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Abstract

Protein kinases (PKs) comprise one of the most ancient and ubiquitous en-
zyme groups deeply embedded in a cell’s molecular machinery. PKs transfer a
~-phosphate group from a nucleotide triphosphate (NTP) to a hydroxyl group
of a specific substrate. They are key signaling networks’ actors and impor-
tant drug targets during cancer treatment. PKs cycle between active and
inactive conformations, distinguished by a few elements within the catalytic
domain. One is the activation loop (AL), whose conserved DFG motif can
occupy DFG-in, DFG-out, and some rarer conformations. Annotation and
classification of the structural kinome are essential, as different inhibitors and
activators can target different conformations. Namely, DFG-out conformation
typically confers greater inhibitor selectivity and efficiency, as it impedes sub-
strate binding, and fewer kinases can achieve it. Despite being pivotal to drug
design efforts, little is known regarding which features shape the PK conforma-
tional landscape, both on sequence and structure levels. This work constitutes
a systematic attempt to elucidate them via careful data curation and mining.

Machine learning (ML) has become an increasingly popular tool in struc-
tural biology. A branch of ML known as Interpretable Machine Learning
(IML) provides techniques for explaining ML models, however complex. This
work utilized such techniques on PK sequences and structures to understand
features distinguishing between active/inactive and various DFG states. Still,
even state-of-the-art methodology will fall short if the data are inaccurate.
Despite decades of research and development, we still lack reliable, accurate,
general-purpose tools to characterize and relate protein sequences and struc-
tures. Here, we addressed this problem by creating an open-source Python
library 1Xtractor.

Using [Xtractor, we assembled the largest structural kinome collection to

date, encompassing nearly ten thousand domains. Their sequences and struc-



tures were represented by an extensive series of numerical descriptors anchored
to a single reference sequence profile covering the whole PK domain. We an-
notated DFG conformations of over 90% of the assembled domains using a
semi-supervised clustering-based approach. Moreover, the approach enabled
the assessment of the accuracy of the existing DFG labeling strategies, which
revealed their frequent inadequacy in labeling minor DFG states, leading to
internal inconsistency and conflicts with each other. As an improvement, we
trained ensembles of decision trees predicting active/inactive and DFG states
with near-perfect accuracy. The obtained models were then interpreted to
reveal the most prominent structural features distinguishing these conforma-
tional states. They were associated with well-known structural regions and
are readily interpretable by structural biologists. Furthermore, the ML mod-
els were applied to annotate structures published by a recent AlphaFold2 tool.
This demonstrated that AlphaFold2 predictions are likely biased towards the
DFG-in conformation.

With accurate structural annotations, we addressed the problem of se-
quence elements shaping DFG conformational preferences in the inactive state.
Namely, we sought to identify a handful of residues harbored by a PK domain
that could explain why a particular kinase has a propensity towards DFG-in
or DFG-out states. In doing so, we first assessed how this propensity has
evolved throughout a PK domain evolution. This revealed that the ability to
perform the DFG-in—DFG-out transition is sporadically distributed and does
not adhere to a discernable propagation pattern. Thus, we treated tyrosine
and serine-threonine kinases (TKs and STKs) separately. We first confirmed
that our ML pipeline can efficiently distinguish TK and STK sequences, ob-
taining perfect classifier for this "test problem.” The models relied on sequence
positions that could be structurally interpreted and relate to different proper-
ties of tyrosine and serine/threonine phosphoacceptor residues. Following this,
the models were trained to discriminate between sequences with DFG-in and
DFG-out propensities, where labels were derived using ligand-free structures
and datasets were complemented by orthologs lacking structural data. The
obtained models were highly accurate, making only a handful of errors across
1330 STK and 1000 TK sequences. For TKs, the most prominent positions
the models relied on could be structurally rationalized as reinforcing the AL

in the DFG-out conformation. This insight corroborated existing studies and



mutagenesis data. STK models were more challenging to interpret, with di-
verging position sets across different subfamilies being the most likely scenario.
Thus, natural DFG-out propensity may be a convergent trait. Without selec-
tive pressure, kinases may have sequence determinants dependent on a broader
evolutionary context.

Overall, this work provided an accurate assessment of the PK conforma-
tional landscape and improved our understanding of the structural kinome.
The PK data collection, sequence, and structure-based ML models and their
predictions were made publicly available. These can be used to develop more
accurate PK inhibition strategies and annotate conformations and propensities
of new experimental and predicted PK structures and sequences. The tools
developed in this work were also published as open-source packages written
in Python: (1) KinActive, encompassing ML models, a pipeline to train and
evaluate them, and a protocol to assemble a PK data collection; (2) (Xtractor,
to assemble, manage, and characterize sequence/structure data collections; (3)
eBoruta, a tool for model-agnostic feature selection using the Boruta algorithm.
Cumulatively, we expect them to increase the transparency and reproducibility

of data mining in structural biology.



Résumé

Les protéines kinases (PK) constituent I'un des groupes d’enzymes les plus an-
ciens et les plus omniprésents, profondément ancrés dans la machinerie molécu-
laire d’une cellule. Les PK transferent un groupe y-phosphate d’un nucléotide
triphosphate (NTP) a un groupe hydroxyle d'un substrat spécifique. Ce sont
des acteurs clés des réseaux de signalisation et des cibles médicamenteuses im-
portantes lors du traitement du cancer. Les PK alternent entre les conforma-
tions actives et inactives, distinguées par quelques éléments dans le domaine
catalytique. L’une est la boucle d’activation (AL), dont le motif DFG con-
servé peut occuper DFG-in, DFG-out et certaines conformations plus rares.
L’annotation et la classification du kinome structurel sont essentielles, car dif-
férents inhibiteurs et activateurs peuvent cibler différentes conformations. A
savoir, la conformation DFG-out confere généralement une plus grande sélec-
tivité et efficacité aux inhibiteurs, car elle empéche la liaison au substrat, et
moins de kinases peuvent y parvenir. Bien qu’elles soient essentielles aux
efforts de conception de médicaments, on sait peu de choses sur les carac-
téristiques qui faconnent le paysage conformationnel PK, tant au niveau de
la séquence que de la structure. Ce travail constitue une tentative systéma-
tique de les élucider via une conservation et une exploration minutieuses des
données.

L’apprentissage automatique (ML) est devenu un outil de plus en plus
populaire en biologie structurale. Une branche du ML connue sous le nom
d’'Interpretable Machine Learning (IML) fournit des techniques pour expli-
quer les modeles de ML, aussi complexes soient-ils. Ce travail a utilisé de
telles techniques sur les séquences et les structures PK pour comprendre les
caractéristiques distinguant les états actif/inactif et divers états DFG. Pour-
tant, méme les méthodes les plus avancées ne suffiront pas si les données sont

inexactes. Malgré des décennies de recherche et de développement, nous man-



quons toujours d’outils fiables, précis et polyvalents pour caractériser et relier
les séquences et structures protéiques. Ici, nous avons résolu ce probléme en
créant une bibliotheque Python open source 1Xtractor.

Grace a 1Xtractor, nous avons rassemblé la plus grande collection de ki-
nomes structurels a ce jour, englobant pres de dix mille domaines. Leurs
séquences et structures étaient représentées par une vaste série de descripteurs
numériques ancrés a un seul profil de séquence de référence couvrant I’ensemble
du domaine PK. Nous avons annoté les conformations DFG de plus de 90%
des domaines assemblés en utilisant une approche basée sur le clustering semi-
supervisé. De plus, 'approche a permis d’évaluer I'exactitude des stratégies
d’étiquetage DFG existantes, qui ont révélé leur insuffisance fréquente dans
I’étiquetage des Etats mineurs DFG, conduisant & des incohérences internes et
a des conflits les uns avec les autres. En guise d’amélioration, nous avons formé
des ensembles d’arbres de décision prédisant les états actif/inactif et DFG avec
une précision presque parfaite. Les modeles obtenus ont ensuite été interprétés
pour révéler les caractéristiques structurelles les plus importantes distinguant
ces états conformationnels. Ils étaient associés a des régions structurelles bien
connues et sont facilement interprétables par les biologistes structuraux. De
plus, les modeles ML ont été appliqués pour annoter des structures publiées par
un outil AlphaFold2 récent. Cela démontre que les prédictions d’AlphaFold2
sont probablement biaisées en faveur de la conformation DFG-in.

Avec des annotations structurelles précises, nous avons abordé le prob-
leme des éléments de séquence faconnant les préférences conformationnelles
du DFG a l'état inactif. A savoir, nous avons cherché & identifier une poignée
de résidus hébergés par un domaine PK qui pourraient expliquer pourquoi
une kinase particuliere a une propension aux états DFG-in ou DFG-out. Ce
faisant, nous avons d’abord évalué comment cette propension a évolué tout
au long de I’évolution d’'un domaine PK. Cela a révélé que la capacité a ef-
fectuer la transition DFG-in—DFG-out est distribuée de maniere sporadique
et n’adhére pas a un modele de propagation discernable. Ainsi, nous avons
traité séparément les tyrosine et sérine-thréonine kinases (TK et STK). Nous
avons d’abord confirmé que notre pipeline ML peut distinguer efficacement les
séquences TK et STK, obtenant ainsi un classificateur parfait pour ce “prob-
leme de test”. Les modeles reposaient sur des positions de séquence qui pou-

vaient étre interprétées structurellement et liées a différentes propriétés des



résidus phosphoaccepteurs tyrosine et sérine/thréonine. Suite & cela, les mod-
eles ont été entrainés a distinguer les séquences avec des propensions DFG-in
et DFG-out, ou les étiquettes ont été dérivées a ’aide de structures sans ligand
et les ensembles de données ont été complétés par des orthologues manquant
de données structurelles. Les modeles obtenus étaient tres précis, ne com-
mettant que quelques erreurs sur 1330 séquences STK et 1000 séquences TK.
Pour les savoirs traditionnels, les positions les plus importantes sur lesquelles
s’appuient les modeles pourraient étre structurellement rationalisées comme
renforcant I’AL dans la conformation DFG-out. Cette idée a corroboré les
études existantes et les données de mutagenese. Les modeles STK étaient plus
difficiles a interpréter, le scénario le plus probable étant des ensembles de posi-
tions divergentes entre différentes sous-familles. Ainsi, la propension naturelle
a sortir du DFG peut étre un trait convergent. Sans pression sélective, les
kinases peuvent avoir des déterminants de séquence dépendant d’un contexte
évolutif plus large.

Dans I’ensemble, ce travail a fourni une évaluation précise du paysage con-
formationnel PK et amélioré notre compréhension du kinome structurel. Les
modeles ML de collecte de données PK, de séquence et de structure ainsi que
leurs prédictions ont été rendus publics. Ceux-ci peuvent étre utilisés pour
développer des stratégies d’inhibition PK plus précises et annoter les confor-
mations et les propensions de nouvelles structures et séquences PK expéri-
mentales et prédites. Les outils développés dans ce travail ont également été
publiés sous forme de packages open source écrits en Python: (1) KinActive,
englobant des modeles ML, un pipeline pour les entrainer et les évaluer, et un
protocole pour assembler une collection de données PK; (2) [Xtractor, pour as-
sembler, gérer et caractériser des collections de données de séquence/structure;
(3) eBoruta, un outil de sélection de caractéristiques indépendantes du modele
utilisant ’algorithme de Boruta. Cumulativement, nous espérons qu’ils aug-
menteront la transparence et la reproductibilité de I’exploration de données en

biologie structurale.
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Chapter 1

Introduction to Machine

Learning

Machine learning (ML) is a field that focuses on the development of algorithms
learning from data to make predictions. It can be viewed as a modern exten-
sion of applied statistics, emphasizing predictive accuracy and computational
efficiency over traditional statistical inference. The term was coined by Arthur
Samuel in 1959 [1], reflecting the idea that computers could be taught to learn
and adapt without being explicitly programmed for specific tasks. Pioneering
work by researchers such as Frank Rosenblatt [2] laid the groundwork for sub-
sequent advancements in artificial neural networks and other machine learning
techniques.

In the following decades, the field of machine learning has grown expo-
nentially, benefiting from technological innovation and vast amounts of data.
Today, ML plays a vital role in various domains, ranging from healthcare and
finance to natural language processing and computer vision, transforming the
way we analyze and interpret data [3].

An important distinction comes up when comparing ML to Data Mining
(DM). While ML models may be used as part of the data mining process, DM
aims to uncover underlying structures and relationships within the data itself.
In essence, ML is often about prediction, while DM focuses on description and
understanding. Both fields play a crucial role in modern data science, each
contributing unique perspectives and tools to the analysis and interpretation
of complex data [4].

This chapter aims to describe general ML principles and provide back-
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ground for ML techniques employed in subsequent chapters. We will begin
by delving into foundational concepts, including generalization, performance
estimation, and cross-validation. Next, we will introduce how ML approaches
can be categorized and discuss several models in greater depth. Building on
this foundation, we’ll lay out techniques allowing to interpret trained mod-
els, bridging the gap between DM and ML. Special attention will be given to
methods such as LIME and SHAP. Finally, we’ll discuss general principles of

feature selection and provide an in-depth description of the Boruta algorithm.

1.1 Basic concepts

1.1.1 The core ML approach

An ML model can be conceptualized as a sophisticated function f with both
trainable parameters (f) and non-trainable parameters (A). The trainable
parameters are central to the model, adapting and evolving during the training
process. Governed by a specific algorithm, the model “learns” to adjust 6 based
on the input data X and, in supervised learning (see below), the corresponding
target values y.

The training algorithm relies on particular criteria to assess the quality of
predictions. In many models, this criterion is defined by a loss function I(y, ')
that quantifies the difference between the target values and predicted values v/,
with the goal of minimizing this difference. In contrast, models like decision
trees utilize gain functions, such as reduction in entropy or variance, which
they aim to maximize.

The non-trainable parameters, on the other hand, are predetermined set-
tings that govern the structure and behavior of the model but do not change
during training. These settings can be informed by a user’s knowledge, itera-
tively adjusted through trial and error, or fine-tuned via a specific optimization

algorithm.

1.1.2 Learning paradigms

Machine Learning (ML) models can be broadly categorized based on the nature

of the output y and the availability of target values during training. This cat-
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egorization leads to three main learning paradigms: supervised, unsupervised,

and semi-supervised learning:

e Supervised Learning: In supervised learning, the target values y are
known and provided during training. The model learns to map input
data X to these target values, adjusting its parameters to minimize the
difference between predicted and actual outputs. Depending on the na-

ture of y, supervised learning can be further divided into:

— Classification: If y represents discrete categories. The number
of categories determines whether the problem is binary (two cate-
gories) or multiclass (more than two categories).

— Regression: If y represents continuous values.

e Unsupervised Learning: In unsupervised learning, the target values
y are unknown or not provided during training. The model focuses on
discovering underlying patterns, structures, or relationships within the
input data X without guidance from specific target values. Common
tasks include clustering, dimensionality reduction, and anomaly detec-
tion.

e Semi-Supervised Learning: Semi-supervised learning falls between
supervised and unsupervised learning. It utilizes both labeled data (with
known y) and unlabeled data (without y). This approach leverages the

information in the unlabeled data to enhance the learning process.

The nature of the learning problem informs the choice of algorithms, eval-
uation metrics, and methodologies, shaping the design and implementation of
ML solutions. Other learning paradigms, such as reinforcement learning, also
exist but fall outside the scope of this study, as they do not align as closely
with the data mining-oriented framework that guides our exploration. Here,

we focus more on supervised classification paradigm.

1.1.3 Generalization, Bias, and Variance

Generalization in ML refers to a model’s ability to perform well on unseen
data, capturing the underlying patterns without being influenced by noise or

random fluctuations. A model that generalizes well is essentially the antithesis
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of an overfitted model, which performs well on the training data but poorly
on new, unseen data.

Generalization is closely related to the concepts of bias and variance [5],
which provide insights into a model’s potential underperformance or overfit-
ting:

« Bias: Bias is the systematic error introduced by simplifying a real-world
problem. A model with high bias makes strong assumptions about the
underlying data and may oversimplify the problem, leading to underfit-
ting.

« Variance: Variance measures a model’s sensitivity to small fluctuations
in the training data. A model with high variance pays too much atten-
tion to the noise or random variations in the training data, leading to
overfitting.

« Bias-Variance Tradeoff: Balancing bias and variance is a fundamen-
tal challenge in ML. Reducing bias may increase variance, and vice versa
(Fig. 1.1). A well-balanced model minimizes both to achieve good gen-

eralization.

Low Variance High Variance
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Figure 1.1: An illustration of the relationships between a model’s bias and variance.
The figure is taken from [6].

The bias-variance tradeoff is typically linked to the discussion on model
complexities. Overparametrization, or the use of an excessive number of pa-
rameters, increases the model’s complexity and may lead to a model that
“memorizes” its input, exerting high variance and becoming prone to over-
fitting [7]. However, with the emergence of large deep learning architectures,
some researchers are starting to revisit the traditional understanding, exploring

how these complex models can sometimes defy conventional wisdom |[8].



1.1 Basic concepts 16

1.1.4 Performance Estimation and Cross-Validation

To evaluate a model’s generalization capacity, one uses a performance estimate.
In the context of supervised learning, this performance estimate evaluates the
difference between predicted and actual values. Mathematically, this is repre-
sented as a function p(y,y’). Depending on the metric, one may seek to either
maximize or minimize this function. For instance, Mean-Squared Error (MSE)
is commonly minimized, while Accuracy is maximized.

An important consideration is the data used for evaluating performance.
Using the same data for both training and testing fails to capture a model’s
ability to generalize to unseen data. To address this, one typically employs a
separate test set or a procedure known as cross-validation (CV) [9]. In CV,
the training instances are randomly partitioned into K non-overlapping folds.
The model is trained on K — 1 of these folds and tested on the remaining one.
This process is repeated K times, with each fold serving as the test set exactly
once, to produce an averaged p©Y. When K equals the size of the dataset, this
strategy is specifically known as Leave-One-Out Cross-Validation (LOOCYV).

Using these strategies mimics a real-world scenario, where a model is ap-
plied to unseen data, leading to conclusion regarding its generalization capac-
ity. However, CV provides a more robust estimate of a model’s performance
than a single test set, reducing the risk of an overly optimistic or pessimistic
assessment.

Apart from evaluating generalization, CV has broader applications, such

as:

o« Hyperparameter Tuning: The initial settings of an ML algorithm can
significantly impact its performance. Searching for optimal parameters
is often framed as an optimization problem [10], where one seeks hy-
perparameter combinations that maximize/minimize p¢V. We’ll explore
this in more detail below.

e Model Selection: CV is also used for comparing different models.
Combining model selection with hyperparameter tuning poses an even
greater challenge. Some methods like greedy K-fold CV can mitigate the
computational burden [11].

e Unsupervised Problems: Surprisingly, CV can also be applied to

unsupervised problems like clustering, where it can help determine the
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number of clusters based on intra-cluster similarity or inter-cluster dis-
similarity [12, 13].

In practice, applying CV can be nuanced and may lead to overfitting during
model selection. Namely, it can sometimes lead to "optimization bias” or
"selection bias,” especially when the dataset is small [14]. This risk can be
mitigated through techniques like early stopping and regularization. Early
stopping refers to halting the training when a chosen performance metrics
deteriorates. Regularization, in turn, is penalizing a model’s complexity, such
as very large values of trainable parameters [15].

The nature of the underlying data can also influence the CV strategy.
Namely, using random sampling of training instances when constructing CV
folds may be inadequate in some scenarios, requiring to employ some external
similarity measure [16]. In such cases, CV may operate on pre-computed
clusters of samples, enclosing sufficiently similar instances. This is especially
relevant when training instances are (potentially related) protein sequences
[17].

Finally, if the data are plentiful, a common practice to avoid overfitting is
splitting the data modelling and testing subsets [6]. The former is used for
model selection, hyperparameter tuning, and fitting the final model, while the

latter is used to produce a final performance assessment.

1.1.5 Hyperparameter Tuning

Above, we've introduced hyperparameter optimization (HPO) as a combina-
torial problem of searching for an ML algorithm’s settings most suitable for
the learning objective [18]. Assuming that higher values of p indicate a bet-

ter model, one can formulate HPO as an optimization problem argmax p (or
A
argmax p©"), where ) is a space of possible hyperparameters. In practice, the

A
“tunability” of different hyperparameters may vary [19]. Thus, informed by
prior knowledge, A is initially constrained to some sensible value ranges.

Various strategies exist for searches over A [20], including:

e Grid Search: An exhaustive evaluation of all possible combinations.
The guarantee of convergence is offset by the computational cost.
e Random Grid Search: To mitigate the computational burden, a ran-

dom grid search can be employed. Instead of evaluating all combinations,
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a random subset is chosen, offering a trade-off between computational
cost and optimization quality.

e Genetic Algorithms: These are heuristic search algorithms inspired
by the process of natural selection. They are more efficient than grid
search but may require fine-tuning of their own parameters.

o Bayesian Optimization: This probabilistic model-based optimization
technique is particularly effective for high-dimensional hyperparameter
spaces. It builds a probabilistic model of the objective function and uses
it to select the most promising hyperparameters to evaluate in the true

objective function.

Among these, Bayesian Optimization (BO) techniques have gained promi-
nence for their efficiency and effectiveness. The core idea behind BO is to
build a probabilistic model P(p|)) that estimates the distribution of p given a
particular set of hyperparameters A\. This model is iteratively updated based
on newly evaluated points in A throughout the optimization process [21].

Another key ingredient to BO is the acquisition function, which guides
the sampling process. It takes P(p|\) as input and produces a utility value
for each point in A\. The nature of the acquisition function can vary, but
certain formulations like the Expected Improvement (see below) aim to balance

between:

« Exploration: Exploring regions with higher uncertainty in P(p|\) to
ensure that the algorithm doesn’t miss any potentially optimal regions.

« Exploitation: Exploiting regions where the expected performance, as
indicated by the mean of P(p|)\), is high.

A common example of an acquisition function is the Expected Improvement

(EI). For the best performance p* observed so far, it is defined as
EI(A) = Elmax(p - p*,0)] (1.1)

The EI function aims to maximize the expected improvement over the best-
known point p* by considering both the predicted mean and variance of P(p|\).

Specifically, it produces a new point A* such that

A" = argmax FI(\) (1.2)
A
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The BO algorithm iteratively performs the following steps:

1. Use the probabilistic model to find the hyperparameter set A* that max-
imizes p.

2. Evaluate the true objective function p(A*) to obtain a new data point.

3. Update the probabilistic model P(p|\) with the new data point.

Optuna is a popular framework that implements Bayesian Optimization.
It extends the basic BO algorithm by incorporating features like pruning of
unpromising trials and parallelization. Optuna is adaptable to various types of
hyperparameter spaces, including those with categorical variables, and allows
for easy customization of acquisition functions, making it a flexible tool for

hyperparameter optimization [22].

1.2 A Brief Overview of ML Algorithms

Above, we’ve introduced briefly the foundational ML principles, laying out the
general frameworks and methodologies that are broadly applicable across a va-
riety of supervised learning problems. However, the theoretical underpinnings
are often adapted and specialized to fit the particular models at hand. As
of today, a plethora of models are available, each with its unique strengths,
weaknesses, and assumptions. The choice of a model is rarely arbitrary; it is
closely guided by the learning objective and the nature of the data. In the
following sections, we will delve into some of these models, exploring their in-
ner workings, applicability, and how they embody the general principles we’ve

discussed.

1.2.1 The diversity of ML models

Machine learning algorithms can be broadly categorized based on several key

characteristics:

1. Linear vs. Non-linear: Linear models, such as Logistic Regression,
assume a linear relationship between the input features and the output.
Non-linear models like Decision Trees and Neural Networks do not make

this assumption and can capture complex relationships in the data.
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2. Parametric vs. Non-parametric: Parametric models make certain
assumptions about the data distribution and have a fixed number of
parameters. Non-parametric models, like K-Nearest Neighbors, make
fewer assumptions and can have an infinite number of parameters.

3. Lazy vs. Eager: Lazy learners, such as K-Nearest Neighbors, defer the
decision-making until a new instance is encountered. Eager learners like
Decision Trees and Neural Networks make decisions during training.

4. Generative vs. Discriminative: Generative models like Naive Bayes
learn the joint probability distribution P(X,Y’) and make predictions
by estimating P(Y|X). Discriminative models like Logistic Regression
directly learn the boundary between classes.

5. Interpretable vs. Black-box: Interpretable models like Decision
Trees and Linear Regression are easy to understand and interpret. Black-
box models like Neural Networks are more complex and harder to inter-

pret.

Understanding these categorizations can guide the choice of algorithm for
a given problem, ensuring that the chosen model is well-suited to the task at

hand. Below, we’ll elaborate on some of these approaches in greater detail.

1.2.2 Logistic Regression

Logistic Regression (LR) is perhaps the simplest example of a binary classifier.
In binary classification, the response variable y is a Bernoulli random variable
with parameter p. In linear regression, the expectation of y is modeled via a
linear combination of data X and trainable parameters 6, i.e., p = X76. In

logistic regression, a logistic link function is applied to p, resulting in

p

= X70. (1.3)

1
08 7
Solving this equation yields
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The log-likelihood function to be maximized with respect to 6 is given by:
N
(yi log(p) + (1 — yi) log(1 — p)) — Cr(0) (1.5)

=1

where r(0) is the regularization term that penalizes model complexity to pre-
vent overfitting, and C controls the regularization strength. For example, in
the elastic net regularization method, a combination of /5 and [; regularization

is used, balanced by a parameter a:

1l—«
2

r(0) = 010 + a|6]|, (1.6)

where [|0]]; is the sum of the absolute values of the parameters.

1.2.3 Illustrating Core ML Principles Using Logistic Re-

gression

LR serves as a suitable choice to illustrate the core principles introduced above.
For this, we’ll generate a synthetic dataset X with 100 instances, where each
instance has two features x; and x5. The dataset is divided into two classes,
with 70 and 30 instances belonging to each class (0 and 1). The feature matrix
X is defined as:

T1,1 T1,2
X211 X292

X =

Z100,1 L100,2

For the sake of simplicity, we assume that x; and x, are normally dis-
tributed:

o For class 0: z; ~ N (2,1) and 25 ~ N(3,1)
o For class 1: 21 ~ N (4,1) and x5 ~ N (5,1)

This setup provides a dataset where the two classes are somewhat separa-
ble, making it suitable for logistic regression (Fig. 1.2a).
As the dataset is imbalanced, using regular Accuracy may provide an in-

accurate assessment of the predictive power. Thus, we opt for using Balanced
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Figure 1.2: Sampled dataset, decision boundaries, and CV performance distribu-
tion. (a) The data points of X with classes denoted by color: blue circles are class
0 instances, whereas light cyan crosses depict class 1 instances. Red lines depict
decision boundaries of LR trained on different CV folds. (b) The distribution of
Balanced Accuracy across the CV folds. The algorithm was trained using the opti-
mized hyperparameters as described in the main text.

Accuracy (BAC) as the performance metric. BAC is defined as the arithmetic
mean of Sensitivity (True Positive Rate) and Specificity (True Negative Rate):

BAC =3 (tprrs * TN TP (17)

2\TP+FN TN+FP

Here, TP, TN, FP, and FN stand for True Positives, True Negatives, False
Positives, and False Negatives, respectively. Balanced Accuracy effectively
handles class imbalance by giving equal weight to both Sensitivity and Speci-
ficity, ensuring that both classes are equally important in the evaluation.

First, we’ll tune two hyperparameters controlling regularization: % and
a, where the former is an inverse of C' introduced above, with smaller values
implying stronger regularization. With this, we’ll set up the search space A as
a 10 x 10 grid with ten values for each parameter, amounting to 100 different

combinations:

1
C

o « ranges between 0 and 1, with values equally spaced in this range.

ranges between 0.05 and 2.0, with values equally spaced in this range.

Next, we’ll set up an exhaustive grid search over . For this, we’ll generate
ten stratified CV folds, preserving the class ratios observed in X within each

fold. For each (%, «) combination, we'll fit the LR algorithm on the training
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fold and compute the BAC on the training fold.

Asillustrated in Fig. 1.3a, the performance of the Logistic Regression model
deteriorated as the regularization strength increased (i.e., as (—1; decreased),
suggesting that the model became too biased. Conversely, as % increased,
indicating weaker regularization, the performance stabilized. This suggests
that the model benefits from additional complexity, without showing signs of
high variance or overfitting.

In turn, the o had marginal impact on the performance across the whole
explored value range. The best performance (BAC=0.85) was achieved for a
combination of £=1.13 and a=0.88 (Fig. 1.3b). The latter indicates that the

model relied primarily on the [; penalty for regularization.

(a) (b)
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Figure 1.3: Grid search results. (a) X-axes depict two model settings sampled
during HPO. Y-axes depict BAC scores with line depicting mean values and shaded
ranges depicting BAC fluctuations across CV folds. (b) Hyperparameter combina-
tions and their influence on BAC averaged across CV folds.

To gain further insights, we once again cross-validated the algorithm, this
time using the attained hyperparameters. Firstly, as Fig. 1.2b indicates, the
mean CV performance remained consistent. Secondly, (Fig. 1.2a) demonstrates
the stability of the decision boundaries of models trained on different CV folds.

This practical illustration allowed us to explore some of the core ML princi-
ples described above. Namely, we’ve demonstrated: (1) the basics of hyperpa-
rameter optimization, (2) dealing with imbalanced datasets via stratified CV
and an appropriately chosen metric, (3) the concepts of overfitting, bias, and

variance, and (4) how regularization impacts the algorithm’s performance.
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1.2.4 Decision Trees

When the training data are not linearly separable, LR may suffer significant
performance losses. In such cases, using non-linear ML models is justified.
One of the simplest non-linear models is the Decision Tree (DT). DTs were
popularized by Leo Breiman, who introduced an efficient algorithm to train

them for both classification and regression tasks [23].
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Figure 1.4: An example of a decision tree trained to partition the artificial data
introduced in the main text.

A DT is a hierarchical tree model composed of internal and external nodes
organized into “levels” (Fig. 1.4). Internal nodes are represented by a pair
(f,t), where f is an input feature and ¢ is a learned threshold. If f > ¢, a data
instance is directed to one child node (typically the right); otherwise, it goes
to the other child node. In this manner, data instances are guided by internal
nodes towards the leaf nodes, which contain continuous values (for regression
problems) or classes (for classification problems) that constitute the model’s

predictions.



25 1 Introduction to Machine Learning

To train a Decision Tree model, one typically employs a top-down, recur-
sive, divide-and-conquer approach. The most commonly used algorithms for
this purpose are ID3 (Iterative Dichotomiser 3) [24], C4.5 (the successor of
ID3) [25], and CART (Classification and Regression Trees) [23].

The algorithm starts by selecting the feature and threshold that minimize
the chosen criterion for the entire dataset. For classification tasks, this criterion
is often the Gini impurity or the information gain. The Gini impurity for a

node t is defined as:
Gini(t) =1-> p} (1.8)

where p; is the proportion of samples belonging to class ¢ at node t, and C
is the number of classes. Information gain based on Gini impurity is then

calculated as:

Gain(t, f) = Gini(t) — (”z“ Gini(fier) + ”f;jht Gini(tright)) (1.9)

where n is the total number of samples at node ¢, neg and nyighe are the number
of samples in the left and right child nodes, respectively, created by splitting
node t based on feature f.

This creates the root node of the tree, which splits the dataset into two
subsets. The algorithm then recursively applies the same procedure to each
subset, creating new internal nodes and partitions until one of the stopping
conditions is met. These conditions could be a maximum tree depth, a mini-
mum number of samples per leaf, or an acceptable level of impurity or error.

Once the tree is built, it can be pruned to remove branches that do not
provide sufficient predictive power. This helps in reducing the complexity of
the final model and mitigates the risk of overfitting.

Combining learned thresholds leads to non-linear decision boundaries. To
illustrate this, we trained a single decision tree on the artificial dataset intro-
duced above, restricting it to the maximum depth of three levels. Fig. 1.4
depicts this tree and its decision boundaries. As one can observe, the DT

non-linearity allows it to better partition the data compared to LR.
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1.2.5 Ensemble Algorithms

The motivation behind ensemble methods is rooted in the idea that while a
single model may have limitations in terms of bias, variance, or generalization,
a combination of models trained on the same objective can compensate for
these weaknesses. This disctinction is made explicit by the commonly adopted
terminology, where single models are typically denoted as weak learners, while
their combination is referred to as strong learner [26].

The concept of ensemble learning was popularized by several pivotal works,
including Leo Breiman’s 1996 paper on “Bagging Predictors,” which intro-
duced the technique of bootstrap aggregating, or bagging, to improve classifi-
cation and regression models [27]. The technique involves generating multiple
bootstrap samples from the original training dataset and training a separate
model on each sample. These models are typically identical in structure but
differ in the data they are trained on. The final prediction is obtained by
averaging the predictions (in the case of regression) or by taking a majority
vote (in the case of classification) from all the individual models. Bagging is
particularly effective for algorithms that are sensitive to the specific data they
are trained on, as it provides a way to “average out” the noise and errors,
leading to a more robust and stable model.

While bagging aims to reduce model variance by creating multiple boot-
strap samples and averaging the predictions, AdaBoost, introduced by by Yoav
Freund and Robert Schapire in 1997 [28], takes a different approach by focus-
ing on instances that are hard to classify. In essence, AdaBoost adapts by
giving more weight to training instances that are misclassified by previous
models in the ensemble. Each subsequent model is then trained to correct the
mistakes of its predecessors, thereby reducing the overall bias of the ensemble.
This adaptive nature allows AdaBoost to create a strong learner from a series
of weak learners, often achieving better performance than bagging, especially
when the base models are simple and prone to underfitting.

Random Forests (RFs) comprise ensembles of decision trees. Introduced
by Leo Breiman in 2001 [29] RF can be viewed as an extension of his earlier
work on bagging. While bagging uses bootstrap samples to train each model
independently, Random Forests add an additional layer of randomness by also

selecting a random subset of features for each decision tree. This “decorrelates”
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the trees, making the ensemble less prone to overfitting and often improving
generalization. The method has become one of the most popular machine
learning algorithms for both classification and regression tasks.

Gradient Boosting is another ensemble method that builds upon the prin-
ciples introduced by both AdaBoost and Random Forests [30]. Like AdaBoost,
it trains models in a sequential manner, focusing on instances that are difficult
to predict. However, it often employs decision trees as base learners, similar
to Random Forests, but optimizes them in a greedy manner. Each new model
is fitted to the residuals of the combined ensemble of existing models, allowing
the algorithm to adapt quickly and fit complex functions. Among the various
implementations of gradient boosting, XGBoost stands out for its efficiency
and effectiveness [31]. We'll provide a detailed explanation of this algorithm
later on.

The versatility of Random Forest and gradient-boosted trees is evident in
their wide range of applications. As we previously explored the role of Bayesian
Optimization in hyperparameter tuning, it’s worth noting that these ensem-
ble methods often serve as surrogate probability models P(p|\), particularly
useful for navigating large, high-dimensional hyperparameter spaces [32]. In
the realm of anomaly detection, Random Forest algorithms, including special-
ized variants like "Isolation Forest,” excel at identifying outliers based on their
unique decision paths across the ensemble [33, 34]. The co-occurrence of fea-
tures within the trees also allows Random Forest to be adapted for clustering
tasks, generating a dissimilarity matrix that can be used for further analysis
[35, 36]. Additionally, the algorithm’s robustness makes it an effective tool for

imputing missing values [37].

1.3 Interpretable ML

Machine learning approach has traditionally focused on predictive power. How-
ever, gradual increase of ML algorithms’ complexity and their usage in various
sensitive spheres like healthcare [38], necessitates gaining more insights into
their decision-making process. Thus, Interpretable Machine Learning (IML')
has emerged and gained popularity in recent years [39-41].

IML focuses on conjuring meaningful explanations regarding an ML model’s

ISome researches prefer the term “Explainable AI,” abbreviated as XAI.
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functioning. In this context, it’s worth distinguishing global vs. local explana-
tions. The former attempt to explain a model as a whole, while the latter focus
on interpreting predictions for specific data instances. IML techniques differ
in how they are applied to a model. Some of them are model-specific, while
others are model-agnostic. Furthermore, as we’ll elaborate below, some mod-
els have built-in features making them interpretable, while others (black-box

models) are explained post-hoc [42].

1.3.1 Intrinsically Interpretable Models

Some ML models are interpretable by design. For instance, above we’ve intro-
duced a Logistic Regression model and trained it on an artificial dataset. In
LR, the log-odds of belonging to class 1 is modeled as a linear function of the

features:

log <%> = 90 —+ 911’1 + 921’2 (]_].0)

Here, p is the probability of belonging to class 1.

The LR model trained above had parameters [y, 01, 05] = [—8.38,2.00, 0.39],
where 6, is an intercept coefficient. The positive ; indicates that higher val-
ues of xy increase the log-odds of belonging to class 1, while the smaller 6
suggests a lesser influence of x5 on the outcome. The intercept term 6y = 8.38
represents the log-odds of the positive class when 6; and 6, are both zero,
implying that, in this case, the model is biased towards the negative class.

DT model introduced above is also interpretable. For small decision trees,
one can draw explanations from a visual representation. For instance, by
observing the root node in Fig. 1.4, one can deduce that the x; variable alone
separated most of the instances; hence, it’s more useful for the objective than
x3.

For larger trees, visual inspection can be cumbersome. In such cases, the
usefulness of a feature can be quantified via various metrics, such as feature
importance scores. These scores are often calculated based on the average
reduction in impurity or error that a feature brings when used in a tree split.

Formally, the feature importance FI(f) for a feature f is computed as:

ZtENodes using f Impurlty RedUCtiOn(t)
B Total number of nodes

FI(f) (1.11)
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Here, Impurity Reduction(¢) is the reduction in impurity or error at node ¢
due to the split on feature f. This provides a quantitative measure of how
much each feature contributes to the predictive power of the tree.

DTs can aid in local (instance-level) interpretations as well. By tracing
the path an instance takes from the root to a leaf, one can understand the
sequence of decisions made by the model for that particular instance that
can be translated into a set of “if-then” rules. This set of rules provides a
transparent way to understand the exact conditions under which a particular
prediction is made.

We'll briefly mention some other interpretable models: (1) k-NN, (2) Naive
Bayes, and (3) LASSO. The k-NN algorithm is a type of instance-based learn-
ing that classifies a new instance based on the majority class of its k nearest
neighbors in the feature space. By examining the neighbors, one can under-
stand why a particular instance was classified in a certain way.

Naive Bayes classifiers are probabilistic models based on Bayes’ theorem,
with the “naive” assumption that features are conditionally independent given
the class label. The model is interpretable because it provides probabilities for
each class, and one can look at the conditional probabilities to understand the
contribution of each feature to these class probabilities.

LASSO (Least Absolute Shrinkage and Selection Operator) is a linear
model trained with an [; penalty term on the coefficients, which has the effect
of setting some coefficients to zero, effectively performing feature selection.
This makes the model simpler and more interpretable, as only a subset of

features contributes to the decision-making process.

1.3.2 Intepreting Ensemble Models

All the models introduced above have a small number of trainable parame-
ters connected to their output in a straightforward manner. As the number
of parameters and their interactions increase, a model essentially becomes a
“black-box,” requiring special techniques to interpret it.

Ensemble models illustrate well this interpretability-complexity trade-off
[43]. While a single decision tree is interpretable, their large ensembles are
not. Still, some of the techniques employed for a single tree may be generalized

towards the ensemble as a whole. Thus, rule extraction procedure mentioned
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above can be further improved by pruning techniques [44] and adapted for tree
ensembles [45, 46]. However, a more intriguing line of work that generalizes
beyond tree ensembles concerns feature importances.

Above, we've introduced a notion of feature importance. For extending it

to a collection of trees, one can average the feature importance scores:

N
FIensemble(.f) = % Z FItreei (f) (112)
=1

where N is the total number of trees in the ensemble [47]. This Mean Decrease
in Impurity (MDI) gives a more comprehensive view of how each feature con-
tributes to the predictive power of the ensemble model [48].

The Mean Decrease Accuracy (MDA) is another feature importance mea-
sure originally introduced for RF [29]. One of the advantages of using MDA
is the availability of Out-of-Bag (OOB) scores [49]. In Random Forests, each
tree is trained on a different bootstrap sample, and the samples not included
in the bootstrap (OOB samples) can be used to test the tree. This provides
a computationally efficient way to compute the MDA. Specifically, one can
permute a feature and recompute the OOB score without having to retrain
the model or set aside a separate validation set. The MDA for a feature f is

computed as follows:

N
1 ) )
MDA(f) = N Z (ACC(()r)iginal - ACCI(:)e)rmuted) (113)
i=1

(@)

. : ()
where N is the number of trees in the ensemble, and Acc i, and Acc,quied

are the OOB accuracies of the i tree before and after permuting the feature
values, respectively.

RF models, however, were empirically shown to be biased towards cor-
related and numerical or high-cardinality categorical features, which hinders
their interpretability via MDI and MDA in these cases [50, 51]. Such features
introduce many possible split scenarios, which increases their chance of yield-
ing higher impurity reduction than features taking fewer values [52]. This bias
can be reduced by employing alternative tree construction algorithms (such as
cforest [53]) or debiased MDI formulations like MDI-OOB [54]. On the other

hand, other feature importance formulations like permutation importance are
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more general (i.e., model-agnostic) and are thought to mitigate the MDI biases.

The term “permutation importance” can refer to two different approaches,
both of which involve decoupling X from y through random permutation or
scrambling. One of these approaches, known as “PIMP,” aims to correct biases
in the initially computed feature importances and is applicable to any model
that provides a method for assessing these importances [55].

PIMP starts by scrambling y multiple times to compute a “null importance”
for each feature. These null importances are then fit to a chosen probability
distribution (e.g., Random Normal). Using this distribution, PIMP calculates
the likelihood of observing a feature importance value equal to or greater than
the one initially computed (without scrambling). This likelihood serves as a
new, statistically corrected measure of feature importance, assessing whether
initial importance values could have occured by chance given the distriution
of the null importances.

The other permutation importance strategy is to scramble values of X in-

stead of y. This repeated scrambling is followed by computing the porigina —

1
#permutations

protocol (conditional [56] vs. independent) and whether one should use the

Ppermuted difference.  Opinions diverge on the exact permutation

original model to compute ppermutea (Permute-and-predict strategy) or refit
the algorithm following the permutation. Recent research advocates permut-
ing feature values conditionally on other features and refitting the model [57].
While potentially more accurate, this approach suffers from high computa-
tional demands and is therefore not universally applicable.

All the feature importance measures introduced above are global: they
give no insight into why a certain prediction was made for a certain instance.
Although some efforts exist to “localize” measures like MDI [58], they are not
model-agnostic and less widely adopted. On the other hand, methods that are

both local and model-agnostic exists and will be discussed below.

1.3.3 LIME

LIME stands for Local Interpretable Model-agnostic Explanations [59]. The
central premise of LIME is that the decision boundaries of a complex, black-
box model can be locally approximated by simpler, interpretable models such

as logistic regression or a decision tree. To explain a specific instance x, LIME
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generates a dataset for training a surrogate model by perturbing the feature
values of z (e.g., injecting Gaussian noise) and evaluating the corresponding
predictions from the black-box model. To ensure that the perturbations are
relevant, LIME assigns weights to these perturbed samples based on their
proximity to the original instance .

More formally, for a black-box model f, LIME aims to find a surrogate
model g within a class of models G (e.g., logistic regression models), such that

the following objective is minimized:
explanation(x) = arg miél L(f,g,m)+ Q(g) (1.14)
g€

Here, L(f, g, ;) is a loss function that measures how well g approximates f in
the neighborhood of z, defined by the proximity measure m,. The term Q(g)
represents the complexity of the model g, with the aim to keep it as simple as
possible for interpretability.

