeneration, NUAK1-dependent tau phosphoryla-
tion is strongly linked to tau accumulation and toxicity; reduction of NUAK1 lowers
both phosphorylated tau and total tau levels in disease models (Lasagna-Reeves
et al., 2016). ClinVar-pathogenic MAPT variants mapping to residues annotated as
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Ser641 likely reflect isoform-dependent residue numbering and are associated with
frontotemporal dementia and related tauopathies. Similarly, tau Ser669 emerges
as a potential regulatory hotspot: protein kinase C phosphorylates tau broadly
(Hoshi et al., 1987), and PKN1 has been shown to phosphorylate tau with curated
site attribution including Ser669 (Taniguchi et al., 2001), with pathogenic variants
linked to progressive supranuclear palsy-like syndromes. Beyond neuronal disease,
AKT signaling directly phosphorylates lamin A/C, influencing nuclear mechanics,
chromatin organization, and cell survival under mechanical stress (Bertacchini et
al., 2013). Clinically, pathogenic LMNA variants cause laminopathies including
Emery–Dreifuss muscular dystrophy, dilated cardiomyopathy, and premature aging
syndromes. Stress signaling further implicates phosphorylation-dependent control
of the cell cycle, as p38 activation mediates rapid proteasomal degradation of cy-
clin D2 under stress conditions (Kida et al., 2007); pathogenic CCND2 variants
are associated with megalencephaly and cancer predisposition. Phosphorylation-
dependent regulation of CFTR channel activity and trafficking through protein ki-
nase C signaling (Berger et al., 1993; Guggino & Stanton, 2006) provides a further
clinically relevant mechanism, with ClinVar variants mapping to incompletely char-
acterized phosphosites and associated with cystic fibrosis. Together, these Tier 2
cases demonstrate how disease-associated mutations illuminate phosphorylation-
dependent regulatory mechanisms that are clinically consequential yet incompletely
mapped. Rather than representing weak evidence, Tier 2 highlights define a tractable
discovery space where human genetics guides refinement of kinase–substrate–site
relationships.

2.2.5 Downstream Application: Inference from Viral Phosphoproteomics and
Mutational Scanning Datasets to Elucidate Host Kinase Hijack Mecha-
nisms and Propose Drug-Repurposing Strategies

The second downstream application screens viral proteins against the human kinome
to identify host kinases potentially hijacked during infection and to propose drug-
repurposing strategies. Input data were drawn from five deep mutational scanning
(DMS) fitness datasets and one viral phosphoproteomics dataset (Table 2.6).
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Table 2.6: Input datasets for the viral phosphoproteomics and drug-repurposing
pipeline.

Reference Viral Protein /
System

Dataset Type

Hom et al. (2019) Matrix protein 1
(M1) of A/Puerto
Rico/8/34 (PR8)
influenza virus

DMS Virus Fitness

Haddox et al. (2018) Two HIV
transmitted-
founder viruses
BF520.W14M.C2

DMS Virus Fitness

Thyagarajan and Bloom (2014) Hemagglutinin
from
A/WSN/1933
(H1N1) influenza

DMS Virus Fitness

J. M. Lee et al. (2018) Hemagglutinin
from
A/Perth/16/2009
(H3N2) influenza
virus

DMS Virus Fitness

Sourisseau et al. (2019) Zika virus E pro-
tein

DMS Virus Fitness

Yaron et al. (2022) Phosphoproteomic
analysis of SARS-
CoV-2-infected
cells

Virus Phosphoproteomics

From DMS datasets, highly conserved pro-fitness phosphorylable residues (not
prone to mutation and of type S/T/Y) were prioritized. From virus phosphopro-
teomics data, consistently phosphorylated nucleocapsid protein or ORF protein
residues were selected. KINBERT was then used to perform in silico screening
against the human kinome to infer the top kinases potentially phosphorylating each
viral phosphorylable site. Confident candidates were linked to kinase inhibitor
databases including PKIDB (Carles et al., 2018) and DrugBank (Wishart, 2006),
and cross-validated against known protein interaction data.



28

PR8 M1

A  L  K S I  P
S102

HIV Env

V  I  N T S  D
T316

CoV-2 N

R  S  F S P  E
S197

CoV-2 N

A  T  Q Y L  N
Y109

Zika E

L  G  K S Y  V
S478

ZIKA VIRUS · E

S72
pSite

CK1ε
kinase

Seliciclib

Sub-micromolar IC₅₀ · anti-ZIKV validated

Structurally related to Purvalanol (validated)

CoV-2 N HIERARCHICAL PHOSPHORYLATION CASCADE

SRPK2
pS206
priming enables GSK3β

pS202
execute

Replication
N function

Purvalanol/Alectinib Tideglusib/Lithium

ORF9b Y42 — RTKs CONVERGENCE HOTSPOT

Y42
ORF9b

ALK

Lorlatinib

FMS

KDR

FLT4

Vatalanib
Multiple receptor tyrosine kinases predicted to phosphorylate ORF9b Y42

Lithium (GSK-3): 50% COVID-19 risk reduction (n>300k)

Alectinib (SRPK1/2V)  >1000× viral reduction

INFLUENZA H3N2 · HA

T329
pSite

PKCε
kinase

Bryostatin 1
pan-PKC

KAI-1455
PKCε-sel.

PKCε regulates NP/M1 phosphorylation & nuclear transport

A

B

C

DMS FITNESS DATASETS
Hom 2019
PR8 Influenza · M1

Haddox 2018
HIV · BF520

Thyagarajan 2014
H1N1 Influenza · HA

Lee 2018
H3N2 Influenza · HA

Sourisseau 2019
Zika Virus · E protein

Fitness landscape:

□ conserved S/T/Y

PHOSPHOPROTEOMICS
P

Yaron 2022

SARS-CoV-2 infected

N P P P P

ORF P P P

K1 K2 K3

A

B

C

D

E

F

× I1 I2 I3 I4 I5

K1

K2

K3

=
I1 I2 I3 I4 I5

A

B

C

D

E

F

PKIDB

DrugBank

VIRUS PSITE EXTRACTION KINASE-SUBSTRATE INFERENCE KINASE-DRUG MAP VIRUS-DRUG RE-PURPOSING

Figure 2.6: Viral phosphoproteomics and drug re-purposing pipeline schemat-
ics A) Pipeline detailing DMS and viral phosphoproteomics phosphosites were
screened with KINBERT to predict upstream kinases, followed by inhibitor map-
ping and interaction-based validation. B) Schematics representation and result for
re-purposing proposal based on kinase-substrate interaction and kinase-inhibitor
relationships C) Summary of novel virus inhibitor prediction highlights

As shown in (Figure 2.6), for the Zika virus E protein, KINBERT nominated CK1𝜀
as the upstream kinase for S72. CK1𝜀 is a pan-viral kinase with documented activity
against proteins across multiple virus families, and the predicted inhibitor Selici-
clib (Roscovitine) demonstrates strong anti-ZIKV activity at sub-micromolar IC50

values, including at 24 nM in neural progenitor cell models (M. Xu et al., 2016).
Its structural relation to Purvalanol, an independently validated CDK-inhibiting
anti-ZIKV compound identified in the same screen (M. Xu et al., 2016), further
corroborates the prediction, and the convergence of computational nomination with
experimental antiviral evidence supports this as a high-confidence therapeutic can-
didate.

For the SARS-CoV-2 nucleocapsid protein, KINBERT identified a two-kinase phos-
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phorylation pattern at the SR domain. SRPK1/2 target S206, a site located within the
canonical SRPK recognition sequence of the SR-rich domain (aa 176–246), while
GSK-3𝛽 targets the adjacent S202; both sites fall within a region whose phosphory-
lation state has been associated with N-protein condensate dynamics (Carlson et al.,
2020), consistent with a model in which SRPK and GSK-3𝛽 act in concert on the
SR domain. GSK-3𝛽 phosphorylation of the N protein SR domain is functionally
essential for viral replication, as demonstrated by knockout of GSK3A and GSK3B
abolishing N phosphorylation (X. Liu et al., 2021). The clinical relevance of this
axis is supported by a retrospective analysis of over 300,000 patients showing that
lithium, a direct GSK-3 inhibitor, reduced COVID-19 risk by approximately 50%
(OR = 0.51, 𝑝 = 0.005; (X. Liu et al., 2021)). The nominated inhibitor Tideglusib
has completed Phase IIb clinical trials for Alzheimer’s disease with a favorable
safety profile, while SRPK1/2 inhibition by Alectinib has been shown to produce
greater than 1,000-fold viral reduction in experimental systems (Yaron et al., 2022).

Two novel predictions with no prior experimental precedent were also generated.
For the SARS-CoV-2 ORF9b protein, multiple receptor tyrosine kinases – ALK,
FMS, KDR, and FLT4 – converge on Y42, which resides in a strong RTK consensus
sequence, suggesting this residue constitutes a phosphorylation hotspot warranting
experimental follow-up. For the influenza M1 protein, ERK7 (also known as ERK8
or MAPK15) was nominated for S53. ERK7 is an atypical MAPK with unclear
physiological functions and no established role in influenza infection; while classi-
cal MAPK family members are well-documented participants in influenza signaling
(Dey & Mondal, 2024), the specific role of ERK7 remains speculative and this pre-
diction is presented as a hypothesis-generating candidate. The associated inhibitors
Aspirin and Minocycline both exhibit antiviral properties in experimental systems,
though through non-canonical mechanisms.

2.3 Discussion
KINBERT advances kinase–substrate interaction prediction along several comple-
mentary axes. By integrating four curated databases and standardizing identifiers
to a common UniProt-based reference, the training corpus reaches 147,488 inter-
actions across 2,304 kinases in 92 organisms, substantially exceeding the scope of
prior methods. This breadth is critical for cross-kinase and cross-species generaliza-
tion, as evidenced by strong performance in the dark-kinase and non-human holdout
evaluations.
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Focusing on the kinase domain rather than the full-length kinase sequence con-
centrates learning on the catalytic and substrate-recognition machinery without
overfitting on species-specific regulatory context. The use of a 15-residue flank-
ing window rather than the 11-residue window employed by Phosformer provides
additional sequence context that may be particularly informative for kinases with
extended recognition determinants. The explicit separator token enabling joint
kinase–substrate encoding allows the transformer to learn pair-specific compat-
ibility through token-level cross-attention across the full backbone, a capability
unavailable to methods that encode kinase and substrate independently and compare
resulting embeddings. The contrast with KolossuS further highlights the impor-
tance of matching the training objective to the evaluation criterion. Interestingly,
we observed overall comparable but consistently better performance using TAPE
backbone compared to ESM2-t12, and this observation provides a strong evidence
that aligns with previous reports that finetuning ESM2 exhibits instability charac-
terized by spiking losses and abrupt fluctuations in performance, with convergence
requiring more than 20–30 epochs(Glaser & Brägelmann, 2025).

The two downstream applications illustrate complementary uses of the inference
engine. The pathogenic variant pipeline connects the output of kinase–substrate
prediction to human disease genetics, providing mechanistic hypotheses about how
missense mutations disrupt phosphorylation-dependent regulatory circuits. Dis-
tinguishing site-resolved experimental evidence from biologically supported but
incompletely characterized events enables responsible prioritization of predictions
for experimental follow-up. The viral phosphoproteomics application demonstrates
an orthogonal utility: by screening conserved, pro-fitness viral phosphorylable sites
against the human kinome, KINBERT can nominate the host kinases most likely to
be exploited by viral replication machinery and link these to existing clinical-stage
inhibitors, offering a rational starting point for antiviral drug repurposing.

Several limitations merit acknowledgment. While LC-MS lysate data enriches cover-
age of less-studied kinases, these interactions capture in-cell phosphorylation under
specific conditions and may include indirect events. The exclusion of kinases with
multiple conflicting catalytic domain annotations reduces ambiguity but may bias
against multi-domain kinases. Cross-species generalization, while demonstrated to
be strong, remains more challenging than within-human prediction. The Yeast ×
Human PK benchmark further highlights this challenge by taking the extreme to
fungus cytoplasmic peptide pool. More orthogonally aligned substrate pools in the
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future would be required to learn thoroughly the phosphorylation specificity across
biases introduced by species imbalance in training.

Future directions include incorporating structural information from AlphaFold
kinase–substrate complex predictions, expanding the training corpus with emerging
large-scale phosphoproteomics datasets, and extending the downstream variant
interpretation pipeline to somatic cancer mutations. The KINBERT framework
provides a scalable foundation for systematic, high-coverage kinase–substrate
interaction prediction and its downstream application to disease biology.

2.4 Methods
Raw Data Sources

Experimentally supported kinase–substrate interactions were aggregated from six
primary sources. DeepKinZero provides curated kinase–phosphosite pairs with
residue-level annotation; kinase and substrate fields may contain multiple accessions
per entry. PhosphoSitePlus contributes high-confidence, literature-curated human
phosphorylation events, including kinase attribution and ±7-residue sequence con-
text. phosphoELM supplies curated phosphosites with kinase gene names and
organism annotations; kinase accessions were resolved post hoc. KinasePhos 3.0
provides computationally and experimentally supported kinase–substrate pairs with
residue positions, requiring extensive accession normalization; experimentally ver-
ified kinase-specific phosphorylation data were collected from PhosphoSitePlus,
UniProt, GPS 5.0, and Phospho.ELM, yielding 41,421 verified kinase-specific
phosphorylation sites and 1,380 unique kinases, including 753 with known Kin-
Base classification and 627 annotated by evolutionary tree. PhosD training set
provides kinase–substrate pairs validated across databases but lacking phosphosite
positions. PhosphoNetworks (rawKSI, refKSI, comKSI) contributes large-scale
in vitro and refined kinase–substrate relationships derived from protein microarrays
and literature curation; phosphosite positions are generally unavailable.

Catalytic domain coordinates were extracted by parsing UniProt feature annotations,
prioritizing canonical protein kinase domains, followed by histidine kinase and
Fam20C domains where applicable. Only interactions involving kinases with exactly
one unambiguous catalytic domain interval were retained; kinases lacking resolvable
domains or exhibiting multiple conflicting domain annotations were excluded.
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Family-Aware and Background-Augmented Negative Sampling

To generate informative negative examples for model training, a unified nega-
tive sampling dataset was constructed from the class-annotated interaction set
(interaction_classed_221017.pkl). For each positive kinase–substrate–
phosphosite interaction, a family-aware hard negative was generated by pairing the
same kinase with a substrate phosphosite of the same residue type (Ser, Thr, or
Tyr) that is associated with an incompatible kinase family context. For serine and
threonine sites, contrastive negatives were sampled from substrates phosphorylated
by kinases belonging to a different protein kinase family, excluding tyrosine
kinases; for tyrosine sites, negatives were sampled from substrates phosphorylated
by kinases from a different tyrosine kinase subfamily. Phosphosites targeted by
more than three kinase families were excluded prior to negative sampling to reduce
ambiguity from broadly promiscuous sites. In addition to family-aware contrastive
negatives, background S/T/Y negatives were incorporated by pairing kinases with
randomly sampled substrate phosphorylable residue-flanking sequences of the
same residue type that are not annotated as phosphorylated substrates. These
background negatives capture general sequence-level non-interactions without
enforcing family-level incompatibility. Family-aware and background negatives
were combined with positive interactions into a single balanced training dataset
(interations_e2e_1n1p_classed_random.pkl), used exclusively for model
training.

Inference on Pathogenic PTM Human Variants

The pipeline takes as input a set of pathogenic human PTM variants from PTMVar
(Hornbeck et al., 2015) – specifically phosphosites harboring disease-associated
missense mutations – paired against the full human kinome (∼500 kinases). A
BERT-based sequence model (TAPE) is run in two complementary inference modes:
an on-site mode, which scores each kinase against the 15-amino-acid window cen-
tered on the phosphosite directly, and a flanking mode, which scores the wild-type
versus mutant peptide in parallel and flags kinases whose logit drops significantly
(Δ > 2.5) upon mutation. Kinases are then ranked within their class and filtered to
retain only high-confidence predictors (top 5%, logit > 5), while atypical kinases
and cell-cycle kinases (CDC, CDK, DYRK) are excluded. Disease annotations are
retrieved via the MyVariant.info API, linking each variant’s dbSNP rsID (Sherry,
2001) to ClinVar pathogenicity classifications (Landrum et al., 2014), and only
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variants annotated as pathogenic or likely pathogenic are retained. The predicted
kinase–substrate pairs are cross-validated against three protein interaction databases
– OmniPath (Türei et al., 2016), PhosphoNetworks (Hu et al., 2014), and STRING-
DB (Szklarczyk et al., 2023) (score > 0.8) – to ensure the kinase and substrate are
known to physically interact. Finally, all hits are manually curated into evidence
tiers.

KINBERT Model Training and Evaluation

KINBERT is a kinase–substrate interaction (KSI) classifier built by fine-tuning the
TAPE BERT-base protein language model (ProteinBertForSequenceClassification).
The TAPE BERT-base backbone consists of a 12-layer transformer encoder pre-
trained on large-scale protein sequence corpora using the IUPAC amino acid
vocabulary. A two-class linear classification head was appended to the pooled
[CLS] representation to produce binary interaction logits. Dropout regularization
(𝑝 = 0.1) was applied within the classification head, and the full backbone was
left unfrozen during training to allow task-specific adaptation of all transformer
parameters. Each training example consists of a kinase–substrate sequence pair
encoded as a single concatenated token sequence padded to a maximum length of
768. The kinase sequence was tokenized first using the TAPE IUPAC tokenizer,
followed by a <sep> separator token, and then the tokenized substrate sequence.
The resulting concatenated sequence was truncated to a maximum length of 768
tokens and right-padded with <pad> tokens to a uniform length. The labeled dataset
was partitioned into training, validation, and test sets using an 80:10:10 ratio. The
training split was used for parameter optimization, the validation split for threshold
selection, learning rate scheduling, and early stopping, and the held-out test split was
reserved exclusively for final performance reporting. The model was trained using
stochastic gradient descent (SGD) with Nesterov momentum (momentum = 0.9) at
an initial learning rate of 0.001 and no weight decay. Gradient accumulation was
set to 1, and the effective batch size was 64 samples per gradient update step. The
learning rate was adjusted using a ReduceLROnPlateau scheduler monitored on
validation loss: when validation loss failed to decrease for 2 consecutive epochs,
the learning rate was reduced by a factor of 0.5, down to a minimum of 1 × 10−6.
Training proceeded for a maximum of 40 epochs, with early stopping applied on
validation loss with a patience of 10 epochs. Training was performed on four A100
GPUs using bfloat16 automatic mixed precision (AMP) via torch.autocast,
with TF32 matrix multiplication enabled on Ampere-class GPUs. Multi-GPU
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training was supported through PyTorch DistributedDataParallel (DDP) us-
ing the NCCL backend, launched via torchrun. DistributedSampler ensured
non-overlapping data shards across GPUs with epoch-level shuffling, while gradient
synchronization was handled automatically by DDP. For the primary benchmark,
predicted probabilities from KINBERT:TAPE were compared against Phosformer
and KolossuS, with predictions aligned to each panel by matching on kinase domain
sequence and 15-amino-acid substrate sequence windows. A fixed threshold of
0.5 was applied uniformly across all models for comparability, with performance
reported as Accuracy, F1 Score, ROC-AUC, and PR-AUC.

