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ABSTRACT

EMERGENT-SCALE PREDICTION OF MOLECULAR PROPERTIES WITH CHEMICALLY

INFORMED NEURAL NETWORKS

Machine learning (ML) models have emerged as powerful tools for scientific
discovery. Leveraging modern computing hardware allows for the generation of large data
sets which can be used to train accurate, generalizable models to predict the physico-
chemical behavior of molecular systems. However, the predictive power of such models is
bounded by how chemical knowledge is encoded within the model. Unlike general-purpose
neural networks, which treat molecular data as abstract numerical arrays, chemically-
informed architectures incorporate physical and structural constraints directly into their
mathematical form. This work examines the design principles behind such architectures and

traces their application across different intra- and intermolecular scales of organization.

At the level of individual molecules, graph neural networks represent atoms as nodes
and bonds as edges, propagating information through the molecular graph in a manner that
mirrors molecular topology. We will examine the results of different parameterizations of this
information in the context of predicting bond dissociation enthalpies and adiabatic singlet-
triplet excitation energies, and present novel analytic tools which connect learned model

behaviors with chemical intuition.



We will demonstrate how advances in ML algorithm design can enable the accurate
prediction of properties which are not possible to simulate through conventional means. By
adapting techniques from computational topology and geometric deep learning, we
construct a novel neural network architecture capable of predicting protein solubility from
predicted protein structures. We show that the model’s internal representations of protein

structure align with those obtained through conventional molecular dynamics simulations.

We then extend the single molecule GNN approach to predict the interaction
behaviors of molecular species with their surroundings. We show that learned mixing
operators mirroring established chemical intuition can reliably predict nonlinear blending
behavior, and introduce a new tool inspired by operator symmetrization to analyze this

interaction.

Lastly, we present ongoing efforts to extend our study of interaction behavior to model
the interactions of molecular conformer ensembles with their surroundings. We develop a
preliminary foundation model for macrocyclic peptides, incorporating explicit learned
reparameterization of conformational Boltzmann weights to accurately map conformational

ensemble information to peptide properties.

Taken together, these results reflect a common organizing principle: the most
transferable and physically meaningful models are those whose structures recapitulate the

interactions that govern chemical behavior.
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CHAPTER 1: Chemistry as a Hierarchy of Emergent Scale Behavior

1.1: Chapter Overview

Chemistry is a science of scales. The properties of a chemical bond are dictated by
the atoms that form it and the molecular environment surrounding it. The properties of a
molecule depend on how its constituent atoms, bonds, and fragments interact, fold, and
polarize one another. The behavior of more complex chemical systems, such as a fuel
mixture combusting, a drug dissolving in the fluid of the intestinal lumen, or a protein folding
into a stable, active conformation in the cytosol of a cell, depends on how individual
molecules interact with their neighbors. Each level of interaction scale is distinct, and each

is incomplete without the cumulative sum of those below it.

This work uses this hierarchy of scale as a design framework for predictive models.
The central argument of this framework is that a model trained to predict a molecular
property should encode the same scale-based physicochemical relationships that govern
that property. Bond dissociation energy, the energetic change associated with cleavage of a
chemical bond, is determined by local electronic environment; the model should reason
about bonds and their atomic contexts. Photochemical reactivity is determined by how sub-
molecular chromophores interact; the model should thus reason about the nature of
fragments and their interactions. Solubility is determined by solute-solvent interactions; the

model should reason about the complete set of molecules, not isolated structures of the



solute or solvent alone. When the unit of representation matches the unit of physical
causation, the model learns a representation of chemical behavior that generalizes by virtue
of the underlying chemical interactions. When it does not, the model memorizes instead,

behaving as a “glorified convex optimizer”.’

It is this drive towards generalizability which motivates the model-building
developments described in this work. A multitude of existing work in computational
chemistry focuses on extrapolating the results of experimental or focused computational
study to highly specific chemical systems.?® For instance, previous work by Sigman and
Doyle used hand-in-hand experimental and theoretical mechanistic studies to identify
stereoelectronic molecular structure attributes relevant in determining the yield and
stereoselectivity of paladium catalyzed coupling reactions.® A linear regression model was
constructed, utilizing these features to accurately predict the yield and stereoselectivity of
unseen reactions. The authors use careful parameterization of model input molecules to
achieve high predictive accuracy and allow interpretation of model results. However, this
model is specific to the Suzuki-Miyura catalytic system the authors focus their efforts on: its
predictive behavior does not extrapolate to other types of coupling reactions, such as Heck

or Stille couplings.

In this work, we focus on the converse strategy: we seek to build models that
generalize across broad swathes of chemical space, sacrificing model simplicity for
improved accuracy and expanded domains of applicability. We will make use of neural

networks, machine learning models that offer increased parametric flexibility, trading the



need to use domain specific, handcrafted customized inputs for greatly increased input
training data requirements and reduced interpretability. We will seek to mitigate the impact
of both tradeoffs through creative incorporation of chemical structure into neural network
algorithms and the subsequent use of this structure to devise new analytical tools. We will

provide a brief introduction to the theory of such models in the latter portion of this chapter.

This work subsequently proceeds in ascending order of scale, from the
intramolecular properties encoded by atoms, bonds, and fragments, to bulk-phase mixing
behavior emerging from individual molecular properties. Each chapter identifies the
physical scale at which the target property is governed, argues for the representation that

matches that scale, and evaluates the resulting model against the alternatives.

Chapter 2 begins at the bond level with the prediction of ring-opening homolytic
bond dissociation energy (BDE). BDE is among the most local of molecular properties: it is
defined by the electronic environment within a few bonds of the breaking site, modulated by
molecular strain and electronic conjugation behavior. The ALFABET3 model developed here
extends BDE prediction to ring systems by introducing a message-passing scheme that
treats molecular topology (and thus ring membership) as a structural primitive rather than
an emergent pattern to be learned. On a dataset spanning over 700,000 bonds across
diverse organic structures including strained carbocycles and heterocycles, ALFABET3
achieves state-of-the-art accuracy with substantially improved coverage compared to prior
models. The trained model is used to rapidly screen proposed lactone monomers for use in

ring opening polymerization reactions, and prediction outliers are analyzed using a



combination of techniques from traditional computational chemistry as well as techniques
from the machine learning literature. The chapter establishes the core methodological
vocabulary — message passing, physics-informed inductive bias, scale-matched

representation — that the subsequent chapters build on.

Chapter 3 moves up to the fragment scale, using molecular fragments to
parameterize photochemical reactivity. Photochemical reactivity cannot be assigned to
individual bonds, nor does it emerge from the molecule as an undifferentiated whole. Rather,
itis governed by chromophoric sub-fragments and by how those fragments interact through
conjugation, energy transfer, and steric contact. The fragment-based approach developed
in this chapter decomposes molecules into chemically meaningful sub-units, trains
representations at the fragment level, and aggregates them to predict excited-state
properties across a structurally diverse photochemical dataset. The key finding is that
fragment-level representations transfer across molecular scaffolds more reliably than
whole-molecule fingerprints, precisely because the governing physics operates at the

fragment scale.®

Chapter 4 addresses molecular-level emergence through the lens of protein
solubility, whole-molecule property which cannot be predicted from 2D connectivity alone.
Solubility depends on the 3D geometry of the folded protein and how the surface interacts
with the solvent. The TopoFormer model predicts protein solubility from predicted protein
structures by encoding protein shape using persistent homology, a topological

representation that captures cavity structure and surface porosity without requiring explicit



atom-by-atom geometry. By combining this shape-based representation with geometric
representations, TopoFormer accurately predicts protein solubility from predicted protein

structures.”

Chapter 5 crosses into the intermolecular regime with solubility in single-solvent and
multi-solvent systems. Solubility, a bulk-phase property, cannot be predicted from the
properties of the solute and each solvent independently — it depends on the specific
interactions between solute, co-solvents, and the mixture microstructure. Two related
models are developed here, both framing solubility prediction as a problem over solute-
solvent pairs rather than isolated molecules. First, a model for single solvent solubility is
developed, using a semi-supervised knowledge distillation strategy to incorporate data from
both experimental and computational studies: the self-evolving database strategy
addresses the sparse coverage of solvent-solute chemical space by iteratively expanding the
training set through active learning. Across a benchmark spanning diverse solute-solvent
combinations, the pair-based GNN substantially outperforms models trained on single-
molecule representations, confirming that the intermolecular unit of causation demands an
intermolecular unit of representation.’ This model is then extended to make predictions of

solubility in multi-solvent systems.™®

Chapter 6 completes the intermolecular scale in a physically and practically distinct
setting: fuel combustion. Cetane number and sooting tendency are macroscopic outcomes
of how fuel molecules interact under high-temperature, high-pressure conditions. The

models developed here, physics-informed GNNs trained on carefully curated experimental



datasets, predict these properties for both single-component fuels and multicomponent
fuel surrogate mixtures. The combustion setting differs from the solubility setting in the
nature of the intermolecular interactions involved, but the representational logic is the
same: mixture-level properties require mixture-level inputs. The chapter also demonstrates
that physics-informed inductive biases (incorporating known combustion chemistry into the
message-passing scheme) improve both accuracy and generalization to out-of-distribution

fuel structures.™"

Lastly, in Chapter 7, we revisit the opening argument. Across four scales and six
distinct prediction tasks, the models that perform best are consistently those whose
architecture reflects the physical scale at which the target property is governed. That result
has practical implications for how molecular ML models should be designed and evaluated,
and theoretical implications for what it means to learn chemistry rather than fit data. The
chapter closes with open problems: cross-scale models that propagate information across
levels of the hierarchy simultaneously, uncertainty quantification that respects scale
boundaries, and the prospect of autonomous chemical discovery in systems where the

scale of governing interactions is itself unknown.
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Figure 1.1: Proposed VEGFR-2 inhibitors. The substitution of a nitrogen for a carbon atom in the compound on the right
results in a 388 fold decrease in potency.

1.2: Neural Networks for Chemical Property Prediction

On its surface, the breadth of chemical space constitutes a major challenge for the
construction of predictive models for chemistry: the space of possible chemical
compounds is vast and incredibly diverse. While the size of this space is difficult to bound,
preliminary estimates are on the order of 10" possible compounds; this is almost certainly
a vast underestimate.’ Yet, this diversity belies another challenge — the mappings of
chemical compounds to properties of interest is rough, leading to so called “activity cliffs”.
To illustrate this, we provide an example from the field of drug discovery, where such
relationships can be particularly pronounced. The vascular endothelial growth factor
receptor-2 (VEGFR-2) is an example of a receptor tyrosine kinase extracellular signaling
protein implicated in tumor growth and proliferation. As such, it is a common target in
designing oncological therapeutics. Two such potential VEGFR-2 inhibitors are shown in
Figure 1.1. The single substitution of a carbon atom to a nitrogen atom in one of the terminal
aromatic rings reduces the inhibitor potency by a factor of nearly 400, showing that small
changes in chemical structure can result in large changes in downstream molecular

properties."’



While the effects of this roughness can be mitigated through careful descriptor
selection in studies confined to narrow regions of chemical space, the construction of
models that are accurate over disparate and large regions of chemical space require the use
of model archetypes with high parametric flexibility to capture this roughness. Many models
in the literature have shown promise in this regard, including support vector machines with
learnable kernels, tree-based models such asrandom forests or gradient-boosted trees, and
kernel ridge regression models.® % Yet frequently, deep neural networks have been the class
of models showing the best generalizability and accuracies for prediction tasks on large
datasets. We will focus on this class of models in this work, while using other types of

models as baselines for comparison.

Neural networks are a class of machine learning models capable of accurately
describing complex non-linear phenomena. Each neural network consists of a series of
“layers”, which in turn consist of a matrix of trainable parameters and a subsequent
nonlinearity. By sequentially transforming inputs using these layers, an accurate mapping
from inputs to desired outputs may be created. Inputs to these models take the form of a
vector; inputs — text, images, or in our case, molecules — must be converted to vectors in a
preprocessing step before being fed into the model (vide infra). Consider the case of a
molecular dataset for which we wish to obtain molecule-level predictions (eg., the enthalpy
of formation). If the dataset consists of N molecules, we will represent this input vector as
[N, C],whereC representsthe “feature dimension ”, the dimension of each molecule level
vector. If instead, we were interested in predicting atom-level properties (eg., the NMR

chemical shifts), ourinputs may be of the form [N, A, C], whereArepresentsthe maximum



number of atoms in any of the molecules in our dataset. (Representations for molecules with
fewer atoms may be padded, say with zeros, such that the vector representation for each
molecule is the same shape). These vectors are then multiplied by a matrix of weights, of the
shape [C, H],where Histhe dimension of the given layer; this dimension is a choice made
by the model creator (a “hyperparameter”) and must be carefully tuned to ensure optimal
performance. Thus, the dimension of the data after the multiplication operation is [N, H]
or [N, A, C]inthe case of atom-level predictions. Subsequently, this resultant matrix is
subject to a nonlinear activation function. Examples of these include the ReLU, tanh, GelLU,
and SiLUfunctions; the choice of which function to use is also a model hyperparameter. The
composition of these two functions — linear matrix multiplication and nonlinear activation —
constitutes a “layer”. By stacking several of these layers in sequence, a neural network with
sufficient depth (number of layers) or breadth (layer dimension) can approximate any
function; this result, known as the Universal Approximation Theorem, was variously proved
by Funahashi?*, Cybenko?, Hornik?, and Pinkus?’. The first layer is frequently referred to as
the “input layer”, the last layer as the “output layer”, and the intermediate layers as “hidden
layers”. The output layer’s dimension will necessarily be determined by the quantity we wish
to predict. For instance, if we wish to predict only the enthalpy of formation, the output layer
weights may be of the form [H, 1], resulting in an output shape of [N, 1] if inputs to the
output layer are of the form [N, H]. Alternatively, if we want to simultaneously predict the
energy of formation and the entropy of formation, the output layer weights may take the form
[H, 2], resulting in an output shape of [N, 2] if inputs to the output layer are of the form

[N, H].



The constituent weights in the weight matrices (one matrix for each layer) referred to
previously are updated during model training in a process termed backpropagation, in such
a manner that updates minimize the model’s final prediction error. Initially, weights are
initialized by random sampling from specific prior distributions. An initial prediction is made
by propagating the inputs through all model layers, and the error of this prediction (the
“loss”) is determined using a user-specified metric known as the “loss function”. The choice
of this function is critical; the mean absolute error and root mean square error are common
choices for regression tasks, involving the prediction of continuous values, while cross
entropy or hinge losses are frequently used for classification tasks involving the prediction
of discrete values. However, the use of additional terms in the loss function provides a

handle to steer model training using known patterns in the training data.

Once a loss has been calculated, adjustments to the model weights are calculated
by taking the gradient of the model weights with respect to the loss. The exact formulation of
the update is governed by the choice of model optimizer, another hyperparameter. Common
choices include stochastic gradient descent (SGD)?*% and variants of adaptive moment
estimation (Adam).®® We will illustrate this process using the deterministic form of gradient
descent. Formally, consider a neural network of n layers, with inputs of x and target outputs
of y. Each layer consists of a weight matrix W and an activation function o; thus, we write the

overall network as a composition of individual layers:

gx) =N (WNaN L (WN-1 Lolt(Wx) ...)) 1.1

10



We will then denote the output of an individual layer as:

al = at(Wtal=1) 1.2

During model training, the weights are initially fixed and a prediction made by applying the
composed neural network function to the inputs. Then, given a loss function C, we write the

loss as:

L= C(y,g9(x)) 1.3

Thus, we can write the error in the output prediction of the network,5%, as a sum over the
error of each output component, 6]-L (assuming the general case of a network with multiple

outputs. For convenience of notation, we denote the product of the weight matrix of the layer

[ with the output of layer [-1 as z.

dL
5jL = WO"(ZJ'L) 1.4
]

Here, the aL/aa]-L term measures the change in the loss with respect to the j™* output
activation, while the a’(sz) term represents how fast the activation function changes at sz.

In matrix form, the above can be represented as:

St = V,L O o' (z) 1.5

11



where V,C is the gradient of C with respect to each layer output. We can extend this

formulation to a general layer Llin the network:
St = ((Wl+1)T61+1) ©) O"(Zl) 1.6

where (W't is the transpose of the [ + 1 layer weight matrix, the application of which can
be thought of as moving the error backwards through the network. The application of these
two equations then allows for the calculation of the error at any layer in the network: first,
Equation 1.5 is used to calculate the error in the output layer. This error is then used in
Equation 1.6 to calculate the error of the penultimate layer, and so forth. Then, we can write

the rate of change of the cost with respect to any weight in the network:

= al 16! 1.7
Then, to adjust the weights to minimize the prediction error, we “take a step” in the direction
opposite to this gradient and subtract this from the value of the weight:

| updated o oL

1.8
oW},

Here, a is a hyperparameter (“learning rate”) which controls the rate at which weights are
updated. A value of @ which is too high can cause training instability due to “overshooting”
optimal weight values during the training process, while a value that is too low can cause

slow training.

12



Since inputs to neural network models take the form of vectors, molecular inputs must
be converted to vectors before they can be used as inputs, converting a discrete point in
chemical space to a continuous input . A variety of methods to do so exist in the literature;
one such common technique to do so involves computing easy-to-calculate “descriptors” —

physicochemical properties which describe the molecule of interest. Descriptors are

DIMENSION DESCRIPTION EXAMPLES
1D Constitutional descriptors calculated from 1D structure Molecular weight, number of rings
2D Atomic connectivity: topological branching/graph index based Morgan fingerprint, Balaban J index
3D 3D structure descriptors mapping atoms/bonds to points in space Average steric occupancy, Sterimol
4D Conformational ensemble descriptors wSterimol, Boltzmann averaged values

Table 1.1: Molecular descriptors categorized by dimension. Examples of common descriptors for each type are also
shown.

commonly categorized into 1D, 2D, 3D, and 4D descriptors, representing their
spatial/topological dimension (Table 1.1). Appropriate choice of descriptors is vital to ensure
molecular properties of interest are maximally captured; it is here where the judicious
application of chemical intuition plays a key role. A combination of some or all descriptor
types may be used to this effect. For instance, in the work by Sigman and Doyle cited earlier,
mechanistic investigation revealed that ligand sterics are critical in determining reaction

enantioselectivity; thus, Sterimol®' descriptors are used as model inputs.

The atom-bond connectivity structure of molecules offers a supplemental means to
the descriptors discussed above to vectorize molecules. The structure of graphs is a natural
means to parameterize this connectivity: a graph is a mathematical structure used to model
pairwise relations between different entities. Each graph is made up of constituent nodes

connected by edges, representing atoms and bonds respectively. Alternatively, if the
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relationships between different molecules is of interest, each molecule may be represented
as nodes, with intermolecular interactions then being represented by edges. This discrete
connectivity structure thus neatly encodes intuitive chemical principles: atoms are most
strongly influenced by their nearest neighbors, and the properties of a whole molecule can

be thought of as some combination of atomic properties.

Graph neural networks (GNNSs) are a class of neural networks specifically designed to
exploit this connectivity as an “inductive bias”: an assumption about the structure of the
underlying data a network makes predictions on. The most general form of these models is
known as a message passing GNN (MPGNN) model; here, each node and edge is assigned a
vector representing a unique state. Each layer of the MPGNN model updates this state vector
using an operation known as a graph convolution. The graph convolution serves to
incorporate information about neighboring nodes and edges, with each layer incorporating
information from more distant nodes and edges using edge connectivity as a scaffold. In this
way, each state vector captures a detailed, unique environment for each node and edge in
the input graph. Formally, updates are given by the following equation; we consider node

updates for convenience, but the same update rule holds for edge updates as well:
1+1 _ l l
= o (hf, 3 (h)) 1.9

Here, h}“ represents a state vector for node j at layer [ + 1. This state vector consists of an
update function o, which takes as inputs the node state at layer [ and the result of a
neighborhood aggregation function V' on node j. This neighborhood aggregation function

may be any permutation invariant function (eg: sum, average, maximum, etc.) and serves to
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Figure 1.2: Node update scheme. Subsequent layers introduce updates from more distant nodes, building a
representation of each node’s unique environment.

N

combine the representations of connected nodes at [ “hops” away from node j (Figure 1.2).
So, for example, in layer 2, a neighborhood aggregation function may average state vectors of
both the first and second neighboring nodes of node j. On the other hand, the update function
o can be parameterized by a neural network, invoking the previously discussed Universal
Approximation Theorem. Thus, h}“ is given by the output of a neural network layer which
takes as inputs the previous node state and an aggregation of the node’s neighborhood state.
By restricting the form of the aggregation and update functions, we arrive at alternative model

formulations, such as graph attention networks, graph transformers, etc.
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CHAPTER 2: Bond Properties from Atomic Interactions: Predicting Homolytic Ring
Opening Bond Dissociation Enthalpies

2.1: Chapter Overview

In this chapter, we examine how the interactions of atom and bond-level properties
across molecular environments can be combined to infer the properties of chemical bonds.
We study the bond dissociation enthalpy, or BDE, the prediction of which is a critical task in
understanding and manipulating the behavior of chemical reactions. While previous efforts
have modeled this enthalpy change, they have not been extended to predict the BDE
associated with homolytic bond cleavage in a ring structure, forming a diradical
intermediate. In this work, we supplement our previously established ALFABET2 database of
531,244 DFT-calculated BDEs and bond dissociation free energies (BDFEs) curated from
sources such as PubChem and ZINC15 to include ring-opening reactions, creating a
database of 731,825 bond dissociation enthalpy and free energy values; this database was
then used to retrain the ALFABET BDE prediction model, resulting in a unified model capable
of predicting the BDE of compounds containing C, O, H, N, S, F, Cl, Br, I, P, Si, and ring
structures. The retrained model predicts BDEs and BDFEs with mean absolute errors of 0.86
and 0.84 kcal/mol, respectively. We then assessed the model's predictive capacity and
conducted an ablation analysis to identify the chemical properties that inform its
predictions. Lastly, we present an application that highlights the use of the retrained model

to predict the BDEs of lactones commonly used in ring-opening polymerization reactions.

18



This collaborative research was performed with lead contributions from myself and
additional contributions from Dr. Shree Sowndarya S. V., Dr. Yeonjoon Kim, Dr. Peter St. John,
Dr. Robert S. Paton, and Dr. Seonah Kim. | developed the high-throughput DFT pipeline ,
trained and evaluated the neural network architectures, performed analysis of the presented

application to lactone polymerization, and wrote and edited the manuscript for publication.

2.2: Introduction

The enthalpy change accompanying bond breaking is critical to our understanding of
the nature of chemical reactions. Lower enthalpy changes are correlated with weaker bond
strengths and thus indicate likely sites for chemical reactions.”? Quantitative knowledge of
this bond dissociation enthalpy (BDE) aids synthetic planning and reaction elucidation
across domains as diverse as electrostatic catalysis, ® polyfluoroalkyl substance

degradation, * and directed functionalization of organic molecules.®

While experimental techniques such as pyrolysis and electrochemical redox
potential measurements®’ have been traditionally used to measure BDEs, they are subject
to relatively large experimental errors on the order of several kcal/mol. In-silico methods for
calculating BDEs have been used to circumvent this problem; however, these methods often
rely on quantum-mechanical calculations, which are computationally intensive and require
expert knowledge to be performed successfully. Previous studies using ab initio or density
functional theory (DFT) methods have been limited in scope, generating calculated BDE
values for only tens 8or hundreds of species,® limiting their use in predictive models for large

portions of chemical space. For example, the recently developed BSE49 dataset uses highly
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accurate (RO)CBS-QB3 methods to calculate the bond separation energy accompanying

homolytic cleavage of a diverse range of chemical bond types.™

However, much of the prior literature neglects ring opening reactions involving the
formation of a single product species, due in partto the difficulty in computationally studying
the diradical species formed by homolytic bond cleavage. Such difficulties include handling
spin contamination, distinguishing between triplet and open-shell singlet electronic states,
and achieving self-consistent-field convergence for diradical species (for details, vide infra).
This presents a significant barrier to entry for the use of in silico BDE prediction tools in
investigating reaction mechanisms where ring strains play a key role in determining product
selectivity. Many novel strategies for organic synthesis exploit such mechanisms to
engender selectivity, or make use of ring strain energy release for thermodynamic driving
force. For instance, the ring-opening of iodoaziridine derivatives is a key step that enables
[3+2] regioselective cycloaddition for the construction of cyclopentenyl scaffolds." More
complex scaffolds, such as substituted quinanes found in many natural products, can be
accessed via the strain relief provided by ring-opening following a photochemical strain-
installing step.'>' This use of strain relief as a thermodynamic driver of reactivity is also often
exploited in ring opening polymerization reactions for the production of polylactone

chains.'®

Multiple other fields of chemistry also make use of BDEs to inform molecule design.
In medicinal chemistry, the ring strain of strained heterocycles, including epoxides and -
lactams, governs the intrinsic reactivity of covalent drug warheads, with homolytic ring-

opening BDEs providing a computationally accessible measure of the propensity for
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bioactivation and reactive metabolite formation that can drive off-target toxicity."®"’
Accurate BDE predictions, therefore, directly support the design of covalent inhibitors with
optimized potency-selectivity profiles, an increasingly important strategy in modern drug
discovery.'® In the context of combustion and energy, homolytic ring-opening BDEs of cyclic
hydrocarbons and oxygenated ring systems are essential thermochemical inputs to detailed
chemical kinetic mechanisms: cycloalkanes comprise up to 40% of commercial fuels by
mass, and their ring-opening BDEs directly influence predicted ignition delay times and
laminar flame speeds.’®?° Additionally, in the emerging field of mechanochemistry, the BDE
of a strained ring bond determines the force threshold for mechanochemical activation of
mechanophore units, enabling the rational design of force-responsive, self-healing, and
stress-reporting polymer materials.?"?? In each of these domains, the prohibitive cost of DFT
calculations has previously limited high-throughput exploration of ring-containing chemical

space.

Machine learning (ML) methods have gained widespread popularity over the past
decade as a means to surmount this barrier, bolstered by advances in computing hardware
and improved predictive algorithms. Several such models have been developed to predict
BDEs, and can be broadly divided into two classes: those that directly predict BDEs from
molecular structure and those that leverage a machine-learning interatomic potential (MLIP)
to estimate them. Models that predict BDEs directly from input structures have historically
focused on specific reaction types, thereby restricting the domain of applicability of their
predictions to narrow regions of chemical space. For instance, Nakajima and Nemoto

recently developed an ElasticNet?*-based model to predict BDEs for compounds containing
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hypervalentiodine using molecular fingerprints derived from SMILES string representations,
achieving a test set accuracy of 1.58 kcal/mol.?* Aires-de-Sousa and coworkers developed a
nearest-neighbors corrected random forest model to predict the BDEs of C-H bond cleavage
for sp® hybridized carbon atoms, using DFT calculated BDEs of 2263 unique bonds and 409
experimental BDEs from the iBond database,?® achieving an accuracy of 2.22 kcal/mol on a

held-out test set.?®

Recently, message-passing graph neural networks (GNNs) have emerged as an
accurate ML methodology for simulating chemical properties.?’”» GNNs represent
molecular structure by encoding atom and bond information via graph nodes and edges. By
using the graph structure as an inductive bias, model predictions are less affected by
descriptor selection than ofthose to other ML methods, removing a source of human bias
that can influence model predictions.***' The message passing GNN framework developed
by Gilmer et. al.?? has been used effectively to model chemical processes in areas as
disparate as coarse graining molecular dynamics simulations,*® optical property tuning,3
and structural optimization,® illustrating its versatility and utilization in disparate fields of
chemistry and materials science. Persson and coworkers developed the BondNet model,
which can predict bond dissociation enthalpies for heterolytic bond cleavage in both neutral
and charged species to within 0.55 kcal/mol.*® While the accuracy of these models rivals
that of quantum-mechanical calculations, their applicability remains limited due to the
chemical space covered in the model training sets, particularly for portions relevant to

pharmaceutical and materials synthesis.
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On the other hand, models leveraging recently developed MLIPs for predicting BDEs
have also been developed. Such models use ML models to predict accurate force-field
terms, allowing molecular mechanics-based simulation techniques to approach the
accuracy QM simulations, thus providing significant computational savings when compared
to QM approaches. While several highly accurate MLIP models have been developed, their
use for BDE prediction has been somewhat limited. Csanyi and coworkers developed an
interatomic potential prediction model®*” based on the MACE MLIP framework,%* achieving
accuracies of up to 1.37 kcal/mol when predicting the BDEs for C-H bond cleavage for
compounds in the CYP dataset.*® Similarly, the ANI-1xBB model developed by Isayev and
coworkers uses a reactive MLIP trained on nonequilibrium conformer geometries.*’ With no
explicitradicalsincluded in the training set, the model achieves a predictive accuracy of 7.74
kcal/mol. Such MLIP-based models offer strong generalizability across chemical space.
However, predictive accuracies frequently lag behind those of bespoke direct-prediction
models, and both training and inference incur large computational costs due to model size

and architecture choices.*>*4

Previous work by St. John et al. used the message-passing GNN framework to develop

the ALFABET1 ML-based BDE prediction tool, capable of predicting homolytic BDEs for

DATABASE/ MODEL ELEMENTS DB SIZE RING OPENING TEST SET ACCURACY (BDE,
INCLUDED? KCAL/MOL)
ALFABET1 C,H,0O,N 290,644 No 0.58
ALFABET2 C,H,O,N,S,CLF,IP 531,244 No 0.60
ALFABET3 C,H,O,N,S,ClF,IP,Si 731,825 Yes 0.86 (1.54: Ring, 0.69: Non-ring)

Table 2.1: Comparison of ALFABET model phases. ALFABET3 test set accuracy is shown for the entire test set and for ring
and non-ring bonds within the test set.
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compounds containing C, H, O, and N atoms from molecular structure, with accuracies
approaching those of quantum-mechanical calculations.”® The subsequent ALFABET2
model developed by Shree Sowndarya et al. further expanded the scope of model
predictions to include compounds containing S, P, F, Cl, Br, and | by incorporating molecules
from PubChem? and ZINC15,* and enabled the calculation of free energies of homolytic
bond cleavage (Table 2.1) .*® However, the ability to predict the enthalpy associated with the
homolytic cleavage of a bond in a ring structure has, so far, been omitted. In this work, the
ALFABET2 modelisretrained to expand the domain of predictions to include these reactions

using a newly calculated dataset of homolytic ring opening BDEs.

In this work, we retrain the ALFABET2 BDE prediction tool to extend its scope to
homolytic ring-opening reactions, a reaction class forming diradical intermediates that has
been systematically excluded from all prior BDE prediction databases (Figure 2.1). To this
end, we construct a large-scale DFT-calculated dataset of ring-opening BDEs by iteratively
breaking ring bonds in compounds from the ALFABET2 database, with extensive
benchmarking of the computational methodology required to treat the resulting diradical

species. To our knowledge, ALFABET3 is the first ML model trained on a dedicated dataset of
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Figure 2.1: Overall scheme for the ALFABET3 model. Molecules from the existing ALFABET2 database were subject to
iterative ring bond breakage, and the BDE and BDFE of homolytic bond cleavage calculated. The compiled database of
BDE/BDFE values was used to train the ALFABET3 graph neural network model to predict the BDE/BDFE of all bonds in
a given structure.
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homolytic ring-opening BDEs, achieving predictive accuracy well within the error of the
underlying DFT methodology. We then critically analyze model performance through outlier
characterization and an ablation study of ring-specific molecular features. Finally, we
demonstrate the practical utility of ALFABET3 by applying it to screen ring-opening sites in
lactone monomers relevant to ring-opening polymerization, illustrating how the model

enables rapid, low-cost prediction of ring-opening reactivity across diverse chemical space.

2.3: Results and Discussion

We aim to expand the utility of the ALFABET2 BDE/BDFE prediction tool to include
homolytic ring opening BDEs; this was performed by expanding the size of the dataset used
for ML training and retraining the model. By utilizing compounds from ALFABET2 for this
purpose as starting structures, the need for computationally expensive DFT calculations
was minimized, as DFT ground truth values for the non-ring opening steps are reused for

training.

2.3.1: Expanding Dataset Size

Compounds in the ALFABET2 BDE database were used to generate training data for
the current work (Figure 2.1, left). In summary, parent compounds with ring structures were
identified, and ring bonds were iteratively broken to generate diradical species, yielding a
diverse array of ring opened species. DFT calculations using the M06-2X functional*® and the
def2-TZVP valence triple-zeta polarizable basis set®® were performed to calculate the

enthalpy change accompanying homolytic ring opening bond cleavage. This enthalpy
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change was calculated by subtracting the formation enthalpy of the diradical species from

that of the parent species.

Extensive benchmarking studies were performed to validate the computational
methodology used for dataset generation owing to the difficulty in modeling diradical
species, as opposed to the single radical species considered in the construction of the
ALFABET1 and ALFABET2 models. The relatively large contributions of static correlation to
the electronic energy of such structures are addressed in wavefunction-based theories via
the use of multiple initial references. This contribution is implicitly addressed through the
exchange and correlation functional approximations in Kohn-Sham DFT,*' yielding good
approximations for systems for which wavefunction theories struggle, such as for the ozone
molecule.®? Since the exchange-correlation approximation is critical to the accurate
representation of electronic structure, DFT functionals and basis set combinations were
benchmarked. The M06-2X/def2-TZVP level of theory-basis set combination was chosen
after performing benchmarking calculations utilizing 40 experimentally determined diradical
formation enthalpy values found in the existing body of literature.>*° In total, the results of

calculations using 9 different levels of theory and basis set combinations were compared to
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experimental results and assessed on both accuracy (Figure 2.2a) and computational cost
(Figure 2.2b). Further details of this benchmarking process can be found in Appendix A,

Section S1, “Benchmarking Computational Methods for Dataset Generation.”

Among the benchmarked methods, M062X/def2-TZVP offers the best balance of
computational accuracy and cost. This level of theory offers the best accuracy with a
moderately high computational cost. However, since the previous ALFABET2 database was
generated using this level of theory-based set combination, selecting this combination
enabled seamless integration of ring-opening BDE results with the previous database and

avoids expensive re-calculation.

AllL DFT calculations for diradical species were performed in the triplet state. The use

of a triplet state reduces the multireference character of the system studied and greatly
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Figure 2.2: Benchmarking results for homolytic ring opening BDEs calculated with different levels of theory. a) Parity
plot of calculated BDEs vs. experimentally measured BDEs curated from the literature. Two outlier molecules are
observed, in which the diradical centers are separated by a conjugated rt-system. b) Average calculation error and CPU
time cost for benchmarked levels of theory: i: B3LYPD3/6-31G(d), ii: BSLYPD3/def2TZVP, iii: M06-2X/6-31G(d), iv: MO6-
2X/def2-TZVP, v: wB97XD/6-31G(d), vi: wB97XD/def2-TZVP, vii: CBS-QB3, viii: DM21/ccpVDZ, ix. DLPNO-
ccSD(T)/ccpVDZ. Accurate wall times could not be obtained for the DM21 functional and are omitted here (details in S/
Section S1, Benchmarking Computational Methods for Dataset Generation). We also note that the CPU time shown for
the DLPNO-ccSD(T)/ccpVDZ calculation reflects only the time taken for SCF convergence; an optimized starting
geometry was obtained from the M062X/def2TZVP optimized structure.
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simplifies the computational complexity of the large scale high-throughput calculations
required to build a training dataset for ML models.®” Prior benchmarking found that the
energies of open-shell singlet states were higher than those of triplet states, indicating that
triplet-state energies are more representative of the system state for reactivity predictions.
In addition, to validate the correct spin localization of the radical spin density on the correct
atoms, CBS-QB3%® and DLPNO-CCSD(T)*® calculations were performed on the benchmark
set. Yamaguchi’s broken symmetry corrections were also performed on these systems to
investigate the influence of triplet state spin contamination on a single-reference singlet
calculation (details in Appendix A, Section $1).5%6! |t was found that the Yamaguchi broken-
symmetry corrections provided only marginal improvements in prediction accuracy
compared to DFT calculations. Lastly, calculations with the DM21 neural functional were
also performed; the DM21 functional has shown good performance in localizing spin density
on radical species due to its ability to treat “fractional” electron spins.®? It was found that the
selected M06-2X/def2-TZVP functional-basis set combination performed similarly to the
tested high-level methods; details of these calculations are provided in Section S1 of
Appendix A. Further, it was found that when the diradical centers were separated by a
conjugation path, none of the tested methods correctly localized the spin density. This result

was used to filter the final generated ALFABET3 dataset (vide infra).

An automated, high-throughput workflow was subsequently used to iteratively
break ring bonds in compounds from the ALFABET2 database and to compute their
BDEs. The rdkit Python package®® was first used to identify ring bonds. The identified

bonds were deleted from the molecular structure, and the conj_path Python
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Figure 2.3: Database statistics for the ALFABET3-DB. a) Distribution of bond types for the newly added ring-opening
reactions. b) Distribution of ring counts in each molecular structure for all molecules. c) Distribution of sizes of rings
from which the bond was broken

package® was used to identify and remove molecular structures in which diradical
centers are separated by a conjugation path, resulting in the removal of 1,310
molecular species. The MMFF94 forcefield was then used to generate initial
conformers. Since the MMFF94 forcefield is not parameterized for diradical species,
generated diradicals were temporarily capped with hydrogens, conformer search
was performed, and hydrogens were removed to regenerate the diradical species.
Stable conformers were subjected to optimization and single point energy
calculation with the selected M06-2X/def2-TZVP functional/basis set combination.
Screening of calculations was performed to filter out abnormal terminations
(including those with imaginary frequencies), fragmentation, or isomerization using
the cclib Python package®® in conjunction with the rdkit.®® The Goodvibes Python
package®® was then used to obtain the BDFE for each calculated BDE. A dataset of
1,130,903 BDE/BDFE values was generated using this pipeline, comprising 731,825
unique values corresponding to 76,790 molecular species. These unique values
make up the ALFABET3 database, which adds 134,270 datapoints to the ALFABET2

database.
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The final database contains a diverse array of BDEs and BDFEs corresponding to
homolytic ring opening. While the most common bond in the ALFABET3 dataset is a C-C
bond, over 100 unique molecules containing at least one C-N, C-0O, C-S, N-N, N-O, and O-O
bonds are also present (Figure 2.3a). In addition, a wide range of ring structures are also
present; while 27,415 compounds in the ALFABET3-DB have no ring structures, 49,375
compounds have at least one ring structure (Figure 2.3b). Since the size of ring structures is
known to impact their BDE/BDFE, the distribution of ring sizes was also obtained (Figure
2.3c). Itisfound that 5 and 6-membered rings are the most common, with 45,915 and 40,373

unique BDE/BDFE values, respectively.

2.3.2: Training the ALFABET3 Model and Analysis of Model Performance

The newly established ALFABET3 database was used to retrain the ALFABET2
model to expand the model predictive scope to homolytic ring opening reactions,
resulting in the ALFABET3 model. To maintain compatibility with previous versions,
the message-passing model architecture used for the ALFABET2 model was reused
for ALFABETS.

The ALFABET3 model represents a molecule as a directed graph: atoms are
nodes, and bonds are edges. An adjacency matrix representing the bond connectivity
of atoms in the molecule is then created. The adjacency matrix is then used to
propagate information describing the chemical identity of each atom and bond, ie,
node and edge features. This information is conveyed through messages that update

the network’s representations of atom and bond environments. After several
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iterations of this message passing, precise information about atom and bond
properties can be inferred.

A minimal set of features, obtained from analysis of the molecular graph
topology and chemical identity using the rdkit Python package, is used to categorize
each atom and bond type; this information is fed into the neural network as node and
edge features, respectively. Compared to ALFABET2, the key new features introduced
in ALFABET3 are ring-related: ring size was added as both an atom feature and a bond
feature (set to 0 for non-ring atoms/bonds), reflecting the importance of ring
membership and ring strainin determining BDE values forring-opening reactions. The
element identity, number of radical electrons, formal charge, chiral tag, aromaticity,
ring size (0 if not part of a ring), degree, and the total number of hydrogen bonds were
used as atom features, and start/end atom identity, rdkit bond type, binary

conjugation status, and ring size (0 if not part of a ring) were used as bond features.