For instance, consider a text classification problem where the black-box
model f predicts the sentiment of a given text. In this case, the proximity
measure 7, could be the cosine similarity between the vector representations of
the text samples. The loss function L could be the mean squared error (MSE)

between the predictions of f and g for the perturbed samples, weighted by .

L(f.gm:) = 3w, 2) (F(2:) - g(a)) (1.15)

Here, z is the original instance, x; are the perturbed samples, and N is the
number of such samples. The term 7, (x, z;) weights the contribution of each
perturbed sample based on its similarity to x, ensuring that the surrogate
model g is a good local approximation of f.

In practice, LIME simplifies the optimization problem by limiting the fea-
ture space and using weighted least squares for linear models or greedy al-
gorithms for decision trees. Regularization techniques and user-defined con-
straints (specified by €2(g)) further guide the search for an optimal g, making
the problem more tractable.

Despite its advantages, such as the ability to exert full control over the in-
put data, LIME has notable limitations. For instance, LIME employs an expo-

nential smoothing kernel to define a local neighborhood around a data point,
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which exact parameters often require manual tuning for different problems
[60]. This kernel-based approach also restricts LIME’s effectiveness in high-
dimensional spaces, as the exponential kernel tends to smooth distances, mak-
ing it challenging to differentiate between proximate and distant data points.
Additionally, LIME suffers from stability issues due to the randomness in gen-
erating perturbations; different runs can yield inconsistent explanations [61].
These shortcomings have led to the development of various adaptations aimed

at mitigating these issues [62-64].

1.3.4 SHAP

Above, we've introduced model-agnostic methods that enable either global
(e.g., permutation importance) or local (LIME) explanations. The SHAP
method, on the other hand, bridges the gap between local and global ex-
planations and has solid theoretical foundations and desirable mathematical
properties.

SHAP stands for “SHapley Additive exPlanations” and is inspired by Shap-
ley values, a concept from cooperative game theory [65]. In this framework,
the “game” is the prediction task, and the “players” are the individual fea-
tures [60]. Let ¢; be the SHAP value for feature j, N be the set of all features,
and f(S) = E[f(z)|x € S] be the expected value of the model’s prediction

conditioned on a given subset of features S.

o- ¥ BHESED sugn -
SCN\{j}

Thus, the SHAP value ¢; for a feature j is calculated as a weighted average
of the differences between the expected model’s predictions when feature j is
included versus when it is not, across all possible subsets S of features. This
weighted average ensures that the contribution of each feature is fairly allo-
cated, satisfying properties like local accuracy, missingness, and consistency.
The robustness of SHAP values is rooted in the axioms of Shapley values
from cooperative game theory, further extended by Lundberg and Lee to suit

machine learning applications [66]. The original Shapley axioms are:

« Efficiency: The sum of the SHAP values ¢; for all features j plus the

base value (the prediction that would be made without any features) is
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equal to the actual prediction f(x).
P
f(z) = o+ Z ?;
j=1

o« Symmetry: If two features ¢ and j contribute equally to all possible

combinations of features, their SHAP values should be the same.

If f(SU{i})—f(S) = f(SU{s})—f(S) for all S C N\{4,;}, then ¢; = ¢,

o Additivity: The SHAP value for a feature is additive across the con-
tributions of all other features. This property is inherent in the formula
for ¢;, as it is a weighted sum of the feature’s contributions across all

possible subsets S.

Lundberg and Lee introduced additional properties tailored for machine
learning [66, 67]:

e Local Accuracy: This is equivalent to the Efficiency axiom but empha-
sizes that the sum of the SHAP values equals the difference between the
model output and the expected value for the instance being explained.

« Missingness: Features that are already missing (i.e., have a zero value)
are attributed no importance.

« Consistency: Changing a model so that a feature has a larger impact

will never decrease the attribution assigned to that feature.

These properties collectively make SHAP values a robust and consistent
method for explaining both individual predictions and the global behavior of
a model.

However, the SHAP formulation in Eq. 1.16 presents two challenges: (1)
the efficient estimation of f(5), and (2) the exponential complexity involved
in considering 27 combinations for F features. As a result, SHAP values are
often estimated rather than computed exactly in practice. Lundberg et al.
proposed various heuristic approaches tailored for different types of models.
One such approach is the TreeSHAP algorithm [67, 68|, which estimates SHAP
contributions specifically for tree-based models like Random Forests or Gradi-

ent Boosting Machines in polynomial time.
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In addition to providing local explanations, SHAP values can also be used
to derive global feature importances and interaction values. To obtain global
feature importances, consider an input dataset X consisting of N instances
and M features. After computing the SHAP values for all instances in X,
we obtain an N x M matrix ¥, where W,; represents the SHAP value of the
j-th feature for the ¢-th instance. The global feature importances can then be

calculated as: N
F=> |0 (1.17)
i=1

where F'is an M-dimensional vector. Each element F; quantifies the overall
impact of the j-th feature on the model’s output, irrespective of the direction
(positive or negative) of its effect.

SHAP interaction values extend the concept of SHAP values to capture
not just the individual contributions of features but also their interactions
[68]. This provides a more nuanced understanding of the model’s behavior
by allowing for the separate consideration of interaction effects for individual
model predictions.

The key term for understanding SHAP interaction values is V;;(f, z,5),
defined as:

This term quantifies the change in the model’s prediction when both features
i and j are included in the subset S, compared to when they are considered
individually.

One considers all possible subsets S and attributes weigths that accounts

for the number of ways a particular subset S, yielding

S|t (M =S| —2)!
Oii(fx) = Y 151 (<M_’1>|, )Vij(f,x,S) (1.19)
SCM\{i.j} ‘

The interaction value is symmetric, i.e., ®; ;(f,z) = ®;;(f,z). SHAP value

for i-th feature ¢; can be decomposed into main (diagonal) and interaction (off-
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diagonal) effects:

¢i(f, ) = Qi(f, ) + Z ®;;(f, ) (1.20)

J#i
This ensures that the sum of all interaction values and individual contribu-
tions equals the model’s output, providing a complete and fairly allocated

explanation of the model’s prediction.

1.4 Feature Selection

As previously discussed in this chapter, supervised learning aims to establish a
relationship between input variables and a target variable by fine-tuning model
parameters. However, not all input variables contribute equally to predictive
performance. This is particularly true in bioinformatics, where datasets are
often plagued by noise [69]. To address this, a preprocessing step is essential
to filter out irrelevant or redundant variables — a process known as Feature
Selection (FS) [70].

Deleting irrelevant or redundant input data may lead to the following out-

comes:

e Performance Enhancement: Many machine learning algorithms are
sensitive to noisy data. Eliminating irrelevant features can lead to im-
proved model accuracy.

o Enhanced Transparency and Interpretability: FS can aid in a
model’s interpretation. A reduced set of variables simplifies reasoning
about the model. Furthermore, the remaining features after filtering are
inherently valuable for the objective, providing additional insights.

¢« Model Simplification:

— Overfitting: Feature selection can act as an implicit form of regu-
larization, reducing the model’s susceptibility to overfitting. How-
ever, improper application of F'S techniques can inadvertently lead
to overfitting, especially in scenarios where FS serves as a form of
model selection [71, 72].

— Reduced Computation: A less complex model eases the compu-

tational load, making it more efficient for time-sensitive tasks like
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hyperparameter tuning.

Due to these properties, F'S techniques became an indespesible tool in many
areas, including bioinformatics [73], genomics [74], chemoinformatics [75], and
healthare [76], where they are adapted to fit field-specific requirements and

learning objectives.

1.4.1 Feature Categories

Above, we've used terms such as “relevant” or “redundant.” Here, we’ll intro-
duce their precise meaning following the definitions from Li et al. [77]. Let
P(C|S) denote the conditional probability of a class C' given a set of features
S that some classifier model outputs. With this, features can be categorized

into:

« Strongly Relevant: A feature f; is strongly relevant if

P(Clf;,55) # P(CS;))
« Weakly Relevant: A feature f; is weakly relevant if

P(Clf;,55) = P(C]S;)

and
35 C Sjsuch thatP(C|f;, S;) # P(C|Sj)
e Irrelevant: A feature f; is irrelevant if
vS; € 5, P(CIf,. S) = P(CIS))

+ Redundant: A feature f; is redundant if it is weakly relevant and has
a Markov blanket M; within f. M; is a Markov blanket for f; if

P(F — M; —{f;},C|f;, Mj) = P(F — M; — {f;},C|Mj)

To elaborate, a feature is strongly relevant if it alone has an impact on the
prediction of the class C. A feature is weakly relevant if it doesn’t affect the

prediction when considered with all other features but does make a difference
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with some subset of features. A feature is irrelevant if it doesn’t help in
predicting C' better for any subset of features. Lastly, a feature is redundant
if it is weakly relevant but there exists a set of features, known as the Markov
blanket, that makes the feature unnecessary for predicting C'.

A feature selection algorithm must discriminate between relevant and irrel-
evant features. Some contexts may also require removing redundant or weakly

relevant features.

1.4.2 Feature Selection Strategies

From the learning perspective, F'S follows a broad categorization according to

the learning paradigms [78, 79]:

e Supervised: In supervised learning, the target values are known, and
features are selected based on their relevance to these target values.
Methods such as Recursive Feature Elimination (RFE) and LASSO are
commonly used in this category.

e Unsupervised: In unsupervised learning, the target values are not
known. Feature selection is often based on the structure and distribution
of the data. Techniques like Principal Component Analysis (PCA) and
clustering-based feature selection are examples in this category.

e Semi-Supervised: Semi-supervised feature selection methods like Lapla-
cian Score [80] leverage both labeled and unlabeled data to perform fea-

ture selection.

Some machine learning models inherently perform feature selection during
the training process; these models simply ignore features that are irrelevant to
the objective [81]. Examples include interpretable models like decision trees
and LASSO, as previously discussed. Such intrinsic feature selection tech-
niques are commonly referred to as embedded methods. However, in many in-
stances, an external search algorithm is necessary for feature selection. These
external algorithms are generally categorized into filter and wrapper methods.

Filter methods operate independently of any learning algorithm and evalu-
ate the relevance of each feature based on statistical properties of the data. The
primary advantage of filter methods is their computational efficiency, as they
do not necessitate model training. Examples of filter methods include Chi-

Squared Test, Information Gain, and Correlation Coefficient methods. These
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techniques often rank features based on a particular metric and allow for the
selection of the top-ranked features for model training.

Wrapper methods, in contrast, utilize the trained model itself to evaluate
different feature subsets. In supervised learning scenarios, the typical work-
flow involves retraining the model for each feature subset and assessing its
performance. Formally, for each subset S within the feature space F, wrapper

methods aim to solve the following optimization problem:

argmax p(Y, f(5)) (1.21)
SCF
Here, f(S) represents the predictions made by a model trained using only
the features in subset S. In this context, wrapper methods essentially serve
as a form of model selection and are susceptible to overfitting if not applied
cautiously [14, 72].

Due to the combinatorial nature of the problem, finding the global op-
timum would require exploring 27 combinations, which is computationally
infeasible in most cases. This necessitates the use of heuristic approximations.
Techniques akin to those used in hyperparameter optimization, such as evolu-
tionary algorithms [82], can be employed for global searches across F. While
greedy strategies like recursive feature elimination (RFE) are less commonly
used in practice, they still hold educational value. Moreover, certain adapta-

tions of RFE can effectively filter out correlated features [83].

1.4.3 The Boruta Algorithm

Boruta (a good of forest in Polish folklore) is a supervised all-relevant feature
selection wrapper method initially developed by Kursa and Rudnicki for Ran-
dom Forests [84]. The key idea behind Boruta is that, for an ML model like
RF, irrelevant features would be indistinguishable from noise in their impor-
tance values, while relevant features would yield consistently higher feature
importances than noise variables.

Here, we’ll describe a model-agnostic version of Boruta (Algorithm 1), suit-
able for any model, as long as it can be queried for feature importances. An-
other deviation from the original formulation is an imporoved correction for

multiple statistical testing (see below).
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Algorithm 1 Boruta Algorithm for Feature Selection

1

2

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

21

22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:

36:

37:

38

3
4
5
6:
7.
8
9

: Input: Model f, Feature evaluation function g, data matrix X of N
instances and M features, response variables Y, total number of steps K,
percentile k, p-value «a.

: Output: Vector r of feature relevance

: procedure BORUTA(f,q,X,Y, K, k,a)
Initialize: ¢ «— 0 r « O™
141
while i < K and Jr; : r; = 0 do
M’ + size(X,2) > Current number of features in X

Create shadow features X* by permuting X
Augment dataset [X X*]

Train f on [X X*|,Y
Compute feature importances I = g(f([X X*]))
Compute Q) = percentile({/; : | > M'})
h <+ I > Qp > Vectorized Hit/Miss
c<c+h
r < UPDATE(r,c,i,a)
Update X to include only features where r; =0
11+ 1
end while
return r

end procedure
: procedure UPDATE(r, ¢, i, @)
Initialize: a,b < 0
I+« {j:r;=0} > Indices where r = 0
t —cr > Subset of ¢ for tentative features
function TESTHITS(t, I, alternative)
p « OM
for j in I do
p; < BinomTest(¢;, i, alternative)
end for
d < FDR(py) > False Discovery Rate correction
e+ pr <% > Bonferroni correction
returnd © e
end function
ay < TestHits(t, I, "greater”)
b; < TestHits(t, I, "less”)
1 ifa;=1,jel
’I“j<— —1 lfb]::l,je.[
0 otherwise
return r
: end procedure
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The Boruta algorithm aims to identify all relevant features in a given
dataset by comparing the importance of each feature against random noise.
The algorithm takes as input a machine learning model f, a feature evalua-
tion function g, a data matrix X with M features, response variables Y, a
total number of iterations K, a percentile k, and a p-value a. Here, k is the
percentile used for importance thresholding, and « is the significance level for
statistical tests (explained below). The output is a vector r, where each ele-
ment corresponds to the relevance of a feature: -1 for irrelevant, 0 for tentative,
and 1 for relevant.

The algorithm uses dynamic data structures that are updated throughout
its iterations. Specifically, ¢ is a vector that keeps track of the “hit counts”
for each feature, and r is a vector that stores the final relevance decision for
each feature. The dataset X itself is also dynamic; it is pruned to only include
tentative features as the algorithm progresses.

The algorithm iterates through a series of steps that involve creating shadow
features, training the model, calculating feature importances, and performing
statistical tests to update r. This iterative process continues until either a
maximum number of iterations K is reached or all features have been classi-
fied as either relevant or irrelevant.

Namely, each iteration of the algorithm comprises the following steps:

e Creating an Augmented Dataset: The algorithm starts by creating
“shadow” features, which are randomized versions of the original fea-
tures in X. These shadow features are then concatenated to the original
dataset, forming an augmented dataset [X X*|.

o Fitting the Model: The machine learning model f is trained on this
augmented dataset [X X*| and the target variable Y.

o Calculating Feature Importance Values: Once the model is trained,
feature importances are calculated using the function g. This results in a
vector I, where each element represents the importance of a correspond-
ing feature in the augmented dataset.

« Hit/Miss Determination: A percentile @) is computed based on the
importances of the shadow features. Each real feature is then compared
to this threshold. If its importance is greater, it’s considered a “hit,”
and the corresponding element in the hit count vector c is incremented.

o Statistical Tests: The UPDATE procedure is called, which performs
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statistical tests on the hit counts. These tests are corrected for multi-
ple comparisons using both False Discovery Rate (FDR) and Bonferroni
methods. Based on these tests, the relevance vector r is updated.

« The Dataset Update: After each iteration, the dataset X is pruned

9

to only include features that are still considered "tentative,” i.e., those

for which r; = 0.

The UPDATE procedure serves as the statistical backbone of the Boruta
algorithm, determining the relevance or irrelevance of each feature based on
accumulated “hit” counts. Its core part is the binomial test, evaluating whether
the number of hits for a feature could have occurred by random chance, given
¢ number of trials.

However, the p-values produced by the binomial test are susceptible to
high false positive rates due to two distinct types of multiple comparisons: (1)
testing multiple features simultaneously in each iteration, and (2) testing the
same features across multiple iterations. To control for these, the algorithm

employs two types of corrections:

1. False Discovery Rate (FDR): This correction is applied to account
for the multiple features being tested in each iteration. FDR is less
conservative than other methods like Bonferroni and is often used in
high-dimensional settings.

2. Bonferroni Correction: This is used to adjust for the repeated testing
of the same features across multiple iterations. It is a more conservative
method designed to control the family-wise error rate, thereby reducing

the chance of any false positives.

By combining these two corrections, the algorithm aims to provide a more ac-
curate and conservative assessment of feature relevance, effectively controlling
for both types of multiple comparisons.

The presented algorithm offers a highly flexible and adaptable approach
to feature selection, making it a versatile tool for various machine learning
applications. By abstracting the evaluation of feature importance, it can be
applied to any supervised machine learning model. This flexibility extends
to the choice of feature importance metrics, allowing for the incorporation of
state-of-the-art interpretability methods like SHAP values.
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Despite being categorized as a wrapper method, Boruta diverges from tra-
ditional wrapper approaches by focusing on feature importance values rather
than optimizing for the best-performing subset of features. On the one hand,
it mitigates the risk of overfitting, a common pitfall associated with model
selection methods. On the other hand, as the algorithm progresses and the
most relevant features are eliminated from the system, the model becomes less
accurate. Assuming the SHAP importance is used, a “relevant” feature may
have high contribution but to the wrong output.

In terms of computational efficiency, one might initially perceive Boruta
as resource-intensive due to its iterative nature and the requirement to fit the
model multiple times on an augmented dataset. However, in practice, the
algorithm is quite efficient. Most irrelevant features are typically eliminated
in the early iterations, making it particularly well-suited for high-dimensional
and noisy data, a common scenario in bioinformatics.

Another noteworthy aspect of Boruta is its “all-relevant” feature selection
approach, implying that the algorithm may retain features that are correlated
or redundant. Depending on the specific application, this can be either an
advantage or a drawback.

Although Boruta doesn’t rank the resulting features, the initial importance
evaluator g can be applied post-selection to the features deemed relevant by

Boruta.

1.5 Concluding Remarks

This overview serves as a foundational guide for the concepts and methodolog-
ical choices explored in subsequent chapters regarding ML. Here, we explored
the general principles behind training, evaluating, and interpreting supervised
models. Discussing the neighborhood of closely related techniques with their
strengths and weaknesses meant to clarify our methodological standpoint. We
paid special attention to methods like SHAP and the Boruta algorithm and
laid out their theoretical basis. The field of interpretable machine learning
is blooming with new approaches and theoretical studies behind the existing
ones. Thus, the generalized interpretable ML pipeline presented in subsequent
chapters will likely age fast and require improvements. Yet, its core ingredients

are backed up by solid theoretical foundations and many successful applica-
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tions in bioinformatics and beyond.
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Chapter 2
Introduction to Protein Kinases

Kinases are enzymes that catalyze the phosphorylation reaction, transferring a
v-phosphate group from a nucleotide triphosphate (NTP) to a hydroxyl group
of a specific substrate (Fig. 2.1). Although ATP is the most commonly used
phosphate donor, other NTPs can also serve this role. Enzymatic classification
of kinases is based on their substrates, such as Protein Kinases (PKs), Lipid

Kinases, and Carbohydrate Kinases, each with distinct roles and regulatory

mechanisms.
.
H \
o o o /o
o \ /°> " N\ /0\
\ O~
~ .~ \ _’ V% \ // \0’ H
- 0/ \ // o-H —0 o O
NTP g ° o NDP W i
H / ~H o
/ ~NA-H
Substrate Substrate-P o/ o

Figure 2.1: The phosphorylation reaction. A phosphoryl moiety is transferred
from an NTP, typically ATP, to a substrate.

Protein phosphorylation, primarily executed by PKs, is the most commonly
observed post-translational modification [1]. The dynamic balance between
protein kinases and phosphatases, which reverse phosphorylation, forms cel-
lular signaling networks [2, 3]. PKs are key players in these networks, often
chaining their interactions to form signaling cascades [4]. Remarkably, interac-
tions among PKs are predominantly intra-family, indicating that kinases from

the same family are more likely to form functional clusters than to interact
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with kinases from different families [5].

PKs regulate a wide array of cellular processes, from cell division and
metabolism to transcription and apoptosis [6]. Beyond phosphorylation, they
also function in protein complex scaffolding, allosteric regulation, subcellular
targeting, and DNA binding [7]. Due to this functional diversity, dysfunc-
tional PKs are often implicated in a range of diseases, including cancer [8],
neurodegenerative [9], immunological [10], and hematological [11] disorders.

This chapter is structured as follows. First, we’ll provide an overview of the
PKs phylogenetic diversity. Next, we’ll analyze the structure of a PK domain
and describe its dynamic nature. Finally, we’ll delve into how their dynamic
architecture can be exploited for developing small molecules inhibiting their

function.

2.1 Diversity of Protein Kinases

PKs that phosphorylate Ser, Thr, and Tyr residues are the most common and
abundant. These PKs are found in eukaryotic, bacterial, and archeal cells and
likely share a common evolutionary origin [12-14]. In prokaryotes, however,
PKs exhibit a wider range of targets, and “non-canonical” phosphate acceptors
like histidine are common [15].

Eukaryotic PKs (ePKs) comprise a large superfamily [16]. Traditionally,
ePKs phylogeny was based on sequences of a catalytic domain, with early ef-
forts distinguishing between PKs specific to Ser/Thr and Tyr [17]. The pivotal
work of Manning [18] refined our understanding of the kinome by providing a
comprehensive classification of PKs into groups, families, and subfamilies based
on sequence homology and functional motifs (Fig. 2.2). This classification not
only expanded the known kinome, constituting about 2% of human genes (to
date, over 500 PKs were described), but also facilitated deeper insights into
the functional and evolutionary relationships between different kinases [19].

Namely, Manning separated kinases into the following groups:

« CAMK (Calcium/Calmodulin-Dependent Protein Kinase): These
kinases are primarily involved in the transduction of calcium signals.
They play a crucial role in various cellular processes including memory

formation in neurons, cell cycle progression, and muscle contraction [21].
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STE

Figure 2.2: PK groups depicted on a phylogenetic tree constructed using the
KinMap service [20].

« AGC (Protein Kinase A, G, and C families): This group contains
kinases that are regulated by second messengers, such as cyclic AMP
(cAMP) and cyclic GMP (cGMP). They are involved in a wide range of
processes including cell growth, proliferation, and metabolism [22].

« CMGC (Cyclin-Dependent Kinases, Mitogen-Activated Pro-
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tein Kinases, Glycogen Synthase Kinases, and CDK-Like ki-
nases): These kinases are central to cell cycle control and signal trans-
duction pathways that respond to various extracellular stimuli. They are
involved in cellular growth, division, differentiation, and stress responses
[23].

« CK1 (Casein Kinase 1): CK1 family members are involved in various
cellular processes including DNA repair, cell cycle progression, and circa-
dian rhythm regulation. They are known for their role in Wnt signaling
pathway and RNA metabolism [24].

o STE (Sterile Kinases): These kinases are a part of the MAP kinase
signaling cascade, which is involved in processes such as cell growth and
stress response [25].

« TKL (Tyrosine Kinase-Like): This group includes a diverse set of
kinases that share structural similarity with tyrosine kinases. For in-
stance, it includes Raf family, whose members are often implicated in
cancer [26], and LRRK family, which members’ mutations are the most
frequent cause of the Parkinson’s disease [27].

« TK (Tyrosine Kinase): Tyrosine kinases are critical in cell signaling
pathways and are involved in the regulation of cell growth, differentia-
tion, and survival [28]. They play a significant role in cancer progression
as mutations in these kinases can lead to uncontrolled cell proliferation
[29]. TKs are typically divided into receptor and non-receptor subgroups
(RTKs and nRTKs) [30].

Alongside these groups, which share significant sequence similarity, Man-
ning identified a small out-group of "atypical” kinases (aPKs). Although they
maintain a tertiary structure akin to ePKs, aPKs exhibit limited sequence ho-
mology with them and possess distinct variations in conserved PK elements,
such as the HRD motif (which appears as DRH in aPKs), the APE motif,
and the G-rich loop (discussed further below) [31]. For certain aPKs, such as
the aminoglycoside and choline kinase families, a common evolutionary origin
with ePKs is suggested. However, other groups, like the phosphatidylinositol
phosphate kinases, may have have evolved independently [32].

The methodology underlying the phylogenetic analysis of PKs continues to
be refined and expanded [33]. However, as highlighted by Martin et al., relying

solely on domain-based phylogeny might not always provide a comprehensive
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view [34]. Given that PKs are multi-domain proteins with the catalytic domain
often constituting only a small portion of the entire protein sequence, this
approach can overlook a significant amount of sequence data. While it serves
as a useful tool for grouping PKs based on the similarity of their catalytic
domains, it may not fully capture the nuances of their evolutionary divergence

and branching.

2.2 Protein Kinase Domain

2.2.1 PKD Structure

The Protein Kinase Domain (PKD) is generally composed of 250350 residues
and forms the core structural and functional unit of protein kinases [16, 33,
34]. This domain is characterized by a bilobal structure consisting of a smaller
N-terminal lobe (N-lobe) and a larger C-terminal lobe (C-lobe), connected
by a region commonly referred to as the "hinge” (Fig. 2.3a). The N-lobe is
structured with a sequence of five S-sheets and a prominent a-helix, denoted
as aC, arranged in the order: (—(o—3—aC—5,—05. Some PKs like Aurora
kinase A have a small aB-helix between the 3 and aC regions. In contrast,
the C-lobe is predominantly composed of a-helices, labeled from D to I. The
activation loop (AL), situated between the N and C lobes, collaborates with
the hinge region, N-lobe’s interior, and the AL to delineate the ATP binding
pocket.

The PKD exhibits dynamic behavior, transitioning between various states
during the enzymatic cycle, a process modulated by external stimuli such as
AL phosphorylation, dimerization, and substrate binding [35-37]. This in-
tricate process encompasses numerous semi-stable transition states that are
interconnected, facilitating the complex regulation and signaling pathways in
which kinases are involved [38, 39].

The active conformation of the PKD is a highly orchestrated state, necessi-
tating the precise alignment of specific residues to facilitate effective catalysis
[40]. This alignment is often elucidated through the formation of two inte-
gral structural elements: the catalytic (C) spine and the regulatory (R) spine,
which are essential for optimal substrate positioning and catalytic activity [41,
42]:
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Figure 2.3: Protein kinase domains of CDK6 human protein (UniProt: Q00534;
PDB codes: 1G3N:E, 1JOW:B, and 1BLX:A). (a) An inactive CDK6 structure
(1BLX:A) with annotated structural regions. (b) The same CDK6 structure con-
trasted against an active structure (1LJOW:B). (¢) The same CDK6 structure con-
trasted against an inactive CDK6 structure (1G3N:E) adopting the DFG-out con-
formation. (d) Comparison of key conserved structural elements using structures
depicted in (b).

o The Catalytic Spine (C-spine) is formed by the assembly of residues
from both the N and C lobes, creating a hydrophobic spine that stabilizes
the adenine ring of ATP. The key residues involved in the formation of
the C-spine include those from the HRD motif (HRD-Arg), the HD-helix,
the 83 strand, and the HF-helix.

+ The Regulatory Spine (R-spine) is a dynamic structure comprising
residues that undergo conformational changes during activation, aligning
to form a continuous spine that stabilizes the active conformation. The
R-spine includes residues from the DFG motif, the HRD motif (HRD-
His), the aC-helix, and the $4-/35 loop.

AL plays a critical role in the regulation of kinase activity [43]. Positioned

between the DFG and APE motifs, the AL is a dynamic and versatile segment
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that undergoes substantial conformational changes, facilitating the transition
between active and inactive states of the kinase [44, 45]. Phosphorylation
of specific residues within the AL is a common regulatory mechanism, often
serving as a switch that modulates kinase activity [46, 47].

In addition to its role in kinase regulation, the AL is also implicated in sub-
strate recognition [48]. This region is characterized by its flexibility, adopting
distinct conformations in different kinases and even exhibiting varied struc-
tures in the active and inactive states of the same kinase (Fig. 2.3). This
dynamic nature is reflected in X-ray crystallography studies, where the AL
often appears disordered, indicating its inherent flexibility and diverse range
of motion.

The DFG-motif, demarcating the start of the activation loop, plays a cru-
cial role in the activation dynamics [49, 50]. In the active state, the DFG-Asp
points towards the active site, facilitating the binding of ATP and the transfer
of the phosphate group. This orientation, termed the DFG-in conformation,
is critical for proper substrate positioning. Some PKs can access an alterna-
tive, DFG-out conformation, where DFG-Asp and DFG-Phe swap places (Fig.
2.3c-d).

The dynamic nature of the DFG motif, and its ability to adopt different
conformations, is central to the regulatory complexity of protein kinases, mak-
ing it a focal point for understanding kinase activation and a potential target
for therapeutic interventions. We’'ll discuss the DFG motif in great detail in
the subsequent chapters.

The aC-helix, another pivotal structural element in shaping the conforma-
tional landscape of PKs, is frequently found to be disordered in X-ray struc-
tures [51]. In the active state, PKs adopt the aC-in conformation, where a
conserved Glu residue on the aC-helix forms a salt bridge with a Lys residue
on the 3 strand, a critical interaction depicted in Fig. 2.3d. This salt bridge,
a hallmark of kinase activation, facilitates the proper alignment of the cat-
alytic and regulatory spines, thereby fostering a competent active site ready
for substrate binding and phosphorylation. In contrast, the inactive state sees
PKs adopting the aC-out conformation, during which the disruption of this
salt bridge triggers a rearrangement in the kinase domain, hindering ATP and
substrate binding and consequently inhibiting kinase activity [52].

The “gatekeeper” residue, situated just before the hinge region, serves a
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critical role in modulating the accessibility of the ATP binding pocket in PKs
[49, 53]. This residue essentially acts as a molecular gate, controlling the entry
and exit of molecules at the ATP binding site. In many kinases, the size and
nature of the gatekeeper residue can significantly influence the affinity and
selectivity for ATP and small molecule inhibitors. Moreover, mutations at the
gatekeeper position have been linked to altered kinase activity and are often

implicated in drug resistance (elaborated below)[54, 55].

2.2.2 PKD Substrate Specificity

Another group of functionally important residues, besides those implicated
in catalysis, are the ones determining substrate specificity, also known as
specificity-determining residues (SDRs). Given the high structural similar-
ity in the active state of PKD, it is logical to anticipate the emergence of
sequence patterns that allow PKs to discriminate between substrates. This
problem can be approached from two angles: (1) at the level of the phos-
phate acceptor residue, and (2) at the level of other substrate residues forming
specific contacts with PKD. Both aspects have been studied extensively for
Ser/Thr/Tyr kinases.

The ability to discriminate between different phosphoacceptor residues can
be attributed to variations in their physical properties. The distinction is
particularly pronounced between Ser/Thr and Tyr kinases; Tyr is a large aro-
matic residue, whereas Ser and Thr are smaller and differ by a single methyl
group. The residues facilitating the discrimination between Ser/Thr and Tyr
kinases can be identified from multiple sequence alignments (MSAs) by quan-
tifying the conservation differences between the Ser/Thr and Tyr subsets [56].
For instance, residues following the HRD motif are small and non-polar in
TKs (primarily Ala), accommodating Tyr. In turn, a Pro residue preceding
the APE motif forms hydrophobic interactions with the phosphoacceptor Tyr,
whereas Ser/Thr kinases contain Thr [57].

Furthermore, despite the declared specificity towards both Ser and Thr
residues, PKs often exhibit different propensities towards these residues. As
demonstrated by Chen et al., a single residue following the DFG motif (DFG+1)
influences this propensity. Specifically, Phe at this position can accommodate

Ser, but the additional methyl group of Thr makes this sterically challenging.
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Conversely, DFG+1-Val favors Thr as a phosphoacceptor, and mutations be-
tween Phe and Val can effectively manipulate substrate specificity in PKs like
STK20 [58].

However, these mechanisms are not universal. Some kinases, such as
MEK1, MEK2, and DYRK (along with its prokaryotic relative [59]), are ca-
pable of phosphorylating both Ser/Thr and Tyr, thus being known as dual-
specificity kinases [60]. For instance, DYRK (Down Syndrome Kinase) can
phosphorylate its own Tyr in the activation loop', but can only phosphory-
late Ser and Thr on the substrate protein [61, 62]. The structural mechanism
underlying dual specificity remains to be elucidated.

From an evolutionary standpoint, Tyr specificity likely evolved from Ser/Thr
specificity, possibly independently in eukaryotes and prokaryotes [63]. In eu-
karyotes, Tyr kinases probably emerged in a unicellular ancestor, while a sig-
nificant expansion in RTKs is observed exclusively in multicellular organisms,
attributed to the pivotal role these proteins play in intercellular communica-
tion [64].

The issue of PKs discriminating between different substrates proves to be
considerably complex. While substrate patterns correlated with specific PKs
can be elucidated due to the abundant phosphoproteomic data available, iden-
tifying substrate-specific residues in PK remains a formidable challenge. These
SDRs seem to be dispersed throughout the PKD, forming a sparse network,
and generally correlate with phylogenetic proximity [65-67]. Considering the
diverse range of substrates, it is plausible that SDRs have evolved in tandem

with them, adapting to facilitate specific interactions and functions.

2.3 PK inhibition strategies

As delineated above, many protein kinases, when misregulated, can give rise
to severe diseases. For instance, gain-of-function mutations in RTKs lead to
enhanced signaling and subsequent overexpression of the receptors, further
amplifying the transmitted signal. Consequently, the cellular kinase domain
becomes constitutively active, causing the signaling pathways they orchestrate,
such as those controlling cell proliferation, to function at an elevated rate [8].

In a similar vein, the ABL1 kinase, a pivotal player in cellular signaling,

LA process known as autophosphorylation, a common mechanism of PK activation.
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governs various cellular processes including cell differentiation, division, and
adhesion [68]. Under normal circumstances, the activity of ABL1 is tightly
regulated. However, chromosomal aberrations can lead to the formation of a
BCR-ABL fusion protein, a constitutively active tyrosine kinase that drives
uncontrolled cell proliferation, a hallmark of chronic myeloid leukemia (CML)
[69, 70]. This aberrant kinase activity of ABL1 necessitated the development

of targeted inhibitors to curb its activity.

2.3.1 PK Inhibitor Types

The discovery of Imatinib, a selective inhibitor of ABL1, marked a significant
milestone in targeted cancer therapy [71, 72]. This drug binds to the kinase
domain of ABLI, stabilizing it in an inactive conformation and thus halting
its oncogenic signaling [73]. Since then, Imatinib was found to efficiently in-
hibit other kinases like ¢-KIT, DDR1, and CSF1R [68, 74]. More importantly,
this discovery paved the way for the exploration of various inhibitor inhbi-
tion strategies [75, 76] and systematization of the discovered inhibitors into
different types [77].

The efficacy of Imatinib stems from its ability to target the DFG-out confor-
mation, a state not readily accessible by other kinases, thereby conferring high
selectivity [78]. For instance, Imatinib exhibits diminished potency against
the closely related Src protein kinase, which less readily adopts the DFG-out
conformation [79-81]. Small molecules like Imatinib, which demonstrate se-
lectivity towards the DFG-out conformation, have been classified as “Type-2”
inhibitors. These inhibitors exploit a specific binding pocket that becomes
available exclusively in the DFG-out state, as illustrated in Fig. 2.4b [82].

Contrastingly, drugs such as Dasatinib, which exhibits a higher affinity
for Src compared to ABL1 and is employed in cases where ABL1 develops
mutations conferring resistance to Imatinib [83]%, operate through a distinct
mechanism. Termed as “Type-1” inhibitors, these compounds competitively
obstruct ATP from accessing the binding pocket, thereby binding exclusively in
the DFG-in conformation [42]. Given that this conformational state is akin to
the active state conserved across PKs and is distinct from the DFG-out state,

Type-1 inhibitors generally exhibit reduced selectivity, potentially leading to

2 Although it may induce paradoxical activation of Src; refer to [84].



2.3 PK inhibition strategies 62

(d) (e) (f)

Figure 2.4: Examples of ligand binding pockets. (a) A Type-1 pocket, where
ligands occupy the ATP binding site; some Type-1 ligands can extend deep into
the pocket in the aC-out conforamtion. (b) Type-2 pocket, where the DFG-out
conformation opens up a region between the AL and the aC-helix. (c) Type-1/2
pocket, where a combination DFG-in—aC-out allows small molecules to occupy a
region between (3, 84, aC, and the AL N-proximal end. (d) A unique allosteric
pocket opens up below the hinge, observed primarily in CSK kinases. (e) A distant
allosteric pocket occupied primarily by small lipid molecules in; likely unique to
MAPK14 proteins. (f) An allosteric pocket mostly observed in Aurora kinase A
structures that can accomodate a ligand between aC and 54— 85 due to an additional
aB helix.

adverse side effects [85].
Type-1/2 inhibitors, on the other hand, target a unique subpocket that
emerges in the DFG-in—aC-out state. In this state, the disruption of the
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aC-Glu—p5-Lys salt bridge creates sufficient space to accommodate a small
molecule, as depicted in Fig. 2.4c [53]. This pocket can be targeted by rela-
tively large inhibitors extending towards the hinge region or by drugs that can
synergize with small Type-1 ligands.

While Types 1, 2, and 1/2 encompass the majority of ligands that target
the ATP binding pocket in various conformational states, there exist other
categories of inhibitors that bind to minor, allosteric pockets, predominantly
specific to groups of closely related kinases. Fig. 2.4d-e illustrate examples of
such allosteric pockets. These inhibitors are typically grouped into categories
such as Type-3, Type-4, and beyond, offering alternative avenues for kinase
inhibition [77].

Inhibitor types and PK conformational variants were documented in nu-
merous efforts. Databases such as KLIFS [86, 87], KinCore [88], and Ki-
naMetrix [89] aggregate this information, facilitating the efforts of exploring

the structural kinome and developing novel inhibtion strategies.

2.3.2 Resistance to PK Inhibitors

In the face of inherent predispositions or the high adaptability of diseases
such as cancer, certain individuals may exhibit resistance to treatment with
PK inhibitors. Primary resistance manifests in patients who do not respond
to initial treatment, while secondary resistance develops over time, occurring
after an initially successful treatment phase [90]. For instance, up to 25%
of CML patients exhibit primary resistance to Imatinib, and 7-15% develop
secondary resistance as the treatment progresses [91].

Given the complexity of the signaling pathways orchestrated by PKs and
the substantial selective pressure to maintain these processes, resistance can
emerge through various mechanisms. These mechanisms might involve alter-
ations in the targeted protein or shifts in other components of the signaling
networks and gene regulation [92, 93]. In the context of the target protein,
resistance is typically acquired through specific mutations that render the bind-
ing of the initial inhibitor unfavorable.

For example, mutations dispersed across the P-loop, activation loop, hinge,
and the C-lobe can confer resistance to Imatinib treatment in ABL1 [94]. A

notable instance is the T315I gatekeeper mutation found in ABL1, as well
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as in ¢-KIT, PDGFRA, and EGFR. This mutation engenders resistance to a
spectrum of inhibitors, including Imatinib and Dasatinib [95]. The underlying
mechanism of this resistance is attributed to the disruption of a vital hydrogen
bond that the gatekeeper residue forms with Imatinib and analogous molecules,
a bond that is absent in mutants such as T315I [96]. Nevertheless, this re-
sistance can potentially be circumvented with alternative inhibitors, such as
VX-680 [97]. This scenario underscores the necessity of adopting multifaceted
inhibition strategies, which hinge on a profound understanding of the binding

mechanisms of these drugs and the conformational plasticity inherent to PKs.

2.4 Concluding Remarks

Protein kinases, with their structural complexity and diversity, govern piv-
otal cellular processes. Their functional versatility is deeply rooted in their
conformational plasticity. Despite over four decades of rigorous research, the
full extent of their phylogenetic diversity and functional mechanisms remains
elusive. The information available on PKs is abundant, and this review merely
scratches the surface of this vast field. Nonetheless, it serves to acquaint read-
ers with this vital segment of our proteome, emphasizing the pressing need to

further refine our comprehension of the dynamic PK conformational landscape.
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Chapter 3

Classifying protein kinase
conformations with machine

learning

Abstract

Protein kinases are key actors of signaling networks and important drug tar-
gets. They cycle between active and inactive conformations, distinguished by
a few elements within the catalytic domain. One is the activation loop, whose
conserved DFG motif can occupy DFG-in, DFG-out, and some rarer confor-
mations. Annotation and classification of the structural kinome is important,
as different conformations can be targeted by different inhibitors and activa-
tors. Valuable resources exist; however, large-scale applications will benefit
from increased automation and interpretability of structural annotation. In-
terpretable machine learning models are described for this purpose, based on
ensembles of decision trees. To train them, a set of catalytic domain sequences
and structures was collected, somewhat larger and more diverse than existing
resources. The structures were clustered based on the DFG conformation and
manually annotated. They were then used as training input. Two main models
were constructed, which distinguished active/inactive and in/out/other DFG
conformations. They considered initially thousands of structural variables,
spanning the whole catalytic domain, then identified (“learned”) a small sub-

set that sufficed for accurate classification. The first model correctly labeled
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all but 3 of 3284 structures as active or inactive, while the second assigned the
correct DFG label to all but 17 of 8826 structures. The most potent classify-
ing variables were all related to well-known structural elements in or near the
activation loop and their ranking gives insights into the conformational prefer-
ences. The models were used to automatically annotate 3850 kinase structures
predicted recently with the Alphafold2 tool, showing that Alphafold2 repro-
duced the active/inactive but not the DFG-in proportions seen in the Protein
Data Bank. We expect the models will be useful for understanding and engi-

neering kinases.

3.1 Introduction

Protein kinases (PK) are one of the largest and oldest groups of enzymes [1,
2]. They catalyze the transfer of a phosphate from ATP onto specific side
chains of target proteins, modulating the targets’ activity. As key elements
of signaling networks, they are highly regulated, and their dysfunction can
lead to various diseases, including cancers [3, 4]. Thus, considerable efforts are
made to develop molecules that inhibit them.

Like other ATPases, kinases cycle between an active and an inactive con-
formation, depending on their own phosphorylation state [1, 5-8]. Kinase
active conformations are all similar, despite substantial sequence diversity [5,
9]. The inactive conformation has fewer functional constraints and is more
variable. The active and inactive conformations differ in a few key elements.
One is the so-called activation loop, or A-loop, which includes a conserved DFG
motif. Another is the C helix (Fig. 3.1a). In the active state, the DFG motif
adopts an inward-facing, “DFG-in” conformation, where its Asp side chain can
coordinate an active site Mg*" and help orient the ATP substrate (Fig. 3.1c-
d). In the inactive state of many PKs, the DFG motif is flipped, with its Asp
and Phe residues rotated by 180°, a conformation known as “DFG-out”. The
bulky Phe then occupies the ATP binding pocket, precluding ATP binding
[10, 11]. In other PKs, like Src, the inactive state has a DFG-in conformation,
as detailed below. One strategy to achieve inhibitor specificity has been to
target the inactive conformation [7, 12]; for example, inhibitors that lock PKs
in the DFG-out state have proven effective against chronic myeloid leukemia
[13-15].
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Figure 3.1: The protein kinase catalytic domain. (a) Main structural regions,
shown on Src (PDB code 1Y16) and ADP-bound Aurora-A (PDB code 10L7), both
in the active conformation. N-lobe and C-lobe are labeled, with the ATP-binding
pocket and activation loop (subdivided into ALN and ALC) sandwiched in between.
(b) Three Mitogen-Activated Kinase-14 structures with different DFG conforma-
tions: DFG-in (blue, PDB code 1A9U:A), DFG-out (yellow, 1IKV1:A), and DFG-
other (red, 3BV2:A). (c¢) Close-up of the DFG region. (d) A view of the DFG
residues from the top (N-lobe side). The green line represents an activation loop
backbone loosely dividing the binding pocket into subregions ”inside” and "outside”.
With DFG-in, DFG-Asp is inside and and DFG-Phe outside; converselywith DFG-
out. In the DFG-other conformation shown, both residues are pushed outside of the
binding pocket towards the C helix.