Model Availability
KINBERT model is available at https://huggingface.co/steveyu323/kinbert_v2_
long.

https://huggingface.co/steveyu323/kinbert_v2_long
https://huggingface.co/steveyu323/kinbert_v2_long
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C h a p t e r 3

MASSIVELY-PARALLEL PHOSPHO-INTERACTOME
CHARACTERIZATION AND NOVEL KINASE BIOSENSOR

DESIGN ENABLED VIA PHOSPHO-PCA

Abstract
Systematic mapping of kinase–substrate interactions (KSIs) at scale is essential for
understanding the logic of cellular phosphorylation networks. Here we describe the
development and application of a barcoded Y2H-inspired phospho-PCA platform
for high-throughput profiling of KSIs across a diverse panel of serine/threonine
(ST) and tyrosine (Y) kinases against randomized peptide substrate libraries. The
pipeline employs Bayesian hierarchical modeling to decouple kinase-level fitness
effects from true phosphorylation interaction signals, and a false-positive control li-
brary establishes a promiscuity index as an additional quality control metric. Bench-
marking against curated KSI databases and validation with cell-free kinase assays
confirm the reliability of the screening approach. Substrate pools are analyzed to
reveal co-evolutionary relationships between substrate preference and kinase do-
main divergence. Novel substrates illuminate previously understudied dark kinases,
with case studies including ADCK1, KKCC1, and PHKG1. Finally, fine-tuning
a pre-trained transformer model (KINBERT) on phospho-PCA data substantially
improved its ability to predict KSIs in the physicochemical space sampled by pooled
screening, yielding a high-confidence candidate set for biosensor engineering ap-
plications. Specifically, TANK-binding kinase 1 (TBK1) and I𝜅B kinase 𝛽 (IKK𝛽)
are central effectors of innate immune signaling whose dysregulation underlies au-
toimmune disease, neurodegeneration, and cancer. Developing live-cell biosensors
for these kinases is particularly challenging owing to their delayed and transient
activation kinetics, low endogenous abundance, and spatially restricted activation .
Here we describe the design and functional characterization of SPARK (Signaling
with a Phase-separation Reporter Kinase) reporters targeting TBK1 and IKK𝛽. Op-
timal substrate peptides were nominated through a multi-stage pipeline integrating
curated kinase–substrate databases, high-throughput phospho-PCA screening data,
phosphoamino acid-binding domain (PAABD) affinity filtering, and fine-tuned KIN-
BERT phosphorylation selectivity scoring,. Reporters were validated in HeLa cells
across pharmacological inhibitor and activating stimulus conditions (TNF𝛼, polyIC,
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diABZI) using an automated two-stage single-cell quantification pipeline combin-
ing CellSAM foundation-model segmentation with Occident tracking. Statistical
comparison of peak ΔSPARK distributions confirmed that stimulus treatment pro-
duced significant increases in reporter activity above baseline across all quantifiable
reporters. The spatial and temporal activation patterns recovered from single-cell
traces align with published immunofluorescence and western blot evidence, in-
cluding Golgi-restricted TBK1 activation and a more pan-cytoplasmic IKK𝛽 signal
distribution. These results establish a validated, end-to-end pipeline for real-time
single-cell reporting of TBK1 and IKK𝛽 kinase activity.

3.1 Introduction
Protein phosphorylation, catalyzed by the approximately 500 kinases encoded in the
human genome, is among the most pervasive post-translational modifications coor-
dinating cellular signaling. As detailed in Chapter 1, despite decades of biochemical
investigation, the full landscape of KSIs remains incompletely characterized. Sys-
tematic mapping of KSIs remains a central challenge in cell signaling research, yet
several compounding difficulties have impeded progress toward a comprehensive,
unbiased atlas. Substrate profiling by applying recombinant kinases in vitro does
not always recapitulate in vivo conditions, limiting the biological relevance of bio-
chemical specificity measurements (Jehle et al., 2022). Eukaryotic model systems
offer a more physiologically relevant alternative. Yeast has been widely used in
protein–protein interaction studies through yeast two-hybrid (Y2H) protein comple-
mentation assay (PCA) screening, in which two haploid yeast strains are transformed
with plasmids expressing a bait protein and a prey protein respectively. A drug-
resistance protein—DHFR in this case—is split into two fragments (DHFR1,2 and
DHFR3), each linked to one interacting partner. Upon mating the haploid strains, the
diploid yeast in which prey and bait associate reconstitutes the functional DHFR and
survives under methotrexate selection. Positive hits appear as colonies at defined
positions in array format, with prey and bait identities inferred from colony position.
Because phosphorylation is a transient and unique form of protein–protein interac-
tion, a phospho-Y2H method was developed in which a phospho-amino acid binding
domain (PAABD) serves as the bait and the target substrate of a kinase serves as the
prey; a third plasmid expressing a human protein kinase is co-transformed. Upon
kinase-mediated phosphorylation of the substrate in the same yeast cell, the PAABD
binds the phosphorylated peptide, reconstituting DHFR and enabling colony growth
under drug selection. Despite demonstrated successes in identifying novel KSIs
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through yeast-based screening (Grossmann et al., 2015), the phospho-Y2H format
does not accommodate the throughput required for functional deep mutational scan-
ning of kinase domains or for unbiased crossing of more than ten kinases against a
substrate library with thousands of peptides.

Next-generation sequencing (NGS) technology has empowered the throughput of
functional screening experiments. Rather than inferring variant identity from colony
position, NGS enables simultaneous readout of up to hundreds of variants in a
pooled, one-pot assay by sequencing the enriched plasmid pool extracted from yeast
pellets after drug selection (Faure et al., 2022). However, the three-plasmid archi-
tecture of phospho-Y2H—one each for kinase, substrate candidate, and PAABD—is
incompatible with NGS-based readout, because the identity of the kinase–substrate
pair present in a surviving yeast cell cannot be recovered after pooled screening.
To enable kinase–substrate pair identification in a sequencing-compatible format, a
single-plasmid construct was designed in which the kinase and substrate are encoded
on the same plasmid and connected by a flexible fusion protein linker that permits
domain interaction while maintaining spatial separation between the two properly
folded moieties (X. Chen et al., 2013). Another challenge arises from the length
of the variable insert: because a typical kinase domain is approximately 300 amino
acids, the amplicon spanning [kinase domain]–[linker]–[15 amino-acid substrate
peptide] requires approximately 1,200 base pairs, exceeding the read-length limit
of standard short-read NGS platforms. To overcome this length constraint, high-
fidelity long-read amplicon sequencing was applied to a barcoded library in which
each kinase–substrate variable region is associated with one or more 19-nucleotide
random oligonucleotide barcodes (Wei & Li, 2023). PacBio HiFi circular consensus
sequencing, while not providing sufficient depth to quantify relative variant abun-
dance, generates a lookup table linking each kinase–substrate pair to its correspond-
ing barcode (Amorosi et al., 2021). Short-read NGS is then used to deeply sequence
barcode-only amplicons, providing the coverage required to quantify each variant’s
relative abundance before and after drug selection. In the phospho-interactome con-
text, barcodes overrepresented in the post-selection pool are mapped back to their
kinase–substrate pair using the lookup table. A key challenge in such functional
screens is disentangling the molecular recognition signal from confounding factors
including kinase catalytic efficiency, expression level, and assay geometry.

TANK-binding kinase 1 (TBK1) and I𝜅B kinase 𝛽 (IKK𝛽) are central effectors of
innate immune signaling. TBK1 is activated downstream of cytosolic nucleic acid
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sensors such as cGAS and phosphorylates the transcription factor IRF3 to drive its
dimerization, nuclear translocation, and transcription of type I interferons (Fitzger-
ald et al., 2003). IKK𝛽, in complex with IKK𝛼 and the scaffolding subunit NEMO,
mediates the canonical NF-𝜅B activation arm of the STING pathway by phosphory-
lating I𝜅B𝛼, targeting it for proteasomal degradation and releasing active NF-𝜅B to
drive pro-inflammatory cytokine gene expression (Fang et al., 2017). Dysregulation
of TBK1 and IKK𝛽 is implicated in autoimmune conditions including lupus and Sjö-
gren’s syndrome, in STING-associated vasculopathy with onset in infancy (SAVI), in
TBK1-linked familial ALS, and in oncogenic NF-𝜅B-driven tumor survival. These
kinases are therefore both scientifically important as signal transduction nodes and
therapeutically relevant as drug targets. Developing biosensors for TBK1 and IKK𝛽

is particularly challenging for three interrelated biological reasons. First, unlike
constitutively active kinases such as CK2 or CDK2, TBK1 and IKK𝛽 are activated
in a stimulus-dependent, pulsatile manner. Western blot time-course experiments
measuring pTBK1 Ser172 and downstream pIRF3 following cytosolic dsDNA stim-
ulation consistently show that phosphorylation signal is not detectable before ap-
proximately 2 hours post-stimulation, peaks in the 4–6 hour window, and resolves
within 12–24 hours (Kemmoku et al., 2022). This narrow and delayed activation
window means that endpoint immunofluorescence or immunoblot assays almost
inevitably miss the peak of activity unless carefully timed, creating a strong practi-
cal motivation for continuous real-time reporters. Furthermore, proteomic datasets
from diverse human cell lines consistently place TBK1 in the low-to-moderate ex-
pression tier relative to housekeeping kinases such as CK2. Antibody validation
studies confirm that detecting endogenous TBK1 by standard immunoblot requires
optimized conditions—typically higher amount of total protein and high-sensitivity
detection—to obtain reliable signal above background (Alshafie et al., 2022). Lastly,
TBK1 activation is not a cytoplasm-wide event; it is spatially confined to the trans-
Golgi network (TGN). Live-cell imaging studies demonstrate that upon STING
stimulation, STING traffics from the endoplasmic reticulum through the Golgi to
the TGN, and that active pTBK1 co-localizes specifically with TGN46-positive
subdomains rather than with cis- or medial-Golgi markers (Kemmoku et al., 2022).
Recruitment of TBK1 to Golgi membranes for trans-autophosphorylation has also
been observed in the RIG-I antiviral pathway, suggesting that Golgi-restricted TBK1
activation is a general feature of RNA sensing as well as DNA sensing (Pourcelot et
al., 2016). The spatial restriction means that population-average phosphoproteomic
measurements will systematically underestimate TBK1 activity, and that a biosensor
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must be capable of reporting subcellular compartment-resolved kinase activity—a
requirement that broad-spectrum cytoplasmic reporters cannot fulfill. Systematic
identification of high-activity, high-specificity TBK1 and IKK𝛽 substrate peptides
would directly unlock Exrai-based biosensor development. In the Exrai framework,
the substrate peptide and the phosphoamino acid-binding domain (PAABD) are the
two modular, independently optimizable components that determine reporter selec-
tivity and dynamic range. The development of Exrai-AKAR for PKA demonstrated
that substituting a 14-3-3 domain with an FHA domain significantly enhanced dy-
namic range (J.-F. Zhang et al., 2021), underscoring that both components must be
systematically optimized for each target kinase.

To quantitatively interpret such compartment-resolved signaling readouts at the
single-cell level, robust image analysis pipelines are required. Live-cell microscopy
provides dynamic measurements of processes including cell division, morphologi-
cal state transitions, and signaling responses. These analyses require both accurate
segmentation and temporally consistent tracking, motivating the development of
tools such as CellSAM for accurate segmentation. The Occident pipeline is moti-
vated by long-standing limitations in dynamic-cell analysis datasets and methods,
including constrained scale, sparse temporal labels, short trajectories, and limited
mitosis annotation (Anjum & Gurari, 2020; Ker et al., 2018; Lugagne et al., 2020;
Su et al., 2021; Tsai et al., 2019; Ulicna et al., 2021; Ulman et al., 2017; Zargari
et al., 2023).

This chapter describes the library designs and computational pipelines developed
to address these challenges, the benchmarking results used to validate screening
platform reliability, and the application of the resulting KSI dataset to both finetuning
pLM model and kinase reporter development.

3.2 Results
3.2.1 Phospho-PCA Plasmid Construct Optimization
To our knowledge, there is no previously published and available design profiling
kinase–substrate interactions using a single-plasmid construct. We therefore began
the design with a published Protein Complement Assay (PCA) plasmid backbone
and created a prototype phospho-PCA plasmid incorporating the Fyn kinase domain
and a known Fyn substrate. The PAABD domain SH2 was linked to DHFR3, and the
[substrate–(G-S linker)n–kinase] region (referred to as the “KS region”) was linked
to DHFR1,2. To evaluate construct reliability, a catalytically dead kinase version
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was included by introducing a mutation in the catalytic loop (K369A). Drawing on
findings that expressing human protein kinases under a strong promoter in yeast can
compromise cell viability due to excessive phosphorylation of endogenous yeast
proteins (Kim et al., 2020), the weaker pCYC promoter was used to drive expression
of the [kinase–linker–substrate] fusion. Because no prior report had examined the
effect of PAABD promoter strength on yeast-based phosphorylation screening, both
pCYC and the stronger pGPD promoter were tested for driving SH2 expression.
After cloning the PAABD and KS region into the PCA expression vector, plasmids
were transformed into yeast, and single colonies were inoculated at OD600 = 0.005
in triplicate in 96-well plates. Growth curves were measured over 60 hours at a
methotrexate concentration of 200 µg/mL. These experiments revealed that driving
PAABD expression with pCYC produced a substantially attenuated growth signal
relative to pGPD. With pGPD and the optimized GS linker, the screening construct
consistently reported phosphorylation-dependent interaction between Fyn and its
substrate, while the catalytically inactive Fyn mutant produced no detectable growth
(Figure 3.1).
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Figure 3.1: Optimization of phospho-PCA promoter strength and PAABD
configuration. A) Tuning of promoter strength indicates that a strong promoter
driving PAABD yields more distinguishable effects. B) Diversification of PAABD
across positive and negative control KSIs enables successful characterization of
KSIs with SH2, 14-3-3𝛽, FHA, and WW domains.

Building on successful promoter and linker optimization, we diversified the PAABD
repertoire. Although all PAABDs share a general affinity for phosphorylated
residues, individual domains exhibit discriminative binding preferences toward spe-
cific phosphorylated residues and the flanking sequence context of the phosphosite.
A broad panel of PAABDs was surveyed and applied to screen established posi-
tive (phosphorylation-competent) and negative (randomly shuffled) kinase–substrate
pairs. This analysis led to the selection of four PAABDs for downstream use: Src-
SH2 as a general phosphotyrosine (pY) reader, and FHA, 14-3-3𝛽, and WW as three
phosphoserine/phosphothreonine (pS/pT) readers each with distinct preferences for
the residues flanking the phosphorylated site. Together, the four PAABD screen-
ing constructs provide theoretical coverage across a diverse pool of phosphorylated
15 amino-acid peptides (Figure 3.1). Library construction details for the 15 ser-
ine/threonine kinases and 8 tyrosine kinases are included in the Methods section.
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Upon successful cloning, barcoded kinase–substrate libraries were sequenced using
PacBio HiFi circular consensus sequencing (Table 3.2). After sequential filtering of
quality control and bijective barcode-to-construct assignment, the ST library (blib5)
yielded 121,070 (144,716 including non-bijection) unique barcodes from 3,039,052
initial CCS reads (mean 11.27 reads per barcode), and the Y library (blib1) yielded
205,272 (242,424 including non-bijection) unique barcodes from 2,381,935 initial
reads (mean 5.31 reads per barcode). Full processing statistics are provided in
Table 3.1 and .

Library Initial
CCS
reads

Barcode
QC

Flank
Region

QC

After
ORF QC

Final
unique

barcodes

Mean
reads per
barcode

ST Lib 3,039,052 2,445,887 2,133,880 1,631,649 121,070 11.27
Y Lib 2,381,935 1,935,748 1,691,475 1,286,517 205,272 5.31

Table 3.1: Library processing statistics after QC filtering.

Library Substrates
designed

Kinases Substrates
con-

structed
(E. coli)

Substrates
screened
(yeast)

KSIs
designed

KSIs
con-

structed
(E. coli)

KSIs
screened
(yeast)

Y 1,950 8 1,939 1,932 15,600 14,873 13,220
ST 1,978 15 1,968 1,964 29,670 25,214 22,695

Table 3.2: Final constructed library kinase and substrate statistics

During PAABD optimization, we observed one case with negative kinase–substrate
pair exhibiting consistent growth. Re-testing with a construct lacking the kinase
domain—and with a construct lacking both the kinase domain and the dead kinase—
still produced consistent growth in triplicate. Because yeast encode serine/threonine
protein kinases homologous to human kinases, this mode of false-positive phospho-
rylation is attributable to endogenous yeast kinase activity on the substrate construct.
Accordingly, a kinase-absent false-positive control library was incorporated into all
downstream screening experiments. Because the readout of the screen is yeast
growth rather than phosphorylation directly, some peptide substrates can reconsti-
tute DHFR and support proliferation even in the absence of a kinase. To quantify
this background, the peptide library was screened in yeast without kinases and per-
substrate LFC and FDR were computed from sequencing counts. Substrates with
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high substrate-only LFC consistently interacted with a large proportion of kinases,
demonstrating that intrinsic growth behavior is a strong predictor of promiscuous
KSIs. In contrast, substrates with low LFC rarely showed widespread kinase activity,
indicating that their signals were more likely to be kinase-dependent. After filter-
ing, reproducibly growing control substrates were eliminated, yet a large number
of novel kinase–substrate interactions remained available for downstream validation
(Figure 3.7).

3.2.2 Bayesian Hierarchical Decoupling of Kinase Activity from Phosphory-
lation Interaction

Inspection of the kinase–substrate screen revealed that enrichment in the DHFR
assay reflects more than phosphorylation-dependent recognition. The distribution
of log fold change (LFC) scores showed systematic kinase-dependent shifts, in-
dicating a kinase- and PAABD-specific abundance component. Kinase catalytic
domains vary in stability, expression, and catalytic turnover, so measured phos-
phorylation output often reflects enzyme availability and accessibility in addition
to intrinsic substrate preference (C. J. Miller & Turk, 2018; Ubersax & Ferrell Jr,
2007). Accordingly, different kinases exhibited consistent shifts in the mean en-
richment distribution. In contrast, PAABDs primarily altered the spread of scores
by modulating affinity after phosphorylation (Figure 3.8). Phospho-recognition
modules have distinct binding strengths and sequence requirements: 14-3-3 and
FHA domains typically bind phosphopeptides in the micro-molar range, whereas
WW domains recognize short pS/pT-proline motifs more weakly (Durocher et al.,
1999; Sudol & Hunter, 2000; Yaffe et al., 1997). Consistent with these properties,
WW-domain screens produced tighter, lower-amplitude distributions, while FHA-
based assays showed broader dispersion. Thus, kinase domains mainly shift the
distribution mean (activity/abundance bias), whereas PAABDs scale the variance
(post-phosphorylation binding strength).

To separate kinase activity from molecular recognition, a hierarchical Bayesian
model was implemented (Figure 3.2). The diverse substrate library (∼2,000 peptides
sampling flanking sequence space) allows estimation of kinase-wide baseline behav-
ior independently of peptide identity. Pre-selection counts were incorporated as a
log-offset representing expected post-selection abundance in the absence of binding
preference, capturing peptide availability rather than recognition. Post-selection
counts were modeled with a negative binomial likelihood to account for sequencing
over-dispersion. The linear predictor decomposes enrichment into three compo-
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nents: a global kinase effect (baseline catalytic or assay efficiency), a replicate-
specific deviation, and a substrate-specific phosphorylation term. Phosphorylation
effects were centered within each kinase, reflecting the biological constraint that
a kinase may be globally strong or weak yet still discriminate among substrates.
Statistical power arises from both breadth and replication. Each kinase is evaluated
across ∼2,000 peptides, so the activity term is supported by thousands of observa-
tions; because most peptides are weak or neutral matches, their aggregate behavior
anchors the kinase baseline and yields a precise activity estimate despite noisy indi-
vidual measurements. Replicates are modeled as a separate random effect, allowing
consistent shifts across experiments to reinforce the kinase activity parameter while
inconsistent variation is absorbed as experimental noise. This partial pooling stabi-
lizes inference across differences in sequencing depth, selection strength, or batch
effects. The posterior mean of the substrate–kinase term is reported as a decou-
pled binding strength, and confidence is quantified by the posterior probability of
a positive interaction and the local false sign rate (lfsr). Conceptually, the model
converts the pooled functional screen from a competition dominated by kinase abun-
dance into a measurement of molecular recognition: highly active kinases no longer
score broadly merely due to catalytic throughput, and more noisy and less confident
measurements would shrink with prior normalization and be flagged with a high
LFSR value. The resulting scores approximate intrinsic biochemical selectivity and
provide a stable normalization layer for calling substrate-specific interactions.
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Figure 3.2: Mathematical derivation of a Bayesian decoupling framework
based on Boltzmann-weighted energy states. Top: Energy states are decomposed
into a kinase-global abundance term and a substrate–kinase-specific activity term,
forming a linear predictor that absorbs batch-dependent shifts. Bottom: Illustration
of the decoupling process from observed counts for two example kinase–substrate
pairs.

3.2.3 Benchmarking Against Known KSI Databases and In vitro Validation
To evaluate the performance of the barcoded phospho-PCA platform, screening-
positive KSI calls were compared against a curated reference set of experimentally
documented interactions. Across the combined library (n=403 annotated pairs), the
screen achieves a precision of 0.924. Detailed inspection revealed that a set of false
negative substrates are inevaluable to phospho-PCA due to the QC removal of false
positive substrates and the inability of PAABD to bind to substrates. Restricting
the denominator to screening-evaluable pairs yields a substantially higher recall of
0.728. This pattern was consistent across both sub-libraries (Table 3.5).