31



The final ALFABET3 model consists of 6 total message passing layers (Figure
2.4a). Initial atom and bond features from rdkit are fed into a linear embedding to
project into 128-dimensional vectors. These vectors are used for subsequent
message passing operations. The final bond state representations are passed
through an output layer to yield a 2D vector for each molecular input, representing
BDE and BDFE, respectively. The AdamW optimizer with learning rate 10 and weight
decay of 10°was used for model training for 200 epochs, using a mean absolute error
(MAE) loss function (calculated as the sum of BDE and BDFE losses). Final model
crossvalidation was performed using five random splits of the training dataset. Model
training losses are shown in Figure 2.4b. Further details on model architecture and

training can be found in Appendix A, Section S2, ALFABET3 Model Training.
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Figure 2.4: ALFABET3 model training details. a) Architecture of the ALFABET3 model. b) Training and validation losses for
network training. c) Distribution of BDE prediction errors between test set compounds in the ALFABET2 (blue) and
ALFABETS3 (red) datasets. d) Parity plots of BDE and BDFE predictions for train and test sets.
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The final training dataset comprises 711,169 unique BDE values, spread over
74,570 unique molecules. A held-out test set of 80,866 unique BDE values from 8,425
distinct molecules was used to evaluate model performance. We note that although
a random split is used to generate the test and training sets, the percentage of ring
bonds in each set is approximately the same (12.2% in the training set, 11.9% in the
test set). The retrained model achieves an MAE on this test set of 0.86 kcal/mol and
0.84 kcal/mol for predicted BDE and BDFE, respectively, with 95% of predictions
within 0.60 kcal/mol and 0.58 kcal/mol, respectively (Figure 2.4d). On just ring
compoundsinthe held-out test set, the model achieves predictive accuracies of 1.54
and 1.50 kcal/mol for BDE and BDFE, respectively (Figure 2.4c, diradicals, red),
compared to 0.69 and 0.66 kcal/mol for non-ring compounds (Figure 2.4c, single
radicals, blue). These errors are well within the reported error ranges for single-point
energy calculations utilizing the M06-2X functional®” and illustrate the predictive
utility of the ALFABET model. While these values are slightly higher than the BDE and
BDFE MAEs of 0.72 and 0.68 kcal/mol, respectively (achieved by the ALFABET2 model
on non-ring bonds only) achieved by the ALFABET2 model, the inclusion of ring bonds
greatly enhances the utility of the ALFABET3 model, enabling more complete
coverage of the synthetic chemical space.

Model test set outliers were identified by filtering test set predictions for bonds
with errors exceeding 10% relative to DFT-calculated values. 676 such test set
outliers were found, corresponding to 434 distinct molecules. 372 of these outliers

correspond to homolytic ring opening reactions, constituting 55.0% of the total
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outliers. The mean and standard deviation of the BDE prediction errors for all outlier
molecules were found to be 5.56 kcal/mol and 16.5 kcal/mol, while the mean and
standard deviation of the BDFE prediction errors were found to be 5.57 kcal/mol and
16.5 kcal/mol, respectively. A plot of outlier error distributions is available in
Appendix A, Section S2, ALFABET3 Model Training.

Additionally, several molecules contain multiple outlier bonds; a plot of outlier
counts per molecule is provided in the Appendix A, Section S2, ALFABET3 Model
Training. To investigate the distribution of outliers, we use the rdkit-computed
synthetic accessibility (SA) score as a measure of chemical structural complexity.®®
We find that on average, the outlier compounds have an SA score of 3.82 = 0.98, as
compared to 3.06 £ 0.67 for the full test dataset and 3.01 = 0.66 for the non-outlier
test set compounds, indicating that the outlier molecules are, on average, more
chemically complex than the rest of the test set. To quantify the difference in SAs
between the test set and the test set outliers, a Cohen’s d test was performed:
Cohen’s d quantifies the standardized difference between two group means (effect
size); a value of 0.00 indicates identical distributions, values from 0.0 — 0.2 indicate
small dissimilarity, values from 0.2 — 0.8 indicate medium to large dissimilarity, and
values above 0.8 indicate high dissimilarity.®® The Cohen’s d test yields a value of 1.5,
indicating a large and significant difference between the SA scores of the two sets.

To qualitatively evaluate the model's ability to learn differences in chemical
environments across bonds, the latent-space representations of atoms and bonds

are visualized as information passes through the model. Since each molecule is
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represented by a 128-dimensional vector, assessing differences in this space is
complex; hence, we employ principal component analysis followed by t-Distributed
Stochastic Neighbor Embedding (t-SNE) to reduce these representations to 2
dimensions, enabling visualization.”® It is observed that the bond and atom
representations become increasingly spread out as information propagates through
the message-passing layers, as evidenced by the dispersal of clustered
representations (Figures 2.5a and 2.5b, Layer 1) from layers 1 to 6. This represents
increased resolution of unique atom and bond environments in the neural network's
latent space, as information from atoms and bonds is increasingly incorporated. In
Layer 1, where only information about the nearest neighboring atoms and bonds is
considered, several groups of similar atoms are observed. As information about more
distal neighbor environments is incorporated through additional message passing
layers, the groupings of similar atoms and bonds become more dispersed, with ring

and non-ring variants of the same bond type (e.g., C-N vs. C-Nring, C-O vs. C-0ring)
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Figure 2.5: t-SNE visualization of a) atom state and b) bond state feature vectors. As the number of layers increases,
information from atoms and bonds further from the reactive centers is included, allowing the chemical environments of

the broken bond to be increasingly well resolved and dispersing embedding points.

becoming increasingly resolved into distinct clusters by Layer 6 (Figures 2.5a and
2.5b, Layer 6).

Lastly, to determine the effect of ring information on the ALFABET3 model, we
perform an ablation analysis. Ablation analysis involves selectively removing neural
network components to identify which parts of the network contribute to its

predictive ability.”” Here, we remove ring-related input features from the model’s

36



inputs (ie, ring size features were removed from both atom and bond features). It is
observed that the MAE on the full held-out test set increases to 3.64 kcal/mol and
3.34 kcal/mol for the BDE and BDFE, respectively, and that of the ring compounds in
the test setincreases to 6.11 and 6.14 kcal/mol, respectively. Due to the increase in
the magnitude of prediction errors, it is clear that the ring information provided as

model inputs is critical to ensuring predictive accuracy.

2.3.3: Prediction of Ring Opening Polymerization Sites in Lactone Precursors

Much recent work has highlighted the utility of lactone species as precursor building
blocks for the synthesis of environmentally friendly biodegradable polymers.’>74 Many such
synthetic strategies for block, star, and graft copolymers utilize the thermodynamic driving
force of ring opening via ring-strain release to complete the chain-propagation catalytic
cycle. The site of bond cleavage is critical to the design of this process; to continue the
catalytic cycle, the ring-opening bond cleavage must regenerate an ion or radical. The
dispersity of the resultant polymer chain is thus greatly affected by side reactions, leading
to shuffling of the catalytically active chain ends and chain termination, as seen when the
site of ring-opening differs from that targeted during chain growth. This fluctuation in the
number of monomer units in the polymer chains, in turn, affects the polymer's physical
properties, such as tensile strength, heat resistance, etc. >’ Thus, foreknowledge of the
site of lactone ring opening is of great importance in the selection of monomer units for the

creation of polymers with tailored physical properties.

Previous methodologies for predicting the site of ring opening in lactone

monomers have relied on expensive gquantum-mechanical calculations. In one
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strategy, isodesmic bond breaking reactions are used to estimate the ring strain
energy: thering-opened lactone monomeris capped with suitable end groupsin order
to conserve the total number and types of bonds in the cyclic form, and quantum
mechanics calculations are used to obtain the energy of the cyclic monomer and the
ring-opened and capped monomer. The difference in energies is then taken as the
ring-strain energy.’®’® Another recent approach used detailed conformational
sampling of both monomer and polymer geometries using ab-initio molecular
dynamics (AIMD) approaches to calculate ring opening polymerization enthalpies
(ArorH), which account for the complex spatial configurations of polymer
morphologies.®’ Despite the high accuracy of this method when benchmarked
against experimentally determined AgrorH values, the computational cost of running
AIMD studies precludes its large-scale adoption.

To balance the competing demands of low computational cost and high
accuracy in screening potential monomer units, we use the trained ALFABET3 model
to predict bond BDEs for 192 industrially significant lLactone monomer units collected
from the literature. In particular, the lactone monomers considered here have been
identified as candidates for the synthesis of complex hydrosoluble macromolecules
via precise control of the number of oligomer units per chain (ie, limiting total chain
mass to below 10,000 g/mol) and thus are of great interest in the manufacture of
easily biodegradable novel green plastics. Monomer units are considered suitable for

feedstock use if bond cleavage occurs at the C-O bond, enabling chain propagation.
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The predicted BDEs are then ranked for each molecule to screen potentially
useful monomer units. For 23 out of 192 monomers, the lowest BDE is the C-O ring
bond, indicating the potential for use as a polymer feedstock. In 152 lactones, the
lowest BDE was found to be a C-C ring bond; the remaining 17 lactones had C-S or O-
O bonds as the lowest energy bond. The MAE of BDE prediction for all bonds was
found to be 1.66 kcal/mol, while that of just the C-O ring bonds was found to be 1.85
kcal/mol (Figure 2.6a). Bonds with MAEs over 10 kcal/mol were classified as outliers;
analysis of these outliers shows that two molecules contain all outlier bonds.

On examination of the first outlier molecule (termed Mol1 for brevity), itis clear
that Mol1 consists of 27 heavy atoms, almost double that of the largest structures in
ALFABET3 DB (a maximum of 14 heavy atoms). It is also noted that the structures

generated by homolytic cleavage of outlier bonds 1 and 2 situate the diradical
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Figure 2.6: Model predictions for the homolytic ring opening bond dissociation enthalpy of individual lactone monomer
bonds. a) Plot of model-predicted BDE vs DFT-calculated BDEs for 193 lactone monomer units. Outlier BDE prediction
bonds (error > 10 kcal/mol) are shown in red with outlier bonds numbered. b) Left: Hirshfeld charges and Ollivier-Ricci
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similarity test set bond state vectors to corresponding outlier bonds. c) Hyperhomodesmotic calculation results for the
ring opening reaction of Mol2.
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electrons in close proximity, leading to possible energetic destabilization in the
electronic structure calculations. Further, two heteroatom motifs are found (a
secondary amine and a carbonyl group), in a ring structure separated from the ring
structure containing the outlier bonds by an alkyl chain. To quantify the effects of the
heteroatom motifs, Hirshfeld charges®' were computed for the optimized structure
using the M062X/def2TZVP level of theory. It was found that Hirshfeld charges are
localized on the carbonyl group with charges of -0.28 and 0.19 on the C and O atoms,
respectively (Figure 2.6b), thus indicating that electronic effects influencing bond
strength are localized to the carbonyl constituent atoms.

To diagnose the mechanism of failure, we directly interrogated the model’s
internal representations by computing the cosine similarity of bond embedding
vectors for outlier bonds 1 and 2 against all bonds in the ALFABET3 test set (Figure
2.6b, right). The most similar test-set bonds correspond to C-H and N-H bonds,
respectively, indicating that the model fails to encode the unusual long-range
electrostatic environment of these bonds, as the influence of the charged carbonyl
motif is not reflected in what the GNN ‘sees’ at the outlier bond sites. The Ollivier—
Ricci curvature of Mol1 (Figure 2.6b, left) provides a geometric interpretation
consistent with this finding: all bonds along paths connecting the charged carbonyl
to the outlier bonds carry negative curvature, a topological signature of over-
squashing bottlenecks in message-passing GNNs that prevent distant atomic
environments from being propagated to the prediction site. Together, these analyses

indicate that the error in Mol1 arises from a combination of out-of-distribution long-
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range electrostatic structure and insufficient message-passing depth to bridge the
structural distance between the carbonyl and the predicted bond. Future efforts in
database expansion, specifically targeting molecules with remote electron-
withdrawing groups, and exploration of graph rewiring or higher-order GNN
architectures to alleviate over-squashing, may help resolve this class of errors.

We hypothesize that errors for bond prediction in the second outlier molecule
(Mol2) may be due to the large amount of ring strain energy stemming from the Csp-
Csp triple bond present in the ring structure. To quantify this, hyperhomodesmotic
calculations were performed using the scheme introduced by Wheeler and
coworkers (Figure 2.6c).”° The formation enthalpy of Mol2 and ethane was first
calculated at the M062X/def2TZVP level of theory. The optimized Mol2 structure was
then ring opened and capped with two methyl groups, thus preserving the total
number and hybridization of carbon-carbon bonds. The resultant structure was then
optimized and its formation enthalpy calculated. The ring strain energy was
calculated to be 69.24 kcal/molfor the “lactyne” Mol2, much higherthanthe 8.6 -9.5
kcal/mol values reported for the saturated y-lactone analog.®?®? Since the ALFABET3
model does notincorporate molecular geometries as inputs, the geometric distortion
induced by the presence of the triple bond is not directly incorporated into model
predictions. In addition, molecules with triple bonds in ring systems are
comparatively rare; only 22 such bonds exist in ALFABET3DB training set,
representing only 0.003% of the training set. We note that the DFT-calculated values

for outlier bonds 3, 4, 5, and 6 are extremely low: all bonds are below the 1st

41



percentile of DFT- calculated BDEs in the ALFABET3 DB (0.007, 0.05, 0.61, 0.65
percentiles, respectively). While such outlier bonds are uncommon, future work in
improving model generalizability may build on such examples to further augment the
model’s training set. Useful outliers may be curated from specialized datasets such
as the Mindless Benchmarking set curated by Korth and Grimme,?* or identified
through the use of targeted reinforcement learning strategies that use ML methods to
identify optimal data.®®

2.4: Conclusion

Knowledge of the enthalpy change associated with ring opening is crucial for
planning synthetic strategies and elucidating chemical mechanisms. Traditional
computational approaches rely on using quantum chemical software to calculate
these values, incurring significant computational cost and making these calculations
inaccessible to chemists unfamiliar with these software packages. To rectify this, we
developed the ALFABET3 modeland ALFABET3DB dataset, building on our previously
introduced ALFABET2 model to incorporate the ability to predict the bond
dissociation enthalpy and bond dissociation free enthalpy for homolytic ring-opening
reactions.

A dataset of DFT enthalpies of homolytic ring opening reactions was generated
using the compounds in the ALFABET2 dataset, and the ALFABET2 model was
retrained to incorporate this new data. The resultant ALFABET3 model achieves
predictive accuracies of 0.86 kcal/mol and 0.84 kcal/mol for predicted BDE and

BDFE, respectively, on test set BDEs ALFABET3DB. The accuracy for homolytic ring
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opening reactions alone was found to be 1.54 kcal/mol, while that of non-ring
homolytic bond dissociation was found to be 0.69 kcal/mol, indicating that additions
of homolytic ring opening reactions to the ALFABET2 model do not significantly
degrade predictive accuracy on the existing heterolytic bond cleavage target domain.
A qualitative assessment of the model's ability to resolve intramolecular atomic
environments is performed via t-SNE analysis, which shows that the model learns the
roles of distinct chemical environments during training. An ablation study is
conducted to assess the role of the ring-specific model inputs in influencing model
predictions.

Finally, the predictive power of the new model is demonstrated through
applications in ring opening polymerization reactions, highlighting its utility in
predicting the viability of synthetic strategies. Athorough outlier analysis showed that
model predictions with large errors are localized to molecules with atom and bond
environments not represented in the ALFABET3DB training set. Future work will seek
to rectify this gap by expanding the ALFABET3 dataset to encompass larger regions of
chemical space and increasing the expressivity of the ALFABET3 neural network
model to better incorporate subtle variations in chemical environments.
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CHAPTER 3: Molecular Properties from Fragment Interactions: Predicting Adiabatic
Singlet-Triplet Gaps

3.1: Chapter Overview

In this chapter, we examine how the interactions of intra-molecular fragments across
can be combined to model the adiabatic triplet energy gap (the thermodynamic driving force
between the SO and T1 electronic states of a given molecule, referred to as the So-T¢ gap).
Knowledge of this property enables design of efficient photocatalysts amenable to
accelerating charge transfer or Dexter energy transfer based synthetic strategies. However,
calculating the adiabatic S,-T1 gap for a given molecules requires careful quantum
mechanics calculations, making it both computationally expensive and challenging to
perform for inexperienced users. In this work, we introduce a novel methodology for the
prediction of adiabatic So,-T gap based on chemical intuition around chromophores, the
fragments of a molecule responsible for absorbing light. We construct a large-scale dataset
of adiabatic So-T gaps for both whole molecule species and constituent chromophore
fragments. This database is then used to build a range of predictive models for whole-
molecule adiabatic So-T1 gaps; we find that a A-learning strategy combining individual
predictions for both fragments and whole molecules achieves the most accurate and
generalizable predictive performance. This modelis applied to predict the site of ring closure

in light driven [2+2] cyclization reactions.
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3.2: Introduction

With the re-emergence of photochemistry and photocatalysis as a major
driving force of organic chemical synthesis at the start of the 21 century,'® the
development of highly accurate computational methods for the prediction of
photophysical properties has been deemed an essential driving force for the
acceleration of the discovery of new chemical reactivity and development of new
materials.””"" More recently, however, the development of machine learning-based
approaches has emerged as a promising alternative to highly computationally
expensive quantum mechanical methods for predicting chemical properties, which
are then used as an alternative to experimental data.’>'® One reason for the rise of
machine learning in the last two decades has been an increase in the amount of data
available, along with easier access to the most novel model architectures. However,
the reliability of any model is highly dependent on the quality of the data used to
formulate the model. Thus, the time-consuming step of data curation and validation

becomes the rate-determining step in model development.
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Due to the difficulties associated with collecting experimental data, models
have relied on the construction of large datasets from computational simulations,
based on methods such as Density Functional Theory (DFT).'® This approach
sidesteps several of the limitations associated with data collection, quality
assurance, and data interpretation. A plethora of models trained on such
computational datasets have been successfully developed, with applications in
various fields, including  solubility,””'®* bond dissociation energy,’?
synthesizability,?? and prediction of catalytic efficiency.?*?* Thanks to the relative
ease of constructing these virtual datasets, many research groups have constructed
independent datasets for model development, frequently competing to simulate the
same properties. Thisin turn raises a key question: how can we compare the diversity
and quality of competing datasets beyond just the numerical range of the property in
question? How can we enhance new datasets by leveraging existing ones to cover a
broader range of the chemical space?

One such area of high interest to both the experimental and theoretical
communities involves the development and curation of large datasets of
photophysical properties. Specifically, within the context of both photoredox and
energy transfer catalysis, knowledge of the catalyst and substrate triplet energies is
essential for calculating excited-state redox potentials. Also, it facilitates the
prediction of reactions amenable to Dexter energy transfer. Within this regard, DFT
computation of the adiabatic triplet energy gap (i.e., the thermodynamic driving force

between So and T, state) has become a central method for determining molecular
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triplet energies, largely due to the experimental challenges involved. To this extent,
the adiabatic triplet energy has become a key photophysical property, featured in
numerous databases, such as the Verde Materials DB.?® Similarly, Glorius and
coworkers have recently published the first machine learning model, EnT- Decker, for
predicting the adiabatic S,-T, value, trained on an in-house-generated DFT dataset of
34,848 molecules.?® In this work, not only do they demonstrate that Graph Neural
Network models outperform other simpler models, but also showcase the practical
application of the developed models and build a user-friendly platform for chemists
to use their models.

However, as demonstrated in this work, high-throughput DFT calculations of
adiabatic S,-T: gaps pose challenges when applied to molecules with multiple
functional groups. In such cases, exciton localization can vary semi-randomly across
different regions of the molecule, leading to significant energy differences and
introducing substantial error in model construction. In this work, we present a new
fragmentation algorithm designed to address this issue. This algorithm enables the
training of a A-learning model on a new dataset of 46,415 molecules (ALFAST-DB),
following a similar protocol to EnT-Decker. Additionally, the algorithm offers a novel
approach to comparing the chemical compositions of different databases and
evaluating the transferability of ML models trained on them.

3.2.1: Exciton Localization Problem in Multichromophore Systems:

As highlighted earlier, DFT optimizations on excited states are particularly

challenging for molecules with multiple chromophores due to the issue of exciton
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Figure 3.1: Diagram describing the computational structural optimization on the T1 surface starting from a ground state
geometry

localization. Taking allylbenzene as an example, the standard approach begins by
using the optimized geometry of the molecule in its ground state (So) as the starting
point for optimizing the corresponding triplet state (T+1). The geometry optimization on
the T, surface proceeds from this initial geometry, and the algorithm directs the
structure toward the nearest local minimum based on the gradient of the surface
curvature.

In the case of allylbenzene, this initial optimization leads to a structure where
the triplet diradical localizes on the phenyl group, as illustrated in Figure 3.1.
However, this localization isn't always unique. If the molecule is initially excited to a

higher triplet state (T,) instead, the system may follow a different potential energy
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surface. This new surface can intersect the initial T, surface and, in some cases, drop
below it in energy, effectively becoming the new T, state. Such a scenario results in
the localization of the spin density on a different region of the molecule.

For allylbenzene, the system can alternatively find a T minimum where the
spin density localizes on the alkene group. While the optimization process
preferentially leads to the excitation of the arylring, this alkene-localized minimum is
also a valid solution. It is energetically more favorable, resulting in a lower adiabatic
triplet energy. In this case, when computed at the M06-2X/def2-TZVP level using
Gaussian 16,2’ the adiabatic triplet energy (62.4 kcal/mol) is lower by an impressive
23.3 kcal/mol compared to the phenyl-localized minimum (85.7 kcal/mol).

This difference in localization presents a significant challenge for automated
excited-state optimization in database construction. In systems with multiple
chromophores, itbecomes nearlyimpossible to predict a priori where the triplet state
will localize. As a result, this uncertainty complicates the construction of a coherent
dataset, often leaving the data effectively "unlabeled" in terms of which chromophore
is involved in the triplet state localization. This type of unstructured data introduces
confusion into machine learning models, as the models may struggle to learn from or
differentiate between cases involving different chromophores. Furthermore, it raises
an important question regarding the goal of adiabatic triplet energy predictions: is the
objective to predict the global minimum energy state, or should the models aim to
predict all possible local minima? Defining this objective becomes crucialin ensuring

the predictive power and applicability of the machine learning models.

56



One potential solution, as implemented by the EnT-Decker authors, is to
provide a prediction of spin density in conjunction with the adiabatic triplet energy
value. This strategy adds valuable information to the user, offering insight into where
the triplet localization occurs within the molecule. However, while this represents an
important step forward, it does not fully resolve the underlying issue of training
models on unlabeled data. Since the spin density localization is not systematically
assigned to a specific chromophore or fragment, the modelis still learning from data
that may not be explicitly categorized.

Moreover, since these spin density models were trained independently of the
energy predictions, there is the potential for inconsistencies. In some cases, the
energy and spin density predictions may not align, potentially leading to misleading
conclusions for the user.

3.3: Results and Discussion

3.83.1: Molecular Fragmentation Algorithm

To address the challenges associated with exciton localization and unlabeled
data in multi-chromophore systems, a first step is to develop a workflow for
identifying potentially relevant sites where the exciton can be localized. Here we
developed a fragmentation algorithm that generates chemically meaningful
fragments from complex molecules, akin to the one described by Ertl in 2017.22 This
approach was inspired by the concept of functional groups in organic chemistry,

which serve as the building blocks of molecules and represent key sites of chemical
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reactivity. Functional groups, often composed of t-bonds and heteroatoms linked by

resonance, are rich in t-electrons and lone pairs. These electron-rich regions are

frequently the most likely sites for excitations due to their lower energy gaps between

-1t and n-1t* orbital levels.?® By leveraging this understanding of functional groups,

this algorithm systematically breaks down molecules into these reactive

components based on extended conjugation paths, leading to more structured data

that can be effectively used for machine learning. The steps of the algorithm are

illustrated below (Figure 3.2), and include the following key processes:

1.

Identify all relevant heteroatoms based on a predefined list, as well as all
carbon atoms containing a double, triple, or aromatic bond. Specifically for
this work, we considered the following candidate heteroatoms: N, O, S, P, Se,
F, Cl, and Br.

For each candidate atom, a list is constructed that contains these atoms.
Then, the atoms directly bonded to each candidate atom are recursively
added. If the connecting atoms are also candidate atoms, the process
continues to add their connected neighbors until no candidate atoms are
found. This recursive process is stopped when either there are no more atoms
or the last atom added was a non-candidate atom.

Once no candidate atoms remain in reach of the molecule, duplicated
fragments are removed.

Finally, for database storage analysis and curation, each fragment is

transformed into its SMILES representation. During this step, the end-atoms of
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the fragments are implicitly capped with H to match their valence. As all valid
SMILES are valid SMARTS, H-capping allows the generation of smaller, valid,
typically closed-shell molecules containing the key functionality of the
fragment.

Following the example highlighted above (Figure 3.2), the outcome of the

fragmentation scheme as applied to 3-(2-(4,5-dichlorocyclohex-2-en-1-yl)ethyl)-1,1-

- 1) Identify candidate atoms =} = 2) Expand each candidate atom -

~ 4) Transform fragments to SMILES

K\ =) cccc | _Cl mp co

o)
\TJ\H/ » CN(C)C(=0)NC

Figure 3.2: Scheme and example of the application of the fragmentation algorithm used in the present work.
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dimethylurea will lead to the identification of four distinct functional groups, namely:
a trisubstituted urea, a disubstituted (2)-alkene, and two alkyl chlorides.

3.3.2: Databases Overview and Curation

The present work utilizes three separate datasets comprising adiabatic So-Ts
energy gaps. One such dataset is the EnT-DB database, developed by Glorius and
coworkers, which was used to develop the EnT-Decker predictive model. The EnT-DB
dataset consists of DFT-computed adiabatic So-T1 energy gaps for a total of 34,848
molecular species. Energies are computed at the wB97x-D3/def2-
TZVPP:PCM(CH3CN)//B3LYP-D3/def2-SVP:PCM(CH3sCN)3*°-% level of theory, using the
ORCA software package.®*® Molecules were selected to maximize chemical space
coverage of medicinally relevant structures, and were selected from the ZINC
dataset®” clade of commercially available species with molecular weights under 325
Da. The size distribution of molecules in the dataset is roughly symmetric, with a
median of 30 atoms. Calculated adiabatic So-T1 gaps span a broad range, with a
median of 69.4 kcal/mol (Figure 3.3, EnT-DB).

The second database used in this work is the Verde Materials Database
previously developed by Lopez and coworkers (Verde-DB). The version of the dataset
used here is more comprehensive than the one previously published; this version of
the Verde-DB dataset contains 3,286 molecules, compared to the 1,500 molecules
in the original work. The So-T1 adiabatic gaps in this database are also obtained using
DFT, but computed at the M06/6-31+g(d,p):PCM(CH;CN)*#*42 level of theory. In

contrast to EnT-DB, which focuses solely on adiabatic So-T1 gaps as a target property
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and prioritizes a broad chemical scope, Verde-DB is more focused on providing
broader coverage of properties related to photoredox catalysis, such as excited-state
reduction and oxidation potentials, or So-S; energy gaps, at the cost of a narrower
chemical scope. This chemical scope is more focused on molecules used in
commercial applications, with additions of computationally generated derivatives.
The molecular size distribution (Figure 3.3) has the same median as the EnT-DB
dataset (30 atoms), while showing a pronounced tail towards larger molecules. Due

to the specialized chemical scope targeted in the Verde-DB dataset, it exhibits a
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strong bias towards molecules with a small So-T1 adiabatic gap, with a median value
of 28.2 kcal/mol.

Finally, we develop our database targeting a broad chemical scope, following
a protocol where the T, geometry is optimized using the optimized ground state
structures as a starting point. Previously, we compiled a large database of DFT-
computed structures for predicting bond dissociation enthalpies, which led to the
creation of the ALFABET model. The ALFABET dataset was designed to cover a broad
range of organic chemical space and comprises molecules with atoms of C, H, N, O,

S, CL F, P, Br, and I. Building on this previous work, we compute the S,-T: adiabatic

0.015
>
(&}
o
(0]
&
© 0.010
L
(0]
=
©
& 0.005
P N
0.000 —
0 50 100 150
So - T1 Adiabatic Gap, kcal/mol

0.10
g 0.08
()
>
8 0.06 //\
= O
2 \
[0) A\
14 )\

0.02 \

\\\
-
0.00 .-
0 20 40 60
Number of atoms
ALFAST-DB [ | VERDE-DB EnT-DB

Figure 3.3: Total number of atoms and So-T; adiabatic gap distributions of the 3 presented datasets.
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gaps for molecules of interest in this database. This initial set comprises 57,736
molecules after removing radicals and retaining only those molecules with double,
triple, or aromatic bonds. For the level of theory used in computation, we employ the
MO06-2X/def2-TZVP level of theory, in contrast to the one used to construct the EnT-
DB dataset. Although the MO06-2X functional had been identified as optimal for
adiabatic triplet energy calculations by the Glorius group, challenges with
convergence and computational costs led to the wB97x-D3 functional being used
instead. While recent work suggests that benchmarking of adiabatic triplet energies
against experimental measurements may not be representative of physical reality
and can lead to very large errors on systems that undergo high structural
reorganizations, benchmarking against the adiabatic values computed at the “gold
standard” DLPNO-CCSD(T) method with the cc-PVTZ basis set**® also showed that
the M06-2X provides the best accuracy. Furthermore, the S, ground states in the
original ALFABET dataset were computed at the M06-2X/def2-TZVP level, allowing us
to avoid the significant computational cost mentioned by Glorius and coworkers; we
thus computed the T1 minima at the same level of theory. Out of the 57,736 starting
molecules, 53,137 achieved successful convergence, which were further curated
down to 46,415 molecules after further quality assurance checks (see Sl for further
details). As shown in Figure 3.3, this database is more focused on smaller molecules
than the EnT-DB or Verde-DB datasets, with a median number of atoms of 18.
However, we maintain a similar distribution of So-T1 adiabatic gaps to EnT-DB, with a

median of 72.6 kcal/mol. We refer to this new dataset as the ALFAST-DB.
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3.3.3: Database Analysis and Comparison

Using the framework of the proposed fragmentation scheme, we analyze the
fragment compositions of the three databases discussed above. First, fragments that
did not contain a double, triple, or aromatic bond (using SMARTS pattern matching)
were discarded. These fragments were then used to obtain the possible exciton
localizations within each molecule across the databases (vide infra). This fragment-
based breakdown allows for a more quantitative evaluation of the relevant chemical

diversity and overlap between the three datasets.

DATABASE ALFAST EnT Verde
ALFAST | 15,410 | 2,146 | 0
EnT \ 2,146 \ 18,909 \ 0

Verde \ 0 \ 0 \ 3,286

Table 3.1: Number of shared fragments between databases. The diagonal values correspond to the total number of
fragments of each database.

First, we evaluate the fragment overlap between databases (Table 3.1). We observe
that while the ALFAST-DB has a larger number of molecules (46,415 vs 34,848), it has a
slightly smaller diversity of unique fragments than the EnT database (15,410 vs 18,909).
Between these two databases, there are 2,146 shared fragments, while neither database
contains shared fragments with the Verde-DB. Next, we analyze the number of fragments
formed for each molecule and quantify the percentage of shared fragments within this
classification scheme (Table 3.2). Interestingly, a large number of molecules in each dataset
contain a fragment from the small shared subset of 2,146 fragments, at 62.6% and 51.6% for
ALFAST-DB and EnT-DB, respectively, indicating a significant overlap in chemical space. This
overlap is thus more significant than one would expect if only the identity of the complete

shared molecules (of which there are 1530) is considered. Almost all unique fragments
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correspond to single-fragment molecules, and the EnT-DB has a higher composition of
multi-fragment molecules (32.4% vs 15.5%). Notably, the Verde-DB is constituted solely of
mono-fragment molecules (thus not shown for brevity). We posit that this may be a

consequence of the more specialized scope considered when constructing the Verde-DB.

It is important to note that these statistics do not provide a basis for claiming
the superiority of one dataset over the other. On the one hand, a larger number of
unique fragments can be taken naively to represent increased chemical diversity of
the constituent chromophores. On the other hand, a larger ratio of molecules to
unique fragments provides a greater diversity of substituent effects on the
chromophores, thus potentially improving the generalization characteristics of

derived models.

ALFAST-DB EnT-DB
Single Multiple Single Multiple
Unique 37.2% <0.1% 47.8% 0.6%
(17,289) (35) (16,649) (212)
Shared 47.2% 15.4% 19.8% 31.8%
(2,146) (21,941) (7,150) (6,911) (11,076)
Total 84.5% 15.5% 67.6% 32.4%
(39,230) (7,185) (23,560) (11,288)

Table 3.2: Molecule breakdown of the ALFAST-DB and EnT-DB. Molecules are classified as either single-fragment or
multiple-fragment, and based on whether at least one of the fragments is within the subset of fragments shared across the
two databases (Shared) or all fragments of the molecule are unique. Numbers in parentheses are the absolute number of
molecules.

Finally, to assess the effect of exciton localization mentioned previously, we
utilize the Mulliken spin densities at the optimized T, states included in the ALFAST-
DB to compute the total spin of each fragment obtained. The fragment with the
highest spin was then selected as the “main fragment” of the molecule, effectively
labeling each molecule with a main fragment, and a total spin of the main fragment.

The distribution of these main fragment spins across the ALFAST-DB is shown in

65



Figure 3.4. While the majority of the database has a localized triplet, where the spin
of the main fragment is over 1.7, three notable outlier regions require further
discussion: molecules that have a main fragment with a spin over 2, molecules where
the main fragment spin is between 0.7 and 1.3, and molecules whose main spin is
below 0.65. We note that the choice of 1.7 as a threshold for triplet spin localization
is an arbitrary value chosen for analysis and discussion of the generated database
and should not be construed as a metric to define triplet spin localization. We leave
rigorous benchmarking of this metric for future study; all computed values for
fragment spins are available in the database files supplied in the Zenodo repository
linked in Appendix B (DOI: 10.5281/zenodo.16563830).

We posit that the first region emerges as an artifact of the truncation during the
total spin density calculation of the fragment. The second and third regions, although
having more consequential root causes, comprise less than 1% of the molecules in
ALFAST-DB (approximately 500 molecules). Thus their impact on the overall
database is considered minor. The second region (between 0.7 and 1.3) corresponds
to molecules where a charge transfer state was likely obtained. The third region,
however, emerges as molecules whose main fragment was incorrectly assigned. This
appearsin cases where the obtained minima in the T, surface were not localized in a
fragment containing a double, triple, or aromatic bond.

To illustrate this electron delocalization problem further, we analyzed
representative examples from each of the outlier regions described above (Figure

3.4B, C). Examples were chosen such that the localization of the exciton can be
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Figure 3.4: (A) Absolute (blue histogram) and cumulative frequency (grey line) of the distribution of the main fragment's
spin within the ALFAST-DB. (B-D) Example DFT-computed SO-T1 adiabatic gaps for fragments and for multi-fragment
molecules within the ALFAST- DB and the EnT-DB. The spin of each fragment was computed from the atomic Mulliken
Spin Densities. The example fragments (B) were computed at the same theory level as ALFAST-DB. We note that the EnT-
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organization.

confirmed based on the spin of the fragment. In addition, some example molecules
where a charge transfer state was obtained are highlighted (Figure 3.4D). As shown
in Figure 3.4B, the adiabatic So-T: gap of toluene is lower than that of acetonitrile. As
such, a molecule containing both moieties separated by an alkyl carbon chain should
be able to access thetriplet state of both moieties. Inthe selected examples (ALFAST-
DB and Ent-DB, right column, Figure 3.4C), the computed value is more similar to the
adiabatic gap of toluene. In the ALFAST-DB example, we can confirm that the exciton
location is the phenylring. However, in this example, the overall high-throughput DFT
computational protocolcan be considered successfulin approximating the adiabatic
So-T1 gap, which is understood as the lowest free energy difference between the Sy

free energy surface and the T, free energy surface.
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On the other hand, the examples highlighted with phenyl and alkene moieties
(ALFAST-DB and Ent-DB, left column, Figure 3.4C) show the opposite result: out of
the two exciton locations the minima with the phenyl-localized triplet was favored,
which is higher in energy than that localized in the alkene (based on the difference
between toluene and propene fragments), thus illustrating an unsuccessful
application of the high-throughput DFT computational protocol. When the structure
obtained from the S, optimization is used as a starting structure for the T,
optimization, the resultant T1 minima localizes the triplet in the phenyl moiety.
Instead, the starting structure must be manually distorted to an alkene-like geometry
(H-C-C-H dihedral angle of 90°) to localize the triplet on the alkene moiety and obtain
a lower energy T1 minima. Further work is necessary to elucidate which factors may
bias the geometry optimization towards either of the T, minima, as well as how these
factors affect the numerical energy value, in order to develop a high-throughput DFT
protocol that finds the “true” lowest energy triplet in an automated manner without
requiring manual geometry distortion.

The final charge transfer examples (Figure 3.4D) show two different cases. In the
rightmost example, there are two clear, disconnected 1t-systems where the spinis localized,
whereas the other example shows a case where not all the spinis localized in a region of the

molecule containing a double, triple, or aromatic bond.
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3.3.4: Architecture Selection and Model Extrapolation

Prior work by numerous groups has shown the effectiveness of Graph Neural
Network models in predicting molecular properties. Here, we tested various
message-passing neural network architectures based on the previously successful
ALFABET model (further details are provided in Appendix B). Model evaluation was
performed using a 64:16:20 train:validation: test split of the ALFAST-DB with
randomized splitting. A 5-fold cross-validation strategy was used within the train-
validation subsets. The validation loss function (mean absolute error, MAE) was
tracked during training and used to select the best model for each validation fold. The
final architecture and training strategy presented a cross-validation MAE (aggregated
across folds) and test-set MAE (averaged across folds) of 1.94 and 2.00 kcal/mol,
respectively. For the final predictions and the presented parity plots, the model was
trained using the combined training and validation sets, resulting in a test-set MAE of
1.94. When trained on the EnT-DB using a similar splitting strategy, the cross-
validation MAE and the averaged test-set MAE were 2.04 and 2.06 kcal/mol,
respectively, with a final model test-set MAE of 2.37 kcal/mol. Compared to the
random splitting results of the EnT-Decker GNN models, with MAEs of 1.97 and 1.93
kcal/mol for the Chemprop-D-MPNN and AttentiveFP-GNN models, respectively, it
can be observed that our selected architecture achieves similar accuracies,
regardless of the database on which it was trained.

After the architecture selection, the performance of the models on the other

unseen datasets was evaluated to assess model extrapolation capabilities. As each
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database is generated using a different DFT level of theory, a degradation in model
performance is to be expected. Thisincrease in model error stems from two separate
causes: the uncertainty of the ML model in making predictions on unseen data, and
the error incurred when comparing So-T: adiabatic values computed using different
DFT theory levels. To attempt to separate these two sources of error, each database’s
final model (trained with the respective combined training and validation sets) was
then used to predict the values of each dataset (Figure 3.5). The prediction of each
final model on its respective test set (Figure 3.5 aa, bb, and cc) provides an estimate
of the model's uncertainty. Conversely, the predictions on the complete unseen
datasets (Figure 3.5ab, ac, ba, ca, bc, and cb) provide insight into how the model
extrapolates.

From this analysis, two clear trends are observed. First, when the architecture
is trained on either ALFAST-DB or EnT-DB (i.e., the datasets with more general
chemical space coverage) and used to predict the other (Figure 3.5ab and ba), a clear
increase in the MAE is observed, while some degree of correlation (marked by R?) is
retained, on the other hand, when the training and prediction are performed using the
more specialized Verde-DB and the other two remaining databases (Figure 3.5ac, bc,
ca and cb) respectively, the models fail drastically at extrapolation. This behavior
reproduces known trends regarding the importance of training set chemical space
diversity on model performance.