The conformational landscape of PKs has been studied extensively by X-ray
crystallography [16-20], and also by simulations [21-25]. There are over 6000
structures in the PDB, and several databases provide classifications of kinase
structures according to their active or inactive state, and the nature of their
inactive conformation. The KLIFS database, at the time of writing, included
6295 structures, classified by a decision tree algorithm trained on manually
curated data [26-28]. Dunbrack and coworkers maintain a similar database,
annotated based on clustering of distances and dihedral angles [29, 30]. These
resources are highly valuable for drug design, as structural classification can
facilitate comparisons between kinases and inferences about which ligands are
likely to be useful leads. On the other hand, manual or partly-manual anno-

tation by human experts can be difficult to generalize to large-scale studies,
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as more and more structures become available.

In this context, the accuracy of automatically labeling the structural ki-
nome is paramount. Here, we describe machine learning tools for this purpose.
Machine learning (ML) is increasingly proposed as a tool for large-scale clas-
sification and prediction in structural biology [31]. Prominent applications
include predictions of protein structure [32-34], function [35] and interaction
[36, 37], protein design [38-40] and drug discovery [41, 42].

As a prerequisite to develop and apply ML classification tools, we created
our own kinase structural collection, somewhat larger and more diverse than
previous ones. The collection groups kinase catalytic domains present in PDB
structures. Its construction was made reproducible and extensible, thanks to
open-source software for extracting structural variables, or “features”. The col-
lection contains pairs of UniProt and PDB entries, with sequences mapped to
a single kinase Hidden Markov Model (HMM) [43] from Pfam [44], which can
be thought of as a sequence profile or alignment and serves as a reference. A
comprehensive set of sequence and structure descriptors and metadata accom-
pany each pair. The structural domains were then superimposed and clustered,
based on the DFG motif’s coordinates, which facilitated the exploration and
annotation of the entire dataset in all its diversity. The annotations included
active/inactive labels, and in/out/other labels for the DFG motif. These were
compared to existing kinase classifications, revealing good agreement but also
a few discrepancies, which are discussed.

With annotated structures in place, several ML models were constructed,
designed to discriminate either between active/inactive structures, or between
the main classes of DFG structures: DFG-in, DFG-out, and “intermediate”
or “DFG-other”. The models were based on decision tree ensembles trained
by gradient boosting [45, 46]. During the learning process, the models came
to rank input variables, which we could exploit post-hoc using an iterative,
unsupervised selection protocol known as the “Boruta algorithm” [47]. The
variables were structural features such as dihedral torsion angles and residue—
residue distances. As a result, our models were interpretable and revealed
intuitive structural hallmarks associated with PK conformations, similar to
those employed in manual, expert annotations. The ML models were carefully
trained to avoid overfitting and achieved excellent accuracy, with just 3 errors

for active/inactive classification (among 3284 cases) and 17 errors for inactive
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DFG classifications (among 8826 cases). Inactive errors arose from structures
near the edge of the DFG-in conformational ensemble.

To illustrate the usefulness of the annotated dataset and the trained models,
we chose a current problem: annotating a large collection of kinase structures
predicted recently by the Alphafold2 tool [33]. This tool was shown to provide
high-quality protein models and is being widely used in structural biology.
However, when it predicts a kinase structure, Alphafold2 provides coordinates
but does not indicate or “label” the conformational state. To help interpret its
predictions, our ML models were used to annotate 3850 structures predicted
by AlphaFold2, corresponding to curated UniProt sequences (from Swiss-Prot
[48]). The structures were obtained from a database of predicted structures
made available by the Alphafold developers [49]. All had been judged [49] to
have a high overall accuracy, although the accuracies of the active site con-
formations are intrinsically harder to evaluate and not precisely known. Our
ML models categorized the predicted structures into 2749/1101 active/inac-
tive structures, and 3761 DFG-in, 74 DFG-out, and 15 DFG-other structures.
These proportions are close to the active/inactive but not the DFG-in propor-
tions seen in the PDB.

Beyond this illustrative problem, we expect our database and ML models
will be of use for other kinase applications, including lead selection in drug
design. In addition, the methodology and software can be applied to other
problems in structural biology, such as feature extraction and selection from
other domains and sequence patterns, increasing the ease, transparency, and

reproducibility of structural biology data mining.

3.2 Results

3.2.1 An extensive data collection of kinase catalytic do-

mains

Kinase sequences were obtained from the the SIFTS database (Structure Inte-
gration with Function, Taxonomy, and Sequence) [50], which contained 60567
sequences in all. Among these, we found 664 PK sequences. They were rep-
resented in the PDB by 8016 chains, 7547 of which were X-ray structures.
6300 of these passed our filtering for size and coverage (70% of the catalytic
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domain contained in the structure). Counting the sequences with at least one
PK domain resulted in 431 unique sequences.

Supplementary Figure 3.9 depicts statistics of this collection. Sequences
were mapped to a kinase Hidden Markov Model (HMM) [43] from Pfam [44]
(see Methods), which can be thought of as a sequence profile or alignment and
serves as a reference. Coverage of the HMM positions was high and almost
uniform, and similar for the “structural” sequences (those in the PDB) and the
“canonical” sequences (those from Uniprot). Conversely, sequence coverage by
HMM positions was high, as were the similarity scores for domain matching
(Supp. Fig. 3.9b,c). Domain sizes peaked at 250, rarely descending below
200. Finally, structural sequences matched canonical sequences closely (Supp.
Fig. 3.9f): PDB structures contained few mutations. Together, these results
indicate successful domain capture and high-quality sequence data.

We compared our data to four existing resources: (1) ABC [51], (2) Ki-
naMetrix [52], (3) KLIFS [28] and (4) KinCore [29] (Table 3.1). KLIFS used
human and mouse proteins, KinCore used proteins from ten model organisms,
and ABC and KinaMetrix were not limited to particular organisms. Our data
collection was somewhat larger and more diverse, with for example 88 more
unique sequences than the most recent KinCore (see also Supplementary Fig.
3.10 with categorized sequence counts). Labels in the different datasets (ac-

tive/inactive and so on) are described and compared further on.

Table 3.1: Kinase resource comparison

Resource Chains Structures Sequences Families Organisms
ABC 4223 2921 274 9 15
KinaMetrix 3569 3555 321 9 28
KLIFS 8402 5836 330 13 3
KinCore 9136 6040 343 9 10
This work 9459 6300 431 9 53

3.2.2 Annotating the substrate binding pocket

Our kinase dataset included 8273 PDB chains that had a bound ligand and
1186 with no ligand. We reviewed the most frequently mapped ligands, distin-
guishing (1) ATP-like and (2) non-ATP-like ligands (Fig.3.2¢). Among the first
were ATP, ADP, AMP, ACP (AMP-PCP, or phosphomethyl phosphonic acid
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adenylate ester), ANP (AMP-PNP, or gamma-imino-ATP), and AGS (ATP-
S,). The second group contained many inhibitors, such as imatinib (STI) and

staurosporine (STU).
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Figure 3.2: Ligand contacts. (a) The number of chains corresponding to an HMM
position, grouped by the type of ligand contacted. ”Unk no data” refers to entries
outside KinCore, while "Unk” refers to a few non-annotated cases. We omitted
structure-ligand pairs present in KinCore but absent in our data. (b) The number
of chains per HMM position contacting ATP-like ligands. Positions with >250 counts
(in bold) are part of the ATP binding pocket. (c¢) ABLI structure (PDB 2HIW:A)
bound to a Type-2 inhibitor in the DFG-out conformation. The color scale shows
the number of counts. Counts were scaled to the 0-1 range to compare the two
structures. (d) ABLI structure (PDB 2G2I:A), bound to ADP, in the DFG-in
conformation. The circles with denoted HMM positions zoom into the binding
pocket. The structure in the lower circle is rotated by about 180°. The color scale
depicts the frequency of contacts with ATP-like ligands. (e) The most frequently
contacted ligands, with ATP-like ligands in bold.
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Protein positions frequently contacting the ATP-like ligands were reviewed
(Fig. 3.2b). This resulted in a binding pocket defined by 25 HMM positions
(Table 3.2). Fig. 3.2d shows the ligand contact frequency of individual residues
in the ADP-bound ABL1 structure. The overall, position-wise, ligand-binding
frequency is shown in Fig. 3.2c, and seen to be similar. By mapping ligand
types reported by KinCore, we verified that these same positions also con-
tact a large group of Type-1 inhibitors that compete with ATP (3.2a), and
often formed contacts with other inhibitor groups. On the other hand, HMM
positions 51, 55, 60, 114, 119, and 121 (HMM numbering) mostly contacted
DFG-out-specific Type-2 inhibitors. Src numbering is also provided in Table
3.2.

Table 3.2: Positions that contact ATP-like ligands.

HMM positions Src positions Structural region
78 276 277 B1
910 278 279 B1-B2
14 15 283 284 B2

28 30 296 298 B3

48 313 aC

61 326 aC-B4
77 78 79 80 81 341 342 343 344 345 Hinge
83 84 87 347 348 351 HD
123 125 127 128 130 389 391 393 394 396 CL
140 141 406 407 ALN

For the 25 pocket positions, we computed the 300 mutual Cg—Cps distances,
distances to DFG-Phe (Cg and C; atoms; 50 distances) and DFG-Asp (C,
atom), as well as distances between the atom pairs (DFG-Phe C., DFG-Asp
C,) and (83 Lys N¢, aC-helix Glu Cy), for a total of 377 distance variables

for future use.

3.2.3 Clustering and manually curating the DFG con-

formations

In view of classification, the kinase structures were clustered, using a distance
metric based on the DFG-Asp and DFG-Phe positions. Structures were first
superimposed, based on the C, positions of the 30 most covered HMM posi-
tions: 100-115 (Hg), 125-132 (CL), 137-140 (CL-ALN), and 181-182 (Hp).
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We filtered to 8927 PDB chains (94.5% of our dataset) where all these positions
were present. Other structures were discarded. We then computed a pairwise
distance defined by the rms deviation between the two structures, averaged
over the DFG-Phe and DFG-Asp residues. Fig. 3.3b shows the distribution of
rms deviations, both for the 30 C,, atoms and for the DFG-Asp/DFG-Phe pair.
The C, deviations were mostly small, below 2 A, while the DFG deviations
extended up to 25 A. Agglomerative clustering with a 2.0 A threshold yielded
161 clusters (Fig. 3.3a). Cluster sizes were far from uniform, with just a few
dominant clusters. Clusters 41, 46, and 86 contained 84% of the PDB chains.
There were 52 singleton clusters and 108 clusters with 5 elements or fewer.
Clusters were then assigned to a DFG class. The intuition behind the
assignment is illustrated in Fig. 3.4 and Fig. 3.8; details are in Methods.
We performed visual inspection, aligning up to 20 randomly-chosen cluster
members to a “central”, reference structure. Clusters were almost always
characterized by a close similarity between entire activation loops. Thus, the
DFG-Asp/DFG-Phe clustering metric was a good proxy for the overall loop
conformation. None of the clusters contained more than one DFG conforma-
tion, except for a few cases with substitutions (e.g., chains 6DCO0:A,B from
the cluster 22, which were pseudokinases) and missing atoms in the DFG mo-
tif, due to disorder (e.g., chain 6RUU:C from cluster 86 was mislabeled by
us as DFG-out). We then assigned cluster labels, corresponding to DFG-in,
DFG-out, and DFG-other, in a semi-supervised manner, and transferred the
consensus label to the entire cluster. There were 46 DFG-in clusters (7931
chains in all), 33 DFG-other clusters (108 chains), and 33 DFG-out clusters
(857 chains). Most DFG-in chains were in clusters 5-49; the largest DFG-in
clusters were 41 and 46. Most DFG-out clusters were in the ranges 58-86,
88-104, and 134-145; the largest DFG-out cluster was 86. Most DFG-other
chains were in clusters 106-128. Some were scattered across smaller clusters,
including some (66-68, 97-98) that were in the mostly DFG-out ranges above,

and thus were structurally rather similar to DFG-out.
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Figure 3.3: Clustering of PK domains. (a) Dendrogram representation, with leaves
annotated, radially, by ID, size, DFG label (colored dot), number of inactive and
active structures (the last two swap places in the [90,270]° range). DFG-in, DFG-
other, DFG-out conformations are denoted by blue, ivory, and red dots. Several
clusters have no DFG label due to missing atoms. Clusters with 20 or more domains
are highlighted in light green (12 in total). (b) The joint rmsd histogram with 50
bins per variable. Cy, rmsd peaks around 1 A, while the DFG rmsd has a large peak
in the [0, 3] A range and a smaller one around 8 A.
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Figure 3.4: The intuition behind the DFG motif annotation. (a) A plane (in red)
divides the space between the N-lobe and the C-lobe into “inside” and “outside”
regions. The structures are the same as in Fig. 3.1b. (b) A view from above the
plane going through the DFG motif’s backbone. Except for Aurora, the plane puts
the aC-helix “outside”. Ligands are shown, using the same colors as the proteins.
(¢) A close-up of the DFG residues and ligands with the dividing plane, showing
that ligands binding to DFG-out and DFG-other structures can extend “outside”,
while the DFG-in ligand (light blue) is “inside”.
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3.2.4 Relating clusters to existing resources

Our collection of labeled structures is in Supplementary Material. We com-
pared structure labels to the existing resources ABC [51], KLIFS [28], Kin-
Core [29, 30], and KinaMetrix [52]. All four recognized DFG-in and DFG-out
categories. All but ABC recognized a third category: DFG-out-like (KLIFS),
DFG-inter (KinCore), and wep (KinaMetrix). These categories did not always
agree with our DFG-other label (as discussed below). Table 3.3 shows that
all resources covered most of our clusters. For instance, 145 clusters (105 of
109 non-singletons) contained KLIFS structures, while 135 (96 non-singletons)
contained KinCore structures.

There were three type of discrepancies within the clusters. (1) Internal: a
cluster contained chains with opposing labels from the same external resource;
for example, Kincore considers certain chains of cluster 148 to be DFG-in
(3BV2:A), DFG-out (3BV3:A), and DFG-other (4UMT:A). (2) External: two
or more external resources proposed different labels for the same kinase chain.
(3) Adverse: external resources disagreed with our own labels. Within the non-
singleton clusters (Table 3.3), there were 31, 16, 10, and 14 internal conflicts
for KLIFS, KinCore, ABC, and KinaMetrix, respectively, or 67 in all (62%
of non-singleton clusters). KLIFS, KinCore, and KinaMetrix had 74, 72, and
57 externally conflicting clusters, or 75 in all (69% of non-singleton clusters).
Finally, KLIFS, KinCore, and KinaMetrix disagreed with our labels in the
case of 72, 53, and 41 clusters, respectively (“adverse” labels). Supplementary

Table 3.6 lists all the conflicting clusters with examples of structures.

Table 3.3: Cluster coverage by external resources

Non Internally  Refe-
Resource  Present singleton conflicting rences

KLIFS 145 105 29 26-28]
KinCore 135 96 16 [30]
ABC 117 91 10 [52]
KinaMetrix 108 82 13 [51]

92 clusters contained structures from all sources, while the number of clus-
ters unique to KLIFS, KinCore, or KinaMetrix was 5, 2, and 4, respectively
(Supp. Fig. 3.11a). Most of the shared clusters (53 out of 92) contained exter-
nal conflicts (Supp. Fig. 3.11c), where a few of the external labels disagreed.
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Internal conflicts were less common (15, 4, and 4 unique to KLIFS, KinCore,
or KinaMetrix, respectively; 5 intersecting; Supp. Fig. 3.11b). As for clus-
ters with adverse external annotations, there were 25, 15, and 4 such clusters
unique to KLIFS, KinCore, or KinaMetrix, while 22 were common to all three
sources. Notice that “internal” inconsistencies imply adverse annotations: if a
resource had two labels in a cluster, at least one would conflict with our label.

Supp. Fig. 3.11c shows that 5 and 42 clusters had only internal or external
conflicts, respectively. Only 14 clusters had only adverse annotations (91—
93, 95, 100-104, 113, 128, 136, 140-141), which all concerned discrepancies
between DFG-out and DFG-other labels. Most internal and external discrep-
ancies were also of this type. On the other hand, all resources discriminated
well between the DFG-in and DFG-out structures: e.g., there were only 12
DFG-in/DFG-out conflicts between KLIFS and KinCore within our clusters.
We return to these findings in the Discussion.

KinCore used a clustering method that differed from ours, and was based on
dihedral angles of the DFG motif and its preceding residue. KinCore’s clusters
covered 22 DFG-in, 20 DFG-out, and none of our DFG-other clusters. Rather,
KinCore regarded all the 103 overlapping DFG-other entries as “Noise”.

3.2.5 ML models to label kinase conformations auto-

matically

Using the labelled dataset created above, we trained four binary classifiers:
(1) KinActive (Active vs. Inactive), (2) DFGin, (3) DFGout, and (4) DFGother.
Each model consisted in an ensemble of 100 trees, with maximum depths of
15,7, 4, and 16, respectively. An example tree is shown in Supplementary Fig.
3.12. All the models used the same feature pool of structural variables (set 3
in Table 3.5) and went through the same training pipeline.

To train the active/inactive KinActive model, we used the curated ac-
tive/inactive labels provided by McSkimming et al. [53], who used them to
train a Random Forest model called kinconform. Our model quickly learned
to discriminate between active and inactive conformations. The final model
relied on 78 features involving 70 positions. It reproduced and slightly sur-
passed previously reported performance (see below). The model made errors
for the chains 2NP8:A, 3NYX:A (false positive), and 6KZI:A (false negative),
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all coming from cluster 41 (Fig. 3.5d).

We trained the DFG models using the dataset and labels obtained above,
excluding cases with DFG-Asp substitutions and/or missing DFG-Phe. Each
model used the same number of data instances, labeled by 0 (negative class)
or 1 (positive class). The final, trained models relied on 65 (DFG-in), 108
(DFG-out), and 80 (DFG-other) features, involving 54, 73, and 44 unique se-
quence positions. Selected features for each model are listed in Supplementary
Material.

Each classifier outputted a probability for its DFG conformation. The
probabilities from the three DFG models then served as inputs to train a
logistic regression (LR) model DFGclassifier, which predicted the final DFG
label. Intuitively, LR learned to balance probability values so that their linear
combination predicted the final label correctly. Note that DFGclassifier
was cross-validated as a separate model, training and testing DFGin, DFGout,

DFGother, and LR on the same cross validation folds.

Table 3.4: Model performance

*

Model ‘ +/-5 FEV  Features FCV10™ PrecCVie™ Rec€Vio™ Errors
KinActive 1522/1762  0.9983 78 0.9992 0.9989  0.9994 3
DFGin 7874/952  0.9996 65 0.9996 0.9991 1.0000 7
DFGout 847/7979  0.9917 108 0.9953 0.9918  0.9988 8
DFGother 105/8721  0.8494 80 0.8976 0.9200  0.8762 21
DFGclassifier - - 3 0.9975 0.9975  0.9975 17

* Positive and negative examples.
** Using the selected features.

The final KinActive and DFGclassifier models achieved outstanding
performance (Table 3.4), with only 3 and 17 errors each during cross vali-
dation. DFGin reached the maximum possible recall rate, with no false neg-
atives. DFGout had a single FN and seven FP errors. DFGother was less
accurate, with 13 FN and 8 FP errors. Fig. 3.5b depicts the confusion ma-
trices, showing that 25 out of 36 errors involved entries with DFG-other la-
bels. DFGclassifier failed to resolve 16 of 31 misclassifications (when ac-
counting for common chains) and made a single new one. In turn, 16 of 17
DFGclassifier errors corresponded to DFG-other entries, mostly from under-
represented clusters (e.g., 51-54, 66-68, 152-154, 160). In most of these cases,
either there were two high-probability outputs (e.g., 3GGF:A,B, which consti-



3.2 Results 88

tute cluster 51, had comparable DFG-in and DFG-other probabilities) or all
probabilities were very small (e.g., 6TUA:A from cluster 67). We manually
reviewed the entries mislabeled by DFGclassifier to check whether the mis-
takes were legitimate. This resulted in us spotting two annotation mistakes
that the model rightfully corrected: 6TUA:A (DFG-in) and 5DE2:B (DFG-
out). These had been incorrectly clustered, due to a substituted DFG motif
and missing DFG-Phe atoms.
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Figure 3.5: Label comparisons. (a) A pairwise comparison of PK labels, involving
2 types: (1) active (True/False), (2) DFG (in/other/out). For (1), we show labels
predicted by KinActive and the kinconform model (ActiveKCF pred), and curated
labels (ActiveKCF) from [53]. For (2) we include DFG labels from other resources,
curated (DFG) and predicted (DFG,) by DFGclassifier. Note that predicted labels
were derived after refitting models on the full dataset. “-” indicates a missing label.
(b) Confusion matrices for the DFG models. X-axis depicts curated labels while
labels predicted during the CV by the DFGclassifier and its base classifiers are on
the Y-axis (c) DFGclassifier and KinActive labels predicted for the AlphaFold2
models. (d) A confusion matrix for the KinActive model comparing predicted (Y-
axis) and predicted (X-axis) labels.
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We inferred labels for all structures using the models trained on all avail-
able data. Fig. 3.5a compares predicted and curated labels, and labels from
other resources. The KinActive and DFGclassifier models retained one
(BNYX:A) and three errors (3GGF:A,B and 4EH3:A). Although KinActive
and kinconform predictions largely agreed, there were 91 differences, including
more active structures (60) predicted by the earlier kinconform tool.

Inactive chains were partitioned into 2835 DFG-in, 101 DFG-other, and 867
DFG-out. All active chains were predicted as DFG-in except one (5UQ1:C,
DFG-other, cluster 52). 99.6% of active PKs resided in DFG-in cluster 41,
which indicates stable structural features for the activation loop in the active
conformation. This cluster contained 5243 active and 733 inactive structures,
demonstrating that features other than the DFG motif discriminate between
active and inactive states. The feature selection results confirm this (see be-
low).

Comparing the active labels to the KinCore clusters (Supp. Fig. 3.13), we
observed that structures predicted to be active were split primarily between
KinCore’s BLAminus (4496) and ABAminus (527) clusters. On the other
hand, KinActive predicted 224 and 229 BLAminus and ABAminus structures

as inactive (see the Discussion below).

3.2.6 Interpreting the ML models

To interpret the obtained models, we ranked the features selected (“learned”)
by each model. Such post-selection ranking may attribute zero importance
to some features since the feature compositions during and after selection are
typically different. Therefore, after consulting the distributions of feature im-
portance, we narrowed our focus to the top 10 most important features per
model (Fig. 3.6a). Supplementary Table 3.7 gives a list of residues and features
that contributed strongly to the decision making.
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Figure 3.6: Top selected features. (a) Top-10 features ranked by importance for
each model. The X axis shows importance summed over the models. (b) Venn dia-
grams depicting overlaps between sets of selected features (above) and corresponding
residues (below). (c) Number of overlapping positions (above) and features (below),
versus the size N of the top-IV set considered. See Fig. 3.14 for a full PK domain
logo. (d) Sequence logo built from UniProt sequences from our database using po-
sitions depicted in (a), highlighted in bold, with their nearest neighbors.
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Among the top-10 sets, 17 out of 22 features selected by the DFG* models
were distance variables, 12 of which were between the binding pocket residues
and DFG-Asp/DFG-Phe. For instance, Dsocy142¢, (where 30 is the 33 Lys
and 142 is the DFG-Phe), D7gc; 14204, and Diarey 1420, Were crucial for both
the DFGin and DFGout models. The distances between hinge (77, 79, 80) and
DFG-Phe residues mainly contributed to the DFGout predictions. Curiously,
the Diyoc,,1410, distance had a high importance for DFGin and DFGout, but
not for the DFGother model, which relied more on DFG-Asp/DFG-Phe dis-
tances (Diic, 1420, Diaicsia2cs, and Digicgia2c,). The KinActive top-10
set contained a single distance variable, ranked 3rd: Diyscy 1420, where 48 is
the aC-helix Glu.

Two neighboring pseudo-dihedral angles, Pdi39_140 and Pdiq_144, Were
ranked 1st and 2nd for DFGin and KinActive. The Pdi4_ 142 angle was also
crucial to DFGout and DFGother, but to a lesser extent. Finally, the solvent-
accessible surface area at position 120 ranked higher than the HRD motif
variables, except for the Pdy41_144 distance, which exceeded all other features.
In summary, the most important features corresponded to well-known residues
and structural regions conserved across PK domains: 3 Lys, aC-helix Glu,
HRD and DFG motifs (Fig. 3.6b).

As Fig. 3.6a demonstrates, the top-10 sets from the four binary models
contained overlapping features. Six out of eight overlaps concerned the DFGin
and DFGout models. This effect persisted when considering other top-N sets
(Fig. 3.6d), with DFGin and DFGout models sharing most variables. In con-
trast, all other model combinations had 2-4 overlapping variables up to N=20.
However, when we considered the positions involved, the overlap increased lin-
early with N, from 10 up to 20 at N=50. Complete selected sets retained the
observed patterns, such as larger overlaps between the DFG* models compared
to the KinActive-DFG* pair (Fig. 3.6c). Indeed, KinActive had only 9, 11,
and 14 features common to the DFGin, DFGother, and DFGother models. In
contrast, DFG* models shared 60 (35%) and 41 (39%) features and positions.

Having analyzed feature compositions, we considered how their values in-
fluenced the model outputs. For this, we selected the following features from
the top-10 sets: (1) for KinActive, we picked SASA199, SAS A2, Dasciy 14205,
and Pd41_144, (2) for DFGin and DFGout we picked the same set of overlapping

features D300ﬁ11420C, D790ﬁ71420<, D14OC,3:14IC§7 and Pd139_142. We constructed a
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balanced background dataset for each model, randomly sampling 300 positive
and negative instances. We analyzed the connection between SHAP contri-
butions, feature values, and actual classes (Supplementary Fig. 3.15). We
also explored feature pairwise interactions within the SHAP space, picking the
top feature with the highest interaction magnitude per variable selected for
analysis (Supplementary Fig. 3.16).

We could establish practical decision boundaries by examining the distribu-
tion of feature values. For instance, non-zero values of SAS A5 and SAS A9,
and Dysc, 1420, > 8 A usually indicated inactive conformations (Supp. Fig.
3.16a and Supp. Fig. 3.15a). In turn, Dsoc, 1420, < 11 A, Disgc, a0, > 5
A and Dr9cy 1420, < 15 A make the DFG-out conformation highly probable
(Supp. Fig. 3.16b). Finally, D3oc;,,1420, > 11 A and Disocyia105 < 5 A are
clear DFG-in indicators (Supp. Fig. 3.16¢).

Association with the SHAP contributions further strengthened these intu-
itions. Thus, for KinActive, SASAi5 = 0 and SASA4 = 0 have relatively
high SHAP values, driving the predictions towards the active class (Supp. Fig.
3.15a). Decreasing D14ocy,14105 and increasing D;:,OCB,MQCC had opposite effects
on the SHAP contributions, contributing to the final DFG-in and DFG-out
labels (Supp. Fig. 3.15b,c). Similar arguments concern other analyzed fea-
tures, where, in most cases, there was a tangible clustering of classes within
the (feature, SHAP(feature)) space.

3.2.7 Classifying a large dataset of AlphaFold2 kinase

structures

As an application, we considered a large set of kinase structures predicted by
AlphaFold2 [33]. All but 5% of these structures were manually annotated with
DFG labels. The dataset is available from an online public repository (see
Section 3.4.13) [54]. To illustrate our ML models, we proceeded to relabel all
the kinase structures from the Swissprot portion of the AlphaFold2 database.
We applied the same filtering criteria for domain discovery as above. This
yielded 3960 initial sequences with domain hits, 3850 of which we managed to
download from the AlphaFold2 database. The data covered 21 protein families
from at least 282 organisms. The most abundant organism was A. thaliana,
with 571 Ser/Thr kinases (Supplementary Fig. 3.18). The other most abundant
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organisms were human, mouse, rat, C. elegans, and rice.

We extracted the kinase domains from each sequence and structure and
calculated structural variables defined above (set 3 in Table 3.5). We then pro-
ceeded to predict the DFG and active/inactive labels using our DFGclassifier
and KinActive models. There were 1101 and 2749 inactive/active predictions,
respectively (/40% inactive), while 3761, 15, and 74 chains were predicted to
be DFG-in, DFG-other, and DFG-out, respectively (roughly 250:1:5). In our
own database of experimental kinase structures from the PDB, the proportions
were 3934/5531 inactive/active (/42% inactive) and 77:1:8. Thus, Alphafold2
models had the right inactive proportion, but were heavily skewed towards
DFG-in, compared to the experimental structures. Alphafold2 label combi-
nations were internally consistent, with no DFG-other or DFG-out structures
predicted to be active (Fig. 3.5¢). Curiously, the balance between Ser/Thr and
Tyr PKs was reversed for the DFG-out-predicted entries, with 49 Tyr kinases,
many of which were orthologs (10 of OTK, all coming from various Drosophila

species), NTRK1 (4), NTRK2 (2), NTRK3 (6), DDR1 (4).

3.3 Discussion

This work provided an up-to-date assessment of kinase conformational space,
as defined by its activation loop and DFG motif. An extensive collection of
catalytic domain sequences and structures was built. Its creation was trans-
parent and open, facilitating future applications or extensions, such as fitting
ML models or analyzing the structural kinome. We clustered and classified
the structures in a supervised way, relying mainly on the geometry of the
DFG motif, which turned out to be a good proxy for the overall activation
loop geometry. We then proceeded to build several machine learning mod-
els to do the same classification automatically, using ensembles of decision
trees. The models started from a pool of several thousand structural vari-
ables (features), covering a large part of the catalytic domain. The models
were carefully trained, and the most important variables for classification were
identified (“learned”). They included variables involving the DFG and HRD

motifs, the f#3 Lys, and the ac Glu, which are kinase hallmarks.
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Figure 3.7: Examples of clusters and conformations in stereo. DFG-Asp/Phe
in red/yellow. (a) 4EL9:A, 5UWD:A from clusters 90, 91. (b) Representative
structures from DFG-out clusters 92-96: 3DK6:A, 3DKT7:A, 2WOB:A, 6YKY:A,
40BP:B. (c) Representative structures with a unique conformation where DFG-Phe
is pushed out and up: 2G2H: A, 2JIT:B, 3MN3:A, 4B9D:A, 4AMXX:B. (d) Structures
intermediate between DFG-out and -other: 2G2F:B, 5B2L:A, 6YG4:A. (e) Cluster
41 with structures labeled by KinCore as ABAminus, BLAminus, BLAplus, BLB-
minus, and BLBplus. DFG-Asp and DFG-Phe occupy similar subpockets but have
different dihedral angles: 3GU6:A, 3PXK:A, 3PXZ:A, 5FEE, 6TPE:A, TM5Z:B. (f)
DFG-out clusters 65, 81, and 86, labeled by KinCore as BBAminus, but with DFG-
Asp and DFG-Phe occupying different subpockets: 3G6G:A, 4R5Y:A, 5HGS8: A.
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The top variables could be analyzed and interpeted in some detail. Con-
sider first the solvent accessibility (SASA) of residues 120 and 142. Supp.
Fig. 3.16a and Fig. 3.17a show that zero accessibility is an active state signa-
ture. Position 120, before the HRD motif, is covered by the activation loop
(AL) in most active structures. Conversely, the AL is often disordered or
misplaced in inactive states. Active structures require the DFG-in orientation
so that DFG-Phe (142) is buried between the aC-helix and the (; strand.
In contrast, inactive structures often have the DFG-Phe displaced, making it
accessible to solvent. Furthermore, the sequence logo in Fig. 3.6d shows that
positions 120 and 142 are always nonpolar, and presumably stabilize the active
conformation via hydrophobic effects.

Another variable is the Dygc, 1420, distance, which was strongly associated
with the inactive state, since it captures the DFG-Phe displacement away from
the ac-helix (Supp. Fig. 3.15a and Fig. 3.17a). Combining it with Pdi41_ 144
yielded clear decision boundaries (Supp. Fig. 3.16a). The joint distributions
of SASA 5y with SASA14 and Pdy4s_145 further suggested that an interplay
between residues close to the HRD and DFG motifs determines active/inactive
states.

The DFG models relied mostly on distance variables and the DFG back-
bone orientation, captured by the 139-142 pseudo-dihedral angle. Among the
top-10 selected variables were the distances Dsoc;,1410, (DFGout), Dsoc; 1420, ;
Dr9cy 14205 and Digoos 14105 (DFGin and DFGout). These variables are also
readily interpretable. For instance, decreasing (increasing) the distance be-
tween DFG-Phe and the binding pocket residues, such as (3 Lys30 while in-
creasing (decreasing) the Di4ocy 14104 distance makes a domain more likely to
occupy the DFG-out (DFG-in) conformation (Supp. Fig. 3.15). Interestingly,
the top features often interacted with each other. Such interacting pairs had
the highest SHAP interaction values, and their joint distributions imposed
better decision boundaries than single-value distributions.

While KLIFS relies entirely on the DFG motif, the KinCore resource uses
two distances, D; = Dsac, 1420, and Dy = Dsoc, 1420, 1O classify DFG con-
formations via two threshold values [29]. This approach does not consider
explicitly the DFG-Asp orientation, causing it to mislabel some DFG-other
conformations. It is not applicable to cases where 33 Lys (position 570) or a¢

Glu+4 (115) are missing, nor to non-canonical DFG-Phe substitutions missing



97 3 Classifying protein kinase conformations with machine learning

the C¢ atom. Our work shows that accurate DFG motif labeling (in contrast to
active/inactive) does not require variables anchored to the a¢ helix. It can be
derived by combining the mutual DFG-Asp/DFG-Phe orientation with their
positioning relative to the binding pocket residues.

Most DFG label discrepancies involved the DFG-other conformation. This
category lacks a precise definition, instead serving as an out-group with flexible
boundaries. As a result, methods often conflict with each other and mislabel
DFG-other or mix it wih DFG-in or DFG-out for similar structures. Although
these discrepancies mainly concerned rare conformations, they may still cause
accuracy losses in large-scale applications that take the in/out/other labels as
established input. For example, consider the closely related clusters 90 and
91, represented by chains 4EL9:A and 5UWD:A (Fig. 3.7a). In line with the
paper accompanying 4EL9 [55], we labeled these structures as DFG-out. In
contrast, KinCore labeled 4EL9:A as DFG-out and 5UWD:A (where DFG-
Asp is outside) as DFG-other, while KLIFS labeled both structures DFG-
other. We found clusters 92-96 and 100-104 to also encompass DFG-out
entries mislabeled as DFG-other (Fig. 3.7b,c). Mislabeling the latter group
was especially puzzling, as it contradicts the existing literature, including a
pivotal paper on the Src-like inactive conformation of Abll [56-59].

Literature sources may lead to conflicting cluster information as well. To
illustrate, Levinson et al. labeled 2G2F:B (referred to as molecule E) as “in-
termediate” [58], while Pemovska et al. labeled 4WA9:A from the same cluster
120 as DFG-out [60]. Finally, for a group of chains from clusters 121-123
labeled as DFG-other in our work (Fig. 3.7d), KLIFS assigns DFG-other la-
bels, KinCore labels 121-123 as DFG-out, while the structures’ authors mostly
agree on the DFG-out state (bBDL [61], 5Z1E [62], 6QFR [62], 6YG4 [63]).
More generally, it is challenging to provide a unifying framework for the DFG
conformational landscape of all kinases, causing clashes between methods that
put all non-standard conformations into a single category.

In conclusion, our structural clusters may serve as reference points for newly
solved kinase structures. In the future, it could be beneficial to further adapt
these results to drug design efforts, by relating the obtained clusters to the
active site subpockets. Our annotations could be complemented or refined by
dihedral angle based clustering, as in the KinCore approach. We expect the

ML models will be useful for future, large-scale applications to the structural



3.4 Materials and Methods 98

kinome, similar to the present Alphafold application.

3.4 Materials and Methods

3.4.1 Building a collection of PK domains

To obtain PK catalytic domains, we queried the SIFTS database [50], which
collects PDB entries [64] along with their corresponding Uniprot sequences [65,
66]. We queried SIFTS with the PK profile PF00069 from the Pfam database
[44], using the PyHMMer software [67]. During this process, we retained map-
pings between each sequence and the numbering of nodes in the corresponding
Pfam HMM, for future reference. The HMM can be thought of as a sequence
profile or alignment. Correspondance between HMM position numbers and
residue numbers in human Src are given below. We retained hits that had (1)
a catalytic domain size above 150 residues, (2) a similarity bit score to the
query above 50, and (3) a coverage of both the sequence and the HMM nodes
above 70%. We then fetched PDB structures associated with these hits. We
mapped UniProt and PDB sequence numberings via pairwise sequence align-
ments performed with mafft [68]. These mappings allowed us to transfer the
HMM node mappings from UniProt to each PDB sequence, which identified
the domain boundaries within the extracted structures. We used the anno-
tated and transferred domain boundaries to extract domains from UniProt
sequences and PDB structures. Thus, each extracted domain comprised: (1) a
UniProt sequence, called the “canonical” sequence, (2) a PDB sequence (which
can be slightly different), (3) a PDB structure, and (4) associated metadata,
such as IDs and coverage information. We retained only domains with less

than 10% of the PDB sequence mutated relative to the canonical one.

3.4.2 Clustering catalytic domain structures

To facilitate the annotation of structures (as active, inactive, DFG-in, and so
on), the collected structures were grouped into into clusters, based on the DFG
motif conformation. The distance between two structures was defined by the
rms deviation between them, after superposition, calculated using atoms of
the DFG-Asp and DFG-Phe residues. Pairwise superposition of each domain

pair relied on the rms deviations between C, atoms of the 30 HMM profile’s



99 3 Classifying protein kinase conformations with machine learning

most frequently mapped residues. This procedure produced a matrix of dis-
tances between all domain pairs, which was clustered using the single linkage
agglomerative clustering provided by the scipy library. Manually inspect-
ing the results, we arrived at a distance threshold of 2.0 A to form the final
clusters.

The superposition protocol encountered certain special cases. In case a
single position was missing from one PDB structure (eg, due to disorder), we
relied on the 29 other positions for the superposition. In the case of a mismatch
between DFG-Asp or DFG-Phe atoms within a domain pair (eg, a few atoms
missing from a PDB model), our protocol used a common set of atoms, and

backbone atoms at the minimum.

3.4.3 Semi-supervised DFG conformation labeling

To classify, or label each cluster, we performed the following steps:

1. Randomly selected up to 20 structures from the cluster.

no

Identified the sample center: the structure with the lowest mean distance
to the other sample members.

Superposed sample structures onto the central one.

Visualized the superposed structures.

Verified that they all had the same DFG conformation.

Visually defined a plane dividing the ATP binding pocket into “in” and

o G W

“out” regions: in practice, the plane was defined roughly by the activa-
tion loop backbone (see Fig. 3.4).

7. Annotated DFG-Asp and DFG-Phe side chains as “in” or “out” based
on their positioning in either region.

8. Annotated the domain conformation based on the DFG-Asp and DFG-
Phe labels, following the rules given below.

9. Transferred the derived label to all the cluster members.

From the DFG-Asp, Phe labels (step 7), we derived the DFG label (step 8) as

follows:

e DFG-Asp “in” and DFG-Phe “out”: we assigned the DFG-in label.
o DFG-Asp “out” and DFG-Phe “in”, we assigned the DFG-out label.
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o We assigned the DFG-other label in cases where both DFG-Asp and
DFG-Phe were “in” or “out”, including the cases where the separating

plane would divide the Asp and Phe residues themselves.

To resolve difficult cases during steps 7-8: (1) we compared to “typical” DFG-
in and DFG-out conformations (those from clusters 41 and 86, respectively;
see Results); (2) we compared to already-annotated clusters nearby; (3) we
considered pocket residue positions (specified in the Results), and (4) we con-
sulted the literature if a structure had an accompanying paper specified in the
PDB. In total, our manual annotations went through five revisions during the

study.

3.4.4 Extracting sequence and structural variables

For each extracted domain sequence and structure, descriptor variables, or
“features” were computed. These were then used as input for the ML models
developed below. They included sequence variables, structural variables, and
ligand variables. They could be subdivided into four subsets: (1) canonical
sequence variables (see below; 792 in all); (2) PDB sequence variables (792
in all); (3) PDB structural variables, such as torsion angles and interatomic
distances (1692 variables), and (4) ligand variables, such as the shortest ligand-
residue distance (792 variables). Variables were anchored to the PK profile’s
HMM nodes, so that values from different kinases and structures could be
treated as different instances of the same variable. The computation took less
than an hour for all structures when using 20 cores for set (3) and a single core
for sets (1), (2), and (4).

Table 3.5 lists the calculated variables. For sequence variables (sets 1 and
2), we used a numerical representation of each AA type, provided by the
ProtFP resource [69, 70]. These representations were based on a large set of
physical-chemical properties taken from the AAindex database [71], reduced
through a principal component analysis by the authors. Although variable sets
(1) and (2) turned out to be redundant for our ML models, we provide them
for completeness and potential use in future applications. Set (3) comprised
dihedral and pseudo-dihedral angles [72], solvent-accessible surface areas of in-
dividual residues, and residue-residue distances. The “ligand” variables of set

(4) included the list of residues contacting the ligand, the number of contacts,
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and the minimum distance of each residue to the ligand. A 5.5 A distance

threshold was used to define residue-ligand contacts.

Table 3.5: Calculated variables

Set  Variable Positions Description

1-2  ProtFP 1-264 3 ProtFP PCA components per position

3 P 1-264 Psi dihedral angle

3 10) 2-264 Phi dihedral angle

3 X1 1-264 Chil dihedral angle

3 Pd(i) 1-262 Pseudo-dihedral angle, residues i, i+1,
i+2, i+3

3 SASA 1-264 Solvent-accessible surface area per posi-
tion

3 D(C3-Cg,¢) Pocket residues Residue-residue distance

4 Ligand 1-264 The name of the ligand contacted

4 Contacts 1-264 Residue-ligand atomic contact number

4 Distances 1-264 Minimum distance to the closest ligand

3.4.5 ML models for binary classification

Having labeled our structures and extracted sequence and structural variables,
we proceeded to develop several ML models, designed and trained to repro-
duce the classification above. All models (except one) were binary classifiers
that distinguished two classes. The first model distinguished active/inactive
structures. The others distinguished structures either within a particular DFG
class or not, namely “DFG-in” vs. “anything else”, “DFG-out” vs. “anything
else”, “DFG-other” vs. “anything else”. These binary models were based on
the XGBoost tool (eXtreme Gradient Boosting) [73].