Inspection of false-negative pairs revealed that a substantial fraction lacked a canon-
ical PAABD motif or were flagged as promiscuous substrates. This suggests that
many unrecovered interactions may represent low-affinity or context-dependent
events not efficiently captured under the cellular conditions of the yeast screen, as
part of the current limitations of the screening platform. The high-precision, lower-
recall profile is well-suited to the intended application. Because the primary goal
is to generate a compact, high-confidence set of KSIs for downstream mechanistic
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validation and biosensor development, minimizing false positives takes precedence
over exhaustive interaction recovery. A precision exceeding 0.90 across both sub-
libraries means that screening hits can be pursued with high confidence. Missed
interactions can be recovered in future rounds through relaxed scoring thresholds,
expanded substrate coverage, or orthogonal screening strategies. Of the KSI pairs
assessed by both platforms, ∼75% of phospho-PCA screening hits were indepen-
dently confirmed by the Kinexus cell-free kinase activity assay, supporting the high
precision of the yeast-based screen on novel KSIs (Figure 3.3).

3.2.4 Substrate Pools Reveal Co-Evolution Between Substrate Preference and
Kinase Domain Divergence

Across kinase–kinase sequence pairs, screening-tree distance and kinome-tree dis-
tance are significantly correlated (Kendall 𝜏 = 0.638, 𝑝 = 2.9 × 10−28), indicating
that kinase-domain evolutionary relationships are a major determinant of substrate
selectivity in this panel.

As shown in Figure 3.3, within the tyrosine kinase clade, FRK and FYN form the
closest canonical pair, consistent with their shared Src-family architecture. ABL2
clusters with this pair in the kinome tree but diverges in the screening tree. This
behavior agrees with ancestral-reconstruction analysis showing that the Src and
Abl lineages evolved substantially different substrate specificity after divergence
from a common ancestor (Finneran et al., 2020). The phosphomimetic mutants
KS6B1-T252D and PLK1-T210D remain within the serine/threonine clade and
cluster near their respective wild-type kinases. Rather than altering sequence
motif selectivity, activation-loop phosphomimetics primarily stabilize the active
kinase conformation and relieve intramolecular autoinhibition—in PLK1, the polo-
box-domain-mediated autoinhibited state—while leaving the substrate-binding cleft
largely preserved (Chapagai et al., 2025).

Within the serine/threonine clade, an inner basophilic cluster is observed: CaMKK1
pairs most tightly with KS6B1, and KGP1 pairs with PHKG1, consistent with recog-
nition of substrates containing basic residues surrounding the phosphoacceptor site,
a defining property of AGC- and CAMK-related kinases (Pearce et al., 2010). Al-
though PLK1 is not classically categorized as basophilic, its large mitotic substrate
repertoire creates substantial peptide-space overlap with basophilic kinases (Bibi
et al., 2013). Structural alignment analysis further places PLK1 within the CAMK
structural group rather than the original “Other” classification, supporting its prox-
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imity to CAMK-like kinases in the screening tree (Modi & Dunbrack, 2019b).

Despite being neighbors in the kinome, TBK1 and IKK𝛽 segregate in the screen.
TBK1 phosphorylates innate immune adaptor proteins including MAVS, STING,
and TRIF, promoting IRF3 activation (S. Liu et al., 2015), whereas IKK𝛽 phospho-
rylates I𝜅B proteins to trigger NF-𝜅B activation (Ghosh & Karin, 2002). IKK𝛽 was
expressed with activating S177E/S181E substitutions to ensure constitutive activity
(Polley et al., 2013), which may alter conformational regulation. MAST1 clusters
with IKK𝛽 rather than AGC kinases. MAST kinases differ from canonical AGC
kinases in substrate specificity: ENSA is phosphorylated in an acidic DpSG context,
and MAST family kinases possess a distinctive activation-loop insertion that does
not rely on canonical activation-loop phosphorylation (Lemke et al., 2025). The
DUF1908 regulatory domain, required for full MAST2 kinase activity and con-
served in MAST1, was absent from the kinase-domain constructs used in the screen
and may result in an incomplete rendering of its activity.

MAP3K7/TAK1 lies at the periphery of the serine/threonine clade. Structural
re-analysis shows that TAK1 does not cluster with canonical MLK kinases and
instead occupies a distinct TKL branch (Modi & Dunbrack, 2019b), consistent
with its atypical activation mechanism. Similarly, the structural and biochemical
atypicality of STYK1 is well reflected in its substrate screening profile, which placed
it as the most distant member from conventional tyrosine kinases in the kinase
clustering analysis. Its intracellular kinase domain shares only 30–34% amino
acid identity with the FGFR/PDGFR superfamily—its closest known relatives (L.
Liu et al., 2004). Unlike typical tyrosine kinases, it is a dual-specificity kinase
that phosphorylates both serine/threonine and tyrosine residues (C. Zhou et al.,
2020). ADCK1, an ABC1-family atypical kinase, similarly lacks a defined canonical
substrate motif and groups distantly from other serine/threonine kinases. Finally,
titin kinase functions as a catalytically inactive pseudokinase scaffold rather than an
active enzyme (Bogomolovas et al., 2014). Consistent with this, TITIN produced
the fewest screening hits and was maximally isolated from other serine/threonine
kinases in the screening tree.
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Figure 3.3: phospho-PCA shows high precision and reliability in benchmarks,
reveals co-evolution of kinase specificity and sequence divergence, and sheds
novel insight for understudied kinases A: Left: A juxtaposition of kinase domain
phylogeny and substrate selectivity clustering tree reveals the alignments and differ-
ences between kinase functional and sequence space. B: phospho-PCA shows high
precision with benchmark against literature annotations and additional in vitro vali-
dations. C: Information content heatmaps for position-wise AA-property selectivity
and substrate GO enrichment for dark kinases ADCK1, KKCC1, and PHKG1.
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3.2.5 Novel Substrates Shed New Insight into Understudied Dark Kinases
For the three kinases currently enlisted as dark kinases by The Dark Kinase Knowl-
edgebase, namely CaMKK1 (KKCC1), PHKG1, and ADCK1, we inspected their
phosphorylated peptide residue preferences in detail. Given that the randomized
peptides were mostly chosen from human phosphoproteomics data, we further exam-
ined any meaningful enrichment of biological processes to infer novel involvement
of these kinases. It should be noted that CaMKK1 and PHKG1 are comparably
better characterized than ADCK1 and would partially serve as pipeline benchmarks
for phospho-PCA to reflect known biology findings (Figure 3.3).

CaMKK1 exhibits a strong basic residue preference at position −3 (IC = 0.475),
a defining feature of the CaMK kinase family. This motif architecture is con-
sistent with CaMKK1’s role as an upstream activator of multiple CaMK family
members, enabling recognition of a shared substrate grammar rather than narrow
target selectivity. Calcium and calcium channel signaling enrichment directly re-
flects CaMKK1’s canonical activation mechanism as a Ca2+/calmodulin-dependent
kinase

(Tokumitsu & Sakagami, 2022). Neuronal and dendritic process enrichment recapit-
ulates well-established CaMKK→CaMKI/CaMKIV cascades regulating neuronal
development and plasticity (Wayman et al., 2008). Nuclear and transcription-related
enrichment aligns with CaMKK-mediated pathways linking calcium transients to
gene expression programs (Tokumitsu & Sakagami, 2022). Cell population pro-
liferation enrichment is consistent with CAMKK family roles in coupling calcium
signaling to growth and metabolism (Sheng et al., 2020). CaMKK1 displays the
known CaMK-family substrate grammar and drives calcium-responsive signaling
programs that link neuronal activity to transcriptional and developmental outcomes.

PHKG1 (Phosphorylase Kinase 𝛾1) displays the strongest basic residue preference
at position −3, with extended enrichment from positions −6 to −3. This motif
precisely matches the canonical motif, demonstrating extreme selectivity consistent
with PHKG1’s specialized regulatory role. Calcium-mediated signaling enrich-
ment directly reflects PHKG1 activation logic: phosphorylase kinase is activated
by Ca2+ binding via its calmodulin (𝛿) subunit, and calcium alone is sufficient
for kinase activation (Brushia, 1999). Metabolic and catabolic process enrich-
ment aligns with PHKG1’s core role in glycogenolysis, particularly in brain and
muscle (Magistretti & Allaman, 2015). GABAergic synapse enrichment suggests
neuronal functions beyond classical glycogen metabolism: PHKG1 phosphorylates
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neuronal proteins including MAPT/TAU, GAP43, and NRGN (UniProt Q16816;
Pharos database). Structural confirmation that Ca2+/calmodulin binding activates
the catalytic 𝛾 subunit has been provided by recent crystallographic analysis (Ma
et al., 2025). PHKG1 exhibits extreme motif selectivity and directly couples cal-
cium signaling to metabolic output, positioning it as a tightly regulated executor of
activity-dependent glycogen breakdown, including in neuronal contexts.

ADCK1 is an atypical kinase with non-canonicalarchitecture and fewer high-
confidence substrate hits. Despite sparse hits, ADCK1 shows the highest
single-position information content observed: strong basic enrichment at position
−6 (IC = 0.755). This potentially suggests an extended substrate-binding interface,
consistent with ADCK1’s divergent fold and atypical regulatory mechanism. Mi-
tochondrial and metabolic enrichment directly recapitulates ADCK1’s established
role in mitochondrial structure and bioenergetics: it localizes to the mitochondrial
inner membrane and regulates cristae structure and dynamics via OPA1 and IMMT
(Yoon et al., 2019). Apoptotic process enrichment aligns with mitochondrial
dysfunction upon ADCK1 loss, including reduced membrane potential, ATP
depletion, and increased ROS production (Zhuo et al., 2022). Transcriptional and
Wnt/𝛽-catenin signaling enrichment directly mirrors documented ADCK1 function:
ADCK1 interacts with TCF4 to activate 𝛽-catenin/TCF-dependent transcription and
promotes cancer cell growth and migration (Y. Ji et al., 2021). Developmental and
spermatogenesis-related enrichment is consistent with energy-intensive differentia-
tion programs and male infertility associations linked to mitochondrial dysfunction.
Synaptic and glutamatergic enrichment aligns with high energy demands of exci-
tatory synapses and reported genetic associations with neuropsychiatric disorders
(Y. Ji et al., 2021). ADCK1 is a mechanistically distinct kinase whose unique
substrate recognition may support its central role in mitochondrial integrity, energy
homeostasis, apoptosis resistance, development, and transcriptional regulation.

3.2.6 Fine-Tuning KINBERT on phospho-PCA Data Improves Prediction of
Unseen Substrates and nominate optimal SPARK reporter substrates

One of the key limitations discussed in Chapter 2 is the availability of unbiased,
high-throughput kinase–substrate interaction data for training sequence-based pre-
diction models. We next evaluated all models on the phospho-PCA KSI benchmark,
which comprises ∼20 human kinases systematically screened against thousands of
substrates in a high-throughput phospho-PCA assay, yielding a dense set of interac-
tion hits that are often physicochemically permissive but not necessarily realized in
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endogenous signaling networks.

As expected, given the distributional shift from curated database and HeLa lysate-
based training data, all baseline models exhibited markedly reduced performance on
this benchmark relative to their standard test sets. Phosformer, Kolossus, and KIN-
BERT:TAPE achieved PR-AUC values of 0.552, 0.469, and 0.547, respectively, and
ROC-AUC values of 0.510, 0.452, and 0.610, reflecting their inability to discriminate
positive from negative interactions in our orthogonal and unbiasedly-characterized
dataset. Inspection of model outputs revealed that pre-trained models defaulted to
broadly negative logit predictions with high uncertainty across substrate pairs, con-
sistent with their having learned phosphorylation rules primarily from biologically
contextualized data—where non-kinase domain regulation, pathway membership,
and cellular co-localization likely contribute implicit filtering—rather than from the
unbiased physicochemical space sampled by pooled screening (Figure 3.4).

Fine-tuning KINBERT:TAPE on phospho-PCA training interactions substantially
rescued performance, yielding PR-AUC and ROC-AUC of 0.816 and 0.864 on the
held-out phospho-PCA test set, while preserving strong performance on the original
DB + Lysate benchmark (PR-AUC: 0.953, ROC-AUC: 0.960) (Table 3.3). These
results demonstrate that targeted fine-tuning with screening-derived data extends
model coverage into the broader physicochemical phosphorylation space without
catastrophic forgetting of curated interaction knowledge, and that the phospho-PCA
benchmark represents a distinct and nontrivial generalization challenge common to
all models evaluated here.

Table 3.3: Performance metrics across models on phospho-PCA-identified KSIs
PR_AUC ROC_AUC

Model Phosformer Kolossus KINBERT:TAPE KINBERT:TAPE-TUNED Phosformer Kolossus KINBERT:TAPE KINBERT:TAPE-TUNED

DB + LYSATE Test 0.614 0.720 0.970 0.953 0.695 0.779 0.973 0.960
phospho-PCA KSIs Test 0.552 0.469 0.547 0.816 0.510 0.452 0.610 0.864
phospho-PCA KSIs Train 0.546 0.438 0.534 0.929 0.511 0.421 0.605 0.946
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Figure 3.4: Finetuning KINBERT with phospho-PCA data enables identifi-
cation of kinase reporter candidates from unseen substrates A: Performance
metrics of fine-tuned and naive KINBERT on phospho-PCA-identified KSIs. B:
Histogram for prediction logic score for naive and fine-tuned KINBERT over the
phospho-PCA-KSIs shows improved class segregation. C: Logit score for fine-tuned
and naive KINBERT, with TBK-SPARK-novel and IKK-SPARK-novel are unseen
substrates removed from fine-tuning. D: Schematics for integrating KINBERT and
phospho-PCA as computational and experimental validation sources for downstream
biosensor engineering.
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To nominate optimal SPARK reporter substrates for IKK𝛽 and TBK1, we first as-
sembled two complementary candidate pools: kinase–substrate pairs drawn from the
curated DB + Lysate dataset and from the phospho-PCA high-throughput screening
dataset, spanning both seen (training) and unseen (test) pairs in each case. Candi-
dates were initially filtered by a strict PAABD binding constraint to retain only pairs
with sufficient affinity for the phosphoamino acid-binding domain, a prerequisite
for productive intramolecular substrate engagement and reliable reporter dynamic
range in mammalian cell contexts. We then applied computational scoring using
the fine-tuned KINBERT:TAPE model as an orthogonal layer of evidence—not as
a numerical approximation of catalytic activity, since the model is trained on bi-
nary phosphorylation classification rather than quantitative activity measurements,
but rather as a phosphorylation selectivity classifier whose confidence scores help
flag and deprioritize pairs likely to reflect database curation artifacts or substrate
specificity arising from non-kinase domain regulatory mechanisms. Independent
experimental corroboration was further required from either the literature-curated
database or phospho-PCA screening validation, providing biochemical support for
each nominated pair. For DB + Lysate-derived candidates, final hit prioritization
combined KINBERT selectivity rank with this experimental evidence filter; for
phospho-PCA-derived candidates, ranking was performed directly on experimen-
tally characterized activity scores, with KINBERT confidence serving as a secondary
consistency check (Figure 3.4-D).

This sequential filtering and prioritization strategy yielded four finalized substrate
proposals—one DB-derived and one phospho-PCA-derived candidate for each ki-
nase. Notably, three of these four substrates (TBK1-DB, TBK1-phospho-PCA, and
IKK𝛽-phospho-PCA) were not encountered during model training, yet elicited con-
fident positive phosphorylation logits from the fine-tuned model—a marked contrast
to the near-chance, broadly negative, and highly uncertain predictions produced by
the pre-fine-tuned KINBERT model on the same pairs (Figure 3.4-C). These results
demonstrate that fine-tuning on phospho-PCA data extends the model’s ability to
confidently assign phosphorylation selectivity to novel kinase–substrate pairings,
enabling data-driven substrate nomination for reporter engineering that generalizes
beyond the curated training distribution.

Four SPARK reporter variants—IKK-SPK-1, IKK-SPK-novel, TBK-SPK-1, and
TBK-SPK-novel—were quantified across conditions spanning vehicle control, ki-
nase inhibitors (BMS-345541 (Burke et al., 2003), GSK-8612 (Thomson et al.,
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2019)), activating stimuli (TNF𝛼 (Kuo et al., 2009), polyIC (Pourcelot et al., 2016;
Reimer et al., 2008), diABZI (Messaoud-Nacer et al., 2022)), and phosphosite T-to-
A negative controls. The substrate sequences and computed scores for each reporter
construct are summarized in Table 3.4.

Table 3.4: SPARK reporter substrate sequences and KINBERT:TAPE scores.
Reporter Kinase Substrate (15 aa) phospho-PCA TAPE prob TAPE logit TAPE prob TAPE logit PAABD

(pre-FT) (pre-FT) (FT) (FT)

TBK-SPARK-novel TBK1_HUMAN QGPSQTSTPTDVTAI 1.241 0.201 −1.320 0.766 1.427 FHA
IKK-SPARK-novel IKKB_HUMAN PHEEPSNSLMAIECR 1.623 0.952 3.000 0.769 1.420 WW
TBK-SPARK-1 TBK1_HUMAN DHPYASLTLPDDAAA — 0.803 1.623 — — FHA
IKKB-SPARK-1 IKKB_HUMAN NPQERTLTLVDTGIG — 0.990 4.620 — — FHA

3.2.7 Building a Comprehensive Toolkit for Automated Live-Cell Imaging
Quantification: Segmentation, Tracking, and Quantification Using the
CellSAM Generalist Module and Occident Pipeline

CellSAM is a SAM-based foundation model for automated cellular instance seg-
mentation trained on a curated multi-archetype dataset (tissue, cell culture, yeast,
H&E, and bacteria) with strict train–test decontamination to prevent leakage. To
enable fully automated inference, we identified bounding-box prompting as the most
effective strategy, then built CellFinder, an Anchor DETR-based detector (Y. Wang
et al., 2022) that shares SAM’s ViT features and supplies box prompts for mask
enumeration. This combined pipeline achieved state-of-the-art results across ten
datasets and strong zero-shot transfer on LIVECell (Edlund et al., 2021). As a re-
sult, CellSAM provides a generalist segmentation module that can be reused across
diverse biological imaging workflows without redesign. We combined CellSAM
with a tracking algorithm (Bochinski et al., 2017) in two representative applications.
First, in a HeLa live-cell experiment with transient AMP kinase reporter expression
(Schmitt et al., 2022), cells were treated with 20 mM 2-deoxy-D-glucose in a design
representative of studies probing signaling dynamics (Purvis & Lahav, 2013). We
segmented and tracked cells across 60 frames (120 minutes) to quantify AMP kinase
activity trajectories. Second, in budding yeast lineage experiments, we used the same
segmentation-tracking pipeline and added division detection to compute cumulative
divisions and reconstruct single-cell lineage trees (Figure 3.5-A). Together, these
case studies demonstrate that as core segmentation and tracking modules become
more generalizable, complete downstream biological analysis pipelines inherit that
generality.
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Figure 3.5: CellSAM-Generalist and Occident tracking pipeline enable au-
tomated segmentation, tracking, and downstream quantification for live-cell
imaging data A: Because CellSAM functions across image modalities and cellular
targets, it can be immediately applied across bioimaging analysis workflows without
requiring task-specific adaptations. Application of CellSAM to various biologi-
cal imaging. Segmentations from CellSAM are used to track cells and quantify
fluorescent live-cell reporter activity in cell culture. CellSAM segments cells in
multiple frames from a video of budding yeast cells. These cells are tracked across
frames that ensures consistent identities, enabling accurate lineage construction and
cell division quantification. B: a-b): Segmentation pipeline for special cell type
masks. A combination of Caliban and SAM was used to get special cancer cell
and T cell masks. Red nuclear channel images were used to generate cancer nuclei
masks. Phase images were used to generate T cell masks with DeepCell/Caliban
and SAM, then ensembled for final masks. Red and phase images were used to
generate cancer cell aggregate masks with DeepCell/Caliban. Nuclear masks were
used to prompt SAM to generate a second set of masks ensembled with DeepCell to
generate individual cancer cell masks. The difference between the aggregate masks
and individual cancer masks generated additional attached T cells for inclusion with
the previous T cell mask. c) Extracting a catalog of cellular phenotypes with Oc-
cident. Morphology is an indicator of cell state. T cells that are interacting with
cancer cells change from their round shape to attack cancer cells while cancer cells
aggregate together under distress. Segmentation masks are able to capture putative
cells and cell aggregates for both cell types. d) Increased T cell expansion with
beneficial knockouts. Cancer cell population from segmentation over time reveals
greater killing in wells with beneficial T cell perturbations. Fluorescence of the
cancer nuclear marker is a lagging indicator of cancer cell population.
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To extend segmentation and tracking into behavior-level analysis, we added the Oc-
cident pipeline as a downstream quantification layer built on the existing CellSAM
+ tracking workflow. Within this framework, Caliban provides segmentation and
trajectory construction, while Occident aggregates trajectories into interpretable
phenotypes for hypothesis testing. We applied this combined pipeline to co-cultures
of NY-ESO-1+ A375 cancer cells and 1G4 anti-NY-ESO-1 TCR-transgenic T cells
across three perturbation states: RASA2 knockout (RASA2 KO), CUL5 knockout
(CUL5 KO), and safe-harbor AAVS1 knockout (SH KO). This design is biologically
grounded because RASA2 regulates T-cell signaling checkpoints and CUL5 partici-
pates in cytokine-linked growth control programs (Bachl et al., 2023). Imaging was
acquired every 4 minutes for 24 hours using brightfield plus red fluorescence chan-
nels, and outputs were converted into longitudinal cell-state and population mea-
surements. Occident-based quantification recapitulated known functional trends for
engineered T cells: RASA2 KO and CUL5 KO conditions showed stronger T-cell ex-
pansion and enhanced cancer-cell depletion relative to SH KO controls (Carnevale
et al., 2022; Liao et al., 2024). In addition, segmentation-derived cancer counts
declined earlier than fluorescence-derived nuclear signal, indicating that reporter
intensity can act as a lagging surrogate for true population dynamics (Figure 3.5-B).
Together, these results show that adding Occident to the existing generalist seg-
mentation module enables robust segmentation-tracking-quantification analyses of
cellular interactions in a single end-to-end workflow.