To estimate the magnitude of the error incurred when comparing values

computed with different DFT functionals, we analyze shared molecules between
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ALFAST-DB (in gas phase) and EnT-DB (in acetonitrile). For this task, the canonical
SMILES representations of molecules from both databases were obtained and used
to search for common molecules, of which 1,530 were identified. An MAE and R? of
3.36 kcal/mol and 0.88, respectively, were obtained when comparing the S,-T;
adiabatic gap of these 1,530 molecules (see Figure S7, Appendix B); a linear fit was
also performed, yielding an MAE and R? of 2.63 kcal/mol and 0.92, respectively (see
Figure S7, Appendix B). It should be noted that this MAE represents errors derived
from directly comparing the results of different DFT methodologies, but also
molecules where each method computed a different exciton location, molecules
whose exciton is located on the same fragment but geometry optimizations led to
different local minima, or molecules that would be more drastically stabilized in the

triplet state by the acetonitrile solvent.
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If then, the uncertainties in both model predictions and the underlying DFT
methodology are combined, the model trained on ALFAST-DB achieves a net
uncertainty of 5.30 kcal/mol, which is comparable to the MAE of 5.51 kcal/mol
obtained when using the same model to make predictions on the EnT-DB (Figure
3.5ab). The same can be observed when the model trained on the EnT-DB
extrapolates tothe ALFAST-DB. This observation stays the same even when the cross-

validated MAEs of the models are considered (1.94 and 2.04 kcals/mol for ALFAST-
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Figure 3.5: Model extrapolation across datasets. Parity plots of adiabatic SO-T1 predictions in kcal/mol of each dataset
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plot. MAE values are in kcal/mol.
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DB and EnT-DB, respectively). We note that the combination of both errors provides
an approximation to the actual contribution to the error of the cross-dataset
prediction. When we corrected the So-T predicted using the MPGNN model with the
linear fit derived from the shared molecules, a decrease in the MAE (Figure S8 in
Appendix B), although limited, can be observed.

In contrast, we observe that such “symmetric” behavior is not evident when
considering the Verde-DB. As seen from the analysis above, the Verde-DB shares no
fragments nor molecules with either of the other two databases, is constituted only
of mono-fragment molecules, and is an order of magnitude smaller than the other
two databases due to its more specialized nature.

Both the lack of shared fragments and the number of mono-fragment
molecules may be responsible for the poor extrapolation to and from Verde-DB. To
provide further insight into this, a detailed breakdown of errors in the ALFAST-DB-
trained and EnT-DB-trained models (Figure 3.6) based on fragment presence was
obtained.

First, it is reaffirmed that the absolute errors are significantly smaller and the
distribution is narrower (Figure 3.6) when predicting the dataset on which the model
was trained, as compared to the database to which itis being extrapolated. However,
a clear difference is evident between the shared and non-shared fragment error
distributions of the extrapolated dataset (Figure 3.6), where molecules without a

shared fragment exhibit a larger error than those with a shared fragment. Thisinvolves
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Figure 3.6: Boxplots with total (all) and marginal absolute error distributions of molecules based on whether they have a
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(mono vs multi). Q1 and Q3 are the first and third quartile respectively and IQR stands for interquartile range. The error
distributions of the dataset used for training are the distributions of the database’s test set, while the distributions for the
extrapolated database include the full extrapolated database.

a shift of the median of approximately 1-2 kcal/mol and a broadening of the error
distribution. On the other hand, such consistent effects are not observed between
mono- and multi-fragment distributions; interestingly, both models exhibit slightly
better performance for multi-fragment molecules than for mono-fragment
molecules, regardless of the predicted dataset.

One interpretation of this trend is that the model better fits multi-fragment
molecules, as they are more information-dense. If indeed this is the case, the model
should also exhibit lower errors for molecules that suffer from the exciton localization
problem discussed earlier. It is to be noted that this interpretation assumes that the
differences between the mono-fragmented and the multi-fragmented error
distributions are not an artifact of the subset size (see molecule breakdown in Error!
Reference source not found.), nor due to the lower chemical diversity of the main
fragments in the multi-fragment molecules. Nonetheless, the consistent difference

when extrapolating trained models to molecules with shared fragments vs molecules
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with non-shared fragments, and the poor extrapolation to and from Verde-DB point
towards the shared-fragment overlap as the predominant cause of the large
prediction errors.

It is thus clear that one method to improve the generalizability of a model
trained on a dataset of properties dependent on the exciton location is to increase
the chemical scope of the fragments, instead of increasing the frequency of the
fragments already present in the dataset.

3.3.5: Fragment-Based Models
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Figure 3.7: A) Predicted vs Computed SO-T1 adiabatic gaps of the model trained on the Fragments-DB. B) Boxplots
with total (all) and marginal absolute error distributions of molecules based on whether they have a shared fragment
in Fragments-DB (shared vs non-shared)
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As fragment overlap between different datasets appears to directly correlate
with the model’s extrapolation ability, at a first-level approximation, it may be
assumed that expanding the datasets with more fragments or even using the
fragments as a surrogate prediction for the entire molecule may provide an
interesting approach towards improving model performance.

To explore this angle, we created a dataset dubbed Fragments-DB which
consists of DFT-computed adiabatic So-Ts gaps for each fragment presentin ALFAST-
DB or EnT-DB. We applied the fragmentation algorithm and included entries that
appear at least twice in either of the two datasets, resulting in a total of 6,058 unique
fragments. Following the same protocol for constructing ALFAST-DB, we obtained a
total of 5135 S,-T, adiabatic gaps for structures in Fragments-DB.

Using this new Fragments-DB, we retrained the GNN model following the same
approach as employed prior (Figure 3.5) to allow for direct comparison with the larger
ALFAST dataset. Following this approach, the resulting GNN model performed
slightly worse, yielding a test-set MAE of 2.98 kcal/mol and a coefficient of
determination of 0.83 (Figure 3.7A).

The decrease in predictive accuracy compared to the ALFAST-DB trained GNN
(Figure 3.5aa, 1.94 kcal/mol) is attributable to the composition of Fragments-DB. It
is to note that due to the construction of Fragments-DB, only one instance of each
fragmentis presentinthe training set. Thus, a random splitting strategy does not have

the same effect on model training with Fragments-DB as with ALFAST-DB. The
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accuracy presented here should hence be evaluated against the 3.12 kcal/mol MAE
of the out-of-sample splitting results presented by Glorius?®.

Intriguingly however, when the Fragments-DB-trained model was applied to
predict the test set of ALFAST-DB, the R2and MAE were found to be 0.72 and 5.36
kcal/mol, worse than the Fragments’ test-set MAE (2.98) or its cross-validation values
(MAE of 3.07 and 3.26 for the aggregated validation and test set respectively, see Sl).
We then attempted to investigate the cause of this discrepancy by analyzing the
errors in the context of fragment overlap (Figure 3.7B). Notably, the errors remain
consistent between shared and non-shared fragments, for both ALFAST-DB and EnT-
DB. There are several possible explanations for this behavior: a) the degradation in
performance may be due to the excitation localization problem discussed previously,
as the fragment based model is trained on individual chromophores only, and thus
multi-chromophore molecules are out-of-distribution; b) the model may be failing to
learn contributions from the whole molecule (vide infra, Figure 3.8D); c) the model
fails at representing large molecules; d) it is known that certain functional groups
more readily optimize to triplets than others (e.g. aryl groups); thus, it may be that the
whole-molecule ALFAST model simply learns the identity of these groups more
readily than the fragment model. We leave further investigation of these possibilities
to future work.

To address the exciton localization problem while exploring the origin of
deviations between these models, we employed a series of new training strategies

that systematically consider the contributions of the fragments. We initially
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the metrics of the predictions of the ALFAST-DB test set.

investigated the simple strategy of dataset augmentation, where ALFAST-DB was

naively augmented using Fragments-DB (Figure 3.8B), keeping only the entry from the
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Fragments-DB when a molecule was present in both databases. When trained on the
combined training and validation sets of each database, a test-set MAE (evaluated
only on the test-set of ALFAST-DB) of 2.18 kcal/mol and an R? of 0.93 was obtained
(cross validation results and performance on the combined test-set are provided in
the Sl). When compared with the model trained on whole molecules from the ALFAST-
DB alone (MAE of 1.94, Figure 3.5aa), a slight decrease in performance is observed.
The resulting 11% degradation is attributable to the differing chemical spaces
represented by ALFAST-DB and Fragments-DB: the Fragments-DB is composed of
smaller constituent chemical species and thus presents a different input space
distribution than the ALFAST-DB. Nevertheless, this new model forms a more robust
baseline for performance comparison.

We next evaluated the incurred error when the adiabatic So-T1 gap of the
molecule is approximated as the adiabatic So-T+ gap of the main fragment. As such,
we developed a “core-fragment DB lookup scheme”, where we approximate the
value of the So-T; gap for the whole molecule to be same as the DFT-computed value
of the minimal size representation of the fragment where the excited triplet is
localized (Figure 3.8C), providing an estimate of the error only due to the
fragmentation approximation. Subsequently, the “core-fragment prediction
scheme” employs a similar methodology; however, a Fragment-DB-trained GNN
model is used for prediction instead of DFT (Figure 3.8D). Interestingly, for the GNN-
based approach, the ALFAST-DB test set MAE is reduced from 5.36 to 3.01 kcal/mol

by merely switching the target of the prediction from the whole molecule (Figure
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3.8A) to the main fragment of the molecule (Figure 3.8D). The MAE further decreases
to 2.30 kcal/mol when the DFT-calculated fragment adiabatic So,-T: gaps are used
(Figure 3.8C). This observation is suggestive that, to a first order approximation, the
calculation and prediction of just the fragment bearing the “correct” excitation can
provide a reasonably accurate prediction.

Upon further analysis of the outliers in these approaches, it is found that the
remaining part of the molecule can, in some instances, have a considerable effect. In
particular, it was found that most such outliers consist of fragments that were
originally part of ring systems, which is consistent with previous studies (for example,
a (2)-butene formed from the fragmentation of cyclopentene, for which errors can be
as high as 9 kcal/mol)’. While this observation suggests that the final predictions
could be improved by further refining the fragmentation scheme, an alternative and
more robust approach would be the development of a model architecture that can
learn the specific contributions of the neighboring environment not encapsulated by
the fragment itself.

In light of these results, we attempted to utilize a A-learning scheme to reduce
model error further. Here we keep the same core-fragment prediction scheme
detailed above but adapt the architecture and the model training (detailed in sections
S3.1.4 and S3.4 of Appendix B) to take as inputs both the molecule and the core and
outputtwo values: one associated to the adiabatic So-T1 gap for the provided core and
a second value to account for the contribution of the rest of the molecule. From the

SMILES or SMARTS of the core, a mask of the atoms and bonds in the provided core
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of the molecule is created and used to iteratively update two distinct global states,
one for the core (or main fragment) and another for the remaining atoms and bonds
of the molecule. From each of these we obtain a prediction for the core and a
correction, the addition of which leads to the final So-T1 prediction. Historically, A-
learning models have been used to learn error corrections, allowing low-level theory
quantum mechanical methods to be matched with results from more accurate
computational or experimental methodologies.*”® This methodology has proven
successful in predicting diverse chemical properties, such as solvated ground-state
redox potentials,® protein-ligand binding affinities,*' and dielectric constants.>? Here,
we treat our core-fragment prediction model as a “base prediction” and predict a
correction to it from the non-core atoms and bonds, thus considering atom
contributions from the non-fragment constituent atoms. This adapted model follows
a two-stage training process (fully detailed in Appendix B, Section S3), where the
Fragments-DB is used during the first training stage to train the core-fragment
prediction model weights. A second stage then follows, using the combined ALFAST
and Fragments-DB to fine-tune the final predictions.

Pleasingly, upon implementation and training of this A-learning approach, a
test set R> and MAE of 0.93 and 2.24 kcal/mol was obtained on the ALFAST-DB test
set (Figure 3.8E), without a significant degradation in performance over the simplistic
augmentation scheme (R?* = 0.93, MAE = 2.18 kcal/mol; Figure 3.8B). More
intriguingly, however, the results obtained for the last approach are comparable in

accuracy to the performance of the GNN trained on and applied to predict exclusively
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single-fragment molecules (Figure 3.5cc and Figure 3.7). To provide an additional
baseline for validation of the predictive power of our developed model, we fine-tuned
a large language model (LLM)-based predictor using a 102 million parameter
RoBERTa®3-style model trained on 480 million SMILES strings the ZINC database.** As
the LLM model is trained only to reconstruct SMILES strings, it is agnostic of
molecular topology and atom connectivities and thus incorporates no fragment
information directly. We find that the fine-tuned LLM model achieves an MAE of 6.17
kcal/mol, significantly worse than the task specialized A-learning approach,
highlighting the improvements in accuracy gained by incorporating fragment and
molecule graph information. Further details on LLM model training and evaluation
can be found in Appendix B, Section S7 LLM Model Comparison.

As such, we can conclude that this approach not only removes the excitation
localization problem but also can partially account for electronic effects
contributions of non-fragment constituent atoms. While further investigations are
needed to elucidate the precise quantitative role of the non-fragment constituents,
this approach leads to a significant improvement in performance compared to the
Ent-Decker and our original training approaches, providing a new baseline against
which future GNN architectures for predicting excited state properties should be
evaluated.

To demonstrate the applicability of the final A-learning approach, a test set of

six experimentally known molecules that undergo intramolecular [2+2] cyclization
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Figure 3.9: Model validation using a test set of six known molecules that can undergo [2+2] cycloaddition upon triplet
energy sensitization, together with a parity plot of A-learning perditions against DFT computed values. Input fragments
have been highlighted in green and blue for each molecule.

upon triplet energy sensitization was constructed (Figure 3.9).>>%° As these
transformations inherently require two separated t-systems, two distinct excitations
are anticipated, with spin densities localized on either one of the two fragments.
Consistent with our expectations, we were able to computationally locate the triplet
adiabatic structures for each chromophore at the M06-2X/def2-TZVP level of theory.
Using the A-learning approach with the highlighted fragments as inputs, individual
predictions can be provided for each chromophore. Comparison with the DFT-
computed results yielded an MAE of 2.09 kcal/mol, which is in good agreement with
the model accuracy of 2.24 kcal/mol reported for the external test set. Notably, only
one large outlier was observed for the isobutene fragment, resulting in an error of 8.55
kcal/mol.

3.4: Conclusions

In this work, a fundamental problem in the context of photoredox and energy
transfer catalysis is identified: the localization of the exciton. With this problem in

mind, we constructed accurate high-throughput computational databases for the
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development of machine learning models to predict the adiabatic So-T: energy gap
for small molecules. To do this, a chemically guided fragmentation algorithm was
developed to address database analysis and curation. Next, its application on
previously existing databases was showcased, highlighting the impact of exciton
delocalization on both previously developed and newly built databases. By
analyzing the impact of the fragmentation scheme on the EnT-DB, ALFAST-DB, and
Verde-DB datasets, as well as the subsequent changes in performance of GNN
models trained on these datasets, principles for designing and augmenting
fragment-based datasets targeting the adiabatic So-T1 gap were elucidated. To
improve database quality, the addition of diverse exciton localization moieties,
“main fragments”, is preferable to the addition of duplicated versions of the same
moieties, even when such moieties originate in diverse molecular species. Finally,
based on these results, a promising strategy for developing ML models to predict
the adiabatic So-T: gap was developed, where the prediction of the adiabatic So-T4
gap for the key chemical moiety of the target molecule is decoupled from the rest of
the molecule. For this strategy to be valid, the property of the molecule must be well
approximated by the property of the minimal motif/fragment. We demonstrate here
that such a model exhibits a similar error (MAE of 2.3 kcal/mol) to complex machine
learning models trained on significantly larger databases (in the range of 1.93-2.26
kcal/mol).

We believe that the present work marks a clear direction for the development

of newer fragment-based models and databases in the field, while also highlighting
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the importance of incorporating domain knowledge into the prediction pipeline and
data analysis. Although the final approach with a fragment-based A-learning model
shows good predictive accuracy, we believe further improvements may be made
through a better integration or design of the interaction between the core of the
molecule and its substituents or the use of even more novel architectures. Future
work may take advantage of newly developed GNN architectures that explicitly
model this dependence, which may also improve model interpretability by allowing
explicit fragment contributions to the adiabatic triplet energy to be directly
quantified. Further, by incorporating newly released datasets of molecular
properties and geometries spanning broad swathes of chemical space calculated
using electronic structure methods (such as the OMol25°' or AIMNet2% datasets),
the accuracy and generalizability of subsequent models may be greatly improved.
While dataset augmentation via application-specific quantum chemistry
calculations or the use of sophisticated training strategies such as knowledge
distillation may need to be employed, the potential for model improvementis
substantial.
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CHAPTER 4: Protein-Environment Interactions from Constituent Residues: Predicting
Protein Solubility

4.1: Chapter Overview

In this chapter, we explore how the interaction of proteins with their environments
arises as a function of their constituent amino acids. Proteins, large biomacromolecules,
are consist of a backbone made up of amino acid residues joined in a linear chain through
peptide bonds. Due to the dihedral degree of freedom in this peptide bond and the varied
chemical compositions of amino acid side chains, this linear polypeptide adopts a folded
conformation through both complex noncovalent (hydrogen bonding, pi-pi, cation-pi, anion-
pi, hydrophilic/hydrophobic interactions) and covalent interactions (disulfide bridges),
giving proteins complex, unique geometric folded structures that are deeply tied to both their
function and interaction behavior. In this work, we make use of this relationship, using

protein structure to directly inform model predictions of protein solubility.

Protein solubility is a somewhat nebulous concept; we utilize a binary definition here,
with respect to a host expression system. le., a protein is “soluble “if it may be isolated in a
folded state after expression in a given host organism; if expression fails, the protein is
“insoluble”. This definition stands in contrast to conventionally used metrics for small
molecule solubility, such as the octanol-water partition coefficient (LogP) or the free energy
change associated with solvation (As..G); this discrepancy is due in part to the difficulty of

measuring these traditional metrics for protein systems. The noncovalent interactions
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responsible for a folded protein structure are fragile, and are easily disrupted by changes in
solvent systems, making the measurement of logP infeasible, while the sensitivity of the
calorimetric measurements needed to measure AsG also make this measurement
infeasible at scale. Hence, we adopt the binary classification definition common in the

literature.

Using an amino acid sequence-based binary solubility dataset from the literature, we
construct a predicted structural dataset using the OpenFold protein structure prediction
dataset. In parallel, we obtain experimental protein structures from the RCSB Protein Data
Bank where available. We utilize a novel combined geometric-topological neural network
prediction scheme to reduce the impact of structure prediction errors arising from the
OpenFold prediction; a topological embedding network, TopoFormer, is trained using the
experimental crystal structures and subsequently used to generate topological embeddings
for the predicted protein structures. These embeddings are used in conjunction with protein
structures as inputs to a rotationally equivariant model, TopoFormer, based on the SE(3)
Transformer architecture. The TopoFormer model achieves state-of-the-art predictive
accuracies on held out test sets. We apply the trained model to analyze the solubility of
carbonic anhydrase mutants from the literature and show that predictions made by the

TopoFormer model align with the results of conventional molecular dynamics simulations.

This collaborative research has been submitted for publication, with lead
contributions from myself and additional contributions from Olivia Harman, Dr. Sumin Song,
and Dr. Robert S. Paton, and Dr. Seonah Kim. | developed and created the databases, neural

network architectures, performed model analysis, and wrote and edited the manuscript.
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4.2: Introduction

The use of recombinant proteins in various industrial applications has grown
rapidly in recent years, with strong newfound interest in using engineered proteins as
peptide therapeutics,’? enzyme catalysts,** and novel biomaterials.*® However, the
industrial-scale production and utilization of proteins has long been hampered by
poor protein solubility, defined here as the propensity of expressed proteins to form
a solution-phase equilibria. This property is frequently conflated with aggregation
propensity due to difficulties in experimentally characterizing protein-solvent
equilibrium states: experimental labels of protein insolubility capture both an
expressed protein’s inability to form a solution phase equilibrium, as well as its
tendency to form insoluble aggregates.” Such insoluble aggregates consist of
misfolded protein structures with amorphous secondary structure. These misfolded
structures often contain solvent-exposed hydrophobic regions, which contribute to
aggregation.®® This misfolding and loss of distinct structural identity, and thus
catalytic function, preclude the use of expressed insoluble proteins in downstream
applications. Itis therefore necessary to rely on large-scale experimental campaigns
to determine a protein's solubility, which wastes time, effort, and materials.

Hence, there is a need for accurate, explainable in silico models capable of
predicting protein solubility, rather than relying on tedious experimental solubility
determinations. Historically, in-silico methods were Llimited to long-timescale
molecular dynamics (MD) simulations that leverage enhanced sampling methods.’

The recent development of machine learning (ML) techniques for predicting
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molecular properties offers an attractive means to address this need for
experimentation. However, many such models are data-hungry, requiring tens of
thousands of initial training data points to generate reliable predictions;''® thus,
careful dataset generation and curation become crucial to ensuring model
generalizability and accuracy.'*'® While it is possible to use datasets of
computationally predicted properties for model training,’®'”:'8 the results of in-silico
property prediction calculations are subject to uncertainty, leading to compounded
errors when used to train predictive models. Thus, experimentally measured
properties have remained the gold standard as they mitigate the impacts of
computational errors on model performance.

Due to these considerations, prior development of protein solubility datasets
and prediction models has been limited, and few public datasets of protein solubility
exist. One class of such datasets and models is oriented towards predicting solubility
changes resulting from mutations in protein sequences. The Camsol,’ OptSolMut,?°
PonSol,?"** and A3D?*® datasets, consisting of 56, 137, 433, and 129 datapoints,
respectively, aim to quantify the positive and negative effects of mutations on protein
solubility. An effort to compile such datasets, SoluProtMutDB, provides a convenient,
curated central resource for dataset access and cross comparison?*.

On the other hand, datasets and models focusing on binary solubility
predictions have also been developed. Due to the experimental difficulties in
quantifying protein solubility, binary prediction datasets tend to be larger than those

with continuous solubility labels. The PROSO Il model employs a logistic function
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trained on a binary-labelled dataset of over 82,000 protein sequences from various
source organisms, achieving an accuracy of 64%.?° Subsequent efforts using this
dataset led to the development of the PaRSnIP?®* and DeepSol?’ models, which
achieved accuracies of 74% and 77%, respectively. On the other hand, the eSOL
dataset contains 3,173 binary solubility labels and corresponding sequences from
expression experiments in E. coli, the most commonly used industrial protein
expression system.?® The ProteinSo?° and SOLar®*® models were trained on the eSOL
dataset (with the SOLart model also predicting solubilities in S. cerevisiae as a
separate class of prediction targets), achieving 82% and 66% accuracy, respectively.
However, to use protein structural information as model inputs, reference
experimental structures must be obtained from the PDB or predicted using empirical
codes. The PDBSOL 3'binary solubility dataset consists of 64,598 protein structures,
including a mix of expression experiments in E. coli and S. cerevisiae, and structural
predictions from the ESMFold 2model for each protein. The ProtSolM multimodal
modelwas then trained on both raw experimental protein structures and handcrafted
features, achieving a predictive accuracy of 79% on the held-out test set.

With the widespread adoption of accurate, easy-to-run protein structure
prediction models such as ESMFold®? and Alphafold2,3* predicted protein structures
are readily available;*® thus, accurate protein solubility models capable of using
predicted structures as inputs must be developed. In contrast to the previously
described works, only the SolART®*® and GATSol*®* models are designed to use

predicted protein structures as inputs for binary protein solubility prediction tasks.
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The SolART model shows a decrease in performance when evaluated against
predicted structure inputs (66% to 51%). The GATSol model, on the other hand, uses
precomputed distance maps derived from Alphafold-generated structures and node
embeddings from large language models, achieving 79% accuracy. The
DeepMutSoli’model uses similar inputs (Alphafold-generated distance maps and
protein sequence textual embeddings generated by a convolutional neural network)
to predict solubility changes from amino acid point mutations, achieving a model
accuracy of 65.4%. However, one major challenge in developing such models stems
from the reliability of predicted protein structures. When used as model inputs, these
poorly predicted regions introduce input noise in the form of geometric variability,
reducing the accuracy of downstream model predictions. This geometric variability is
due to inherent disorder in the protein structure or poor performance of the structure
prediction model; it is often impossible to determine the source of this variability
without a corresponding experimental crystal structure to compare with. Two recent
advances in ML and computer science show promise in mitigating this problem: a)
equivariant neural networks (ENNs) and b) topological data analysis. ENNs are a
class of geometry-based neural networks (NNs) capable of maintaining the rotational
equivariance of input geometric data throughout the NN’s mathematical operations.
This allows for raw coordinate data to be used as inputs to the NN model.® It has been
shown that these NNs are more data efficient than their invariant counterparts,3°4°
and achieve state-of-the-art predictive accuracies even when the prediction targets

are rotationally invariant scalar quantities, such as molecular energies.*"*? The use of
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ENN models thus enables the use of comparatively small training datasets while
generating accurate predictions of scalar molecular properties.

However, using an ENN model architecture alone does not address the
uncertainty associated with predicted protein structures, as geometric uncertainty
from low-confidence structural predictions will be present in coordinate inputs to an
equivariant model. Recent advances in topological data analysis provide a solution
by utilizing global shape information to make inferences. Topological barcodes are a
means of representing geometric data, such as a point cloud, to capture general
structural properties across multiple dimensions and scales;*® they have been used
to describe physical phenomena as diverse as pore sizes in zeolites,* neuron maps
in the brain,* and the flocking behavior of migratory birds.*® The ability of these
mathematical structures to capture key insights into the inherent structure of data
has made them particularly useful for analyzing the impacts of shape on tasks such
as NN information flow* and object segmentation.®* Among the many
implementations of such topological barcodes, the RipsNet NN architecture predicts
the topological barcode from a given input geometry, improving the robustness of
barcodes to input noise while maintaining an efficient computational cost.*® This
resistance to input perturbation allows topological barcodes to remain static for
conformational variability in the 3D structure of a given protein; the topological
barcode for regions of the protein with robust secondary structure remains invariant

to structural change.
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Figure 4.1: Overall scheme of the TopoFormer architecture and training procedure. a) Two newly developed 3D structural
databases, 3DProtSolDB and 3DProtSolDB-Expt. The 3DProtSolDB comprises OpenfFold-predicted structures for
14,175 protein sequences from the SoluProt protein solubility database. A sequence search of the RCSB PDB for
sequences in 3DProtSolDB yielded 8,021 experimental structures, which were collected to form 3DProtSolDB-Expt. b)
Protein solubility prediction scheme via the TopoCoder and TopoFormer models. 3D Coordinates from 3DProtSolDB-
Expt were used to train a topological embedding model, TopoCoder. The trained TopoCoder model is used to generate
embeddings for structures in the 3DProtSolDB dataset. The 3D structures and predicted embeddings for structures in
the 3DProtSolDB are then used as inputs to an equivariant graph transformer architecture, TopoFormer.

These approaches motivated us to develop an accurate solubility prediction
tool for protein systems using geometric and topological input data. We present a
novel ML model to predict protein solubility from predicted 3D protein structures,
using a topological barcode descriptor to address the inherent variability of these
structures. Using 3D-predicted protein structures as model inputs introduces
potential variability in their geometry. Thus, predicted topological representations of
protein input structures are used as additional input embeddings to augment the
geometric representations computed by an equivariant transformer model. In this
work, 3D structural databases of predicted and experimental crystal structures,
3DProtSolDB and 3DProtSolDB-Expt, were created from amino sequences in the
SoluProt binary solubility database (Figure 4.1a).°° Then, an embedding model to
generate topological barcodes for protein structures, which we term “TopoCoder”,

was trained on experimental crystal structures from the 3DProtSolDB-Expt database
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and used to generate predicted topological barcode embeddings for structures from
the 3DProtSolDB dataset (Figure 4.1b). We show that the resultant barcode
embeddings are more robust than those generated using traditional computational
topology algorithms. A novel equivariant transformer architecture for proteins, which
we term “TopoFormer”, is then trained on 3D structures from the 3DProtSolDB
dataset, and its state-of-the-art predictive accuracy is demonstrated on a held-out
test set. The TopoFormer architecture uses a cross-attention mechanism to
integrate topological barcode embeddings and geometric structure representations;
the trained model learns which regions of the protein structure are most relevant to
solubility prediction. Model predictions are evaluated using MD simulations,
demonstrating that the trained TopoFormer model reproduces chemical insights
regarding the impact of residue hydrophilicity and flexibility on overall protein
solubility.

4.3: Results and Discussion

4.3.1: Generation and Validation of Protein Structural Databases

We used OpenFold®' to generate 3D structures for amino acid sequences in
the full SoluProt dataset, which covers 11,436 training and 3,100 test proteins. The
resulting 3DProtSolDB contains 14,175 predicted 3D structures, labeled as soluble
(7,099) and insoluble (7,076) (Figure 4.2a) after dropping 361 unreliable 3D
structures (details in Methods, Protein Structural Database Generation). The

OpenFold software package is a one-to-one, open-source reproduction of
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Figure 4.2: a) Generation of 3DProtSolDB and 3DProtSolDB-Expt structural databases from sequence information using
OpenFold inference and RCSB PDB sequence similarity search, respectively. b) Distribution of OpenfFold average
prediction pLDDTs (predicted local distance difference test) for sequences labelled soluble and insoluble in
3DProtSolDB. The interquartile ranges and mean (labelled bars) of average prediction pLDDTs are nearly identical for both
soluble and insoluble predicted structures. c) Distribution of per-sequence average RMSD between predicted structures
in the 3DProtSolDB and corresponding experimental structures in the 3DProtSolDB-Expt. RMSDs were calculated using
the structure-based CEalign (Combinatorial Extension) algorithm.

AlphaFold2, offering increased accessibility and efficiency; workflows are provided
to reproduce the predictive behavior of the original AlphaFold2 model. Since
OpenFold is trained on experimental structures from the RCSB PDB,%? it is necessary
to investigate whether OpenFold can generate reliable structural predictions for
amino acid sequences labeled “insoluble” in the SoluProt dataset. Proteins that
remain insoluble, uncrystallizable, and unsuitable for NMR cannot be reliably
characterized experimentally. Thus, predicting their 3D structures is an “out-of-
distribution” task for OpenFold. Since the OpenFold modelis trained on experimental

structures from the RCSB PDB, any uncharacterized insoluble structures would be
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omitted from the OpenFold training set. Since these omitted structures may differ
from those in the training set in sequence identity or structural motifs (as in de novo-
designed proteins), structural predictions of these sequences are expected to
contain regions with poorly predicted secondary structure, which often manifest as
disordered regions.>* Thus, we must first determine whether the amino acid motifs of
“insoluble” labelled sequences are adequately represented in the OpenFold training
set.

To do so, in parallel to the creation of the predicted 3DProtSolDB, an
experimental structural dataset, 3DProtSolDB-Expt, was also constructed. By
utilizing a BLAST sequence similarity search® of experimentally characterized protein
structures deposited in the RCSB PDB, it is found that 8,021 of the 11,436 SoluProt
training set sequences (71%) have experimental crystal structures deposited in the
RCSB PDB, of which 4,147 are labeled soluble, while 3,874 are labeled insoluble
(Figure 4.2a, details in Methods, Protein Structural Database Generation).
Experimental structures for “insoluble” labelled proteins were found to be obtained
from expression experiments in systems other than E. coli. Thus, ground-truth
experimental crystal structures for “insoluble” labelled proteins were used during

({3

OpenFold training, and predicting structures for “insoluble” proteins is an “in-
distribution” task (i.e., a task for which the trained ML model generates reliable

predictions). The structures obtained via BLAST search were collected to form the

3DProtSolDB-Expt database.
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To further analyze the quality of the predicted structures in 3DProtSolDB and
3DProtSolDB-Expt, we first examine overall database statistics and then focus on
specific example predictions. The OpenFold-reported pLDDT (predicted local
distance difference test) is used as a metric of prediction confidence to identify
disparities between soluble and insoluble training set sequences.®® The average
pLDDTs of the OpenFold predictions in 3DProtSolDB were analyzed by binning
predictions based on the interquartile range. It was found that their interquartile
ranges span a narrow range of pLDDT values, with 75% interquartile, mean, and 25%
interquartile of 97.1, 87.6, 78.2 units and 96.5, 87.9, and 78.3 units for soluble and
insoluble proteins, respectively (Figure 4.2b). The 75% interquartile, mean, and 25%
interquartile are thus nearly identical for both soluble and insoluble sequences. A
Cohen’s d test was then used to quantify differences between the average pLDDT for
soluble and insoluble sequences: a value of 0.00 indicates identical distributions,
values from 0.0 — 0.2 indicate small dissimilarity, values from 0.2 - 0.8 indicate
medium to large dissimilarity, and values above 0.8 indicate high dissimilarity.>® The
Cohen’s d test value between the average pLDDTs of the soluble and insoluble was
found to be 0.04, indicating that the average per-sequence prediction confidence
does not significantly differ between soluble and insoluble labelled sequences.

The RMSD between predicted and experimental protein structures is also
compared for structures with corresponding entries in 3DProtSolDB-Expt to
evaluate the accuracy of the predicted structures. Corresponding structures were

aligned using the CEAlign algorithm as implemented in BioPython with default
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parameters (window size of 8, maximum gap size of 30).%” The average per-structure
RMSD between predicted and experimental structures was 2.78 A, with a standard
deviation of 1.47 A, indicating good overall agreement (Figure 4.2c).

To further investigate any possible correlation between prediction confidence
(pLDDT score) and geometric deviation between predicted and experimental
structures (RMSD), we utilize quartile splits based on the average pLDDT value of
3DProtSolDB predictions, as established above. 92% of 3DProtSolDB structures are
predicted with high overall confidence (above 80% pLDDT, which can be defined as
“high confidence”), indicating that most of the 3DProtSolDB secondary structures
are reliable.®® To further characterize the relationship between RMSD and pLDDT, an
example structure from 3DProtSolDB with a corresponding sequence match in
3DProtSolDB-Expt was randomly selected from each split, and the per-residue
RMSD was calculated between the two structures. When this per-residue RMSD is
plotted against the per-residue pLDDT of the 3DProtSolDB structure (Appendix C,
Figure S1), the per-residue RMSD is lowest when the pLDDT is high, indicating a
correlation between OpenFold prediction confidence and accurate structural
prediction. Thus, protein structures with high overall pLDDT more closely resemble
experimentally obtained counterparts.

4.3.2 Generation of Topological Barcode Embeddings (TopoCoder)

The relationship between prediction confidence (pLDDT) and the geometric
deviation between predicted and experimental structures (RMSD) is further

highlighted in structural superpositions of predicted structures for a single protein
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(Figure 4.3a, left). Three different structural predictions with different starting seeds
were obtained for a sequence chosen from the bottom (i.e., lowest confidence, 25%)
average pLDDT quartile bin to obtain a representative sequence with low average
prediction confidence. Within the structural prediction, two regions of high prediction
confidence are observed (residues 1-401 and 461-527), separated by a region of low
confidence (residues 402—-460 in the grey block in Figure 4.3a). The high confidence
(high pLDDT) sequence regions correspond to the regions of the predicted structure
with well-defined secondary structure, while the low confidence regions lack well-
defined structure (Figure 4.3a, right). Both high confidence regions show good
structural alignment between the three predicted structures in isolation: residues
1-401, where all three structures are well superimposed in the initial generated
structure show an average RMSD of 0.62 A (Table 4.1); residues 461-527, where the
three secondary structures are well superimposed when rotated in isolation (inset,
Figure 5a), show an average RMSD of 0.24 A. However, the presence of the low
confidence region (residues 402—-460) significantly degrades the overall alignment.
No alignment between the three predicted structures is observed in the low-

confidence region; however, adding this region increases the average RMSD across

the whole protein to 22.6 A (Table 4.1).

Residue Number Structure 1-2 RMSD (A) Structure 1-3 RMSD (A) Average RMSD (A)
0-401 | 0.74 \ 0.49 \ 0.62
402-460 \ No alignment found
461-527 \ 0.26 \ 0.22 \ 0.24
0-527 \ 19.14 \ 26.22 \ 22.68

Table 4.1: Per-residue structural alignments for per-residue structural alignments for structural predictions of sample
protein 100048.
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Itis not possible to determine whether such low-confidence regions are due to
inherent disorder in the protein structure or to OpenFold's prediction error in an
automated, high-throughput workflow. Even if manual comparison were used to
analyze regions of disorder, not all structures in 3DProtSolDB have corresponding
experimental structures, making direct validation of each predicted structure
impossible. On the other hand, due to the limited data available for model training,
discarding structures is undesirable. Therefore, we introduce an alternative to raw
geometric coordinates as additional model inputs: the topological barcode. To
mitigate the impact of inaccurate geometry predictions in the 3DProtSolDB, we
employ tools from computational topology to characterize the overall shape (rather
than the exact geometry) of protein structures. We use topological persistence
barcodes to describe the overall structure of proteins and to complement the raw
coordinates used as inputs to our equivariant predictive model. To associate the
topology of experimental crystal structures with that of predicted protein structures,
we develop a new topological embedding model, TopoCoder, to generate topological
barcode embeddings for structures in the 3DProtSolDB-Expt. The trained TopoCoder
model is then used to generate embeddings for structures in the 3DProtSolDB, which
can serve as inputs to downstream models. Details of the TopoCoder architecture
and model training can be found in the Materials and Methods, Topological
Embedding Generation, and TopoCoder Model Development sections.

The neural network architecture of the TopoCoder model learns shape

information from protein secondary structure and prevents perturbations in input
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coordinates from affecting the predicted embedding vectors. A 3D protein structure
is converted into a point cloud of alpha-carbon coordinates. This whole-protein point
cloud serves as the model input; the TopoCoder model then predicts the topological
barcode, which serves as an embedding vector. It is observed that even when a
predicted whole protein structure with regions of indeterminate secondary structure
is used as a model input, the output embeddings are similar to those generated for
an experimental structure with well-defined secondary structure. The TopoCoder
model thus learns to represent the regions of well-defined secondary structure while
removing the influence of regions with poor secondary structure.

This “denoising” capability is illustrated by analyzing the differences in
generated embeddings for different conformational coordinates of a single example
system. A structure from the lowest prediction confidence quartile bin (using the split
strategy employed in Results and Discussion, Generation and Validation of Protein
Structural Databases) of the 3DProtSolDB with a corresponding experimental
structure in the 3DProtSolDB-Expt was randomly chosen (Figure 4.3b). A structural
alignment using the Matchmaker algorithm implemented in ChimeraX®® finds 53
alignment pairs with the default settings, with a per-aligned-residue RMSD of 0.75 A
(Figure 4.3b). The average pLDDT of the predicted structure in 3DProtSolDB is 57.38,
indicating low confidence in the prediction. Topological barcode embeddings were
generated for each structure using the computed barcode vectors embedding and

the trained TopoCoder model. For ease of comparison, we report deviations between
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Figure 4.3: a) Superposition of 3 predicted structures for sample protein (ID: 100048) from 3DProtSolDB. Per-residue
pLDDT scores are plotted for 3 example predictions. b) Comparison of calculated topological barcodes vs. embeddings
predicted by the trained TopoCoder model, for experimental and OpenfFold predicted protein structures (i.e., structures
from 3DProtSolDB and 3DProtSolDB-Expt, respectively, corresponding to the same amino acid sequence).

barcodes normalized to the maximum numerical value present in each barcode
(Figure 4.3b heat map).

Comparing the calculated barcode vector embedding with TopoCoder
generated embeddings for the experimental structure from 3DProtSolDB-Expt
reveals that the TopoCoder generated embeddings mirror prominent features of the
barcode vector embedding. When subtracting the calculated barcode vector

embedding from the TopoCoder generated embeddings for the experimental
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structure, a normalized, summed mean absolute error of 1.7% is obtained. In
contrast, when the calculated barcode vector method is used to generate
embeddings for the predicted structure, several prominent features of the barcode
are lost, as shown in Figure 5b. Yet, when the embeddings for the predicted structure
are generated using the trained TopoCoder model, we observe that the overall
pattern in the heat map is preserved. When compared individually to the calculated
barcode vector embedding for the experimental structure, the normalized summed
mean absolute error for the TopoCoder generated embeddings is 5.1%,
approximately half that of the calculated barcode vector embedding, 10.3%. Thus,
the TopoCoder embeddings are more robust to structural distortions in the poor-

quality OpenFold predicted structure.