XGBoost is a supervised machine-learning algorithm that gradually builds
up an ensemble of decision trees. Each tree is a collection of internal and ter-
minal (leaf) nodes. Internal nodes contain learned thresholds that guide each
input instance (a particular structure) down through the tree to a leaf node.
Each leaf node computes the probability p of a particular label (say, active),
and outputs the log-odds probability ratio, log(ﬁ). An overall probability is
obtained by summing up the outputs of individual trees and transforming the
result via the logistic function. For instance, if f(z) is the sum of the output
ratios, P(class = 1) = 1/(1 + e~/®) is the probability of the positive class.
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During training, starting from the current prediction, XGBoost adds one tree
at a time to gradually drive the prediction closer to the actual value, which is
known. Each tree is produced, or “grown” by recursively splitting each exist-
ing node, say P, into two children, say L and R. To split P, one considers the
deviations, or “residuals” between the predictions of P and the correct labels
of all structures (which are known during training). One searches for a feature
and a threshold value that splits the input structures into two subsets (L and
R) such that labeling errors are reduced as much as possible. XGBoost decides
whether to add a new node to a tree depending on various pre-set criteria, such
as a maximum tree depth, minimum leaf output, and minimum error reduc-
tion (detailed below). After a tree is grown, XGBoost finalizes its structure
by recursively eliminating (or pruning) leaf nodes that yield suboptimal splits
of residuals.

In more detail, the objective function to be minimized measures the differ-
ence between the current predictions and the actual labels, and contains also
regularization terms that penalize a tree’s complexity. Let y; be the known
label of a structure ¢, y; the label predicted by the current ensemble, T' the
number of leaves across all indivudal trees, and w; the prediction of each leaf

j. The objective function can be written:
n 1 T
:Zl(yi,ﬁi(t))+§)\zw]2'+’7T7 (3.1)
i=1 j=1

where A\ and v are pre-set constants and the last two terms favor tree pruning.

Predictions at an iteration ¢ are derived from those computed at a step t — 1:

§O =y 4o, (3.2)
where w is the output value of a node at which a training structure arrives.
Using this additive training paradigm, given a solution at step ¢t — 1, XGBoost
attempts to find an optimal value for w that would minimize the objective. For
this, it approximates the loss function using a second-order Taylor expansion,

which transforms the objective into a quadratic equation,

T

1
~ Y (Gyxw;+ 5 (H; +A) xw?) +9T, (3.3)
7j=1
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where G; and H; are the gradients and the Hessians of a loss function at step

t — 1 summed over all training instances ending up at a leaf node j. Solving

)
pit) =0 3.4
50, (3.4)
leads to an optimal leaf output
Wi = (3.5)
The objective becomes
T 2
1 G-
pi) — = J 3.6
obj 2 2 1, ) (3.6)

Similar to in other decision-tree-based ensembles [74], individual trees are
trained greedily, considering one split at a time. To construct a good split,
XGBoost assigns scores S; to tree nodes j, each equal to
2
1 G

Sj = §H] i N = —Gj’LUj (37)

(elements of the sum in obj®). This leads to

2 2 2

Gain = - .
MEO\H, N THr+ N H,+ Hp+ A

Finally, we used a binary-cross entropy for a loss function, —ylog(p) — (1 —
y)log(1 — p), where y is a true class and p is the predicted probability of a

positive class. This leads to

(Ziej (yi — pz’))2
Ziej (pi(l - pz)) + A

S; = (3.9)

Intuitively, XGBoost trees minimize the residuals and learn to split the training

data in ways that cluster them.
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3.4.6 Feature selection, or “learning”

Feature selection was done using an iterative procedure known as the “all-
relevant Boruta algorithm” [47, 75]. Given a current set of features, each
iteration included several steps. (1) The first was to duplicate the current
features and randomly scramble the copies so that values initially associated
with one kinase become associated with another, randomly chosen. (2) The
augmented feature set is then used to train the ML model. In practice, the
features are fed to a series of decision trees, which make predictions about
the classification of each kinase. (3) Evaluate each feature’s importance nu-
merically, with a metric defined below. (4) Compare the importance values
of the original features and the permuted copies. Designate as “hits” the fea-
tures, among the original ones, whose importance is higher than 95% of the
permuted ones. (5) Use a statistical test to accept or reject features based on
a history of the accumulated hits. The idea is to accept variables that have a
consistently higher importance than random noise. (6) Remove both accepted
and rejected features from the current pool. (7) Stop if the pool of remaining
features is empty or the maximum number of iterations has been reached (100

in our case). Otherwise, return to the first step.

3.4.7 Feature importance measure

The feature importance is an estimate of an individual feature’s impact on
the algorithm’s predictions. We used SHAP (SHapley Additive exPlanations)
to define feature importance [76]. SHAP explanations use a combinatorial
approach that compares the model’s predictions with and without a particular
feature, relative to a baseline prediction, e.g., the average prediction made
by the model for all data instances in the training set. For each feature and
structure, this approach defines its contribution to the output (for the XGBoost
method, this is the log odds ratio, log(ﬁ)).

In more detail, for a dataset with M input structures and N features,
SHAP outputs an M x N matrix ® of estimated contributions to the outputs.
Summing ¢ over structures (or instances), >, ®; ;, yields an N-sized feature
importance vector. In addition, for the TreeExplainer tool provides an es-
timate of pairwise contributions. This may be seen as splitting an estimated

SHAP value into diagonal and off-diagonal (interaction) terms [77]. The pro-
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cess outputs an M x N x N table F. Summing over structures, » . F; yields
an N X N matrix of interactions accumulated across data instances, which can

be queried to find the feature pairs with the highest interactions.

3.4.8 Optimizing the ML models

The XGBoost models were trained to identify (“learn”) features that classify
effectively. They also contained parameters that were “non-trainable” and
optimized manually. These included tree pruning rules and maximum tree
depth; see Supplementary Table 3.8. Model optimization comprised the fol-

lowing stages:

1. Short optimization of non-trainable parameters on the full dataset of
structures.

2. Cross-validation of the performance estimate.

3. Feature selection with eBoruta. From here on, only the selected features

are used.

A second, longer, parameter optimization.

Cross-validation of the performance estimate.

Training the model on the full dataset.

Predicting classes for all available structures.

© N o

Ranking the selected features.

During steps 1 and 4, we searched for optimal values of parameters control-
ling the algorithm’s execution. Each time, before and after feature selection,
models were cross-validated using binary metrics defined below. After the al-
gorithm’s training on a full dataset, features were ranked for later comparison

and interpretion. More details for each step are given in later sections.

3.4.9 Performance measures for binary classification

We used three performance measures: the Fj score, model precision, and re-
call. Let TP and FN be the number of correctly predicted positive instances
(true positives) and incorrectly predicted negative instances (false negatives).

Instances are kinase structures to be classified. Let F'P be the number of
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incorrectly predicted positives (false positives). Precision is defined as

TP
SR — 1
P = Trp L Fp (3.10)
Recall, or true positive rate (TPR), or sensitivity, is defined as
TP
e — A1
rec = TEN (3.11)

The Fi-score combines these two measurements via their geometric mean:

prcxrec 2TP

F =9 —
! prc+rec 2T'P+ FP+ FN

(3.12)

to provide a composite performance measurement typically used for class-
imbalanced datasets, like those encountered here. The dataset was split into NV
non-overlapping parts based on PDB identifiers during cross-validation (CV)
and N train/test cycles were run. In each cycle, we trained on all dataset in-
stances except one, which was used for prediction. Accumulating predictions
led to a fully-predicted dataset that was used to compute the performance

metrics above. N was set to 5 or 10.

3.4.10 Optimizing non-trainable parameters

We used the optuna library [78] to optimize non-trainable (or “hyper-") pa-

rameters. Optuna solved the optimization problem a?"gmaa:Flc V5 seeking a
0

parameter set 6 that maximized the cross-validated F} score. Supplementary
Table 3.8 lists the non-trainable parameters subject to optimization. We used
10 optimization rounds for calibrating parameters before feature selection, and
100 rounds after feature selection.

The number of trees for each classifier was determined using an early stop-
ping technique. Namely, each time the algorithm was trained, input data was
split into training and evaluation subsets (“folds”) as during the CV. We used
the evaluation fold to monitor the loss function after adding each tree, and
stopped the training if the last 20 trees did not improve the loss or when
reaching the maximum number of 100 trees. An example tree is shown in

Supplementary Fig. 3.12.



107 3 Classifying protein kinase conformations with machine learning

3.4.11 Logistic regression classifier

We also built a final logistic regression (LR) meta-classifier of the DFG confor-
mations. LR used only three input variables (hence, no feature selection was
necessary): the class probabilities output by the binary, XGBoost classifiers.
It was trained to predict three possible DFG states. As this is a multiclass
objective, the binary metrics above required an adjustment. We used the
so-called “micro” averaging strategy, where T'P, F'P, T'N, and F'N were com-
bined into a single “confusion” matrix. 100 optimization steps were used to

find the optimal hyperparameters (see Supplementary Table 3.8).

3.4.12 Comparing to other resources

We compared our data to existing resources using PDB identifiers. As a
first step, we updated some obsolete PDB IDs found in some resources using
old-to-new mappings obtained from the wwpdb FTP server (https://files.
wwpdb.org/pub/pdb/data/status/obsolete.dat). For sequences in our own
database, we already had PDB-UniProt relationships, confirmed by pairwise
alignment and sequence-to-sequence matching (see above). For the external
resources, we used the mappings provided by the resource authors where pos-
sible, or by SIF'TS in their absence. We fetched the corresponding metadata
for each UniProt ID, including organism and protein family. We manually
reviewed the resulting family annotations to distinguish protein kinases, non-
protein kinases, and non-kinase proteins. For numerical comparisons below,

we excluded confirmed non-kinase and non-protein kinase entries.

3.4.13 Software and data availability

Supplementary Table 3.9 lists all used software and resources. All data-related
operations, from fetching sequences and structures to extracting domains, com-
puting variables, and pairwise structure superpositions, were performed with
our feature extraction library Xtractor. We made available an exact pro-
tocol to build and navigate the PK data collection via a separate repository
KinActive. We used a reimplemented Boruta algorithm (eBoruta) for feature
selection.

The source code related to this study is available within KinActive, written


https://files.wwpdb.org/pub/pdb/data/status/obsolete.dat
https://files.wwpdb.org/pub/pdb/data/status/obsolete.dat
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in Python v3.10, based on Xtractor v0.1.1 (https://github.com/edikedik/
1Xtractor) and eBoruta v0.1 (https://github.com/edikedik/eBoruta), and
available from the zenodo repository [54]. The tool is also available on GitHub
(https://github.com/edikedik/kinactive). Its documentation, including
a tutorial covering the creation of the structural kinome collection, is hosted on
https://kinactive.readthedocs.io/en/latest. The trained models and

their parameters are also included.

3.5 Supplementary Material

Additional data are provided as Supplementary Material. Supplementary Fig-
ures and Tables were listed above. Additional data files are:
kinase_labels.tsv gives the full list of 9471 kinase domains considered here,
with their manual annotation and predicted annotation. UniProt and PDB
ID’s are provided, as well as our own ID’s, referred to as 1Xtractor ID’s.
DFGin_ features.tsv, DFGother_ features.tsv, DFGout__features.tsv,
KinActive_ features.tsv provide the features selected by each ML model,

along with their importance score.


https://github.com/edikedik/lXtractor
https://github.com/edikedik/lXtractor
https://github.com/edikedik/eBoruta
https://github.com/edikedik/kinactive
https://kinactive.readthedocs.io/en/latest
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3.6 Supplementary Information

3.6.1 Supplementary figures

e Yy .
(a) DFG-in (b) DFG-out (c) DFG-other

Figure 3.8: A complement to Fig. 3.4, where superposed structures are separated
into subfigures; DFG-Asp and DFG-Phe are in yellow. (a) A structure in DFG-in
orientation, where DFG-Asp is “inside” and DFG-Phe is “outside” (1A9U:A). (b)
A domain in DFG-out conformation, where DFG-Asp and DFG-Phe swap places
with respect to the plane (IKV1:A). (c¢) An example of the DFG-other orientation,
where DFG-Asp and DFG-Phe are both “outside” (3BV2:A).



3.6 Supplementary Information 110

Structure Canonical Coverage seq Coverage HMM
5000 250 50
0 0 0
0 200 0 200 0.8 1.0 0.8 1.0
(a) (b)
BitScore Dom size (can) Dom size (str) Canonical match

5000
1000
50
0 T
100 200
(f)

(©) 100 200 300 150 200 250
c

Figure 3.9: Sequence statistics. Y-axis is the total number of counts for all charts.
(a) Coverage of the PK profile by structure and canonical sequences. (b) Sequence
and node coverage. (c) BitScore distribution for the domains extracted from canon-
ical sequences. (d) and (e) Domain size distribution in canonical and structure
sequences. (f) Match percentage between canonical and structure sequences.

KinaMetrix ABC KinCore KLIFS This work
Kinase (non-prot.) |

Non-kinase Organism
Other PK T
sesThr-lED 9 B BN - EEm H. sapiens
Ser/Thr AGC s M. musculus
Ser/Thr CAMK mm Other
ser/Thr CK1 A. thaliana

Ser/Thr CMGC
Ser/Thr NEK
Ser/Thr STE
Ser/Thr TKL

Tyr
Unk

R. norvegicus
S. cerevisiae

Figure 3.10: Kinases grouped by family (left), organism (right), and data resource

(top).
Present Internal External Adverse Total
»._KinCore External

KLIFS __ KinCore KLIFS KinCore
e N p. _KinCore —

43— . . | KinaMetrix
KinaMetrix KinaMetrix KinaMetrix Adverse

(a) (b) (c) (d) (e)

Figure 3.11: Venn diagrams representing connections between different cluster
categories. From the left: (a) all clusters w here the external resource is “present” if
a cluster contains at least one structure from that resource, (b- d) clusters associated
with different DFG labeling conflicts (see the main text for details), (e) connection
b etween the conflict types.
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139-142 <-1.61

28CB,142CZ < 10.14

SASA(67) < 116.97

Figure 3.12: One of 100 trees from the DFG-in model. Nodes correspond to a
feature: either a pseudo-dihedral spanning 4 residues (°), a residue SASA (A?), a
backbone dihedral (°), or an atom-atom distance (A). Red/blue arrows indicate
true/false. Leaves are labeled with the decision score S (Eq. 3.9), which varies from
-1 to 1 (strong decision).
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Figure 3.13: Comparison of the DFG and active/inactive labels with the KinCore
clusters.
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Figure 3.14: A PK domain sequence logo, complementing Fig. 3.6d.
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Figure 3.15: The distributions of (feature, shap(feature)) values for selected vari-
ables.
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Figure 3.16: Correlations between selected top features for three of the ML models.
Shown are the joint distributions of feature pairs, as histograms, colored by the
magnitude of the pair’s SHAP interaction. Positive/negative SHAP values push the
model prediction towards the true/false class.
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(d) DFG-other

Figure 3.17: Value distributions of top-5 selected features per model, depicted as
kernel density estimates. The variables are sorted in decreasing importance. Up
to 300 domains were sampled for each label (e.g., 300 active and inactive domains
for the KinActive model). The plots demonstrate that, for the most part, selected
features allow discerning decision boundaries that separate different conformational
states. They also show that DFG-other is typically intermediate to DFG-in and
DFG-out, often overlapping both.
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Figure 3.18: SwissProt Alphafold2 sequences grouped by organism and protein
family. Non-PK families are labeled as “Other”.
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3.6.2 Supplementary Tables

Table 3.6: Conflicting clusters where (1) sources contain internal conflicts or (2)
sources conflict with each other or (3) sources conflict with the curated label (DFG).
The table lists up to two structures and chains per structure per label. We excluded
the ABC resource as it doesn’t recognize the DFGother conformation.

ID DFG Source in other out
6 out KLIFS 4RED:A,B
KinCore 4RED:A B
KinaMetrix 4RED:A
7 in KLIFS 1VZO:A 3G51:A;4U3Y:A (10)
KinCore  3G51:A;6G77:A,B 1VZO:A;4U3Y:A (9)
KinaMetrix 1VZO:A;4U3Y:A
8 in KLIFS 1144:A;3EKN:A (5)
KinCore  1144:A;3EKN:A (6)
KinaMetrix 1144:A;3EKN: A
9 in KLIFS 30XI:A
KinCore 30XL:A
KinaMetrix 30XI:A
10 in KLIFS 4TYE:A
KinCore ATYE:A
11 in KLIFS 1UA2:A,C;6S75:B 1UA2:B
KinCore 1UA2:A B;6S75:B
15 in KLIFS 3GOP:A
KinCore 3GOP:A
KinaMetrix 3GOP:A
16 in KLIFS 2GHM:A;3TG1:A (6)
KinCore = 2GHM:A;3TG1:A (6)
KinaMetrix 2GHM:A;3TG1:A
17 in KLIFS 3EKK:A;4LUD:A (13) 4F9W:A
KinCore  3EKK:A;4F9W:A (16)
KinaMetrix 3EKK:A;4FOW:A (5) 402P:A
18 in KLIFS 6BXI:A,B
KinCore 6BXI:A,B
20 in KLIFS 3VSI1:AB
KinCore 3VS1:AB
KinaMetrix 3VS1:A
21 in KLIFS 5YT3:D
KinCore 5YT3:D
23 in KLIFS 1JQH:A,B;3BZ3:A (36)
KinCore 1JQH:A,B;2JKK:A (46)
KinaMetrix 1JQH:A;2JKK:A (8) 3I81:A
25 in  KLIFS 2HAK:B,D;2QNJ:A,B 2HAK:A,C
KinaMetrix 2QNJ:A;3FE3:A 2HAK:A
27 in  KLIFS 1B38:A;1B39:A (211) 6Q4AF:A
KinCore 1B38:A;1B39:A (155)
KinaMetrix 1B38:A;1B39:A (216)
28 in KLIFS 3KMW:A;3REP:A

Continued on the next page
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Table 3.6: Conflicting clusters.

ID DFG Source in other out
KinCore 2HWP:A 3KMW:A;3REP:A
KinaMetrix 3KMW:A;3REP:A
29 in KLIFS 3CKW:A
KinCore 4D5H:A
KinaMetrix 4D5H:A 3CKW:A
32 in KLIFS 4DFY:AE 3VUT:A
KinaMetrix 4DFY:A
41 in KLIFS 1A9U:A;1APM:E (5203) 3QUP:A;5KT7L:B (6) 2WTK:B,E;6CCF:A,B
KinCore 1A06:A;1A9U:A (5762) 3C4Y:B;4FGB:A
KinaMetrix 1A06:A;1A9U:A (2266) 2WTK:B;40LI:A
46 in KLIFS 1AD5:A,B;1AGW:A,B (1016) 30CS:A;5YT3:A (8)
KinCore 1AD5:A,B;1AGW:A,B (1097) 5YT3:A TPUE:A
KinaMetrix 1AD5:A;1IAGW:A (397)
47 in KLIFS 4C58:A;4C59:A
KinCore 4C5H8:A;4C59:A
48 in KLIFS 3UIU:A,B;4FEQ:A (7) 3W18:B;4FG8:A
KinCore 3UIU:A,B;4FEQ:A (6) 4FG9:A B
KinaMetrix 3UIU:A;4FEQ:A 4FG8:A
51 other KLIFS 3GGF:AB
KinCore 3GGF:A B
KinaMetrix 3GGF:A
52 other KLIFS 3DJ5:A;3DJ6:A
KinCore 3DJ5:A;3DJ6:A
KinaMetrix 3DJ5:A;3DJ6:A
53 other KLIFS 4UZD:A B 2J47:B;4UYN:A
KinCore 2J47:B;4AUYN:A (5)
KinaMetrix 3UC3:A;4UYN:A
54 other KLIFS 6BX6:A 2JAV:A
KinaMetrix 2JAV:A
57 in KLIFS 5B2M:A
KinCore 5B2M:A
58 out KLIFS 4EBV:A 4EBW:A;4I4F:A
KinCore 4EBW:A 4EBV:A;4I4F:A
KinaMetrix 4EBV:A;4EBW:A 4T4F:A
60 out KLIFS 1IRK:A;3LWO0:A,B (26)
KinCore 1IRK:A;3LWO0:A,B (26)
KinaMetrix 1IRK:A;3LWO0:A (11)
64 out KLIFS 7S25:A
KinCore 7S25:A,B
65 out KLIFS 2RF9:A 2RF9:B;3NAX:A (24)
KinCore 4QQC:A 2RF9:A,B;3NAX:A (28)
KinaMetrix 2RF9:A 3NAX:A;3QC4:A (7)
66 other KLIFS 4ANUS:A;5D9K:A B 2XNO:A
KinCore 4NUS:A;5D9K:A,B
KinaMetrix 4NUS:A;5D9K:A
67 other KLIFS 6TUA:A 2XK3:A;2XK4:A (5)
KinCore 6TUA:A 2XK3:A;2XK4:A (5)
KinaMetrix 4A4X:A

Continued on the next page
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Table 3.6: Conflicting clusters.

ID DFG Source in other out

68 other KinCore 3D7T:B
KinaMetrix 3D7T:B

73 out KLIFS 2AC3:A
KinCore 1LUF:A 2AC3:A
KinaMetrix 1LUF:A;2AC3:A

76 out KLIFS 4Y79:C 3GCP:A;3HUC:A (9)
KinCore 3GCP:A;3HUC:A (9) 4YZ9:C
KinaMetrix 2H34:A;3GCP:A (5)

77 out KLIFS 1GZN:A 1GZK:A;1GZO:A (4)
KinCore 1GZK:A;1GZN:A (5)
KinaMetrix 1GZK:A;1GZN:A

78 out KLIFS 4YZ79:A,B 3Z7ZW:B;6Y23:A,B
KinCore 6Y23:A,B 3Z27ZW:B;4YZ9:A,B
KinaMetrix 4YZ9:A

86 out KLIFS 4EH6:A;6RUU:C 1BIT7:A;1BI8:A,C (380)
KinCore  2EWA:A 3TWJ:B,D 1FPU:A,B;1G3N:AE (412)
KinaMetrix 2EWA:A 1FPU:A;1G3N:A (144)

88 out KLIFS 2R5T:A;3HDM: A
KinCore 2R5T:A;3HDM:A

89 out KinaMetrix 3UC4:A 3UDB:A

90 out KLIFS 3UBD:A4EL9:A
KinCore 3UBD:A;4EL9:A

91 out KLIFS 5UWD:A
KinCore 5UWD:A

92 out KLIFS 3DK6:A,B;4YCS8:A,B (7)

KinCore 3DK6:A,B;4YCS8:A,B (10)
KinaMetrix 3DK6:A;4YC8:A

93 out KLIFS 3DK3:A,B;3DKT7:A (6)
KinCore 3DK3:A,B;3DKT7:A (6)
KinaMetrix 3DK3:A;3DKT:A

94 out KLIFS 2WQB:A
KinCore 2WQB:A
KinaMetrix 2WQB:A

95 out KLIFS 3DK7:B;4FZF:B (6)

KinCore 4FZF:B;ANZW:B (5)
KinaMetrix 4AFZF:B;4192:A (5)

96 out KLIFS 5CEK:A;5CEM:A 40B0O:B;40BP:B (16)
KinCore 6BRJ:A 40BO0:B;40BP:B (18)

98 other KLIFS 2WTV:A B;3H10:D 3H10:A,B
KinCore 2WTV:A B;3H10:A,B
KinaMetrix 2WTV:A;3H10:A

99 out KLIFS 3FME:A 4RLO:B
KinaMetrix 3FME:A

100 out  KLIFS 1BYG:A;30CT:A
KinCore 1BYG:A;30CT:A
KinaMetrix 1BYG:A

101 out KLIFS 2CLQ:A,B;3SXR:A,B (8)

KinCore 2CLQ:A,B;3SXR:A,B (8)
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Table 3.6: Conflicting clusters.

ID DFG Source in other out
KinaMetrix 2CLQ:A;3MN3:A (5)
102 out  KLIFS 2JIT:B;2JIU:B (7)
KinCore 2JIT:B;2JIU:B (7)
103 out  KLIFS 4APC:A,B;4B9D:A B
KinCore 4APC:A,B;4B9D:A B
KinaMetrix 4APC:A;4B9D:A
104 out  KLIFS 1FVR:A,B;2G2F:A (10)
KinCore 1FVR:A,B;2G2F:A (12)
KinaMetrix 1FVR:A;2G2F:A (5)
110 other KLIFS 5B2K:A
KinCore 5B2K:A
111 out  KLIFS 1M52:A,B;10PK:A (12)
KinCore 1M52:A,B;10PK:A (12)
KinaMetrix 1M52:A;10PK:A (6)
112 out  KLIFS 3Z7ZW:A;4GT4:B
KinCore 32ZW:A;4GT4:B
KinaMetrix 3Z2ZW:A
113 out  KinaMetrix 3P86:A
114 out KLIFS 3SOA:A;6S75:A
KinCore 3SOA:A 6S75:A;7TMOK:A,B
KinaMetrix 3SOA:A
115 out  KLIFS 7TMOL:A,B 3A60:B
KinCore 7MOL:A B
116 out  KLIFS 5J7S:A;5Y8U:A
KinCore 5Y8U:A
117 out  KLIFS 3WZU:A
KinCore 3WZU:A
120 out  KLIFS 2G2F:B;4WA9:A,B
KinCore 2G2F:B;4WA9:B
121 other KLIFS 5B2L:A;5Y90:A (8)
KinCore 5B2L:A;5Y90:A (8)
KinaMetrix 5B2L:A
122 other KLIFS 3ETT7:A;3FZR:A (8)
KinCore 3ETT:A;3FZR:A (7)
KinaMetrix 3ETT7:A;3FZR:A (6)
123 other KLIFS 3FZP:A
KinCore 3FZP:A
KinaMetrix 3FZP:A
124 other KLIFS 2BAQ:A;2GTM:A (15)
KinCore 2BAQ:A;2GTM:A (12) 6BSD:A 3IW5:A
KinaMetrix 2BAQ:A;2GTM:A (13)
125 out  KLIFS 4EHT7:A;4GEO:A (5) 4120:A
KinCore AGEO:A411Z:A (5)
KinaMetrix 4EHT7:A;4GEO:A 4117:A;4120:A
126 out KLIFS 3MTL:A
KinCore 3SMTL:A
KinaMetrix SMTL:A
127 other KLIFS 4A0T:A,B
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Table 3.6:

Conflicting clusters.

ID DFG Source in other out
KinCore 4AO0T:A,B
KinaMetrix 4A0T:A
128 other KLIFS 2XNM:A;2XNN:A
130 other KLIFS 1YW2:A;4FA2:A (4)
KinCore  1YW2:A;4FA2:A (4)
KinaMetrix 1YW2:A;4FA2:A
131 other KLIFS 3PIY:A
KinCore 3PIY:A
KinaMetrix 3PIY:A
136 out  KinCore 2QQ7:B
137 out  KLIFS 2J47:A;4UZH:A 3UNZ:A,B;3U06:A,B (13)
KinCore 2J47:A;3UNZ:A,B (15)
KinaMetrix 2J4Z:A;3UNZ:A (8)
138 out  KLIFS 2BMC:A,B;3EFW:A,B (22)
KinCore 2BMC:A,B;3EFW:A,B (22)
KinaMetrix 3K5U:A 2BMC:A;3EFW:A (11)
139 out  KLIFS 3LAU:A;3W10:A 1IMUO:A
KinCore 1MUO:A;3LAU:A
KinaMetrix 3LAU:A;3W10:A
140 out  KLIFS 2J50:A,B;3DAJ:A (9)
KinCore 2J50:A,B;3DAJ:A (7)
KinaMetrix 2J50:A;3DAJ:A (6)
141 out  KLIFS 47ZTR:A
KinCore 47ZTR:A
KinaMetrix 47ZTR:A
142 out  KLIFS 2W5B:A 2W5H:A
KinCore 2W5B:A;2W5H: A
KinaMetrix 2W5B:A;2W5H: A
144 out  KLIFS 5EW9:A 6C83:B;6CPG:A,D
KinCore 5EW9:A;6C83:B
KinaMetrix 5EW9:A
145 out  KLIFS 5E7TR:A;6YG2:A 42JJ:D;4ZLO:A
KinCore 47JJ:D;4ZLO:A
KinaMetrix 47ZL0O:A
146 out  KLIFS 6ANL:A
KinCore 6ANL:A
148 other KLIFS 3BV2:A;3BV3:A (9)
KinCore 3BV2:A;308P:A 4UMT:A;4UMU:A 3BV3:A;4EHS:A
KinaMetrix 4EH8:A;4UMT:A (4) 3BV2:A;3BV3:A
149 other KLIFS 3ZFY:A,B;5L60:A (5)
KinCore 3ZFY:A,B;5L60:A
KinaMetrix 3ZFY:A;5L60:A
150 other KLIFS 30EF:X
KinCore 30EF:X
KinaMetrix 30EF:X
151 in KLIFS 400U:A
KinCore 400U:A
KinaMetrix 400U:A
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Table 3.6: Conflicting clusters.

ID DFG Source in other out
153 out  KLIFS 7T02V:A
KinCore 7TO2V:A
154 other KLIFS 5W5J:B
KinCore 5W5J:B
155 out  KLIFS 4JATL:A
KinCore 4JAT:A
KinaMetrix 4JAL:A
156 out  KLIFS 3051:A
KinCore 3051:A
KinaMetrix 3051:A
158 out  KLIFS TAYH:A
KinCore TAYH:A
159 other KLIFS 3C4C:B
KinCore 3C4C:B
KinaMetrix 3C4C:B

Table 3.7: Profile positions. The columns, in left-to-right order: (1) structural
region name, (2) PF00069 profile position, (3) Src residue and position, (4) Aurora
residue and position, (5) the most frequently contacting ligand name, (6) the total
number of ligand contacts, (7) the total importance of selected variables for the
DFGin, DFGother, and DFGout models corresponding to this position, (8) the total
importance for the KinActive model, (9), the top-1 important variable for the DFG*
models, and (10) the top-1 important variable for the KinActive model.

Reg. Pos. Src  Aurora Lig. #Cont. Ii9t, Itf FioP " FioR !
1 Fiss 42] 50 0.00 0.00
2 TN 551 54 0.00 0.00
3 I35 C1lv 91 0.00 0.00
4 Es7s Gisg C1v 60 0.00 0.00
) Vora Risy LUS 632 0.00 0.00
51 6 Kors Piss ADP 402 0.12 0.00 ¥g
7 Loz Lisg ANP 5611 0.06 0.00 D7cﬁ,4gcﬁ D7Cﬁ’gocﬁ
8 Garr Ghao ANP 4497 0.00 0.00
9 Qo7s Kis1 ANP 3425 0.07 0.00 Docy 14105
10 Garg Gigo ANP 2681 0.05 0.00 SAS A
11 Cwso Kus ANP 1731 0.01 0.00 Pdo1.12.13
12 Fhgy Flaa ANP 2319 0.14 0.00 SAS A5
13 Gasg2 Gigs ANP 1592 0.09 0.00 ¥,3
B, 14 Esy Nug  ANP 997 0.54 0.00 Pdya15.16.17
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Table 3.7: Profile positions.

Reg. Pos. Src  Aurora Lig. #Cont. Ii9f, Itet Fiob ' FioR !

15 Vags Viar ANP 6257 0.45 0.00 Pdi4.15,16,17 D1504,14205

16 Wogs Yius PDY 234 0.31 0.00 Pdy4,15,16,17
17 Mosgg Ligg P40 769 0.30 0.00 Pdy4,15,16,17
18  Gagr Aiso FGF 24 0.00 0.00
19 Thss Rist 146 24 0.00 0.00 SAS A
20 Fi59 STU 18 0.00 0.00
21 Whagg Kiss 5WE 32 0.00 0.00
22 Nagy Q154 LU8 68 0.06 0.00 Wy
23 Gag1 Siss LVY 28 0.00 0.00 SASAs3
24 Thee Kisg SER 26 0.00 0.00
25  Thes Fis7 SER 71 0.00 0.00
26  Rogy Ii5s B97 168 0.00 0.00 SAS Agg
27  Vags Lisg LUS 157 0.00 0.01 Pda7,28,29,30 SAS Ay,
B3 28  Ases Aieo  ANP 7437 0.28 0.04 Dagcy 1420, Dagcy 14205
29 Iygr Lag: LU8 1883 0.00 0.00 Pda7,28.29,30
30 Kogs Kigo ANP 6963  0.83 0.00 D300y, 142054 D3oc 4805
31 Thgg Vigs VFS 427 0.00 0.00
32 Lsgo Liea ANP 798 0.00 0.00
33 Kso01 Figs C1v 91 0.04 0.00 xis W3
34 P3pe Kies JBJ 185 0.00 0.00
35 Gz Aier ANP 70 0.00 0.00 SASA3s
36 T304 Qies JBJ 125 0.00 0.00
37 Msps Ligo 1F8 126 0.00 0.00
38 Sz Eiro 1F8 79 0.00 0.00
39 P307 K171 SCN 46 0.04 0.01 @39 SASA39
40 Aqro VNS 77 0.00 0.00 SASAy
41 G173 SCN 73 0.07 0.01 x}, Wy
42 Vira B5G 123 0.00 0.00
aC 43 E308 H176 CO3 26 0.04 0.00 Pd43’44’45’46
44 Asgg Qirr  ANP 418 0.04 0.00 Pdysas546  SASAy
45  F3190 Li7s VNS 577 0.12 0.00 ®y5
46 Ls;y Rize  LUB 328 0.04 0.00 Pdys 44.45.46
47 Q312 Rigo B96 180 0.00 0.00 SASA4;
48  Fs13 Fhsi ADP 3870  0.32 0.68 Discy a8, Dugcy 14205
49  Az1y Vigo VNS 488 0.00 0.00
50  Q@s15 Eiss  LUS 83 0.00 0.00
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Table 3.7: Profile positions.

Reg. Pos. Src  Aurora Lig. #Cont. Ii9f, Itf FioP " FioR !
51 Vsi6 Iisa4 STI 527 0.01 0.17 SAS A5 SAS A5
52 Msr Qs STI 2514 0.00 0.00 SASAs,
53  Ks18 Sise 2AN 96 0.00 0.00 Pds3 54,5556
54 Ksi9 Hisy DTU 28 0.22 0.00 SASAs4
55  Lsso Liss  STI 662 0.11 0.00 SASAss
56 Ry Riggy 5SWE 52 0.00 0.00 Pdss.50.55.56
57  Hszpo Higo 6J9 35 0.00 0.00
98  FEso3 Pig1 CCX 19 0.00 0.00
59 K324 Nigo 1HW 12 0.00 0.00
60  Lsos Ii93 STI 746 0.05 0.00 SASAg
61 Vi Lis ANP 7730 033 0.00 Doy 1ac,  Dascysrc,
62  Qs27 Rios SB4 730 0.20 0.00 &y
63 Lsss Ligs  SBA 1083 0.15 0.00 SASAgs
64 Yz Yior LUS8 183 0.00 0.00 SASAg4

P 65 Ao Gues  LUS 158 0.00 0.00 Pdes.o6.67.65
66 Va3 Yigg LUS 168 0.00 0.00 Pdss 66,67,68
67  Visa Fooo LUS8 141 0.00 0.00 Pdgs 66,67,68
68  Ss3z Hao 1F8 108 0.00 0.03 Pdgg 69,70,71
69 Do 551 63 0.04 0.03 Wgo Pdss 69,70,71
70  Es334 Agos A8Q 37 0.00 0.03 SASA7 Pdsg 69,70,71
71 Eszs Thoa M7 17 0.00 0.03 Pdgg 69,70,71
72 Pszg Rops C1v 82 0.00 0.00 SASA7,

Bs 73 Iszr Vaps 1F8 107 0.00 0.00
74 Yssg Yoor C1v 108 0.00 0.00
75 I339 Laos LUS 2561 0.00 0.00
76 Viao 1209 LUS8 1410 0.17 0.00 @+
7 T Lo ANP 8028 0.09 0.02 Drrcyanc,  Dascyrics
78 Bap Exy  ANP 7870 0.04 0.00 Drsc, roc,
79 Yas Yoz ANP 7824 0.23 0.00 Drocyaaac,  Drocy aa2c,
80 M Ay ANP 7873 0.15 0.00 Dsocy 20 Drcysocs
81 Sss Pus ANP 7083 0.22 0.4 Dsicy e, Dascysics
82 Ksig Lz STU 4755 0.14 0.00 Dsoc, s2c,
83 Gair Gamg  ANP 6086 0.00 0.01 Dssc, 120, Dsacyarc,
84 Sys Tor  ANP 4882 012 0.00 Dsicyiu2c,  Dascysic
85  Lsg9 Vois IMD 273 0.00 0.00
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Table 3.7: Profile positions.

Reg. Pos. Src  Aurora Lig. #Cont. Ii9f, Itet Fiob ' FioR !
86  L3sg Youg ANP 658 0.00 0.00
87 Dssi Rawo  ANP 3528 0.32 0.03 Dsroyaazc,  Dsreyiacs
88  Fi359 Fooq D5Q 317 0.00 0.00
89  L3s3 Looo IMD 107 0.00 0.00
90  Kiyss Qa3 IMD 169 0.08 0.00 x4
91 1357 Kooy YY3 285 0.00 0.00
92  Gass Loss LDN 80 0.00 0.00
93 K359 Soog LDN 98 0.00 0.00
94 Y360 Koo7 9XA 26 0.00 0.00
95  L3g1 Foog A8Q 123 0.00 0.00
96  Rsge Daog STI 35 0.00 0.00
97 L33 FEa3p STI 34 0.00 0.00
98  Pigs Q231 MS7 30 0.16 0.00 Wgg
99 Q365 Ro3o 551 109 0.00 0.00
100 Lsge To3s3 A8Q 125 0.00 0.00 ®4¢g SAS A1
101 Vigr Assa  MST 40 0.07 0.00 Xy,
102 D3gs To35 CCX 26 0.00 0.00 SASAq s
103 Msgg9 Yosg 551 108 0.00 0.00
104 Aszzg Iz A8Q 115 0.00 0.00

Hg 105 As7;; Tosg GLN 8 0.00 0.00
106 Q372 Fosg CCX 8 0.09 0.00 ®106
107 I3735 Loy 551 97 0.00 0.00
108  Asz7y Aoyn LGY 3 0.00 0.00
109 S375 Nogo 6J9 21 0.00 0.00
110 Gs76 Aous ARS 5 0.00 0.00
111 M377 Loygy ARS 11 0.00 0.00
112 Asrs Sous  6J9 92 0.07 0.01 Pdy1o 113114115 SASA11s
113 Yirg Yass  4OR AT 0.07 0.00 Pdyip 113114115
114 Vzgg Coyr STI 557 0.22 0.00 SASA 14
115 Fssy Hps — XK4 7 0.07 0.00 Pdiiz113.114.115
116  Rsga Sasg PG6 17 0.00 0.00 SASA116
117 Msg3 Kosg 40R 38 0.00 0.01 SASA17
118 N3gq Rosp ANP 31 0.06 0.00 SASAqs
119 Yisgs Voso STI 569 0.00 0.00 SASAi19
120 Vsge 1Ios3 STI 256  0.00 2.99 SAS Ao
121 Hazgy Hasy  STI 642 0.23 0.06 Pdi21,122,123,124 Pd121,122,123,124
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Table 3.7: Profile positions.

Reg. Pos. Src  Aurora Lig. #Cont. Ii9f, Itf FioP " FioR !
122  Rs3gs Ross STI 192 0.09 0.16 ®19o SASAio9
123 Dsgo Dass  ANP 870 0.46 0.14 U, SAS A,
124 Lsgo Ias7 AF3 7 0.12 0.03 Pdi21,122,123,124 Pdi121,122,123,124
125 Rsg1 Koss  ANP 931 0.04 0.21 Pdi23,124,125,126 D1250,,142C;
126 Asgs Posy  IMD 335 0.00 0.00 Pdy23104,125.126
127 Asgs Fao  ANP 5551 0.61 0.01 Disreyaaac,  Dsscya27c,
198 Nags Nagt  ANP 4915 0.31 0.01 Disroy,aasc,  Dizscyaaic,
129  I395 Logo LU8 1026 0.00 0.00
130 L3gs Log3 ANP 7892 0.11 0.00 Di3ocy 14205  D12305,13004
CL 131 Vg7 Loga T3B 272 0.00 0.00
132 G395 Gogs 499 26 0.04 0.00 X%32
133  Esg99 Soss 9E1 61 0.00 0.00 ®433 X%33
134 Nigo Asgr V62 59 0.05 0.00 Pdysa135.136.137
135 Lipi Gags  CCX 20 0.05 0.00 Pdy3a.135.136.137
136 Vige FEogg CCX 19 0.05 0.00 Pdi34,135,136,137
137 Cus Laro  ASQ 66 0.11 0.00 Wy s
138 Ky Ko V62 59 0.00 0.00 Pdys7,138139.140
139 Vios Iara STI 1195 1.71 0.05 Pdi39,140,141,142 Pd139,140,141,142
140 Agos Aars ANP 7621  2.66 0.05 Pdi39,140,141,142 Pd139,140,141,142
141 Dg4o7 Dary ANP 7320 4.75 2.53 Pd139,140,141,142 Pd141,142,143,144
142 Fyos Fors LU8 3121  4.28 3.80 Pd39,140,141,142 Pd141,142,143,144
143 Gao9 Gars ATP 1172 0.12 2.77 Wy3 Pdia1 142,143,144
144  Lyg9 Worr ANP 1107 0.18 2.69 Wiy Pdi41,142,143,144
145 Ay11 Sars ANP 373 0.11 0.49 P45 SASAi4s
146 Ry12 Varg ANP 328 0.10 0.40 P46 D146
ALy 147 L4133 Hogg JBJ 181 0.00 0.07 Pdy45 146,147,148
148 Iy Assy  4BM 202 0.00 0.04 P15 146147145
149 Eys Pags  ANP 195 0.00 0.10 o
150 Dig Sass VNS 106 0.00 0.00 P47 145149150
151 Nji7 Soga JBJ 43 0.00 0.00 SASA;5
152 FE 18 Ross 4BM 95 0.00 0.00
153 NH4 30 0.00 0.01 Pdiss.151.155.156
154 Yi19 Rosgg 746 95 0.00 0.01 Pdi53 154,155,156
155 Ty Tosr  ATP 49 0.00 0.01 Pd1ss.150.155.156
156  Ayor Thss ANP 50 0.00 0.01 Pdi53,154,155,156
157 Ryoo Logg ANP 79 0.00 0.28 Pdi57,158,159,160
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Table 3.7: Profile positions.

Reg. Pos. Src  Aurora Lig. #Cont. Ii9f, Itet Fiob ' FioR !
158  Qu23 Cagg ANP 94 0.00 0.62 SASA;5s Pd57.158,159,160
159 Guos Gaor ANP 67 0.00 0.39 Pd57.158,159,160
160 Auos Thoo ANP 168 0.04 0.39 Pdie0,161,162,163 Pdi57,158,159,160
161 Kyos Logs SCN 41 0.04 0.11 Pdig0,161,162,163 Pd158,159,160,161
162 Ky30 Dags IMD 51 0.17 0.00 ®460
163 Wiys31 Yooy IMD 40 0.08 0.00 Pdq60,161,162,163
164 Ty3o Logg SCN 36 0.08 0.01 Pdie4,165,166,167 X}L64
165 Agss Prr  1M3 9 0.08 0.00 Pdisa.165.166.167
166 Py Prs  IRG 53 0.05 0.00 Pdigsi65.166.167
167 FEis Esgo 146 50 0.05 0.00 Pdigs.165.166.167
168  Ayse Mspo SCN 43 0.00 0.00
169 Auz7 I301 CPS 47 0.02 0.00 P69
170 Lyzs FEspo IRG 63 0.00 0.00
171 Yisg Gsps 146 91 0.00 0.00
172 G0 Rsos CcCcX 56 0.00 0.00
173 Ryqy1 M35 SCN 42 0.00 0.00
174 Fyus Hsps TPO 44 0.00 0.16 SASAjmy
175 Tuuz Dspr ANP 17 0.00 0.00
176 Iyus  Esps IMD 12 0.00 0.00
177 Kus Kso  IMD 12 0.00 0.00 vl
178  Sue V10 1IN1 13 0.00 0.00
179 Dyy7 D311 AF3 6 0.00 0.00
180 Vius Lszio THR 12 0.00 0.00
181 Wyag W3i3 1M3 9 0.00 0.00
Hy 182 Siso S314 AF3 9 0.09 0.00 SASA; 5
183 Fyu51 Lsis CYS 9 0.00 0.00
184 Guz0 Gz CYS 2 0.00 0.00
185 I3 Vair 1M3 7 0.06 0.00 ¥qgs
186 Luss Lais 551 99 0.00 0.00 Pdyss 157155159
187 Luss Caig  MST 84 0.00 0.00 Pdige 157158189
188 Tiss Yaso  LEU 15 0.00 0.00 Pdyss1s7.155.159
189 Euir Esmy IMD 112 0.00 0.00 Pdig 157,155,189
190 Lyss F3o9 A8Q 121 0.00 0.00
191 Tys9 Ls3og MS7 49 0.00 0.00
192 Tugo V3ou LOT 35 0.00 0.00
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Table 3.7: Profile positions.