3.2.8 Spatial and Temporal Activation Pattern of IKK-SPARK and TBK1-
SPARK

To characterize IKK𝛽 and TBK1 kinase activity at single-cell resolution, we devel-
oped a two-stage computational pipeline for automated SPARK reporter quantifica-
tion. In the first stage (PREDICT module), cells were segmented from time-lapse flu-
orescence images and a per-cell puncta signal was extracted. In the second stage (VI-
SUALIZATION module), traces underwent quality filtering, and cells were selected
to generate population-level overlay traces for each reporter–condition combination.
Cell segmentation was performed with CellSAM, a Segment Anything Model vari-
ant fine-tuned for fluorescence microscopy, followed by mask post-processing with
the Occident tracking pipeline to ensure consistent cell identity across time frames.
The SPARK signal at each time frame was computed as the fraction of total cell fluo-
rescence attributable to detected puncta, providing a reporter-expression-normalized
measure of kinase activity.
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Figure 3.6: KINBERT and phospho-PCA screening results in novel SPARK
live-cell reporters for TBK1 and IKK𝛽. A) Left: Violin plots with overlaid
jittered data points showing peak ΔSPARK distributions. Mid: Median bar chart
with interquartile range whiskers. Right: Kernel density estimates of peakΔSPARK;
dashed and dotted vertical lines mark the activation threshold (0.01) and basal peak
cap (0.05), respectively. B) Time-course overlay ΔSPARK traces for selected cells
across conditions over 0–240 min. C) Exemplary time-series for all four developed
kinase reporters upon activation.

To determine appropriate signal thresholds for cell stratification, we examined the
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empirical peak ΔSPARK distributions across all basal-condition and stimulus-
treated cells. In basal conditions, the peak ΔSPARK distribution was strongly
centered around zero and remained compact below 0.05 across all reporter vari-
ants (about 98% on the peak distribution). In treated conditions, approximately
half of cells across all pools showed basal spark signal at any timeframe, consis-
tent with the stochastic nature of single-cell NF-𝜅B and TBK1 activation and the
punctum-nucleation threshold behavior of SPARK reporters. A minimum peak
ΔSPARK threshold was applied as a signal detection boundary to separate mea-
surable spark activity from residual basal reporter fluctuation. For IKK-SPK-novel
in the polyIC condition, automated selection was replaced with manually curated
single-cell recordings due to the lower brightness of this reporter variant, and popula-
tion mean traces were generated from manually validated cells. For TBK-SPK-novel
in the diABZI condition, a small number of manually validated cells were appended
to the automated selection to supplement the pool. Population mean traces were
computed over a common 0–240 min time grid before plotting, with shaded bands
indicating the standard error of the mean across contributing cells.

To validate that stimulus treatment produces a measurable increase in SPARK re-
porter activity above baseline, we compared peak ΔSPARK distributions between
control and treated conditions across all reporters excluding the non-quantifiable
IKK-SPK-novel. One-sided Mann–Whitney U tests against the control distribu-
tion revealed that stimulus treatment produced a significant rightward shift in peak
ΔSPARK at every level of the treated cell pool (Figure 3.6-A). Even when consid-
ering all treated cells including those with no detectable spark signal, the treated-all
distribution was significantly greater than control (𝑝 = 1.7×10−7, ***). Among the
non-zero responding cells, the separation was substantially stronger (𝑝 = 4.2×10−63,
***, rank-biserial 𝑟 = −0.81, median ΔSPARK = 0.023 vs. 0.000), and was fur-
ther enriched in the selected sustained-responder subset (𝑝 = 2.1 × 10−59, ***,
𝑟 = −0.86, median ΔSPARK = 0.032). Further comparison to previously re-
ported time-resolved measurements demonstrates strong concordance between our
dynamic response profiles and established biochemical and imaging evidence. Con-
sistent with prior reports, TBK1 activity exhibits a spatially restricted pattern with
Golgi-associated localization and prolonged activation kinetics, persisting on the
order of 2–12 hours following stimulation, as observed in both immunofluorescence
imaging and western blot analyses (S. Lee et al., 2021; Pourcelot et al., 2016).
In contrast, IKK𝛽 activation displays a more diffuse, pan-cytoplasmic distribution,
aligning with earlier spatial mapping studies and the reported localization of NEMO-
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containing signaling assemblies (Malek et al., 2001; Thermo Fisher Scientific, n.d.).
The spatial organization captured by our reporters therefore recapitulates known
compartment-specific signaling architectures of these kinases (Figure 3.6-B,C).

Notably, our measurements of IKK𝛽 dynamics reveal a more sustained and accumu-
lating signal than the rapid activation–dephosphorylation cycles classically inferred
from bulk assays. This apparent discrepancy can be explained by two non-mutually
exclusive mechanisms. First, the reporter system itself introduces a kinetic bias due
to the biophysical properties of phase-separated condensates. As demonstrated in
the original SPARK study, condensate maintenance requires a lower threshold of ki-
nase activity than condensate formation, leading to mixed states between activation
and dissolution states (Q. Zhang et al., 2018). Specifically, condensates persisted
after removal of upstream stimulation in the absence of kinase inhibition, indi-
cating that residual kinase activity—insufficient to initiate new condensates—can
nonetheless sustain existing structures. This implies that reporter readouts integrate
kinase activity over time and may lag behind biochemical inactivation, resulting
in an apparent prolongation of signaling duration. Second, our single-cell mea-
surements resolve substantial cell-to-cell heterogeneity that is inherently obscured
in population-averaged assays. Previous work has shown that NF-𝜅B pathway ac-
tivation is highly heterogeneous and exhibits digital, all-or-none behavior at the
single-cell level, with dose-dependent responses primarily reflecting changes in the
fraction of responding cells rather than the duration of signaling within individual
cells (Tay et al., 2010). Consequently, the rapid decay observed in bulk measure-
ments arises from averaging asynchronous and heterogeneous responses across the
population. More recent studies further emphasize that NF-𝜅B dynamics are highly
variable across individual cells, complicating interpretation of ensemble measure-
ments (Kizilirmak et al., 2022). In this context, our IKK𝛽 reporter captures the full
distribution of activation durations at single-cell resolution, revealing sustained sig-
naling in subsets of cells that would otherwise be averaged out, thereby reconciling
the apparent discrepancy with canonical fast-decay models.

3.3 Discussion
This chapter demonstrates an end-to-end pipeline connecting high-throughput
phospho-PCA screening to machine-learning-guided biosensor design and live-cell
kinase imaging. The principal strength of the phospho-PCA platform is its ability
to generate a dense, high-confidence KSI map without relying on prior substrate
annotations. A precision exceeding 0.90 across both sub-libraries means that hits
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can be pursued with high confidence, while the ∼75% orthogonal confirmation rate
by cell-free phosphorylation reaction assays validates the statistical framework on
genuinely novel pairs. The inherent trade-off is reduced recall: false-negative inter-
actions are enriched for substrates that either lack a canonical PAABD recognition
motif or depend on cellular context—subcellular co-localization, scaffold proteins,
or allosteric regulation—that the yeast system does not recapitulate. The Bayesian
hierarchical model is critical for making these confidence estimates reliable, because
without kinase-level deconvolution, raw enrichment scores conflate enzyme abun-
dance with recognition specificity. The bimodal autonomous-growth distribution
observed for the ST sub-library, but not the Y sub-library, highlights a further
platform-specific confound arising from endogenous yeast serine/threonine kinase
activity; the promiscuity index provides a principled, annotation-free filter against
this background. Together, these quality-control layers suggest that phospho-PCA is
well suited to producing compact, actionable hit sets for downstream applications.

The substrate-based kinase clustering analysis reveals that phylogenetic distance is
a strong predictor of substrate selectivity. This confirms that biochemical substrate
profiling captures functional identity complementary to, but not fully predictable
from, sequence phylogeny. For understudied dark kinases, the platform’s unbiased
substrate pools provide the systematic motif characterization: PHKG1’s extreme
basic-residue selectivity, ADCK1’s extended −6 basic preference, and CaMKK1’s
canonical CaMK grammar are each consistent with established biology where it
exists and generate testable hypotheses.

Fine-tuning KINBERT on phospho-PCA data addresses a previously underappre-
ciated distributional gap in KSI predictors: models trained exclusively on curated
database and lysate-derived interactions systematically fail in the broader physico-
chemical substrate space probed by pooled screening, performing near chance on the
phospho-PCA benchmark before fine-tuning. The improved performance after fine-
tuning—without catastrophic forgetting of database-derived knowledge—confirms
that the two data modalities are complementary rather than redundant and suggests
a hybrid training strategy for next-generation predictors. The downstream utility of
this approach is demonstrated directly: the finalized novel SPARK substrate candi-
dates were not seen during training yet received confident positive selectivity scores
from the fine-tuned model, in contrast to the broadly negative and uncertain pre-
dictions of the pre-fine-tuned model. A limitation is that the model outputs binary
phosphorylation classification scores rather than quantitative activity estimates, so
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it functions as a selectivity filter rather than a predictor of catalytic efficiency or
biosensor dynamic range.

The validation results establish that all four reporter constructs respond to physi-
ologically relevant stimuli above a well-characterized basal distribution, and that
their spatial and temporal activation profiles—Golgi-restricted puncta for TBK1
and pan-cytoplasmic signal for IKK𝛽—are concordant with immunofluorescence
and biochemical evidence from the literature. The ability to resolve these patterns
at single-cell resolution over 240-minute time courses illustrates the practical ad-
vantage of continuous live-cell reporters over endpoint assays for kinases whose
activation is delayed, transient, and heterogeneous.

Future optimization should focus on tuning HOTag valency, PAABD–phosphopeptide
binding kinetics, and expression level to increase dynamic range and reduce the
noise floor. Orthogonal validation using non-condensate-based reporters or quanti-
tative phosphoproteomics will be necessary to disentangle reporter-specific kinetic
biases from true signaling dynamics. Despite these limitations, the four constructs
collectively provide a validated, modular starting point for pharmacological studies,
genetic perturbation screens, and further biosensor engineering targeting TBK1 and
IKK𝛽.
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A

B

Figure 3.7: Inspection of the substrate-only Libraries and decision boundary for
false positive thresholds A: Histogram for LFC distribution of S/T and Y substrate-
only libraries B: Elbow Plot and Volcano Plot binning LFC>1.5 as a reasonable FP
threshold
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Figure 3.8: Abundance and Activity Decoupling across PAABDs A: Histogram
for decoupled activity scores for ST/Y kinases, dashed line showing median kinase
abundance B: Heatmap for global abundance score for each kinase-PAABD pair

Library TP FP TN FNtotal FPsub Inactivesub No
PAABD

FNeval Prec. Recall

Y 77 5 22 118 4 5 70 39 0.939 0.664
ST 57 6 41 77 8 8 50 11 0.905 0.838
Combined 134 11 63 195 12 13 120 50 0.924 0.728

Table 3.5: phospho-PCA performance statistics on spike-in KSIs.

3.4 Methods
3.4.1 Library Design, Construction, and Screening
Substrate and Kinase Library Composition

A diverse set of 8 tyrosine kinases and 15 serine/threonine kinases was selected
for screening. To quality-control pooled screening performance, spike-in control
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pairs were included among the screening candidates. From a literature-curated KSI
dataset, redundant substrate sequences with a Levenshtein distance less than 7 from
any other sequence in the set were first removed; approximately 300 documented
kinase–substrate pairs were then sampled from the curated database. To enrich the
library with diverse substrates, approximately 1,700 additional candidate substrates
were sampled from documented animal phosphoproteomic data, retaining only se-
quences with a Levenshtein distance greater than 8 from all other library members
and centring on either a tyrosine or a serine/threonine phosphoacceptor site.

Library Assembly

Substrates were ordered as oligonucleotide pools and kinases as individual gene
blocks synthesized by Twist Biosciences. Kinase gene blocks were pooled equimo-
larly and crossed with the substrate pool in a Golden Gate reaction; the resulting
substrate–linker–kinase fragments were ligated into the yeast expression plasmid.
PAABDs were ligated into the same backbone, and 19-nucleotide random barcodes
were inserted using Gibson assembly. Transformation efficiency was estimated by
1:1,000 dilution plating, and short-read amplicon sequencing was used to confirm
approximately 10× barcode coverage across all variants present in the library.

Yeast Transformation and Selection

Libraries were introduced into yeast strain BY4742 by electroporation and sub-
jected to auxotrophic selection in SC −URA media. A pre-selection cycle (input)
was performed by inoculating SC −URA/MET/ADE medium at a starting OD600

= 0.1 from a saturated culture to allow amplification of the variant pool into expo-
nential growth phase. The competition cycle (output) was initiated by transferring
cells from the input culture into competition medium (SC −URA/MET/ADE +
200 µg/mL methotrexate) at a starting OD600 = 0.05. Plasmids were extracted from
pellets collected at the end of both the input and competition cycles, and primers
flanking the barcode region were used to generate short-read amplicons for barcode
quantification.

Sequencing and Data Analysis

Approximately 20× (10 million reads) PacBio HiFi sequencing coverage was used
to generate the variant-to-barcode lookup table, and approximately 100× short-
read sequencing coverage was used to quantify barcode abundance in the input and
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competition pools. Barcodes were deconvoluted to their original kinase–substrate
pair identities, and hits overrepresented in the competition cycle were identified
from the read-count table using MAGeCK (B. Wang et al., 2019).

3.4.2 Library Processing and Construction of Barcode–Kinase–Substrate
Lookup Tables

PacBio CCS Read Processing

Barcoded kinase–substrate libraries were sequenced using PacBio HiFi circular con-
sensus sequencing (CCS). Reads were imported from compressed FASTA files and
standardized to a common orientation. A diagnostic trigger sequence was used
to identify reverse-oriented molecules; when present, the entire read was reverse-
complemented prior to parsing. This step ensured that all downstream motif searches
and coordinate extractions were performed in a consistent direction. Construct ar-
chitecture was defined by invariant flanking sequences surrounding the barcode
and the kinase–substrate (KS) region. Reads were retained only if they contained
all expected anchors delimiting: (i) the barcode region, (ii) the KS insert region,
and (iii) the internal linker separating substrate and kinase inserts. The nucleotide
barcode was extracted between barcode flanks, and the KS region was extracted be-
tween KS flanks. The KS region was split at the linker to produce separate substrate
and kinase nucleotide inserts. Nucleotide inserts were translated to amino-acid se-
quences. To ensure library integrity and eliminate sequencing or cloning artifacts,
constructs were filtered using the following criteria: (i) barcode length exactly 19
nucleotides, (ii) substrate insert translated to a 15 amino-acid peptide, (iii) absence
of internal stop codons in the substrate peptide, and (iv) kinase open reading frame
terminated by a single C-terminal stop codon (removed after validation). Reads
failing any criterion were discarded. Because a single barcode can occasionally ap-
pear associated with multiple inserts due to sequencing or recombination artifacts,
a bijective mapping between barcode and (kinase, substrate) pair was enforced. For
each barcode, supporting reads for every observed pair were counted and the frac-
tion assigned to the dominant pair was calculated. Barcodes were retained only if
≥90% of reads supported a single assignment. The resulting dataset was collapsed
to one record per barcode. Validated kinase sequences were matched to a curated
kinase reference table to assign kinase identifiers (name, accession, and kinase class
such as serine/threonine or tyrosine). The final lookup table therefore linked each
barcode uniquely to a substrate peptide and annotated kinase.
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Pooled screening libraries were sequenced using Illumina platforms. Per-sample
count tables contained observed insert sequences and counts for two experimental
conditions: pre-selection (“pre”) and post-selection (“mtx”). Barcodes were ex-
tracted from reads using fixed flanking sequences. For certain library variants, a
trimmed insert sequence of known length was first recovered and translated to an
amino-acid sequence identifier used for aggregation. Low-coverage barcodes are
dominated by sampling noise and lead to unstable enrichment estimates. Therefore,
for each barcode the combined counts across conditions were required to exceed
a minimum threshold: pre + mtx > 100. Entries below this threshold were re-
moved. When multiple sequencing batches existed, replicate count tables were
merged on shared identifiers. Each barcode therefore had replicate-resolved counts:
(pre1, mtx1, pre2, mtx2).

Barcode count tables were joined to the PacBio-derived lookup tables using the
nucleotide barcode as the key. For mapped peptides, motif compatibility annota-
tions were assigned based on the central residue and surrounding positions. These
annotations were used only for downstream interpretation and not for model fitting.

3.4.3 False Positive Substrate Identification
To remove non-specific substrates from the KSI dataset, false positive (FP) sub-
strates were identified through two orthogonal criteria applied separately to the
serine/threonine (S/T) and tyrosine (Y) arms of the library. For the S/T arm, sub-
strates were first flagged using the substrate-only control library (blib7), where
constructs expressing substrate peptides without kinases were screened under iden-
tical conditions. Only substrates with sufficient read depth (control_mean > 10)
were considered, and those showing significant enrichment (FDR < 0.1, LFC > 1.5)
were designated as FP candidates (fp_subs_1). This LFC threshold was empiri-
cally justified by a promiscuity score analysis: at LFC > 1.5, approximately 75%
of flagged substrates could be phosphorylated by more than half of all kinases in
the pool, indicating auto-phosphorylation by endogenous yeast kinases rather than
specific kinase–substrate interactions. In parallel, a second FP set (fp_subs_2) was
derived from the full KSI interaction dataset by computing a promiscuity score for
each substrate (defined as the fraction of tested kinases yielding a positive interac-
tion). Substrates with a promiscuity score exceeding 0.9 were excluded as globally
non-specific. The final S/T FP list was the union of both sets. For the tyrosine
arm, the substrate-only control library (blib10) did not exhibit a bimodal LFC
distribution, precluding LFC-based thresholding; therefore, only the promiscuity
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score criterion was applied. To maintain consistency with the S/T arm—where
the LFC = 1.5 cutoff corresponded to ∼75% of substrates exceeding a promiscuity
score of 0.5—the same 0.75 promiscuity score threshold was applied to the tyrosine
library as the equivalent false positive boundary. The combined S/T and Y FP
substrate lists were used to annotate all KSI pairs, and a KSI was designated a true
positive only if it was screen-positive and its substrate was absent from the FP list.

3.4.4 Statistical Modeling and Decoupling of Enrichment Signals
Barcode counts were aggregated to substrate–kinase pairs by summing across bar-
codes within each replicate. To account for differences in sequencing depth across
replicates and conditions, size factors were computed separately for pre- and post-
selection libraries from total counts. A log-offset term was constructed for each
substrate–kinase–replicate combination, incorporating both the post-selection size
factor and the pre-selection representation of each pair, so that the model baseline
reflects expected post-selection expression given pre-selection input.