4.3.3 Equivariant Protein Solubility Prediction Model (TopoFormer) Training and Evaluation

Both the topological barcode embeddings generated by the TopoCoder model
and the 3D structures in the 3DProtSolDB dataset were used as inputs to develop the
equivariant protein solubility prediction model (TopoFormer, shown in Figure 3). Each
protein structure was used to generate a graph representation in which individual
amino acids are nodes. Features for each node were generated by concatenating
relative solvent accessibility (RSA) computed by the DSSP software package®®®° using
the accessible surface area values tabulated by Rost and Sander,®’ , a one-hot
encoding of the amino acid representing side chain identity, and a per-residue
embedding generated using the pretrained ESM2 650M model * to capture biological

evolutionary context. Edges representing interactions between proximal amino acids
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were then constructed by us using a 5 A distance cutoff, as recommended in the
literature,®?® and implemented in the graphein software package.®® In total, edges
based on peptide bonds, hydrophobic interactions, hydrogen bond interactions,
disulfide bonds, ionic interactions, aromatic interactions, and cation-pi interactions
were constructed, and their types were one-hot encoded as bond features. The
resultant featurized protein structure graph and global 3D topological barcode
embeddings constitute the model inputs for each structure in the 3DProtSolDB.

We use two independent data splits to assess model performance: a random
splitand the original train-test split used in the SoluProt dataset. For the random split,
the 3DProtSolDB was randomly partitioned into training, validation, and test sets at
80:10:10, yielding 11,340, 1,417, and 1,418 structures, respectively. In contrast, the
train-test split from the SoluProt dataset is length balanced to reduce any correlation
between amino acid sequence length and solubility. In addition, no train-test set pair
has a global sequence identity above 25%, ensuring no data leakage is present during
training. After removing failed structural predictions, 11,343 and 2,834 structures
from the 3DProtSolDB correspond to sequences in the SoluProt training and test set,
respectively. Initial model training and hyperparameter tuning were performed using
only the random training and validation splits. After hyperparameter tuning, the
training and validation splits were combined to train the final model architecture. The
performance of the trained TopoFormer model was then evaluated on the held-out
test set, which contains 726 insoluble and 692 soluble-labelled protein structures.

The obtained hyperparameters were used to separately train the Topoformer model
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onthe 11,343 3DProtSolDB structures corresponding to the SoluProt training set; the
model's performance was then assessed against a test set of 2834 structures from
3DProtSolDB corresponding to the SoluProt test set. The final model architecture
consists of 5 TopoFormer layers (Appendix C, Section S1, Development of an
Equivariant Protein Solubility Prediction Model), each with equivariant attention
operations and one invariant cross-attention block. Equivariant layers use a
maximum degree of 2, with 32 channels per degree, and 2 heads per attention layer.
A layer norm was used after each TopoFormer layer. The AdamW optimizer with a
learning rate of 0.0001 and weight decay of 0.01 using a mean absolute error (MAE)
loss function was used for model training. The maximum training epochs were set to
130; early stopping was performed after 32 epochs based on validation set accuracy.
Further training details can be found in Appendix C, Section S3 TopoFormer Network
Details.

Confusion matrices of results of predictions on the test set structures for both
splits are shown in Figure 4.4 (left) using a classifier decision threshold of 0.5; the
final model achieves a predictive accuracy of 81.4% (number of true positive
predictions + number of true negative predictions/test set size) on the random split
test set and 84.1% on the SoluProt test set. The trained TopoFormer model also
achieves an F1 score (calculated as 2x (true positive predictions)/(2x(true positive +
false positive + false negative)) of 81.5 and 86.2 on the random split and SoluProt split
test sets, respectively. The F1 score is the harmonic mean of precision and recall,

where precisionis the number of true positive predictions divided by the total number
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Figure 4.4: Confusion matrix (left), receiver operating characteristic curve (middle), and precision-recall curve (right) for
Topoformer models trained using a (a) random split of the 3DProtSolDB and (b) original train-test splits from the SoluProt
dataset. The random split partitions the 3DProtSolDB in an 80:10:10 ratio, resulting in split sizes of 11,340, 1,417, and
1,418 structures. The Topoformer model was initially trained and hyperparameter tuning performed using the train and
validation sets from the random split; these splits were subsequently combined and used to train the final model with
optimized hyperparameters. The same hyperparameters were then used to train an independent model on the original
SoluProt training set; the performance of this model was evaluated against the SoluProt test set.

of positive predictions (including those not identified correctly), and recall is the
number of true positive predictions divided by the total number of predictions
labelled positive. The Matthews correlation coefficient (ie, Pearson correlation
between two binary variables) was also calculated to be 0.63 and 0.71 for the trained
TopoFormer model on the random split and the SoluProt split held-out test sets,
respectively. Receiver operating characteristic (ROC) curves and precision-recall
curves are shown in Figure 4.4 (middle, right). The area under the ROC curves (AUC)
is 0.88 and 0.91 for the random split and the SoluProt split held-out test sets,
respectively, and the AUC for the PR curves is 0.86 and 0.85, respectively. These
results show that the trained TopoFormer model accurately classifies soluble and

insoluble proteins. It is also noted that for both splits, the number of true positive
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labels is almost identical to the number of true negatives. However, the model
predicts false positives and false negatives at approximately a 3:2 ratio in the random
split, while overpredicting positive labels by almost 150:1 on the SoluProt test set,
indicating a bias towards positive labels despite the balanced nature of the solubility
class labels in the training data. Thus, the model overpredicts positive solubility,
which is advantageous for its use as a predictive high-throughput screen preceding
experimental verification: the overprediction ensures that potentially soluble
proteins are not misclassified and removed from experimental screening. By tuning
the classifier decision threshold, this bias toward positive predictions may be
adjusted depending on user preference.

To determine the influence of each input component on TopoFormer
performance, an ablation study was conducted. An alternative invariant model
architecture was used to study the impact of the invariant components of the
TopoFormer node inputs (topological barcode embeddings and ESM2 650M
embeddings), and the equivariant architecture was benchmarked by removing these
invariant inputs. The same train/test split as that used to train the final TopoFormer
model was used for all ablation studies, and an invariant graph attention (GAT)
network architecture was adopted as the surrogate model. The surrogate GAT model
consists of 5 Graph Attention Network blocks with a 0.1 dropout rate and 4 attention
heads each, as implemented in the DGL library, followed by a softmax output layer.
RelLU activation functions were used in each layer, and the model was trained with

the Adam optimizer at a learning rate of 0.0005 for 200 epochs, with a batch size of

112



32. The surrogate GAT model was first trained solely on topological embedding
inputs. The trained model shows poor classifier performance, achieving an accuracy
of only 57.7% on the held-out test set. To evaluate the importance of the ESM
embeddings, we repeat this training procedure using only the ESM node embeddings
as inputs. The trained model also performs similarly poorly, achieving an accuracy of
52.6%. We conclude that neither ESM embeddings nor topological barcodes alone
are sufficient to adequately describe protein solubility; geometric inputs are also
necessary to achieve good model accuracy. The equivariant SE(3) Transformer
trained without barcode information achieves 58.2% accuracy; with barcode
information, the accuracy increases to 74.3%. Using ESM-2 embeddings without
barcode embeddings in the equivariant architecture results in a prediction accuracy
of 69.5%, indicating that equivariant inputs, barcode embeddings, and ESM-2
embeddings are necessary to achieve the final predictive accuracy. The impact of
using TopoCoder-predicted embeddings was also assessed; embeddings
calculated from the data yield a model accuracy of 76.1%, demonstrating that
predicted embeddings are necessary to maximize predictive accuracy. Lastly, model
results were compared with random forest baseline models to validate the use of a
deep learning architecture. Independent random forest models were trained using
only ESM features, only non-ESM node features, and the full set of node features used
in the Topoformer model. The model depth and number of leaves hyperparameters
were optimized independently for each model using a grid search. We find that the

full-node features random forest model performs best, achieving an accuracy of
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55.4% on the SoluProt test set, indicating that a deep neural network architecture is
necessary for predictive performance. Further details on random forest model
benchmarking are provided in Appendix C, Section S3, Topoformer Network Details.

The results of model training were further analyzed by studying the solvent
exposure of polar and nonpolar residues for correctly and incorrectly predicted test
set samples. Numerous studies have shown that protein aggregation behavior in
solution is correlated with interactions between solvent-exposed hydrophobic
regions in protein structures.?*® Thus, we analyze the combined fraction of solvent-
exposed polar amino acids and buried non-polar amino acids as a proxy for this
aggregation behavior. The computed RSAs for each residue in each test set structure
are tabulated; a residue is considered solvent exposed if its RSA is above 0.20.° The
percentage of combined solvent-exposed polar and buried non-polar amino acids is
computed for both soluble and insoluble-labelled proteins from the test set. We refer
to this metric as relative exposed hydrophilicity (REH). The correctly predicted
soluble and insoluble proteins show an REH of 34.4 £ 5.7 and 31.3 £ 4.5, respectively,
while the incorrectly predicted soluble and insoluble proteins show an REH of 32.5 +
3.7 and 32.7 = 4.3 (Appendix C, Figure S3). The difference between these
distributions was quantified using a Cohen’s d test. It is found that, for correct
predictions, the Cohen’s d test value for soluble and insoluble proteins is 0.59,
indicating a medium-to-large, significant difference in REHs.*®* The correctly
predicted soluble structures thus have a greater number of solvent-exposed polar

amino acids and buried non-polar amino acids, as shown by the larger mean REH
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value (34.4vs. 31.3). Performing a similar analysis yields Cohen’s d values of 0.30 and
0.34 for comparisons between the correctly and incorrectly predicted proteins for
both soluble and insoluble class labels, respectively, indicating a smaller but still
significant difference. Since only the RSA for each residue is provided as a model
input, the model lacks a priori knowledge of residue hydrophobicity/hydrophilicity,
which is necessary for including residues when calculating the REH score, since only
exposed hydrophilic and buried hydrophobic residues are included. Thus, we infer
that this information is learned during model training, indicating that the model has

captured this physical insight.

4.3.4 Structural Mapping of Solubility in Carbonic Anhydrase Mutants

The trained TopoFormer model was used to study the solubility of carbonic
anhydrase mutants. Carbonic anhydrases are a class of enzymes that reversibly
catalyze the hydration of carbon dioxide to a bicarbonate ion and a proton; as such,
these enzymes have attracted recent attention for use in carbon sequestration and
carbon dioxide upcycling.®®® Recent work has focused on improving the industrial
utility of carbonic anhydrase enzymes by selecting mutants tolerant of harsh catalytic
conditions from the literature. However, candidate sequences with promising
robustness must then be evaluated for high solubility to find industrially viable
enzyme catalysts that can be produced at scale. This was performed through a top-
down in silico screening strategy, where the Protein-Sol*® and SOLpro’® sequence-
based solubility prediction models were used in tandem to make a priori solubility

predictions for identified candidates. Candidates with high predicted solubilities
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from both models are then selected for in vitro protein expression studies. Due to the
predictive uncertainty of existing in silico methods (58% for Protein-Sol and 74% for
SOLpro), two separate models must be employed to achieve high confidence during
the initial screening step. Additionally, since neither model reports per-residue
importance, information from the solubility predictions cannot be used in
subsequent enzyme design steps, necessitating costly trial-and-error to optimize
solubility during downstream expression.

In contrast to this methodology, we utilize our trained TopoFormer model to
enable a bottom-up design strategy using a single predictive model for solubility
prediction and the identification of target amino acid residues for subsequent
mutation. Due to the attention mechanism in the TopoFormer model, we can identify
amino acid residues that it considers most important for solubility prediction. We
perform model inference and downstream analysis for two example carbonic
anhydrase variants: CA1-TaCA (Themovibrio ammonificans CA), experimentally
found to be insoluble; and CA7-PabCA (Pyrococcus abyssi CA), experimentally found
to be soluble. His-tags used for affinity chromatography were removed from the
protein sequences, and OpenFold was used to generate predicted structures. The
trained TopoCoder models were then used to generate 1D, 2D, and 3D topological
embeddings for both predicted structures. Per-residue embeddings were
simultaneously generated using the pre-trained ESM2 650M model.

We find that the TopoFormer model accurately predicts both CA1-TaCA and

CA7-PabCA as soluble and insoluble, respectively. Attention weights were extracted
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Figure 4.5: a) TopoFormer attention weights, b) MD water survival probability map for CA1-TaCA, and c) MD Normalized
water survival probability per residue of CA1-TaCA.

from the penultimate cross-attention module in the TopoFormer architecture; the
OpenFold predicted structure of CA1-TaCA, colored by TopoFormer attention
weights, is shown in Figure 4.5a.

Simultaneously, MD simulations were performed to calculate the water
survival probabilities of CA1-TaCA (experimentally insoluble in E. coli). Results are
shown projected onthe CA1-TaCA predicted structure in Figure 4.5a to compare with
the solubility attention weights from TopoFormer; numerical results are shown in
Figure 4.5¢c. When we compare the water survival probabilities with the OpenFold
predicted structure of CA1-TaCA, we find they correlate well with the attention
weights of the trained TopoFormer model. Figure 4.5a shows a clear qualitative
relationship between the water survival probability and the TopoFormer attention
weights (Figure 4.5b). While a linear fit of water survival probability and the extracted
attention weights displays an R? of 0.15, we find that a random forest surrogate model
with 10 trees, as implemented in scikit-learn,”” achieves an R? of 0.76 (further details
in Appendix C, Section S6, Carbonic Anhydrase Prediction Results), indicating the

presence of a correlation between TopoFormer attention weights and the water
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survival probability. The high R’ value suggests that the TopoFormer model
accurately captures the physical interactions between water molecules and the
protein target, despite having no prior information about the interactions.

Model predictions can thus be used to guide inverse design for downstream
protein design by analyzing model attention weights alongside water-survival
probabilities from MD studies. The attention weights indicate the patches most used
by the model to predict solubility — thus, mutation and design efforts can target
patches with high attention weights to most directly influence solubility. However, an
integrated MD-attention weight analysis may provide the most comprehensive
strategy for design efforts: by focusing on amino acid patches with high attention
weights but low water survival probability times, specific protein regions may be
prioritized for mutation campaigns. These amino acid patches indicate regions of the
protein that the model predicts as key to protein solubility. It is believed that targeted
mutations at these sites may allow large scale, precise tuning of protein solubility
behavior. For example, the mutation of a hydrophilic glutamic acid residue to a
hydrophobic valine in hemoglobin creates a hydrophobic patch, leading to protein
aggregation and manifesting as sickle cell anemia.”? We hypothesize that such sites
with outsize impacts on protein solubility may be identified by model attention
weights, while being overlooked in traditional hydrophobicity patch analysis. Further
rigorous analysis of this relationship is necessary, and exploration of its potential use

in downstream predictive models will be conducted in future studies.
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4.4: Conclusions

In this work, we present TopoFormer, a unified geometric-topological
equivariant neural network model for predicting protein solubilities from OpenFold-
predicted protein structures. The 3DProtSolDB dataset, comprising 14,175 OpenFold
predictions and experimentally derived solubility labels, was compiled using amino
acid sequences from the SoluProt dataset. In parallel, the 3DProtSolDB-Expt
dataset was compiled through an amino acid sequence similarity search of the RCSB
PDB, using the same sequences as those used to create 3DProtSolDB. A topological
embedding model, TopoCoder, was trained on 3DProtSolDB-Expt to generate
predicted embeddings for structures in the 3DProtSolDB. The generated
embeddings capture secondary-structure shape information for protein sequences,
even in regions of predicted disordered or low-confidence structure.

The predicted embeddings are used as inputs to the TopoFormer model, along
with structural information. The TopoFormer model uses topological embeddings to
perform cross-attention over geometric representations, achieving state-of-the-art
predictive accuracy of 81.4% on a random split and 84.1% on the redundancy
reduced SoluProt test split.. Upon analyzing model predictions using solvent
accessibility scores, itis found that the model accurately identifies regions of protein
structures that exhibit both positive and negative solvent interactions, highlighting
the TopoFormer model's ability to learn protein-solvent interaction behavior. Finally,

we validate the TopoFormer model by analyzing the solubility of carbonic anhydrase
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mutants from the literature. Not only does the TopoFormer model accurately predict
the solubility of the mutants, but an analysis of its attention weights also reveals that
they are correlated with water survival probabilities from conventional MD
simulations.

In summary, our results demonstrate the accuracy and interpretability of a
novel TopoFormer model for predicting protein solubility using predicted OpenFold
protein structures as modelinputs. The trained TopoFormer and TopoCoder models
are available at the following GitHub repository for use in solubility prediction tasks:
https://github.com/SabariKumar/combining_geom_topo
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CHAPTER 5: Solvent-Solute Interactions from Atom and Bond Structure: Predicting
Small Molecule Solubility

5.1: Chapter Overview

In this chapter, we explore how the interactions of solute molecules with solvents can
be parameterized from individual molecular structures. Solubility is a key physical property,
impacting chemical experimentation and discovery at almost every scale: solvent selection

during reaction design can have large impacts on reaction rate, yield, and selectivity.

However, being a bulk phase property, solubility is challenging to measure using both
experimental and computational means. Experimental datasets tend to be limited in solvent
scope, and there exists a trade off between experimental accuracy and dataset size: larger
datasets tend to have inconsistent or inaccurate measurements. On the other hand, the
errors of in-silico techniques for computing solubility are poorly matched to experimental
techniques. Thus, computational datasets and experimental datasets cannot be naively
combined to build integrated models; rather, more sophisticated data augmentation

techniques must be used to ensure dataset fidelity.

In this work, we introduce a dataset augmentation scheme based on semi-
supervised distillation to reconcile errors between experimental and computational
datasets, allowing data from both dataset types to be used in an integrated iterative training
loop. A teacher model is trained on an initial restricted dataset consisting of experimental

solubility measurements. This model is then used to predict solubility labels for
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computationally generated data; molecules associated with low-error predictions are then
added to the training dataset and used for subsequent rounds of model training. In this way,
an integrated computational-experimental dataset is built, greatly expanding the model’s
chemical scope. The final student model achieves state-of-the-art accuracies on a broad
range of chemical compounds. We show that predictions from our model can be used to
correlate solubility with rates of chemical reaction and show another application in

predicting the partition coefficients of lignin and drug-like molecules.

This collaborative research was published in the journal Chemical Science, with lead
contributions from Dr. Yeonjoon Kim, and additional contributions from Hojin Jung, myself,
Dr. Robert S. Paton, and Dr. Seonah Kim. | developed the self-distillation scheme and helped
with neural network model development. | also helped with model analysis, and writing and

editing of the manuscript.

5.2: Introduction

Solubility is a key molecular property that controls reactivity, catalytic activity,
separation ability, and other molecular properties. In chemical synthesis, solvent selection
influences the solubilities of reactants, intermediates, and products and impacts catalytic
activity and product selectivity. It is crucial in designing catalytic reactions pertinent to
pharmaceutical synthesis in solutions, such as functionalization through C-H activation.’*®
In this regard, linear relationships have been elucidated between solvent properties

(permittivity, polarity, etc.) and reaction rates for various organic reactions in different
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solvents.?”® Such linear solvation energy relationships (LSERs) inform solvent selection,
leading to the maximal yield of target products.

In the pharmaceutical industry, solubilities in water and organic solvents are
essential properties to consider during the screening and synthesis of drug candidates.®™
Candidates having sufficient water solubility should be identified for high bioavailability in
oral administration.” Water solubility is also relevant to the toxicity of drugs and pesticides
on human health and the environment.’>"* Solubilities in organic solvents matter as well,
especially for assessing the in vivo efficacy and safety of intravenous drugs dissolved in non-
toxic organic solvents.'®'*¢ Specifically, solubilities of drug-like molecules in chloroform
and diethyl ether have been investigated for the simplified modeling of the polar
environment around proteins, and membranes.'"'® In addition, solubility plays a critical role
in emerging research areas such as sustainable chemistry and renewable energy. For
instance, solvent selection is conducted in biomass upgrading to biofuels and renewable
polymers to maximize catalytic activity.'®2?? The optimal water-organic solvent systems
enhance not only the conversion to target products but also their extraction from separation
processes.'®?° Meanwhile, developing organic redox flow batteries is another promising
research area for renewable energy storage, and itis important to design electrolytes highly
soluble in water or organic solvents for high charge densities.?*%

To date, solubilities of various solutes in water and organic solvents have been
measured experimentally, and databases of experimental solubilities have been
released. The available databases include AqSolDB,?® Open Notebook Scientific

Challenge,?” Minnesota Solvation Database,?®3° FreeSolv,?" CompSol,* and the
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Journal of Chemical Information and Modeling’s solubility challenge database.’" 3334
Many computational methods have also been developed to predict solubilities in
silico. Such methods include quantum mechanics (QM) or density functional theory
(DFT) with implicit solvation models (e.g., Solvation Model based on Density — SMD),*®
molecular dynamics (MD) simulations, or QM-based thermodynamic equilibrium
methods, e.g., the Conductor-like Screening Model (COSMO).3¢-38 A modified version
of the COSMO model, COSMO for real solvents (COSMO-RS), incorporates statistical
thermodynamics to treat bulk properties such as solubility more accurately.®®
For rapid and accurate solubility predictions, various predictive models have been
developed by analyzing quantitative structure-property relationships (QSPRs)3440-4°
or via machine learning (ML) techniques.?*34¢% Current advanced ML models used
graph neural networks (GNNs) combined with interaction layers*®®*%8 recurrent
neural networks with attention layers,*® and Natural Language Processing (NLP)-
based transformers.*® These models have achieved accuracies close to experimental
uncertainties. Furthermore, the development of ML models has been expanded to
predicting solubility limits at different temperatures,®® solvation enthalpy, LSERs, and
solute parameters,®? and generative models for designing molecules having optimal
aqueous solubility.®3

The databases and models described above deal with either molar solubility
(log S) or Gibbs solvation free energy (AGs,;,)- log S is commonly used for solubility,
but henceforth, this paper focuses on AG,,;,, Since AG,;,, as well as log S quantifies

solubility:
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solute

C
AGgop, = —RTInK,, = — RT In>2¢, 5.1

solute

where Csoure @aNd Cooute are the solute’s concentration in the solvent and initial phase
(before the solvation), respectively. AG,,;,can also represent the solubility regardless
of the solute’s initial phase (solid, liquid, or gas):*°

AGgory = AGspria—gas T AGgas—sotution

AGsolv = AGsolid—>liquid + AGliquid—>solution 5.2

Moreover, log S and AG,,,;,, are related with each other:?°

AGgo1y = —2.303RT log(SV;,)

AGgp1, = —2.303RT log(S) + log (Pvﬂ), 5.3

po

where V., and P,,, are molar volume and vapor pressure of a solute in the solid and
liguid phase, respectively. While logS directly quantifies the amount of solutes, the
significance of AGy,;, lies in its ability to represent the thermodynamic stability of a
solute in a solvent.

Further improvements are needed for accurate predictions of AGs., for broad
solvents and solutes. There are currently around 10,000 experimentally determined
AGs. in the most extensive database (e.g., CombiSolv-Exp in literature®®), but more
data points (around >100,000) are desirable for reliable GNNs, due to their data-

hungry nature.®**° Moreover, there is a tradeoff between the size and reliability of
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available solubility data. For example, a strictly curated dataset of reliable aqueous
solubilities contains only hundreds of compounds.® Due to the scarcity of reliable
experimental data, there have been attempts to pre-train against huge computational
databases, followed by re-training against the experimental data.>*®" Such transfer
learning can lose the information gained from the computational database after the
model is re-trained against the small experimental database. In addition, QM
solubilities systematically deviate from experimental values. The absolute errors of
AGs,, for neutral solutes and solvents are 0.0-3.0 kcal/mol or higher for COSMO-RS,
SMD, and other implicit solvation models.?**%2-% Therefore, developing a database
seamlessly integrating theoretical and experimental values is a challenging but
essential step.

Discrepancies between theoretical and experimental solubilities should be
reconciled to build anintegrated database. In other words, computational solubilities
should have a fidelity as high as experimental ones despite the dependence of
computational methods’ accuracies on molecule size, constituent elements,
functional groups, solvent properties, etc. Therefore, it is not feasible to merely
combine experimental and computational databases. Each database has a different
source and magnitude of errors and uncertainties,?-*>%%7° which would deteriorate
the accuracy of predictive models. To overcome this limitation, a recent study added
Gaussian-distributed random errors to the experimental datasets at different levels
according to their uncertainties, leading to more accurate predictions than the

models without Gaussian error distributions.”” Data augmentation and self-training
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techniques have also been employed, such as semi-supervised distillation (SSD)’>78
for the reliable integration of databases from heterogeneous sources. These
techniques have been successfully applied to various ML predictive models forimage
classification,”®’* natural language processing,’”® reaction classification,’”® and
protein structures.”’

In this contribution, our own implementation of SSD was developed for our GNNs for
solubilities. For reliable data integration, we refined the AGs. values from COSMO-RS and
SMD-DFT through the SSD, instead of directly adding values from these methods. Our
approach dramatically amplified the database while correcting the discrepancies of
different data sources. The resulting augmented database covers a much broader chemical
space (11,213/1,445/932,509 solutes/solvents/data points) than that covered by
experimental measurements (2,275/1,443/11,637 solutes/solvents/data points). Adopting
the augmented database is powerful in enhancing GNNs’ predictive accuracy,
demonstrating the effectiveness of our approach. Moreover, we successfully applied our
model to practical examples of solvent system design in reaction kinetics and separation.
These would lead to more reliable evaluation of databases and predictive models than only

one method.

5.3: Results and Discussion

5.3.1: Semi-supervised distillation scheme for developing solubility prediction models

We propose the following SSD scheme for solubility (Figure 5.1); first, the

‘Teacher’ ML model is trained against an experimental database of AGs. (Step I).
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Figure 5.1: The semi-supervised distillation (SSD) scheme for the predictive models of solubility.

Second, AGs. is predicted using the trained Teacher for the new solute-solvent pairs
whose experimental AGsow is unknown, resulting in AGsow,prea (Step ). Meanwhile, QM-
calculated AGs.w values are also obtained (AGsow,qom) for these new solute-solvent
pairs (Step HI). AGsow,qm is referenced to determine which AGsow,prea are used for the
data augmentation. If the absolute difference between these two (|AGsow,pred —
AGsow,qm|) is below a certain cutoff, the corresponding AGsow,prea are added to the
database (Step IV). This cutoff is to avoid the introduction of unreliable prediction
data points from the Teacher. Notably, AGsow,prea is added instead of AGsow,om, €nabling
the data augmentation based on the inductive bias the ML model gained from the
starting experimental database. Next, the ‘Student’ model is trained using the
database combining the initial database and that from Teacher’s predictions. This
procedure is repeated to add reliable data points to the integrated database
gradually.

The SSD process described in Figure 5.1 was applied to the GNNs for

solubilities, constituting a one-of-a-kind approach in solubility predictions that
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consolidate deep learning and heterogeneous data sources from experiments and
QM calculations. The following sections describe the databases, QM methods, and
architecture of the GNNs in detail.

Evaluation of quantum-mechanical methods and solubility databases

To accomplish data augmentation, first, we evaluated the QM methods used
to provide reference AGsovom during the SSD. 11,637 experimental AGs., were
collected and curated, resulting in Exp-DB (Figure 5.2A). Most data points in Exp-DB
overlap with those in CombiSolv-Exp,** but our Exp-DB has additional 1,419 data
points with the identical solute and solvent.

COSMO-RS and SMD-M06-2X/def2-TZVP were then benchmarked against
Exp-DB. To assess COSMO-RS, we adopted CombiSolv-QM, the most extensive
AGs, database consisting of one million data points.>* QM-DB (220,332 data points)
was built to evaluate SMD-M06-2X/def2-TZVP which was elected among many SMD-

DFT methods since it provided reliable results from calculating solubility-related

A
c%vggigﬁlc\;-g;ﬂ QM-DB (This work, Atom State Bond State Global State
-RS, 783,441 SMD-M06-2X/def2-TZVP) )
From literature) N =220,332 Sy mbql, numbe( oftis, Bond type, start atom, Namber. otfl';}s/;:l;ogen bond
N = 1,000,000 aromatic state, ring state, end atom, ring state acceptors/donors,
formal charge (-1,0,1) : Labute ASA, TPSA Solvent Solute
214,724 2,413 3,195 i i
I " ExpDB Embedding, 128 Embedding, 128 Embedding, 128 l ',
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—>  Source atom
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Qam Q
Nea 2,413 2,413 3,195 841 LatentVector 1281 Solubility

Figure 5.2: (A) The three databases for evaluating theoretical methods against experimental solubilities. (B) Accuracy
comparisons of CombiSolv-QM and QM-DB for the data points overlapping with Exp-DB. (C) Architecture of the graph
neural network for solubility. ASA: Accessible surface area, TPSA: Topological polar surface area.
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properties (redox potentials of 174 organic molecules in water and acetonitrile).?®
2,413 AGs.w values are available for all three databases (Region 1), and 3,195
overlapped data points between Exp-DB and QM-DB (Region Il). 841 solubilities in
Exp-DB are available only in CombiSolv-QM (Region Ill) due to the unavailability of
some solvents in SMD calculations.

Accuracies of the two theoretical methods were analyzed for I-Ill. In Region I,
COSMO-RS is more accurate than SMD-M06-2X. Nonetheless, SMD-M06-2X shows
notably high accuracy for the 3,195 data points in Region ll, with an MAE and RMSE of
0.41 and 0.25 kcal/mol, respectively. Meanwhile, COSMO-RS showed a decent
accuracy in Region Ill. These results show that each theoretical method has
strengths and weaknesses regarding the scope of molecules and accuracies, and do
not necessarily indicate the superiority of one method. Although QM-DB is less
extensive than CombiSolv-QM, SMD-M06-2X can be used as a complementary
method to COSMO-RS for explaining the errors of QM methods and ML models after
model development.

With regards to computational cost, COSMO-RS is typically a more cost-
efficient option for high-throughput calculations than SMD-DFT because COSMO-RS
needs DFT calculations of a charge density profile only once per one solute/solvent.
In contrast, SMD-DFT methods (e.g., SMD-M06-2X/def2-TZVP) need multiple
geometry optimizations and thermochemistry calculations for the same solute when
a solvent changes. SMD parameters are tabulated for 179 solvents, limiting the

molecular scope for estimating AGsov. However, SMD-M06-2X/def2-TZVP can show
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higher accuracies than COSMO-RS for certain functional groups. These multiple
theoretical methods would lead to more reliable evaluation of databases and
predictive models than only one method.

5.3.2: Development of graph neural networks for solubility prediction

The GNNs for predicting solubility were constructed, as shown in Figure 5.2C. The
model takes 2D molecular structures (SMILES strings) of solvent and solute as inputs, and
each undergoes separate message passing. The overall architecture of two GNNs (GNN-
Solvent and GNN-Solute) is inspired and modified from our previously implemented GNNs
for predicting bond dissociation enthalpy and cetane number (reactivity of fuel
compounds).®*”® |t consists of three blocks representing a molecule's atom, bond, and
global state. Initial atom, bond, and global features are embedded as 128-dimensional
vectors and pass through five message-passing layers. This work did not consider
stereochemical information as the atom features since AGs.. values of sterecisomers are
scarce in the existing experimental databases (114 out of 11,637). In each layer,
mathematical operations among feature vectors lead to mutual updates, such that the
model captures the influence of local atom/bond environments and global molecular
structures on solubility. Each GNN outputs a 128-dimensional latent vector for solvent and
solute, respectively. These two vectors are concatenated and undergo additional dense

layers to account for solute-solvent interactions, and finally, AGs. is predicted.

Our model is unique compared to other GNNs recently developed for

solubilities.®* First, we minimized the number of atom features from 11 to five.
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Second, the dimensions of hidden layers were also minimized. Our model has hidden
layers with 128 and 256 nodes before and after concatenation, respectively, whereas
200 and 500-dimensional hidden layers were used in the literature® (details about
the hyperparameter tuning can be found in Appendix D). Third, a separate global state
block show comparable accuracies (vide infra), but the global updates within
message-passing layers can incorporate the effects of long-range interactions on
AGs. into atom and bond features.® This leads to the reliable chemical explanation
of atom-wise contributions to AGs. using the modified version of Shapley additive
explanation (SHAP) analysis® (vide infra). Meanwhile, other operations besides
concatenation have also been reported in previous studies to consider molecular
interactions, such as global convolution among molecules and graph-of-graphs
neural networks.®"82 However, concatenating latent vectors was sufficient to achieve
the accuracy close to experimental uncertainty (Mean absolute error of the test set
around 0.2 kcal/mol, details in the next section).

We selected four global features after testing various molecular descriptors. Two are
surface area descriptors: topological polar surface area (TPSA) and Labute accessible
surface area (ASA). Each descriptor indicates different underlying chemistry of
solutes/solvents. TPSA accounts for the molecule’s viability to dipole-dipole interactions by
quantifying the surface area of polar atoms, whereas Labute ASAis relevant to Van der Waals
radii of atoms and encodes long-range dispersion interactions.®® The Pearson correlation
coefficients r between AGs. in Exp-DB and the descriptors are -0.56 and -0.73 for solute’s

TPSA and Labute ASA, respectively (Close to 1 indicates stronger correlation). In contrast,
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r between TPSA and Labute ASA is only 0.28, indicating that these two descriptors can
independently explain AGs., Well and it is necessary to consider both descriptors for global
features. Two additional descriptors were adopted: number of hydrogen bond donors and
acceptors. They were also used in our predictive model for cetane number,”® leading to the

model with higher accuracy than that without these descriptors.

5.3.3: Semi-supervised distillation for self-evolving databases and graph neural networks

Building the GNN model and databases (Figure 5.2) was followed by training
the model based on SSD (Figure 5.3A). The SSD was initiated by training the Teacher
model using Exp-DB (Cycle 0). The trained model was then used for augmenting the
database; new solute-solvent pairs were gathered from CombiSolv-QM, and their
AGs., was predicted using the Teacher model. The predicted values were compared
with COSMO-RS solubilities stored in CombiSolv-QM. If the absolute difference
between these two is below 0.2 kcal/mol, the corresponding data points were held in
the augmented database (Aug-DB-1) with Teacher-predicted solubility values. It
should be emphasized that the ML-predicted values are saved instead of AG.., from
COSMO-RS. Thisis for refining data points based on the solubility trends learned from
Exp-DB while maintaining the reliability gained via labeled QM solubility values. The
threshold value was set to 0.2 as the uncertainty of experimental measurements of
AGsoy is typically up to 0.2 kcal/mol.?*3%8%70 |f the deviation between ML and QM is
below 0.2, it can be assumed that the difference is mainly from experimental

uncertainty and the prediction from the Teacher is credible.
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Figure 5.3: (A) Semi-supervised distillation (SSD) for self-evolving solubility databases and graph neural networks. (B)
Control for comparing the accuracies of models with and without SSD. (C) A schematic description of evaluation,
application, and error analysis of the model obtained from SSD.

Next, Student 1 was trained using the database combining Aug-DB-1 and Exp-
DB (Cycle 1), and the same procedure was carried out for the solute-solvent pairs
that remained after extracting Aug-DB-1. Student 1 predicted AGs. for the remaining
pairs, and the predicted values were subject to the 0.2 kcal/mol cutoff, resulting in
Aug-DB-2. These cycles were repeated multiple times, enabling the self-training of
ML models. The database is grown gradually, and subsequent student models learn
larger databases that contain AGs.w values refined based on the guidance from
previous Students and COSMO-RS solubilities. Such gradual integration leads to
better accuracy than combining the whole CombiSolv-QM with Exp-DB and re-
training simultaneously (Details in the next section).

No trained weights of the GNN model are transferred from the previous cycle

when training the Student model in the current cycle. Only the databases (Aug-DBs
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and Exp-DB) are carried over, and each Student is trained from scratch at each cycle.
In other words, the current Student is totally blind to the training results of previous
Students. Therefore, at each cycle, the model learns new relationships between
chemical structure and solubility that are not biased by previous cycles but are
comprehensively applicable to all molecules from the previous and current cycles.
This SSD scheme ensures that the new Aug-DB-i at the i-th cycle is integrated well
with the databases accumulated from earlier cycles, and it shows no significant
discrepancies and anomalies during the training. Recent studies expanded the
databases using computational methods, but the model was trained sequentially or
independently for the experimental and computational databases due to the
discrepancies from heterogeneous data sources.®*°*%%’¢ Meanwhile, a few studies
attempted the ‘A-learning’ approach, where theory-experiment differences are
trained and predicted.®?*®° It should be emphasized that our approach is the first
achievement of training the whole integrated database while carrying out the data
augmentation and discrepancy corrections concurrently.

Ultimately, the N™ cycle yields the ‘Student N’ model and the integrated
database containing Exp-DB and N Aug-DBs. The cycle was terminated when the
errors of the Exp-DB test set did not show any more significant improvement. This
stopping criterion finds the cycle when the remaining data points in CombiSolv-QM
no longer synchronize well with the large Aug-DBs cumulated during previous cycles.
The solute-solvent pairs not included in Aug-DBs were stored in the so-called

Leftover-DB. As a result, the Student 35 model obtained after 35 SSD cycles led to
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an optimal accuracy, with a total of 932,509 AG,. in the integrated database (Details
in Figure 5.4, vide infra).

5.3.4: Analysis of solubility model performance

Accuracies of the Student models from SSD were compared with those trained
by the databases simply combining AGs. values from experiments and COSMO-RS
(Control, Figure 5.3B). The analysis on Control was performed at every SSD cycle to
compare the increasing/decreasing trends of MAEs and RMSEs when the models are
trained without/with SSD. All Control models are examined to demonstrate that the
SSD approach in Figure 5.3A is feasible for maximizing the database size while
minimizing the discrepancy between experimental and computational AGs,.w and
achieving the best accuracy.

The resulting modelwas then subject to subsequent evaluation, error analysis,
and applications (Figure 5.3C). To evaluate the model’s accuracy, mean absolute
errors (MAEs), root-mean-square errors (RMSEs), and distributions of errors were
investigated. For additional error analysis, we obtained the solute-solvent pairs in
QM-DB that overlap with those in other databases (Aug-DBs, Exp-DB, Leftover DB).
Next, we compared their AGsoww values acquired from four different sources:
Experiments (if available), predictions from Student N, SMD-M06-2X/def2-TZVP, and
COSMO-RS calculations. Outliers were identified from this comparison, and their
chemical structures were analyzed to assess the strengths and weaknesses of each

QM method or ML model.
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Figure 5.4: Mean absolute errors (MAEs) and root-mean-square errors (RMSEs) of test sets of Aug-DBs and Exp-DB during
the SSD and the sizes of Aug-DBs.

Figure 5.4 illustrates the results from the SSD training (Figure 5.3A) of the
GNNs shown in Figure 5.2C. The initial training to obtain the Teacher model resulted
in the MAE of 0.27 kcal/mol for the test set of Exp-DB. As the SSD cycles proceeded,
Aug-DBs gradually increased. Interestingly, the MAE for the Exp-DB test set reached
a minimum at Student 13, while the database was grown from 11,637 to 639,925 data
points. Student 13 achieved an MAE of 0.22 kcal/mol for the Exp-DB test set. This
indicates that the SSD scheme works properly in the data augmentation while the
model still captures experimental solubility trends. On the contrary, the MAEs did not
decrease in Control models (0.27 kcal/mol for both Teacher and Control-13),
demonstrating that simply merging solubilities from experiments and COSMO-RS is
not advantageous for accurate predictions of experimental solubilities. Moreover, at
the 13" SSD cycle, Control shows a discrepancy of 0.23 kcal/mol between test set

MAEs of Exp-DB and Aug-DBs (0.27 vs. 0.04), whereas that from SSD is only 0.11
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kcal/mol (0.22 vs. 0.11). In other words, more severe overfitting to Aug-DBs occurred
in Control than in SSD.