Reg. Pos. Src  Aurora Lig. #Cont. Ii9f, Itf FioP " FioR !
193 Gluez Gaos IMD 77 0.00 0.00
194  Russ Kso6 IMD 101 0.00 0.00
195 Vigs Piy  IMD 118 0.00 0.00 Pdygs 196,107,195
196 Pis Pps  LOW 23 0.00 0.00 Pdigs 196197198
FL 197 Yaes Fi29 PDY 46 0.01 0.00 @197
198 Py Es30 PDY 59 0.02 0.00 ®;9g
199 Guaps Aszzn PDY 47 0.09 0.00 Pdi99,200,201,202
200 Mygo N33z IMD 36 0.09 0.00 Pdy99,200,201,202
201 Vyro T333 IMD 32 0.09 0.00 Pdy99,200,201,202
202 Na71 Ysaa CPS 39 0.09 0.00 Pdi99,200,201,202
203 Ra7z Q@335 CPS 37 0.00 0.00
204 Eu7s Esse SCN 21 0.00 0.00
205 XJV 2 0.00 0.00
206 CPS 19 0.00 0.00
207 IHP 12 0.00 0.00
Hg 208 LEU 8 0.00 0.00
209 Vyry Ts37 1M3 23 0.00 0.00
210 Ly7s Ysss CPS 36 0.08 0.00 SASAs
211 Dyre¢ Kssg ANP 15 0.00 0.00 P21y
212 Qa7 Rsqo SCN 11 0.00 0.00
213 Vg 146 56 0.00 0.00
214 Eyrg PDY 34 0.00 0.00
215 IHP 30 0.00 0.00
216 LEU 15 0.00 0.00
217 146 48 0.00 0.00
218 SCN 26 0.00 0.02 SASAgig
219 IWU 25 0.00 0.00
220 1M3 14 0.00 0.00
221 SCN 15 0.00 0.00
222 I3 1M3 12 0.00 0.00 W¥aas
223 Ruso Ssun  C15 8 0.00 0.00 ybys
224 Gyus1 Rsqs IRG 51 0.00 0.00 Pdaoy 225226227 X324
225 Yago Vsau IRG 61 0.00 0.00 Pda224,225,226,227
9226 Rugs Fais 146 73 0.00 0.00 Pdsaz05.296.227
227 Mugs Fyas  IRG 40 0.00 0.00 Pdasa 205,296,227
228  Pygs Tsq7 XHV 15 0.00 0.00
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Table 3.7: Profile positions.

Reg. Pos. Src  Aurora Lig. #Cont. Ii9f, Itet Fiob ' FioR !
229 Cuss Fais  PDY 31 0.08 0.00 by
230  Pys7 Psyg 3YY 17 0.00 0.00
231 Pugs Dsso STI 24 0.00 0.00
232 E4g9 F351 STI 33 0.00 0.00 SASAg3s
233 Choo Vasy  MST 45 0.01 0.01 SASAyss Doss
234 Pyo1 T3s3 STI 38 0.00 0.00
935 Fio Esse  YDJ 19 0.00 0.01 SAS Ayss
236  Siez G355 YDJ 5 0.06 0.00 Was3g
237 Lygs Asse STI 28 0.00 0.00
Hy 238 Hags Rssy IWU 15 0.00 0.00
239 Dygs Ds3ss IWU 8 0.00 0.00
240 L4g7 Lasg PG6 2 0.00 0.00
241 Mygs I360 KWD 17 0.00 0.00
242 Ci9 Sser  IWU 15 0.00 0.00 Pdosz 245,204 245
243 Q500 Raez THR 14 0.00 0.00 SASAgs
244 Csor Lsgs ~ THR 3 0.00 0.00 Yby,
945 Wios L3 THR 7 0.00 0.00 Pdayo13.214.205
246  Rs03 K365 9HB 10 0.05 0.00 SAS Az
247 Ksos Hags 146 56 0.09 0.00 xbyr
248 Esps Nsgr 146 59 0.00 0.00
249  Psps Pses IRG 55 0.00 0.00
250  Eso7 Sse9 146 58 0.00 0.00
251 FEsps Q370 3U9 16 0.00 0.00 SASAgs;
952 Rsgo Rsry 146 27 0.17 0.00 SASAgsy
253 Psi0 Psro XK4 10 0.00 0.00
954 Ty Msrs  XK4 9 0.11 0.00 SAS Agsy
255  Frs19 Lgrg XK4 11 0.00 0.00
956 Esiz Ryvs  ANP 36 0.13 0.00 yheq
257 Y514 Esze ALA 9 0.00 0.00 SASAgsy
H, 258 Lss Varr  ALA 5 0.02 0.00 SASAgss
259 L37g 6J9 21 0.00 0.00
260 Esqg LGY 5 0.00 0.00
261 H3gp GLN 4 0.00 0.00
262 Pygy GLN 3 0.00 0.00 SASAgso
263 Wsa GLN 5 0.00 0.00
264 Isg3 GLN 7 0.00 0.00
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Table 3.8: Parameters subject to automatic fine-tuning with optuna.
Parameter Min/Choicel Max/Choice2 Description
Logistic Regression

C 0 1 Controls  the  regularization
strength.  Lower values imply
stronger regularization.

11_ratio 0 1 The p parameter balances /; and
lo regularization as described in
the main text.

class_weight - balanced Enables weighting samples ac-
cording to their class frequencies.

XGBoost

learning_rate 1075 10 The step in the gradient descent
algorithm.

max_depth 4 12 Maximum tree depth.

gamma 1073 10 Regularization parameter — a
complexity cost associated with
introducing nodes.

reg_lambda 1073 5 Weight of the ls regularization.

reg_alpha 1073 5 Weight of the [; regularization

colsample_bytree 0.1 1.0 A fraction of features sampled for
an individual tree.

colsample_bylevel 0.1 1.0 A fraction of features sampled
when introducing a node of an in-
dividual tree.

scale_pos_weight 0 5 For binary classification, the loss

multiplier for 1-labeled instances.
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Table 3.9: Software and data sources

Name/Title Category Purpose/Context/Usage Ref.
Standalone software
ChimeraX Structure visualization Visualizing structural superposi- [79]
tions and individual structures.
mafft Sequence alignment Pairwise sequence alignments. [68]

Python libraries

biotite Toolkit Handling structure-related data.  [80]

ete3 Phylogeny Dendrograms’ visualization. [81]

matplotlib Data visualization Producing plots.

optuna Machine-learning Hyperparameters’ optimization.  [78]

pandas Data manipulation Constructing and manipulating [82]
tabular data.

PyHMMer Sequence HMM modeling Extracting domains [67]

scikit-learn Machine-learning Logistic Regression and perfor- [83]
mance metrics.

scipy Scientific computing Agglomerative clustering algo- [84]
rithms.

seaborn Data visualization Producing plots. [85]

shap Machine-learning Estimating SHAP values to com-  [76, 77]
pute feature importance.

xgboost Machine-learning Using as a part of a feature selec-  [73]

tion algorithm.

Developed software

eBoruta’ Machine-learning Feature selection and ranking. -
1Xtractor Toolkit Creating the PK data collection. -
KinActive Toolkit Reproducing and using the re- -

sults of this study.

Data sources

UniProt Database Protein canonical sequences and  [65]
their metadata

PDB Database Protein structures and their [64]
metadata.

SIFTS Database ID mapping between UniProt [50]
and PDB.

Pfam Database PF00069 profile used with PyH-  [44]
MMer

* Inspired by two open-source implementations: BorutaPy (https://github.com /scikit-
learn-contrib/boruta py) and BorutaShap (https://github.com/Ekeany/Boruta-Shap).


https://github.com/scikit-learn-contrib/boruta_py
https://github.com/scikit-learn-contrib/boruta_py
https://github.com/Ekeany/Boruta-Shap
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Chapter 4

Uncovering the DFG-out
sequence propensity

determinants

Abstract

Protein kinases cycle between active and inactive states, distinguished by a
few structural elements, including the activation loop and its conserved DFG
motif. In the inactive state, this motif can occupy a DFG-in conformation, a
rarer DFG-out conformation, and some even rarer others. The minor, DFG-
out conformation is a valuable drug target that can provide selectivity. The
sequence determinants that favor DFG-out in specific kinases are not fully
understood. To help elucidate them, we assembled and annotated a large
collection of kinase domains and applied a machine-learning procedure based
on ensembles of decision trees to extract putative determinants. We discovered
five within the tyrosine kinase subfamily, which have been proposed earlier to
affect activation loop folding and stabilization. Thus, machine learning can
shed light on conformational determinants, help understand kinase regulation

and improve drug design strategies.
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4.1 Introduction

Protein kinases (PKs) play a key role in cellular signaling pathways, where they
selectively phosphorylate target proteins to switch on or off protein—protein
interactions [1-4]. Kinase mutations can lead to severe disorders like cancer
[5-7], driving the development of small molecule inhibitors [8-11]. They cycle
between an inactive and an active state through a complex processes involving
substrate binding, oligomerization, and autophosphorylation [12, 13]. While
the active conformation is highly conserved across PKs, the inactive state
displays more variability, often distinguished by a few structural elements,
especially the aC-helix and the so-called activation loop [14].

The DFG motif, at the beginning of the activation loop, plays an important
role. In the active state, its DFG-Asp side chain points inward, stabilizing
the ATP substrate. Its DFG-Phe side chain points outward, occupying a
hydrophobic pocket between the aC helix and the g, strand (Fig. 4.1). Most
PKs retain this “DFG-in” conformation in their inactive state [15, 16]. Others
switch to a DFG-out conformation, where the Asp and Phe side chain positions
are swapped, impeding substrate binding. Thus, conformational free energy
can favor DFG-in or DFG-out, depending on the kinase.

The DFG conformation is also important for inhibitor binding, can modu-
late it and be modulated. Type-I inhibitors target the DFG-in conformation,
competing with substrates. Type-1I inhibitors such as Gleevec target the rarer
DFG-out conformation, helping to stabilize it and potentially offering a greater
selectivity [17]. Characterizing kinase structures and inhibitors has therefore
involved DFG motif annotations [15, 16, 18-21]. However, the factors influ-
encing inactive conformations are complex and still not fully understood for
every kinase.

Abl and Src, for example, have different DFG propensities, despite their
high sequence and structural similarity [22, 23]. Molecular dynamics simu-
lations quantified the in/out free energy difference for Src, and showed that
Gleevec (Imatinib) binding stabilizes the DFG-out state [24, 25]. Mutagen-
esis experiments highlighted several positions that increased Gleevec affinity
to Src, however the in/out conformational preferences could not be measured
separately [23]. Other positions were shown to stabilize the active conforma-

tion [26]. Hari et al. surveyed Map kinases [27], identifying two residues whose
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type correlates with the in/out preference: a residue preceding the DFG motif
and a “gatekeeper” residue within the activation loop that controls access to
the hydrophobic binding pocket [28]. Binding experiments validated these po-
sitions but did not explain their precise effect. It remains unclear whether they
determine the in/out free energy difference and by what mechanism. Haldane
et al. analyzed residue covariation during evolution to predict the propensity
for a large set of kinases to assume the DFG-out conformation [29]. However,
structural information is often obtained in the presence of ligands that alter
the conformational propensities.

The present study reexamines the determinants of DFG inactive preferences
using machine learning and comprehensive datasets. In line with previous
work, we seek a small number of “discriminating” residues that determine
or at least correlate with the intrinsic preference for a DFG-in or DFG-out
inactive conformation. We first improved the accuracy and coverage of a recent
collection and annotation of kinase structures [16]. The improved collection
contained 9920 structural domains, corresponding to 454 unique sequences.
Next, we labeled the domain sequences as tyrosine or serine-threonine kinases
(TK or STK) and their structures as active/inactive, DFG-in/DFG-out, and
apo or holo (a ligand is bound in the inactive site). Finally, we used ensembles
of decision trees to re-label the sequences automatically, according to their
intrinsic DFG-in/DFG-out structural preferences, and extracted information
on which sequence elements correlated with the in/out preferences. These
elements may help determine the activation loop conformation and could be
targeted in efforts to redesign it.

As a first, test problem, we verified that the decision tree models correctly
discriminated between TK and STK sequences, obtaining perfect classifiers for
this problem. The classifiers relied on positions with diverging conservation
patterns in TKs and STKs, some of which had been described and interpreted
earlier. We then applied the method to the DFG-in/DFG-out problem, using
kinase sequences for which structural information was available, along with
orthologous sequences lacking such information. While the models achieved
high classification accuracy, interpreting them within a conservation framework
proved challenging. However, for TK sequences, the models achieved near-
perfect classification by relying on just a few positions thought to be crucial

for stabilizing the DFG-out state. Moreover, the models captured intricate
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sequence patterns underlying the DFG propensities. As a further application,
we applied the models to 4089 PK sequences found in Swiss-Prot [30] for which
structure predictons by Alphafold2 were available [31, 32]. The predicted DFG

in/out labels agreed well with the predicted structures.

N-lobe

Activation

Figure 4.1: Inactive DFG-in (1IFMK, green, apo) and DFG-out (201Q, wheat/o-
range, holo) Src tyrosine kinase’s conformations. DFG motif resides within the
activation loop between N and C lobes, highlighted with darker green and orange
colors. In the DFG-in conformation, the DFG-Phe occupies the binding pocket, ex-
cluding the possibility of Imatinib’s (STI-571) binding. In contrast, in the DFG-out
conformation, DFG-Phe is “flipped,” freeing the space for type-II inhibitors.

4.2 Materials and Methods

4.2.1 Kinase domain discovery

The SIFTS database (Structure Integration with Function, Taxonomy and Se-
quence) [33] was queried with a Hidden Markov Model (HMM) from Pfam,
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which can be thought of as a sequence profile. We used model PF00069, re-
ferred to as Pk, which describes catalytic domains of kinases in general. This
model can overlook valid TK domains, especially when there are large inserts.
Therefore, in contrast to our previous work [16], we also used the PF07714
profile, referred to as Prx, which describes TK domains. Each Uniprot se-
quence was aligned to both profiles. We retained hits with a similarity bit
score above 50 for either profile, spanning at least 150 residues, where profile
and sequence coverage were above 70%. For sequences that had valid hits
from both profiles, we created a mapping based on the HMM node numbers
that frequently aligned to the same protein sequence position, assigning Py
numbering to Prx hits.

Hits from SIFTS have associated PDB structures. Following the transfer
of HMM node numbers from UniProt to PDB sequences, we extracted both
sequence and structural domains from the PDB entries. For structures with
gaps (due to unresolved regions), the PDB sequences were filled in based on
the Uniprot sequences (not necessarily fully identical, as mutations were em-
ployed in some structural studies). Each domain was characterized by struc-
tural variables, described below. For residues or groups with several alternate
conformations in a PDB entry, structural analyses were done using the first,

main conformation.

4.2.2 Ligand discovery and apo/holo structures

Atoms in each PDB structure were sorted into three main categories: poly-
mer, ligand, and solvent. Residues were polymeric if they appeared as such
in the Chemical Component Dictionary (CCD, ftp://ftp.wwpdb.org/pub/
pdb/data/monomers/components.cif). Solvent residues were defined by our
curated list. Remaining residues were annotated as ligands if they met the
following criteria: they had at least 5 atoms, their closest distance to a protein
atom was below 5 A, they contacted at least 5 protein atoms and 3 protein
residues. This procedure can occasionally result in some atoms not falling in
any of the categories. We manually checked such cases for legitimate ligands
(e.g., disjoint ligands appearing due to structure inaccuracy).

We split the binding pocket into several subpockets (Table 4.1). For each

subpocket, we defined an associated ligand as “bound” based on the number
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C' of connected residues and the distance D to any subpocket residues (Table
4.1). We considered that a ligand was likely to influence the DFG conformation
if it belonged to one of the following subpockets or subpocket pairs: xDFGx,
aC Glu, B3 Lys, aC-B4, Hinge & Hinge+, Hinge & Gatekeeper. Structures
with no ligands or ligands not within these groups were labeled as (effectively)

apo.

Table 4.1: Subpocket definitions

Name Pk pos. Criterion
B3 Lys 30 D <7
aC Glu 48 c>1
aC-f4 52, 6062 C>1
Gatekeper 77 c>1
Hinge 78-80 C >2
Hinge+ 81,82,84 Cc>1
Type?2 114,118,121 C >1
xDFGx 139-143 Cc>1

4.2.3 Sequence alignment and clustering

We used the CD-HIT clustering algorithm [34] to group domain sequences
at three identity levels: 70%, 95%, and 100%. CD-HIT algorithm iteratively
constructs cluster via comparing sequence identities in two steps: (1) a fast k-
mer-based comparison, and (2) a slower sequence-to-sequence alignment. New
clusters are formed by sequences that fail to meet the identity threshold with
all existing cluster representatives. The CD-HIT program was executed using
the options -g 1 -n 5.

For MSASs’ construction we used the mafft tool (Multiple Alignment using
Fast Fourier Transform), providing a good balance between speed and accu-
racy. It employs the Fast Fourier Transform to rapidly identify homologous
regions and then applies progressive alignment to construct the final MSA [35].
For pairwise sequence alignments, we used the biotite tool [36] that imple-
ments local sequence alignment via dynamic programming (Smith-Waterman
algorithm [37]). Finally, we used PyHMMer tool [38] for sequence-to-HMM
alignments, which is a reimplementation of the well-known HMMer program
(39].
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4.2.4 Annotating PK families

To annotate PK families, we relied on UniProt family annotations. When
these were not available, we employed HMM models from the PANTHER
database (v17.0) [40], categorized as: non-receptor serine-threonine kinases
(class PC00167; 2015 HMM member families and subfamilies), non-receptor
tyrosine kinases (PC00168; 95), receptor serine-threonine kinases (PC00205;
23), and receptor tyrosine kinases (PC00233; 18). These HMM profiles were
aligned to each full-length UniProt sequence with a PK domain previously
annotated (above). Depending on the best-scoring hit, we assigned a “Tyr”
(TK) or “Ser/Thr” (STK) label.

4.2.5 Assigning DFG in/out and active/inactive labels

We used our recent ML models DFGclassifier and KinActive [16] to catego-
rize each PDB structure as active/inactive and DFG-in/DFG-out. The models
rely on variables extracted from each structure, including backbone dihedral

angles, pseudo-dihedral angles, interatomic distances, and solvent-accessible
surface areas (SASA).

4.2.6 Enriching sequence data with orthologs

Given the limited number of sequences with 3D structures, we collected orthol-
ogous sequences lacking an associated X-ray structure, from both PANTHER
and UniProt. PANTHER offers an ortholog matching from 143 supported or-
ganisms (http://pantherdb.org/services/oai/pantherdb/ortholog/matchortho).
Using sequence and organism identifiers as inputs, we obtained UniProt acces-
sions of prospective orthologs. Concurrently, the UniRef50 database groups
sequences at a 50% identity threshold [41, 42]. Utilizing the bioservices
Python library [43], we determined the corresponding UniRef50 cluster for
each of our sequences. Within these clusters, we identified ortholog candidates
by matching gene annotations; specifically, we retained a candidate ortholog if
its gene names overlapped with those of the query sequence. We aligned each

query-ortholog pair and computed the match identity.
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4.2.7 Making and encoding sequence alignments

To create and encode multiple sequence alignments (MSAs), we used the map-
pings between UniProt sequences and HMM node numbers, detailed above.
For a given position profile p, we denote P(p) the corresponding amino acid
and P(p,i) or PFP(p,i) (i = 1-3) one of three numerical variables that corre-
spond to physicochemical properties, or “Protein FingerPrints” associated with
P(p). These variables results from a principal component analysis (PCA) to
transform the high-dimensional data amino acid data in the AAindex database
[44] into a lower-dimensional space [45, 46]. Combined for a set of sequences,
P(p,i) and PFP(p,i) lead to an MSA and its numerical representation, re-

spectively.

4.2.8 Constructing training datasets

To curate our training datasets, we pursued the following strategy:

1. Clustering of sequences: We clustered patched domain sequences,
previously predicted as inactive, using a 95% identity threshold.

2. Defining seed collections: The resulting clusters were partitioned
based on their apo/holo and TK/STK labels. These divisions formed
our initial, or “seed” sequence collections.

3. Ortholog enrichment: For each seed collection, we added orthologous
sequences. We selected (seed, ortholog) pairs that exhibited sequence
identity within the [70, 100)% range. For orthologs matching multiple
kinase sequences, the ortholog was assigned to the sequence with the
highest match score. Seed sequence labels were then transferred to the
associated orthologs.

4. Sequence encoding and dataset creation: We generated both raw
and numerically-encoded MSAs. The raw MSAs aided in examining
positions during feature selection (below), whereas the encoded MSAs
served as input for the ML models.

5. Sample weighting: To counter sequence redundancy, we assigned weights
to each sequence, inversely proportional to the size N; of its 95% identity

cluster.
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4.2.9 ML models training and feature selection

Let X be an N x M table of features (an encoded MSA) and Y an array of
N response variables (e.g., DFG-in and DFG-out classes encoded as 0 and 1).
Let f be an ML model, which relies on a set of trainable parameters ¢ and a
set of non-trainable, or “hyper” parameters A\. The model outputs predictions
Y = f(X;0,\), which are compared to the known values Ye,,. A performance
metrics p(Y, Yexp) estimates how well the predictions match the known labels.
Hyperparameters are chosen to maximize p. Our model training comprised

the following steps:

1. Hyperparameter tuning: Solve an optimization problem \' = argmazx p.
A

2. Performance estimation: compute p(f(X), Yexp)-

3. Feature selection: Select features relevant to the objective, producing
a new dataset X’ with fewer variables.

4. Hyperparameter tuning: Further optimize hyperparameters using
the new dataset X'.

5. Performance estimation: compute p(f(X), Yexp)-

6. Final model training: Use X’ and the optimized hyperparameters to
train the final model.

7. Feature ranking: Order the selected MSA columns or features accord-

ing to their impact on the output p.

We used two ML algorithms: XGBoost (eXtreme Gradient Boosting; XGB)
[47] and Random Forest [48] (RF). Both use an ensemble of decision trees
trained greedily to partition Y based on the values of X, but have different
training paradigms. The first employs the gradient boosting algorithm [49],
which sequentially grows a collection of decision trees. Each added tree is
trained to better account for errors made by its predecessors through explic-
itly minimizing a binary cross-entropy loss function. We provided a detailed
desciption in our previous work [16]. In contrast, the RF trains decision trees
independently on random subsamples of X, different for each tree. It outputs
a consensus prediction averaged across the ensemble. The training of a single
decision tree is exemplified in the Supplementary Material.

We used the Optuna algorithm [50] to find optimal hyperparameters. It is
a Bayesian approach that sequentially optimizes an arbitrary objective func-

tion, FEV(Y,Y") in our case (see below), for a predetermined number of steps
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(100 steps). To filter for relevant features, we employed the Boruta algorithm
[51], which retains those features that demonstrate consistently higher impor-
tance values compared to feaures with randomly scrambled labels. A feature
is marked as relevant if its importance surpasses a pre-defined percentile of
the scrambled features. We used the 95th percentile for XGB and 100th for the
RF. We used our own Boruta implementation implemented as an open-source
eBoruta tool. To estimate feature importance, we used Shapley’s additive
explanations (SHAP), which assess each variable’s contribution to the output
using a game theory approach [52]. We utilized the shap Python library [53]
to compute SHAP values and interactions [54]. For further details, see our

recent work [16].

4.2.10 Cross-validation

During cross-validation (CV), we split the dataset into N non-overlapping
parts (“folds”). Each fold was constructed from sequence clusters obtained at
the 95% sequence identity threshold and randomly sampled to reproduce the
class ratios of the full dataset (i.e., “balanced” sampling). During each iteration
of CV, one fold was left out for testing while the model was trained on the
remaining folds. We used ten CV folds in all cases except for hyperparameter
tuning, where five folds were used. New folds were generated each time the CV
was used to estimate the performance (see below), including hyperparameter

tuning.

4.2.11 Performance metrics

The ML models were scored on the accumulated CV predictions using one
of three binary performance metrics: precision (prc), recall (rec), and Fj-
score. For true positive (TP), true negative (TN), false positive (FP), and

false negative (FN) predictions, the precision is defined as

TP
R — 4.1
P TPy FP (4.1)
Recall, or true positive rate (TPR), or sensitivity, is defined as
TP
rec (4.2)

T TP+ FN
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The Fi-score is the harmonic mean of precision and recall:

prcxrec 2TP

=2 —
YT %predrec  2TP+ FP+ FN

(4.3)

4.2.12 Constructing and visualizing phylogenetic trees

We produced MSAs of TK and STK patched domain sequences using mafft.
MSAs were input to the iqtree2 tool [55] to build phylogenetic trees. This tool
iteratively modifies a phylogenetic tree’s structure to maximize its likelihood
according to a specific probabilistic model (Pfam.(Q in our case) that describes

the evolutionary changes. We used the ete3 toolkit [56] to visualize the results.

4.2.13 Contact Frequency Maps

We used Contact Frequency Maps (CFMs) [57] to compare contact frequencies
between structural domains labeled as DFG-in and DFG-out. To construct
CFMs, we computed the minimum distance between residue pairs for each of
the N Py positions. We then employed a 6 A threshold to denote the presence
(1) or absence (0) of a contact, resulting in an NxN matrix for each protein.
These were subsequently averaged across the DFG-in and DFG-out domain
structures to derive CFM;,, and CFM,,;. We then merged these into a single
matrix, placing the CFM;, data below and CFM,,, data above the diagonal.
During the averaging process, any missing values were omitted, which could
possibly highlight infrequent contacts. In contrast, treating these as an absence
of contacts would give less weight to unmapped or unstructured regions. We
constructed CFMs for TK and STK domains separately.

A contact frequency difference map (CFDM) can emphasize differences in
contact frequencies by removing the contacts common to two conformations.
To obtain it, we subtracted CFM,,; from CFM;,. CFDM;, /., values range
between -1 (exclusive to DFG-out) and 1 (exclusive to DFG-in).
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4.3 Results

4.3.1 An updated collection of kinase domains

We updated our recent kinase collection [16] using the latest SIFTS [33] version
encompassing 62790 UniProt sequences mapped to 206987 PDB entries (as of
7/2023). We also improved the domain discovery protocol to better account for
tyrosine kinase sequences (see Methods). Applying this protocol to all SIFTS
sequences resulted in 739 hits using a general PK domain HMM profile Py
and 699 using a profile Prg specific for TKs, for a total of 710 PK-domain-
containing sequences. These corresponded to 7929 initial PDB entries and
12002 protein chains, 9920 of which contained valid PK domains with at least
100 residues and 80% identity to UniProt sequences. There were a total of 454
unique UniProt entries associated with at least one domain structure.

Using highly accurate ML models developed earlier [16], we annotated
the structures as active or inactive and their DFG conformations as DFG-
in, DFG-out, or DFG-other. There were 5724/4196 active/inactive structures
and 8733/1082/105 in/out/other structures. 8657 (87%) of the domains were
ligand-bound, while the other 1263 were apo. There were 9769 ligand—domain
pairs in total. 852 domains had multiple contacting ligands, ranging from 2
to 9 (5S7I:B), and 95 ligands were shared between multiple domains (191 in
total). We subdivided bound ligands into effectively apo (ligand away froom
the activation loop) or holo (8767), relying on rule-based subpocket definitions
(see Methods). The ligands spanned the ATP binding pocket region and the
DFG-out-specific subpocket housing Type-II inhibitors, which was occupied
in 744 domains (Fig. 4.8). Overall, there were 8534 holo and 1386 apo (or
effectively apo) domains.

There were 7172 Ser/Thr PKs (STKs), with the CMGC (2082) and CAMK
(977) subfamilies being the most abundant, and 1465 lacking a subfamily anno-
tation. The other 2748 entries were tyrosine kinases (TKs). Table 4.2 reports
the sequence and structure labels. All active and most of the inactive domains
adopted the DFG-in orientation. TKs were usually observed in the inactive
state (65%), with or without ligands and STKSs less frequently (38% and 33%
in the apo and holo subsets). 61% of the TK sequences were found in inactive
structures, compared to 44% of STK sequences. This will become crucial for

the ML applications below. The fraction of sequences with inactive DFG-out
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Table 4.2: Updated collection’s labels.

Group Active Apo DFG | Dom. Struc. Seq. Clust.gs; Clust.7go

STk False False in 1438 1162 127 119 95
other 66 55 16 15 13

out 472 325 59 58 48

True in 330 222 77 76 60

other 17 16 7 7 6

out 84 66 28 28 23

True False in 4057 2700 239 216 162

True in 707 423 141 126 103

Tk False False in 1125 ave 51 45 30
other 14 12 6 6 6

out 486 356 42 40 28

True in 117 85 28 26 17

other 7 4 3 3 3

out 40 29 14 14 13

True False in 876 606 44 38 25

True in 83 56 23 21 13

structures also varied with protein family: 22-25% for CAMK, CMGC, STE;
36% for TKL and TKs; 39% for AGC; 65% for NEK (Fig. 4.9a).

To summarize, the structural data, while abundant and fully labeled, did
not yield a highly diverse collection of sequences with inactive domain struc-
tures. 1789 inactive TK domains produced only 172 sequence clusters at the
95% identity threshold. Furthermore, despite expanding the definition of apo
structures to include ligands distant from the DFG-out motif, the proportions
of structures and sequences they cover were low (16% of all structures, 39% of
all sequences), and lower in the inactive subsets (6% and 20%). This limitation

was addressed below by adding orthologous sequences.

4.3.2 Identifying Ser/Thr and Tyr kinase sequences with

decision trees

As a test problem, we used ML to identify sequence determinants that distin-
guish Ser/Thr and Tyr kinases. We considered a dataset of 188 TK and 322
STK sequences. Supplementing them with orthologs led to 1892 TK and 2978
STK sequences. We trained decision tree ensembles using either RF and XGB

models. They achieved perfect sequence partitioning with no errors in cross-



4.3 Results 152

validation test sets. RF and XGB relied on varying sets of residues (features).
XGB used 39 input variables (ProtFP PCA components), corresponding to 25
positions in the PK HMM profile.RF considered 752 out of 795 features (252
positions) to be relevant. Additionally, XGB conferred greater importance to a
select few positions, in contrast to RF’s more uniform distribution (Fig. 4.13).
We inspected the top 10 profile positions identified by each model, represented
in (Fig. 4.2¢) as sequence logos (one each for TKs and STKs). A mapping of
P profile numbering to sequences from eight representative PK domains is
given in Table 4.10.

Most positions’ importance coincided with a pronounced difference in con-
servation between TKs and STKs. The most prominent positions selected
by both models featured residues with contrasting physicochemical properties,
such as charge and size. For instance, position 115 contained His in almost all
STKs, while TKs harbored Glu, Ser, and Ala. Similarly, Lys at position 125
was predominant in STKs, and Ala in TKs. Similar observations applied to
other selected positions. Some of these positions were identified previously as

determinants of TK and STK substrate specificity.

Random Forest XGBoost

Figure 4.2: A sequence logo of the TkST sequences at top-10 selected positions
selected by RF and XGB.

4.3.3 Phylogenetic analysis of the DFG conformation
propensity

We now turn to the DFG in/out conformational preferences. To understand

how this preference evolved, we selected domain sequences that: (1) were
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labeled as inactive, (2) were labeled either DFG-in or DFG-out, and (3) had
both DFG-Asp and DFG-Phe present in the structures. This resulted in 3729
structures, and 202 sequence clusters at the 95% threshold (compared to the
initial 410 clusters). Clusters with at least one apo structure were labeled

« b

apo,” and all others were labeled “holo.

7

We further labeled apo clusters
as “in” or “out” if no label conflicts existed and “mixed” in the presence of
conflicts (opposing labels within the same sequence cluster). Holo clusters
were designated “out-exists” if they contained at least one DFG-out structure
and “in-only” otherwise. We selected the most representative sequence from
each cluster and constructed phylogenetic trees for each family separately (see
Methods).

Within the holo subset, 40 clusters had at least one DFG-out structure,
while 51 contained only DFG-in structures. The apo subset consisted of 77
DFG-in, 24 DFG-out, and 10 mixed (or conflicting) clusters. Additional details
about these clusters, including discrepancies in labeling are in Supplementary
Material (Table 4.5). Potential reasons for these discrepancies include: (1)
a naturally low DFG-in/DFG-out free energy difference, (2) allosteric ligand
effects, as seen in MK14, (3) interdomain allostery in BRAF, and (4) sequence
mutations in proteins like MP2K7 and MKNK2.

Fig. 4.3 maps the cluster propensities onto a phylogenetic tree. Several

observations stood out:

e There was no discernible pattern for the propagation of the DFG-out
sequence propensity. DFG-out apo structures (within “pure” or mixed
clusters) were sporadically distributed across the tree, occasionally neigh-
boring the DFG-in ones. For instance, groups (MP2K7, MP2K6, MP2K4)
and SNF1 from S. Pombe and S. cerevisiae.

e Sequences with a natural DFG-out preference often clustered together.
In contrast, sequences such as TIE2, PKNE, VPS15 (DFG-out), and
VGFR2 (DFG-in) deviated from this pattern. A manual examination
revealed that VGFR2 was in the DFG-other conformation leaning to-
wards DFG-in. Another misannotation concerned MP2K6, which dis-
played the DFG-other conformation with both DFG-Asp and DFG-Phe
oriented “up.” For other sequences, these deviations might arise due to
limited coverage of the corresponding sequence space regions.

o Every PK family featured clusters with mixed propensities. Except for
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Figure 4.3: A phylogenetic tree of inactive PK domain sequences with mapped
DFG conformational propensities. The leaves are annotated radially by the repre-
sentative structure and sequence followed by the number of domains supporting the
label (for “apo” and “in-only holo” clusters) or the DFG-in/DFG-out proportion for
clusters with an existing DFG-out structure. Other details are in the main text.

CMGC, every family had at least one DFG-out apo structure. Remark-
ably, nine TK sequences from groups (1) and (2) displayed a consis-
tent bias towards DFG-out, regardless of an inhibitor’s presence. Ad-
ditionally, closely-related sequences lacking apo structures (DDR2 and
NTRK3) were solely linked with the DFG-out conformation.
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4.3.4 ML models to identify DFG-in and DFG-out se-

quences

To identify the residues that correlate with each sequence’s DFG in/out pref-
erence, we proceeded to train decision tree enesembles. We treated the TK and
STK sequences separately, and we excluded any sequences that fell into the
“mixed” clusters described above (clusters containing sequences with opposing
in/out preferences). Each subset was enriched with orthologues, resulting in
840/490 in/out STKs and 588/412 in/out TKs.

The trained models were highly accurate classifiers, with F; scores ap-
proaching 1.00. XGB made 3 and 7 errors on the TKs and STKs, respectively,
while RF made 9 and 6. Several misclassifications were shared by the two mod-
els. For instance, both algorithms misclassified the TK sequences TIE2 and
DDRI1 and the STK sequences MKNK1, VPS15, and PKNE. Other errors not
common to both models included ALK, SNRK, and KAPCA, errors likely due
to insufficient orthologous sequences.

We applied the same methods to the seed datasets (without orthologues).
The limited data caused the models’ performance to fluctuate during CV,
rendering the results largely unreliable. Still, some of the TK positions (77

and 147, described below) were considered for further analysis.

4.3.5 Interpreting models on a sequence level

For each model( XGB, RF) and dataset (TKs, STKs), we examined the ten
positions with the largest contribution to the classification. Fig. 4.4 shows
sequence logos at these positions, separately for the DFG-in and DFG-out se-
quences, while Table 4.3 maps the P numbering to the UniProt numbering of
eight representative domains. For TKs, several positions displayed pronounced
differences in conservation (Fig. 4.4a). Specifically, positions 11, 14, 84, 155,
and 168 were highly conserved in the DFG-out sequences, but variable in the
DFG-in ones. Six positions, 14, 46, 53, 155, 168, and 207, were selected by
both RF and XGB, with a conserved Lys14 ranked as the top feature by both
models. STK conservation patterns were less clearcut, with RF seemingly cap-
turing the desired signal more effectively than XGB (Fig. 4.4b). Positions 69
(B4-B5 region), 168, and 177 (C-terminus of the AL) emerged as prominent

discriminators. Position 69 featured Asp and Glu in most DFG-out sequences,
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while DFG-in sequences mostly excluded such residues, without adhering to
any particular preferences. Similarly, DFG-in sequences favored Val at posi-
tion 168, while the DFG-out ones were heavily skewed towards Lys at position
177. Overall, the most prominent positions described above followed a com-
mon pattern: they were constrained to one or, at most, a few residues in one
group, whereas the other group did not display any strong preferences and

mostly excluded the dominant residues found in the opposing subset.

Table 4.3: Mapping of the Px ML-selected positions to representative DFG-in
(ABL1-FGFR1) and DFG-out (PGFRA-MUSK) TKs.

Reg. PK, ABL1 SRC ALK FGFR1 PGFRA INSR DDR1 MUSK

G-loop 11 Qos2 Caso  Aq126  Cuss Ago3 S1033  Qe20 Asgy
B2 14 Eazss  Eogs  Eiri29  Quon Keos Miozs  Ee23 Rss7
B3—aC 35 D¢ Gzoz  Viss Dsig Te32 S1062  Deso Ee13
37 Mars  Mazos  Siis7 Tso1 Re34 S1064  Tee2 Se15
39 Vago  Pzor Quise  Ksos Se36 Rioes  Neea De17
aC 46 Logy Lsin Lies  Is2 Mg 42 Lio72  Lero Q23
53 Kogr  Kszis Sz Ksse Tea9 Kioro  Serr Ag30
Hinge 77 Tai5  Tss1 Litgs Vser Te74 Mi103  Tro1 Fes4
aD 84 Nzzz  Szss Dizos  Nsgs Des1 D110 Dros De61
ALxN 139 Vi3rg  Vyos  lizes  lesg Ig34 Ii17s g2 I740
147 Lagr Ls13  Diorg  Dear Dsga2 Di11ss  Nrgo N7y
150 Gsgo  Dais  Rizrg  Heso Hgys Ei1ss  Avos S751
154 Y393 Yagi9  Gioge  Tesr Ksso G113 Qsoo D7ss
155 Ty  Ta0 Grogr  Tess Gss3 Giioa  Gso1 G7s9
ALc 168 Sa10 Ayse Az Aemi Sge6 S1207 Csus S772
aG 207 Yoo Ki247 Ysi12
226 Raysr  Russ  Risar  Rrs Ro14 Y1254 Yseo

To gain further insights, we analyzed MSAs of the selected positions. Our
goal was to elucidate some of the misclassifications discussed earlier. The STK
sequences presented a challenge: they exhibited a blend of DFG-in/DFG-out
characteristics, making them difficult to categorize clearly (Fig. 4.19). On the
other hand, two DFG-out TK sequences, DDR1 and TIE2, displayed notable
deviations at particular positions that were more conserved among their peers.
For instance, DDRI1 varied at positions 11, 14, 147, and 154 (QENQ vs. the
AKDK), whereas TTE2 diverged at positions 11, 14, 84, 147, and 155 (NQNQT
vs. AKDDG) (Fig. 4.20), leading to erroneous labeling of these sequences by

the models.
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Figure 4.4: A sequence logo of DFG-in/DFG-out datasets’ sequences at top-10 se-
lected positions, with (a) depicting the Tk subset and (b) depicting the RF selection
of the STk subset.

4.3.6 Structural analysis of the selected positions

To characterize structural changes between the DFG-in and -out conforma-
tions, we computed residue contacts in each conformation (see Methods).
Contact frequencies were then averaged across DFG-in and DFG-out domain
structures, to derive NV x N Contact Frequency Matrices, where N is the num-
ber of residues in the kinase profile Px. The differences in contact frequencies
between the in and out conformations are shown in Fig. 4.5. Variations re-
lated to AL residues are prominent, particularly the DFG motif (141-143) and
nearby residues 144-149. Within TKs, the region 141-149 displayed DFG-out-
specific contacts with the N-lobe G-loop and (3, regions (11-17). These were
less frequent or DFG-in-specific in STKs. A similar trend was observed in the
(207226, 199-217) and (207-226, 160-170) quadrants. Other variations in-
cluded long-range contacts specific to either DFG-out in STKs (e.g., 156-202
and 157-215) or TKs (e.g., 9-147 and 170-215). Table 4.11 reports the top
five DFG-in and -out-specific contacts for selected positions. The main con-
tact effects did not overlap strongly with the main ML-derived discriminating
positions.

Representative apo DFG-out TK structures are shown in Fig. 4.6. Unlike
DFG-in apo structures (Fig. 4.17), the AL was fully resolved in all DFG-
out structures. Its DFG-Phe residue was deeply nestled in the ATP-binding
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Figure 4.5: Contact frequency difference map (CFDM) for the apo inactive DFG-
in and DFG-out TK domains. Missing distances were excluded on averaging the
contact number per DFG-in/DFG-out groups. Selected positions are highlighted on
the left and at the top.

pocket, while its distal residues were encompassed by the G-rich loop. This
is consistent with the contact frequency differences above. AL-3; and AL-G-
loop contacts were unique to DFG-out in TKs. Alall in the G-loop shields
hydrophobic residues 144-145 from solvent. The gatekeeper residue 77 may act
as a hydrophobic anchor for DFG-Phe, particularly in structures where Phe77
and DFG-Phe face each other (Fig. 4.6b). The top-ranked ML position, Lys14
in DFG-out sequences, was exposed on the surface and lacked specific contacts
(Fig. 4.6a-b).

Residues 84, 147, and 150, highly ranked by the ML models, appear to

stabilize the AL through polar interactions and assume distinct roles in var-
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ious kinase groups. Within class III RTKs (including FLT3, KIT, CSF1R,
and PGFRA), Aspl47 interacts with Asn/His150 and Argl46 points towards
Asn128 and DFG-Aspl141 to form DFG-out-specific interactions. In the (NTRK1-
2, DDR1, MUSK) group, an a-helix appears to be stabilized by the interaction
between Tyr149 and Asp84 (Fig. 4.6b). More distant AL positions 154 and
Gly155 (Fig. 4.6d) are in a S-turn present in all DFG-out apo TKs. Finally,
residues 35, 37, 39, 47, and 53, within the aC helix (Fig. 4.6¢), were found to

have no specific contacts exclusive to the DFG-out conformation.

Figure 4.6: DFG-out apo Tk domains. The DFG-Phe and DFG-Asp were depicted
in red. The selected positions were highlighted in yellow. The essential contacts were
colored cyan. (a) The structures were rotated appox. 90° clockwise around the axis
between the N and C lobes. PDB codes: 5K5X:A, 1T45:A; and 20GV:A. (b)
The structures were oriented as in (a). A subset with a different mechanism of the
AL stabilization (see the main text). PDB codes: 6Y23:A, 4ASZ:A, 6D22:A, and
1LUF:A. (c) The positions within or proximal to the aC-helix. (d) The positions
selected within the distal part of the AL and the C-lobe a-helices.