Post-selection counts were modeled using a hierarchical negative binomial likeli-
hood, with the log mean decomposed as:

log 𝜇(𝑠, 𝑘, 𝑟) = offset(𝑠, 𝑘, 𝑟) + 𝑔𝑘 + 𝛿(𝑘, 𝑟) + 𝑏(𝑠, 𝑘) (3.1)

where 𝑔𝑘 is a global kinase effect, 𝛿(𝑘, 𝑟) is a replicate-within-kinase deviation, and
𝑏(𝑠, 𝑘) is a substrate–kinase binding effect. The kinase-level term absorbs systematic
differences in enrichment attributable to kinase expression, catalytic efficiency,
or assay conditions, while the binding term captures substrate-specific interaction
above or below that baseline. Weakly informative normal priors were placed with
replicate deviations (𝜎𝛿 = 0.5) and kinase or binding effects (𝜎𝑔 = 𝜎𝑏 = 1.0).
Posterior inference was performed using Hamiltonian Monte Carlo with the No-U-
Turn Sampler (NUTS) as implemented in PyMC.

3.4.5 Kinexus Peptide Array Kinase Assay
Validation peptides (15 amino acids each) were synthesized via SPOT technology on
glycine-modified cellulose membranes using a MultiPep synthesizer (Intavis). Each
peptide incorporated a branched Lys(Lys)2 tag at the N-terminus to promote ori-
ented binding onto glass slides. Peptides were cleaved from cellulose with gaseous
ammonia, extracted into DMF/PBS (0.05% PEG-6000), and printed in duplicate
onto amino-reactive Nexterion H glass slides (Schott) at 0.1 µl per spot with 290 µm
spacing. Slides were blocked with borate buffer containing ethanolamine to quench
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unreacted surface groups. Each slide was then incubated with 2 µg of kinase in
1.6 µl MOPS buffer supplemented with ATP for 2 hours at 30°C in a humidity
chamber. Control slides were treated with MOPS buffer alone or MOPS buffer
containing ATP without kinase; additional negative controls consisted of “empty”
cellulose spots processed identically to peptide-containing spots. Phosphorylation
was detected using Pro-Q Diamond stain (Invitrogen) with 1 hour incubation fol-
lowed by repeated destaining. Fluorescence signal was acquired at 543 nm and
images were exported as TIF files. Spot quantification was performed using Im-
aGene (BioDiscovery), capturing Mean, Median, and Mode intensity values per
spot. For downstream analysis, Mean values from duplicate spots were averaged,
background-corrected using negative control signals, and normalized to the maxi-
mum signal on each array to yield a relative phosphorylation intensity. A specificity
score was further computed by normalizing each peptide’s intensity to its average
signal across all kinase-treated arrays processed on the same day.

3.4.6 Live-Cell Imaging Conditions
SPARK reporter constructs were transfected into HeLa cells using TransIT reagent
with DNA plasmids. Cells were incubated overnight prior to imaging and stimulus
dosing to achieve minimal background signal and capture full activation dynamics.
Imaging was performed on a Nikon confocal microscope at 40×magnification (pixel
size = 0.275 𝜇m).

Dosing conditions

• diABZI STING agonist-1 (final concentration 2 𝜇M; MW 849.9 g/mol):
stock prepared at 1 mM by dissolving 1 mg in 1,176 𝜇l H2O (500× stock).
For dosing: 1.2 𝜇l of 1 mM diABZI added to 100 𝜇l of conditioned DMEM
taken from the well.

• TNF𝛼 (final concentration 1 ng/ml; stock 100,000×): diluted 1:1,000 in
DMEM, then 2 𝜇l added per 200 𝜇l DMEM per well.

• Poly I:C (final concentration 600 ng per 200 𝜇l well, i.e., 3 ng/𝜇l): for 10
wells, 6 𝜇g Poly I:C (2 𝜇l of a 3 𝜇g/𝜇l stock) was combined with 100 𝜇l
OptiMEM, 2 𝜇l DNA, and 12 𝜇l TransIT, incubated 30 minutes, and 10 𝜇l of
the resulting polyIC:TransIT mix added to 100 𝜇l conditioned DMEM taken
from each well.
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• GSK-8612 (TBK1 inhibitor): 1 𝜇l of 2 mM stock added to 200 𝜇l culture.

• BMS-345541 (IKK𝛽 inhibitor; final concentration 10 𝜇M): stock prepared
at 1 mM (100×) by dissolving 1 mg in 3.43 ml H2O; 1–2 𝜇l of 2 mM stock
added to 200 𝜇l culture.

3.4.7 Single-Cell SPARK Quantification Pipeline
Single-cell SPARK signal quantification was performed using a two-stage compu-
tational pipeline: a PREDICT module for cell segmentation and per-cell signal
extraction, and a VISUALIZATION module for quality filtering, cell selection, and
population-level overlay trace generation. SPARK reporters targeting IKK𝛽 (IKK-
SPK-1, IKK-SPK-novel) and TBK1 (TBK-SPK-1, TBK-SPK-novel) were imaged
across vehicle control (blank), kinase inhibitor (BMS-345541, GSK-8612), and ac-
tivating stimulus (TNF𝛼, polyIC, diABZI) conditions, alongside T-to-A phosphosite
negative controls (IKK-SPK-1-TA, TBK-SPK-1-TA, TBK-SPK-novel-TA). Cell seg-
mentation was performed using CellSAM (Cell Segment Anything Model), a fine-
tuned variant of the Segment Anything Model adapted for fluorescence microscopy,
with detection thresholds of bbox_threshold = 0.38, mask_threshold = 0.079,
and iou_threshold = 0.48. Raw fluorescence images were intensity-clipped at
3,000 counts prior to inference to normalize for cross-FOV brightness variation.

Raw segmentation masks were post-processed using the Occident tracking pipeline
with the following customizations: objects smaller than 5,000 pixels were removed;
overlapping masks were resolved using intersection-over-union (IoU ≥ 0.3) and
intersection-over-query (IoQ ≥ 0.2) thresholds. The resulting mask array assigned a
consistent integer cell identifier to each pixel across all time frames. Per-cell SPARK
signal was quantified at each timeframe by detecting fluorescent puncta within the
cell mask. Puncta were identified as pixels exceeding the 99th percentile of the per-
cell intensity distribution, and candidate objects were retained if they met minimum
area (5 pixels) minimum mean intensity (2,600 units) criteria. The absolute intensity
gate was calibrated to the brighter signal range of the standard reporters and served
as a specificity filter against background fluctuation. For a subset of IKK-SPK-novel
polyIC and TNF𝛼 fields of view where automated detection was unreliable due to the
lower brightness of this reporter variant, per-cell and per-frame intensity thresholds
were set manually following visual inspection of raw puncta. The SPARK signal at
each timeframe was computed as the ratio of total puncta fluorescence to total cell
fluorescence, providing a measure of kinase-active puncta burden normalized for



70

cell-to-cell variation in reporter expression level. Quantified single-cell traces from
all runs were consolidated into a unified dataset. Frame-rate corrections were applied
based on imaging protocol: runs acquired at 5 min/frame (49 frames, 240 min total)
and 3 min/frame (81 frames, 240 min total) were corrected accordingly; all remaining
runs used a standard 4 min/frame interval. Each cell’s SPARK signal was baseline-
normalized by subtracting the pre-stimulus frame-0 value, yielding ΔSPARK as
the change in puncta burden relative to the resting state. Cells were required to
have valid measurements in at least 85% of expected timeframes, ensuring only
continuously tracked cells contributed to downstream analysis. Fewer than 3% cells
with high pre-stimulus signal prior to stimulus addition were excluded. Cells with
artefactual high-frequency signal oscillations were identified and removed prior
to selection. Approximately 18% of cells were removed across the full dataset.
Among non-zero cells, a minimum peak response threshold was applied to separate
true activation from residual basal activity, and up to 30 cells per condition were
selected by descending mean signal over the final two-thirds of the time course to
prioritize sustained activation. For IKK-SPK-novel - polyIC condition, automated
selection was replaced with manually validated recordings due to puncta intensities
approaching the noise floor of this reporter variant, likely a consequence of weaker
WW domain binding affinity and non-optimized transfection efficiency. To further
validate the automated pipeline, for the TBK-SPK-novel diABZI condition, $n = 4$
manually curated traces were appended to the pipeline-selected pool and corresponds
well with auto-detected traces.

Data and Materials Availability
Screening sequencing data information and Code for all analysis pipelines is avail-
able at https://github.com/steveyu323/kinase_substrate_interaction.git.

https://github.com/steveyu323/kinase_substrate_interaction.git
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C h a p t e r 4

UNCOVERING KINASE STABILITY, ACTIVITY, AND
SUBSTRATE SPECIFICITY WITH DOUBLE-DEEP

PHOSPHO-PCA

Abstract
Protein kinases relay information to various cellular processes, and their dysregu-
lation underlies numerous human diseases. Despite their importance, our under-
standing of how kinase domains and their variants impact protein stability, catalytic
activity, and substrate recognition is incomplete. In this work, we develop the phos-
phorylation protein complementation assay (phospho-PCA), which enables quanti-
tative measurements of kinase-substrate interactions by coupling them to the growth
of budding yeast, thereby enabling deep mutational scanning of kinase domains.
When combined with deep mutational scans targeting folding stability and Bayesian
modeling, phospho-PCA can disentangle the relative impact of mutations on kinase
domain stability, catalytic activity, and substrate specificity. We demonstrate the
accuracy and breadth of phospho-PCA, showing its applicability to both tyrosine
and serine/threonine kinase domains. We then apply our method to three closely
related protein kinases with distinct substrate preferences, evaluating over 15,000
kinase variants against a panel of three substrates for both catalytic activity and
substrate specificity. The resulting dataset constitutes one of the largest variant-
to-function maps assembled for this enzyme family to date, revealing numerous
mutations that alter kinase activity and substrate specificity. Physics-based mod-
eling reveals how these mutations operate through diverse mechanisms, including
long-range allosteric communication, to alter both activity and substrate specificity.
Given its scalability, we believe phospho-PCA can measure the functional impact
of variants across the entire human kinome.

4.1 Introduction
As thoroughly reviewed in Chapter 1, Protein kinases selectively phosphorylate sub-
strates to regulate enzymatic activity, cellular localization, and protein interactions
(Roland Akinseye, 2024). Dysregulation through missense variants drives diseases
(Chitluri & Emerson, 2024; Medvedev et al., 2023; Torkamani et al., 2009; L. Wang
et al., 2021), motivating the need for precise understanding of how variants affect
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catalytic activity and substrate recognition (Y. Liu et al., 2025; Martinez et al., 2020;
X. Xu et al., 2019). A key gap remains in understanding how kinase domains them-
selves contribute to substrate specificity. Domain swapping experiments on receptor
tyrosine kinases show that phosphorylation profiles follow the kinase domain rather
than the base receptor (Cai et al., 2017; Duplay et al., 1996; Nagao et al., 2021;
Nakamura et al., 1996; Piccinini et al., 2002; Santoro et al., 1994), and single-point
mutations in kinase domains can alter substrate preferences and drive pathogenicity
(Cuesta-Hernández et al., 2023; Lubner et al., 2017; Özden et al., 2022; N. H. Shah
et al., 2018; Songyang et al., 1995; Torres Robles et al., 2025; Walker et al., 2019).
Evolutionary analyses further suggest kinase domains originated from a promiscu-
ous ancestor and diverged to acquire distinct substrate preferences (Finneran et al.,
2020; Gizzio et al., 2022; Taylor & Kornev, 2011). Existing methods for profil-
ing kinase-substrate interactions — including peptide positional scanning libraries
(Johnson et al., 2023; N. H. Shah et al., 2018; Songyang et al., 1994; Yaron-Barir
et al., 2024) and deep mutational scanning of kinases (Ahler et al., 2019; Beltran
et al., 2024; Brenan et al., 2016; Estevam et al., 2025; Hayes et al., 2024; Hobbs
et al., 2022; C. J. Howard et al., 2025; Sokirniy et al., 2025) — cannot assess
variant effects on substrate specificity in parallel, nor disentangle changes in protein
abundance from changes in catalytic activity (Fowler & Fields, 2014; Jehle et al.,
2022; Wei & Li, 2023; Xue & Tao, 2013).

In this work, we were able to generate the first, comprehensive maps of how muta-
tions within the kinase domain impact both catalytic activity and substrate recogni-
tion. We focus on Fyn, Lck, and c-Src of the Src family kinases (SFKs). These three
non-receptor tyrosine kinases share ≈70–80% sequence similarity but play distinct
roles in regulating differentiation, immune responses, and cell growth. Fyn has
a broad tissue distribution and is involved in T-cell signaling (Groves et al., 1996;
Peng & Fu, 2023; L. Wu et al., 2023) and neuronal development (G. Lee et al., 2004;
White et al., 2008); it is currently being investigated as a target for neurodegenerative
diseases (Matrone et al., 2020; Um et al., 2012). Lck is expressed in T-cells and is
a key component of the T-cell activation signaling cascade (Horkova et al., 2023;
Iwashima et al., 1994; McNeill et al., 2007; K. Shah et al., 2021). c-Src is one of
the most well-studied oncogenes; it is widely expressed and regulates cell adhesion,
proliferation, and survival (Reynolds et al., 2014). The different roles these kinases
have assumed are partly due to their varying substrate preferences. Variants of SFKs
have been linked to numerous clinical conditions, including immunodeficiency and
cancer (Hauck et al., 2012; Irby et al., 1999; Lanz et al., 2024; Lui et al., 2024;
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Palomero et al., 2014; Turro et al., 2016).

Here, we develop the phosphorylation protein complement assay (phospho-PCA),
which uses a growth-based biosensor to quantitatively couple kinase-substrate inter-
actions to the growth of budding yeast. We demonstrate that phospho-PCA enables
deep mutational scanning of kinase domains, using the interaction strength with
a specific substrate as the readout. Furthermore, we demonstrate that combining
mutational scans from phospho-PCA and abundance-PCA, which measures folding
stability of protein variants, with statistical modeling enables us to quantify the rel-
ative impact of mutations on kinase domain stability, kinase activity, and substrate
preference. We perform mutational scans with abundance-PCA and phospho-PCA
of Fyn, Lck, and c-Src kinase domains, measuring the impact of ≈ 5000 single
amino acid variants (≈ 98% coverage) for each kinase when paired with representa-
tive Fyn, Lck, and c-Src substrates. We demonstrate that evolutionarily conserved
sites are associated with significant decreases in abundance-PCA signal, and that
the combination of chemical properties and surface accessibility explains the im-
pact of mutations on folding stability. We then identify activity-biasing mutations
using decomposed phospho-PCA scores and show that our data can explain the
impact of clinical variants. We further utilize these decomposed scores to iden-
tify substrate-specificity-determining residues and to conduct a molecular dynamics
study to understand, mechanistically, how mutations at these residues affect substrate
recognition. This work represents a significant advance for the field, as it provides
not only mechanistic insights but also valuable resources in terms of methodology
and data. Phospho-PCA and the associated computational methods have the po-
tential to generate mechanistic insights for the entire human kinome. Moreover,
our comprehensive dataset can support the development and benchmarking of new
methods for variant-effect prediction.

4.2 Results
4.2.1 Phospho-PCA enables deep mutational scanning of kinase domains
Phospho-PCA uses a growth-based biosensor to couple kinase-substrate interac-
tions to the growth of budding yeast cells; a schematic is shown in Figure 4.1.
This biosensor consists of two separate proteins expressed in tandem: the first
is a kinase domain tethered to its substrate and one-half of a split dihydrofolate
reductase (DHFR) enzyme. The second is a phospho-amino-acid binding domain
(PAABD) tethered to the other half of the split-DHFR enzyme (Rochette et al., 2015;
Shibasaki et al., 2008). When a kinase-substrate interaction occurs, the substrate is
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phosphorylated, leading to the binding of the PAABD to the substrate. This binding
reconstitutes the DHFR enzyme, conferring resistance to methotrexate. We note
that this construct design was inspired by fluorescent kinase biosensors, which use
a similar mechanism to couple kinase substrate interactions to changes in fluores-
cence (Greenwald et al., 2018; J.-f. Zhang et al., 2022). By removing the PAABD,
the DHFR fragments complement spontaneously in the cytosol at a rate propor-
tional to the concentration of folded kinase-DHFR1 fusion protein (Figure 4.1a),
thus enabling abundance-PCA measurements (Faure et al., 2022). To perform deep
mutational scanning, we first cloned a library of kinase variants (made with one-pot
saturation mutagenesis) into the kinase portion of our biosensor. Because kinase
domains are too long (750–900 bp) for short-read sequencing, we stochastically link
the library to short-read nucleotide barcodes and perform long-read sequencing to
construct a lookup table (Frank et al., 2022; Larsen et al., 2024; Petersen et al.,
2024). Short-read sequencing is used to measure the abundance of each variant
after methotrexate selection (Figure 4.1b).

To validate phospho-PCA, we measured growth curves of budding yeast expressing
our biosensor construct for a collection of kinase-substrate pairs; the results are
shown in Figure 4.2. We observed significantly higher growth for interacting kinase-
substrate pairs than non-interacting pairs (Figure 4.2a). We used both catalytically
dead kinase domains and mismatched substrates to create non-interacting pairs.
We validated that our growth-based biosensors worked for the Fyn, Lck, and c-
Src tyrosine kinases, a collection of serine-threonine kinases, and for a panel of
phospho-amino acid binding domains (PAABDs) (Figure 4.2a,c). Importantly, by
quantitatively extracting growth rates during the exponential phase of cell growth,
we observed that our biosensors recapitulated the known preferences of Fyn, Lck,
and c-Src for their respective substrates (Figure 4.2b). While our study focuses on
the three SFKs, the data for serine-threonine kinases is a crucial demonstration of
phospho-PCA’s scalability. These results demonstrate that we can utilize our growth-
based biosensors to quantify the strength of interaction for almost any kinase and
substrate during cell growth.

With our growth-based biosensors validated, we constructed libraries to explore the
impact of variants on activity and substrate recognition for the SFKs Fyn, Lck, and
c-Src. For each kinase, we generated a library of all possible single-site variants
and paired it with one potential substrate (Fyn-sub, Lck-sub, and c-Src-sub). We
constructed 18 biosensor libraries that covered phospho-PCA and abundance-PCA
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Figure 4.1: Phospho-PCA enables deep mutational scanning of kinase domains
to understand the sequence-to-function relationship for this enzyme category.
a) Phospho-PCA utilizes a growth-based biosensor to couple kinase-substrate inter-
actions to cell growth. Kinase-substrate interactions reconstitute the DHFR enzyme,
conferring resistance to methotrexate selection. Abundance-PCA can be performed
with the same construct by removing the PAABD, providing a score of folding
stability. b) Deep mutational scanning of kinase domains with phospho-PCA is per-
formed by cloning a kinase variant library into the biosensor construct and barcoding
the variants with 16 bp-long barcodes. Long-read sequencing creates a lookup table
that links kinase variants to barcodes. Once cloned, the library is transformed into
budding yeast cells, and the activity of each variant for phospho and abundance-
PCA is measured by quantifying cell growth in the presence of methotrexate with
short-read sequencing.
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for all possible kinase-substrate pairs. These libraries were screened by measuring
growth rates under methotrexate selection using short-read sequencing. In-depth
descriptions of our library assembly method, analysis of each library’s mutation
composition and coverage, methotrexate selection, protocols, and bioinformatic
analysis of the sequencing data are given in the Methods section.
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4.2.2 Structural context determines the impact of mutations on SFK abun-
dance

To investigate the impact of mutations on SFK folding stability from a biophysical
perspective, we performed a principal component analysis of our abundance-PCA
data. We note that abundance-PCA captures the impact of variants on folding
stability, which reduces the amount of folded kinase inside the cell (Faure et al.,
2022). For simplicity, we refer to a variant’s impact on abundance-PCA scores, and
hence folding stability, as “abundance” for the rest of this chapter. c-Src has been
screened for stability in the past and the AbundancePCA score shows high alignment
and overlapping sets of GoF/LoF residue when compared to previously published
work (Figure 4.6). For this analysis, we first grouped each amino acid (excluding
proline, cysteine, and glycine) into four biophysical categories: hydrophobic, polar
uncharged, positively charged, and negatively charged. We then compiled the
biophysical category and abundance data for all mutants across all positions and
kinases and performed principal component analysis on the resulting matrix; the
results are shown in Figure 4.3a and 4.3b. To simplify our description of the results,
we adopt the convention of Modi and Dunbrack for the relevant sections of the
kinase domain (Modi & Dunbrack, 2019a). This convention defines 17 key sections
throughout the kinase domain—8 in the N-terminal domain (B1N, B1C, B2, B3,
HC, B4, B5, HD) and 9 in the C-terminal domain (HE, CL - catalytic loop, ALN
- activation loop N terminus, ALC - activation loop C terminus, HF, FL, HG, HH,
HI). Each section is named for its dominant secondary structure or its functional
role. Throughout this work, residue numbers in the text refer to positions within
the isolated 254-residue kinase domain construct, which can be mapped to the full
sequence by adding the appropriate offset for each kinase (269 for Fyn, 260 for Lck,
and 244 for c-Src).
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Using the principal components, we identified three clusters where the presence of
negatively charged (1), hydrophobic (2), or positively charged residues (3) leads to
a gain-of-function effect in abundance-PCA, whereas alternative properties result
in a loss-of-function effect. We then sought to use this clustering, in conjunction
with physical and structural reasoning, to explain the impact of convergent and
divergent mutations (i.e., mutations with the same or different effects across all three
SFKs, respectively). With this goal in mind, we made several observations. First,
we observed that most conserved abundance loss-of-function mutations occurred
within the hydrophobic core, although some also occurred in structurally distinct
regions, such as the HE region and the catalytic loop. Regions with reduced solvent-
exposed surface area (SASA,< 10 Å2) were enriched for abundance loss-of-function
mutations. In contrast, regions with more solvent exposure were enriched for gain-
of-function mutations (Figure 4.3c). These observations were consistent with our
clustering analysis; cluster 2 sites were located in the hydrophobic core, while
cluster 1 and 3 sites were located at the surface (Figure 4.3c). We also analyzed the
impact of mutations on abundance-PCA in functionally important, evolutionarily
conserved regions (Figure 4.3d and 4.3e). We observed that each functional region
had a different mutational tolerance. The catalytic loop, which is important both
functionally and structurally, and residues in the N-terminal portion of the activation
loop that are responsible for magnesium positioning, were enriched for loss-of-
function mutations. In contrast, the region responsible for ATP binding contained
both gain-of-function (B2) and loss-of-function (B3) mutations.