Itis hard to guarantee that 13 SSD cycles are sufficientto obtain the best model
since the MAE is not the only metric for evaluating the accuracy. We analyzed RMSEs
of Student models that show more irregular trends than MAEs. The initial Teacher
training resulted in the RMSE of 0.66 kcal/mol for the test set of Exp-DB. As the SSD
proceeds, the Exp-DB test set RMSE gradually decreases in general, while it
fluctuates intermittently until Student 22. The accuracy of SSD models begins to
surpass Control models in terms of RMSEs after Student 22. The best accuracy was
achieved in Student 35 with an RMSE of 0.50 kcal/mol, whereas the RMSE of the 35
Control modelis 0.59 kcal/mol. Although the MAE slightly increased from Student 13
to Student 35 (0.22-0.25 kcal/mol), the RMSE reaches a minimum with the larger
database (932,509 data points) compared to Student 13 (639,925 data points). The
SSD cycles after Student 35 did not effectively improve the accuracy. RMSE is a good
metric for penalizing large errors of outliers,®® indicating that Student 35 effectively
alleviates prediction errors of Exp-DB outliers while maintaining reliable accuracy for
other data points. It should be emphasized that MAE was used for the loss function
(Details in Appendix D), but RMSE was also minimized during the later stages of SSD.
This result implies the importance of including a large amount of data to minimize
high prediction errors of outliers by iterating the SSD loop multiple times. Moreover,

the best accuracy was obtained in Student 35 when the prediction accuracy was
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assessed against the ‘external data set’ of 371 experimental partition coefficients
(vide infra for details).

Meanwhile, the test set RMSEs of Aug-DBs increased (0.12-0.29 kcal/mol)
from Teacher to Student 35. However, they are lower than the lowest test set RMSE
of Exp-DB (0.50 kcal/mol), and the RMSE difference between Exp-DB and Aug-DBs
decreased, indicating the mitigation of overfitting. Aug-DBs grow slower as SSD
cycles proceed; the number of added data points is 183,432, 65,833, and 41,560 for
the first three cycles, and gradually decreases from 34,013 to 3,168 until the 35"

cycle (Details in Appendix D). The remaining solute-solvent pairs in the late SSD

cycles are mostly problematic cases (Details in Error analysis of solubility prediction)
whose true AGsoy are dubious; therefore, fewer solute-solvent pairs satisfy the cutoff.
Different functional group distributions of Aug-DBs also influence the RMSE trends
shown in Figure 5.4; there is the tradeoff between ‘over-generalization’ to existing
functional groups and newly introduced ones (Details in Appendix D).87-88,

Moreover, the box plot in Figure 5.5A demonstrates that the SSD up to 35
cycles is beneficial to obtain an optimal model. We chose Students 13, 29, and 35,
which resulted in the local minima of RMSEs during the SSD (Figure 5.4), in addition
to Teacher. For the test set of Exp-DB, Student 13 shows more significant outliers
(gray dots) with higher errors than the Teacher. The error of the first outlier becomes
even higherin Student 29 than in Student 13. However, such errors of outliers become
lowest in Student 35, which indicates the mitigation of overfitting through SSD. The

outlying behavioris remedied in Student 35 while maintaining a lower MAE and similar
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Figure 5.5: (A) Box plots of absolute error distributions for the test set of Exp-DB, for the four representative models from
SSD and one Control model. (Yellow box: interquartile range, blue line: mean, blue dotted line: median, lower/upper
bound of the error bar: 5th/95th percentile, gray dots: outliers beyond the 95th percentile.) (B) Parity plot of solubility
values in the databases vs. those from the predictions of the best-case Student 35 model.

interquartile range (yellow box) compared to the Teacher. In contrast, the accuracy
of Control 35 is even worse than Teacher, and their outliers also show higher errors.
Figure 5.5B illustrates the parity plot of the solubility values from the databases vs.
those from the predictions of Student 35. For the whole integrated database (Exp-DB
+ 35 Aug-DBs), Student 35 achieved balanced accuracies among the training,
validation, and test sets, with MAEs 0of 0.18, 0.19, and 0.19 kcal/mol, respectively.
This model also showed comparable accuracies with the GNN models in the
literature® for the Exp-DB test set, and higher accuracies than computational
methods. Table 5.1 summarizes the accuracies of GNNs from the literature®*, our
GNNs (Student 35), COSMO-RS and SMD-M06-2X in predicting AGs.y values in Exp-
DB. Student 35 showed comparable MAEs/RMSEs with the model in the literature
(MAE: 0.20/0.22 kcal/mol, RMSE: 0.44/0.50 kcal/mol for ours/literature) with 150

more data points in the test set. Although a fair comparison was not possible due to
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the different test sets, the MAE and RMSE differences of only 0.02 and 0.06 kcal/mol
demonstrate the high reliability of our model and feasibility of SSD. In addition,
Student 35 surpasses the accuracies of COSMO-RS and SMD-M06-2X. The MAEs and
RMSEs of Student 35 are lower than those of COSMO-RS for the 3,254 and 5,608 data
pointsin CombiSolv-QM and QM-DB overlapping with Exp-DB, respectively. Student
35 is still more accurate than COSMO-RS and SMD-M06-2X/def2-TZVP in all cases
when these data points are categorized into training, validation, and test sets. It
should be emphasized that our model predicts AGs,w more accurately while being
computationally much less demanding (< 1 second for GNNs vs. several hours or

days for QM methods).

Comparison GNNs in the literature Student 35
with .the GNNs # of.data Test set Test set # of data points Test set MAE Test set RMSE
in the points MAE RMSE (Exp-DB) (kcal/mol) (kcal/mol)
literature (Exp-DB) (kcal/mol) (kcal/mol)
(the best-case 10,1452 0.20° 0.442 11,637 [1,164°] 0.22 0.50
model)2° [1,0142°] ’ i ’ ’ ) i
COSMO-RS Student 35
# of data — .
Exp-DB points MAE RMSE Training/validation/ el T MAE RMSE
overlapping (kcal/mol) (kcal/mol) Test (kcal/mol) (kcal/mol)
with Training 2,651 0.13 0.23
CombiSolv- . . s Validation 286 0.26 0.59
QM 3,254 0.40 0.67 Test 317 0.22 0.39
All 3,254 0.15 0.30
4 of data SMD-M06-2X/def2-TZVP Student 35
- MAE RMSE Training/validation/ el T MAE RMSE
Exp-DB (kcal/mol) (kcal/mol) Test (kcal/mol) (kcal/mol)
overlapping Training 4,534 0.13 0.20
with QM-DB Validation 498 0.21 0.42
5,608 0.62 0.88 Test 576 0.22 0.39
All 5,608 0.14 0.25

Table 5.1: Accuracies of the GNNSs in the literature, our GNNs, COSMO-RS, and SMD-MO06-2X in predicting BGsolv in Exp-
DB, with the size of the databases used for evaluating accuracies. ?From the literature.®® "Of note, the experimental
databases and test sets are not the same, and it is an indirect comparison. °Test set sizes.

To verify that the modelis not prone to overfitting, we carried out 10-fold cross-
validation as depicted in Figure 5.6. Figure 5.6A shows how the databases (Exp-DB

and Aug-DBs) are split into 11 data subsets (Subsets A — K, each of which
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A 10-fold cross-validation (CV) B 10-fold CV with the subsets from random solute-solvent sampling.

L. Subset A i Subset K
M Training
Merged, shuffled Aug-DBs Validation Solvent Solute Solvent Solute
- A NC=0 Cc1ccecet cicccl CICC(CI)CI
Fold 1
° ......u.. .A>Held-0ut Ceteceec!C cce(c)o occoccocco cc=ccce
Exp-DB ......... . lest set ccceeececco cc(c)cco CN(C)C=0 Felcceeet
Cclccccet cccececco occoccocco occoccocco
Fold 10 A EE....... u CN1CCCC1=0 C1=Ccccce1 cc(c)cal ccccce
AE]G....... IE o COC(=0O)c1cecect CN1CCCC1=0 ccceecceccce
C Solvent/solute-wise data splits with stratified sampling to minimize the variance in the number of data points among data subsets
Solvents # ofAdata Solutes # ofAdata
points points
Solvent 1 4,417 Solute 1 282
Solvent 2 4,071 | Randomly distribute to Solute 2 282 | Randomly distribute to
Descending 11 subsets (A - K) Descending 11 subsets (A - K)
order order
in terms of Solvent 11 3,908 A in terms of Solute 11 205 J
the number Solvent 12 3,907 the number Solute 12 203
of data | Randomly distribute to of data | Randomly distribute to
points 11 subsets (A - K) points 11 subsets (A - K)
Solvent 22 3,870 Solute 22 185
Solvent 1,445 1 } Solute 11,213 1 }
D 10-fold CV with the solvent-wise data splits E 10-fold CV with the solute-wise data splits
Subset A o Subset K Subset A e Subset K
Solvent Solute Solvent Solute Solvent Solute Solvent Solute
ccccececcee Cc1encent CCC#N Cccccee CC(C)=0 c1cceceet c1ccoc1 Cc(cycce(ee
Cccccceccee Cc1cce(0)c(O)ct CCC#N C=CCcccC [¢] c1cceceet Nc1ccecect Cc(cycece(eye
cceecece CCCOC(C)=0 CCC#N CCN(CC)cC 0CCOCCo ciceeect 0=C1CCCo1 cc(c)cee(c)c
0=C1CCCO1 clcecect cccecece CCCC(=0)0 CCC(C)=0 C1=CCcCcCC1 ccccece clcec2ccece2e!
0=C1CCCO1 c1cccececet ccccecce cicccl CNC=0 C1=Ccccct Cco c1ccc2eccec2et
0=C1CCCO1 Ccco Ccccceccee C=CCC clceceet C1=CCCCC1 CCcccco clcec2cececc2e!

Figure 5.6: (A) Schematic illustration of the 10-fold cross-validation with data splits for Exp-DB and Aug-DBs. Data subsets
obtained from (B) random solute-solvent sampling, (C) solvent-wise data splitting, and (D) solute-wise data splitting, with
SMILES strings of some example molecules. (E) The stratified sampling scheme in solvent/solute-wise data splits to
minimize the variance in the number of data points among different data subsets.

corresponds to either training/validation/held-out test set) to carry out the 10-fold
cross-validation. This data set split was performed separately for Aug-DBs and Exp-
DB to balance the ratio of the data points from data augmentation and experiments.
Depending on the sampling methods, the constituent solutes/solvents in each
subset can vary. The solute-solvent combinations can be sampled randomly, as
shown in Figure 5.6B.

Meanwhile, solvent/solute-wise data splits are also possible with the stratified

sampling Figure 5.6C; first, each bin of solvents/solutes was sorted in descending
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order with respect to the number of data points. Then, every 11 bins with the similar
number of data points were grouped, and the bins in each group were distributed
randomly to 11 subsets A — K. Such a stratified sampling results in a certain
solvent/solute included in only one subset (Figures 5.6D and 5.6E). These are useful
in assessing model accuracy when specific solvents or solutes in the validation/test
set are unseen in the training set.

Figure 5.7 displays the Exp-DB test set RMSEs obtained from the 10-fold
cross-validation of Teacher, three Students, and one Control model with the random
solute-solvent sampling (Figure 5.5B). Means and standard deviations of 10 RMSEs
were evaluated for each model. The mean of RMSEs decreases significantly from
0.679 to 0.577 kcal/mol when SSD proceeds from Teacher to Student 13 and is
reduced further at Student 29 (0.549 kcal/mol). The accuracy of Student 35 (Mean of
RMSEs: 0.546 kcal/mol) is slightly higher than Student 29, with a lower standard
deviation among ten folds (0.023 and 0.021 kcal/mol for Student 29 and 35,

respectively). The held-out test set from Aug-DBs was not considered for the
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Figure 5.7: Model accuracies from the 10-fold cross-validation with the random solute-solvent sampling. RMSEs of the
Exp-DB test set were evaluated for each of the 10 folds. The data points and error bars indicate the mean and standard
deviation of 10 RMSEs, respectively.

148



evaluation since the sizes of Aug-DBs are different for all Student models. We also
carried out the 10-fold cross-validation with the solvent-wise and solute-wise data
splits (Figures 5.5D and 5.5E). As aresult, comparable accuracies were still obtained
from these different methods of 10-fold cross-validation (Appendix D, Section S2).
All the above results demonstrate the effectiveness of SSD in improving the
accuracy of the ground-truth experimental solubilities while augmenting the
database. Our empiricalresults are consistent with mathematical proofs that several
rounds of SSD enhance the accuracy of the held-out data and reduce overfitting.®”:28
It has been verified that self-distillation amplifies the regularization of the space of
trainable parameters if the model architectures for Teacher and Students are
identical (Figure 5.2C).%8 When Students are trained using an extensive distilled
database with a limited parameter space, their variance is reduced without
significantly increasing its bias. In other words, the models’ trainable parameters are
neither overly sensitive to different training set batches nor biased to specific
batches, and therefore overfitting is reduced. Meanwhile, too many rounds of SSD
may over-regularize the model, leading to underfitting. These mathematical findings
are in line with our SSD results shown in Figure 5.4. In addition, adding noises to the
SSD model parameters showed minor output perturbations,®” and the ablation
analysis with removing the augmented data significantly degraded the model
performance.”® These previous studies further support the robustness of SSD with

augmented datasets.
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Figure 5.8: 2D plot of t-distributed stochastic neighbor embeddings (t-SNEs) for the latent vectors of 1,447 solvents
obtained from Student 35 model.

Other variants of SSD were also attempted using QM-DB, or both CombiSolv-QM
and QM-DB (Section S3 in Appendix D), but the SSD shown in Figure 5.3A showed the best
accuracy. We also tested other variants of semi-supervised learning methods, such as noisy
student self-distillation (NSSD); however, this led to higher prediction errors (See Section S4,

Appendix D for detailed discussion).

Next, we carried out a clustering analysis of t-distributed stochastic neighbor
embeddings (t-SNEs) of latent vectors for 1,447 solventsincluded in allthe databases
shown in Figure 5.2A. This analysis is to further verify the chemical feasibility of
Student 35. 2D t-SNE coordinates were obtained for these solvents. Each solvent was
categorized according to the priority of categories listed in the legend of Figure 5.8.
For example, if a solvent contains both O and S, it is classified as ‘O,N-containing’
because O has higher priority than S. We identified certain clustering patterns among
several categories: O,N-containing (upper side), halogen (X)-containing (mainly lower

right), and hydrocarbon solvents (mainly lower left). O,N-containing solvents
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exclusively occupy a specific region, possibly because they are solvents that can
participate in hydrogen bonds and show characteristic solubility trends.

However, some O,N-containing solvents are located near other molecular
groups, such as aromatics, hydrocarbons, and X-containing ones. These solvents
contain oxygen or nitrogen, with the other atoms corresponding to the molecular
groups they are close to. Forinstance, trioctylamine is in the cluster of Hydrocarbons
since it has three alkyl chains having eight carbons per each. Pentafluorodimethyl
ether was found adjacent to the X-containing cluster. Ethers, amines, and pyrroles
with aromatic rings are placed around the group of aromatic solvents. Meanwhile, an
ether with two thiol groups (2-mercaptoethyl ether) was found near S-containing
solvents rather than O,N-containing ones, indicating that their behavior as a solvent
is close to S-containing solvents rather than O,N-containing ones. Conversely, some
sulfides (diethyl sulfide, ethyl methyl sulfide) are near their ether analogs, implying
that their chemical behavior could be analogous to ethers.

5.3.5: Error analysis of solubility prediction

The error analysis was performed by comparing the QM-DB solubilities
calculated inthe SMD-M06-2X/def2-TZVP level of theory with those from COSMO-RS,
experiments, and the Student 35 model. First, we analyzed Exp-DB solute-solvent
pairs where SMD-M06-2X outperforms COSMO-RS and vice versa to identify the
advantages and disadvantages of each theoretical method (Figure 5.9A). The left side
of Figure 5.9A illustrates the five cases whose absolute error between AGs,, from

experiment and SMD-M06-2X does not exceed 0.2 kcal/mol, whereas COSMO-RS
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shows the worst performance. All these five cases correspond to polar solutes and
solvents with halogen atoms, hydrogen bond donors and acceptors. SMD-M06-2X
better reproduces the experimental solubilities of these molecules than COSMO-RS,
which may be in part attributed to the halogenicity, hydrogen bond acidity, and
basicity parameters used by SMD. For these five cases, the predictions of Student 35
should not be close to COSMO-RS; instead, it should reproduce experimental values,
although COSMO-RS AGs.v were referred during the SSD. 2 and 4 show the jeopardy
of the predicted value biased to COSMO-RS. However, for 1, 3, and 5, Student 35’s
predictions are closer to the Exp-DB solubilities than those from COSMO-RS.
Moreover, Student 35 showed the outliers with the lowest errors among other
Students (Fig. 5.5A). This indicates that the distillation process (Figure 5.3A)
effectively corrected the discrepancy between experiment and theory.

We also analyzed five different solute-solvent pairs for which COSMO-RS
outperforms SMD-M06-2X (Right side of Figure 5.9A). They are solutes and solvents
with low or no polarity or molecules with special moieties such as ozone.
Investigating the two extreme cases shown in Figure 5.9A demonstrates the
importance of accounting for multiple theoretical methods in assessing the results
from SSD.

The analysis on SMD-M06-2X and COSMO-RS was then followed by the outlier
analysis of Student 35 (Figure 5.9B). The outliers correspond to the gray dots in Figure
5.5A; Their extraordinary chemical structures indicate that they do not meaningfully

deteriorate the model’s accuracy. The top five outliers include solutes with multiple
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Figure 5.9: (A) Top 5 solute-solvent pairs in Exp-DB where the SMD-M06-2X/Def2-TZVP level outperforms COSMO-RS in
calculating AGsow, and vice versa. (B) Top 5 outliers of the Student 35 model when comparing the predicted AGsow with
those in the test set of Exp-DB. (C) In Leftover-DB, the disagreement of AGsow among Student 35, SMD-M06-2X and
COSMO-RS mainly occurs for zwitterion solutes which do not exist in Exp-DB.

complex rings, five hydroxy groups, and heteroatoms (P and B) that rarely appear in
the whole database (932,509 data points). For example, the solutes with a P=0
double bond and aromatic substituents appear only in 808 data points, and only 69
data points have solutes/solvents with B-O single bonds. These outliers occurred not
because of the overfitting to Aug-DBs, but due to the chemical moieties rarely seen
from the databases.

Further analysis was performed for Leftover-DB consisting of 57,721 solute-
solvent pairs in CombiSolv-QM that were not included in the Aug-DBs but remained
after 35 SSD cycles. Since Leftover-DB does not have experimental values, we
compared their AGs,, values from Student 35, SMD-M06-2X and COSMO-RS for
14,053 out of 57,721 data points whose AGs., from all the three models or methods
are available. As a result, significant discrepancies were observed for 1,381 data

points having zwitterionic solutes. Ten extreme cases are shown in Figure 5.9C. SMD-
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MO06-2X relatively overestimates AGs.w compared to the other two for the above five
cases, whereas the AG;,, from COSMO-RS shows disagreement with Student 35 and
SMD-M06-2X for the below five ones. It should be emphasized that no zwitterions are
available in Exp-DB. However, 5,446 zwitterions were already included in Aug-DBs
during the SSD; these species have no experimental ground-truth AGs. values. Such
a lack of data availability for zwitterions necessitates experimental measurements
for their solubility values or additional reliable theoretical methods, possibly leading
to a more extensive database from SSD, including zwitterions.

Although the above error analysis suggests room for improving our model, itis
sufficiently reliable to be utilized in the practical design of solvent systems in various
chemical processes such as catalysis and separation. The following sections
demonstrate the application of our model to practical examples.

5.3.6: Application 1 — Linear Solvation Energy Relationships (LSERs) between solvation free

energy and reaction rates

LSERs inform solvent selection to maximize the reaction rates in designing
organic reactions.?’® Here, we demonstrate the application of our ML model to
discover LSERs in 11 organic reactions. Gibbs solvation free energies of the
product(s) and reactant(s) (AGs.w(P) and AGs.(R), respectively) were predicted using
Student 35. If areaction has two or more reactants or products, the sum of their AGsow
values was used as AGsow(R) or AGs.w(P). These values and their differences [AGsow(P)
— AGsow(R)] were used as the descriptors to find highly positive or negative Pearson

correlation coefficients r (i.e., close to 1 or -1) with experimental reaction rates in

154



different solvents. According to the Hammond postulate,® at least one of these three
descriptors should show a high correlation (Details in Section S5, ESI'). The reaction
rates were collected from the literature.?°%°

Figure 5.10 depicts the correlation for 11 organic reactions with varying solvents. For
each reaction, we chose one descriptor that shows the strongest correlation with
experimental reaction rates. AG.ow(P) is the best descriptor for the reactions I, Il, and lll, with
Pearson p values of -0.95, -0.90, and -0.68, respectively, whereas AGs..(R) was chosen for

IV~VII (p=0.80-0.99). The rest four reactions (VIII~XI) can be explained by AGsw(P) — AGsow(R)
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Figure 5.10: (A) Top 5 solute-solvent pairs in Exp-DB where the SMD-MO06-2X/Def2-TZVP level outperforms COSMO-RS in
calculating AGsa, and vice versa. (B) Top 5 outliers of the Student 35 model when comparing the predicted AGsow With
those in the test set of Exp-DB. (C) In Leftover-DB, the disagreement of AGsow among Student 35, SMD-M06-2X and

COSMO-RS mainly occurs for zwitterion solutes which do not exist in Exp-DB.
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as a descriptor (p from -0.99 to -0.80). Our ML model also showed reliable results (p=-0.80)
in the complex reaction example, such as the epoxidation of B-caryophyllene investigated in
10 different solvents (X). These correlations are also chemically explainable (Section S5,
Appendix D). While Figure 5.10 shows only the best-case descriptor, p values for all three
descriptors are available for each reaction (Section S5 Appendix D), with the reason for
selecting a particular descriptor. Of note, some of the above 11 reactions were not
performed at room temperature, whereas our GNN gives AGs,w at room temperature.
Considering the temperature dependence of solubility would improve GNNs and LSERs,

although the results in Figure 5.10 already show decent correlations.

The AGs. difference of only around 1 kcal/mol can significantly affect reactivity
predictions (Figure 5.10), demanding a fast and accurate ML model. Designing
solvent systems using our GNN is advantageous because it is fast compared to
expensive QM calculations while being accurate. Solvents that maximize reaction
rates can be designed by predicting AGs.w(R) and AGs.w(P), finding LSERs, and
extrapolating the relationship for the new solvents in which experiments have not
been performed. Although AG,., Of transition statesis not considered here, our model

enables rapid solvent screening before investigating the transition states.
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5.3.7: Application 2 — Prediction of partition coefficients for lignin-derived monomers and

drug-like molecules

Description of the Log P dataset Prediction methods Kendall © RMSE
SetA ‘ 300 data points ‘ GNN (Student 35) ‘ 0.87 ‘ 0.51
(30 depolymerized lignin derivatives, 10 organic COSMO-RS 0.77 0.50

solvents)
SetB ‘ 63 data points ‘ GNN (Student 35) ‘ 0.70 ‘ 1.15
‘ (17 drug-like compounds, 4 organic solvents) ‘ COSMO-RS ‘ 0.77 ‘ 1.00

Table 5.2: Comparison of prediction accuracies of 363 partition coefficients (log P) for COSMO-RS and GNN for two
datasets with their description.

As the second application example, we examined our GNN model by
predicting 363 water-organic partition coefficients (log P) of depolymerized lignin
derivatives and drug-like compounds (Sets Aand B, Table 5.2). Their experimental log
P values are available from the literature.®? Predicting log P would enable the design
of solvents that effectively extract useful biomass-derived compounds and drug
molecules with high yields. Here, we predicted the AGs. values in water and organic
solvents for Sets A and B and evaluated log P values using the formula: log P =
(AGsow,water — AGsow,org) / 2.303RT. Two metrics were used to assess accuracies: RMSE
and Kendall rank correlation coefficient (t). A t value closer to 1 indicates a stronger
rank correlation (i.e., higher accuracy). These metrics were chosen because the
literature® used the same metrics in assessing COSMO-RS.

To further verify the feasibility of SSD, we compared the accuracies of our Teacher and
Students from SSD with the COSMO-RS method (Figure 5.11A). For both Sets, the latter
Students show lower RMSEs than the earlier ones and Teacher, and their RMSEs become
comparable to that of COSMO-RS, demonstrating the effectiveness of the SSD. Regarding

Kendall T of Set A, our GNN models even exceed the accuracy of COSMO-RS. For Set B, the
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T values of Students are lower than that of COSMO-RS. However, it displays an increasing

trend for latter Students, indicating the strength of SSD.

Table 5.2 compares T and RMSEs for COSMO-RS and our final GNN model,
Student 35. For Set A, our model showed a higher t than COSMO-RS (0.87 vs. 0.77),
whereas 1 from Student 35 and COSMO-RS is 0.70 and 0.77, respectively, for Set B.
Our GNN resulted in a better correlation for Set Athan COSMO-RS, while COSMO-RS
performed slightly better in Set B. In terms of RMSE, our model achieved an RMSE
almost identical to that from COSMO-RS for Set A. COSMO-RS showed better
accuracy in Set B. Notably, Set B has fewer data points (63) than Set A (300), so Set A
can assess model accuracies better than Set B; we achieve better rank correlation
than COSMO-RS in Set A. Figure 5.11B depicts the parity plot of ML-predicted log P
vs. experimental ones. Overall, the model shows predictions close to experimental
ones. Log P of some cases in Set B is overestimated, but similar outliers were also
found from the COSMO-RS results.®? Accuracies for these data points can be
improved by considering AGs., of ionic species for predicting distribution coefficients
(log D) for acidic/basic solute molecules.

Another merit of our GNNs is chemical interpretability, which is possible by
quantifying and analyzing atom-wise contributions based on the procedure
described in our recent work.”® This analysis was inspired by the Shapley additive
explanation (SHAP) method.® The summation of quantified atom-wise contribution
values equals the predicted AGs,w. We examined our SHAP method for GNNs for

estradiol (Figure 5.11C) in two different organic solvents and water to explain a higher
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experimental log P value in butanol-water (3.05) than in toluene-water (2.02). The
aromatic moiety decreases the solubility in water because it is a polar solvent. The
same moiety shows solvation stabilization in toluene, presumably due to non-
covalent interactions between toluene and estradiol, whereas the methyl and
hydroxyl groups in the aliphatic ring display unfavorable interactions with toluene.
Estradiol in 1-butanol shows overall stabilization since either alkyl or hydroxy group

in 1-butanol can stabilize aliphatic, aromatic, and hydroxy groups through dispersion
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Figure 5.11: (A) Prediction accuracies of log P for Teacher and Student models when RMSE and Kendall rank
correlation coefficient (7) are used as metrics. (Red: Set A, Green: Set B) (B) A parity plot showing the experimental
vs. predicted log P values for a total of 363 data points. (C) Atom-wise contribution values obtained using the
Shapley additive explanation (SHAP) method, for AGsow of estradiol in three different solvents. The SHAP analysis
was conducted to chemically explain different log P values in two organic solvents.
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interaction and hydrogen bonds. Such difference in atom-wise contributions and
chemical interactions leads to higher solvation stabilization in 1-butanol than in
toluene, and thus a higher log P. The quantified contribution values are consistent
with chemical knowledge, enabling the chemistry-informed design of solvent
systems.

All these results indicate that our GNNs reliably capture solubility trends and
accurately predict log P values in different organic solvents. It should be emphasized
that GNN predictions of log P take less than one second and are as accurate as
COSMO-RS, whereas QM and COSMO-RS calculations are expensive (usually several
hours or days per one molecule). Rapid and reliable log P predictions would lead to
the computational solvent design for separation processes in organic,
pharmaceutical synthesis, and renewable energy industries.

5.4: Conclusions

Solubility is a critical molecular property when designing chemical processes
such as synthesis and separation in organic, pharmaceutical, and sustainable
chemistry. Many ML models have been developed but lack reliable integrations of
experimental and computational solubility databases to maximize the database size
and, thus, prediction accuracy. To reduce the discrepancies among different data
sources, semi-supervised self-training methodologies were adopted in solubility
predictions, leading to self-evolving solubility databases and GNN predictive models.
The resulting model showed reliable accuracy and was subsequently applied to

practical examples of solvent selection in chemical reactions and separation
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processes. All these results demonstrate the practical applicability of the developed
model to the design of solvent systems in chemical processes.

Such approaches can be potentially improved by employing multiple QM
methods during data augmentation. Particularly, additional QM calculations can be
performed for transition states, radicals, ions, and other charged species in solution
phase using reliable methods. Accuracies of predicting solubilities of zwitterions can
also be improved. In terms of the molecular scope, the database adopted for model
training can be expanded to organometallic complexes in addition to the organic
molecules in the current database. Meanwhile, considering temperature effects on
solubility in ML models should be pursued in the future to achieve the application of
the model to a broader scope of chemistry. Lastly, predicting solubilities in
multicomponent solvents is another challenge in developing future ML models,
which would lead to the realistic modeling of mixtures utilized in various chemical
reactions and separation processes.
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CHAPTER 6: Reactive Behavior through Intermolecular Interactions: Predicting Blend
Cetane Number

6.1: Chapter Overview

In this chapter, we detail a study of combustion efficiency dictated by intermolecular
interactions between components of a biofuel surrogate blend consisting of two or more
pure fuel surrogate molecules. This efficiency is numerically characterized by an
experimentally derived quantity known as the blend cetane number, a measurement
analogous to the octane number used to categorize gasoline fuels. The cetane number (CN)
is hence a measurement of fuel reactivity as compared to that of the n-alkane cetane
(C16Has4). A higher CN fuel is more reactive than a lower CN fuel. While on the surface, this
may appear to be beneficial, due to the design of a diesel engine, higher reactivity fuels can
sometimes be less efficient and produce higher emissions than their low CN counterparts.
Diesel engines rely on compression to ignite a premixed fuel-air mixture, in contrast to the
spark plugs used for ignition in a gasoline engine. Studies in the literature have shown that
lower CN fuels promote increased mixing and homogenization of the fuel-air mixture,
mitigating the formation of particulate emissions.” Alternative designs using a mix of high
and low-CN fuels have also been developed, such as the reactivity controlled compression
engine (RCCI)2. The ratio of high and low reactivity fuels is critical: too mcuh high reactivity
fuel affects the operatable range of the RCCI engine, while too much low reactivity fuel

affects thermal efficiency.>*
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Due to the interconnected relationship of CN and engine operating characteristics,
knowledge of fuel CN is a critical parameter in engine design. While measurement of CN has
recently been standardized through the use of standardized devices like the Cooperative
Fuel Research (CFR) Engine, Ignition Quality Tester (IQT), and Advanced Fuel Ignition Delay
Analyzer (AFIDA), a significant number of CN values reported in the literature use arbitrarily
designed constant-volume combustion chambers similar to bomb calorimeters, injecting

bias and variable aleatoric uncertainty into each measurement.

Thus, sophisticated curation strategies must be employed to build datasets suitable
for model training. In a previous study, we employed a data weighting strategy to consolidate
measurements from disparate experimental datasets published in the literature. A sample
weighting approach was employed to preferentially weight experimental measurements
conducted with the standardized methods mentioned above during model training; the
resultant model achieved state-of-the-art predictive accuracies on CN prediction tasks for

single component fuel surrogates.®

Due to the growing interest in multi-component fuel design strategies, an approach
capable of robust predictions for surrogate fuel blends is necessary. In this work, we expand
on our previous model to extend model predictions to multicomponent fuel surrogate
blends: we utilize a mixing operator to combine predictions for individual blend
components. The resulting model accurately captures deviations from nonlinearity in
multicomponent biofuel surrogate blends of up to 12 different pure compound components.
We introduce a novel analytic strategy to quantify deviations from nonlinearity, allowing the

degree of deviation to be predicted from a single blend prediction.
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6.2: Introduction

As the regulations on the emission from medium-to-heavy duty vehicles get
stringent, the combustion strategies in internal combustion (IC) engines get diversified,
requiring a high-performance fuel (HPF) tailored to each application. Cetane number (CN)
has been considered an important fuel property in designing HPFs as it affects the
performance, thermal efficiency, and stability of IC engines. For example, partially premixed
compression ignition (PPCI) engines need low-reactivity fuels (low CN) to increase the fuel-
air mixing time, which effectively reduces both soot and nitric oxide emission. ® On the other
hand, reactivity-controlled compression ignition (RCCI) engines require a high CN fuel to
ignite the ambient fuel-air mixture with low-reactivity, typically natural gas, ethanol, or

ammonia.*

In this regard, a priori prediction of CN has been of particular interest to both the
automotive and refinery industries. One old study from DeFries et. al. correlated the CN with
the number of different carbon types identified from the proton nuclear magnetic resonance

("H NMR) spectroscopy.’ The derived correlation successfully predicted the CN of 67 diesel
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fuels with a deterministic coefficient (r?) of 0.992. This finding stimulated further efforts in
the CN prediction based on molecular structural features such as the number of double
bonds and carbon atoms.® The group additivity model is one of the most comprehensive
ways to correlate the molecular structure and the CN, while the contribution of each
molecular fingerprint is still under investigation.® A recent paper from our research group
also utilized the group additivity for estimating the CN of ether-containing fuels based on
their key molecular features (number of primary, secondary, tertiary, and quaternary
carbons adjacent to or far from oxygen atoms), showing a remarkable accuracy with mean

square error (MAE) of 6.14 on 55 saturated linear, branched, and cyclic ethers.™

Meanwhile, machine learning (ML) technologies are being recognized as a
promising way of predicting CN. Santana et al.' provided one of the earliest examples of
applying ML in CN prediction. Their model was based on the multilayer perceptron with
back-static propagation, reproducing the experimental CN of 147 hydrocarbon fuels with
a standard error of 8 CN units. The ML model was further exploited to cover the
oxygenated fuels several years later by Saldana et al.’?, where the final model combining
the feed-forward artificial neural network, support vector machines, and partial least
squares regression showed the MAE of 4.7 on the 229 CN data points of hydrocarbons
and oxygenates. Follow-up studies from other research groups'-'¢ have increased the
size of the training dataset while keeping the prediction accuracy within a reasonable
bound (~5 CN units). As an example, our previous study® applied the graph neural
networks (GNN) for CN prediction to leverage the successful results from the group

additivity model. With a proper evaluation of uncertainty in the database, the GNN
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predicted the CN of single compound fuels with an MAE of 2.4 CN units on the biggest
dataset ever (630 single compound fuels), showing the competence of GNN in CN

prediction.

Despite the recent progress in the CN prediction for single compound fuels, those for
multicomponent fuels are still a challenging problem. Most prediction models for
multicomponent fuels require the fuels' physical properties as input variables,’ which is not
viable in the de novo design of HPFs. Otherwise, the CN of multicomponent fuels is
estimated as the linear combination of each component's CN, so-called the linear mixing
rule.'®' However, the linear mixing rule of CN can sometimes fail due to the complicated
synergistic effect between individual components in the fuel. The recent study from Fioroni
et al.?° suggested that the synergistic effect for research octane number (RON; inversely
correlated with CN?') originated from the OH radical scavenging of low-reactivity
components. Their simulation results indicate that the fuel that forms a resonance
stabilized radical through OH addition reaction is the most effective in inducing the
synergistic effect in RON of multicomponent fuels, which suggests the strong dependency

of the blending nonlinearity on the structural features of individual components.

As an effort to resolve this complicated nature of multicomponent fuels' CN
prediction, a previous study by Basu et al.?? utilized an artificial neural network for predicting
the CN of 60 multicomponent diesel fuels based on their structural parameters observed
from 'H NMR. They divided the spectra from 'H NMR into 17 regions to represent the
structural features from different molecular groups (n-paraffins, iso-paraffins, olefins,

cycloalkanes, and aromatics), based on which the ANN model shows reasonable accuracy
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for both training and validation set (r* = 0.91 and 0.85, respectively). Recently, Dalmiya et
al.® applied convolutional neural networks (CNNSs) in predicting the multicomponent fuel's
CN. They measured the infrared spectra of multicomponent fuels on 2400 - 800 cm™ to
characterize the molecular fingerprints of individual components. The measured spectra
were directly used to train the CNN model and predict the CN of multicomponent fuel, which
showed remarkable accuracy in reproducing the experimental CN of 88 single compounds
and multicomponent fuel (mostly jet fuels) with R? over 0.93. These two studies suggest the
machine learning model is a promising way to connect the molecular fingerprints of

individual components to the CN of multicomponent fuels.

In this study, we suggest a novel structure using GNN to predict the CN of
multicomponent fuels. To do so, we assemble the largest database of experimental CN
measurements to date. Then, using a linear approximation of nonlinear blending behavior
with a learned weight matrix, our novel model can accurately predict the CN of fuel blends
containing up to 12 distinct chemical species. Here, we present the structure of the model
and analyze its performance on a subset of the compiled dataset. We also present a detailed
analysis of the influence of the weight matrix in approximating nonlinear blending behavior.
It is our hope that the model will serve as a valuable tool for fuel scientists to formulate

surrogate blends with specific CNs and thus, ignition properties.
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6.3: Results and Discussion

6.3.1: Nonlinear Blending Behavior
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Figure 6.1: a) Nonlinear antagonistic blending behavior of ethanol-diethyl ether fuel blends. The experimentally
observed cetane numbers can be reproduced by using a nonlinear approximation for the blending behavior. observed
nonlinearities may be due in part to hydrogen bonding interactions between fuel components. b) Nonlinear
antagonistic blending behavior of 2,2,4-trimethyl pentane (iso-octane) fuel blends. Dispersive Van der Waals
interactions and kinetic factors may play a part in the observed experimental nonlinearity.

Fuel blends containing chemically diverse constituents often show nonlinear
blending behavior, i.e., the CN of a fuel blend need not be a simple linear combination of the
CN of its constituents. Since this behavior may be caused by a variety of factors, the
interactions are difficult to model in a generalizable manner with a single, closed form
expression. For example, as the concentration of ethanol is increased in a fuel blend
consisting of ethanol and diethyl ether, the CN exhibits a non-linear decrease (Figure 6.1a),
in contrast to a linear fit of the experimental data. It should be noted that the linear fit
referenced does not account for prior knowledge of pure compound cetane numbers, and

instead seeks to fit the full range of blending behaviors across constituent mole fractions. A
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recent theoretical study has shown that the stability of the transition state involved in
hydrogen abstraction and radical formation from fuel molecules is enhanced by hydrogen

bonding interactions, thus enhancing the rate of reaction and increasing reactivity/CN.?

On the contrary, a mixture of isooctane and tetralin exhibits first decreasing, then
increasing cetane number as the isooctane concentration is increased (Figure 6.1b). This
divergent behavior can be explained by the effects of dispersive Van der Waals interactions
between the two compounds; in addition, the cleavage of a carbon-carbon bond can result
in the formation of a highly stable tertiary butyl radical per inference using the ALFABET BDE

prediction tool %, accelerating the rate of downstream combustion reactions.

In addition, nonlinear blending behavior can be caused by the influence of
downstream oxygenated intermediates. Recent work has shown that several competing
pathways involving reactions of fuel species with the highly reactive peroxyl radicals can
lead to branching and chain propagation reactions, with the net effect of increasing
reactivity at lower temperature regimes. These reactions involve the formation of a
ketohydroperoxide intermediate and a hydroxyl radical.?*® On the contrary, at higher
temperature regimes, oxygen addition is inhibited, and B-scission reactions become more
prominent, leading to the observance of negative temperature coefficient behavior.?® This

complex variation of observed properties thus induces nonlinear blending behavior.