4.3.7 Exloring other labeling strategies

For completeness, we explored other strategies for assigning the DFG labels.
To reiterate, when constructing the datasets above, we excluded sequences

corresponding to both ligand-bound and “mixed” propensity domains. As
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alternative hypotheses, we also made datasets where (1) sequences of ligand-
bound structures were allowed, and (2) mixed-propensity entries were retained.
In both of these scenarios, the DFG-out labels were assigned to all sequences
within 95% identity clusters that contained at least one DFG-out-labeled do-
main. Although the models attained decent performance, they mostly failed to
highlight any discernible conservation signal within these sequence data. This
led us to conclude that ligand-bound structures do not possess a generalizable
sequence signal susceptible to data mining, while retaining “mixed” clusters
introduces noise that complicates sequence mining. Supplementary material

provides further information on these additional datasets.

4.3.8 Predicting conformational propensities for Swiss-

Prot proteins

Most of the SwissProt [30] kinase sequences have undergone structural predic-
tion with the AlphaFold2 tool [31]. For 3,784 of the Alphafold2 kinase models,
active/inactive labels and DFG classifications were computed recently [16].
The character of the DFG conformation in the Alphafold2 models can thus
be compared to the present, sequence-based predictions. Only the structures
that Alphafold2 modeled in the inactive state were considered, namely 265
TKs and 781 STKs, for a total of 1046 Alphafold2 sequences and structures.
81% (847) were predicted by our ML models to prefer the DFG-in inactive
conformation. In contrast, Alphafold2 modeled as many as 92% in the DFG-
in conformation. For sequences predicted here to prefer DFG-in, agreement
with Alphafold2 was almost perfect (only 16 discrepancies, or 1.9%). But for
sequences predicted here to prefer DFG-out, 142 of 199 (71%) were predicted
by Alphafold2 to prefer DFG-in. In effect, Alphafold2 behaved almost exactly
like a Null model that assigned DFG-in (the predominant conformation in the
PDB) to all inactive kinases. The data are summarized in Table 4.9.
AlphaFold2 favoring DFG-in was especially apparent for STK sequences.
For 37 STK entries that were part of our initial (“seed”) dataset, and thus
had manually verified apo-state propensities, all the Alphafold2 structures
were incorrectly predicted in the DFG-in orientation. These included two hu-
man (NEK1-2) and four non-human enties (SRK2E from A. thaliana; SNF1
and VPS15 from yeast, and PKNE from M. tuberculosis). Conversely, no mis-
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Table 4.4: Numbers of in/out preferences predicted by XGB and Alphafold2 (AF2)
(TKs/STKs in parentheses).

AF2 DFG-in  AF2 DFG-out Fractions

XGB DFG-in 831 (184/647) 16 (8/8) 82%
XGB DFG-out 142 (30/112) 57 (43/14) 18%
Fractions 92% 8%

matches were found among 11 DFG-in and 4 DFG-out TK “seed” entries. This
implies that our sequence-based models likely captured native DFG propensi-
ties better than AlphaFold2, which appears to have a strong bias towards the

predominant conformation in the PDB, used for its training.

4.4 Discussion

DFG conformational selection involves rather subtle structural changes and
modest free energy differences [24, 25] that can be modulated or inverted
by ligand binding. In addition, positions whose conservation correlates with
DFG preferences may have functional significance, but can also simply mirror
broader evolutionary patterns such as ancestral sequences and branching time-
lines [58]. Thus, sequence determination of DFG-in/DFG-out propensities is
not fully resolved and was revisited here using machine learning. Our recent
PK collection was updated to include additional PK sequences and structures,
of which 4,196 were labeled as inactive. However, only a fraction of sequences
were represented by apo structures, where ligand effects are absent. These were
augmented by orthologues lacking structural information. As a simpler, test
problem, we first used ensembles of decision trees to distinguish TK and STK
sequences. The cross-validated models perfectly partitioned the sequences and
pinpointed positions with pronounced conservation differences. Top ranking
positions 125, 127, 160, and 162 agreed with earlier approaches [58, 59]. This
helped validate the approach.

We then analyzed how the DFG-out propensity evoloved throughout the
domain phylogeny. Intriguingly, closely related sequences corresponding to
apo domains often exhibited contrasting conformational tendencies, with var-
ied potential explanations. Furthermore, phylogenetic placement of native

propensities was often sporadic, implying no consistent evolutionary trajec-
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tory. This suggested that DFG preferences should be investigated separately
for TKs and STKSs, so that evolutionary changes related directly to DFG struc-
ture are not obscured by other, broader changes.

Training the ML models to partition the DFG-in/DFG-out sequences led
to near-perfect classification of both TK and STK sequences. The models
trained to classify TK apo sequences detected a clear conservation signal. Two
clusters of receptor TKs contrasted with more diverse DFG-in sequences. Most
residues specific to DFG-out could be structurally rationalized as reinforcing
the DFG-out AL, although some closely-related sequences appeared to use
different stabilization mechanisms.

The ML-selected positions were corroborated by several studies. The class
IIT RTKs and DDR1-2, which inherently favor the DFG-out state, were de-
scribed by Hanson et al. as exceptionally receptive to a range of inhibitors,
binding to over a hundred distinct molecules [60]. They proposed that in-
creased AL stability in the DFG-out state might explain this adaptability.
They associated this stability to contacts identified here, including a polar
network formed by Argl46, Asnl128, and DFG-Aspl41. Mutations of these
residues compromise the DFG-out conformation. Mutations at position 14
in ABL1 are associated with resistance to type II inhibitors in patients with
chronic myeloid leukemia, suggesting DFG-out is less accessible [7, 61, 62].

The Asp84Asn mutation in NTRK1 (569 in NTRK1 numbering) abolishes
phosphorylation [63, 64]. Beyond this, mutagenesis studies offer no further
insights on position 84. In contrast, several DFG-out proteins manifest muta-
tions at the conserved Asp147 that markedly influence their activity. In FLT3
and KIT these mutations produce constitutive activity and increased sensitiv-
ity to Gleevec [65]. They may be associated with AL destructuring [66-68].
The mutation Aspl47Tyr in NTRK1 (residue 668) results in a less active pro-
tein. The same mutation in PGFRA (position 842) increases Gleevec sensitiv-
ity, while Asp147Val yields resistance in humans [69, 70]. These substitutions,
as MD simulations imply [60, 71], destabilize the DFG-out AL conformation,
making it less accessible.

Overall, several discriminating positions appear to the DFG-out confor-
mations. However, despite clear conservation in DFG-out tyrosine kinases,
the roles of some others positions remain unclear. Additionally, our results

suggest that finding conformational determinants applicable across all kinases
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is unlikely. Instead, these determinants appear to rely on sequence context
and evolutionary history beyond the DFG motif and its neighborhood. It
may be that the DFG propensity is a convergent trait, easily adopted when
functionally necessary. Ancestral determinants may also have evolved differ-
ently within each PK subfamily, so that distinct positions serve analogous
functions. Finally, if the DFG propensity is selectively neutral, its determi-
nants could shift throughout the sequence, settling into consistent patterns
only within specific homology-based subgroups.

As the volume of structural data expands and sequence diversity increases,
machine learning will continue to help identify structural determinants, as
demonstrated here with the DFG motif and TKs. Combined with carefully
annotated datasets, our ML models and carefully crafted datasets offer a robust
platform to assist in hypothesis testing, mutagenesis and engineering studies,
and the development of PK inhibitors.

4.5 Supplementary Materials
4.5.1 Analysing clusters with “mixed” propensity

Table 4.5: Mixed-propensity clusters and their representative domain structures.

‘ ‘ DFG-in DFG-out
1| MK14 MOUSE 5RA5:A 62 2NPQ:A 4
2 | EGFR_HUMAN 3GOP:A 13 4I21:A.B 14
3 | M4K4 HUMAN 4U37Z:A 2 4U37Z:B 16
1 | CDK6 HUMAN 1BLX:A 1 1G3N:AE 5
5| SNF1_YEAST 3HYH:A.B 5 3MN3:A 1
6 | ROCK1_HUMAN | 7S526:D 1 3TWJ.BD 2
7 | MP2K7 HUMAN | 2DYL:A 2 5Y8U:A 1
8 | MKNK2 HUMAN | 2AC5:A 1 2AC3:A 1
9 | INSR__HUMAN 1P14:A 1 1IRK:A 1
10 | BRAF HUMAN 4H58:B 1 4H58:C 1

Table 4.5 lists clusters obtained at the 95% identity threshold and contain-
ing both DFG-in and DFG-out domains in the apo state. Table contains a
representative structure and a total number of entries supporting the label.

We will discuss each of the entries in the presented order.
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(1) All four DFG-out MK14 structures (2NPQ:A, 2FSM:X, 4GEO:A, 5N64:A)
have a ligand bound to an allosteric pocket within the C-lobe. Diskin et al.
characterized this pocket as accommodating lipid molecules [72]. None of the
publications accompanying these structures provide an insight into its influ-
ence on the DFG motif. Allosteric modulation and sequence mutations likely
facilitate the DFG flip in this case.

(2) EGFR has structures supporting all DFG conformations. Perhaps due
to a greater AL conformational plasticity [73], DFG transitions in EGFR have
a lower energetic barrier, capturing some intermediate conformations.

(3) Two DFG-in M4K4 domains lack an accompanying publication, and
no sequence differences could explain the observed discrepancy, leaving the
possibility of some external variables influencing the DFG conformation.

(4) DFGin and DFGout structures bind natural protein inhibitors protrud-
ing inside the binding pocket and impacting AL conformation. We couldn’t
automatically account for natural (peptide/lipid) inhibitors in our data pro-
cessing pipeline: otherwise, such cases should have been excluded.

(5) SNF1 DFG-out structure 3MN3:A contains a large G-loop insert pro-
truding deep into the binding pocket and lacking in SHYH:A,B domains. The
G-loop’s hydrophobic nature likely impacts “pulls” the DFG-Phe and reorients
the structure accordingly.

(6) Both DFG-in and DFG-out domains come from multimeric structures,
which interface via N-lobe regions. Neither accompanying papers nor sequence
differences help to explain the observed discrepancies. The number of existing
apo structures, unlike the EGFR case, doesn’t allow positing natural DFG
promiscuity.

(7) The DFG-in 2DYL:A domain of MP2K7 may be unique within avail-
able data. It has two AL mutations, including the T291D mutation of the
gatekeeper, which, as the title suggests, is activating. No publications accom-
pany the X-ray data. Based on this, we suspect the native sequence likely to
have a weak DFG-out propensity.

(8) An Mnk2 DFG-out protein (2AC5:A) is a valuable example of a single
mutation within the PK domain sufficient for the label’s shift. As indicated
by authors in [74], mutating Gly to Asp in the DFG motif pushed the mutated
structure into the DFG-out conformation. Interestingly, among the sequences

with confirmed preference, a single DFG-out sequence of the structure 2HW6:A
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(Q9BUBS5, Human MKNK1 protein) had the same non-canonical DFD motif.

(9) The sequence for INSR structure 1IRK:A contains mutation Y984F
external to the PK domain and located at a highly conserved position implied
in autoinhibition and catalytic activity [12].

(10) Both BRAF chains come from a trimeric complex with a ligand-bound
chain 4H58:A. In a publication accompanying a similar structure [75], the
authors suggested that it constitutes an example of an anomalous inhibitor-
induced dimerization of a cancer-malformed protein. The inhibitor binds to a

single protomer, inducing the conformational switch in another one.

4.5.2 Decision tree training example
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Figure 4.7: (a) Each character in an MSA column is embedded into numerical
representation using two ProtFP PCA components. (b) A trained decision tree.
Each DT node has a split threshold to distribute examples into child nodes. The
decision path of ALA classification is highlighted in orange.

The Random Forest algorithm comprises an ensemble of decision trees, each
trained separately on random subsamples of available instances and features.
Each decision tree comprises a collection of internal and terminal (leaf) nodes.
The former contains learned threshold values that guide training instances
towards the latter. The tree is grown greedily by searching for input variable
thresholds that decrease the impurity of the child nodes when compared to
the parent node. In classification problems, the impurity is typically measured
by the Gini importance or the Shannon entropy. Assuming that a node D

comprises N instances, K of which have class 0, and the rest have class 1, its
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Gini impurity is defined as

G(D)zl—(%>2—(N—J;K)2:1—;p? (4.4)

where p; is the fraction of observations that belong to the i-th class. To quantify
the goodness of split of a parent node P with N observations into child nodes
L and R of sizes N7 and N,, the following is used:

S=G(P) - 21a(L) — “2G(R) (4.5)

To illustrate, consider a sequence corresponding to a single MSA column
VILIKDKKQD labeled as 0000011111. Using two ProfFP PCA components, we
numerically encoded it into a 10 x 2 matrix with columns C; and C, (Fig.
4.7a). Fig. 4.7b shows a tree trained to partition these data and applied to
infer a class of a single instance — an Ala residue. The derived thresholds

correspond to average values between instances of different classes, e.g., C; =

—3.9545.04
2

possible to separate Lys residues of classes 0 and 1 that were distributed into

~ 0.54. The tree growth stopped at a depth of two since it wasn’t

the right leaf on the second level.

4.5.3 Dataset naming conventions

The main text emphasizes datasets that yielded more interpretable results.
These were constructed from domain sequences, labeled as apo, inactive, DFG-
in, or DFG-out, and further divided into Tk and STk subsets. In the Supple-
mentary Material, we refer to these datasets with the abbreviation AAIO (Apo
All In or Out) to distinguish them from additional datasets.

In addition to AAIO, we explored two alternative labeling strategies:

« AHAO (Apo/Holo Any Out): This dataset includes sequences from
ligand-bound entries. All sequences within 95% identity clusters are
labeled as DFG-out if the cluster contains at least one sequence in this
state. All others are labeled as DFG-in.

o AAO (Apo Any Out): This dataset excludes sequences corresponding to
ligand-bound entries but includes those with conflicting conformational

tendencies within 95% identity clusters.
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Each of these datasets had two versions:

Wk

o A seed version, denoted by a symbol.

A version enriched with orthologous sequences (no special designation).

Together with the TkST datasets used for testing the methodology, a total
of 14 datasets were used, and both RF and XGB models were applied to each,
using the same initial settings, resulting in 28 different models. This additional

information is provided for completeness.
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4.5.4 Supplementary Tables

Table 4.6: Additional datasets and their performance in ML applications.

Dataset Ci00™" Cos5™™ Cr0™" Pos. Neg. Prec/Rec/F1 Feat/Pos  Prec/Rec/F1 Feat/Pos
Random Forest XGBoost

AHAOgp, 2978 739 116 1645 1333  0.97/0.97/0.97 724/246 0.94/0.98/0.96  237/133

AHAO%,, 322 149 116 181 141 0.85/0.70/0.77 46/39 0.64/0.91/0.75  4/4
AHAO7, 1892 355 39 1661 231 0.99/1.00/0.99 541/196  0.99/1.00/0.99 102/67
AHAO%., 188 58 39 162 26 - - 0.86/1.00/0.93  2/2
AAOgrr 1401 390 63 562 840 0.98/0.99/0.98 736/251  0.95/0.98/0.97 10971
AAO%,, 120 79 63 36 84  0.80/0.33/0.47 24/22 0.38/0.56/0.45  4/4
AAO7Ty 1115 204 23 527 588 1.00/1.00/1.00 616/218  0.99/1.00/0.99 27/21
AAO%, 68 34 23 23 45 0.64/0.30/0.41  41/32 0.73/0.96/0.83  2/2

* Seed dataset.
** Cx columns indicate the number of clusters obtained at the X% identity threshold.

Table 4.7: Final paramerters for the Random Forest models.

DS Sub. Seed bootstrap ccp class weight crit. max d. max f. n est.
AAIO STk N True 0.0 balanced subsample log loss 12 log2 181
Y  True 0.19 balanced subsample entropy 4 log2 252
Tk N  True 0.14 None gini 2 log2 382
Y  True 0.03 balanced log loss 11 log2 363
AAO STk N True 0.0 balanced subsample entropy 15 log2 470
Y  True 0.05 None entropy 16 sqrt 402
Tk N  True 0.08 balanced entropy 10 log2 166
Y  True 0.0 balanced log loss 15 log2 241
AHAO STk N  False 0.01 balanced subsample entropy 9 sqrt 102
Y  True 0.03 balanced subsample entropy 10 sqrt 162
Tk N  True 0.0 balanced subsample entropy 10 None 136
TkST N  False 0.01 balanced subsample entropy 8 sqrt 219
Y  True 0.6 balanced subsample entropy 10 log2 195
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Table 4.8: Final paramerters for the XGBoost models.

Dataset Subset Seed ss. ss. v Ir maxd. nest.« A  scale subs.

level tree pos

AAIO STk N 0.6 0.49 0.62 0.08 12 208 2.12 4.61 2.27 0.4
Y 093 0.62 2.15 0.02 7 277 031 9.14 3.1 0.68
Tk N 049 09 9910197 30 6.23 1.51 3.83 0.47

Y 0.52 0.97 8.36 0.72 16 18 7.33 7.28 9.25 0.66

AAO STk N 0.91 0.46 3.43 0.62 5 36 3.75 6.65 4.77 0.99
Y 054 0.6 5.44 0.53 16 50 5.85 6.5 4.0 0.5

Tk N  0.97 0.52 4.01 0.56 13 48 4.78 2.42 9.16 0.75

Y 05 05619807 7 28 9.44 4.1 8.25 0.73

AHAO STk N  0.67 0.97 0.61 0.41 11 27 0.37 3.33 6.94 0.49
Y 0.54 0.64 5.58 0.43 9 11 4.61 4.81 8.67 0.86

Tk N 0.82 091 1.52 0.77 13 13 1.79 1.97 8.8 0.75

Y 042 0.6 0.650.02 11 35 2.78 4.22 9.42 0.58

TkST N 086 09 81 08116 17 8.56 9.62 4.44 0.76
Y 0.76 0.56 5.75 0.4 12 37 1.46 2.04 7.4 0.63

Table 4.9: XGB models’ predictions (DFG-in/-out) for the SP proteins.

AHAO AAO AAIO
in out in out in out | Total

Ser/Thr | 743 765 | 989 519 | 1176 332 | 1508
CMGC | 147 399 | 490 56 | 546 0 546
Tyr 77 444 | 333 188 | 384 137 921
CAMK | 245 218 | 379 84 | 408 55 463
AGC 102 265 | 162 205 | 263 104 367

STE 106 240 | 300 46 | 336 10 346
TKL 62 137|170 29| 183 16 199
CK1 58 31| 40 49 39 50 89

NEK 24 26 1 49 14 36 50
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Table 4.10: Full mapping of the reference Py positions to the selected human PK
domains. Reg. denotes the begginging of a structural region

Reg. Pk ABL1 SRC PGFRA INSR AURKA BRAF KAPCA MKNKI1
1 Fiss Faq

2 Taas  Ram Vs94  Tio024 E134 Tass E45

3 Moaas La72 Lsgs Lio2s Lag I35 Vaso Rae

B1 4 Koas  Ears G596 Lio2s6 Gso Gi3e Gaeo Ta7
5 Hos6  Vaora Rs97  Raozr D31 Ris7 Qua61 Kas

6 Kas7  Kars Vs9s  Eiozs T3z Piss Rae2 T49

7 Loas La7e Lsgg Lio29 Las Lisg TLags Lso

8  Gaag  Gorr Geoo  Gioso Gaa G140 Gaea Gs1

G-loop 9  Ga2so  Qors Seo1  Qio31 V3ss Kia1 Sa65 T2
10 Ga2s1 Garg Geoz  Giosz Gse Gia2 Gaes Gss

11 Q22 Caso Ago3 S1033 Ts7 K143 Sa67 Ss4

12 Y253  Fasi Feoa  Fio34 Fss Fi4a Faes Fss

B2 13 Gasa Gaose Geos  Gioss Gag G1as Gaeg Gse
14 Eoss  Eass Keos  Mioss Kao Nise Ta70 Rs7

15 Vase  Vasa Veor  Viosr Var Viar Van Vss

16 Yas7  Woass Veos  Y103s Ka2 Y148 Yar2 Msg

17 E2ss  Mase Eeos  Eio39 Vas Liag Kazs Leo

18  Ga2sg  Gasr Ge1o  Gioa0 Gaa Aiso0 Gara Ve1

19 Vaso  Tass Te11 L1046 Kys Ris1 Ka7s Ke2

20 Wae Re17  Kioar Hae E1s2 Hes

21 Kaos2z  Wasg Se1s  Gioas Ea7 Kiss Kea

22 Kaz3  Nago Q619 E1049 Las Q154 Ees

B3 23 Yoea  Gaogn Ps2o  A1os0 T4o S155 Warze Tes
24 Soes  Tao2 Ve21  Eios1 Gso Kise Haz7 Ger

25 La¢s  Tags Me22  Thios2 Hs1 Fis7 Gars Nes

26 Ta2s7  Raoa Ke23  Rioss Ks2 Iis8 Daro Heg

27 Vges  Vags Ve2a4  Viosa Vs3 Lisg Vaso Y7o

28 Ageg  Aazge Ae2s  A1055 Asa Aieo Ays1 A7y

29 Varo I2g7 Vo2 Viose Vss Li61 Vasa M7z

30 Koz1 Kags Ke27  Kios7 Kse Kie2 Kass Krs

31 Tao72 Tag9 Meg2s  Tioss Is7 Vies Maysa I74

32 La7s Lsoo Le29  Vioso Lss Liea Lasgs L7s

33 Ka7a  Kso1 Keso  Nioso Nsg Fies5 Nase D76

aC 34 Eo7s  Pso2 Pez1 Eioe1 Reo Kies Vas? Kz7
35 Doz Gsos Te32 S1062 Qo1 Aser Tass Qrs

36  Tarr Ts04 A3z Aioes Ke2 Qies Augg Krg

37 Mars  Mses Re3a S1064 K] Lieg Pago Vso

38 Ea79 Ss06 Se3s Lioes Rea E170 Ta91 Vg1

39 Vago  Paor Ses6  Rioes Ses Kin Pago Ksa

40 Eas1 Eesr  Eioe7 Les A172 Qao3 Lsgs

41 Kess  Rioes De7 G173 Qa4 Ksa

42 Ves Vi7a Laos Qss

43 Esos Qé39 L1069 Gro Hi7e Qao6 Es7

44 E2s2  Aspg Aga0  Eio7o K71 Q177 Aqgr Hss

45 Fasgs Fsio Lea1 Fiom1 I72 Li7s Faos Tso

46 Losa Ls11 Mea2 Lio72 R7s Ri79 Kagg Lgo
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Table 4.10: Mapping reference positions to the selected human PK domains.

Reg. Pk  ABL1 SRC PGFRA INSR AURKA BRAF KAPCA MKNKI1
47 Kass Qa2 Seas  Niors Rra Riso Nso0 No1
43 Ease Es13 E644 E1074 E7s Eis1 Eso01 Eog2
49 Aggr  Asia Leas  Aiors I76 Vis2 Vso2 Kos
50  Azss  Qsis Keae S1076 Qr7 E1s3 Gso3 Roa
51 Vaso  Vsie Iear  Vior7 N7g Tisa V504 Ios
52 Mago  Msi7 Meas  Miors L7g Qiss Lsos Log
53 K201  Ksis Tea9  Kioro Kso S1s6 Rso6 Qo7
54 E292  Ksig Heso  Gioso Lsg1 Higz Kso7 Agg
55 293 La20 Les1 Fios1 Fs2 Liss Ts0s Voo
56 Kao9a  Rsoi Pess Tios2 Rsgs Risg Rso9 Nioo
57 Hogs  Hs22 Hesa  Cioss Hg4 Higo Hs10 Fio1
58 P2gs  Es2s Less  Hiosa Pss Pio1 Vs11 P1o2
59 Nag7  Ksoa Ne¢se  Hioss Hse Nig2 Ns12 Fio3
60 Lags Lsos les7 Vioss Is7 Tig3 I513 Lioa
61 Vago V326 Vess  Viosr Iss Liga Ls14 Vios

Ba 62 Qso0  Qs27 Neso  Raioss Kso Rigs Ls1s Kioe
63 L3o1 L3os Leeo Lioso Lgo Lige Fsi6 Lio7
64 L3o2  Ys29 Lee1 Liogo Yo1 Y197 Ms17 Eio0s
65  Gsoz  Asso Ges2  Gioo1 Qo2 Gios Gsis F1o9
66  V3oa  Vasi Agses V1092 Vo3 Y199 Y519 S110
67 Cso5  Vas2 Ce64 V1093 To4 Fa00 S520 Fi11
68 T306 S333 Tees S1094 Sos Hao01 Ts21 Kii2
69 Rso7 Kess  Kiogs Toe Da2o2 D113

Bs 70 Ezos  Esss Ses7  G1o9e Py7 Agos Ksa22 Ni14
71 P3oo  Esss Gess  Quo97 Sos T204 Psa3 S115
72 P30 Psse Peso  Pioos Dyg Raos Qs24 Niie
73 Fsi1 1337 Ie7o  Tio99 Tioo V206 Ls2s Lii7
74 Yszi2  Yass Y71 L1100 Fio1 Y207 Aso6 Y118
75 I313 I339 Ie72 Viiow Mio2 La2os Is27 Miig
76 Is1a Vsao Ie7s  Viio2 Vios I209 Visos Vizo
7 Tsi5  Taa Te7a  Mi1o03 Mio4 L21o Ts29 Mi21
78 Esi6  Esza2 Ee7s  Ei104 Ei05 Eon1 Qs30 Ei122
79 Fsiz  Yaas Ye76 L1105 Yio06 Yoi12 Wis31 Y123
80  Msig  Msas Ce77 Mi1os Vior Aois Cs32 Viag
81 Ts19 S345 Fers  Aiio7 S10s P214 Es33 P12s
82 Y320  Ksae Ye79  Hiios G1o9 Lois Gs34 G126

aD 83  Gs21  Gaar Geso G109 G110 Gaie Ss35 G127
84 N322 S3as Des1 Di11o E111 Ta17 S536 Ei28
85 L323 L3ag V77s Liina Li12 Vais Lss7 Miz2g
86 L3z2a  Lsso K779 K12 Fii3 Ya19 Y538 Fiso0
87 D325 Dss1 N7so S1113 D114 Ra20 Hs39 S131
88  Ys26  Fase L7s1 Y1114 Y115 Eo221 Hsa0 Hisz
89 Lga7 Lass L7s2 Li11s Liie Loa2 Lsa1 Liss
90  Rses  Kassa S7s3 Ri11e Ci17 Q223 Hs42 Risa
91 Ng3z1  Tss7 N7s6  Giio7 Ki1s Ka24 I544 Riss
92 R3z2  Gass S7s7  Raiizs Ni19 Laos Esas5 136
93 Qs3z  Kaso E7ss  Pii2g G120 S226 Ts46 G137
94 Esza Y360 Grso  Piiso Ri21 Kaa7 Ksa7 Riss
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Table 4.10: Mapping reference positions to the selected human PK domains.

Reg. Px  ABL1 SRC PGFRA INSR AURKA BRAF KAPCA MKNKI1
ok 95 V3ss Ls61 L7go  Pii31 Li22 Faos Fsas Fi39
96 Nsszs  Rae2 T7o1  Tii32 Di2s Da2g Es49 S140
97  Aszr  Lases L792  Liiss Ei24 E230 Mss50 E141
98 Vizs  Psea L7os Qi34 Kias Q231 Is51 P42
99 Vizeo  Qses D794 Ei13s Ei126 Ras2 Kss2 Hias
100 Lzao  Lses L79s  Mii3e S127 T233 Lss3 Azag
101 Lga1 Vaser L796 Li137 Ri2s Aosy Is54 Riss
102 Y342 Dases S797 Quiss Rizg Ta235 Dsss Fia46
103 Msgaz  Mseo Frgs  Miigg Liso Yase Iss6 Yia7
104 Asaa Asro T799  A1140 Fi31 Tos7 Ass7 Aqag
105 Tsas  Asn Ysgoo  Ai11a1 Q132 Tass Rsss Az
106 Qsa6  Qsr2 Qso1  Ei142 Q133 E239 Qs59 Qis0
107 I3a7 I373 Vso2 Liias Ti34 Laao Ts60 Lis1
108 S3as  Asra Agos  Ai1144 Liss Aoy Ase1 Vis2
109 S3a9 S37s Rgoa  Diias S136 Naa2 Qs62 Liss
110 Asso  Gare Gsos  Giise Gis7 Agys Gses T1s4
111 Mss1  Mary Msgos  Mi147 Viss Lo4a Ms64 Fis5
112 Ess2  Asrs Esor  Ai14s Disg S245 Dses E1s6
113 Y353  Yarg Fgos  Yi149 Y140 Yo Ys66 Y157
114 L3sa  Vaso Lsos  Liiso Cin Caar Lse7 Liss
115 Esss  Essi Agio0  Niisi Hi42 Ha4s Hs6s Hisg
116 Ksse  Rasa Ss11 A1is2 Ria3 S249 Aseg S160
117 Kss7r  Mass Ksi2  Kiiss Hi44 Kaso Ks7o Lie1
118 N3ss  Nsga Nsiz  Kiisa Miass Ras1 Ss71 D162
119 Fss0  Yasss Cs1a Fiiss Viae Vas2 Is72 Lies
120 Ise0  V3se Vsis  Viise Viar 253 Is7s Tiea
121 Hss1  Hssrz Hsi6  Hiisr Hi4s Has4 Hs74 Y165
122 R3se2  Rass Rsgi7  Riiss Riag Rass Rs7s Rie6
123 Dses  Dssg Dgi1s  Diisg Diso Dase Ds76 Die7
CL 124 Lzéa  Lsogo Lgig  Liieo Lis1 Ias7 Ls77 Lies
125 Azes  Rasor Ag2o  Aii6l Kis2 Kass Ks7s Kie9
126 Ases  Aso2 Ag21 Aiie2 Pis3 Pasg Ss79 P170
127 Rse7  Asos Rga2  Riies Ei154 Ea260 Nsso Ein1
128 Nses  Nazoa Ns23  Niiea Nis5 Nag1 Nss1 Ni72
129 Cse9 I395 Vs2a  Ciies Vise Lag2 I582 Li7s
130 Ls7o L3ge Ls2s  Miies Lis7 Laoes Fss3 Li7a
131 Va1 Vaor Lgag  Viier Liss Loga Lsga Li7s
132 Ggr2 Gasos Agar  Aiies Disg Gaes Hsss Di7e
133 Eszzs  Esog Qs2s  Hiieg Azeo S266 Esse Q177
134 N37a  Naoo Gsg29  Diivo Hie1 Ager Dssr Qi7s
135 Hs7zs  Laoa Ksso  Fuim Mig2 Gaes Lsss G179
136 Ls7¢  Vao2 Isz1 Tiire Nies E269 Tss9 Yiso
137 Vazr  Caos Vsz2  Viirs Asea La70 V590 Tis1
138 Ks7zs  Kaoa Ksss  Kii7a Kiss Kar1 Ks01 Qis2
ALy 139 Viszg  Vaos Ig34 Lii7s Ti66 I272 Is92 Viss
140 Asso  Asos Cszs  Gi17e Azer Ag7s Gso3 T1sa
141 Dss1 Daor Dg3zs  Diirr Dies Da7a Dsga Diss
142 F3s2 Faos Fgs7  Fiirs Fie9 Fars Fs95 Fise
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Table 4.10: Mapping reference positions to the selected human PK domains.

Reg. Pk  ABL1 SRC PGFRA INSR AURKA BRAF KAPCA MKNKI1
143 Gsss  Guaoo Gsss  Giirg G170 Gare Gso6 Gis7
144 Lsga  Laio Lgzg  Miiso Lim Wazr Lsg7 Fiss
145 Szss  Aann Agso Tiis1 S172 Sa7s As9s A1gg
146 Rsse  Raiz Rga1  Raisz Ni7s Varg Ts99 Kigo
147 Lsg7  Lais Dga2 Diiss Mi7q Haso Reo3 Rig1
148 Msss La14 Igas Ti184 Mi7s Agg1 Weo4a Vig2
149 Tsg9  Eais Msaa Y1185 S1i76 Pasa Se05 Kios
150  Gsgoo  Duais Hgas  Ei1s6 D177 Sos3 Geos Gio4
151 D3go1 Nair Dsa¢ Tiisz Gi7s Sas4 Seo7 Rags
152 Tgo2  Eais Sgaz  Diiss Ei79 Rass Heos Ti96
153 Ngas  Yiis9 Fis0 Qs609
154 Y393 Yaig Kss2  Giigs Lis: Rose Fe10
155 Tgga  Tazo Gssz  Giioa Rase2 Tog7 Ee611 Wio7
156 Aggs  Aun Sgsa  Kiigs Tiss Tass Qe12 T19s

ALg 157 Hzge  Razo Tsss  Giige Sis4 Laso Le1s Ligg
158 Azgr  Quos Fss6 L1197 Ciss Cago Se14 Ca00
159 Fao1  Faor Lgs7  Liios Gise Gao1 Ge1s Gao1
160 Pao2  Puszs Pgss Pi1gg S1s7 T292 Se16 T202
161 Lso3 L4290 Vss9  Vizo00 Piss Logs Ie17 P2os
162 Kaoa  Kaszo Kseo  Riz201 Nisg Daga Le1s E204
163 Wyo5 Wyss Wse1  Wizo2 Y190 Y295 We19 Y205
164 Tyo6  Taz2 Mse2  Mizo3 Atg1 Lage Mse20 Laos
165 Ago7  Auss Ages  A1204 A1g2 Pag7 Ag21 Ag07
166 Pios  Pasa Psea  Pi20s Pig3 Pags Pg22 P2os
167 Es00  Eass Eses  Ei206 Ei194 E299 Ee23 E209
168 Sa10 Auase Sse6 S1207 Vigs M300 Ve24 I210
169 Lain Aasr Is67  Liz2os Tigs I301 625 I211
170 Ag12 Lass Fses  Ki209 S197 Eso2 Dé29 Lo12
171 Ya13  Yasg Dses  Di210 Gios Gso3 Ke30 S213
172 Naia  Gaao Ng7o  Gi211 Rigg R304 Ne3s1 Ka14
173 Ka15  Ram Lg7z1 Vi2iz La2oo Ms305 Pe32 Ga1s

aF 174 Fa16  Faaz Yg72  Fi2i3 Y201 Hso6 Ye33 Yai6
175 Sa17 Taas Ts7rs  Ti214 Gao3 Dasor Se34 Nai7
176 La1s T444 Tg7a  Ti21s P2o4 Es08 Fess Kois
177 Kai9  Kuas Lg7s S1216 E205 K309 Qé36 Asg1g
178 S420 Saa6 Sg76 S1217 V206 V1o Se37 Vaz20
179 D421 Daar Ds77 Dia2is Dao7 D311 De3s Da21
180 Vaz2  Vaas Vs7s  Mi21g I208 L3i2 Viesg Waazo
181 Wy23  Waao Ws7rg  Wiazo Waog Wsi3 Ye40 Waas
182 Ag24 S450 Sgs0 S1221 S210 S314 Aea1 Aoy
183 Fa2s Fas1 Yss1 Fi1222 So11 L3is Fea2 Laa2s
184 Gazs  Guse Gssz  Gizzs Ga12 Gsi6 Geas G226
185 Vaar Luss Isgs  Vizoa Vais Vsi7 Ioaa Vaar
186 Laos Lasa Lgsa  Viazs I214 L3is Veas Laasg
187 La42g Lyss Lsgss L1226 La1s Cs19 Le46 I229
188  Wazo  Tuse Wsss  Wizor Y216 Y320 Yea7 Yaso0
189 Eaz1 Eas7? Ess7  Ei22s Agi7 E3z21 Eeas E231
190 Ls32 Lass Isss T1229 Lais Faa2 Leao Mas2
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Table 4.10: Mapping reference positions to the selected human PK domains.

Reg. Px  ABL1 SRC PGFRA INSR AURKA BRAF KAPCA MKNKI1
191 A4zz Taso Fssog  Ti230 La1g L3o3 Mes0 Aoss
192 Yazs  Kael Lso1 L1232 Cazo V324 Tes1 Aosy
193 Gaze  Gue2 Ggoz  A123s Goz21 Gazs Ges2 Gass

FL 194  Masr  Rues Ggos  Ei234 Ta22 K326 Qes3 Ya3e6
195 Sazs  Vaes Tgosa  Qi23s Laos P3a7 Lesa Pas7
196 Pazg  Puss Psos  Piass P224 P3ag Pess Pass
197 Yaa0  Yaes Yso6 Y1237 Faas F329 Ye56 Fasg
198 Pas Pae7 Pso7  Quass Da2s Ess0 Ses7 Faa0
199 Gaaz  Gues Gsos  Giasg Daa7 Azs1 Ness Agm
200 Taas  Muaeg Msgo L1240 Daas Na332 ) Da42
201 Vazo Mpooo S1241 Haog T333 Ne6o Qo243

aG 202 Nuna Voo1  Ni2s2 Vaso Y334 Nes1 Pa4q
203 Raro Dgo2  E1243 Pa31 Qass Re62 Togs
204 Ears Sg03 Q1244 Tas2 Esse Dee3 Q246
205 Tgooa  Vi2as Loss Qe64 Ioa7
206 Fogos L1246 Fasa Ie6s Yous
207 Yoos  Kizar Kass Ts66 Ea49
208 Noo7  Fi24s Kase Fee7 Kas0
209 Dgas Vara Koos  Vi2a9 Tas7 Ts37 Mees I251
210 Laas La7s Iso9  Mi2so Cass Y338 Voo Vas2
211 Saa6 Duars Koo  Dia2s Da3o Kssg Ge7o S253
212 Qaar  Qurr So11 Gi2s2 Gaao Raa0 Re71 Gasa
213 Vars Go12 Ger2
214 Ea79 Yo13 Ye73
215 Le7a
216 Vaas Se7s
217 Y449 P676
218 Eas0 Der77
219 Lys1 Le7s
220 Lys2
222 I341
223 Kys4 Ru4so S342
224 Duss  Gus: Ra3a3
225 Yas6  Yas2 G1253 V3aq
226 Ras7  Rass Ro1a Y1254 Toaa Es45 Kass
227 Muasg  Musga Mois  Lai2ss Faa2 Faae Se79 Vase
228 E459  Puss Agig  Diase Ya43 Tsa7 Keso Ras7
229 Raco  Cuse Koi7  Qu2s7 To4a Faas Ves1 Fass
230 Pas1  Pasr Pgig  Piass Paas P3ag Res2 Pasg
231 Ea62  Puss Dg19  Di2sg Q46 Dsso Sess S260
232 Gaes  Easg Ho2o0  Ni260 Your Fss1 Nesa Hae1

oH 233 Ca6a  Cago Aga1 Ciz61 Loas Vis2 Cess Fae2
234 Pass  Paor To22  Pi2e2 Naagg T3s3 Pese S263
235 Es66  Eao2 So2s  Ei263 Paso0 Ess4 Kes7 S264
236 Kuer Sa93 Eg24  Razea Sas51 Gass Agss Daes
237 Vaeg  Laga Vozs  Vizes Vasa2 Asse Mesgg Lage
238  Yae9  Haos Yo26  Ti266 I253 Ras7 Ke9o Kae7
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Table 4.10: Mapping reference positions to the selected human PK domains.

Reg. Pk  ABL1 SRC PGFRA INSR AURKA BRAF KAPCA MKNKI1
239 E470  Dage Eg27  Dizer S254 Dass Reg1 Daes
240 La71 Lag7 Tg2s Li2es Lass Lssg Leg2 Lagg
241 Muazz Muags Mog2g  Mi2eo Lase Is60 Megs La7o
242 Razs  Cuaogo Vgso  Raaro Kas7 Ss61 Agga Ra71
243 Ag7a Qs00 Kgz1  Mi27i Hass Rse2 Eeos Na72
244 Curs GCso1 Coz2 Cior2 Masg L3es Ceo6 Lo7s
245  Wuze  Wso2 Woss  Wiars La2eo L3ea Leg7 Laza
246 Q477 Rosos Noza  Qi2ra Q261 Kaes Keos Qa7s
247 Wurs  Ksos So35 Fia7s Vae2 Hsee Kegg Vare
248 Nazg  Esos Eg36  Niare Daes N3e7 K700 Dar7
249 Paso  Psoe Pgsr  Piar7 Pa6a P3es Rro1 La7s
250 Sas1 Esor Egss  Kiars Mags S369 D702 Ta7g
251 Dus2  Esos Kozg  Miarg Kaee Qa0 Ezo3 Kaso

al 252 Rasz  Rsoo Rogs0  Razso Rae7 Ran R7o04 Ras1
253 Pasa  Psio Pgs1 Pizsa Aoges P372 P05 Faga
254 Sass Ts11 Sgaz  Ti2s2 Ta69 M3s7s L706 Gass
255 Fase  Fsi2 Foaz  Fiass Ia70 L37a Fro7 Vasog
256 A4s7 Esis Yoaq Li2s4 Kom Ra7s Pros Nago
257 Eass Y514 Hosas  Ei2ss D272 Es7e Qro9 Da2g1
258 ligg  Lsis Loae T1286 Io7s Varr I710 I292
259 Hyo0  Qs16 Sga7  Viasy Ra74 L37s L711 Kag3
260  Qao1  Asi7 Eg4s  Nizss Ea7s Es7g Ar12 Na2gs
261 As92  Fsis Li2so Have Hsso Hoags
262 Ea77 P3s1 Koaoe
263 Wazg  Wisse Wagr

264 Farg I383 Fags
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Table 4.11: Top-5 interacting position pairs per model.

Dataset  Subset Model ‘ P1 P2 Int.

TkST RF 115 125 0.59
125 162 0.65

178 -0.56

159 163 -0.65

160 163 -0.7

XGB 65 160 64.89
115 125 -39.59
125 160 -73.41

162 27.84
126 238 31.89
AHAO STk RF 55 180 -0.21

69 202 -0.19
132 180 0.17
199 202 0.16
201 232 -0.19
XGB 35 232 -16.92
37 132 19.91
44 73 15.82
55 201 -12.18
73 132 19.15
Tk RF 64 98 1.27
70 7 8.93
87 95 1.21
95 104 1.08

149 2.5
XGB 22 192 36.67

23 77 -25.05

25 46 -21.03
155 256 17.08
156 261 -26.33
AAO STk RF 69 165 -0.13
105 110 -0.1
108 251 -0.09
110 165 -0.11
150 165 -0.1
XGB 66 165 55.15

81 165 -12.37
165 192 -20.47
168 173 -14.6

177 19.62
Tk RF 14 84 0.2
35 139 -0.2

53 155 0.31
82 168 0.32

153 155 -0.2
XGB 35 150 32.48
168 25.82

Continued on the next page...
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Table 4.11: Top-5 interacting position pairs per model.

Dataset  Subset  Model ‘ P1 P2 Int.

139 150 35.18

168 40.08

150 168 22.45

AAIO STk RF 69 110 -0.21
165 -0.2

110 186 -0.24

177 255 -0.2

208 220 -0.2

XGB 11 110 7.27
105 118 6.03

177 5.69

251 5.26

110 118 5.86

Tk RF 14 113 0.09
207 0.1

35 53 -0.1

46 84 -0.14
53 259 -0.09
XGB 14 7 12.13

207  -11.25
39 101 14.54
150 7.19

150 154 7.37
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Table 4.12: Top CFDM conctacts for manually* and algorithmically selected po-

sitions. Only pairs with > 0.3 frequence difference are displayed.