We next sought to understand the impact of divergent abundance mutations. We
observed significant divergence for abundance gain-of-function mutations across
the three SFKs; these sites were enriched in HF-HG for Fyn, AL for Lck, and B2 for
c-Src. We also observed that the sites for these divergent mutations overlapped with
regions where the electrostatic charge distribution differed considerably between
these three kinases (Figure 4.3d). A closer inspection of these locations revealed
a consistent relationship between the physicochemical properties of amino acids
and the phenotypic outcomes of mutations. Specifically, at several positions, the
introduction of a charged residue that is compatible with the local electrostatic envi-
ronment of one kinase led to a gain-of-function, while being neutral or detrimental
to the other kinases that had a different charge distribution at that site. These sites
include positions 172 in cluster 1 (Lck) and 76, 88, 154, and 236 in cluster 3 (Lck and
Fyn). Similarly, divergent loss-of-function mutations also reveal location-specific
preferences for electrostatic charge. These include mutations in positions 4 in cluster
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1 (Src) and 247 in cluster 3 (Lck), suggesting that these kinases evolved to favor
negative and positive charges at these positions, respectively.

Finally, we observed that networks of van der Waals interactions were a significant
driver of divergence, as they impact the degree of solvent accessibility for specific
residues and hence sensitivity to mutations. For example, at position 28, interactions
present in Fyn and Lck bury a hydrophobic residue, leading to a loss of function
when disrupted. In contrast, c-Src lacks these interactions, leading to increased
solvent exposure and greater tolerance to mutation. Identified sites are visualized in
Figure 4.3f; a comprehensive list is provided in Table 4.2. When examined together,
these data present a consistent picture in which the structural context of a residue
determines the impact of mutation on SFK abundance. Disruption of residues
within the hydrophobic core reduces abundance, whereas mutations that increase
the likelihood of favorable solvent interactions increase abundance. These effects
can be brought about by directly altering the physicochemical properties of a residue
or by indirectly disrupting van der Waals networks that control surface exposure.
We note that these observations are consistent with prior work, which demonstrates
that solvent interactions can enhance a protein’s thermostability and solubility (Y.
Zhou et al., 2019). Overall, these new findings highlight that the effects of variants
on SFK abundance are governed by the local structural environment—particularly
solvent accessibility, charge compatibility, and van der Waals networks.

4.2.3 A hierarchical Bayesian model separates the contribution of kinase
abundance, activity, and substrate specificity to phospho-PCA scores

In this section we developed a novel computational method to understand the mecha-
nistic impact of variants on kinase function from our paired phospho and abundance-
PCA data. Understanding the mechanism behind a variant’s impact is challenging
because there are often multiple pathways a variant can take to perturb a protein’s
function. For kinases, we envision three mechanistic paths through which mutations
can impact the phospho-PCA score, our measure of kinase function. First, a variant
could alter folding stability, thereby impacting its abundance in the cell. This would
directly affect both the phospho-PCA score (assuming rate-limited kinetics) and
the abundance-PCA score. Second, a variant could drive a dynamic shift towards
either an active or an inactive conformation. Third, a mutation could alter a kinase’s
substrate specificity. To understand the contributions of each of these possible
mechanisms to our measured phospho-PCA scores, we developed a hierarchical
Bayesian model. This model, displayed in Figure 4.4a and described in full detail
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in the supplement, posits that phospho-PCA scores can be decomposed into a linear
sum of scores that capture a variant’s impact on abundance (derived from scaled
abundance-PCA measurements), kinase activity (shifts towards active or inactive
conformations), and substrate specificity. We reasoned that some of these scores
should be shared between conditions. For instance, scores for a variant’s impact on
abundance should be shared across substrate identity, as the folding stability of the
kinase domain should be independent of which short peptide substrate it is tethered
to. We confirmed this expectation with exploratory analysis; we note that this ef-
fectively allows us to treat the three substrate-specific abundance measurements as
technical replicates of the same underlying abundance parameter. Similarly, kinase
activity should also be shared across substrate identity. Scores for substrate speci-
ficity, however, are expected to vary among all four experimental variables (kinase,
substrate, position, and mutation). This expectation can be viewed as a form of
regularization that we incorporated into our model. We fit this model to our data
using Markov chain Monte Carlo (Abril-Pla et al., 2023); an example decomposition
is shown in Figure 4.3b. One advantage of the Bayesian framework for modeling is
its ability to quantify uncertainty, which enables the identification of key residues
that influence kinase activity and substrate preferences. We note that this decom-
position was made possible by the presence of the abundance-PCA data, which was
a significant prior advance (Gerasimavicius et al., 2023). Although computational
methods for decomposition paired protein complementation assay data exist (Faure
& Lehner, 2024; J. Rao et al., 2025), our need to separate the impact of three distinct
mechanisms required a bespoke modeling effort. Heatmaps of decomposed scores
for kinase abundance, activity, and substrate specificity are shown in Figure 4.4b
and Figure 4.12. Our modeling effort is a significant advance, as, to our knowledge,
this is the first time an effort has been made to model the relative contributions of
variants to abundance, catalytic activity, and substrate specificity for any enzyme.

4.2.4 Computational decomposition reveals conserved activity-biasing vari-
ants

The presence of decomposed kinase activity scores for all three SFKs provides an
opportunity to explore how variants impact catalytic activity. Indeed, our analysis
of these kinase activity scores identified a set of residues that primarily control SFK
catalytic activity, distinct from those essential for abundance. We reasoned that
these variants exerted their effect either by directly impacting catalysis or by biasing
the kinase toward specific conformations, and used this hypothesis to structure our
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analysis.

We first sought to categorize residues based on their conserved functional impact
across Fyn, Lck, and c-Src. To do so, we examined residues where a loss-of-function
(LOF) phenotype was conserved in both abundance-PCA and the decomposed kinase
activity scores. We observed that 15 of the 24 conserved LOF positions identified
in the abundance screen also showed a conserved LOF impact on kinase activity,
suggesting their dual roles in maintaining stability and catalytic function. Of these,
ten map to well-known structural motifs and reinforce existing mechanistic insights.
For example, V25 and K28 (𝛽3) are critical for ATP binding, with K28 forming a
key salt bridge with E44 (HC). Other residues with known catalytic roles include
E166 (ALC), which is involved in substrate positioning, and R240 (HH), which
forms a salt bridge with E166. Our analysis also highlighted residues forming the
hydrophobic catalytic spine (C-spine), including L80 (HD), L121, and I126 (Cat-
alytic Loop), whose strong LOF phenotypes underscore the C-spine’s architectural
importance. D178 (HF) also showed a strong LOF phenotype, consistent with its
role in stabilizing the strained backbone conformation of the HRD motif through
hydrogen-bonding interactions with the backbone amides of H145 and R146 (Oru-
ganty et al., 2013), a conserved feature critical for maintaining the catalytic loop
geometry required for kinase activity. Beyond these motifs, our screen also identi-
fied five previously uncharacterized but essential residues, such as I/V136 (ALN)
which is adjacent to the R-spine in the Mg2+ positioning region of the activation
loop, a cluster on the HF helix (V179, W180), and F243 on the HI helix, suggesting
they have unappreciated roles in kinase structure and regulation.

To identify residues whose influence is confined to catalytic regulation, we focused
on positions exhibiting a conserved LOF phenotype exclusively in the decomposed
kinase activity scores. These residues suggest a specialized role in modulating
kinase activity or conformation rather than contributing to overall protein folding.
We identified a total of 14 residues, 8 of which have known roles in catalysis.
These include G18 (𝛽2 strand), I28 (𝛽3 strand), and E73 (𝛽5 strand) for ATP
binding; A137 (xDFG motif) for Mg2+ coordination; and K161 and A164 (ALC)
for substrate alignment in the P+1 loop. Notably, the HF helix, which our analysis
identified as enriched for conserved variants, contains critical residues, such as
E188 and S181. In PKA, the corresponding mutant to E188 (E230Q) crystallizes
in an inactive state even with ATP present, highlighting its role in stabilizing ATP
binding (J. Wu et al., 2005). Similarly, S181 on the HF helix helps position the
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catalytic loop for efficient transfer of the phosphate group. Our screen also revealed
six previously unannotated residues with activity-specific LOF effects. L56 and
V57, located near the 𝛼C–𝛽4 loop, likely stabilize the R-spine assembly, a key
interface for maintaining an active conformation (Taylor & Kornev, 2011). Other
newly implicated residues, including V71 (adjacent to gatekeeper), E112, Y197,
and L250, occupy helices in the C-lobe that shape the active-site cleft, suggesting
they are important for the dynamic motions required for activation.

While LOF mutations were common, we also identified conserved gain-of-function
(GOF) residues that offer insights into activity regulation. For example, at position
150 (Y419 in c-Src), the role of phosphorylation in regulating catalytic activity
is more nuanced than simple on/off switching. While Y419 phosphorylation is
conventionally associated with activation, non-phosphorylatable mutations retain
substantial catalytic activity in certain contexts and can even reduce competition
with substrate phosphorylation in single-domain in vitro assays (Spassov et al.,
2018; Sun et al., 2002). However, Y419 phosphorylation is critical for higher-order
functions, particularly dimerization and assembly of macromolecular complexes
that modulate substrate access and selection in vivo (Spassov et al., 2018), explain-
ing why mutations at this site have context-dependent effects on cellular signaling.
At position Y170, a known autophosphorylation site, the phospho-mimetic mutation
Y170E was enriched with a positive phospho-only score. This suggests that intro-
ducing a negative charge may induce the kinase to adopt an active conformation.
Novel GOF sites were also identified at 64K and V195E. Interestingly, V195E ap-
peared to stabilize the active state by forming a strong Coulombic interaction and a
new hydrogen bond with K161 in the P+1 loop. This interaction functionally offsets
the positive charge of K161, a mechanism previously shown to increase Src activity
(Huang et al., 2018). We explore both of these novel variants in the following
section.

Finally, our analysis of canonical catalytic motifs such as HRD, DFG, and APE
revealed that they were enriched with mutations that had a mild effect on abun-
dance but a substantially negative impact on the phospho-PCA score (Nolen et al.,
2004). This resulted in negative phospho-only scores for mutations like p.(F139R),
p.(E166N), and p.(P165H), confirming their critical and direct role in phospho-
rylation. In contrast, mutations in other motif residues, such as p.(R119P) and
p.(D120P), had strongly negative scores in both assays, indicating a mixed effect
on catalysis and abundance. In total, these data highlight the ability of our method



85

to separate variants that purely disrupt catalysis from those that also compromise
abundance.

4.2.5 AI-enabled structural analysis reveals conformation-biasing variants
To understand the structural basis of activity-biasing mutations, we applied recently
developed computational methods for conformation stability analysis. These meth-
ods utilize the inverse folding model ProteinMPNN to predict a protein’s preference
for specific conformations (Cavanagh et al., 2025; Dauparas et al., 2022). Here, we
utilized ProteinMPNN to investigate whether a specific mutation would introduce a
bias towards a particular kinase conformation. For this analysis, we used available
crystal structures of c-Src and Lck kinases in active (Src:1YI6, Lck:3LCK), inactive
DFG-in (Src:2SRC, Lck:3B2W), and inactive DFG-out conformations (Src:2OIQ,
Lck:6PDJ). For each possible single amino acid substitution, we computed the
preference for inactive DFG-in versus inactive DFG-out conformations, as well as
active DFG-in versus inactive DFG-in conformations. This analysis revealed a set
of eight variants that are predicted to favor specific conformational states across
both kinases; all have a significant effect on activity in our decomposed data. Of
these eight, variants 29A, 44D/T, and 139A/R were predicted to favor the inactive
DFG-out conformation over the active DFG-in conformation, consistent with their
negative kinase activity scores in our experimental data. Conversely, variant 116D
was predicted to favor the inactive DFG-in state over the active DFG-in state, also
correlating with reduced activity scores. Notably, variants 168Q and 64K were
both predicted to strongly favor the active DFG-in conformation over the inactive
DFG-out state. However, only 64K was additionally predicted to favor the active
DFG-in conformation over the inactive DFG-in state. This prediction aligns with
our experimental observation that 64K represents a novel gain-of-function mutation
across all three SFKs, while 168Q shows mild loss-of-function effects. We note that
although all eight variants identified by ProteinMPNN were present in our data, it
failed to identify most of the allosteric sites that impact kinase activity discovered
in our study. This indicates ProteinMPNN has a low recall and high precision for
variant effect prediction in this setting. While the precision of these methods enables
them to provide useful insights into how variants behave, their limited performance
suggests that significantly more data are necessary before they can be used more
broadly to investigate the impact of allosteric variants.

We also investigated the molecular basis of the V195E gain-of-function mutation
using evolutionary coupling analysis and equilibrium conformation sampling (Fig-
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ure 4.4c,d). Evolutionary coupling analysis applied to Fyn, Lck, and c-Src revealed
a co-evolutionary network involving residues 81, 85, 161, 188, 195, 201, and 202
(Figure 4.4c, right). To understand how the V195E mutation affects this network,
we used BioEmu (Lewis et al., 2025), a recent method for accelerated generation of
conformational ensembles for medium-sized proteins, to sample 4,000 conforma-
tions for each wild-type kinase and their corresponding 195E mutants. Structural
analysis of the generated ensembles revealed that the 195E mutation establishes new
Coulombic interactions with residues 85, 122, 161, and 188. Most significantly, a
salt bridge between residues 161 and 195 was prevalent only in mutant conforma-
tions, bringing these residues into close proximity (Figure 4.4c, left). To explore
the impact on kinase activity, we used Kincore to classify conformations as active
or inactive. We then evaluated the percentage of structures that were classified as
active, depending on whether the salt bridge was present or absent. In all three
kinases we observe an increase in the active conformation fraction with the 161-195
salt-bridge present (Figure 4.9). These results demonstrate that the V195E mutation
enhances kinase activity by stabilizing active conformations through the formation
of a critical salt bridge within a network of co-evolving residues.

4.2.6 Abundance and phospho-PCA scores reveal the impact of clinical vari-
ants

A wide range of human diseases can arise from single-point mutations in SFKs, and
for many human variants, the potential pathogenicity and function are unknown. We
therefore reasoned that integrating abundance and phospho-PCA scores could pro-
vide a powerful framework to connect human kinase variants to their molecular and
functional consequences. To do so, we first analyzed the behavior of known benign
and pathogenic variants across the three SFKs from the ClinVar database within our
experimental data (Figure 4.4e) (Landrum et al., 2018). Benign variants displayed
near-zero to mildly positive abundance and phospho-PCA scores, consistent with
preserved protein function. In contrast, pathogenic variants frequently displayed
significantly negative values in one or both metrics, underscoring the essential role
of SFKs in human biology. Several variants exhibited negative abundance scores,
accompanied by only slight changes in phospho-PCA scores, suggesting that reduced
protein stability alone can drive pathogenicity. We speculate that the non-catalytic
function of SFKs may explain this observation. Furthermore, several pathogenic
variants exhibited significantly negative scores for both abundance- and phospho-
PCA. Interestingly, these trends can be used to infer the pathogenicity for variants
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of unknown significance (VUS). For instance, the VUS variant N208K displayed a
pronounced reduction in abundance-PCA while the VUS variants I111T, W180R,
and G18A display significant reductions in both abundance and phospho-PCA,
suggesting that all four are pathogenic variants.

To expand our analysis beyond ClinVar’s SFK variant collection, we collected
population allele frequency data from the Genome Aggregation database (gnomAD)
(S. Chen et al., 2024) and annotated them with pre-computed Combined Annotation
Dependent Depletion (CADD) scores (Schubach et al., 2024), a computational
prediction of how harmful a genetic variant is likely to be. We then used these
CADD scores to continue our analysis of the functional impact of SFK variants
(Figure 4.4e). When overlaid on our experimental data, where we plot the abundance
and phospho-PCA scores for each variant, we observed that variants with low
CADD scores (presumably benign) clustered near the origin. However, high CADD
variants were concentrated in the bottom-left quadrant, with negative scores for
both assays. This finding was consistent with our analysis of the ClinVar database,
which revealed a correlation between variant pathogenicity and a negative impact
on both scores. Interestingly, the top-left quadrant contained a smaller number of
high-CADD variants with reduced abundance-PCA scores but high phospho-PCA
scores. This suggests that these rare variants may be deleterious gain-of-function
mutations. This analysis demonstrates that the combined abundance and phospho-
PCA scores can provide crucial insights into the function of clinically significant
variants.

4.2.7 Molecular dynamics reveals allosteric networks perturbed by specificity-
determining variants

Allosteric effects, where perturbations at one site propagate through a protein to
affect distant functional regions, are ubiquitous in biology; understanding how
allosteric communication unfolds and is perturbed by variants is critical for un-
derstanding protein evolution and disease. Our computational decomposition of
phospho-PCA generated scores for substrate specificity, providing an opportunity
to explore the role of allostery on substrate preference. We identified a collection
of variants that specifically impact substrate preference for these three SFKs; these
residues are shown in Figure 4.5a and described in full detail in the supplement
(Table 4.3). From the statistically significant variants we identified, we performed
additional filtering by categorizing amino acids based on their chemical properties.
We then identified variants in which the amino acid property matched one kinase’s
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Figure 4.5: Molecular dynamics reveals allosteric networks governing substrate
specificity. a) Specificity-determining variants identified through computational
decomposition. Left: Heatmaps showing residue chemical properties and substrate
specificity scores. Middle: Sankey diagram connecting specificity-determining
mutations to affected allosteric sites. Right: Structural mapping showing most
specificity-determining residues are distal to the kinase-substrate interface. b) Lck
P203R rewires an allosteric network, which leads to altered substrate positioning. c)
Lck E113H enables an electrostatic switch reshaping binding modes. d) Lck Q65D
reconfigures N-lobe packing to favor Fyn-like substrate.
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wild-type property at that site, but differed from the other two; this yielded a list of
variants that induced a clear, directional change in the preferred substrate. Surpris-
ingly, when displayed on top of the protein structure, most of the identified residues
were distal to the expected binding interface of the substrate (Figure 4.5a, right).
Based on this observation, we concluded that allostery is likely a key mechanism
underlying how these variants affect substrate specificity.