Thus, the problem we are faced with is twofold: any predictive model for blend CNs
must incorporate both intramolecular information about the chemical kinetics, and

information about intermolecular interactions. Here, we treat the intramolecular chemical
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kinetics using the GNN embedding; previous work has shown that the molecular embedding
utilized here is capable of learning the bond dissociation enthalpy of any bond in a
molecule.?® Since the bond dissociation enthalpy represents an energetic barrier to the slow
unimolecular hydrogen abstraction step that constitutes the initial reaction of a fuel
molecule during a combustion process, the neural network input embedding adequately
captures the kinetics of the reaction. Details about our GNN architecture are explained in

the following sections.

6.3.2: Formulation For Modeling Nonlinear Blending Behavior

As outlined in Figure 6.1, some mixtures exhibit non-linear relationships between

CNs and mole fractions of constituent molecules, and the predictive model should capture

* Vapor pressure of mixtures:
P, mixture = Zi (XiYi P, pure,i)
* Likewise, cetane number of mixtures:

CNmixture = E,- (Xi Yi CN ure,i)’
P

where v; CNyyrei = CN; = Z; (y; W),

(x; : Mole fraction, y; : Activity coefficient at infinite dilution)

cf. Linear regression (y; = 1)
CNpixture = Zi (Xi CNpure,i)r

* Example: Ethanol - diethyl ether mixture
CN,ure,i- €thanol, diethyl ether

W = 58 84 Infinite dilution CN of:
6.7 136.9 Ethanol in diethyl ether

Diethyl ether in ethanol

*i=1: Ethanol, i = 2: Diethyl ether,
X1 = 064: X2 = 036! CNmixture =

CN,=5.8-0.64+8.4-0.36 =6.71
CN,=6.7-0.64 + 136.9 - 0.36 = 53.59

CN,pixture = 6.71 - 0.64 + 53.59 - 0.36 = 23.59
(cf. Exp.: 23.8, Linear regression: 30.4)

Figure 6.2: Description of the assumptions and formulations for modeling non-linear blending behavior.
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these trends. To this end, the governing equation regarding the description of mixtures was
established and used in the ML model. Such formulation should be consistent with
underlying physics and thermodynamics regarding mixtures. Of note, the deviations from
the linearity are analogous to the non-ideal mixing behavior of vapor pressures of liquid
mixtures. As shown in Figure 6.2, the extended Raoult’s law formulates mixture’s vapor
pressure (Pmixure) @s a function of mole fraction (c;), activity coefficient at infinite dilution (g)),
and vapor pressure (Ppure,) Of each component.?”-? The activity coefficient g quantifies the
deviation from the linearity; if it is 1, the equation corresponds to a simple linear model for

ideal liquid solutions. Otherwise, it describes non-linearity.

Here, we hypothesize that the similar equation can also be applied to the CN of
mixtures (CNmixure), and accurate prediction of g;leads to better description of the non-linear
mixing behavior. CNnixwure can be predicted by calculating the summation of ¢;gi{CN,r.,i values
of each component (Figure 6.2). Inspired by the Wilson equation,*® giCN,.., term can be
equated to the summed value of ¢c;w;, corresponding to a CN contribution of componentiin
a given mixture (Abbreviated as CN;). Each row of the W matrix accounts for intermolecular
interactions when one component i is infinitely diluted with respect to others (j). One
example of W matrix is shown in Figure 6.2, for the ethanol — diethyl ether mixture. The
diagonal elements (w11=5.8, w»»=136.9) indicate CNs of pure ethanol and diethyl ether
determined by the regression. The infinite dilution of ethanolin diethyl ether, and vice versa,
is considered by the off-diagonal elements (w,=8.4, w»1=6.7). Then, CN contributions of

each compound (CN; and CN,) are evaluated by the linear combination of each elementin
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a row multiplied by a mole fraction. Lastly, CNmixwure is calculated by a mole-fraction-

weighted sum of CN; and CN..

It should be noted that W can be asymmetric due to different infinite dilution effects
from each component, which is useful for modeling the non-linear blending behavior. The
formulation with the W matrix well reproduces the experimental CN of the mixture with
64% ethanol and 36% diethyl ether (23.59 and 23.8 from the regression and experiment,
respectively). This estimation is more accurate than the linear regression which resulted
in the CN of 30.4, ultimately leading to a better description of non-linear blending behavior
than linear regression (Figure 6.2). Previous studies also adopted the similar
approaches; they developed the reliable composition-based predictive models for octane
and cetane numbers based on the analogy of CNs of blends with activity coefficients.'8:3
A root-mean-square error of 1.25 was achieved for CNs of 203 diesel fuel mixtures.3?
Here, we pursued the development of predictive models with broad applicability by using
more extensive database consisting of 1,143 data points and modeling non-linearity as a

function of molecular structures as well as mixture’s composition.

6.3.3: Baseline Analysis for the Predictive Model Development

Before developing the actual ML model, baseline model analysis was performed
for the model’s feasibility. Specifically, we validated our hypothesis regarding the
formulation shown in Figure 6.2 for modeling non-linearity. The whole database
consisting of 1,143 was used for the linear regression and the regression with W matrix,
based on the equations shown in Figure 6.2. Adopting the W matrix showed a lower mean

absolute error (MAE) of 0.74 compared to the linear regression (MAE: 1.86, Figure 6.3).
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Baseline model analysis
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Figure 6.3: Results from the analysis of two baseline models: (1) Linear regression of mixtures’ CNs in terms of mole
fractions and CNs of each component. (2) Regression with using the W matrix.

The higher accuracy obtained from the W matrix demonstrates the feasibility of predicting
non-linear blending behavior by considering infinite dilution effects, in analogy to the
equations for activity coefficients. However, the size of W matrix grows proportionally to
the number of components (N) in a mixture; it can be up to 12x12 within our database,

and potentially even larger for mixtures with more than 12 components.

For efficient calculations of W, we adopted a low-rank approximation scheme of W
(Figure 6.4). The (N x N) matrix W is obtained through a dot product of two matrices UT and
V whose sizes are (N x r) and (r x N) respectively. The rank, r, can be adjusted so that the
number of calculated matrix elements is minimized while maintaining the accuracy of W.
The direct evaluation of W requires N?calculations, whereas low-rank approximations can
reduce this number to 2rN. To find an optimal number of r, we repeated the regression with
U and V matrices with varying r. Figure 6.4 illustrates the MAEs from the regressions at

different r. =1 showed a MAE of 2.54, which is worse than that from linear regression, but a
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Low-rank approximation of W
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Figure 6.4: The low-rank approximation of W and accuracies from the regression with varying the rank r.

MAE of 0.82 was achieved at r=2. In other words, the rank of 2 is sufficient to obtain the
accuracy comparable to that from the full W matrix (MAE: 0.74). Increasing r to 3 and 4
slightly improved the accuracy with the MAEs of 0.78 and 0.75, respectively, but at the cost
of computational expense. Therefore, it can be concluded that r=2 is an optimal rank value

that can achieve the best compromise between accuracy and computational costs.

The insights gained from the above baseline analysis were utilized in building graph
neural networks (GNNs) for predicting CNs of mixtures with incorporating the W matrix. The
GNNs are for embedding molecular structures of each component and considering
‘intramolecular’ structural effects on CN. The subsequent part of the model accounts for
the ‘intermolecular’ influences on CN by constructing W with the r=2 dimensionality

reduction. Details are discussed in the next section.
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6.3.4: Graph Neural Networks and Molecular Representations

Figure 6.5 illustrates the architecture of our GNN. The first part consists of N parallel

message-passing neural network (MPNN) blocks for encoding individual component

molecules in a mixture and accounting for their chemical structural effects on CN. Of note,

the model was trained to predict CNs of mixtures consisting of up to 12 components, as 12

is the maximum number of components in our curated database. However, in principle, the

model architecture can be readily modified and expanded to any numbers of components.

Two-dimensional molecular structures are given as inputs, with their atom and bond

features. The model also inputs two global features (The number of hydrogen bond donors

and acceptors: Nusp, Nusa). Such features influence fuels’ physicochemical properties

pertinent to CN, such as heat of vaporization, boiling point, reactivity, enthalpy of mixing,

and non-linear mixing behavior of CNs (Figure 6.1).>%%%
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Figure 6.5: Architecture of our graph neural networks for predicting cetane numbers of mixtures
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All these features are embedded as vectors and undergo message layers in which
mathematical operations amongthe vectors are carried out. Passing through multiple layers
enables the modelto learn local and non-local environments of atoms and bonds, and thus,
theirimpacts on CN. All the MPNN blocks share the trained weights, akin to Siamese neural
networks, so that the whole GNN is trained consistently with respect to various compounds
in the database. We successfully applied the similar MPNN architecture to predicting CNs
of pure fuel compounds including 630 hydrocarbons and oxygenates, with an overall MAE of
5.34 from the 10-fold cross-validation.® While the model for pure compounds has only one
MPNN block and outputs the CN, here, each of MPNN blocks outputs a four-dimensional
vector for component i (u+;, Uz, V1i, Vai, Figure 6.5) that is used for modeling multicomponent
interactions. These vectors from the GNN blocks correspond to learned representations of

a component in a mixture.

The dimension of four was chosen because the rank of 2 was found to be optimal in
the baseline model analysis (Figure 6.4) for the low-rank approximation of W by multiplying
two matrices (U and V). The former and latter two elements comprise U and V, respectively:
(u4i, u2) and (v1i, vai) for component i. These four-dimensional vectors are collected from all
MPNN blocks and then then concatenated, resulting in two (N x 2) matrices for rank-2
approximation: U=[(u1, Uz21), (U2, U22), ..., (Uin, Uzn)] @nd V=[(Vi1, V21), (V12, V22), «oey (Vin, Van)],
where N is the number of components. Next, U and V are multiplied to obtain W=U"V. The
elements of W are trained and adjusted so that it can account for the infinite dilution effects

when one component is mixed with the other, and vice versa.
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In summary, a multi-partite graph neural network was constructed, with parallel
GNNs producing independent representations of each blend component molecule. The
W matrix associated with rank-reduced approximations is then learned in conjunction with

the molecular representations to predicted CNs of mixtures.

6.3.5: Model Training and Evaluation of Model Accuracy

The GNN depicted in Figure 6.5 was then trained, and its accuracy was evaluated.
The database was splitinto five parts for the 5-fold cross-validation (Figure 6.6a). Each fold
consists of 216, 205, 223, 233, and 266 data points, respectively. The numbers of data points

are not identical among the folds, since each mixture has different number of data points
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Figure 6.6: (a) Data splits for the 5-fold cross-validation, with the number of data points for each chunk of data. (b) A

parity plot depicting the accuracy of the training and test sets of Model 1. (c) A parity plot of test sets from three
repetitions of the 5-fold cross-validation, with the standard deviations of three predicted CN values per each data

point. (d) A histogram showing the distribution of standard deviations of three predictions for the whole dataset (1,143
data points).
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with varying mole fractions. For example, in Figure 6.1a, there are 13 data points for the
ethanol - diethyl ether mixture, whereas for the iso-octane - tetralin mixture (Figure 6.1b),
10 different compositions exist in the database. The five-fold data split was carried out
multiple times with changing random seeds, and the random split was chosen so that the
deviation of data points among the folds is minimized. Then, five models were trained with
changing training and test sets (Model 1 -5, Figure 6.6a). The training:test set ratio was kept

approximately 80:20.

Figure 6.6b shows the parity plot for Model 1. The MAEs for the training and test set
are 2.16 and 3.82, respectively. It should be emphasized that this accuracy is comparable
to or higher than previous studies,>%1271522.23.32.35 hjle the largest database was used (1,143
data points). Moreover, these MAEs are like the uncertainty of experimental CN
measurements using standard devices such as CFR, IQT, and AFIDA. The typical
reproducibility ranges of these devices are 2.8-4.8, 1.6-2.6, and 1.5-2.3 CN units,
respectively, for CNs of diesel fuels ranging from 40 to 56.5°¢3® Model 1 was used for the
subsequent analysis regarding how the model describes non-linear mixing behavior (vide
infra). Furthermore, the 5-fold cross-validation was repeated for three times, and the
accuracy of test sets from all folds were assessed, to confirm that the model is not

susceptible to overfitting.

Figure 6.6¢ illustrates the results from the 5-fold cross-validation with triplicate runs,
resulting in a total of 15 separate validation runs. Predicted CNs were obtained by averaging

three CNs, and the standard deviation from three predictions were also plotted. Of note, in
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Figure 6.6c, there are no data points from the training set, and the whole database is
considered as the test set through the 5-fold cross-validation. The MAE is 3.41, showing no
significant increase in the error when only test sets are used for the model evaluation. We
also analyzed the standard deviations of predicted CN values from triplicate runs (Figure
6.6d); Most of the standard deviations (92.5 %) do not exceed 3.0, which is also comparable

to the experimental uncertainties discussed above.

6.3.6: Interpretation of the W Matrix Trained for Modeling Nonlinear Blending Behavior

Next, we use a per-blend additive approximation to linear mixing behavior via the use
of a learned weight matrix to model the intermolecular interactions. Approximation of
nonlinear behavior with linear transformations has previously been well established in the
fields of dynamical systems and process modeling. For instance, von Neumann and
Koopmans’ formulation of the Koopman operator for the time evolution of classical systems
has been rigorously studied.***° While it is possible to construct an infinite dimensional
Hilbert space operator that accurately describes the dynamics of the system, computer
systems are incapable of treating such infinite-dimensional operations. Thus, the task
becomes one of finding a high-fidelity, finite dimensional operator that approximates the

linear, infinite dimensional operator, which in turn approximates a nonlinear operator.

Here, we are faced with a similar goal: the approximation of an accurate finite-
dimensional, low rank linear transformation that describes the nonlinear blending behavior
observed when different fuel compounds are mixed. Unlike the Koopman operator problem,

however, we are not faced with the issue of resolving the behavior of our system along an
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Figure 6.7: K-means clustering followed by 2D UMAP embedding of weight matrices for test set fuel blends. Clustering
utilized 3 disparate clusters in the 12D latent space, corresponding to linear, synergistic, and antagonistic blending
behavior respectively. The number of clusters used by the k-means algorithm was validated by silhouette score analysis
(Appendix E, Figure S2).

infinite number of dynamical modes; instead, we only need to treat mixing between blend
components, thus constraining our linear operator (written in the form of the square weight
matrix W) to the number of blend components, 12. To further reduce the complexity of the
interaction behavior, and to aid in interpretation, the weight matrix was further subjected to
a low-rank approximation; it was found that using a four-rank matrix for CN prediction

yielded a mean absolute error of only 0.01 CN more than the full-rank matrix (Figure 6.4).
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Since the weight matrices represent a concentration-independent means of
characterizing intermolecular interactions, they were then subjected to further analysis, to
further investigate the non-linear nature of the blending interaction. Clustering and
dimensionality reduction was performed using k-means clustering followed by Uniform
Manifold Approximation and Projection (UMAP) embedding*' on the full rank learned weight
matrices. It is observed that three distinct clusters are found (Figure 6.7); broadly, these
correspond to blends that exhibit synergistic (cetane number higher than predicted by a
linear model), antagonistic (cetane number lower than predicted by a linear model), and

linear additive behavior. Since similar matrices are clustered together in the 12-dimensional
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Figure 6.8: Scaled symmetry scores for binary mixtures in the test set fuel blends. Calculated symmetry scores
were scaled to 100 for ease of interpretation.
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latent space, the model can identify similar types of blending interactions and construct

weight matrices accordingly.

This behavior was further analyzed by quantifying the degree of asymmetry in the
learned weight matrices. As previously stated, the asymmetry in the weight matrices arises
from infinite-dilution effects for each component — thus, the more asymmetric the weight
matrix, the higher the deviation from linear blending behavior. Here, we study the degree of
asymmetry for binary mixtures in the test set blends (binary mixtures were chosen to aid in
interpretation of results). The degree of asymmetry is quantified by decomposing the matrix
into purely symmetric and antisymmetric parts, and comparing the magnitude of each

utilizing a Frobenius norm (written as ||||z,.,5) based symmetry score:

1
I/Vsym = E w+ WT) 6.1
1 T
Wantisym = E(W -w ) 6.2
| M/Symm | - | Wantisymm |
Symmetry Score = | Frob | Frob 6.3

||M/Symm||Frob + ||Wantisymm| Frob

Blends with higher symmetry scores show linear mixing behavior, while those with
lower symmetry scores show nonlinearity (Figure 6.8). For ease of interpretation, the

symmetry scores were divided into three equally spaced broad classes: nonlinear blending

190



Dodecane - Propylbenzene

H (@)} (o]
o o o
| | |

Blend Cetane Number
S
|

0.0 0.2 0!4 0!6 O!8 1.0
Mole Fraction of
Dodecane
e Experimental
Linear Blending
Nonlinear Blending

Figure 6.9: Linear blending behavior of the dodecane-propylbenzene fuel blend. By quantifying the asymmetry presentin
the learned weight matrix for this blend, this linear behavior can be predicted a priori.

(scaled symmetry score of 0-33), moderately linear blending (scaled symmetry score of 34-
67), and linear blending behavior (scaled symmetry score of 67-100). As expected,
hydrocarbon mixtures show greater symmetry, indicating tendencies toward linear blending
behavior, while those mixtures containing oxygenated compounds show greater asymmetry
and thus more nonlinear mixing behavior via intermolecular interactions. For example, for
the linear blending behavior mixture of dodecane and propylbenzene shown in Figure 6.9
obtained by varying the mole fraction of dodecane from 0.0 (pure propylbenzene) to 1.0
(pure dodecane), the calculated CN using the weight matrix based linear approximation is
46.6; the model predicted cetane number is 46.6, while the experimentally derived

measurement is 44.5. The above analysis demonstrates that the governing equations for
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describing mixtures (Figure 6.2) are valid and the model can distinguish the fuel blends that

show linear or non-linear blending behavior.

6.4: Conclusions

We developed the GNNs that predict CN of multicomponent mixtures that can be
fuel surrogates. Rapid predictions are possible as the model uses only the atom, bond, and
molecular features generated from 2D structures. We achieved the high accuracy
comparable to experimental uncertainties, with MAEs ranging from 3.4 to 3.8 from the 5-fold
cross-validation. The standard deviation of predicted values did not exceed 3.0 for most
cases when the model was trained three times. The model considers the effects of
intermolecular interactions on CNs by adopting the formulation in analogy to the equations
for activity coefficients in mixtures, leading to the prediction consistent with underlying
physics and thermodynamics of mixtures. To further verify feasibility of the model, we found
the relationship between the fuel’s non-linear blending behavior and the values of trained

weight matrix (W) in the hidden layer.

The GNNs for CN of mixtures manifest a successful expansion of our previous GNN
for single compounds, by modeling both the influence of chemical structures and the
infinite dilution of each molecule on CN. The model reliably reproduced the non-linear
synergistic/antagonistic blending behavior of mixtures with respect to varying mole
fractions of constituent molecules. Our approach will aid the design of new fuels with a high
CN and can also be combined with predictive models for other fuel properties such as yield

sooting index. Such integration of predictive models would enable the discovery of low-
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emission and high-performance fuels, responding to the recently increasing demands on

mitigating environmental impacts of vehicles while maintaining high engine performance.
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CHAPTER 7: Interactions of Molecular Ensembles with their Environments:

Conformationally-Aware Foundation Models for Property Prediction

7.1: Chapter Overview

In this chapter, we present a preliminary investigation examining how distributions of
molecular conformations affect physical properties and highlight future studies to confirm
our results. We focus our attention on characterizing the conformational distributions of
macrocyclic peptides, an important class of molecules that have shown much recent
promise as therapeutic agents. Notably, macrocyclic peptides show contradictory behavior
to traditional structure-based heuristics for membrane permeability and bioavailability;
recent studies have shown that this exceptional behavior may be due in large part to
conformational flexibility. For instance, as a macrocyclic peptide passes through a
phospholipid bilayer, such as the cell membrane, it moves from a hydrophilic environment
to a hydrophobic one. Experimental studies have shown that the macrocyclic peptides
change conformation as they move to a hydrophobic environment in such a way that shields
exposed polar groups and limits their solvent accessibility, dynamically changing the

peptide’s logP.

We hypothesize that explicitly encoding this dynamic reparameterization will allow
us to build a foundation model combining macrocyclic peptide electrostatics and geometric
flexibility. Our preliminary model, PECAN (Peptide Electrostatics through Conformation-
Agnostic Networks) is pretrained on conformational ensembles and energies from the

literature. Downstream finetuning tasks then make use of learned weighted pooling
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functions to learn property-specific reparameterizations for the conformational Boltzmann
ensemble. Initial fine-tuned models show performance competitive with state-of-the-art
models in the literature. However, detailed ablation studies, model architecture
benchmarking, and model analysis are required to confirm our findings and further improve

model performance.

7.2: Introduction

Conformational ensembles are an often overlooked but increasingly critical
component of targeted molecular design. It is convenient, and often sufficient, to treat the
minimum-energy geometry of a molecular species as representative for modeling tasks; for
instance, often during mechanistic investigations, the minimum energy conformer is treated
as the de-facto molecular structure. In reality, however, a multitude of structures exist
described by the conformational Boltzmann ensemble, a probability distribution over all
possible molecular structures. Experimental measurements are thus a weighted average

over this ensemble.

The minimum energy structure corresponds to the peak of this probability
distribution; as such, itis the most commonly present structure, and its properties dominate
that of the conformational average measurement. The makeup of this distribution can be
inferred computationally by conformational sampling, energetic calculations, and the
application of an appropriate partition function. However, these calculations depend on the
molecular environment: the minimum energy conformer in the gas phase need not be the

minima in a solvent environment. For instance, hydrophobic interactions may lead to the
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deweighting of conformations exposing polar atoms in a nonpolar solvent; the opposite may

be true in a highly polar solvent.

This conformational reweighting has been heavily implicated in numerous chemical
phenomena, especially in those shown by macrocyclic peptides, a class of molecules that
have shown much recent promise as non-traditional therapeutic agents. Traditional drug
design campaigns have been guided by heuristic rules such as Lipinski’s Rule of 5, biasing
efforts towards compounds with low molecular weights and specific lipophilicities.
Macrocyclic peptide therapeutics represent departures from this paradigm, with recent
blockbuster drugs such as semaglutide, lurbinectedin, and lorlatinib breaking most of these

established heuristics.™

This clinical and commercial success has prompted investigation into the
unexpected properties of these compounds. Two interdependent examples that have been
the subject of much recent study include membrane permeability and binding affinities,
properties that have been shown to be dependent on chameleonic conformational changes
in the peptide macrocycle (vide infra).?®° To design molecules with therapeutic utility, both

properties must be simultaneously optimized.

For permeability, macrocycle backbones must have enough flexibility to allow facile
exposure/shielding of hydrogen bond donor-acceptor pairs, while also remaining small
enough to allow for passive transport through membrane leaflets. Traversing the cell
membrane phospholipid bilayer involves a transition from the polar, hydrophilic extracellular

environment to the nonpolar, lipophilic membrane. This process thus favors a shift in the
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conformational ensemble from one that maximizes the solvent exposure (i.e., stabilizing
hydrogen bond interactions) of backbone amide groups, to one that favors conformers which
shield polar amide groups from solvent exposure."™ In addition, neither ensemble
corresponds to that commonly used in computational studies, the global energetic minima
at 298K in vacuum.’ Notably, several studies have shown poor correlations between cell
permeability and calculated lipophilicities, suggesting that this dynamic ensemble shift is

crucial to parameterizing membrane permeability.’>'*"®

Onthe other hand, peptide therapeutics must be able to bind strongly to their targets.
Oftentimes, this binding is mediated by large-scale conformational changes in the peptide
structure due to interactions with the target and the surrounding environment; in some
cases, the bioactive form of the macrocyclic peptide can constitute as little as 4% of the
population in solution.' In a recent generalized study of macrocyclic peptides, Brueckner
and coworkers analyzed computed strain energies for 156 protein-target cocrystal
structures.? It was found that conventional position-based restraints used when modeling
bound states yielded unphysical strain energies; instead, low energy conformational
ensembles generated using the xGen software?' were found to fit the measured electron
density while yielding a reasonable balance between peptide ligand strain energy and
complex binding enthalpy. Notably, the generated conformational ensembles show marked
structural deviations from those generated via conventional methods, indicating large scale
induced conformational changes on binding. On the other hand, a targeted study on protein

kinase CK2 inhibitors found that a designed 11-mer peptide shows strong inhibition of CK2p.
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On binding, this structure forms a B-hairpin shape which is highly disrupted in alanine

scanning studies. ?*?3

In contrast to the physical picture, existing neural network (NN) models for predicting
the properties of macrocyclic peptides neglect this strong coupling to ensemble statistics.
Two main classes of NN models exist: 2D QSAR and fingerprint-based models discard 3D
structure, instead relying on 2D graph topology or carefully selected descriptors to infer
ensemble physical properties, while single-conformer 3D models use a fixed geometry
encoded by a message passing graph neural network or rotationally equivariant architecture.
While the incorporation of shape information in 3D models adds an additional physically
relevant inductive bias to the purely topological 2D models, 3D models remain agnostic to
conformational redistribution; neither model class directly encodes the prediction task as

function of an environment-dependent conformational ensemble.

The variation in conformer geometry gives rise to an additional challenge in input
representation. A complex interplay exists between 3D shape, which determining steric
properties and solvent exclusion behavior,?** topological flexibility, which encodes
conformational rigidity,?®2® and electrostatics, which encodes how electronic charge is
distributed across the ensembles and thus how it redistributes with changes in ensemble
weights.?**° No existing strategies incorporate all three representation types simultaneously;
instead, existing models focus on individual representations, discarding information
encoded by the other types, and ignoring the strong coupling of these three properties:

shape determines whether conformers are sterically accessible, topology encodes which
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parts of the macrocycle confer conformational flexibility, and electrostatics govern solvent

interactions driving conformational reweighting.

Recently developed large-scale conformational datasets, however, may enable
alternative approaches. The CREMP dataset developed by Grambow and coworkers®
presents a collection of over 31 million geometries corresponding to 36,198 unique
macrocyclic peptide sequences. Sequences were selected via combinatorial enumeration
of possible 4-, 5-, and 6-mer homodectic macrocycles consisting of canonical amino acids.
In addition to side chain variation, L- and D- amino acids were considered, as well as N-
methylation. Conformers are generated using the metadynamics-based CREST sampling
tool;*? inputs to the CREST tool were obtained by optimizing 1000 conformers generated by
the rdkit®*3/MMFF943* with GFN2-xtb®* using the ALPB solvent model in chloroform and
selecting the lowest energy conformer. GFN2-xTB energies calculated at 298K are also

provided for each conformer in the CREMP dataset. In total, 3.9 million CPU core-hours of
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Figure 7.1: Overview of the PECAN model architecture. 3D conformational ensembles of macrocyclic peptides are used to
pretrain the PECAN foundation model; ensembles from the literature (CREMP DB) are currently used for pretraining, but
tools like the confsweeper package (currently under development) can be used to rapidly generate suitable conformational
ensembles. Geometry reconstruction, topological reconstruction, and electrostatic reconstruction tasks are trained to
generate a unified representation of macrocyclic peptide physical characteristics. The resultant model embeddings can
be used for downstream fine-tuning prediction tasks, such as membrane permeability, binding affinity, etc.
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compute time were expended to generate this dataset, making it a valuable resource for
model training. Despite its availability, to the best of our knowledge, no large-scale

discriminative model has been released the CREMP dataset for model training.

In this work, we present a unified foundation model bridging macrocyclic peptide
structure, shape and electrostatics, PECAN (Peptide Electrostatics through Conformation-
Agnostic Networks). The PECAN model uses a multiobjective pretraining strategy (Figure
7.1) to learn a) encodings of molecular geometry through pairwise distances; b) encodings
of conformational ensemble electrostatics via electrostatic potentials projected onto
spherical harmonics; and ¢) encodings of conformational ensemble topology via variance of
topological persistence barcodes across the ensemble. Parallel trunks process per-
conformation geometry-based embeddings and per-ensemble electrostatic and topology-
based embeddings separately, allowing the same model to encode both per-conformer and
ensemble aggregate properties. Conformational weights are explicitly encoded in the
ensemble aggregation step; this weight is adjusted during downstream fine-tuning steps to
reweight the ensemble for specific properties of interest. We will evaluate the performance
of the PECAN foundation model using two examples of model fine-tuning for specific
property prediction tasks: a) membrane permeability as measured by the PAMPA
permeability assay;***® and b) binding affinity to the KRAS protein implicated in cell
proliferation and differentiation.®*#° Preliminary investigations show that PECAN
embeddings can be used in downstream models to predict macrocyclic membrane
permeability; detailed optimization of the fine-tuned permeability model and training of the

binding affinity fine-tuned model is ongoing, along with detailed analysis of the foundation
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model and ablation studies. After training is concluded, we will perform analysis of learned
model conformational weights to reveal the role of individual conformers on membrane
permeability and binding affinity, with the end goal of using this information to guide

downstream design of membrane-permeable and high-affinity macrocyclic peptide binders.

7.3: Results, Future Work, and Discussion

7.3.1: Dataset Generation and Conformer Ensemble Processing

The CREMP dataset curated by Grambow and coworkers was used as a starting point
for database creation.®® The CREMP dataset consists of 31.3 million conformers
corresponding to 36,198 macrocyclic peptide sequences sampled by CREST metadynamics
simulations. Accompanying energetics are calculated at the GFN2-xTB level of theory at
298 Kin ALPB chloroform. Peptide sequences consist of 4-, 5-, and 6-mers, with constituent
amino acids sampled by combinatorial enumeration of canonical amino acids, L/D isomers,

and N-methylation.

Conformers from the CREMP dataset were obtained to construct a pretraining
dataset. H-atoms were then stripped, and features for both atoms (one-hot element
encoding, one-hot hybridization encoding, formal charge, binary aromaticity, binary ring
membership, one-hot chirality flag, xyz coordinates) and bonds (one hot bond type, binary
conjugation, binary ring membership, xyz bond vector) were computed. To allow the testing
of different equivariant architectures for the foundation model (vide infra), a molecular graph
was constructed from the raw coordinate xyz files in the CREMP dataset using an 8 A

distance cutoff. Molecule indices were assigned to each conformer to keep track of peptide
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sequence identity during pooling operations (vide infra); zero padding conformers (all zero
positions) were used to account for differences in numbers of conformers. Such padding

conformers were assigned Boltzmann weights of zero.

In this preliminary study, no filtering or deduplication of conformers was performed;
rather, the raw outputs from CREST present in the CREMP dataset were used as is. This
presents two potential related problems for production fine-tuning stemming from the
cutoffs used by the CREST software to determine whether two conformers are duplicates or
not. CREST uses three simultaneous cutoffs to do so: an energetic cutoff of 0.1 kcal/mol, an
RMSD cutoff of 0.125 A, and a rotational constant cutoff of 15.0 MHz. If two structures have
an energetic difference over the energetic cutoff, an RMSD over the RMSD cutoff, and a
rotational constant difference over the rotational constant cutoff, the structures are
considered distinct conformers; if they instead have an RMSD over the RMSD cutoff, but
energetic difference and rotational constant difference below the respective cutoff values,
the structures are considered distinct rotamers. All other cases are considered to be

duplicate conformers. Both conformers and rotamers are returned by default.

These cutoff values result in high coverage of the conformer space, but frequently
result in nearly identical structures being counted as distinct conformers. For instance, the
accuracy of most density function theory (DFT) functionals is limited to 2 kcal/mol; the
literature standard for “chemical accuracy” is considered to be 1 kcal/mol. As such, the
usage of default cutoff values for CREST in creating the CREMP dataset may result in over-

representation of the conformational landscape, and filtering strategies, such as RMSD or
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torsional fingerprint-based Butina clustering must be benchmarked to ensure overfitting

does not occur. This analysis will be performed in future work.

The conformer structures were from the CREMP dataset were used to generate
targets for training the PECAN model. Three separate target classes are used for pretraining:
a) pairwise distance reconstruction for encoding geometry; b) discretized electrostatic
potential reconstruction for encoding electrostatics; c) persistence image reconstruction
for encoding topology. Reconstruction proceeds through a dynamic masking strategy at
training time, as commonly used in training transformer-based models.*' The distance
matrix is generated by computing pairwise distances between heavy atoms within each
conformer; since the resultant matrix is symmetric, only an upper triangular version is used

as a label.

Discretized representations of the electrostatic potential for each conformer are also
computed. Two distinct representations are computed and concatenated to obtain the final
training target: a projection into spherical harmonics, as well as a per-atom representation.
To compute the spherical harmonic projection, the per-conformer electrostatic potential is
evaluated on a 200-point Fibonacci sphere centered at the molecule’s center of mass, with
radius 1.5x the maximum heavy-atom distance from the center. The electrostatic potential

is computed from Gasteiger charges* obtained from rdkit via the Coulomb sum V(r) =

Zj - qu & The potential on the sphere is projected onto real spherical harmonicsup to L =
T

4, producing a 25-coefficient vector per conformer. The Boltzmann-weighted average over

conformers is then taken as the pretraining target. The coordinate frame is the principal-axes
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frame derived from the inertia tensor, making the target SE(3)-invariant without requiring a
canonical alignment step. We note that the obtained coefficients can be negative, informing

architecture of the prediction trunk. In addition, the per-atom electrostatic potential V; =

Zj¢i+ is computed per conformer from Gasteiger charges and normalized to produce

q
[ri —7jl
a unit-free, scale-invariant vector over atoms. The ESP-atom representation provides per-
site electrostatic detail that the SH coefficients average over; together, the targets cover both

the molecular-field-level and atom-site-level electrostatic structure.

A persistence image reconstruction is used to encode topological flexibility in the
macrocycle loop. A thorough discussion on topological persistence images and barcodes is
provided in Chapter 4.3, Generation of Topological Barcode Embeddings (TopoCoder); for
brevity, we will omit this discussion here. Here, only the 2D persistence is considered; due
to the relatively consistent amide bond length, the 1D persistence (bond length-based) is
trivial for macrocyclic peptides, and provides comparatively little information. Rather, the 2D
persistence captures loops in the atom-distance graph that correspond to ring structures
and transient hydrogen-bond cycles. We utilize the variance in the persistence diagram
across the conformational ensemble for a given sequence as the prediction target, as the
ensemble meanis dominated by the invariant backbone macrocycle ring, which contributes
large, consistent 2D features regardless of conformation. The variance thus isolates barcode
features that differ across conformers, corresponding to flexible sidechain loops and
transient hydrogen bonds, which are the conformationally sensitive features. The

persistence image used here is a 20 x 20 raster of the 2D persistence diagram, with atom
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coordinates normalized by molecular diameter for scale invariance across peptide lengths

and Gaussian kernel bandwidth c=0.1.

We note that the usage of CREMP conformers for model training is motivated by
dataset availability and the computational expense required to generate high-quality
conformational ensembles of macrocyclic peptides. To address this problem and facilitate
efficient generation of conformer ensembles, we are currently developing the confsweeper
package. confsweeper takes advantage of recent developments in GPU-based
implementations®® of the rdkit ETKDGv3 conformer generation methodology* and the
development of fast, accurate machine learning interatomic potentials to rapidly generate
conformers and energetic predictions for a wide variety of molecular species through
massive parallelized random sampling.*>*’ However, the cyclic nature of macrocyclic
peptides introduces sampling challenges that cannot be overcome through brute-force
sampling: in many cases, concerted backbone amide flips are necessary to generate
energetically distinct conformers. This process involves a large energetic barrier that cannot
be overcome through naive Monte Carlo sampling. Instead, current work incorporates a
directed Multiple Minima Monte Carle sampling procedure combining the Monte Carlo
rotational move set introduced by Dodd et. al.*® for backbone dihedral exploration and side
chain Cartesian jumps inspired by Goedecker’s minima hopping algorithm, using simulated
annealing. Detailed benchmarking studies are necessary to ensure proper coverage of the
conformational space of macrocyclic peptides, however, and we leave the use of

confsweeper for input generation for future study.
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Further, the use of Gasteiger charges to generate electrostatic targets presents
another avenue for model improvement. While easy to use due to the convenient
implementation in the rdkit, Gasteiger charges are conformationally invariant; the spherical
harmonic coefficient representations in the current implementation vary across conformers
due to the change in position of atoms, thus changing the denominator of the Coulomb sum.
This problem is particularly relevant for macrocycles where N-methylation or ring strain
affects electron density across conformers, where the current approximation
underestimates conformational charge redistribution. The use of GFN2-xTB charges would
alleviate this problem by explicitly calculating the charge redistribution on change in
conformer geometry, and will be implemented in future work. Alternatively, we are currently
developing the voronoi-int package to allow discretized partial charges to be calculated from
the results of an Adaptive Poisson Boltzmann Solver (APBS) calculation.** The APBS software
package calculates the electrostatic potential at discretized grid points, given an input
structure; our voronoi-int package performs a nearest-neighbors spatial integration of this
grid data given a set of “anchor points”, allowing spatially resolved electrostatic potential to
be mapped back to heavy atoms. A detailed comparison of voronoi-int calculated
electrostatics and GFN2-xTB calculated partial charges must be performed before the
results of the voronoi-int software can be used for model training; we leave this work for

future efforts.
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7.3.2: PECAN Model Design and Training

The PECAN model is constructed to allow the reconstruction of both individual
conformer level features as well as ensemble level features. We utilize a two-trunk
architecture to do so, in which one trunk makes predictions for conformers, referred to here
on as the conformer trunk, while the other trunk makes predictions for the ensemble,
referred to here as the ensemble trunk. Both trunks share an initial common graph encoder
structure; representations are then split into each trunk for specific conformer-
level/ensemble-level prediction tasks. The conformer trunk consists of stacked linear layers
and SiLU activations (multilayer perceptron) acting on node feature embeddings from the
encoder graph layers; this simplistic architecture will be evaluated against more
sophisticated alternatives, such as message passing GNNs and transformer-based
architectures, in future studies. The conformer trunk is used for geometric reconstruction;
the output MLP predicts masked elements of the upper triangular pairwise distance matrix,

a rotationally invariant task.

For the prediction of ensemble-level properties, representations are subject to a
learned pooling operation. Node and edge features from the encoder are subject to a
Janossy pooling® operation using a Boltzmann-weighted aggregation scheme. For a given
conformer, a trainable multilayer perceptron initialized with weights of unity maps a per-
conformer embedding h; to a scalar correction m;. These weights are frozen during
pretraining, and unfrozen for downstream fine-tuning tasks. The pooling weight for a

conformer i is then given by:
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logw; = m,; - log b; 7.1

Then, by applying a softmax function over all conformers, individual conformer weights are

obtained. The molecule level representation is then given by :

Z=Zwl--hi 7.2
i

The Boltzmann weight acts as a physical prior weighting conformer importance,
parameterized by the conformer energy. The MLP correction allows deviation from this
energetic ranking when downstream property signals warrant it, allowing for dynamic
reweighting of the conformer ensemble for property-specific prediction tasks. The molecule
level representation is passed through parallel MLP output layers for each ensemble level
pretraining prediction task. For the topological reconstruction task, MLP outputs are passed
through a softplus activation function, matching the non-negative variance prediction target.
Raw logit outputs are used for the electrostatic prediction task, as both spherical harmonic

coefficients and the per-atom potentials can be negative.

A composite loss function and complementary training schedule is used to balance
model training across the three target domains. Each loss type is added during one phase of
training, a scheme motivated by loss scale at initialization: the untrained electrostatic and
topology prediction heads produce loss contributions approximately 100x larger than the
geometric head, which destabilizes encoder training in early epochs before useful gradient
signal is available. Masking ratios are also increased sequentially between training phases

to account for additional model parametric flexibility as additional heads are introduced. In
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phase 1, only the geometric prediction head is active and a mask ratio of 0.15 is used,
targeting convergence to a meaningful distance-prediction regime. Phase 2 introduces
electrostatics after the encoder representations are stable; Phase 3 adds topology, whose
sparse target (2D persistence image variance) provides the weakest training signal and
benefits from an already-informed encoder. A per-term exponential moving average is used
to further normalize the composite loss function, and per-term weighting factors are used to
prioritize different representations. The per-term weighting factors are model
hyperparameters, and must be rigorously benchmarked in future work to determine optimal
values; we use values of Age, = 1.0, Aegp , = 0.5, Aesp 1 om = 0-5, A¢opo = 0.1 for our preliminary
study, reflecting a physically-motivated importance ranking: geometry is used as the primary
pretraining signal, electrostatics inform target application modalities, and topology serves
the auxiliary representation that enriches the latent representations without dominating

training. The composite training loss function is thus:

Ltopo

Lgeo LeSPsh -
EMA¢opo

Liotar = Ageo : WAyeo + Aespsh : EMA 7.3

L
+2 M-I'Atopo .

esbatom
espsp EMAESPatom

During model validation, the mask ratio is set to 1.0, ensuring full evaluation across target

dimensions.