Subset  P. P. cont. ‘ Freq. diff.
STk 11 151 0.37
150 0.32

149 0.31

66 45 0.33
69 1 -0.38
105 263 -0.36
259 0.54

115* 120 0.33
139* 125 -0.5
123 -0.44

142 0.66

108 0.44

106 0.32

165 219 -0.37
179 0.56

216 0.31

168 153 -0.41
151 -0.4

122 0.37

198 218 -0.57
202* 156 -0.85
218 -0.55

211 0.35

207 0.31

215* 157 -1.0
199 -0.36

161 -0.35

221 -0.33

206 0.4

197 0.33

216 197 0.55
181 0.52

247 0.48

221 0.44

164 0.43

246 220 0.3
258 183 -0.57
104 -0.35

Tk 11 147 -0.79
144 -0.52

33 -0.5

143 -0.45

146 -0.39

153 0.5

154 0.43

36 0.33

Continued on the next page...
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Table 4.12: Top CFDM contacts.

Subset  P. P. cont. ‘ Freq. diff.
152 0.3

14 144 -0.88
145 -0.75

37 147 0.44
148 0.41

149 0.31

39 36 -0.43
147 0.3

46 74 0.33
84 149 -0.45
148 -0.45

142 -0.36

80 -0.31

139 109 -0.69
108 -0.44

142 0.98

142* 15 -1.0
30 -0.94

130 -0.91

28 -0.9

7 -0.75

114 1.0

139 0.98

60 0.98

119 0.91

121 0.91

144* 9 -1.0
10 -0.88

13 -0.88

14 -0.88

15 -0.88

121 0.59

122 0.46

52 0.37

75 0.35

148 0.32

145* 9 -0.75
10 -0.75

14 -0.75

15 -0.75

8 -0.67

122 0.61

12 0.38

47 0.37

121 0.35

147 9 -1.0
10 -0.88

11 -0.79

Continued on the next page...
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Table 4.12: Top CFDM contacts.

Subset  P. P. cont. ‘ Freq. diff.
143 -0.5

150 -0.34

37 0.44

45 0.39

36 0.35

48 0.35

44 0.3

150 147 -0.34
145 -0.31

12 0.44

154 0.37

155 0.33

36 0.31

154 207 -0.5
161 -0.32

160 0.58

11 0.43

150 0.37

152 0.32

155 158 0.62
151 0.46

150 0.33

152 0.31

168 175 -0.51
153 0.42

198* 188 -0.31
207 170 -0.65
154 -0.5

223 1.0

215* 225 -1.0
224 -1.0

222 -1.0

221 -1.0

247 -1.0

200 1.0

202 1.0

201 1.0

216* 181 -1.0
226 -1.0

224 -1.0

165 -1.0

227 -1.0

200 1.0

221 1.0

161 1.0

162 1.0

210 1.0

226 216 -1.0

Continued on the next page...
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Table 4.12: Top CFDM contacts.

Subset  P. P. cont. ‘ Freq. diff.
220 1.0
222 0.8
219 0.67
223 0.57

166 0.49
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4.5.5 Supplementary figures

Bs Lys
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XDFGx

Figure 4.8: Subpockets’ coverage in ligand-bound structures.
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Figure 4.9: Counts of unique inactive sequences grouped by the PK family annota-
tion. (a) Unique sequences’ counts colored by the predicted DFG label. (b) Unique
sequences’ counts colored by being apo or holo concerning the DFG motif (see the

main text for details).
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Figure 4.10: Feature selection results for “seed” datasets, i.e., constructed from

sequences from our data collection and missing orthologs.
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Figure 4.12: Overlap sizes of top-10 selected positions per model.
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Figure 4.13: Importance values’ distributions across ML model features.
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DFG-out AAIO STk domains

DFG-in AAIO STk domains

Figure 4.14: Contact frequency map for the AAIOgyy structures. Missing residue
pairs were excluded during averaging across the structures. Selected positions are
highlighted on the left and at the top. CFM for DFG-in and DFG-out structures
occupy the lower and upper triangles, respectively.
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Figure 4.16: Contact frequency difference map (CFDM) for the AAIO structures.
The absence of contacting residues was treated as the absence of contact when
averaging across identically labeled domains. Selected positions are highlighted on
the left and at the top.
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Figure 4.17: Representative DFG-in apo TK domains with marked selected posi-
tions. AL is disordered in most structures, including positions distal to DFG-Phe
147, 150, 154, and 155. In contrast to the DFG-out domains (Fig. 4.6) these residues
are placed “below” the aC-helix. PDB codes: 4HZS:C, 3BBW:B, 3RCD:B, 4PDO:A,
30F0:B, 1K2P:A, 2YJR:A, 1FGK:B, and 3Q6U:A
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DFG-out
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MET_HUMAN |2G15:A|1078 - 1336
SRC_CHICK |20I8:A| 268 - 515
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Figure 4.18: MSA of TK DFG-in (top) and DFG-out (bottom) domain sequences,
with Px positions spanning 2-261 region. Selected positions are marked by black

triangles.
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AGA1SANYE5_SERSF|5X1R:A| 107, 110, 147, 152, 160, 208, 211, 223, 232, 244, 253, 268, 278,

A3FQ16_CRYPT ~ |3DFA:A| 141, 144, 18, 185, 193, 243, 246, 254, 263, 275, -, 304, 314,
A8BZ95 GIAIC  |3GBZ:A| 80, 83, 118, 123, 131, 184, 187, 197, 206, 218, 229, 273, 283,
BIK1 ARATH |5T0S:A| 139, 142, 182, 187, 197, 247, 250, 259, 268, 296, 301, 323, 333,
BRAF_HUMAN |3067:B| 519, -, 558, 563, 571, 621, 624, 636, 645, 657, 675, 688, 698,
BRAF_HUMAN |4FK3:B| 519, -, 558, 563, 571, 621, 624, 636, 645, 657, 675, 688, 698,
BRSK2_MOUSE |avom:B| 85, 88, 124, 129, 137, 184, 187, 197, 206, 218, 226, 243, 253,
CBK1_YEAST |4LQQ:D| 418, 421, 457, 462, 470, -, -, -, -, -, -, -, -,
CDK1_HUMAN |66U7:C| 69, 72, 110, 115, 123, 171, 174, 184, 193, 205, 216, 259, 269,
CDK2H_PLAFK |1veB:A| 68, 71, 107, 112, 126, 168, 171, 181, 190, 202, 213, 256, 266,
CDK2_HUMAN |50S3:A| 69, 72, 109, 114, 122, 170, 173, 183, 192, 204, 215, 258, 268,
CDK4_HUMAN |2WoF:B| 77, 86, 122, 127, 135, 182, 185, 194, 203, 215, 226, 267, 277,
CDPK4_PLAF7 |4RGI:A| 136, 139, 175, 180, 188, 239, 242, 250, 259, 271, -, 300, 310,
CHK2_HUMAN |316U:A| 291, 294, 329, 334, 342, 392, 395, 407, 416, 428, -, 458, 468,
CIPKO_ARATH |4D28:B| 77, 86, 116, 121, 129, 177, 180, 199, 199, 211, -, 236, 246,
CTR1_ARATH |3P86:B| 614, 617, 656, 661, 669, 719, 722, 731, 740, 752, -, 779, 789,
E2AK2_HUMAN |3UIU:A| 326, 329, 396, 401, 409, 456, 459, 468, 477, 489, 503, 510, 520,
ERN1_HUMAN |4276:B| 631, 634, 670, 675, 683, 739, 742, 754, 763, 776, -, 804, 814,
GCN2_YEAST |1ZXE:C| 777, 780, 817, 822, 830, 892, 895, 905, 914, 923, 935, 953, 963,
KAPCA_MOUSE |4DFY:E| 110, 113, 149, 154, 162, 207, 210, 219, 228, 240, -, 265, 275,
KCC1A_HUMAN |4FGB:A| 84, 87, 123, 128, 136, 186, 189, 198, 207, 219, -, 248, 258,
KCC1D_HUMAN |60P5:A| 87, 90, 126, 131, 139, 189, 192, 201, 210, 222, -, 251, 261,
KSBA5_HUMAN |1VZ0:A| 120, 123, 159, 164, 172, 221, 224, 235, 244, 256, -, 285, 295,
LIMK1_HUMAN |SHVI:B| 402, 405, 442, 447, 455, 517, 520, 529, 538, 550, 563, 578, 588,
M3K12_HUMAN |SCEN:A| 179, 182, 218, 223, 231, 278, 281, 299, 299, 311, 318, 338, 348,
M3K9_HUMAN |4UY9:B| 209, 212, 247, 252, 260, 317, 320, 329, 338, 350, -, 377, 387,

= M4K1_HUMAN |8FKO:F| 80, 83, 119, 124, 132, 180, 183, 195, 204, 216, 224, 246, 256,

- MARKL_HUMAN |2HAK:E| 125, 128, 164, 169, 177, 224, 227, 237, 246, 258, -, 283, 293,

! MARK2_RAT |2RI:B| 118, 121, 157, 162, 170, 217, 220, 230, 239, 251, -, 276, 286,

& MARK3 HUMAN |3FE3:B| 121, 124, 16, 165, 173, 220, 223, 233, 242, 254, -, 279, 289,

O MKO1_RAT |6RFO:A| 87, 90, 129, 134, 142, 193, 196, 206, 215, 227, 238, 283, 293,
MKO6_HUMAN |7AQB:B| 83, 86, 134, 139, 147, 199, 202, 212, 221, 233, 248, 288, 298,
MKO7_HUMAN |41C8:B| 120, 123, 164, 169, 177, 229, 232, 242, 251, 263, 274, 319, 329,
MKO8_HUMAN |3VUL:A| 91, 94, 133, 138, 146, 193, 196, 205, 214, 226, 248, 293, 303,
MKO8_HUMAN |6FSE:B| 91, 94, 133, 138, 146, 193, 196, 205, 214, 226, 248, 293, 303,
MKO9_HUMAN |7CML:B| 91, 94, 133, 138, 146, 193, 196, 205, 214, 226, 245, 293, 303,
MK10_HUMAN |4H36:A| 129, 132, 171, 176, 184, 231, 234, 243, 252, 264, 286, 331, 341,
MK12_HUMAN |6UNA:A| 92, 95, 135, 140, 148, 193, 196, 206, 215, 227, 238, 283, 293,
MK13_HUMAN |3COI:A| 90, 93, 132, 137, 145, 190, 193, 203, 212, 224, 235, 280, 290,
MP2K1_RABIT |SKKR:C| 132, 135, 171, 176, 185, 231, 234, 243, 252, 264, 276, 333, 343,
MP2K4 HUMAN |3vuT:B| 167, 170, 216, 215, 224, 271, 274, 287, 296, 308, 320, 339, 349,
MPK6_ARATH |6DTL:B| 128, 131, 171, 176, 184, 231, 234, 244, 253, 265, 276, 320, 330,
PAKL_HUMAN |1F3M:C| 333, 336, 371, 376, 384, 432, 435, 444, 453, 465, 473, 493, 503,
PAK1_HUMAN |3042:B| 333, 336, 371, 376, 384, 432, 435, 444, 453, 465, 473, 493, 503,
PAK1_HUMAN |406T:B| 333, 336, 371, 376, 384, 432, 435, 444, 453, 465, 473, 493, 503,
PKNA_MYCTU |4X3F:B| 79, 82, 123, 128, 136, 185, 188, 197, 206, 218, -, 244, 254,
PKNI_MYCTU |sMes:B| 78, 81, 119, 124, 132, 170, 173, 182, 191, 203, -, -, -,
Q3HNM6_TOXGO  |3DXN:A| 142, 145, 181, 186, 194, 244, 247, 255, 264, 276, -, 305, 315,
Q4QHIB_LEIMA  |3PG1:A| 96, 99, 140, 145, 153, 200, 203, 213, 222, 234, 251, 291, 301,
Q9BIF5 TOXGO ~ |3I79:A| 117, 120, 156, 161, 169, 219, 222, 230, 239, 251, -, 280, 290,
RAD53 YEAST |SX2w:B| 262, 265, 301, 306, 314, 363, 366, 388, 397, 409, -, 438, 448,
RIPK2_HUMAN |SNG3:A| 84, 87, 126, 131, 139, 194, 197, 209, 218, 230, 246, 264, 274,
ROCO4_DICDI |4FeG:A|1096,1099,1134,1139,1147,1199,1262,1213,1222,1234,  -,1263,1273,
SNRK_HUMAN |S5YKS:B| 81, 84, 121, 126, 134, 182, 185, 195, 204, 216, -, 241, 251,
STK24_HUMAN |3zHP:C| 100, 103, 138, 143, 151, 199, 262, 211, 220, 232, 240, 258, 268,
STK3_HUMAN |4LG4:A| 88, 91, 128, 133, 141, 189, 192, 201, 210, 222, 239, 250, 260,
TNIK_HUMAN |5cwz:B| 88, 91, 135, 140, 148, 196, 199, 213, 222, 234, 242, 261, 271,
TTK_HUMAN |6GVI:A| 591, 594, 629, 634, 642, 691, 694, 714, 723, 735, 744, 763, 773,
ABA238LNS4_OPOAL|SWAX:A| 85, 88, 124, 129, 137, 186, 189, 199, 208, 220, 232, 251, 261,
AAPK1_HUMAN |4RED:B| 93, 96, 132, 137, 145, 192, 195, 205, 214, 226, -, 251, 261,
AAPK2_HUMAN |2vZA:A| 82, 85, 121, 126, 134, 181, 184, 194, 203, 215, -, 240, 250,
AKT1_HUMAN |7API:A| 216, 219, 255, 260, 269, 317, 320, 329, 338, 350, -, 375, 385,
AKT2_HUMAN |16Z0:A| 218, 221, 257, 262, 276, 318, 321, 330, 339, 351, -, 376, 386,

4+ AURKA_HUMAN |6XKA:A| 199, 202, 238, 243, 251, 297, 300, 309, 318, 330, -, 355, 365,

S IRAK3_HUMAN |6RUU:C| 230, 233, 272, 277, 285, 342, 345, 354, 363, 375, 393, 417, 427,

T MKNK1_HUMAN |2HW6:A| -, -, -, -, 206, 264, 267, 281, 290, 302, -, 346, 356,

 MP2K6_HUMAN |3ENM:D| 118, 121, 160, 165, 174, 221, 224, 237, 246, 258, -, 286, 296,

O NEK1_HUMAN |4APC:B| 69, 72, 11, 115, 123, 171, 174, 183, 192, 204, -, 230, 240,
NEK2_HUMAN |2wSH:A| 73, 76, 118, 123, 131, 184, 187, 196, 205, 217, -, 243, 253,
PKNE_MYCTU |2H34:B| 82, 85, 121, 126, 134, 183, 186, 195, 204, 216, -, -, -,
SNF1_SCHPO |3H43:B| 100, 103, 138, 143, 151, 198, 201, 211, 220, 232, -, 257, 267,
SRK2E_ARATH |3upB:B| 83, 86, 122, 127, 135, 184, 187, 197, 206, 218, -, 249, 259,
VPS15_YEAST |SDFZ:B| 91, 94, 129, 134, 142, 198, 201, 220, 229, 241, 249, 269, 279,

Figure 4.19: AAIOgy partial MSA depicting selected positions (£1). Only entries
with unique subsequences corresponding to the selection are displayed. Sequence
headers contain UniProt numbering of the selected positions.
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ACK1_HUMAN |4HZS:C| 136, 139, 163, 165, 167, 175, 182, 205, 212, 268, 276, 279, 287, 288, 301, 341 \ L it
ALK_HUMAN |2YJR:A|1126,1129,1155,1157,1159,1165,1172,1196,1203, 1268, 1276,1279,1286,1287,1360, - 0
ALK_HUMAN |4FNX:A|1126,1129,1155,1157,1159,1165,1172,1196,1203,1268,1276,1279,1286,1287,1360, - 1
BTK_HUMAN |3P08:B| 412, 415, 435, 437, 439, 443, 450, 474, 481, 537, 545, 548, 551, 552, 568, 608 \
EPHA2_HUMAN |SEK7:A| 623, 626, 651, 653, 655, 661, 668, 692, 699, 755, 763, 766, 774, 775, 788, - v
EPHA3_HUMAN 12Q02:A| 631, 634, 658, 660, 662, 668, 675, 699, 706, 762, 770, 773, 779, 780, 795, 834 v
EPHA4_MOUSE |2Y6M:A| 631, 634, 658, 660, 662, 668, 675, 699, 706, 762, 770, 773, 779, 780, 795, 834 \
EPHA7_HUMAN |2REI:A| 643, 646, 670, 672, 674, 680, 687, 711, 718, 774, 782, 785, 793, 794, 807, 846 \
EPHB1_HUMAN |7KPL:A| 629, 632, 656, 658, 660, 666, 673, 697, 704, 760, 768, 771, 778, 779, 795, 834 \
EPHB2_HUMAN |3ZFM:A| 631, 634, 658, 660, 662, 668, 675, 699, 706, 762, 770, 773, 780, 781, 797, 836 v
EPHB4_HUMAN |6FNL:A| 625, 628, 652, 654, 656, 662, 669, 693, 700, 756, 764, 767, 774, 775, 791, 830 v
o~ ERBB2_HUMAN |3RCD:D| 730, 733, 758, 760, 762, 768, 775, 798, 805, 861, 869, 872, 879, 880, 893, - 1
«—  ERBB4_HUMAN |38BW:B| 728, 731, 756, 758, 760, 766, 773, 796, 803, 859, 867, 870, 877, 878, 891, - 1
! FAKL_CHICK |4D4R:B| 432, 435, 459, 461, 463, 469, 476, 499, 506, 562, 570, 573, 577, 578, 593, 632 L
hz FAK2_HUMAN |3CC6:A| 435, 438, 462, 464, 466, 472, 479, 502, 509, 565, 573, 576, -, 580, 596, -
O FGFR1_HUMAN |3KY2:B| 488, 491, 519, 521, 523, 529, 536, 561, 568, 639, 647, 650, 657, 658, 671, -
FGFR1_HUMAN |4RWI:A| 488, 491, 519, 521, 523, 529, 536, 561, 568, 639, 647, 650, 657, 658, 671, -
FGFR4_HUMAN |4003:A| 477, 480, 508, 510, 512, 518, 525, 550, 557, 628, 636, 639, 646, 647, 660, -
FGFR4_HUMAN |4TYE:A| 477, 480, 508, 510, 512, 518, 525, 550, 557, 628, 636, 639, 646, 647, 660, -
ITK_HUMAN |1SNX:A| 373, 376, 396, 398, 400, 404, 411, 435, 442, 498, 506, 509, 512, 513, 529, 568
MERTK_HUMAN |7ABO:A| 597, , 624, 626, 628, 635, 642, ) , 739, 747, 750, 754, 755, 771, 811
MET_HUMAN 12615:A|1088,1091,1115,1117,1119,1125,1132, 1157, 1164, 1220, 1228,1231,1240,1241,1254, -
PTK6_HUMAN |5D7V:C| 201, 204, 224, 226, 228, 233, 240, 264, 271, 328, 336, 339, 344, 345, 358, 397
PTK6_HUMAN |6CZ2:A| 201, 204, 224, 226, 228, 233, 240, 264, 271, 328, 336, 339, 344, 345, 358, 397
SRC_CHICK |2018:A| 277, 280, 300, 302, 304, 308, 315, 338, 345, 402, 410, 413, 416, 417, 433, -
SRC_CHICK |3F3T:B| 277, 280, 300, 302, 304, 308, 315, 338, 345, 402, 410, 413, 416, 417, 433, -
SRC_CHICK |30F0:A| 277, 280, 300, 302, 304, 308, 315, 338, 345, 402, 410, 413, 416, 417, 433, -
VGFR2_HUMAN |1VR2:A| 844, 847, 873, 875, 877, 883, 890, 916, 923,1044,1052,1055,1062,1063,1076,1116
CSFIR_HUMAN |20GV:A| 592, 595, 621, 623, 625, 631, 638, 663, 670, 794, 802, 805, 812, 813, 826, 866
DDR1_HUMAN |6Y23:A| 620, 623, 660, 662, 664, 670, 677, 701, 708, 782, 790, 793, 800, 801, 814,
FLT3_HUMAN |1RIB:A| 620, 623, 649, 651, 653, 659, 666, 691, 698, 827, 835, 838, 845, 846, 859, 899
+ KIT_HUMAN |1T45:A| 599, 602, 628, 630, 632, 638, 645, 670, 677, 808, 816, 819, 826, 827, 840, 880
ég MUSK_RAT |1LUF:A| 584, 587, 613, 615, 617, 623, 630, 654, 661, 740, 748, 751, 758, 759, 772, 812
1 NTRK1_HUMAN |4FOI:B| 520, 523, 549, 551, 553, 558, 565, 589, 596, 666, 674, 677, 684, 685, 698, -
O NTRK1_HUMAN |7VKM:A| 520, 523, 549, 551, 553, 558, 565, 589, 596, 666, 674, 677, 684, 685, 698,
ES NTRK2_HUMAN |4ASZ:A| 548, 551, 577, 579, 581, 586, 593, 617, 624, 692, 700, 703, 710, 711, 724, 763
PGFRA_HUMAN |SK5X:A| 603, 606, 632, 634, 636, 642, 649, 674, 681, 834, 842, 845, 852, 853, 866, 906
PGFRA_HUMAN |6A32:A| 603, 606, 632, 634, 636, 642, 649, 674, 681, 834, 842, 845, 852, 853, 866, 906
TIE2_HUMAN |1FVR:B| 834, 837, 860, 862, 864, 870, 877, 902, 909, 980, 988, 991, 995, 996,1009,1048

Figure 4.20: AAIO7y partial MSA depicting selected positions (+1). Only entries
with unique subsequences corresponding to the selection are displayed. Sequence
headers contain UniProt numbering of the selected positions.



4 Uncovering the DFG-out sequence propensity determinants

193

8G¢
< 144
Wl 9EC
T 91¢
Rt 86T
981
LLT
W 89T
o1
M 81T
01T

857
9z
| o€z

912
861
981
LLT
891
S9T

{ s11
01T

S0t I SOt

M
LI

(h) NEK

o

i~ 3 69 69

- < M9 = 99

- _ D (9€)

o © 4 ut no
857 | 857
174 \L 124
9€7 | 9€7
912 912z
g6 Rl <O 86l
981 N p——| 081
LLT [ — ——IA;
891 ——t=x] 301
S9T D) 91

N 811 O= —_— A 8T

= CIAR — SO — — Bl

~ X sot =l sot

; : s ==

4

wn (&) 9 un 99

— - _ (6€) (05)

© (@] ()] ut 3no

using AAIO orthologs-based

out (bottom)

(g) CK1
Figure 4.21: Sequence logos displaying selected positions of Swiss-Prot PK do-

mains predicted as DFG-in (top) or DFG
models — Tk for Tyr and STk for the rest.



194

References

10.

11.

Hanks, S. K., Quinn, A. M. & Hunter, T. The Protein Kinase Family: Con-
served Features and Deduced Phylogeny of the Catalytic Domains. Science
241, 42-52. 15SN: 0036-8075 (1988).

Leonard, C. J., Aravind, L. & Koonin, E. V. Novel Families of Putative Protein
Kinases in Bacteria and Archaea: Evolution of the “Eukaryotic” Protein Kinase
Superfamily. Genome Res. 8, 1038-1047. 1sSN: 1088-9051 (Oct. 1998).

Stancik, I. A. et al. Serine/Threonine protein kinases from bacteria, archaea
and eukarya share a common evolutionary origin deeply rooted in the tree of
life. en. J. Mol. Biol. 430, 27-32. 1SsN: 00222836 (2018).

Bradley, D. & Beltrao, P. Evolution of protein kinase substrate recognition at
the active site. en. PLoS Biol. 17 (ed Turk, B. E.) e3000341. 1SSN: 1545-7885
(June 2019).

Irby, R. B. & Yeatman, T. J. Role of Src expression and activation in human
cancer. en. Oncogene 19, 5636-5642. 1sSN: 0950-9232, 1476-5594 (2000).

Wang, J. & Zhuang, S. Src family kinases in chronic kidney disease. eng. Amer.
J. Physio.: Renal Physiol. 313. Edition: 2017/06/14 Publisher: American Phys-
iological Society, F721-F728. 1SsN: 1522-1466 (2017).

Soverini, S., Mancini, M., Bavaro, L., Cavo, M. & Martinelli, G. Chronic
myeloid leukemia: the paradigm of targeting oncogenic tyrosine kinase signal-
ing and counteracting resistance for successful cancer therapy. Molec. Canc.
17, 49 (2018).

Liu, Y. & Gray, N. S. Rational design of inhibitors that bind to inactive kinase
conformations. Nat. Chem. Biol. 2, 358-364. 1SSN: 1552-4450 (2006).

Johnson, L. N. Protein kinase inhibitors: contributions from structure to clin-
ical compounds. Quart. Rev. Biophys. 42, 1-40. 1SsN: 0033-5835 (2009).

Roskoski, R. Properties of FDA-approved small molecule protein kinase in-
hibitors: a 2020 update. en. Pharm. Res. 152, 104609. 1sSN: 10436618 (Feb.
2020).

Castelo-Soccio, L. et al. Protein kinases: drug targets for immunological disor-
ders. Nat. Rev. Immun., 1-20. 1SSN: 1474-1733 (May 2023).



195

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Li, S., Covino, N. D., Stein, E. G., Till, J. H. & Hubbard, S. R. Structural
and Biochemical Evidence for an Autoinhibitory Role for Tyrosine 984 in the
Juxtamembrane Region of the Insulin Receptor. J. Biol. Chem. 278, 26007—
26014. 15SN: 0021-9258 (2003).

McClendon, C. L., Kornev, A. P., Gilson, M. K. & Taylor, S. S. Dynamic
architecture of a protein kinase. en. Proc. Natl. Acad. Sci. USA 111, E4623—
E4631. 18sN: 0027-8424, 1091-6490 (Oct. 2014).

Kanev, G. K. et al. The landscape of atypical and eukaryotic protein kinases.
Trends Pharm. Sci. 40, 818-832. 1SSN: 0165-6147 (2019).

Modi, V. & Dunbrack, R. L. Defining a new nomenclature for the structures
of active and inactive kinases. Proc. Natl. Acad. Sci. USA 116, 6818 (2019).

Reveguk, I. & Simonson, T. Classifying protein kinase conformations with ma-

chine learning 2023.

Bhullar, K. S. et al. Kinase-targeted cancer therapies: progress, challenges and
future directions. Molec. Canc. 17, 48 (Feb. 2018).

Kooistra, A. J. et al. KLIFS: a structural kinase-ligand interaction database.
Nucl. Acids Res. 44, D365-D371. 1sSN: 0305-1048 (2016).

Kanev, G. K., de Graaf, C., Westerman, B. A., de Esch, I. J. P. & Kooistra,
A. J. KLIFS: an overhaul after the first 5 years of supporting kinase research.
Nucl. Acids Res. 49, gkaa895—. 1SSN: 0305-1048 (2020).

Rahman, R., Ung, P. M.-U. & Schlessinger, A. KinaMetrix: a web resource
to investigate kinase conformations and inhibitor space. Nucl. Acids Res. 47,
D361-D366. 15sN: 0305-1048 (2019).

Mobitz, H. The ABC of protein kinase conformations. Biochem. Biophys. Acta
1854, 1555-1566. 1SSN: 1570-9639 (2015).

Young, M. A. et al. Structure of the kinase domain of an Imatinib-resistant
Abl mutant in complex with the Aurora kinase inhibitor VX-680. Canc. Res.
66, 1007-1014. 1SsN: 0008-5472 (2006).

Seeliger, M. A. et al. c-Src binds to the cancer drug Imatinib with an inactive
Abl/c-Kit conformation and a distributed thermodynamic penalty. en. Struc-
ture 15, 299-311. 1sSN: 09692126 (Mar. 2007).



196

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Aleksandrov, A. & Simonson, T. Molecular dynamics simulations show that
conformational selection governs the binding preferences of imatinib for several
tyrosine kinases. en. J. Biol. Chem. 285, 13807-13815. 1ssN: 0021-9258, 1083-
351X. (2020) (2010).

Meng, Y., Lin, Y.-1. & Roux, B. Computational study of the “DFG-flip” con-
formational transition in c-Abl and c¢-Src tyrosine kinases. J. Phys. Chem. B
119, 1443-1456. 1sSN: 1520-6106 (2015).

Meng, Y. et al. Predicting the Conformational Variability of Abl Tyrosine Ki-
nase using Molecular Dynamics Simulations and Markov State Models. Journal
of Chemical Theory and Computation 14, 2721-2732. 1sSN: 1549-9618 (May
2018).

Hari, S. B., Merritt, E. A. & Maly, D. J. Sequence determinants of a specific
inactive protein kinase conformation. en. Chem. & Biol. 20, 806-815. ISSN:
10745521 (June 2013).

Azam, M., Seeliger, M. A., Gray, N. S., Kuriyan, J. & Daley, G. Q. Activation
of tyrosine kinases by mutation of the gatekeeper threonine. Nat. Struct. Mol.
Biol. 15, 1109-1118. 15SN: 1545-9993 (2008).

Haldane, A., Flynn, W. F., He, P., Vijayan, R. & Levy, R. M. Structural
propensities of kinase family proteins from a Potts model of residue co-variation.
Prot. Sci. 25, 1378-1384. 1sSN: 1469-896X (2016).

Boutet, E., Lieberherr, D., Tognolli, M., Schneider, M. & Bairoch, A. UniProtKB/Swiss-
Prot. Meth. Mol. Biol. 406, 89-112. 1sSN: 1064-3745 (2007).

Jumper, J. et al. Highly accurate protein structure prediction with AlphaFold.
Nature, 1-11. 1SSN: 0028-0836 (2021).

Varadi, M. et al. AlphaFold protein structure database: massively expanding
the structural coverage of protein-sequence space with high-accuracy models.
Nucl. Acids Res. 50, D439-D444. 1sSN: 0305-1048 (2021).

Velankar, S. et al. SIFTS: structure integration with function, taxonomy and
sequences resource. eng. Nucl. Acids Res. 41. Edition: 2012/11/29 Publisher:
Oxford University Press, D483-D489. 1SSN: 1362-4962 (2013).

Li, W. & Godzik, A. Cd-hit: a fast program for clustering and comparing
large sets of protein or nucleotide sequences. Bioinformatics 22, 1658-9. ISSN:
1367-4803 (May 2006).



197

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Katoh, K. & Standley, D. M. MAFFT multiple sequence alignment software
version 7: improvements in performance and usability. Molec. Biol. & FEvol.
30, 772-780. 1ssN: 0737-4038 (2013).

Kunzmann, P. & Hamacher, K. Biotite: a unifying open source computational
biology framework in Python. BMC' Bioinf. 19, 346. 1SSN: 1471-2105 (2018).

Smith, T. & Waterman, M. Identification of common molecular subsequences.

J. Mol. Biol. 147, 195-197. 1SsN: 0022-2836 (Mar. 1981).

Larralde, M. & Zeller, G. PyHMMER: a Python library binding to HMMER
for efficient sequence analysis. Bioinformatics. 1SSN: 1367-4803 (2023).

Eddy, S. R. Accelerated Profile HMM Searches. PLoS Computational Biology
7, €1002195. 18SN: 1553-734X (2011).

Thomas, P. D. et al. PANTHER: Making genome-scale phylogenetics accessible
to all. Prot. Sci. 31, 8-22. 1sSN: 0961-8368 (Jan. 2022).

Suzek, B. E., Huang, H., McGarvey, P., Mazumder, R. & Wu, C. H. UniRef:
comprehensive and non-redundant UniProt reference clusters. Bioinformatics
23, 1282-1288. 18sN: 1367-4803 (Mar. 2007).

Suzek, B. E. et al. UniRef clusters: a comprehensive and scalable alternative
for improving sequence similarity searches. Bioinformatics 31, 926-932. 1SSN:
1367-4803 (Mar. 2015).

Cokelaer, T., Pultz, D., Harder, L. M., Serra-Musach, J. & Saez-Rodriguez,
J. BioServices: a common Python package to access biological web services
programmatically. Bioinformatics 29, 3241-3242. 1SsN: 1367-4803 (Dec. 2013).

Kawashima, S. & Kanehisa, M. A Aindex: amino acid index database. eng. Nucl.
Acids Res. 28. Publisher: Oxford University Press, 374-374. 1SSN: 0305-1048
(2000).

Van Westen, G. J. et al. Benchmarking of protein descriptor sets in pro-
teochemometric modeling (part 1): comparative study of 13 amino acid de-
scriptor sets. eng. J. Chemoinf. 5. Publisher: BioMed Central, 41-41. ISSN:
1758-2946 (2013).

Westen, G. J. v. et al. Benchmarking of protein descriptor sets in proteochemo-
metric modeling (part 2): modeling performance of 13 amino acid descriptor

sets. J. Chemoinf. 5, 42. 1SSN: 1758-2946 (Sept. 2013).



198

47.

48.
49.

50.

ol.

92.

93.

o4.

95.

56.

o7.

o8.

Chen, T. & Guestrin, C. XGBoost. Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, 785794
(2016).

Breiman, L. Random forests. Mach. Learn. 45, 5-32. 1SsN: 0885-6125 (2001).

Friedman, J. H. Greedy function approximation: a gradient boosting machine.
The Annals Stat. 29. 1SSN: 0090-5364 (2001).

Akiba, T., Sano, S., Yanase, T., Ohta, T. & Koyama, M. Optuna: a next-
generation hyperparameter optimization framework in Proceedings of the 25rd
ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining (2019).

Kursa, M. B. & Rudnicki, W. R. Feature selection with the Boruta package.
J. Stat. Soft. 36, 1-13 (2010).

Shapley, L. S. in Contributions to the Theory of Games II (eds Kuhn, H. W.
& Tucker, A. W.) 307-317 (Princeton University Press, Princeton, 1953).

Lundberg, S. & Lee, S.-I. A Unified Approach to Interpreting Model Predic-
tions. arXiv. eprint: 1705.07874 (May 2017).

Lundberg, S. M., Erion, G. G. & Lee, S.-I. Consistent individualized feature
attribution for tree ensembles. arXiv. eprint: 1802.03888 (2018).

Minh, B. Q. et al. IQ-TREE 2: New Models and Efficient Methods for Phy-
logenetic Inference in the Genomic Era. Molec. Biol. & Fvol. 37, 1530-1534.
1SSN: 0737-4038 (Feb. 2020).

Huerta-Cepas, J., Serra, F. & Bork, P. ETE 3: reconstruction, analysis, and
visualization of phylogenomic data. Molec. Biol. € Fvol. 33, 1635-1638. 1SSN:
0737-4038 (2016).

Iyer, M., Li, Z., Jaroszewski, L., Sedova, M. & Godzik, A. Difference contact
maps: From what to why in the analysis of the conformational flexibility of
proteins. PLOS One 15, €0226702 (2020).

Singh, J. Comparison of conservation within and between the Ser/Thr and
Tyr protein kinase family: proposed model for the catalytic domain of the
epidermal growth factor receptor. Prot. Engin. Des. Sel. 7, 849-858. ISSN:
1741-0126 (1994).


1705.07874
1802.03888

199

99.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

Taylor, S. S., Radzio-Andzelm, E. & Hunter, T. How do protein kinases dis-
criminate between serine/threonine and tyrosine? Structural insights from the
insulin receptor protein-tyrosine kinase. The FASEB J. 9, 1255—1266. I1SSN:
0892-6638 (1995).

Hanson, S. M. et al. What Makes a Kinase Promiscuous for Inhibitors? Cell
Chem. Bio. 26, 390-399.e5. 1SSN: 2451-9456 (2019).

Zhao, Z. et al. Exploration of Type II Binding Mode: A Privileged Approach
for Kinase Inhibitor Focused Drug Discovery? ACS Chemic. Biol. 9, 1230-
1241. 18SN: 1554-8929 (2014).

Yaghmaie, M. & Yeung, C. C. Molecular Mechanisms of Resistance to Tyrosine
Kinase Inhibitors. Curr. Hematol. Malig. Rep. 14, 395-404. 1sSN: 1558-8211
(2019).

Rogers, C., Morrissette, J. J. & Sussman, R. NTRK Point Mutations and Their
Functional Consequences. 262-263, 5-15. 1SSN: 2210-7762 (2021).

Fuse, M. J. et al. Mechanisms of Resistance to NTRK Inhibitors and Therapeu-
tic Strategies in NTRK1-Rearranged Cancers. Molecular Cancer Therapeutics
16, 2130-2143. 1ssN: 1535-7163 (2017).

Kiyoi, H., Kawashima, N. & Ishikawa, Y. FLT3 mutations in acute myeloid
leukemia: Therapeutic paradigm beyond inhibitor development. Cancer Sci-
ence 111, 312-322. 1SSN: 1347-9032 (2020).

Griffith, J. et al. The Structural Basis for Autoinhibition of FLT3 by the Jux-
tamembrane Domain. Molec. Cell 13, 169-178. 1sSN: 1097-2765 (2004).

Mol, C. D. et al. Structural Basis for the Autoinhibition and STI-571 Inhibition
of c-Kit Tyrosine Kinase. J. Biol. Chem. 279, 31655-31663. 1SSN: 0021-9258
(2004).

Walter, M. et al. The 2.7 A Crystal Structure of the Autoinhibited Human
c-Fms Kinase Domain. J. Mol. Biol. 367, 839-847. 1ssN: 0022-2836 (2007).

Heinrich, M. C. et al. PDGFRA Activating Mutations in Gastrointestinal Stro-
mal Tumors. Science 299, 708-710. 1ssN: 0036-8075 (2003).

Rizzo, A., Pantaleo, M. A., Astolfi, A., Indio, V. & Nannini, M. The Identity of
PDGFRA D842V-Mutant Gastrointestinal Stromal Tumors (GIST). Cancers
13, 705. 1SsN: 2072-6694 (2021).



200

71.

72.

73.

74.

75.

Laine, E., Beauchéne, 1. C. d., Perahia, D., Auclair, C. & Tchertanov, L. Muta-
tion D816V Alters the Internal Structure and Dynamics of ¢-KIT Receptor Cy-
toplasmic Region: Implications for Dimerization and Activation Mechanisms.
PLoS Computational Biology 7, ¢1002068. 1SSN: 1553-734X (2011).

Diskin, R., Engelberg, D. & Livnah, O. A novel lipid binding site formed by
the MAP kinase insert in p38 alpha. J. Mol. Biol. 375, 70-9 (June 2007).

Shan, Y., Arkhipov, A., Kim, E. T., Pan, A. C. & Shaw, D. E. Transitions
to catalytically inactive conformations in EGFR kinase. Proc. Natl. Acad. Sci.
USA 110, 7270-7275. 1SsN: 0027-8424 (2013).

Jauch, R. et al. Crystal Structures of the Mnk2 Kinase Domain Reveal an
Inhibitory Conformation and a Zinc Binding Site. Structure 13, 1559—-1568.
1SSN: 0969-2126 (2005).

Bollag, G. et al. Clinical efficacy of a RAF inhibitor needs broad target blockade
in BRAF-mutant melanoma. Nature 467, 596-599. 1sSN: 0028-0836 (2010).



Chapter 5

1Xtractor: Data Mining from

Macromolecules

In the fast-evolving domains of structural biology, machine learning, and data
mining, the meticulous and precise preparation of data stands as a critical yet
frequently neglected phase. While existing tools offer a diverse repertoire of
data description techniques, they inadequately address the foundational steps
of data collection and management. This oversight fosters fragmented initia-
tives and repeated efforts in the scientific community, hindering the seamless
integration and analysis that are vital for the development of robust machine
learning models and data mining applications. Addressing this gap, we intro-
duce 1Xtractor — an open-source Python library that synergizes data prepa-
ration and feature extraction, fostering transparent and complex data prepa-
ration workflows. This tool not only enables the creation of customizable
workflows for data mining from macromolecular sequences and structures but
also promotes transparency, reproducibility, and accessibility in data analysis.
Through 1Xtractor, users can intuitively design and analyze sequence/struc-
ture data collections, with the added capability to scale up to vast data volumes
and interface with various external resources. This chapter delineates the key
principles, functionalities, and future directions of 1Xtractor, showcasing its
potential as a robust backbone for data analysis and a catalyst for collaborative

advancements in structural biology.
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5.1 Introduction

The burgeoning repository of experimental [1, 2] and predicted [3, 4] struc-
tural data has propelled the rise of structure-based machine learning (ML)
applications [5]. These applications hinge critically on data preparation and
representation, factors that significantly influence their accuracy and reliabil-
ity. Consequently, there is a pressing need for programmatic solutions, aiding
in these steps, that are not only accessible but also adept at handling large-
scale scenarios.

While several tools, including BioPython [6], biotite [7], Bi03D [8], and
ProDy [9], facilitate the initial steps of structural data preparation, they often
fall short in addressing more advanced needs. Designed to cater to a wide
audience, these tools primarily focus on basic functionalities, making the task
of adapting them for large-scale feature extraction and engineering a laborious
process.

Thus, specialized tools for feature extraction from proteins have emerged.
However, they predominantly focus on protein sequences rather than their
structures [10-14]. Even among those that do consider tertiary structures,
there is a noticeable deficiency in functionalities for pre-processing and cor-
relating extracted features [15, 16], with Caretta being a notable exception
[17]. This gap becomes particularly glaring when researchers aim to scruti-
nize groups of related molecules to answer complex questions such as, "What
characteristics of the binding site enable family X proteins to accommodate Y
ligands?” or "How does the conformation of region X vary across Y domain-
containing proteins?” The existing methods, primarily serving as an interme-
diary layer between input data and their numerical representation, necessitate
substantial additional effort and the integration of other tools to construct the
final dataset suitable for data mining.

Therefore, we devised a comprehensive toolbox, 1Xtractor (/le'kstraktor/),
that seamlessly integrates data preparation and feature extraction. This tool
facilitates the development of intricate yet fully customizable workflows for
data mining, encompassing macromolecular sequences, structures, and their
combinations. It promotes an interactive and adaptable approach to design-
ing and analyzing sequence/structure data collections, with a strong emphasis

on transparency, reproducibility, and accessibility.
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1Xtractor adeptly handles related protein structures and sequences by
maintaining a clear connection to a selected reference entity, be it a sequence,
Multiple Sequence Alignment (MSA), or an HMM model. The data collec-
tions curated by 1Xtractor are intuitively structured, allowing for convenient
storage and retrieval, thus fostering iterative refinement and effortless distri-
bution. Moreover, these data can be characterized by an array of sequence
and structure descriptors, designed to preserve their linkage to the input data,
thereby aiding in the extraction of significant insights during subsequent data
mining phases.

For advanced users, the tool provides the flexibility to develop their own
descriptors and employ 1Xtractor for their computation. Its capability to
parallelize essential operations ensures scalability to handle extensive datasets.
Furthermore, it offers basic interfaces to a variety of external resources, includ-
ing SIFTS [18], Pfam [19], UniProt [20, 21], PDB [1], and AlphaFold2 [4], along
with features to analyze ligands and their respective binding pockets.

This manuscript is structured as follows: Initially, we elucidate the core
principles underlying 1Xtractor and outline the general workflow of its data
mining methodology. Subsequently, we delve into the implementation specifics,
highlighting the key data structures that constitute the backbone of the tool.
Following this, we introduce a versatile "database” protocol to assemble a data
collection of domain sequences and associated structures. Lastly, we illustrate

the capabilities of 1Xtractor in facilitating variable computations.

5.2 Background

1Xtractor is a Python library devised to facilitate the exploration of sequence
and structure data in the realm of bioinformatics. It’s designed to be a one-
stop solution to carry a researcher from the initial hypothesis to the datasets
ready for machine learning and data mining applications. Beyond its util-
ity in data preparation, it may serve as a tool for the interactive analysis of
macromolecular sequences and structures, fostering a deeper understanding
and engagement with the data at hand.