To understand how distant mutations alter substrate specificity through allosteric
mechanisms, we performed molecular dynamics (MD) simulations of several
specificity-determining variants bound to their substrates. We used the Chai-1
protein folding model to generate kinase-substrate complexes and simulated both
wild-type and variant kinases for 500 ns using GROMACS (Abraham et al., 2015;
Chai Discovery et al., 2024). Our analysis focused on Lck and c-Src, as we
were unable to obtain confident structural models for Fyn in complex with its
substrate. Our central goal was to trace how each distant specificity-determining
mutation communicates with the substrate-binding interface—that is, to map the
allosteric pathways connecting the mutation site to the residues that directly contact
the substrate. To accomplish this, we developed a contact graph framework that
identifies plausible routes of structural communication through the protein. First,
we constructed residue contact graphs for each simulation, where nodes represent
individual residues and edges connect residue pairs that form frequent contacts
during the trajectory (Hagberg et al., 2008). We then identified contacts that
were strengthened (red edges) or weakened (blue edges) in the variant relative to
wild-type. Next, we defined a set of “critical residues” that must be connected by
any viable allosteric pathway: (1) the mutated residue itself, (2) substrate residues
whose kinase contacts differ between variant and wild-type, (3) kinase residues
that directly contact the substrate, and (4) residues in structural regions showing
significant changes in correlated motion between variant and wild-type simulations.
Finally, we identified minimal pathways connecting all critical residues by solving
an approximation to the Steiner tree problem (Kou et al., 1981), which finds the
smallest subgraph linking a specified set of nodes. A detailed description of the
contact graph construction, critical residue identification, and pathway extraction is
provided in the Methods.

The results of this analysis are shown in Figure 4.5 and revealed distinct mecha-
nisms by which different specificity-determining variants use allosteric pathways to
modulate substrate preference. Some variants induced new substrate-binding modes
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by reorganizing interface contacts, while others introduced new inactive metastable
conformations that reduced overall catalytic competence. We describe the specific
mechanism for each analyzed variant below.

• Lck P203R introduces a new, inactive binding mode for the Lck substrate. Po-
sition 203 in Lck represents a critical allosteric site controlling substrate speci-
ficity through long-range communication networks within the kinase domain
(Figure 4.5b). The P203R mutation reduces Lck’s affinity for its native sub-
strate while enhancing activity toward Fyn/c-Src substrates, consistent with
prior work showing that the corresponding c-Src residue (R472) coordinates
substrates containing negative charges downstream of the phosphorylation site
(N. H. Shah et al., 2018). Our molecular dynamics simulations revealed that
P203R dramatically repositions the substrate closer to the C-lobe and farther
from ATP, accompanied by specific interaction changes at positions +1, +7,
+10, +13, and +15—the same positions differing in charge distribution be-
tween Lck and c-Src substrates. The mutation propagates its effects through
a sophisticated allosteric network: the arginine substitution establishes new
intramolecular interactions (sidechain hydrogen bonding between residues
203–207 and increased 205–197 contacts), which alter interaction frequen-
cies along the 203–205–197–196–161–159 pathway, transmitting from HG
through the flexible HF-HG loop allosteric hub to the P+1 loop and ultimately
to the N-terminal lobe through regulatory spine interactions.

• Lck E113H creates new, inactive metastable states. Position 113, located
five residues upstream of the HRD motif in the catalytic loop, exhibits di-
vergent electrostatic properties among SFKs (glutamic acid in Lck versus
arginine in Fyn/c-Src) and has been previously implicated in controlling sub-
strate specificity through charge-dependent peptide recognition (N. H. Shah
et al., 2018). Our molecular dynamics simulations revealed that the E113H
charge reversal fundamentally alters Lck’s tolerance for positively charged
substrates by stabilizing non-productive binding conformations (Figure 4.5c).
Across two independent simulations, E113H consistently adopted four distinct
phosphorylation-incompetent metastable macrostates with altered substrate
positioning compared to wild-type, disrupting critical N-terminal activation
loop contacts (Arg143-substrate +12 and Leu141-substrate +11) that normally
position the substrate optimally for phosphoryl transfer. Residue interaction
graph analysis revealed that the perturbation propagates through the 113–115–
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144–143/141 pathway, affecting both the activation loop’s positioning and HC
organization. These conformational changes cause looser substrate docking
and formation of alternative salt bridges that function as kinetic traps, seques-
tering the substrate in catalytically incompetent conformations and explaining
the experimentally observed reduced phosphorylation efficiency.

• Lck Q65D dynamically sculpts the substrate-binding interface through al-
lostery. The Lck Q65D variant exemplifies a specificity switch, causing loss
of preference for the Lck substrate while enhancing activity toward the Fyn
substrate through both altered surface electrostatics and allosteric network
communication (Figure 4.5d). The Q65D substitution at the 𝛽4-𝛽5 turn cre-
ates a new negative charge on the N-lobe surface near the substrate entrance
that electrostatically attracts the multiple positive charges upstream of the
phosphorylatable tyrosine in the Fyn substrate, enhancing encounter rates and
binding affinity. Additionally, Q65D modulates substrate selectivity by alter-
ing the kinase’s preference at the−1 position from bulky hydrophobic residues
(Lck substrate’s leucine) to polar residues (Fyn substrate’s threonine) through
allosteric rewiring of HC/𝛽-sheet coupling networks. This coordinated re-
modeling of the N-lobe and C-lobe suggests that the divergent HG-HH region
plays a key role in determining kinase-specific substrate preferences.

Collectively, these three variants exemplify how diverse allosteric mechanisms—
spanning electrostatic remodeling, metastable-state stabilization, and network
rewiring—enable them to exert their influence from distal sites to reshape the
substrate-binding interface.

4.3 Discussion
This study represents the most comprehensive experimental characterization of how
mutations impact folding stability, catalytic activity, and substrate specificity for any
enzyme family to date. We systematically measured the functional impact of over
15,000 kinase domain variants by profiling more than 45,000 kinase-substrate inter-
actions across nine kinase-substrate combinations (three kinases paired with three
substrates each), generating phospho-PCA and abundance-PCA measurements for
each. This unprecedented scale is matched by the depth of our mechanistic insights:
unlike previous deep mutational scanning studies of kinases that measured only
overall activity against broad substrate pools, our approach uniquely disentangles
the contributions of folding stability, catalytic activity, and substrate preference for
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each variant through hierarchical Bayesian modeling. By exploring the sequence-
function relationship for three SFKs and their variants, we gained mechanistic
understanding of how variants alter kinase conformational ensembles and how al-
lostery shapes the kinase-substrate interface. Critically, we found that exploring
conformation landscapes through computational simulations was essential for ra-
tionalizing our observations. These simulations, which included conformational
ensemble sampling and molecular dynamics, revealed sophisticated allosteric com-
munication networks that connect distal variants to changes in activity and substrate
specificity.

Beyond its scale, our work has important implications for protein biology, variant-
to-function studies, and computational modeling of allostery. The insights gained
from this study on protein kinases are also important for other enzyme families,
as the principles governing how structural context determines mutational impact
on folding stability, and how allosteric networks propagate functional changes, are
likely universal. Our comprehensive dataset serves as an invaluable resource for
the community, enabling benchmarking of computational prediction methods and
providing ground-truth data for understanding the molecular principles governing
enzyme specificity. Indeed, evaluation of existing AI methods, including protein
language models and inverse folding approaches, for identifying allosteric sites
revealed limited predictive power (Figures 4.4d and 4.8), as the methods we ex-
plored had high precision but low recall. This highlights a crucial limitation: the
evolutionary information that self-supervised models learn to extract from protein
sequences can differ substantially from the functional properties of interest. Our
work addresses this critical need by demonstrating a scalable approach to generating
high-quality functional data on protein variants that goes beyond measures of activ-
ity. Combining such functional and biophysical information with protein language
models may offer a promising path forward for improving computational predictions
(Gelman et al., 2025). Moreover, our biosensor design, which uses a physical inter-
action between a modified substrate and a sensor domain to link enzyme activity to
cell growth, may be generalized to other enzymes responsible for post-translational
modifications (Gonzalez et al., 2025), providing a scalable framework for mapping
functional landscapes across entire enzyme families.

In addition to advancing fundamental understanding of enzyme function, our work
provides actionable insights for clinical variant interpretation and drug discovery.
Our comprehensive functional map enables interpretation of clinical variants, as
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demonstrated by our analysis of ClinVar and gnomAD data, which revealed clear
signatures that distinguish benign from pathogenic variants that can be used to infer
pathogenicity for variants of unknown significance. Beyond variant interpretation,
our insights into allosteric networks controlling substrate recognition open new
avenues for therapeutic development. Traditional kinase inhibitors target the ATP-
binding pocket, often leading to off-target effects due to the structural similarity of
kinase domains across the human kinome. Our identification of distal allosteric
sites that modulate substrate specificity without broadly affecting catalytic activity
suggests a fundamentally different strategy for drug design: developing highly se-
lective kinase modulators that alter substrate preference rather than simply blocking
activity. Such allosteric modulators could enable more precise therapeutic inter-
ventions by selectively disrupting pathogenic signaling while preserving beneficial
kinase functions, potentially reducing the side effects that have limited the clinical
utility of many kinase inhibitors.

We close by noting that our work demonstrates that phospho-PCA can be scaled to
the entire human kinome. The growth-based biosensor works for both major kinase
families, and the method requires only knowledge of kinase-substrate interactions to
perform deep mutational scanning. We estimate that each barcoded kinase library
costs ≈$3,000 in long-read sequencing costs, and each mutational scan costs an
additional ≈$1,000 in short-read sequencing costs. Extending measurements of a
similar scale to the entire human kinome would cost ≈ 3.5 × 106 USD. Although
the cost is substantial, it is reasonable considering the value of the data. Such a
comprehensive functional map would significantly advance our understanding of
how sequence variation shapes cellular signaling networks; the work presented here
now places such an advance within reach.

There are several limitations of phospho-PCA and our study that merit discussion.
First, we leverage yeast as the model organism for phospho-PCA. The cellular envi-
ronment (e.g., pH, ionic strength, and cofactor concentrations) in yeast differs from
that in mammalian cells, which could impact the translation of our results. Further,
yeast express a number of endogenous serine-threonine kinases; this background sig-
nal may pose a challenge for future phospho-PCA measurements of serine/threonine
kinases. We note that our Bayesian approach to separating the impact of abundance
from phospho-PCA scores also has limitations. This model assumes that phospho-
PCA scores can be decomposed linearly into abundance, activity, and specificity
components, which may oversimplify the relationships between these factors. An-
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other limitation is that the difference in scale between activity and specificity scores
suggests that phospho-PCA is more sensitive to changes in catalytic rates than to
changes in substrate binding affinities. This is likely due to the tethered design of the
phospho-PCA biosensor, which creates a high local substrate concentration. Our
analysis of clinical variants relies on a connection between the functional scores
measured in yeast and human disease phenotypes. Future work should seek to
further validate this connection, as this link likely depends on cellular and tissue
contexts not captured by our system. While phospho-PCA can identify variants
with allosteric effects, it cannot directly map the long-range cooperative networks
that mediate allostery. Our study focused on the kinase domain itself and did not
examine the effects of mutations in non-catalytic domains, which play a key role in
kinase regulation. Indeed, prior work has shown that kinase-domain variants can
alter interactions between the kinase domain and other domains (Ahler et al., 2019).
Lastly, our emphasis on single amino acid variants means that our study cannot
address epistatic interactions between residues. We also leave this to future work.

4.4 Methods
Method details
Yeast strain. All experiments were conducted using Saccharomyces cerevisiae
strain CEN.PK2-1D (MATa/alpha; ura3-52/ura3-52; trp1-289/trp1-289; leu2-
3_112/leu2-3_112; his3 delta1/his3 delta1; MAL2-8C/MAL2-8C; SUC2/SUC2).

Single yeast plasmid construction. Plasmid construction began with two pro-
tein complementation assay (PCA) backbones: pGJJ001 (binding-PCA containing
DHFR fragments under dual CYC promoters) and pGJJ045 (abundance-PCA con-
taining DHFR fragments under CYC and GPD promoters, convertible into phospho-
PCA backbone by phospho-amino acid binding domain insertion). An SH2 domain
was first introduced into each backbone using BamHI/SpeI restriction sites, gener-
ating pCY001 (CYC/CYC configuration) and pCY002 (GPD/CYC configuration).
Active and catalytically inactive Fyn kinase domains were subsequently cloned via
NheI/HindIII sites, yielding pCY003–004 from the pCY001 backbone and pCY005–
006 from the pCY002 backbone. Using pCY005 as the template, a comprehensive
panel of kinase–substrate fusion constructs (with a serine-glycine linker connecting
the two) was assembled through an identical NheI/HindIII cloning strategy. This
approach generated plasmids pKMS003–008 and pKMS012–016, encompassing all
combinations of Fyn, Src, and Lck catalytic domains paired with their respective
substrate sequences. Control plasmids containing catalytically dead kinase domains
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(pCY006, pKMS015/016) were constructed in parallel to establish baseline mea-
surements.

Yeast transformation. Growth-based biosensors were introduced into yeast through
transformation with the corresponding plasmid. Yeast cultures were inoculated in
6 mL YPD medium and grown overnight at 30°C. Cultures were diluted to OD600 =
0.1 in 180 mL YPD and grown to OD600 = 0.5–0.6. For lithium acetate/polyethylene
glycol transformation, approximately 45 mL of cells were harvested, washed twice in
100 mM lithium acetate, and aliquoted into 1.5 mL microcentrifuge tubes. Salmon
sperm DNA was prepared by boiling for 5 minutes followed by ice incubation.
Transformation mixtures were prepared by sequential addition to cell pellets: 240 µL
50% PEG-3350, 36 µL 1 M lithium acetate, 10 µL salmon sperm DNA (10 mg/mL),
and 74 µL plasmid DNA (1–5 µg in a total volume of 360 µL). After vortexing,
samples were incubated at 30°C for 30 minutes, heat-shocked at 42°C for 30 minutes,
pelleted, resuspended in 150 µL water, and plated on SC-URA selective medium for
2–4 days.

Growth-based kinase-substrate interaction assays. Transformed colonies were
picked into 96-deep-well plates containing 500 µL SC-URA/MET/ADE medium per
well and grown overnight at 30°C. Cell density was measured by transferring 100 µL
culture plus 100 µL fresh medium to flat-bottom 96-well plates. The remaining
cultures were preserved as glycerol stocks (30% final glycerol concentration) and
diluted to OD600 = 0.1. For kinase activity measurements, 5 µL diluted cells were
added to 95 µL competition medium (1.053× SC-URA/MET/ADE supplemented
with 200 µg/mL methotrexate) to achieve a starting density of OD600 = 0.005.
Growth was monitored for 60 hours at 30°C using a Tecan plate reader with OD600

measurements every 15 minutes. Time-course data were smoothed using a centered
moving average (25-point window). Exponential growth phases were identified by
computing the numerical derivative of smoothed optical density with respect to
time. Growth rates were calculated as the slope across selected exponential-phase
windows, normalized by the z-score within each kinase and then scaled to the range
[0, 2].

Construction of deep mutational scanning libraries. To create barcoded biosen-
sor libraries, we first constructed modular screening plasmids from the abundance-
PCA and phospho-PCA plasmids by introducing a BamHI site upstream of the
(GGSGG)4 linker using KpnI and NheI restriction sites. These modifications gen-
erated matched kinase-substrate PCA constructs: pDMS001 (abundance-PCA; Fyn
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kinase with Fyn substrate) and pDMS002–004 (phospho-PCA; Fyn, Lck, and Src ki-
nases with their respective substrates). Kinase open reading frames were subcloned
into the mutagenesis vector pGJJ055 via BamHI/HindIII to create kinase-specific
templates pDMS005 (Fyn), pDMS006 (Lck), and pDMS007 (Src). Comprehensive
saturation mutagenesis was performed using the one-pot method with NNK primer
sets designed for each kinase domain. Following electroporation into TOP10 elec-
trocompetent cells and overnight growth, mutant libraries were harvested by plate
scraping, and plasmid DNA was prepared by midiprep. BamHI/HindIII kinase frag-
ments were cloned into pDMS002 to generate phospho-PCA libraries containing the
Fyn substrate. Libraries were linearized at the barcode landing pad (AvrII/BsiWI)
and barcoded using IDT oligonucleotide cassettes with NEBuilder Assembly. Each
barcoded pool was bottlenecked to approximately 3% of transformants to maintain
library diversity while ensuring adequate representation. To generate the complete
3×3 kinase-substrate panel, substrate cassettes were exchanged using AvrII/BamHI
digestion and ligation with fragments from pDMS003 and pDMS004, yielding nine
phospho-PCA libraries (see Figure 4.14 for a construct map). Matched abundance-
PCA libraries were constructed by ligating kinase-substrate-barcode cassettes into
pGJJ045 via BsiWI/HindIII.

Selection of barcoded biosensor libraries with methotrexate. BY4742 yeast
cells were prepared for electroporation by growth to mid-log phase (OD600 ≈ 1.6),
followed by washing with ice-cold water and electroporation buffer. Cells were
incubated in 0.1 M LiAc/10 mM DTT for 20 minutes at 30°C before final prepara-
tion. Libraries (0.3 µg) were electroporated with salmon sperm DNA (50 µg) using
standard parameters (2.5 kV, 25 µF, 200Ω). Transformed cells were rescued in sor-
bitol/YPD medium and expanded in SC-URA medium for 48 hours. Competition
experiments were initiated by transferring cells into medium containing 200 µg/mL
methotrexate at OD600 = 0.05 and growing for approximately 5 generations. For
each library, 12–16 electroporation reactions were pooled across two biological
replicates. Cell pellets were harvested by centrifugation and stored at −20°C for
subsequent plasmid extraction using ZymoPrep II columns.

Library preparation for next-generation sequencing. Barcode regions were am-
plified using a two-step PCR protocol. In PCR1, eight parallel 50 µL reactions per
library were performed using KAPA HiFi polymerase with barcode-flanking primers
for 15 cycles at 65°C annealing temperature. PCR2 appended Illumina adapter se-
quences. Final libraries (∼225 bp) were sequenced on the Illumina platform with
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paired-end 50 bp reads targeting 50 million reads per library. For barcode-variant
mapping, the contiguous kinase-substrate-barcode segment (∼1.7 kb) was ampli-
fied using KAPA HiFi polymerase and sequenced on the PacBio Revio platform,
generating approximately 45 million HiFi reads across four SMRT cells.

Quantification and statistical analysis
Next-generation sequencing analysis. We developed bioinformatics pipelines to
construct barcode-variant look-up tables from long-read PacBio sequencing and
measure barcode abundances in selection experiments from short-read Illumina
sequencing.

Barcode-variant look-up table construction. HiFi FASTQ reads from each kinase
library were filtered for the exact vector context and the presence of both the DHFR–
substrate cassette and a 3’ overhang motif. Reads were parsed to extract the landing-
pad barcode and the kinase ORF. We validated the kinase library identity via a
two-base tag embedded in the barcode (AG, CT, and TA for Fyn, Lck, and Src,
respectively). ORFs were length-checked (765 nt), translated, and compared codon-
wise to the kinase-specific wild type. The next step was to estimate the consensus
variant sequence for each barcode using Bayesian statistics. For each position 𝑖 in
the variable region, Bayes’ rule gives:

𝑃(𝑏𝑖 = 𝑏 |𝐷𝑖) =
𝑃(𝐷𝑖 |𝑏𝑖 = 𝑏) 𝑃(𝑏𝑖 = 𝑏)∑
𝑏′ 𝑃(𝐷𝑖 |𝑏𝑖 = 𝑏′) 𝑃(𝑏𝑖 = 𝑏′) , (4.1)

where we take the likelihood of observing the correct base to be 0.9 and 0.03
for errors, with a uniform prior 𝑃(𝑏𝑖 = 𝑏) = 0.25. The position-wise consensus
selects 𝑏̂𝑖 = arg max𝑏 𝑃(𝑏𝑖 = 𝑏 |𝐷𝑖), and an overall confidence score is computed
as 𝑃(consensus correct) =

∏
𝑖 𝑃(𝑏𝑖 = 𝑏̂𝑖 |𝐷𝑖). Barcode-variant pairs with a joint

posterior probability below 0.99 were excluded from subsequent analyses.