Multiple encoder structures were tested and evaluated for pretraining accuracy; we
specifically sought to investigate the impact of incorporating explicit rotational equivariance
inthe encoder structure. As such, we benchmarked the use of both invariant and equivariant
encoder architectures; we use EquiformerV2%" encoder layers for the equivariant

architecture, and Graph Transformer®? layers with radial basis function edge embeddings

212



(similar to those in the SchNet architecture®®) for the invariant architecture. Hidden layer
dimensions (channel dimension for EquiformerV2) of 128 were used throughout to maintain
1:1 comparisons between architectures. Preliminary pretraining studies show that the
equivariant architecture outperforms the invariant architecture, producing validation losses
that differ by one order of magnitude (0.006 vs 0.01 after 50 epochs). However, due to the
additional overhead incurred by the equivariant encoder architecture, model training is
significantly more expensive: on two nVIDIA GV100 GPUs, training the equivariant
architecture completes in 22 hours, compared to 1.5 hours for the invariant architecture.
Detailed evaluation of downstream model prediction accuracies is necessary to determine

which model architecture is most suitable for use; studies are currently ongoing.

7.3.3: Preliminary Finetuning Studies

To verify whether latent embeddings from the pretrained PECAN model can be used
for downstream property prediction tasks, we extract latent vectors from the ensemble
prediction trunks and use them for downstream property prediction tasks. We emphasize
here that the following results were obtained without any model finetuning. Hence,
conformer ensem®ble pooling weights reflect those obtained at the GFN2-xTB level of
theory in ALPB chloroform at 298 K. As such, we expect marked improvement to these

results when full model finetuning and evaluation is performed.

We focus our property prediction studies on two distinct prediction tasks where shifts
in the conformational distribution drive property values: membrane permeability and

binding affinity. In the case of membrane permeability, conformations that bury exposed
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polar functional groups are favored during membrane traversal, while conformations that
expose polar functional groups are favored in aqueous solution. On the other hand, peptide
bindingis driven by induced conformational changes which allow the peptide macrocycle to
most closely complement the shape and electrostatics of a binding pocket. As such,
conventional models that use single-conformer representations struggle to predict these

property targets.

The recently developed CycPeptMP model uses a multiscale neural network
framework to unify atom level, monomer level, and peptide level features.* The network is
then trained on experimental data (logPe, measured by PAMPA assay®) from the
CycPeptMPDB dataset®*® using multiscale data augmentation techniques, and achieves a
mean absolute error (MAE) of 0.352 log units and an R? of 0.613 on a held out test set. The
authors compare the performance of their multiscale model to that of the heterogenous
graph transformer introduced by Jiang et. al.>®* and the Fingerprint-Enhanced Graph Attention
Network introduced by Choo et. al.®® when trained on the same dataset. It was found that
both models perform worse than the CycPeptMP model, achieving MAEs and R? values of
0.399 and 0.408 log units and 0.560 and 0.545 respectively. The CPMP model developed by
Jiang et. al. uses a Molecule Attention Transformer® framework to encode interatomic
distances in the molecular graph framework.*® The CPMP model is trained on a curated
consolidated dataset of experimental permeability measurements and achieves a MAE of

0.308 log units and an R? value of 0.671 on PAMPA prediction tasks.
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To provide a baseline benchmark for the performance of our model, we obtained
PAMPA permeability measurements from the Macrocycle-DB* corresponding to 8,466
experimental measurements from the CycPeptMPDB®%; the Macrocycle-DB is a
comprehensive database aggregating experimental measurements of macrocycle physical
properties from a variety of literature sources. We subsampled 500 random sequences, and
generated conformers and associated single point energies using the CREST software
package, mirroring the procedure used for conformer generation in the CREMP dataset.*
The pretrained equivariant encoder PECAN model was used to generate ensemble level
embeddings for each sequence, and the resultant embeddings were used to train and
evaluate arandom forest model implemented in scikit-learn using default hyperparameters.
A 90:10 train:test random split was used to generate training and test sets. The resulting
random forest model achieves an accuracy of 0.182 log units and an R? value of 0.704 on the

held out test set (Figure 7.2a).
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Figure 7.2: Preliminary property prediction model results using ensemble-level sequence embeddings from the
pretrained equivariant PECAN model. a) Predictions for 50 test set peptide sequences subsampled from the
CycPeptMPDB dataset; b) Predictions for 50 test set peptide sequences subsampled from the
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We perform a similar study to model binding affinities for the KRAS protein. KRAS
(Kirsten rat sarcoma virus oncogene) is a gene encoding the K-ras protein. In a slight abuse
of notation, “KRAS” is frequently used in the literature to refer to the K-ras protein target
instead of the encoding gene; we will adopt this convention here. The KRAS protein is a
GPTase (ie., an enzyme that hydrolyzes guanosine triphosphate to guanosine diphosphate)
and is part of the RAS/MAPK extracellular signaling pathway; binding of an extracellular
signaling compound to receptor tyrosine kinase proteins in the cell membrane triggers a
kinase cascade that results in the binding of an inactive KRAS-GDP to an activated receptor
complex. This binding event triggers the unbinding of GDP, allowing the KRAS protein to bind
GTP and become active. This activated KRAS complex can then perpetuate a subsequent
kinase cascade as well as recruiting glucose transporters. As a result of this signaling
pathway, the cell is instructed to proliferate or differentiate. Mutations in the KRAS gene can
cause the KRAS protein to become permanently activated, triggering uncontrolled cell
growth and proliferation; these mutations have been implicated in several cancers.***" As
such, the development of peptide therapeutics that bind to and inactivate KRAS proteins has

been the subject of much study.

Little public data exists on macrocyclic peptide KRAS binding affinities. However, Xu
et. al. curated a dataset of 2757 experimental Ky values from a patent filed by Kawada et.
al.’>4% Xu et. al. then benchmark a number of prediction models on this dataset; while errors
are not reported, the best performing model (XGBoost) achieves a Spearman correlation
coefficient of 0.82. We utilize a similar strategy to our membrane permeability prediction

tasks to train a random forest property prediction model on this dataset. Once again, we
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Figure 7.3: Timing performance of the confsweeper package compared to CREST

subsample 500 random peptide sequences, and use a 90:10 train:test split to train arandom
forest model using the default hyperparameters in scikit-learn. Our random forest model

achieves an MAE of 0.11 units and an R? of 0.69 on this sampled dataset (Figure 7.2b).

Due to the randomized split strategy and limited dataset size, we acknowledge this
result is likely an overestimate of model performance. However, a naive approach is
computationally expensive: generating CREST conformational ensembles for all 8,466
CycPeptMPDB peptide sequences would require the expenditure of approximately 1 million
core-hours of CPU time. Ongoing work focuses on using our in-house confsweeper package
to generate conformational ensembles for training; preliminary tests show a speedup of over
2 orders of magnitude compared to the CREST pipeline used to generate the CREMP dataset
(Figure 7.3). Use of the accelerated confsweeper pipeline will allow for the full-scale

CycPeptMPDB and KRAS inhibitor datasets to be used for model finetuning and analysis.
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7.4: Conclusion

Macrocyclic peptides are a clinically promising therapeutic modality whose
physicochemical properties are closely coupled to their conformational ensemble
distribution. However, distinct physical and chemical events must occur for therapeutic
effect: the macrocyclic peptide must move through the cell membrane, and then bind to a
protein target. Different peptide conformers are favored for each phase of this process, with
the conformational ensemble of the peptide in extracellular space (a hydrophilic
environment) being distinct from that of the peptide as it moves through the cell membrane
(a hydrophobic environment) or as it binds to the protein of interest (environment dictated
by the protein binding pocket). Property prediction models that use only a single peptide

conformer are agnostic to this behavior.

In this work, we present a preliminary effort to address this discrepancy using a model
which explicitly parameterizes changes in the conformational distribution. The PECAN
foundation model uses a multi-objective training strategy to encode conformational
geometry, the electrostatics of the conformational ensemble, and the differences in
topology across the conformational ensemble. A curriculum training strategy is used to
selectively weight these factors during model training. Downstream property prediction
tasks finetune per-conformer weights, learning the conformational reparameterization that
is tied to a specific macrocyclic peptide property. Preliminary property prediction results on
membrane permeability and KRAS protein binding affinities using raw latent vectors from a

preliminary version of the PECAN model without finetuning are comparable to state-of-the-
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art models in the literature, indicating that a final version of the PECAN model may
accurately capture ensemble electrostatics and conformational flexibility in a manner that

can be used for accurate downstream property prediction tasks.
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CHAPTER 8: Concluding Remarks and Future Directions

The field of computational chemistry has seen exponential growth in recentyears due
to the synthesis of conventional techniques for chemical simulation and accurate,
generalizable machine learning models. Large scale neural network models trained to
reproduce the results of chemical simulation balance accuracy, broad applicability, and
ease of use; bleeding edge models such as AlphaFold3," MACE,? and UMA3® have emerged as

competitive surrogates for conventional simulations.

Yet despite these advances, the extrapolation of emergent scale behaviors from
these models remains elusive. Bulk phase physical properties, such as viscosity, shear
strength, and tensile properties remain difficult to predict from atom-scale representations,
indicating a scale-level disconnect in model extrapolation behavior. Despite the dominant
data-centric paradigm of Sutton’s Bitter Lesson,* the incorporation of physicochemical
inductive biases remains a means to rectify this gap. In this work, | have presented examples
that show building physically inspired neural network architectures allows models to
recapitulate fundamental chemical understanding and provides a means for end users to
interpret model predictions, “opening the black box”. Through an ascending order of scale,
| show how higher-order properties emerge as interactions between constituent building
blocks: molecular properties emerge as a combination of atom and bond properties, and

intermolecular interactions emerge as a combination of molecular interactions.

Future work will explore expanding this paradigm to increasing scales of interaction

complexity. In Chapter 7, ongoing work modeling ensemble behavior of molecular species
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is presented. The culmination of this work will map physical properties that are influenced
by complex interaction behavior of macrocyclic peptide molecules with their surrounding
environments to shifts in their ensemble statistics. Other ongoing efforts seek to model the
interaction behavior of compounds across chemical space, representing chemical and
structural similarity as a scaffold to model inverse property-activity relationships for both
property-first molecular generation and informed training of large chemical foundation
models. Together, these projects will expand the scale of modeled emergent interacting
behavior, allowing ever more complex relationships between compounds in chemical space

to be predicted from atom-level interaction behavior.

8.1: References

1. Abramson, J. et al. Accurate structure prediction of biomolecular interactions with
AlphaFold 3. Nature 630, 493-500 (2024).

2. Batatia, |. et al. A foundation model for atomistic materials chemistry. J. Chem.
Phys. 163, 184110 (2025).

3. Wood, B. M. et al. UMA: A Family of Universal Models for Atoms. Preprint at
https://doi.org/10.48550/arXiv.2506.23971 (2025).

4. Sutton, R. The Bitter Lesson. Incomplete Ideas
https://www.cs.utexas.edu/~eunsol/courses/data/bitter_lesson.pdf (2019).

226



APPENDIX A: Supplementary Materials for Chapter 2

S$1. Benchmarking Computational Methods for Dataset Generation

In order to determine the optimal quantum mechanics (QM) calculation methodology
for dataset generation, detailed benchmarking studies were performed to assess both
accuracy and computational cost for a variety of QM methods. Based on results from prior
studies, three density functional theory (DFT) functionals (B3LYP' with Grimme’s D3
dispersion? [B3LYPD3], wB97X-D3, and MO06-2X*) and two basis sets (6-31G(d)®* and
def2TZVP®) were selected. In addition to these DFT methods, the CBS-QB3 composite
method’ and DLPNO-ccSD(T)® coupled cluster calculations with the ccpVDZ® basis set were
also benchmarked. Finally, the DM21 neural functional'® with the ccpVDZ basis set was also
benchmarked due to its strength in localizing spin density on radical species. All DFT and
CBS-QB3 calculations were performed using Gaussian G16 B.01'" with default grid and
convergence settings. DLPNO-ccSD(T) calculations were performed with Orca 5.0.2'% with
default grid and convergence settings. DM21 calculations were performed using PySCF 2.0.1

software' with default grid and convergence settings.
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Figure S1: Mulliken spin densities for selected benchmark methods. Absolute error compared to experimental values is
shown on the left.

To perform benchmarking calculations, 40 compounds with experimentally
determined diradical formation enthalpies were obtained from the literature *". The ring-
closed form of each compound was optimized in the singlet state and single-point energies
calculated for all benchmarked levels of theory. Then, the target ring bond was deleted,
forming a diradical, and the resultant geometry optimized using the unrestricted Kohn-Sham
formalism as a triplet. The diradical formation enthalpy was then obtained using a single

point calculation, per the following formula:
ArH (Diradical) = A¢H’(Parent) + AH(Ring opening)

For DLPNO-ccSD(T) calculations, the optimized geometries from M06-2X/def2TZVP
and UMO06-2X/def2TZVP calculations were used to obtain single point energies due to

computational expense. The errors with respect to experimental measurements were

228



obtained along with calculation wall times. Since DM21 calculations were run in a jupyter
notebook, accurate wall times reflective of solely the computational cost of running
calculations were not obtained and are omitted here. To further study localization of the
diradical spins, Mulikken spin densities were obtained for the outlier molecules shown in
Figure 2a of the main text using M06-2X/def2TZVP, DM21/ccpVDZ, DLPNO-ccSD(T)/ccpVDZ
and CBS-QB3 methods. A Yamaguchi broken symmetry calculation was also performed
using the results from the M06-2X/def2TZVP calculation. The results of this spin density
analysis are shown in Figure S1. As expected, the Yamaguchi correction values show the
lowest error when compared to experimental results; however, the error shown by the
selected M06-2X/def2TZVP method outperforms that of more costly post-Hartree Fock
wavefunction methods or composite complete basis set extrapolation methods for one test
case. Due to the computational expense of performing either the Yamaguchi broken
symmetry calculation or post-Hartree Fock wavefunction methods for the entire ALFABET3

dataset, the M06-2X/def2TZVP method was adopted for full database construction.

S2. ALFABET3 Model Training

The ALFABET3 model was built on the same model architecture of the ALFABET2
model, which uses a modified version of the message passing framework introduced by
Gilmer et al.’® In particular, node representations are initially updated by passing a
concatenated vector of start and end node features through two dense layers separated by
a RelLU activation function. This state vector is then used to update edge state using a
residual connection with start and end node state. Edge states are updated by

concatenating start and end atom state with the current edge state, and passing the
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resultant vector through two dense layers separated by a RelLU activation function. All
hidden state vectors are of dimension 128, resulting in dimensions of 256 after
concatenation operations. The final BDE and BDFE predictions are obtained by passing the
bond states through a dense readout layer and summing the result with a residual bond state
embedding representing the per-molecule mean BDE/BDFE. Since robust hyperparameter
tuning was performed during the development of the ALFABET2 model, only changes in
model accuracy on changing number of layers was evaluated for hyperparameter tuning; it
was found that the best performing model consisted of 6 message passing layers, mirroring

that of the ALFABET2 model.

Outlier bonds were defined as test set bonds for which model predictions differed
from calculated BDE values by over 10%. Using this definition, 676 model outliers were
found, constituting 0.092% of the total ALFABET3 dataset; a parity plot of these results is
shown in Figure S2a. In addition, it was found that several molecules contain multiple outlier
bonds; a histogram of these results is shown in Figure S2b. Examples of the 16 largest outlier
bonds can be seenin Figure S2d; all such bonds are present in molecules with a high degree
of ring strain or uncommon substitution patterns. Finally, a histogram of outlier prediction
errors is shown in Figure S2c; the standard deviation of prediction errors is found to be 16.5

kcal/mol.
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outliers (error of > 10%). b) Outlier bond counts per molecule c) Error distribution of predicted outliers d) Top 16 outlier
bonds highlighted in red.

S3. Applications to Retrosynthesis Prediction

Ring systems serve as essential structural elements in medicinal chemistry and
constitute fundamental patterns in numerous drugs currently available in the market.

Methodologies involving ring forming reactions such as coupling reactions, substitutions
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and cycloadditions allows chemists to construct cyclic systems which are prevalent in
natural products and pharmaceuticals. Using a database of documented ring formations
from the USPTSO database, Bjerrum and coworkers built neural network based predictive
model for determining retrosynthetic pathway for ring formations™. While this model would
allow chemists to determine efficient synthetic routes for ring formations based on existing
transformations, we would like to add a quantitative perspective by gaining insights into the

bond dissociation energy of the ring bonds.
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With the idea to analyze the bond dissociation energy for retrosynthetic ring opening
reactions, we envision that the lowest bond dissociation would correspond to the ring
forming bond. To the following hypothesis, we utilize a reduced dataset as reported by
Bjerrum and coworkers. The dataset was trimmed down to 528 reactions which contain only
intramolecular transformations, relating to O, S — substitutions reactions. The 528 products
are encoded as graphs and the bond dissociations of all bonds in the molecule were

calculated using the ALFABET3 model. A plot of the relative density of predicted BDEs for all
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Figure S3: Density plot of predicted BDE for ring opening retrosynthesis pathways
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reaction pathways is shown in Figure S3; each line corresponds to a reaction for which the

n" lowest BDE is the key retrosynthetic step.

As we aim to determine the intra-molecular ring breaking retrosynthetic pathway
based on bond dissociation, we notice for 172 reactions the lowest BDE correspond to the
proposed retrosynthetic pathway from the USPTSO database. Additionally, for 365 reactions
the proposed retrosynthetic pathway is in the lowest five bond dissociations. We find that for
a majority of reactions in which the proposed retrosynthetic pathway is in the lowest five
bond dissociations, the lowest BDEs correspond to bonds in four/five membered rings, but
do not correspond to the retrosynthetic pathway described in the USPTSO database. Given
the qualitative accuracy of the lowest predicted BDE in determining retrosynthesis
pathways, the bond dissociation energy provides a useful perspective to determining

retrosynthetic pathway for intramolecular transformations.

234



APPENDIX B: Supplementary Materials for Chapter 3

S1. Database Generation: Computational Details

$1.1. ALFAST-DB and Fragments-DB

We screened the database ALFABET only for neutral molecules containing a double,
triple or aromatic bond, through the usage of SMARTS and the pybel library of
openbabel,[ref1] leading to a total of 57 736 molecules. As initial geometries for the triplet
optimization we started from the already optimized singlet geometries (from ALFABET) and
re-optimized the molecules in the triplet energy surface using Gaussian 16 at the M06-
2X/def2-TZVP level with the nosymm keyword. Initially this led to a total of 39 225
calculations that converged to a minima while most of the remaining molecules failed either
due to convergence during the optimization or reached a stationary point with an imaginary
frequency. To automate the check of the calculation termination and to extract the

geometries, atomic Mulliken spins we used the pyssian library.[ref2]

Then, we performed a second round of calculations. For this round we distorted the
molecules with imaginary frequencies along the imaginary mode (the full distortion in the
positive direction as determined by Gaussian). For molecules that failed at the frequency
calculation stage the last geometry was used and for the other failed calculations the
geometry with the lowest potential energy throughout the optimization was used. After the

second round of calculations a total of 53 137 calculations had converged.

We then proceeded to screen the converged structures to ensure that the

connectivity of the molecules remained the same (further detailed in the SlI) which lowered
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the total number of molecules to the final ALFAST-DB size, 46 415 molecules. This final
geometry screen was carried out using, the openbabel and the networkx libraries. First,
through openbabel's conversion from xyz format to SMILES the geometry was checked to
ensure that the molecules did not dissociate into 2 different molecules during the
optimization (presence of a """ in the SMILES) and the canonicalized SMILES in the database
and the canonicalized SMILES of the xyz-to-SMILES conversion were tested for equality. As
in some cases small variations in the bond-distance could lead to changes in the SMILES,
two graph isomorphism checks were carried out using networkx. The first one, where only
categorical node matches (atoms) were considered in the graph isomorphism between the
graph of the initial SMILES and the graph of the SMILES obtained from the xyz-to-SMILES
conversion. Then a more restrictive graph isomorphism with categorical matches for edges
and nodes was considered, which provided similar results to a canonical SMILES
comparison. Thus, we only removed molecules whose graph isomorphism with categorical
node matching found no match between the initial SMILES and the SMILES perceived from
the optimized geometry. The categories of the nodes were the atomic number of the atom it

represented.

For the Fragments-DB due to the characteristics of this database ("monocore" small
molecules with a restricted conformational variability) the initial geometries were generated
from SMILES using openbabel's distance geometry implementation and initially relaxed
using Conjugated Gradients with a stopping criteria of 350 steps or 1E-4 energy difference
using MMFF94 when possible and for the molecules that failed the UFF forcefield was used

instead. From these starting geometries a GFN2-XTB optimization with verytight
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optimization criteria was carried out using XTB 6.7.1 [ref3] for both, the singlet and the triplet.
The obtained triplet geometries were pre-screened using the same categorical node
matching graph isomorphism check used for ALFAST-DB. Molecules that were not discarded
were then used for the optimization at the M06-2X/def2-TZVP level using Gaussian 16
(respectively using the xtb-optimized singlet geometry as initial geometry for the singlet DFT
optimization and the xtb-optimized triplet geometry for the triplet DFT optimization). At this

stage, the same procedure as with ALFAST-DB was carried out.

Unfortunately, at a later stage in the study we found that a small subset of molecules
that had undergone an H-transfer during the optimization were included in the curated
dataset. We found that it is due to the initial SMILES not including explicit H atoms, therefore
its graph representation would not have H-atoms and would be treated as a subgraph of the
graph obtained from the optimized geometry. As these amount to a very small quantity of
compounds (all corresponding a subset of the molecules with a main fragment with a total
Mulliken of ~1, see Figure 4a in the manuscript) relative to the database size we did not

repeat the full study as we predicted them to have a low impact on the model performance.

S1.2. Verde-DB Extension

Our objective was to broaden the scope of our database by including light-responsive
T-conjugated organic molecules with potential applications in organic redox flow batteries.
To achieve this, we integrated new core structures including quinoline-5,8-dione and

quinoxaline-5,8-dione, which feature systematic functionalization at each open site. We
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utilized an in-house algorithm that systematically links 20 spacer and 11 terminal groups to

generate the virtual library in line with the VERDE materials DB.

S2. Metrics and cross-validation schemes

To evaluate the performance of the models on unseen data we used a 80:20 train-
validation:test split and we used a five-fold cross validation to select the optimal
hyperparameters of each MPGNN architecture explored (ultimately being a
training:validation ratio of 64:16, relative to the full dataset, per each fold). To ensure that
the comparison of the results of each fold across the different models we decided to always
use the same fold partitions. The splits of the combined ALFAST-DB and Fragments-DB were

the combination of the respective splits of each database.

The metrics used to evaluate the performance of the models were the Mean Absolute Error
(MAE), and the R? correlation coefficient between the predictions and the true values. These
metrics were used as implemented in the tensorflow library and the general equations are
shown below, where n is the number of samples yie and y,es are the true and predicted

values of each sample.

n
i |yi,true - yi,pred|
n

5 Vierue = Yiprea).
2 yi,true yi,pred

n 2
2 (yi,true - ytrue)
When cross-validation results are provided, they are accumulated across folds. For example, in

1) MAE =

2)R2=1-

the case of the MAE, per each fold’s validation set the predictions and the absolute errors are
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determined using only the model trained with the fold’s training set, then the total absolute error per
fold is added across folds and finally divided by the size of the dataset, mathematically:

folds ny _
z:k=0 z:i yi,true yi,pred
n

3) MAECV =
Finally, when test set metrics are provided they are the mean of the metric across different folds:

Z{(Olds MAETest,k

4) MAETeSt = fOldS

S3. Architecture Selection
S3.1. Candidate architectures

S$3.1.1 Non-standard Layers and Operations Description

Dense Concatenation Layer: this layer is a composite layer (nfp.ConcatDense) that adds

more weights to the model. First a concatenation in the axis of the number of features is
carried out (which involves no new weights). As the nodes, bonds and global state are always
considered the same size (embedding dimension), at least it duplicates the number of
features. The outcome of the concatenation is fed to a Dense layer of size “2 x embedding
dimension” with a ReLU activation and bias, whose outcome is then fed to a Dense layer of
the same size of the embedding dimension with a lineal activation (in other words, no
activation function) and bias. These last two Dense layers are the ones actually including

new weights into the model.

Reduce Layer: This layer is a composite layer (nfp.Reduce) involving a reduction operation

(in our case always a summation) that does not add any new weights to the model. It acts as
a wrapper to allow the reduction of the messages for each node, without a self-update of

each node, which has to be done afterwards.
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Node Update: a node update operation (nfp.NodeUpdate) is a sequence of operations that
overall updates the node states. First, a gather (nfp.Gather) layer is used to gather the end
nodes of each edge in the graph, which are the sources of the messages. Edges in the graph
in this context are always directional, and each bond is represented by two edges, one per

direction. Next, a Dense Concatenation Layer between the edge states and the gathered end

nodes is included, obtaining a message per edge. These are fed to a Reduce Layer coupled
with the node states and the connectivity to aggregate the messages that each node
receives. The aggregated messages are then fed sequentially to a Dense layer of size “2 x
embedding dimension” with a ReLU activation and bias and then to a Dense layer with a
lineal activation and bias obtaining a final form of the messages. These messages which are
of the same dimensions as the node states are added to the node states to account for the
self-update of the node. The outcome of all these steps is the updated state of the nodes.
When a Global state is also passed as input, it is tiled to match the dimensions and also fed

to the Dense Concatenation Layer.

Bond Update: a bond update operation (nfp.BondUpdate) is a sequence of operations that
overall updates the bond states. First a gather (nfp.Gather) operation is used to gather the
start nodes of each edge as well as the end nodes of each edge, which are then subsequently

fed to a Dense Concatenation Layer with the bond state, whose outcome is then added to

the bond state to obtain the updated bond state. When a Global state is also passed as input,

itis tiled to match the dimensions and also fed to the Dense Concatenation Layer.
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Global Update: When no previous Global state is defined, this operation pools the
information from the nodes and edges of the graph generating an initial graph embedding of
the same dimension as the bonds or nodes. When used to update the Global state, as with
the Node Update or Bond Update, a final step involving a self-update through an addition
operation is carried out. In this operation (nfp.GlobalUpdate) an attention mechanism is
built into the pooling from the graph elements, thus the number of attention heads and the
number of units needs to be specified and its product should match the embedding
dimension used for the bonds and the atoms. We specifically used 1 attention head, and
therefore the number of units and the embedding dimension are equal. First, in this
operation nodes and bond states are concatenated (note that this is not a Dense
Concatenation, but a concatenation across the dimension corresponding to the number of
atoms and number of bonds instead of concatenating along the axis of the features). The
outcome of this operation is the Graph Element state tensor, which is first fed to a query layer
(a Dense layer of size 1 with bias and no activation function) and subsequently subjected to
a softmax operation generating the attentions. Next, the Graph Element state tensor is also
fed to a value layer (a Dense layer of the size of the embedding dimension with bias and no
activation function) generating the values. The matrix multiplication of the values and the
transposed attentions generates the final weighted graph element values are added together
generating a global state update vector of the same dimension as the embedding dimension.
Finally, if this operation is used to update a previously existing global state, an addition

operation is carried out.
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Masked Global Update: Exactly like Global Update but it takes as input also a list of node
indices and edge indices with which to mask the attentions to ensure that only those nodes
and edges contribute to the new global state. This is not an existing layer in the nfp package
and the implementation is available with all the code associated to the present work

available in our github.

Message Passing operation: A message passing operation, here, involves a Bond Update,

Node Update and Global Update in this specific order to update the previous bond states,

node states and global state.
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S3.1.2 General Architecture
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Figure S1: Diagram illustrating the common part of all the Message Passing Graph Neural Network architectures explored
in the present work. “n” stands for the embedding dimension and “m” for the number of message-passing iterations.

A depiction of the general message passing architecture is used as the base for the explored
model variations is shown above (Figure S1). The preprocessing used was the same across
the architectures. It was implemented using the nfp SmilesBondIndexPreprocessor and the

atom and bond features used for the preprocessor were:
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e Atom features
o Atom Symbol.
o Number of Radical Electrons.
o Formal Charge.
o Chiral Tag.
o Whether itis an aromatic atom or not.
o The size of the smallest ring it belongs to.
o Degree (Number of directly bonded neighbors)
o The total number of H atoms bonded to.
e Bond features (each bond is represented by two directed edges one starting on each
atom involved in the bond)
o Atomic Symbol of the starting atom
o Atomic Symbol of the end atom
o Type of bond (single, aromatic, double or triple)
o Whether it belongs to a ring or not.

o Smallestring the bond belongs to.

S3.1.3 Architectures

Architecture diagrams of the pooling and dimensionality reduction sections for models
detailed in section S3.2 are provided below. “n” stands for the embedding dimension and

“m” for the number of message passing iterations
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S$3.1.4 Delta Learning Model Architecture

The proposed delta learning model architecture and training was adapted from the Global1
architecture. Its architecture is almost identical, except for the presence of two extra global
states, which are updated in parallel to the global state (See Figure S6). In this manner we
have the original global state, to represent the full molecule and to interact in the updates of
edges and nodes. This global state is always updated with a Global Update layer
(nfp.GlobalUpdate). The two extra global states, one to represent the “core” (exciton
location) and one to represent the “noncore” (remaining set of atoms and bonds) are instead
updated using a Masked Global Update. After the message passing layers, the “core” and
“noncore” states are fed each to a Lineal layer of size 1 to obtain respectively the “core
energy gap” and the “noncore energy correction”. These two values are finally added
together to obtain the final prediction. Further details on the custom training of this model

are presented in the Delta Learning Model Details.
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The preprocessor used for the training of this architecture is derived from nfp
SmilesPreprocessor and was adapted to take as input the SMILES of the target molecule and
the SMILES or SMARTS of the core as inputs. As for the target molecule, this preprocessor
also builds a graph for the core and after obtaining the atom indices of the target molecule

that match the core it finds a atom and bond mapping across both graphs and extracts a list




of node indices and edge indices in the core as well as another list of node indices and edge
indices for the atoms not present in the core. A special argument “full” may be passed as
core, to ensure that all atoms and bonds will be considered as part of the core. This special

argument was included to simplify the first stage of the training.

S$3.2. Hyperparameter tuning

The results of hyperparameter optimization are shown below. Selected hyperparameters for
the final model are highlighted. All optimizations were carried out using an AdamW optimizer
with an Inverse Time Decay learning rate scheduler and a constant weight decay rate. The
batchsize was kept constant at 128 (molecules per batch). In all cases the loss function as
the MAE. During model training the validation loss was tracked and the model weights with
the best validation loss were also saved, and the values of such model are shown as “Best

Loss” in Tables S1 and S2.

Table S1: Architecture selection. The initial learning rate was kept constant at 1E-3, the learning rate decay was kept at
1E-5 and the weight decay was kept at 1E-5.

5-fold mean values, kcal/mol
Final Loss (epoch 450) Best Loss
Architecture MP Er.nbedd.mg Training Validation Training Validation
Layers | Dimension

16 2,85 3,53 2,89 3,42

) 32 2,23 3,27 2,23 3,15

64 1,76 3,10 1,79 3,02

128 1,65 3,16 1,68 3,07

16 2,25 3,05 2,25 3,00

3 32 1,46 2,62 1,49 2,58

atomO 64 1,12 2,62 1,11 2,50
128 1,01 2,61 1,06 2,54

16 1,90 2,80 1,94 2,74

4 32 1,27 2,58 1,31 2,48

64 1,00 2,48 1,03 2,42

128 0,94 2,56 0,98 2,43

5 16 1,62 2,67 1,66 2,55
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32 1,16 2,44 1,20 2,35
64 0,88 2,35 0,93 2,32
128 0,96 2,49 0,99 2,43
16 1,56 2,67 1,60 2,52
32 1,05 2,37 1,06 2,25
64 0,83 2,30 0,88 2,25
128 0,93 2,44 0,99 2,28
16 2,48 3,26 2,49 3,17
32 1,91 3,10 1,94 2,94
64 1,60 2,98 1,65 2,92
128 1,56 3,02 1,60 2,97
16 1,92 2,80 1,95 2,70
32 1,37 2,53 1,42 2,46
64 1,02 2,46 1,07 2,38
128 1,04 2,59 1,09 2,52
16 1,67 2,71 1,74 2,56
atom| 32 1,17 2,45 1,21 2,33
64 0,89 2,36 0,95 2,27
128 0,90 2,44 0,93 2,37
16 1,57 2,64 1,63 2,49
32 1,05 2,37 1,10 2,23
64 0,80 2,26 0,90 2,19
128 0,84 2,29 0,87 2,25
16 1,46 2,48 1,47 2,40
32 0,97 2,25 1,00 2,18
64 0,79 2,27 0,81 2,14
128 0,79 2,27 0,80 2,17
16 2,50 3,23 2,51 3,03
32 2,02 2,92 2,06 2,82
64 1,71 2,92 1,84 2,76
128 1,62 2,88 1,63 2,81
16 1,93 2,61 1,95 2,53
32 1,43 2,42 1,53 2,35
64 1,16 2,31 1,18 2,26
128 1,06 2,38 1,23 2,27
atom? 16 1,75 2,52 1,76 2,38
32 1,31 2,34 1,34 2,24
64 1,08 2,30 1,15 2,18
128 1,03 2,34 1,08 2,18
16 1,64 2,46 1,66 2,34
32 1,26 2,26 1,32 2,20
64 1,04 2,23 1,10 2,12
128 1,02 2,29 1,08 2,13
16 1,58 2,43 1,61 2,31
32 1,19 2,28 1,25 2,17
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64 1,01 2,17 1,09 2,09
128 1,01 2,25 1,02 2,10
16 4,95 5,82 4,92 5,69
32 4,29 5,34 4,29 5,21
64 3,72 4,90 3,69 4,84
128 3,44 5,07 3,49 4,82
16 3,85 4,78 3,82 4,62
32 2,84 4,13 2,89 3,92
64 2,11 3,70 2,10 3,49
128 2,05 3,60 2,09 3,50
16 3,41 4,43 3,44 4,29
bondo 32 2,43 3,69 2,45 3,59
64 1,81 3,37 1,79 3,19
128 1,74 3,26 1,70 3,21
16 3,19 4,26 3,14 4,07
32 2,19 3,59 2,17 3,42
64 1,67 3,16 1,67 3,10
128 1,62 3,36 1,65 3,15
16 2,83 3,91 2,88 3,86
32 1,99 3,41 2,00 3,27
64 1,57 3,20 1,59 3,07
128 1,62 3,20 1,64 3,12
16 4,64 5,48 4,64 5,42
32 4,15 5,23 4,10 5,07
64 3,59 5,09 3,63 4,91
128 3,58 5,01 3,61 4,97
16 3,49 4,79 3,56 4,35
32 2,60 3,94 2,55 3,71
64 2,11 3,73 2,10 3,52
128 2,41 4,02 2,43 3,84
16 3,17 4,10 3,18 4,04
bondl 32 2,10 3,38 2,18 3,35
64 1,77 3,25 1,78 3,18
128 2,04 3,52 2,07 3,46
16 2,89 3,89 2,91 3,80
32 1,94 3,41 1,96 3,20
64 1,70 3,10 1,67 3,01
128 1,95 3,44 2,02 3,32
16 2,71 3,83 2,70 3,65
32 1,78 3,14 1,73 2,94
64 1,49 3,14 1,51 2,86
128 1,94 3,40 1,98 3,28
16 3,16 3,93 3,17 3,77
both0 32 2,31 3,52 2,34 3,31
64 1,86 3,24 1,89 3,21
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128 1,95 3,47 1,95 3,41
16 2,28 3,15 2,29 3,07
32 1,46 2,74 1,51 2,66
64 1,18 2,73 1,20 2,66
128 1,19 2,87 1,25 2,80
16 1,96 2,99 1,92 2,76
32 1,30 2,74 1,32 2,57
64 0,97 2,63 0,99 2,53
128 0,99 2,70 1,00 2,60
16 1,74 2,67 1,77 2,65
32 1,15 2,67 1,19 2,40
64 0,93 2,58 0,94 2,48
128 0,98 2,59 1,01 2,51
16 1,59 2,69 1,61 2,54
32 1,06 2,44 1,11 2,36
64 0,88 2,43 0,91 2,35
128 0,99 2,59 1,05 2,48
16 2,65 3,41 2,65 3,32
32 1,97 3,06 2,00 2,98
64 1,74 3,11 1,72 2,99
128 1,74 3,38 1,76 3,15
16 1,94 2,94 1,99 2,75
32 1,39 2,59 1,42 2,47
64 1,06 2,48 1,07 2,41
128 1,08 2,59 1,11 2,49
16 1,69 2,61 1,68 2,53
bothl 32 1,20 2,45 1,22 2,36
64 0,91 2,38 0,94 2,26
128 0,93 2,43 0,93 2,32
16 1,58 2,63 1,59 2,50
32 1,08 2,43 1,09 2,27
64 0,85 2,23 0,86 2,20
128 0,86 2,39 0,88 2,24
16 1,48 2,55 1,51 2,41
32 1,00 2,25 1,07 2,19
64 0,79 2,27 0,83 2,14
128 0,84 2,25 0,87 2,18
16 1,94 2,59 1,98 2,49
32 1,38 2,36 1,41 2,26
64 1,02 2,43 1,05 2,22
global0 128 0,84 2,29 0,92 2,18
16 1,63 2,40 1,66 2,28
32 1,11 2,18 1,20 2,08
64 0,77 2,08 0,84 2,04
128 0,63 2,17 0,67 2,00
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16 1,49 234 1,50 2.14

A 32 0,98 2.10 1,06 2,03
64 0,66 2,03 0.74 1,93

128 0,61 1,99 0,65 1,89

16 1,39 2.16 1,46 2,09

S 32 0.86 2,08 0.94 1,94
64 0,58 1.95 0,63 1,88

128 0.54 1.98 0.58 1,84

16 1.29 2.14 133 2,06

] 32 0.79 2,04 0,82 1,92
64 0,55 1,93 0,66 1,83

128 0.53 1.89 0.56 1.82

16 1,64 237 1,66 2.26

) 32 111 2.18 1,19 2.10
64 0.74 2,05 0.92 2,00

128 0,64 2,04 0,65 1,97

16 1.48 224 1,53 2.13

; 32 0,96 2.14 111 2,00
64 0,65 2,04 0.72 1,90

128 0,53 1,90 0.58 1.86

16 1,39 2,34 143 2,09

32 0,80 2,08 0,86 1,92

globall 4 64 0,54 1,88 0,58 1,83
128 0,50 1,83 0,53 1,79

16 125 2,08 1.29 2,03

S 32 0,71 1,96 0.81 1,89
64 0,52 1,83 0,59 1,79

128 0,46 181 0,48 175

16 115 2.13 122 2,01

) 32 0.70 1,88 0,80 1,83
64 0,48 1,79 0,58 1,76

128 0,46 1,82 0,48 1,73

Table S2: Learning Rate optimization table. Embedding dimension was kept constant at 128 and the Global1 architecture
was used.