The fundamental workflow of an 1Xtractor project can be delineated into

the following stages, as illustrated in Fig. 5.1:

o« Data Gathering: This initial stage involves acquiring the necessary
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Figure 5.1: The core 1Xtractor workflow. The initial data are obtained from
external resources, parsed to attain an internal representation, then processed and
described by collections of variables. The data collections can then be saved, shared
with the community, or loaded back into the Python interpreter for further refine-
ment and analysis.

data for the project. The library offers minimalist interfaces to several
databases including UniProt [20, 21], PDB [1], PANTHER [22], Pfam
[19], and the AlphaFold2 database [3, 4] to facilitate this. It creates
local interfaces to the Pfam database to access any desired HMM model,
and the SIFTS database [18] to swiftly access mappings between UniProt
and PDB identifiers, as well as segment-wise mappings between UniProt
and PDB protein numbering schemes.

o Data Parsing: In this stage, the gathered sequence and structure data
are parsed into an internal representation, structured into classes follow-
ing an object-oriented approach. These objects facilitate the subsequent

tasks:

— Mapping: This involves relating sequences, alignments, and HMM
models. Users are encouraged to establish a single reference object
to map all pertinent sequences to it for variable calculations (see
below).

— Filtering: This task allows users to filter sequence/structure col-
lections based on various criteria, such as the coverage of a structure
sequence by a UniProt sequence or a reference object.

— Extracting: This task enables the extraction of the regions of
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interest from sequences and structures — continuous segments with

boundaries defined either manually or by a reference object.

The tool offers the flexibility to perform these tasks in any order, fos-
tering the development of a detailed and transparent workflow suited to
individual use-cases.

Variables Calculation: This stage involves computing variables for
sequences and structures, categorized based on the input data required

for their calculation:

— Sequence Variables: Variables in this category require an arbi-
trary sequence as input.

— Structure Variables: These variables necessitate an array of atoms
for computation.

— Ligand Variables: Variables in this category require an internal

ligand representation as input.

Each variable yields an atomistic output, either a single string or number.
While users can define their own variables, these definitions must comply
with specific standards.

Saving and Summarizing: The final stage involves saving the data
collections as sets of binary and text files, organised and named specifi-
cally. 1Xtractor also generates a summary in the form of a CSV table
to offer a quick overview of the gathered data. These collections can be
shared within the community and easily loaded into a Python interpreter

for further refinement and analysis.

5.3 Implementation

5.3.1 Core Data Structures

At the core of the 1Xtractor library are a series of data structures engineered

to facilitate the streamlined analysis of sequence and structure data. These

structures form the backbone of the tool, enabling a seamless and efficient

workflow.

The Segment object serves as a foundational unit, delineating sequences as

named continuous segments. Each segment houses an array of indices along

with a collection of arbitrary sequences that span its length. This object
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operates as a flexible container, utilizing dictionary-like and list-like properties
to expedite the inspection and addition of new sequences and metadata entries.

Expanding upon the Segment is the ChainSequence, a critical data struc-
ture within 1Xtractor. It accommodates a continuous sequence corresponding
to a single polymeric chain, requiring a non-empty primary sequence element
for each segment index. It permits the input of actual sequence numbering if
it deviates from the default segment numbering. Beyond housing the primary
sequence and its numbering, it can retain numerous additional arrays (such as
secondary structure), which can be categorized and accessed with ease. Fur-
thermore, the chain sequence can be flexibly mapped to other chain sequences,
multiple sequence alignments (MSAs), or HMM models.

Working in tandem with the ChainSequence is the GenericStructure,
capable of storing an arbitrary structure encompassing any number of chains,
internally depicted as an array of atoms. During the parsing process, each
atom is classified based on its function as a ligand, solvent, or polymer, with
additional categorizations for polymeric atoms into protein, nucleotide, or car-
bohydrate groups. Ligands are documented as separate entities, as we elabo-
rate below. These categories are maintained as binary masks, facilitating rapid
access to specific segments within the atom array.

Complementing the GenericStructure is the ChainStructure, which in-
tegrates both the GenericStructure and ChainSequence corresponding to a
single structural chain. In instances where the structural data presents multi-
ple variants, as indicated by altloc PDB annotations, the ChainStructure
restricts itself to a single altloc. These limitations ensure it embodies a sin-
gular polymeric entity, defined by fixed atom positions and a primary sequence
outlined by polymeric atoms, thus preserving a transparent and unequivocal
data representation.

In practice, it is not uncommon to encounter deviations in PDB structure
sequences from the canonical UniProt sequences, which may be attributed to
mutations or varying numbering conventions. Moreover, a multitude of PDB
chains often correspond to a singular reference sequence. To address these
complexities, the Chain object has been developed. This object encapsulates a
single canonical ChainSequence and a series of associated ChainStructures,
wherein the chain structure sequences are mapped to the canonical chain se-

quence through pairwise sequence alignment.
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Within the 1Xtractor framework, the ChainSequence, ChainStructure,
and Chain objects cater to diverse use-cases in data analysis and mining.
Whether the focus is on analyzing pure sequence data, structure data, or a
combination of both, 1Xtractor recognizes these “chain-type” objects as pri-
mary entities. Consequently, they offer similar interfaces, fostering a uniform
approach in other segments of the codebase that are responsible for maintain-

ing and manipulating these objects.

5.3.2 Chain Identifiers and Tree

The 1Xtractor library is designed to facilitate workflows that predominantly
operate on interrelated chain-type objects, such as domains or smaller motifs.
Consequently, a significant emphasis has been placed on the efficient extraction
of such regions from sequences and structures.

Each chain-type object is equipped with a spawn_child () method, which
allows for the subsetting of the chain based on specified boundaries. These
boundaries are typically defined according to a certain numbering system, such
as that of a domain or a reference sequence, stored within a ChainSequence.
Figure 5.2 illustrates the process of creating a child segment from a Chain.

To streamline the management of object relationships, each chain-type ob-

” and any ”children” derived from it,

ject maintains a record of its "paren
thereby fostering the creation and inspection of segment trees. Moreover, each
object is assigned a dynamic unique identifier, formulated from its name, seg-
ment boundaries, and a recursively appended list of parent identifiers. While
these identifiers are not employed in object comparisons, adhering to a con-
vention where matching identifiers indicate object identity is strongly recom-

mended.

5.3.3 A List of Chains

Within the 1Xtractor framework, collections of chain-type objects are aggre-
gated into a specialized container termed ChainList. This container serves
as a direct extension of the Python 1list class, exclusively housing objects
of a uniform type, namely, ChainSequence, ChainStructure, or Chain. Be-
yond the conventional list functionalities such as slicing, the ChainList offers

enhanced capabilities including flexible filtering options, the application of ar-
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Figure 5.2: Illustration of a child segment creation from a Chain. The chain houses
a canonical sequence X comprised of 120 residues, along with three structures - A,
B, and C - whose sequences are mapped to X. This canonical sequence is further
mapped to a reference M, delineating a specific region of interest. The extraction of
this region initiates with the subsetting of the canonical sequence, followed by the
utilization of sequence-to-sequence mappings to extract the child region from the
stored structures. The newly formed child Chain is assigned a unique identifier that
mirrors its lineage.

bitrary functions to its constituents, and the retrieval of all child objects at
a specified topological level within a segment tree. These functionalities fa-

cilitate the construction of complex workflows, similar to Pandas data frames
[23].

5.3.4 I/0 and Storage Layout

The 1Xtractor library ensures a systematic approach to data storage and re-
trieval through the individual methods defined within each chain-type object.
These methods facilitate the reading and writing of data to the disk, stor-
ing them as a series of text files that can be examined both manually and
programmatically. Essential to each object are the obligatory sequence and
metadata files, preserved as TSV tables. The metadata file functions as an
object’s “passport,” encapsulating vital details such as the name and segment
boundaries, alongside other pertinent information. Moreover, structure data
can be accommodated in various formats including pdb, cif, and mmtf.

To streamline I/O operations, the ChainI0 module has been developed,
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capable of handling bulk storage and retrieval of chain-type objects. This
module orchestrates a hierarchical organization of the objects, wherein child

segments are nested under their respective parents, as illustrated in Fig. 5.3.

Chain Seq
""""""" Input
sequence.tsv
meta.tsv f
Seq - segments — 1

i

Meta structure.mmtf
...... - segments —

Storage

sequence.tsv
meta.tsv

- structures
- segments

1 A ChainList
2 K Structure
sequence.tsv
meta.tsv
|
|
|
—

Figure 5.3: The data storage architecture of 1Xtractor segregates each object into
distinct folders, each housing two compulsory files: meta.tsv and sequence.tsv. In
the absence of supplementary files, an object is identified as a ChainSequence. The
inclusion of a structure.fmt file, where fmt denotes the chosen format, elevates
the object to a ChainStructure. Conversely, the addition of a structures folder
classifies it as a Chain. This setup allows for flexible parsing, with objects being
recognized as ChainSequence if structural data is not required. Furthermore, each
object can recursively store child segments. In cases where a Chain accommodates
child segments, these segments should be housed under the Chain rather than indi-
vidual ChainStructures. The ChainInitializer and ChainI0O modules streamline
the transformation of initial data into chain-type objects and their subsequent stor-
age or retrieval from the disk, respectively.

To expedite the initial data parsing process, the ChainInitializer has
been introduced. This class adeptly identifies the nature of the input data,

initializing the appropriate chain-type objects accordingly. Furthermore, its
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callback system offers the flexibility to tailor the initialization process to suit

specific use-cases.

5.3.5 Ligands and Binding Pockets

In the process of parsing structure files, the GenericStructure categorizes
atoms into one of three distinct groups: solvent, ligand, or polymeric. The
categorization of solvents is facilitated through a carefully curated list of PDB
residue codes, while polymeric atoms are identified based on the guidelines set
by the Chemical Component Dictionary (CCD), accessible at https://www.
wwpdb.org/data/ccd. Atoms that do not fall under the solvent or polymer
categories are considered potential ligands.

The classification of atoms as a ligand is determined based on a set of
criteria encompassing the number of ligand atoms, the number of contacts in-
volving polymeric atoms and residues. These parameters are modifiable within
the configuration settings of each GenericStructure. If a residue meets these
criteria, it is encapsulated within a separate Ligand object, which retains the
connection to its parent GenericStructure. The Ligand object stores vari-
ous pieces of information, including the indices of its atoms within the parent
structure, the contact atoms of the parent structure, distances to these atoms,
and pertinent metadata. When generating subsets of a GenericStructure,
such as during the division into chains, the ligand configuration guides the
allocation of ligands into these subsets.

Complementing the Ligand object is the Pocket data structure, designed
to efficiently differentiate ligands into “binders” and “non-binders”. It utilizes a
flexible string-based definition that translates into specific statements, which,
when applied to a parent structure of a particular ligand, yields a binary
response (True or False). Each definition comprises statements that can be
algebraically combined, allowing for the definition of pockets with varying
levels of complexity. For example, the statement below classifies a ligand as a
binder if it establishes a minimum of two contacts with any atoms of a parent
structure residue at position 2, or if both C, atoms at structure positions 2

and 3 are within a distance of less than 6 A from any ligand atoms:

c:l:any >= 2 | daa:2,3:CA < 6


https://www.wwpdb.org/data/ccd
https://www.wwpdb.org/data/ccd
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To standardize pocket definitions, reference positions can be utilized, accom-
panied by a mapping that correlates these positions with the structure num-
bering. The computational efficiency of this approach facilitates the rapid

filtering of thousands of ligands across a multitude of structures.

5.3.6 Variables Computation

1Xtractor offers a flexible and consistent way to compute comprehensive sets
of descriptor variables for sequences, structures, and ligands. To unify vari-
able definitions, it is recommended to anchor them to a common reference
numbering.

Variables are defined as classes adhering to a standard abstract interface.
An important feature of a variable is its string definition, automatically created
for each initialized variable from its name and attribute values. For instance,

a variable
Dist (p1=1 ,p2=2,al="CA',a2="CB' )

specifies a distance between C, and Cg atoms of protein positions 1 and 2,
and executing a eval ("Dist (p1=1,p2=2,al1="CA',a2="CB')") statement will
create this variable within the Python interpreter, enabling seamless intercon-
version between textual and programmatic representation. This facilitates the
creation of short and meaningful variable definitions, enhancing readability
and ease of use.

Each variable specifies its own computation in the calculate method. As
input, it accepts a sequence, atom array, or a ligand (subject to the variable
type) and an optional mapping from reference to the object numbering, and
returns a value, typically a number or a string, representing a specific atomistic
property.

1Xtractor defines sets of variables that cover basic use cases, such as sec-
ondary structure elements and ProtFP PCA embeddings [24, 25] for sequences,
and basic geometric variables like distances and dihedral angles for structural
data. Users may define their own variable types tailored for specific use cases,
by inheriting the core interface from an abstract class.

Variables computation is orchestrated by the special Manager class. It ac-
cepts a series of chain-type objects, a reference mapping name, and a series

of variables to compute. It automatically determines (object, variable) pairs
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based on their types and retrieves necessary mappings. Once staged, it sched-
ules variable calculations that can be parallelized. Finally, it dynamically

aggregates the results as they become available and outputs them as a table.

5.3.7 Protocols

The protocols module is designed to encapsulate complex workflows tailored
for specific analytical purposes. One such workflow, the superpose protocol,
facilitates the analysis of a series of ChainStructure objects by orchestrating
the superposition of each unique pair of structures. Initially, it aligns the se-
quences of each pair, followed by subsetting the aligned residues to common
atoms. Subsequently, it executes the structural superposition and optionally
computes a specified distance metric on the superposed structures. This com-
puted distance metric can then be utilized for clustering analyses, aiding in

the categorization and study of structural similarities and variations.

5.4 Demonstration

5.4.1 The Database Protocol

We'll demonstrate how 1Xtractor can be used to create sequence/structure
data collections. Namely, we’ll compile a collection of PDZ domain-containing
proteins and extract these domains from sequences and structures. PDZ is a
short (80-90 residues) domain serving as a protein interaction module in various
cellular processes [26]. This protocol can be easily extrapolated towards other
domains by simply changing the PFAM_ID.

Listing 5.1 demonstrates the setup of the protocol with imports and the
configuration of relevant paths and constants like the number of CPUs for

parallel processing.

Listing 5.1: Setup for the database protocol

from io import StringlO
from itertools import chain

from pathlib import Path

# Import chain and interfaces to external resources
import 1Xtractor.core.chain as lxc
from 1Xtractor.ext import (
PyHMMer, PDB, SIFTS, Pfam, fetch_uniprot, filter_ by_method
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)

# Import utility functions
from 1Xtractor.util import read_ fasta, valgroup

from toolz import keymap, valmap, valfilter

PFAM _ID = ’PF00595° # Define the target domain reference model
NUM _PROC = 20 # A maximum number of CPUs to allocate
NUM_THREADS = 20 # A maximum number of threads to allocate
# Initialize paths to store data

PDB DIR = Path(’./tmp/pdb’)

DB _DIR = Path(f’./tmp/{PFAM ID}/db")

PDB DIR. mkdir (exist__ok=True, parents=True)

DB DIR. mkdir (exist ok=True, parents=True)

# Initialize external resources

pdb = PDB(verbose=1, num_ threads=NUM THREADS)

sifts = SIFTS(load id mapping=True)

pfam = Pfam/()

o

Listing 5.2 encapsulates the code to obtain the initial sequences from the
SIFTS resource and parses them into ChainSequence objects for internal rep-

resentation. Each sequence will be named by a UniProt identifier.

Listing 5.2: Obtaining and parsing initial sequences

# Fetch all SIFTS sequences from UniProt in fasta format
fetched = fetch__uniprot(
sifts .uniprot_ids, num_ threadssNUM THREADS, chunk_size=500, verbose=True

# Parse the loaded sequences from the fetched data
fasta = read_fasta(StringIO (fetched))

# Convert the parsed fasta sequences into [Xtractor’s chain sequences

© 0 N O ks W N
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chains = lxc.ChainList(

# ‘name. split (’]’)[1] ¢ parses the full UniProt name into an ID

Ixc . ChainSequence. from_string(seq, name=name.split(’|’)[1])

for name, seq in fasta

Next, the PDZ domain HMM model is applied to each parsed sequence
(Listing 5.3). This model can be accessed from the Pfam interface, which auto-
matically integrates it into the PyHMMer class. The latter serves as a simplified
wrapper around the eponymous Python tool, which is an HMMer redeveloped
in Cython [27, 28]. The annotate method of this class processes a collection of
chain-type objects, extracting child segments corresponding to successful do-
main hits and generating results sequentially. These child segments are stored
internally within each chain, allowing us to tally the domain hits by consuming

the iterator.
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Listing 5.3: Getting initial domain hits

# Load the HMM model from the Pfam interface wusing the specified PFAM ID
hmm = pfam [PFAM_ID]

# Apply the HVMM model to amnotate the chain sequences, creating child sequences
# based on the domain boundaries identified for each sequence
num_ domains = sum(

1 for _ in hmm.annotate(chains, min_score=30, min cov_hmm=0.7)

# Filter out sequences that did not have any domain hits

chains = chains. filter (lambda x: len(x.children) > 0)

After securing the initial domain hits, the next step is to consult SIFTS
for corresponding structural chains in the PDB. Since the PDB only allows
downloading complete structure files, it is necessary to first compile a list
of query identifiers; the specific chains are extracted during the subsequent
parsing. This list is further refined to include only entries associated with
X-ray structures. The PDB interface efficiently manages the retrieval process,
avoiding redundant downloads by checking the existing files in the designated
directories, thereby preventing unnecessary strain on the PDB servers. Listing
5.4 showcases how 1Xtractor accomplishes these tasks with just a few lines

of code.

Listing 5.4: Fetching relevant structures

# Generate UniProt—PDB mappings for wvalid hits wusing SIFTS,
# to be used later for initializing Chain objects

uniprot2pdb = {c.name: sifts[c.name] for c¢ in chains}

# Compile an initial set of PDB IDs
pdb_ids = {x.split(’:7)[0] for x in chain.from iterable(uniprot2pdb.values())}

# Refine the set to only include X—ray structures
pdb_ids = filter_by_method(
pdb_ids, pdb=pdb, dir_=PDB DIR / ’info’, method="X-ray”
)
# Retrieve the structure files in mmtf format
pdb. fetch__structures (pdb_ids, PDB DIR / ’'mmtf’, ’mmtf.gz’)

With the necessary data retrieved, the next step is to construct an 1Xtractor
data collection comprising Chain objects. This task is facilitated by the
ChainInitializer, which requires a mapping between sequences and their
corresponding structures. The sequences, already loaded and filtered to in-
clude only those with domain hits, are hashable objects in 1Xtractor and

can be utilized directly as dictionary keys. To optimize memory usage, each
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group of associated structural chains is represented as pairs consisting of the
structure’s path and a list of chain IDs. The ChainInitializer processes this
mapping, initializing sequences and structure chains based on the input types
provided. Additionally, it aligns each structural chain sequence with the re-
spective canonical sequence through pairwise sequence alignment. Listing 5.5
illustrates the preparation of the sequence-structure mapping in the format
expected by ChainInitializer, and the utilization of the latter to assemble

the collection of Chain objects.

Listing 5.5: Initializing the data collection

# Clean up extracted segments to avoid duplicating child segments
# as Chain objects will be wutilized in subsequent steps

chains = chains.apply (lambda c: c.filter children (lambda _: False))

# Format the sequence—to—structure mapping into a format:
# SeqID => [(PDB, [Chain, ...]), ...]
seq2str = valgroup (uniprot2pdb)
# Replace PDB IDs with the appropriate paths to the retrieved structures
# ‘keymap‘ and ‘valmap ‘ map a function to keys and values of a dictionary
seq2str = valmap(

lambda xs: |

PDB DIR / ’mmtf’ / {’{pdb id}.mmtf. gz’
for pdb_id, _ in xs if pdb_id in pdb_ids

I,

seq2str
)
# Replace UniProt IDs with the corresponding chain sequences
seq2str = keymap(

lambda x: chains[x][0],

seq2str
)
# Initialize the database wusing the prepared mappings
init = lxc.ChainlInitializer (verbose=1, tolerate failures=True)
chains = init.from_mapping(

seq2str , num_ proc_read_ str=NUM_PROC, num_ proc_map_numbering=NUM PROC

Finally, invoking the annotate method on the chains initiates a process
where the target HMM model aligns with each canonical sequence, extracting
the domains as illustrated in Fig. 5.2'. Following domain extraction, several
filtering steps are undertaken to retain only entries with valid and sufficiently

large structural domains. The data collection is then saved to disk for future

Tt should be noted that this step repeats the domain extraction for canonical sequences
already verified to contain valid domains. Although less efficient than directly applying
the previously identified domain boundaries to each structural chain, this approach serves
demonstrative purposes better.
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reference, with all objects summarized in a pandas dataframe, which can be

stored as a CSV file for subsequent analysis. Listing 5.6 illustrates these steps.

Listing 5.6: Annotating domains and saving the collection

# Reapply domain mapping; mnow, domain boundaries influence
# both the canonical sequence and all associated chain structures
num__domains = sum(1 for _ in hmm.annotate(
chains, min_score=30, min_cov_ hmm=0.7, min_cov_seq=0.7,
tolerate_ failure=True, silent=True, str_map_from='map_canonical’

)

# Retain domain structures comprising at least 50 residues
for child in chains.collapse__children ():

child .structures = child.structures. filter (lambda x: len(x) > 50)
# Keep domain chains that have at least one extracted structural domain
for ¢ in chains:

c.children = c.children. filter (lambda child: len(child.structures) > 0)
# Maintain chains with a minimum of one extracted domain
chains = chains. filter (lambda c: len(c.children) > 0)

# Store the data collection on disk
io = Ixc.ChainlO(verbose=1, num_ proc=NUM_PROC)
sum(l for _ in io.write(chains, DB DIR))

# Compile all meta—information into a single table
df = chains.summary ()
df.to_csv(DB DIR / ’summary.csv’)

Executing the outlined database protocol required approximately three
minutes on a moderately powerful laptop (excluding the time for fetching the
structural data). The resulting data collection of PDZ domains encompassed
146 complete canonical sequences and 227 domain sequences, correlating to

2337 structural domains.

5.4.2 Calculating Descriptors

In this section, we illustrate how 1Xtractor facilitates the computation of vari-
ables. Assuming the database protocol delineated in the preceding section has
been executed, the objective now shifts to computing numerical descriptors for
the extracted sequence and structure domains. Listing 5.7 delineates the setup
procedure for this computation. After importing the necessary modules and
defining constants, the domain segments are loaded. Given that their parent
structures are not required for the computation, they are omitted; however,

a specific callback is utilized to restore ancestral relationships from metadata,
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necessary for the dynamic construction and display of identifiers. Moreover,
since variables are anchored to the reference HMM numbering, it must be
present in all objects. Hence, the last loop in Listing 5.7 transfers the target

domain numbering from UniProt to PDB sequences.

Listing 5.7: Setup for variables calculation

from collections import Counter
from itertools import combinations, chain

from pathlib import Path

import numpy as np

# Import necessary modules for chain and variable management
import lXtractor.core.chain as Ixc

from 1Xtractor.variables import Manager, GenericCalculator
from 1Xtractor.variables.structural import x

from 1Xtractor.variables.sequential import =x

from toolz import keyfilter , valmap

PFAM _ID = 'PF00595° # Reference model for the target domain
NUM PROC = 20 # Maximum number of CPUs allocated for calculations
DB DIR = Path(f’./tmp/{PFAM ID}/db’) # Path to the stored database

# Initialize the database
io = Ixc.ChainlO (verbose=1)
chains = Ixc.ChainList(io.read chain(
DB_DIR. glob (f’#/segments/«{PFAM ID}* ), callbacks=[lxc.recover])
)
# Transfer domain mappings from canonical sequences to
# the associated structures
for ¢ in chains:

c.transfer__seq__mapping (PFAM_ID)

With the chains loaded, Listing 5.8 illustrates the process of defining se-
quence and structure variables. Initially, positions covered in at least 80% of
domains are identified to optimize the outcome. These positions then guide
the definition of sequence variables, utilizing “Protein FingerPrints” (PFP)
descriptors that encapsulate the physicochemical properties of amino acids,
condensed through PCA analysis [24, 25|. Concurrently, structural variables
are defined, initializing ® and ¥ dihedral angles for each position, along with

the minimum residue-residue distance for each position pair.

Listing 5.8: Defining variables for calculation

# Identify HMM positions covered in at least 80\% of domain sequences
counts = Counter(chain.from iterable(s[PFAM ID] for s in chains.sequences))
pos_ coverage = valmap(lambda x: x / len(chains.sequences), counts)

positions = {int (k) for k, v in pos_coverage.items() if v > 0.8}
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# Define wvariables for calculation
seq__variables = list (chain.from_iterable(
# ProtFP embeddings (8 PCA components) for each position
(PFP(p, i) for i in range(3)) for p in positions)
)
str__variables = list (chain(
(Phi(p) for p in positions), # Phi dihedral angle
(Psi(p) for p in positions), # Psi dihedral angle
# Minimum residue—residue distance for each position pair
(AggDist(pl, p2, 'min’) for pl, p2 in combinations(positions, 2))

)

The calculation of variables is streamlined by the Calculator and Manager
objects. The Calculator facilitates the calculation process, distributing it
across multiple CPUs, while the Manager organizes the (object, variable) pairs
for calculation, oversees execution, and compiles the results. It’s vital to specify
the common numbering name (map_name) in the Manager to align the reference

HMM with the actual residue numbering, as shown in Listing 5.9.

Listing 5.9: Calculating variables and saving the results

# Initialize calculator and manager objects
calculator = GenericCalculator (verbose=True, num_ proc=NUM PROC)

manager = Manager ()

# Stage and calculate sequence wvariables
staged = manager. calculate (
chains.sequences, seq_variables, calculator , map name=PFAM ID
)
df_seq = manager.aggregate_from_ it (staged, num_vs=len (seq_ variables))
# Stage and calculate structure wvariables
staged = manager. calculate (
chains.structures, str_ variables, calculator , map_ namePFAM ID

)

df str = manager.aggregate from it(staged, num vs=len(str_variables))

# Save the calculation results
df_seq.to_csv(DB_DIR / ’sequence_variables.csv’)
df str.to_csv(DB DIR / ’structure variables.csv’)

Leveraging parallelization for critical operations significantly accelerates
the calculation of variables. Consequently, the outlined protocol takes approx-
imately two minutes to execute, generating 211 variables for each of the 227
domain sequences and 2556 variables for each of the 2337 domain structures,
totaling 6,021,269 variables.
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5.5 Methods

5.5.1 Implementation Details

1Xtractor was developed in Python v3.10, featuring a modular structure or-
ganized into subpackages that house thematically distinct modules (Fig. 5.4).
The source code adheres to the PEP 484 standard for type annotations, en-
hancing code reliability through the external mypy type checker used during

development.

General-purpose
utilities

61"0

Gtils module ) Config Gham
---------------------- Exceptions T
10 Segment Sequence \ Core objects for
Sequence | 3| Structure Stru.c ture sequential and structural
Structure Alignment C-h =" data representation and
Typing Ligand List . manipulation
Pocket IO 0
_ J Initializer
K \ Tree /‘
A
External Protocols Variables
UniProt Superpose Calculator
PDB Database Manager
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SIFTS Sequential
PANTHER Ligand
Interfaces to extenral Higher-order workflows Defining/scheduling/

resources and protocols calculating variables

Figure 5.4: 1Xtractor codebase architecture.

Time-sensitive operations, including the management of chain-type objects
and variables’ calculations, can distribute computational load across available
CPUs, utilizing either the built-in Python backend or joblib. Additionally,

calls to external resources can be parallelized flexibly using multithreading.

5.5.2 Testing, Documentation, and Deployment

The package encompasses a comprehensive test suite, implemented with the

pytest library, covering over 82% of the source code. Comprehensive docu-
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mentation is available for all modules, classes, and functions, with API docu-
mentation generated from source code using sphinx.

Hosted on GitHub, the project employs webhooks to automate testing and
documentation. A specific GitHub workflow triggers the test suite upon each
commit, facilitating early error detection, while another assembles and deploys
documentation to readthedocs.org. New releases are distributed through

PyPI and can be installed using the command pip install lxtractor.

5.5.3 Executing the Protocols

The database and variable calculation protocols were executed on a laptop
equipped with a 32-core 13th Gen Intel i9-13900HX processor and 32GB of
RAM.

5.5.4 Package Dependencies

Table 5.1: 1Xtractor dependencies

Name Usage Ref.
biotite Parsing and representing structure data. [7]
joblib Parallelizing jobs.

more-itertools Extending Python iterators.

networkx Analyzing chain trees. [29]
numpy Handling array computations. [30]
pandas Representing tabular data. [23]
pyhmmer Aligning sequence-to-HMM. [28]
toolz Processing dictionaries and composing functions.

tqdm Displaying progress bars.

requests Managing web requests.

5.6 Discussion and Future Directions

In the rapidly evolving field of structural biology, machine learning and data
mining have emerged as indispensable tools, unlocking the full potential of the
expanding volume of structural data. The cornerstone of these applications lies
in the establishment of reproducible, transparent, and accurate data prepara-

tion routines. Despite the plethora of tools available for describing these data,
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a significant gap exists in addressing the initial steps of preparing and manag-
ing data collections. This gap often leads to different groups “reinventing the
wheel” whenever such needs arise, hindering the progress of community-wide
efforts.

To illustrate, numerous structural databases are dedicated to Protein Ki-
nases (PKs) [31-35]. However, with the notable exception of Kincore [33],
these databases do not disclose their exact data preparation workflows, pre-
senting only the end results. This lack of transparency undermines the trust
in these data and complicates collaborative efforts to enhance the quality of
these datasets incrementally.

These observations spurred the development of 1Xtractor — an open-source
Python library that seamlessly integrates data preparation and feature extrac-
tion. This tool facilitates the creation of transparent yet sophisticated data
preparation workflows, providing a robust and flexible foundation for data
analysis and description. In previous work [36], we utilized 1Xtractor to an-
alyze a collection of PK domains. In this study, we introduced protocols for
database and feature extraction that enable the assembly and numerical de-
scription of a collection of arbitrary domains without requiring any input data.
For instance, executing these protocols for the PDZ domain allowed us to as-
semble 2237 structural domains corresponding to 227 sequences and compute
over 6 million descriptors in approximately five minutes on a standard laptop.

Looking ahead, 1Xtractor is slated for active development, with plans to
enhance basic functionalities, introduce more protocols, and expand the vari-
ety of available descriptors. Moreover, in a bid to democratize data mining
in structural biology and alleviate the need of reassembling the data for each
domain, we intend to create the “default” data collections for all domains
available in the PDB. This initiative will enable users to easily access exist-
ing collections or contribute their own, fostering a collaborative and dynamic

research environment.



222

References

10.

11.

Berman, H. M. et al. The protein data bank. eng. Nucl. Acids Res. 28. Pub-
lisher: Oxford University Press, 235-242. 1SSN: 0305-1048. http://www.rcsb.
org/pdb/ (2000).

Burley, S. K. et al. Protein Data Bank: A Comprehensive Review of 3D Struc-
ture Holdings and Worldwide Utilization by Researchers, Educators, and Stu-
dents. Biomolecules 12, 1425 (Aug. 2022).

Jumper, J. et al. Highly accurate protein structure prediction with AlphaFold.
Nature, 1-11. 1SsN: 0028-0836 (2021).

Varadi, M. et al. AlphaFold protein structure database: massively expanding
the structural coverage of protein-sequence space with high-accuracy models.
Nucl. Acids Res. 50, D439-D444. 1sSN: 0305-1048 (2021).

Durairaj, J., Ridder, D. d. & Dijk, A. D. v. Beyond sequence: Structure-based
machine learning. Comp. & Struc. Biotech. J. 21, 630—643. 1ssN: 2001-0370
(2023).

Cock, P. J. A. et al. Biopython: freely available Python tools for computational
molecular biology and bioinformatics. Bioinformatics 25, 1422-3. 1SSN: 1367-
4803 (Mar. 2009).

Kunzmann, P. & Hamacher, K. Biotite: a unifying open source computational
biology framework in Python. BMC Bioinf. 19, 346. 1SsN: 1471-2105 (2018).

Grant, B. J., Rodrigues, A. P. C., ElSawy, K. M., McCammon, J. A. & Caves,
L. S. D. Bio3d: an R package for the comparative analysis of protein structures.
Bioinformatics 22, 2695-2696. 1SSN: 1367-4803 (Aug. 2006).

Bakan, A., Meireles, L. M. & Bahar, I. ProDy: Protein Dynamics Inferred
from Theory and Experiments. Bioinformatics 27, 1575-1577. 1SSN: 1367-4803
(June 2011).

Xiao, N., Cao, D.-S., Zhu, M.-F. & Xu, Q.-S. protr/ProtrWeb: R package and
web server for generating various numerical representation schemes of protein
sequences. Bioinformatics 31, 1857-1859. 1SsN: 1367-4803 (June 2015).

Bonidia, R. P., Domingues, D. S., Sanches, D. S. & Carvalho, A. C. P. L. F. d.
MathFeature: feature extraction package for DNA, RNA and protein sequences
based on mathematical descriptors. Briefings Bioinf. 23, bbab434. 1SSN: 1467-
5463 (Nov. 2021).


http://www.rcsb.org/pdb/
http://www.rcsb.org/pdb/

223

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Guevara-Barrientos, D. & Kaundal, R. ProFeatX: A parallelized protein feature
extraction suite for machine learning. Comp. & Struc. Biotech. J. 21, 796-801.
1SSN: 2001-0370 (Dec. 2022).

Mu, Z. et al. FEGS: a novel feature extraction model for protein sequences and
its applications. BMC' Bioinf. 22, 297 (June 2021).

Ismail, H., White, C., Al-Barakati, H., Newman, R. H. & Kc, D. B. FEPS: a
Tool for Feature Extraction from Protein Sequence. Meth. Mol. Biol. 2499,
65-104. 1SSN: 1064-3745 (Jan. 2022).

Pande, A. et al. Pfeature: A Tool for Computing Wide Range of Protein Fea-
tures and Building Prediction Models. J. Comp. Biol. 30, 204-222 (Feb. 2023).

Chen, Z. et al. iFeatureOmega: an integrative platform for engineering, visual-
ization and analysis of features from molecular sequences, structural and ligand
data sets. Nucl. Acids Res. 50, W434-W447. 1ssN: 0305-1048 (2022).

Akdel, M., Durairaj, J., Ridder, D. d. & Dijk, A. D. v. Caretta — A multi-
ple protein structure alignment and feature extraction suite. Comp. & Struc.
Biotech. J. 18, 981-992. 1ssN: 2001-0370 (Apr. 2020).

Velankar, S. et al. SIF'TS: structure integration with function, taxonomy and
sequences resource. eng. Nucl. Acids Res. 41. Edition: 2012/11/29 Publisher:
Oxford University Press, D483-D489. 1SsN: 1362-4962 (2013).

Mistry, J. et al. Pfam: the protein families database in 2021. Nucl. Acids Res.
49, gkaa913-. 1SsN: 0305-1048 (2020).

The UniProt Consortium. UniProt: the universal protein knowledgebase. Nucl.
Acids Res. 45, D158-D169. 1ssN: 0305-1048 (2016).

The UniProt Consortium. UniProt: a worldwide hub of protein knowledge.
Nucl. Acids Res. 47, D506-D515. 1sSN: 0305-1048 (2018).

Thomas, P. D. et al. PANTHER: Making genome-scale phylogenetics accessible
to all. Prot. Sci. 31, 8-22. 1sSN: 0961-8368 (Jan. 2022).

Pandas development team, T. pandas-dev/pandas: Pandas version latest (Zen-
odo, 2020). https://doi.org/10.5281/zenodo.3509134.

Van Westen, G. J. et al. Benchmarking of protein descriptor sets in pro-
teochemometric modeling (part 1): comparative study of 13 amino acid de-
scriptor sets. eng. J. Chemoinf. 5. Publisher: BioMed Central, 41-41. 1SSN:
1758-2946 (2013).


https://doi.org/10.5281/zenodo.3509134

224

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Westen, G. J. v. et al. Benchmarking of protein descriptor sets in proteochemo-
metric modeling (part 2): modeling performance of 13 amino acid descriptor
sets. J. Chemoinf. 5, 42. 1SSN: 1758-2946 (Sept. 2013).

Lee, H.-J. & Zheng, J. J. PDZ domains and their binding partners: structure,
specificity, and modification. Cell Comm. € Sign. 8, 8 (May 2010).

Eddy, S. R. Accelerated Profile HMM Searches. PLoS Computational Biology
7, €1002195. 1SsN: 1553-734X (2011).

Larralde, M. & Zeller, G. PyHMMER: a Python library binding to HMMER
for efficient sequence analysis. Bioinformatics. 1SSN: 1367-4803 (2023).

Hagberg, A. A., Schult, D. A. & Swart, P. J. Exploring Network Structure,
Dynamics, and Function using NetworkX in Proc. 7 Python Sci. Conf. (eds
Varoquaux, G., Vaught, T. & Millman, J.) (Pasadena, CA USA, 2008), 11-15.

Harris, C. R. et al. Array programming with NumPy. Nature 585, 357-362
(Sept. 2020).

Kooistra, A. J. et al. KLIFS: a structural kinase-ligand interaction database.
Nucl. Acids Res. 44, D365-D371. 15SN: 0305-1048 (2016).

Kanev, G. K., de Graaf, C., Westerman, B. A., de Esch, I. J. P. & Kooistra,
A. J. KLIFS: an overhaul after the first 5 years of supporting kinase research.
Nucl. Acids Res. 49, gkaa895—. 1sSN: 0305-1048 (2020).

Modi, V. & Dunbrack, R. L. Defining a new nomenclature for the structures
of active and inactive kinases. Proc. Natl. Acad. Sci. USA 116, 6818 (2019).

Rahman, R., Ung, P. M.-U. & Schlessinger, A. KinaMetrix: a web resource
to investigate kinase conformations and inhibitor space. Nucl. Acids Res. 47,
D361-D366. 15sN: 0305-1048 (2019).

Moébitz, H. The ABC of protein kinase conformations. Biochem. Biophys. Acta
1854, 1555-1566. 1SsN: 1570-9639 (2015).

Reveguk, I. & Simonson, T. Classifying protein kinase conformations with ma-

chine learning 2023.



Corrections for the final version

This section introduces corrections requested by the jury members. Apart from
typographical errors, which I won’t detail here, the following changes/additions

were implemented:

o Clarified the description of the clustering procedure in Section 3.4.2.

o Added Supp. Fig. 3.8 that complements Fig. 3.4 and demonstrates the
plane usage to manually annotate DFG-in, DFG-out, and DFG-other
conformations.

o Added Supp. Fig. 3.14 depicting a sequence logo of an entire PK domain
to complement Fig. 3.6d.

o Added Supp. Fig. 3.17 demonstrating how selected structural variables
differ between domains captured in active/inactive and DFG-in/out/other
states.

o Fixed formatting issues in Table 3.6.

o Edited Section 4.3.8 to clarify the comparison of the sequence and structure-
based DFG labels of the AlphaFold2 models.
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Résumé:  Les protéines kinases (PK) constituent I'un des
groupes d’enzymes les plus anciens et les plus omniprésents
profondément intégrés dans la machinerie moléculaire d’une
cellule. En modifiant la conformation de leurs cibles via le
transfert de phosphate, les PK eux-mémes passent d’un état
actif & un état inactif. Tout déséquilibre entre eux peut
entrainer des maladies nocives, notamment des cancers. Le
motif DFG, situé dans la boucle d’activation (AL), présente une
variabilité conformationnelle dans 1’état inactif moins contraint
: une propriété que les inhibiteurs & petites molécules exploitent
souvent. A savoir, il existe deux orientations principales du
motif DFG, connues sous le nom de DFG-in et DFG-out. Ce
dernier empéche la liaison au substrat et est généralement
associé & une plus grande sélectivité de linhibiteur. Bien
qu’ils soient essentiels aux efforts de conception de médicaments,
on sait peu de choses sur les caractéristiques qui fagonnent
le paysage conformationnel de ’AL. Ce travail constitue une
tentative systématique de les découvrir via une conservation
et une extraction minutieuses des données. Au cours de son
parcours, nous avons créé le plus grand assemblage de kinomes
structurels & ce jour, englobant prés de dix mille domaines
PK annotés. Le regroupement de ces domaines a permis un
marquage semi-supervisé des conformations du motif DFG. Ces
étiquettes ont servi d’entrée & notre pipeline d’apprentissage
automatique interprétable (ML) incorporant des ensembles

basés sur des arbres de décision et un algorithme de sélection
de caractéristiques indépendant du modele. Les classificateurs
obtenus ont prédit avec précision les conformations DFG et les
états actifs/inactifs et se sont appuyés sur des caractéristiques
structurelles facilement interprétables. Nous avons utilisé les
annotations obtenues et les prédictions des modeles ML pour
caractériser les éléments de séquence probablement responsables
du déplacement de 1’équilibre conformationnel de 1’état inactif
de AL, ou des positions ”discriminatives”. Pour les découvrir,
nous avons créé plusieurs ensembles de données basés sur des
séquences, chacun ayant un niveau différent de propension
conformationnelle attribuée a une séquence. Nous avons utilisé
le méme pipeline ML et la méme analyse phylogénétique
pour montrer qu’une propension conformationnelle DFG claire
est probablement privilégiée a un groupe de récepteurs
tyrosine protéine kinases étroitement apparentés. Les positions
discriminantes découvertes chevauchent la littérature existante
et les études de mutagenése et peuvent fournir une base pour
de futurs efforts expérimentaux, y compris des applications de
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Abstract: Protein kinases (PKs) comprise one of the
most ancient and ubiquitous enzyme groups deeply embedded
in a cell’s molecular machinery. Changing their targets’
conformation via phosphate transfer, PKs themselves cycle
between active and inactive states. Any misbalance between
them can lead to harmful diseases, including cancers. The
DFG motif, situated within the activation loop (AL), displays
conformational variability in the less constrained inactive state:
a property that small molecule inhibitors often exploit. Namely,
there are two major DFG motif orientations, known as the
DFG-in and DFG-out. The latter precludes substrate binding
and is typically associated with higher inhibitor selectivity.
Despite being pivotal to drug design efforts, little is known
regarding which features shape AL conformational landscape.
This work constitutes a systematic attempt to uncover them
via careful data curation and mining. Over its course,
we created the largest structural kinome assembly to date,
encompassing nearly ten thousand annotated PK domains.
Clustering these domains enabled semi-supervised labeling of
the DFG motif conformations. These labels served as input to
our interpretable machine-learning (ML) pipeline incorporating

decision tree-based ensembles and a model-agnostic feature
selection algorithm. The obtained classifiers accurately
predicted the DFG conformations and active/inactive states
and relied on readily interpretable structural hallmarks. We
used the obtained annotations and ML models’ predictions to
characterize sequence elements likely responsible for shifting the
AL inactive state’s conformational balance, or ”discriminative”
positions. To uncover these, we created several sequence-
based datasets, each having a different level of conformational
propensity attributed to a sequence. We used the same ML
pipeline and phylogenetic analysis to show that a clear DFG
conformational propensity is likely privileged to a group of
closely related receptor tyrosine protein kinases. The discovered
discriminating positions overlapped with the existing literature
and mutagenesis studies and may provide a foundation for
future experimental efforts, including computational protein
design applications. Finally, the developed methodology
enables automating the annotation of the structural kinome.
Generalizable towards problems of similar nature, it may
increase the efficiency and transparency of data mining in
structural biology.
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