Bioinformatic analysis of deep mutational scanning data. Our bioinformatics
pipeline used MAGeCK to compute per-barcode log2 fold changes for outlier de-
tection, then applied Rosace’s Bayesian hierarchical model to the filtered raw count
matrix to generate fitness scores. Paired-end FASTQ files were quality-filtered and
merged using fastp, with a minimum overlap of 6 base pairs. Barcode abundance
was quantified using MAGeCK count, with 34 nucleotides trimmed from the 5’
end to remove constant upstream sequences. For each screening condition, en-
richment was assessed with MAGeCK test by comparing pre- and post-selection
replicates. Only barcodes with minimum pre-selection coverage (>20 reads) were
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retained. Analysis was restricted to barcodes corresponding to two or fewer amino
acid changes, and barcodes with |𝑧 | > 2 were excluded as outliers. The resulting
18 screening libraries achieved a barcode-variant coverage of 10–25× and included
between 95.9% and 99.3% of all possible single amino acid mutations within the
254-residue kinase domain (Table 4.1).

Abundance-PCA score normalization and enrichment analysis. Raw abundance
scores were scaled using a relative nonsense baseline, and synonymous variant
scores were used to zero-center the distribution. For each kinase, variant-level
abundance scores were averaged across the three substrate backgrounds. Variants
were classified as GoF if their normalized abundance score exceeded the mean of
all positive scores for that kinase, and as LoF if the score fell below 0.45-fold the
mean of all negative scores. For each residue position, a one-sided Fisher’s exact
test was used with Benjamini-Hochberg correction; positions with FDR≤ 0.10 were
designated as enriched.

Solvent-Accessible Surface Area (SASA) computation and stratification. Per-
residue SASA was computed for the catalytic kinase domains using crystal struc-
tures: Fyn (PDB: 2DQ7), Lck (PDB: 3LCK), and Src (PDB: 1YI6). Per-atom
SASA was computed in PyMOL using a 1.4 Å probe radius. Residues were classi-
fied into five ordinal exposure categories based on per-residue SASA (strongly ex-
posed >150 Å2; moderately exposed 50–150 Å2; buried 10–50 Å2; strongly buried
2.5–10 Å2; core/hydrophobic <2.5 Å2).

Decoupled activity score harmonization and enrichment analysis. Variant-
specific activity effects decoupled from abundance were extracted from the hierarchi-
cal Bayesian model. Within each kinase, positive and negative scores were rescaled
independently by the respective kinase-specific means, followed by a between-kinase
offset correction. Normalized decoupled activity scores were converted to categor-
ical variant calls: GoF if score > 0.24, LoF if score < −0.21, and neutral otherwise.
Conserved regulatory positions required significant enrichment in at least two of the
three kinases.

Sampling and analysis of kinase conformational ensembles with BioEmu.
BioEmu was used to sample 4,000 conformations per sequence for each variant
of interest. Side chains were reconstructed and relaxed using BioEmu’s hpacker-
openmm workflow. Conformational states were classified using Kincore, iterating
frame-by-frame through each trajectory using MDAnalysis to extract per-frame
state labels.
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Evolutionary coupling analysis of position 195. Long-range coevolution scores
for Fyn, Lck, and c-Src were computed and merged into a single table. An undi-
rected graph with residue indices as nodes and EV-coupling probabilities as edge
weights was constructed using NetworkX. The local coevolutionary neighborhood
of position 195 was extracted by thresholding edges at high confidence (weight >
0.95).

Protein language model analysis of allosteric sites. ESM-1b representations and
attention patterns were computed for the kinase-domain sequences using the FAIR-
ESM Torch Hub model esm1b_t33_650M_UR50S. Per-residue global and active-site
attention vectors were derived and putative allosteric residues identified using an
active-site attention threshold of 0.005.

Molecular dynamics simulations. Kinase-substrate complex structures were gen-
erated using Chai-1 in multimer mode with ligands and geometric constraints en-
abled. Each complex contained one kinase domain (Chain A), one substrate peptide
(Chain B), two magnesium ions (Chains C and D), and ATP (Chain E). Geometric
constraints of 4.0 Å were applied between A:R119 and B:Y8, A:D120 and B:Y8,
ATP and B:Y8, and ATP and A:L127. ATP and Mg2+ coordinates were refined by
superimposing PDB structures 1QMZ and 1IR3 onto the Chai-1 models using Py-
MOL. Molecular dynamics simulations were performed using GROMACS 2025.2
with the CHARMM36-jul2022 force field and the TIP3P water model. Simulation
protocols included energy minimization, NVT equilibration, NPT equilibration,
and 500 ns production runs. Trajectories were processed using trjconv and the
MDAnalysis Python package, and stable 100 ns segments were identified based on
RMSF analysis and inspected using ChimeraX.

Molecular dynamics trajectory analysis.

Structural alphabet encoding with AllohubPy. MD trajectories were converted to
structural alphabet representations using AllohubPy’s encoder (alphabet: M32K25,
block size = 100, with block randomization). For each fragment pair, log2 fold
changes (mutant vs. wild-type) and Benjamini-Hochberg adjusted 𝑝-values were
computed. Significant fragments were identified using FDR < 10−4 and variant-
specific fold-change thresholds (log2FC >4 up-regulated; < −4 down-regulated).

Residue interaction graph construction and pathway analysis. Per-frame interaction
frequencies were calculated at residue and atom levels. Differential interactions
were identified using variant-specific mean difference thresholds (P203R: 0.115;
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Q65D: 0.3). Residue contact networks were constructed with residues as nodes and
frequent contacts as edges. For P203R, the full graph 𝐺 was reduced to a minimal
subgraph 𝐻 that preserves all important residues, collapses conserved intermediates
into supernodes, and retains only the minimum intermediates required to maintain
connectivity. For E113H, interactions were compared across multiple metastates by
binarizing contact frequencies (threshold: 0.3).

Identification of specificity-determining variants. For specificity scores, we required
that mutations satisfy both a 94% credible interval test (posterior probability of a
directional effect ≥97%) and a Kolmogorov-Smirnov test comparing the posterior
distribution to the prior (Linden-Santangeli et al., 2025; Massey, 1951; Stephens,
2016). This dual-threshold approach guards against cases where the credible interval
criterion might be satisfied due to a narrow posterior that has shifted only modestly
from the prior.

Data and Materials Availability
All sequencing data, analysis code, and simulation files associated with this chapter
are deposited under the title Uncovering the Molecular Basis of Kinase Activ-
ity and Substrate Recognition with Phospho-PCA. Long-read sequencing data are
available at https://doi.org/10.5281/zenodo.17541166. Short-read sequencing data
are available at https://doi.org/10.5281/zenodo.17541172. Analysis pipelines and
molecular dynamics simulation trajectories (as compressed .mp4 files) are avail-
able at https://doi.org/10.5281/zenodo.17539481. Code for all analysis pipelines is
available at https://github.com/vanvalenlab/sfk_dms_paper.

Supplementary Text
Decomposition of phospho-PCA data through hierarchical Bayesian modeling

Deep mutational scanning (DMS) experiments often confound several biological
effects that—in an ideal world—should be carefully separated to extract meaningful
insights. In our kinase studies, measured phosphorylation depends on protein folding
stability, the probability the kinase is in an active state, and the specificity of the
kinase-substrate interaction. Since protein misfolding reduces kinase abundance,
which in turn decreases phosphorylation, folding stability acts as a confounder that
must be separated from the other two effects.

Our experimental design uses a dual DMS screen to address this confounding
issue: abundance-PCA measures kinase folding and stability, while phospho-PCA

https://doi.org/10.5281/zenodo.17541166
https://doi.org/10.5281/zenodo.17541172
https://doi.org/10.5281/zenodo.17539481
https://github.com/vanvalenlab/sfk_dms_paper
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measures the kinase-substrate interaction. To separate these effects, we developed a
hierarchical Bayesian regression model that decomposes the observed phospho-PCA
signal into three distinct components:

phospho-PCA𝑖 𝑗 𝑘𝑙 = 𝑎𝑖 𝑗 ×Abundance𝑖𝑘𝑙 +𝑏𝑖 𝑗 +Activity𝑖𝑘𝑙 +Substrate specificity𝑖 𝑗 𝑘𝑙 ,
(4.2)

with the constraint
∑

𝑗 Substrate specificity𝑖 𝑗 𝑘𝑙 = 0 to ensure identifiability. These
levels are:

• Level 1: Kinase-substrate experiment effects. 𝑎𝑖 𝑗 captures how abundance
affects phospho-PCA scores for each specific kinase-substrate pair; 𝑏𝑖 𝑗 is a
baseline intercept.

• Level 2: Kinase activity effects. Activity𝑖𝑘𝑙 captures mutation-induced per-
turbations to kinase catalytic activity that affect all substrates equally.

• Level 3: Kinase-substrate specificity effects. Substrate specificity𝑖 𝑗 𝑘𝑙 cap-
tures effects where mutations differentially impact particular kinase-substrate
pairs.

Weakly informative priors are employed:

• 𝑎𝑖 𝑗 | 𝜎𝑎 ∼ N(0, 𝜎2
𝑎 ), 𝜎𝑎 ∼ HalfNormal(1)

• 𝑏𝑖 𝑗 | 𝜎𝑏 ∼ N(0, 𝜎2
𝑏
), 𝜎𝑏 ∼ HalfNormal(1)

• 𝑓
(activity)
𝑖𝑘𝑙

| 𝜎activity ∼ N(0, 𝜎2
activity), 𝜎activity ∼ LogNormal(log 0.5, 0.52)

• 𝛿
(specificity)
𝑖 𝑗 𝑘𝑙

| 𝜎specificity ∼ N(0, 𝜎2
specificity), 𝜎specificity ∼ LogNormal(log 0.25, 0.52)

with the sum-to-zero constraint
∑

(𝑖, 𝑗 ′,𝑘,𝑙)∈𝐶𝑖,𝑘,𝑙
𝛿
(specificity)
𝑖 𝑗 ′𝑘𝑙 = 0. The observation

model is:

𝜇𝑖 𝑗 𝑘𝑙 = 𝑎𝑖 𝑗 𝑓
abundance
𝑖𝑘𝑙 + 𝑏𝑖 𝑗 + 𝑓

(activity)
𝑖𝑘𝑙

+ 𝛿
(specificity)
𝑖 𝑗 𝑘𝑙

,

𝑦𝑖 𝑗 𝑘𝑙 | 𝜇𝑖 𝑗 𝑘𝑙 , 𝜎 ∼ N(𝜇𝑖 𝑗 𝑘𝑙 , 𝜎2), 𝜎 ∼ LogNormal(log 0.5, 0.52).

Non-centered parameterization (𝑋 = 𝜎𝑍 , 𝑍 ∼ N(0, 1)) was used for all group
effects to improve posterior geometry and reduce divergences. The model was im-
plemented in PyMC and fitted using the No-U-Turn Sampler (NUTS); convergence
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was verified using 𝑟 and effective sample size diagnostics. Sampling statistics and
exemplary prior and posterior sampling distribution are detailed in Figure 4.10.

A comparison against MoCHI suggests that our decoupling preserved meaning
AbundancePCA score signs, while more thoroughly decouple the residual mixed
effect from PhosphoPCA (Figure 4.7).

Phospho-PCA reveals the limitations of protein language models

Recent work suggests that protein language models (pLMs) can identify functionally
important allosteric sites by identifying distal sites that exhibit high attention scores
with known active sites (Dong et al., 2024; Kannan et al., 2024). Following these
studies, we used ESM-1b to compute attention scores between each residue and a set
of active site residues for Fyn, Lck, and c-Src and compared sites with high scores
with our kinase activity scores. The results are shown in Figure 4.8. We found
that ESM-1b identified 10 candidate high-attention sites; eight corresponded to
variants with significant differences in kinase activity scores in our data, overlapping
with loss-of-function variants at positions 53, 71, 73, 112, and 180 as well as the
conserved gain-of-function variant at position 236. ESM-1b also identified two
sites—125 and 162—adjacent to positions 126 and 161 that displayed significant
activity effects. ESM-1b’s analysis was incomplete, as 30 positions containing
variants with significant activity scores but minimal impact on abundance were
not flagged. Compared to our data, ESM-1b attention had a recall of ≈0.21 and
a precision of 0.8, indicating that pLMs miss a substantial fraction of functionally
important allosteric sites.

Specificity-determining variants

In this section we describe the collection of variants that impact substrate specificity.

• Fyn: The S123L mutation decreased activity toward the Fyn substrate by
replacing a small polar serine with a hydrophobic leucine. Additionally,
position 248 is conserved between Fyn and Lck but differs for c-Src, further
supporting its role in substrate specificity determination.

• Lck: Lck exhibited the largest collection of specificity-determining mutants,
which may reflect its distinct evolutionary position among SFKs (N. Li et al.,
2022). The A9Q and A9S mutations decreased specificity toward the Lck
substrate while increasing specificity toward the Fyn substrate. The F19T
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mutation consistently decreased specificity toward the Lck substrate. The
Q33P mutation reduced phosphorylation of the Lck substrate by introducing
structural constraints that likely impair the conformational flexibility required
for substrate binding. The A43S and A43T mutations reduced specificity to-
ward the Lck substrate, adjacent to the critical E44 substrate-binding residue.
The Q65D mutation increases specificity toward the Fyn substrate while re-
ducing activity toward the Lck substrate. The I90H mutation reduced activity
toward the Lck substrate. The E113K and E113H variants showed reduced
specificity toward the Lck substrate; the opposite charges at position 113 be-
tween Lck and c-Src/Fyn suggest this residue separates the SrcA and SrcB
subfamilies. The R114Y mutation displayed decreased specificity towards the
Lck substrate. The T172R and T172K mutations enhanced activity toward
the Fyn substrate while reducing Lck-specific activity. The P203H and P203R
mutations reduced activity toward the Lck substrate (N. H. Shah et al., 2018).
The R247Q mutation reduced activity toward the Lck substrate.

• c-Src: The T19F mutation drove preferential phosphorylation of the Lck sub-
strate, complementing the Lck F19T findings. The Q43E mutation increased
activity toward the Fyn substrate, while Q43V decreased Fyn activity but
enhanced Lck activity. The H226Y and H226W mutations increased activ-
ity toward the Lck substrate while decreasing c-Src substrate activity. The
A248T and A248N mutations increased specificity toward the Fyn substrate
while reducing specificity toward the c-Src substrate.

4.5 Supplementary Figures
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Figure 4.6: Validation of phospho-PCA measurements against published deep
mutational scanning data. Left and middle panels: Scatter plots comparing
abundance-PCA scores (left) and phospho-PCA scores (middle) from this study
with corresponding measurements from Beltran et al. for c-Src kinase. Right panel:
Contingency table showing overlap between LOF and GOF variants, demonstrating
strong concordance between the two studies.
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Figure 4.7: MoCHI model reveals incomplete decomposition of Fyn mutational
data. Top panel: Abundance scores from MoCHI decomposition. Bottom panel:
Phospho-only (activity) scores from MoCHI showing residual mixed effects that
motivated the development of our hierarchical Bayesian model.
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Figure 4.8: Protein language model attention analysis identifies a subset of
functionally important sites. Top: Line plot showing ESM-1b attention scores
across kinase domain positions for Fyn, Lck, and c-Src. The dashed horizontal
line indicates the threshold (0.005) for identifying putative allosteric sites. Bottom:
Heatmaps showing the distribution of decomposed activity scores and amino acid
properties at each position.

Figure 4.9: Biophysical characterization of the V195E gain-of-function muta-
tion. Top: Bar plots showing the fraction of active versus inactive conformations
for V195E variants, stratified by presence or absence of the 161–195 salt bridge.
Bottom: Scatter plot comparing Coulombic interaction strengths between residue
195 and network partners across wild-type and V195E mutant ensembles.
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Acceptance Rate

Figure 4.10: Hierarchical Bayesian model diagnostics demonstrate robust pa-
rameter inference. Diagnostic plots for MCMC sampling including trace plots,
rank plots, and energy plots for representative parameters at each hierarchical level.
All diagnostics indicate successful convergence with 𝑟 values near 1.0 and adequate
effective sample sizes.
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Figure 4.11: Allosteric hub analysis identifies differentially correlated protein
segments in P203R mutant. Top: Positional entropy profiles comparing wild-type
Lck and P203R mutant. Bottom: Volcano plot displaying log2 fold changes versus
adjusted 𝑝-values for all structural fragment pairs.
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Figure 4.12: Pooled abundance and decomposed kinase activity scores across
Src-family kinases. Top three panels: Mean abundance-PCA score shared across
substrates for Fyn, Lck, and c-Src. Bottom three panels: Decomposed kinase
activity scores capturing mutation-induced changes in catalytic function independent
of abundance effects.

Figure 4.13: Known kinase domain catalytic sites shows negative abundance
and activity scores
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Figure 4.14: Illustration of AbundancePCA and PhosphoPCA screening Plas-
mids

Substrate Sequences

Kinase Sequences

Figure 4.15: Substrates and Wild Type kinases in the screenings
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lib_type kinase substrate # singleAA
barcodes

# singleAA
variants

avg barcode
coverage

avg variant
coverage

PhosphoPCA Fyn fynsub 53446 4902 12.126587 0.964961
PhosphoPCA Lck fynsub 49204 4898 10.045733 0.964473
PhosphoPCA Src fynsub 53495 4990 10.720441 0.982283

AbundancePCA Fyn fynsub 106737 4987 21.403046 0.981693
AbundancePCA Lck fynsub 82271 4988 16.493785 0.981890
AbundancePCA Src fynsub 99511 5046 19.228062 0.993307
PhosphoPCA Fyn lcksub 66269 4909 13.489491 0.966339
PhosphoPCA Lck lcksub 53772 4908 10.956090 0.966142
PhosphoPCA Src lcksub 62900 4992 12.600160 0.982677

AbundancePCA Fyn lcksub 61490 4910 12.523422 0.966539
AbundancePCA Lck lcksub 40235 4872 8.499043 0.959065
AbundancePCA Src lcksub 48966 4945 9.902123 0.973425
PhosphoPCA Fyn srcsub 124473 5001 24.888622 0.984449
PhosphoPCA Lck srcsub 83174 4987 16.679163 0.981693
PhosphoPCA Src srcsub 113412 5062 22.404583 0.996457

AbundancePCA Fyn srcsub 106458 4990 21.371706 0.980316
AbundancePCA Lck srcsub 67833 4962 13.670496 0.976772
AbundancePCA Src srcsub 86335 5039 17.133360 0.991929

Table 4.1: Sequencing coverage for abundance- and phospho-PCA libraries

Position ss Fyn interaction Lck interaction c-Src interaction Fyn effect Lck effect c-Src effect
28 B3 26:CG2-28:CG1 LOF LOF No Effect
28 B3 28:CG2-69:CG 28:CG1-69:CG LoF LoF No Effect
101 HE 101:CB-186:CD2 101:CB-186:CD2 No Effect LoF LoF
101 HE 101:O-182:CZ 101:O-182:CZ No Effect LoF LoF
141 ALN 141:O-143:N 141:CA-143:NH1 No Effect No Effect LoF
147 ALN 147:C-149:N 147:C-149:N LoF No Effect No Effect
159 ALC 122:NH1-159:CG 122:NH1-159:CG LoF No Effect No Effect
159 ALC 120:OD1-159:CG LoF No Effect No Effect

Table 4.2: Divergent abundance-PCA mutations that disrupt van der Waals interac-
tion networks.
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Position Kinase WT Mutant Fynsub Lcksub c-Srcsub
9 Lck A Q 0.015 −0.028 0.013
9 Lck A S 0.029 −0.021 −0.008
19 Lck Y T 0.004 −0.026 0.022
19 c-Src T A −0.015 0.029 −0.014
19 c-Src T F −0.003 0.026 −0.022
33 Lck Q P 0.023 −0.032 0.009
43 Lck A S 0.026 −0.026 0
43 Lck A T 0.001 −0.031 0.03
43 c-Src Q E 0.026 −0.006 −0.02
43 c-Src Q V −0.037 0.027 0.01
65 Lck Q D 0.034 −0.029 −0.005
90 Lck I H 0.023 −0.026 0.003
113 Lck E H 0.021 −0.036 0.015
113 Lck E K 0.014 −0.025 0.011
114 Lck R Y 0.001 −0.026 0.025
123 Fyn S L −0.025 0.015 0.009
172 Lck T K 0.013 −0.025 0.012
172 Lck T R 0.026 −0.017 −0.008
203 Lck P H 0.019 −0.027 0.008
203 Lck P R 0.024 −0.026 0.002
226 c-Src H W 0.014 0.013 −0.027
226 c-Src H Y −0.024 0.026 −0.002
247 Lck R Q 0.009 −0.026 0.017
248 c-Src A N 0.039 −0.01 −0.029
248 c-Src A T 0.032 −0.016 −0.016

Table 4.3: Specificity-determining variants.
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