5-fold mean values, kcal/mol
Final Loss
(Last epoch) Best Loss
. Learning .
MP Epochs Learning Rate Weight Training | Validation | Training | Validation
Layers Rate Decay
Decay

0,000001 2,09 2,61 2,09 2,55

2 1000 0,00001 0,00001 0,00001 3,54 3,73 3,33 3,43

0,0001 6,86 6,95 4,80 4,86

450 0,00001 0,00001 0,000001 2,31 2,76 2,31 2,72
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0,00001 3,41 3,58 3,39 3,48

0,0001 5,44 5,57 5,06 5,11

0,000001 0,83 2,15 0,98 2,12

0,00001 0,00001 1,30 2,24 1,38 2,17

0,0001 3,12 3,43 3,11 3,20
0,000001 10,62 10,65 10,32 10,35
0,0001 0,1 0,00001 72,89 72,89 11,48 11,48
0,0001 72,97 72,97 13,68 13,66
0,000001 28,12 28,17 14,95 14,94
0,3 0,00001 72,94 72,94 37,32 37,28
0,0001 72,97 72,97 67,79 67,76

0,000001 0,53 2,08 0,61 1,99

0,00001 0,00001 0,63 2,08 0,67 1,97

0,0001 1,50 2,43 1,54 2,09

0,000001 4,66 4,74 4,66 4,74

0,001 0,1 0,00001 8,75 8,79 5,07 5,13
0,0001 72,97 72,97 6,63 6,68

0,000001 6,81 6,86 6,77 6,82

0,3 0,00001 71,85 71,86 7,73 7,76

0,0001 72,97 72,97 8,75 8,76

0,000001 1,25 2,31 1,30 2,23

1000 | 0,00001 0,00001 0,00001 2,81 3,02 2,51 2,72
0,0001 5,82 5,94 5,16 5,20

0,000001 1,36 2,31 1,39 2,22

0,00001 0,00001 0,00001 2,61 3,10 2,48 2,71
0,0001 5,26 5,35 5,15 5,19

0,000001 0,36 1,84 0,46 1,79

0,00001 0,00001 0,74 1,97 0,84 1,86

0,0001 2,41 2,84 2,40 2,38

0,000001 7,92 7,97 6,74 6,82

0,0001 0,1 0,00001 72,85 72,85 8,42 8,47
0,0001 72,97 72,97 9,87 9,81

0,000001 18,24 18,31 9,94 9,97
450 0,3 0,00001 72,93 72,93 10,55 10,56
0,0001 72,97 72,97 12,46 12,38

0,000001 0,42 1,80 0,45 1,75

0,00001 0,00001 0,45 1,77 0,45 1,72

0,0001 1,26 2,19 1,27 1,89

0,000001 3,25 3,41 3,16 3,34

0,001 0,1 0,00001 8,03 8,07 3,98 4,07
0,0001 72,97 72,97 5,34 5,37

0,000001 4,71 4,79 4,55 4,64

0,3 0,00001 69,10 69,14 5,81 5,86

0,0001 72,97 72,97 7,72 7,71
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S3.3. Final Model Metrics

The computed metrics of the selected architecture across the different datasets shown in
the manuscript are presented below. The trainings followed the same protocol as the one
indicated in S3.2. The presented results correspond to the “best” model weights during
training, determined as the ones with the lowest validation loss value. In the case of the
“final” models, the weights that produced the lowest loss value during training were
selected. Here by “final” models we refer to the selected architecture trained with the
combined training and validation data splits as training set of each database respectively
while still keeping the test set data unseen during training (and only used for evaluation after

the training).

Table S3: Computed metrics of the selected architecture with the chosen hyperparameters. Folds 0-4 are the individual
results of each one of the individual training:validation folds. CV entries contain the averaged value across folds except
for the validation set (*) which are the aggregated metrics instead of the averaged ones. The “final” entries are the models
trained using the training and validation as training set, therefore no validation metrics were computed.

MAE in kcal/mol Training Set Validation Set Test Set
Dataset cv MAE R? MAE R? MAE R?

Fold

0 1,24 0,9726 1,97 0,9350 2,02 0,9275

1 1,17 0,9744 1,95 0,9324 1,98 0,9274

alfast 2 1,20 0,9718 1,92 0,9340 1,98 0,9277

3 1,33 0,9685 1,94 0,9346 2,03 0,9265

4 1,17 0,9747 1,90 0,9340 2,00 0,9268

Ccv 1,22 0,9724 1,94* 0,9340* 2,00 0,9272

alfast final 1,25 0,9682 -- -- 1,94 0,9280

0 0,96 0,9875 2,02 0,9303 2,03 0,9330

1 0,89 0,9890 2,06 0,9261 2,08 0,9297

ent 2 1,14 0,9817 2,04 0,9323 2,05 0,9339

3 1,15 0,9818 2,02 0,9358 2,07 0,9292

4 1,04 0,9847 2,06 0,9314 2,07 0,9310

Ccv 1,04 0,9849 2,04* 0,9312* 2,06 0,9314

ent final 1,50 0,9774 -- -- 2,37 0,9205

0 0,84 0,9765 1,17 0,9548 1,20 0,9590

1 0,63 0,9886 1,12 0,9684 1,12 0,9644

verde 2 0,85 0,9757 1,16 0,9578 1,13 0,9611

3 0,70 0,9860 1,07 0,9586 1,11 0,9642

4 0,44 0,9946 1,18 0,9608 1,16 0,9599

Ccv 0,69 0,9843 1,14* 0,9604* 1,14 0,9617
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verde final 0,45 0,9950 -- -- 1,27 0,9564

0 0,95 0,9783 2,68 0,8502 3,05 0,8287

1 1,27 0,9579 2,98 0,8283 3,30 0,8048

fragments 2 1,29 0,9600 3,34 0,7811 3,30 0,8008

3 1,39 0,9453 3,29 0,7977 3,38 0,7759

4 1,31 0,9569 3,07 0,8361 3,27 0,7987

(04} 1,24 0,9597 3,07 0,8180* 3,26 0,8018

fragments final 0,90 0,9813 -- -- 2,98 0,8309

0 1,29 0,9664 1,92 0,9321 1,99 0,9246

1 1,16 0,9730 1,92 0,9301 1,99 0,9272

alfast- 2 1,09 0,9775 1,91 0,9347 1,95 0,9293

fragments 3 1,22 0,9692 1,94 0,9318 2,00 0,9241

4 1,25 0,9721 1,93 0,9384 2,04 0,9265

CcV 1,20 0,9716 1,92* 0,9334* 1,99 0,9263

alfast- final 153 0,9674 - - 2,21 0,9254
fragments
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S$3.4. Delta Learning Model Details

The training of this architecture, is also adapted from the training of the Global1 architecture.
A two stage training is carried out. In the first stage of the training all weights associated to
the noncore global state are frozen, and the “core energy” is taken as the model output and
directly compared with the training So-T: adiabatic gap values of the Fragments-DB (see
Figure S3). In the second stage of the training all weights are allowed to optimized and the
outcome of “core energy” + “noncore correction” is taken as the model output and

compared again, against the So-T1 adiabatic gap values.

e Stage 1: Core training
o Preprocessor: trained on training subset of the combined ALFAST-Fragments
DB
o Training Dataset: Fragments-DB training and validation sets used during
training. The preprocessing is tweaked to ensure that all atoms, including H,
are labeled as being part of the core.
o Optimizer: AdamW
= Inverse Time Decay Scheduler
e Initial LR: 1E-3
o [RDecay: 1E-5
e Weight Decay: 1E-4

o Loss: Mean Absolute Error
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o Epochs: 200
o Batch size: 128
Stage 2: Delta learning
o Preprocessor: Same preprocessor
o Training Dataset: The combined ALFAST-DB and Fragments-DB training and
validation sets. The cores provided to the model in the case of ALFAST are the
SMARTS of the main fragments while for Fragments are the full SMILES of the
molecule (which is a valid SMARTS)
o Optimizer: AdamW
= Inverse Time Decay Scheduler
e Initial LR: 1E-3
o [RDecay: 1E-5
e Weight Decay: 1E-4
o Loss: Mean Absolute Error
o Epochs: 450

o Batch size: 128
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Table S4: Computed metrics of the delta-learning based model. Folds 0-4 are the individual results of each one of the
individual training:validation folds. CV entries contain the averaged value across folds except for the validation set (*)
which are the aggregated metrics instead of the averaged ones. The “final” entries are the models trained using the
training and validation as training set, therefore no validation metrics were computed.

MAE in kcal/mol Training Set Validation Set Test Set
Dataset cv MAE R? MAE R? MAE R?
Fold
0 1,15 0,9743 1,90 0,9358 1,95 0,9275
1 1,16 0,9764 1,96 0,9334 2,01 0,9274
alfast- 2 1,14 0,9748 1,90 0,9339 1,95 0,9277
fragments 3 1,16 0,9766 1,97 0,9296 1,93 0,9265
4 1,49 0,9720 2,19 0,9313 2,26 0,9268
Ccv 1,22 0,9748 1,98* 0,9328* 2,02 0,9280
alfast- final | 1,67 0,9639 - - 2,26 0,9256
fragments

S4. Fragmentation analysis extended

S4.1. Database Comparison Details

Comparison of the chemical space overlap between EnT-DB and ALFAST-DB was performed
via a comparison of the SMILES string representations of the constituent molecules.
Constituent SMILES were canonicalized using rdkit’s MolToSmiles and MolFromSmiles
functions. Then, aninnerjoin of both database sets on the canonicalized SMILES strings was
performed using Python. Figure S7 was obtained from the subset of common molecules

determined through this procedure.

When fragment overlap analysis was carried out, each molecule was fragmented using the
algorithm described in the main text, translated into SMILES and any duplicate of these
fragments was discarded. Then the overlap between the unique pool of fragments of each

dataset was assessed following the same procedure as for molecules.
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$4.2. Main Spin Labeling: ALFAST-DB and Fragments-DB

For the molecules where we have the atomic Mulliken spin density at the triplet state
(specifically, molecules in ALFAST-DB and Fragments-DB), the steps 1 and 2 of the
fragmentation algorithm described in Section “Molecular Fragmentation Algorithm” (Figure
2 inthe main text), were carried out and followed by adding together the atomic Mulliken spin
density of each atom in the fragment, and the one with the highest value of total Mulliken

spin was assigned as the moiety where the triplet is mostly localized.

Finally, in the provided ALFAST-DB the remaining unassigned molecules were labeled and
assigned based on the smallest difference between the predicted So-T, of each fragment and
DFT value of the molecule. This “empirical” labeling was not used in the present work, and
an additional column is provided with the dataset to allow researchers using the provided
data to be able to differentiate between correct assignments and proposed ( “empirical” )

assignments.
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S5. Additional Figures of database contents

relative frequency, %

relative frequency, %

Figure S4: Total number of atoms and computed So-T; adiabatic gap distributions of the 4 discussed datasets. The bin size

Number of atoms
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selected is of 1 kcal/mol for the So-T; adiabatic gap and of 1 atom for the number of atoms.

Table S5: Number of shared fragments between databases. The diagonal terms correspond to the total number of

fragments of each database.

Databases ALFAST EnT Verde Fragments
ALFAST 15410 2 146 0 3764
EnT 2 146 18 909 0 3659
Verde 0 0 3 286 0
Fragments 3764 3 659 0 5315
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Predicted Dataset
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Figure S5: Model extrapolation across datasets (Extended version of Figure 5). Parity plots of adiabatic So-T: predictions in
kcal/mol of each dataset (column) of the same model architecture trained each dataset (row). For example, parity plot “ab”
corresponds to the predictions of the “final” ALFAST-DB (trained with ALFAST-DB’s training and validation splits as training
dataset) and shows the prediction of the full EnT-DB. Parity plots in the diagonal (aa, bb, cc and dd) only show the
predictions of each database’s test set. The metrics, R? and MAE values, correspond to the data presented in each plot,
test set metrics for the diagonal elements and extrapolation metrics for the off-diagonal metrics.
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ALFAST-only EnT-only

A

Figure S6: Tree maps of the fragments present in ALFAST-DB, EnT-DB and Verde-DB. Grey lines represent the connections
to the most chemically similar fragment based on MHFP encoding and the layout was generated using the LSH forest
indexing of the encoded fragments and kept constant across the five tree maps presented.

The tree maps presented in Figure S3 were computed using the python libraries: faerun 0.4.7,
mhfp 1.9.6 and the tmap 1.0.6. In these tree maps each fragment is presented as a colored
dot and the most similar fragments (based on the MinHash fingerprints of up to 6 bonds

representations with a “n_permutations” parameter of 1024) [ref4] are connected through

grey edges. The graph layout was generated from the LSHForest and kept constant for the 4
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images shown in Figure S3. The nodes representing each fragment were then colored or
removed from the graph to generate the four figures, where only the fragments present in
each database subgroup are colored. For example, the fragments present in ALFAST-DB but
not in EnT-DB nor in Fragments-DB nor in Verde-DB are shown in orange in the top left tree
map. In Figure S6 “ALFAST & EnT” stands for fragments which are present in both, ALFAST-
DB and EnT-DB but not in Verde-DB. The difference between the “ALFAST & EnT” and the
“Fragments-DB” tree map correspond to the increase in chemical coverage of the

Fragments-DB.
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S6. Analysis of the effect of the theory-shift

130

ALFAST-DB, kcal/mol

10

Figure S7: Parity plot and linear fitting of the molecules present in both, the EnT-DB and the ALFAST-DB.

From the Linear fitting obtained from the molecules present in both, EnT-DB and ALFAST-DB
we attempted to apply a lineal correction to the parity plots ab and ba presented in figures 5
and S5 (in the manuscript and the present Sl respectively. Figure S8A correspond shows the
results of applying the lineal correction to the predicted values shown in Figure 5ab (and
Figure Sbab), showing a small decrease in the MAE (from 4.13 to 3.95 kcal/mol). Figure S8B
shows the results of applying the inverse of the lineal correction shown in Figure S7 to the
predicted values in Figure 5ba (and Figure S5ba), showing a larger improvement of the MAE

and the R2 than Figure S8A. However, in both cases it is still far from the in-sample

M06-2X/def2-TZVP

°

Rz = 0.9223
MAE = 2.63
y=0.9598x+5.5832

10

EnT-DB, kcal/mol

130
wB97X-D3/def2-TZVPP, PCM(CH3CN)//
B3LYP-D3/def2-SVP, PCM(CH3CN)

performance shown in Figures 5aa and 5bb (and also S5aa and S5bb).
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The difference in the improvement (0.18 vs 1.2 kcal/mol for Figure S8A and B respectively)
can be understood when coupled with the analysis of Figure 6 in the main text. The error
distribution of molecules with shared fragments (Figure 6 “shared”, left), which could be
expected to be more “in-sample” for the lineal correction, of the ALFAST-DB-trained model
has a larger difference with the error distribution of the dataset it was trained on (Figure 6
“all”, left), and therefore it has more room for improvement. On the other hand the EnT-DB-
trained model has a smaller difference between the EnT-DB error distribution (Figure 6 “all”,

right) and the molecules sharing a fragment across databases (Figure 6 “shared”, right).

Finally, it is to note that a simple lineal correction to shift the theory level is not conceptually
correct here. While ALFAST-DB contains the adiabatic So-T1 gap in vacuum, the EnT-DB was
designed for the same property in a polar solvent (Acetonitrile). Molecules with a larger
change in dipole moment between the two states are expected to display significant
differences due to the stabilization of the solvent. This could lead to not only different

energies but also guide the optimization to a different exciton localization.
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A) EnT-DB-trained B) ALFAST-DB-trained
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Figure S8: Parity plots of the linearly corrected (using the linear fitting of Figure S7) SO-T1 adiabatic gaps. A) Prediction of
ALFAST-DB molecules from a model trained on EnT-DB and applying the lineal correction. B) Prediction of the EnT-DB
molecules with a model trained on ALFAST-DB with a consequent lineal correction.

S7.LLM Model Comparison

To further assess the efficacy of our model, we compare its performance to a fine-
tuned LLM model. We use a publicly available 108 million parameter RoBERTa model pre-
trained on the 480 million SMILES strings available in the ZINC database; the trained model
is available at https://huggingface.co/entropy/roberta_zinc_480m. To fine tune the model,
we use an ANN readout regression head consisting of 4 linear layers each separated by a
ReLU activation function (referred to henceforth as the “readout model”); the final output
layer consists of a single linear layer. An embedding dimension of 128 was used for all linear
layers. All model layers were implemented in pytorch 2.5.1. The huggingface transformers
library was used for loading the pretrained model and generating embeddings for smiles
strings corresponding to molecules in the ALFAST database; the generated embeddings
were used as inputs for the readout regression model. We follow the train-validation-test

split strategy used to train the final A-learning predictor model to train and evaluate the
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readout model. The readout model was trained for 200 epochs using an AdamW optimizer
with a learning rate of 10 and an MAE loss function as implemented in pytorch. The trained
readout model achieves an MAE of 6.17 kcal/mol on the held out test set. Prediction results

are shown along with prediction results from the A-learning model in Figure S9:
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Figure S9: Prediction results for the fine-tuned LLM model vs. A-learning GNN model predictions
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0.75274900
-0.13031900

1.36712200

o‘g 8’
» 3, !:,;
"o

Mulliken Spin Density

-0.39546100
-0.46241300
-1.30396200
0.44824700
0.63531200
1.46975600
0.99810700

-0.66632600
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Mol3-T1_a

0.91467000

-0.01160800

0.12182000

2.59110000

3.08269000

1.51015100

0.99266000

1.09781900

-1.33967200

-1.54783400

-2.42768100

-2.81084800

-0.70799800

-3.69311000

-2.27611500

-3.88967000

-2.95452900

-4.52601600

-4.87512600

-0.32213600

-1.17387800

-1.84996100

1.60620100

2.07655000

2.15250900

1.68068300

3.08205500

-0.55524500

0.61762300

-1.13082500

1.17906400

1.10231000

-0.57119200

-2.03276900

0.58489400

2.08995900

-1.03671500

1.02659800

-1.52886500

0.15427000

0.99610400

0.14090900

-0.70579800

0.67543000

1.50392200

0.30411200

0.04035600

-0.68986200

0.69716400

-0.77862300

-1.17211600

0.60667200

1.27864300

-0.13493200

-1.34556800

1.11763600

-0.20428200

O -2.95462200 -1.47912100 -0.13924200

C -1.55666100 -1.37756700 -0.34093100
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-1.19986900

-1.34325500

-3.67032500

-3.46003000

-4.72340300

-0.85379400

-1.07694300

0.09846000

-0.27623000

-3.40300700

-3.51632200

-3.08663200

-2.96502500

-2.94302600

1.48162400

2.06752300

2.32795100

3.41699000

1.44149400

3.67451500

1.89830700

4.23097100

3.84495400

4.30269600

5.28795000

-2.41298200

-0.93468400

-0.32059700

-0.06439900

-0.59990600

-0.60298500

-0.87801600

0.46014500

1.48046900

0.87059400

0.70885600

2.06930500

2.24181000

2.91789100

0.25803500

-1.02783200

1.35460400

-1.19906600

-1.88382800

1.17287400

2.34880100

-0.10445400

-2.19288000

2.02773400

-0.24422800

-0.35943000

-1.32213200

-0.51144200

-1.556815700

-0.43596800

0.72996700

1.75639700

0.44297000

0.39443100

0.36131100

1.42941500

-0.10604200

-1.17003800

0.55040100

0.20945200

0.24791700

-0.07486600

0.01371900

0.46947900

-0.30756900

-0.10759500

-0.26603700

0.04880300

-0.52331800

-0.44904900
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Mol3-T1_b
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3.44287700

2.41762500

2.65236400

2.45872800

3.34932900

3.13124500

4.35118200

1.04785000

0.90214200

0.04662200

0.22033700

2.32836000

2.38646100

1.37320900

0.37460200

1.61886500

-1.30352900

-1.56359500

-2.36220000

-2.84651300

-0.74794900

-3.64793000

-2.17118000

-3.89542900

-3.02893400

-0.58504300

-1.54529000

-2.33492600

-1.97393600

0.49995300

0.13329900

0.94207000

-0.99707500

-0.53326700

-1.06717200

-1.56791200

1.52059700

1.88365200

2.08721900

1.67455200

2.94381200

-0.52028600

0.49819400

-1.00569100

0.99338700

0.92085600

-0.51304100

-1.78521400

0.48636200

1.78600200

-0.49409700

-0.33212800

-1.04856400

0.67773500

0.41292800

1.42444400

0.42667600

-0.59113700

-1.56206300

0.28263200

1.23248700

0.01329000

-1.00917600

0.94505000

1.04556600

1.56279300

0.08819800

-0.83273100

0.85672400

-0.99575800

-1.40718000

0.69208700

1.58491700

-0.23789400

-1.70997500
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Mol4-S0
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-4.45693500 -0.90787000 1.29302800

-4.89673800 0.87627300 -0.36547500

1.16324400

2.19941800

0.84156100

1.97407400

3.02092200

0.40399500

-0.55937600

-1.40153900

-1.06629100

-2.71698000

-1.00644900

-2.38170900

-0.42787400

-2.04256600
-2.32207600
-1.07544400
-0.38322800
-0.94602700
-2.57366100
-0.64636100
-0.37981400
-0.51964200

0.00600300
-0.45170800
-0.13354000

-0.74134400

34

i

A

Mulliken Spin Density

-1.14670300

-1.28619000

-0.29207300

0.43115900

0.62794700

-1.70714500

-0.07008700

-1.14830300

1.22257100

-0.94000500

-2.15407700

1.43328100

2.07038100
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-3.21015400

-3.35611100

-2.76159700

-4.23530200

1.78120600

0.90703600

2.67204900

1.60072400

2.46290600

0.47371000

-0.40686300
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0.39059400

Mol4-T1_a
1.03232600
1.37780100
0.77484800
1.95219100
3.02630200
1.13806200
-0.59655000
-1.49761700
-1.06986800
-2.79969800

-1.15519300

O I O O O O T O O O T O

-2.37898100

0.13351500

0.21662900

-0.04633600

0.43911500

1.07809200

1.18833100

1.37667100

1.91721400

1.98669000

2.53171500

2.46343300

3.11681100

-2.38851800

-2.43507500

-1.10020000

-0.35376800

-0.92172400

-3.27956300

-0.61403200

-0.86306800

0.06349500

-0.39931700

-1.40807800

0.51011700

0.35159500

-1.78775100

2.44293400

0.51484500

0.81260300

1.45456100

1.36462500

-0.42207400

-1.07876500

-0.74654000

-0.11630800

-1.65322400

-0.64035900

-1.66500900

0.00115200

0.46233600

0.56574000

-0.03601300

0.09991000

-0.94531500

1.23171400

-0.88654200

-1.81585600

1.29608900
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-0.41763000

-3.24530400

-3.47262900

-2.72792500

-4.26590300

1.87459400

1.04476900

2.81018400

1.73189200

2.58624600

0.64201600

-0.23098800

0.58369700

Mol4-T1_b
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1.44204600

2.49897500

1.04008700

2.10694900

3.24488100

0.73003000

-0.39471100

-1.26004600

-0.90849600

-2.60487100

-0.86310400

0.20093400

0.29459000

-0.58318900

1.01943700

0.65065000

1.16125500

1.46706100

1.45999900

1.79982800

1.69686000

2.42442700

2.52413600

2.85177600

-2.24134600

-2.45178600

-1.07617500

-0.07683400

-0.42598200

-2.99853300

-0.72939100

-0.85369700

-0.28539900

-0.53784400

-1.17965200

2.08394400

0.23194500

-1.71393700

2.18500700

0.28095200

0.63635100

1.26778100

1.10873100

-0.71782700

-1.38056100

-1.13769500

-0.50130700

-2.13021100

-0.57999600

-0.68048800

-0.08021100

0.30883000

0.49259500

-0.88356100

0.05912100

-1.02684200

1.27685100

-0.90057700

-1.98047400

281



I T 6 T O T T O T T T O T O

%
o

Mol5-S0

C

C

-2.25272000
-0.25318000
-3.10461500
-3.26196000
-2.63638700
-4.15247900
1.71366600
1.10341900
2.65013900
0.96007300
1.44983900
-0.33094400
-0.40593200

-1.25692700

45*’

g
2P
I

9
S0

-1.53832700

-0.51745300 -0.60527400 -0.47825500

0.03159100

-0.20518100

-0.09051200

-0.63301700

0.37062600

0.16095900

1.39557500

1.54830400

1.94301600

1.86523700

1.75546800

2.52183500

3.59660600

1.96280700

-1.37067000

1.40484900

2.13618900

0.31539800

-1.75540700

2.35831900

0.41360600

0.39463500

1.28744400

0.53144200

-0.81121400

-1.77458700

-0.72513100

-0.60095700

-0.80657000

-0.07771100
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Mulliken Spin Density
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Mol5-T1_a

-1.75151500

-3.03169700

-2.82813300

-1.41134100

-1.47331600

-1.84815100

-3.86087200

-3.28919500

-2.83208500

-3.65886000

-0.60032000

0.19375500

0.56301500

1.84967100

1.90226800

2.52692000

3.33408900

2.92621000

3.68790300

4.19015600

2.28594600

1.78605500

2.12719900

1.02910500

1.40080700

0.62648100

-0.85223200

-2.44486800

1.27554600

2.46662600

1.02808900

0.74637000

-1.01178800

-1.44299300

0.88162200

1.62545800

-1.21250700

-0.60940900

0.25757100

-1.37363900

0.84911800

1.77600600

1.03303300

0.57091200

-0.22113900

-0.78785300

-0.49433500

-1.55883700

0.46685900

0.17545900

0.47835400

-0.16350500

1.51987100

0.26714100

0.75876800

-0.88027300

1.56397700

0.08667200

-0.36513500

-0.89134900

-1.03838000

-0.95815400

-1.61471100

-1.34672400

0.46040600

0.04957000

1.47324600

-0.16049400

0.43010900

1.52076900

2.50572700

1.46235700

283



r r 6 6 r r r 6 T T 6 0O o o T T T T T T O O O O O

-1.70678200

-0.54916000

-1.91971300

-3.12066400

-2.71022100

-2.01453700

-1.69333000

-2.12934600

-3.91351400

-3.52866500

-2.26794900

-3.57177000

-0.61677200

0.33994000

0.51829400

1.81699700

1.79222600

2.44080100

3.46105600

3.06322200

3.89183100

4.25788800

2.35892400

1.89031800

2.30220000

1.08117200

-1.40464100

-0.52510900

1.46631500

0.52593500

-0.87158600

-2.07876700

1.78816900

2.37498300

0.93698900

0.42734000

-0.76200900

-1.53257900

0.89301800

1.65661700

-1.21412000

-0.61608300

0.25605100

-1.38915100

0.76806100

1.71005000

0.93781400

0.44513300

-0.24336500

-0.77150900

-0.48833700

-1.49187400

-0.24751200

-0.52408900

0.19424600

0.20123000

0.70651100

-1.03934200

1.21560800

-0.37150200

0.82848400

-0.80805100

1.70391700

0.78842400

-0.35277700

-0.54990200

-0.90093500

-0.96715600

-1.61600900

-1.41960400

0.33271900

-0.05207600

1.31761700

-0.34295900

0.38704300

1.50802000

2.46803300

1.50474800
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Mol5-T1_b

C
C
C
C
C
H
H
H
H
H
H
H
C
0
0
C
H
H
C
H
H
H
C
c

-1.28438600

-0.43589300

-1.81470200

-2.99593900

-2.55978400

-1.02406000

-1.42020200

-2.07986400

-3.80895100

-3.37542400

-2.41699500

-3.34233100

-0.68695500

-0.02431300

0.63696600

1.90222900

1.96657400

2.62537700

2.81368700

2.44280600

2.63716100

3.90263800

2.15178400

2.06466400

-1.39267600

-0.43389200

1.23442800

0.31337200

-1.14458700

-2.41427500

1.03367500

2.28927000

0.50985800

0.51902900

-1.43263800

-1.80134400

0.99444400

1.89786800

-0.75724100

-0.17647800

0.84021700

-0.80505400

0.97902800

1.90939300

0.99400700

0.95789400

-0.19918400

-1.47215600

-0.27762000

-0.66112000

0.67067400

0.38745700

0.46773700

-0.53443900

1.67402200

0.62050900

1.08709700

-0.61698400

1.51683600

0.08204200

-0.30917100

-0.76252900

-1.43046300

-1.07584700

-1.46070000

-1.60630200

1.03571900

0.60077600

2.11221200

0.89264700

0.39854300

1.10300900
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Mol6-S0
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1.16528400 -1.77148700

2.89852100 -2.16735800

0.37265400 1.10048600
-0.02377900 -0.18383500
-1.33096100 -0.49836000
-2.16253000 0.56870700
-0.48277800 2.21177600
-1.12513000 -2.62301800
1.34751000 1.38121000
-1.77767800 -1.80976100
-3.42498300 0.31206000
-2.30954800 2.63060400
-3.84503000 -0.98855500
-3.02216000 -2.05787600
-4.06164000 1.14256000

-4.82311600 -1.17814200

1.62740600

1.11251400

Mulliken Spin Density

-1.03969500

-0.88993500

-0.33596900

0.03054200

-0.66475300

-0.43211600

-1.40267100

-0.14750200

0.57487200

0.11398300

0.75128400

0.39151500

0.85396700

1.17396400
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-3.36021600

-0.17673300

0.68677800

-1.71855900

1.97451100

2.00436600

2.07351000

3.07897300

2.90328500

4.02028100

3.17728400

3.80596100

2.52306600

1.57189800

1.52788000

1.83926600

0.56170000

2.63676800

1.66462500

2.93370500

3.35557700

Mol6-T1_a

-3.07486600

3.38499900

-1.27696500

1.85548200

-1.19060500

-2.01692600

-0.25985900

-1.35345800

-2.28960100

-1.47148000

-0.19019300

0.63149100

-0.03740900

-1.04267100

-1.97239600

-1.26719600

-0.62024200

1.23436400

1.73515000

1.02926600

1.92278500

0.53435400

-0.76860600

-1.20694600

-0.14905100

-1.81245600

-2.52299900

-2.37194700

-0.77362300

-0.24174900

-1.31610600

0.16989600

-0.16372400

1.31896400

1.89877300

1.33678200

2.93426700

1.91857500

2.10788200

2.14841900

3.13945900

1.66653900
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0.83952200

0.08882000

-1.17069300

-1.65902200

0.37538000

-1.63990100

1.64496300

-2.00279400

-2.89663500

-1.15837100

-3.69698500

-3.23327000

-3.24076400

-4.66677100

-3.84925600

0.98243200

0.59063600

-0.82328700

1.97951100

2.14263000

2.58079700

2.36510300

1.65201400

3.34006200

2.47383900

3.28387300

0.45272800

-0.72096300

-0.56085000

0.76981200

1.78330300

-2.65256900

0.36200500

-1.64731000

0.96925500

2.78736900

-0.11776800

-1.41986700

1.98194900

0.05807700

-2.25921300

2.79823500

-1.96086100

1.85213200

-2.16212100

-3.21524200

-1.56927800

-1.84356200

-2.33612800

-2.30830100

-0.37427000

0.12536100

-1.54872800

-1.04553600

-0.50405000

-0.27160100

-1.24364800

-0.26303200

-2.25978900

-0.10168200

0.29460800

-0.38213000

0.66526600

0.46875400

0.46921100

1.10891000

0.76385000

-1.54779000

-1.22879800

-0.55834600

-0.98505400

-1.20479000

-1.68087300

0.45975100

1.12022400

0.63657900

0.73107000

0.20368400
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1.71136700

0.54610700

0.31904600

0.73087700

-0.35002500

1.98788400

1.10087700

2.23202500

2.80757600

Mol6-T1_b
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0.03649600

0.19033400

1.34960900

2.29295400

1.01534700

0.81089600

-0.81693200

1.54765500

3.41822000

2.76945500

3.59402600

2.65809000

4.14262000

4.46756900

2.80430900

0.37930400

-0.12528000

-1.17415800

0.02204200

0.45131300

1.84686100

2.43160000

2.07948900

2.17614600

1.64688800

0.35474500

-0.40828900

0.23433500

2.32468500

-2.23102400

2.24674300

-1.74694800

-0.46553400

2.01971200

-1.78407800

-2.43311900

0.03884600

-2.31826600

-3.46809000

1.53126900

2.32722400

2.15395500

3.39488900

2.07868400

1.68542700

1.42849000

2.72564300

1.04919800

0.54924100

0.91850900

0.48704400

-0.32569200

-0.28259900

1.46381100

0.81777800

0.83835700

-0.77264800
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APPENDIX C: Supplementary Materials for Chapter 4

S1. Computational Methods

S1.1 Protein Structural Database Generation

14,536 amino acid sequences (7,268 soluble, 7,268 insoluble) from the
SoluProt' dataset were chosen as the starting point for database creation. The
SoluProt dataset consists of curated amino acid sequence-solubility label pairs
curated from the experimental TargetTrack database using a combination of text
based searches and sequence identity clustering with the MMseqs2 software. The
training and test sets are curated independently, and are both length-balanced and
constructed to ensure low overlap between the sequence identity in the train and test
sets. The training set consists of 11,436 amino acid sequences, while the test set
contains 3,100 sequences. All sequences were used as inputs to generate structural
predictions using the OpenFold protein structure software. The Fireworks? workflow
orchestration software package was used to generate multiple sequence alignments
(MSAs) with the MMseqs2® software package in a parallelized manner. The generated
MSAs were then used as inputs into the OpenFold software to generate structural
predictions using the pretrained parameters of the original Alphafold2 model. MSAs
were generated against the Uniref90, mgnify,® and PDB70 databases.® The
recommended defaults for monomer prediction were used, with the following
exceptions: 1) inference time, low-memory attention was enabled to improve GPU

memory usage; 2) chunking was disabled; 3) model tracing was enabled to enhance
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runtime efficiency. This resulted in the creation of the 3DProtSolDB, comprising
14,175 predicted 3D structures (7099 soluble, 7076 insoluble). Structure generation
for 361 sequences failed during the relaxation steps of the OpenFold pipeline; these
structures were omitted from further study. Concurrently, a sequence similarity-
based search of experimental crystal structures deposited in the RCSB PDB was
performed for each sequence in the SoluProt dataset using BLAST queries
implemented in the pyPDB’ Python library. Matched protein structures (sequence
identity > 0.9) from any expression system were collected, with the highest sequence
identity structure saved in the case of multiple matches. The resulting experimental
structural dataset, comprising 8,021 structures (4,147 soluble and 3,874 insoluble),

is referred to as 3DProtSolDB-Expt.
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S$1.2 Topological Embedding Generation Model Development (TopoCoder)
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Figure S1: Overall process of generating topological barcodes comparing atom positions in 3D space. Spheres of radius
zero are placed at each alpha carbon position and grown. At the intersection, the growth of one of the spheres is stopped,
and the associated radius is thus recorded. The appearance and disappearance of 2D pores and 3D cavities are also
noted. The resultant structure is called a birth-death diagram; the start and end radii of each bar are plotted against each
other to yield the persistence diagram, which in turn is then vectorized to yield the final topological barcode.

Vectorized topological barcodes were generated to encode shape information of
the generated protein structures for all 3D protein structures in the 3DProtSolDB-
Expt. The process of generating topological barcodes for protein structures is
illustrated in Figure S1: a sphere of radius 0 A is placed at the alpha carbon of each
amino acid residue, representing the“birth”. These spheres are then grown
simultaneously. When a sphere intersects with another, they merge, and the growing
process continues. The radii at which intersections occur are noted, representing the
“death” for each sphere; thus, at infinite radius, only one sphere consisting of the
union of all initial spheres exists. During this growth process, radii corresponding to
the birth and death of 2D pores and 3D cavities are also recorded. This collection of
birth and death intervals in each dimension represents the topological persistence
intervals for each protein. Abar plot of these intervals for each observed sphere, pore,

and cavity, in each dimension, is known as the birth-death diagram. Due in part to the
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infinite-dimensional nature and low information density of this representation, the
birth-death diagram is transformed by plotting the birth radius vs. the death radius for
each bar, yielding a persistence diagram. However, the resulting persistence diagram
can be sensitive to the discretization scheme used to vectorize the radius-growth
process. A variety of methods have been developed to transform the persistence
diagram into a more compact, noise-resistant format, commonly referred to as the
topological barcode. Here, we benchmarked two distinct discretization methods for
generating topological barcodes: persistence image vectorization® and Atol
vectorization.® We find that the persistence image vectorization scheme yields
barcodes with low variance across protein structures, and thus, Atol vectorization
was used to generate topological barcodes.

The process of generating topological barcodes in this manner is deterministic for
a given input structure. To reduce the dependence of generated barcodes on
variations in input coordinates, we develop a protein embedding model based on the
general RipsNet architecture. The RipsNet model implements a permutation
invariant NN architecture, DeepSets,'® to predict a topological barcode from input
geometric coordinates, which can be used for subsequent predictive tasks. The
predicted barcodes offer significantly greater resistance to input noise than those
generated via the radius growth process detailed above and achieve state-of-the-art
performance when used as inputs for downstream image segmentation and object

detection tasks.
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We built and tested two separate barcode embedding architectures that take
alpha carbon positions as inputs, and output a topological barcode: one, termed
TopoCoder-S, used the same architecture hyperparameters as the RipsNet model,
while the other, termed TopoCoder, used a larger embedding space to enhance
model expressivity. Both models consist of stacks of DeepSets convolutional layers,
following the DeepSets architecture to enforce permutation invariance when
computing representations of the alpha-carbon inputs. These node representations
are summed and pooled, and the resultant vectors are passed through three dense
layers. Further architecture details can be found in Section S2.

To train the TopoCoder models, the Gudhi'' software package was used to
generate 1D, 2D, and 3D Atol vectors for each protein in the 3DProtSolDB-Expt. The
Atolvectors were used as labels for NN training; the model inputs were alpha-carbon
positions for each protein structure. The TopoCoder architecture yielded more
accurate topological barcode predictions than the TopoCoder-S architecture, as
evidenced by a lower L1 (MAE) loss. Additionally, using separate models with distinct
weights for each barcode dimension also yielded more accurate topological barcode
predictions. Each model was trained for 300 epochs with early stopping, using an
Adam optimizer with a learning rate of 0.0005 and a batch size of 1000, with a training-
validation-test split of 0.8, 0.1, and 0.1, respectively, and an L1 (MAE) loss function.
Full details of model training are provided in Section S4. The trained TopoCoder
models were then used to generate 1D, 2D, and 3D topological embeddings for

protein structures in the 3DProtSolDB via forward inference. We note that Since
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TopoCoder predicts topological barcodes from alpha-carbon geometry without using
solubility labels, and is trained on 3DProtSolDB-Expt (not the SoluProt training set
directly), TopoCoder training does not constitute direct leakage of solubility labels

into the TopoFormer training pipeline.

S$1.3 Development of an Equivariant Protein Solubility Prediction Model (TopoFormer)

The generated topological embeddings (from TopoCoder) and 3D structures from
the 3DProtSolDB were used as inputs to train an equivariant transformer NN model
to predict protein solubilities. Conventional graph neural networks (GNNs) use
vector-valued representations of nodes and edges; when the input is rotated in 3D
space, the node and edge representations remain invariant. We applied an
equivariant NN model that uses higher-order tensors to represent nodes and edges
of protein graphs, allowing direct geometric representations that maintain rotational
equivariance. As model inputs are rotated, the intermediate representations and
outputs of the equivariant neural model rotate accordingly.

The SE(3) Transformer'® is an equivariant NN architecture that can directly use
geometric information as input. Equivariance is enforced by representing geometric
features as linear combinations of spherical harmonics; a learned convolutional filter
is then constructed via a radial weighting function. Scalar, vector, and higher-order
features are combined throughout the network using tensor products to represent
node and edge features. This architecture has been shown to outperform other

equivariant architectures on a variety of prediction tasks;' however, due to the large
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number of tensor product operations and the radial basis encoding, it incurs a high
computational cost. To address this, researchers at NVIDIA implemented
optimizations in memory usage and caching, which greatly reduced the
computational overhead during model training.™

We incorporate an invariant attention mechanism'™ into SE(3) equivariant
Transformer blocks (Figure S2) to enable topological embeddings to influence 3D
geometric representations. We exploit the rotational invariance of topological
embeddings when inputting coordinates: the topological barcodes used to train the
TopoCoder model remain unchanged under rotation. In each layer, 1D, 2D, and 3D
topological embeddings are concatenated and passed through a multi-head self-
attention layer. The result is used as a query vector in a cross-attention layer, using
scalar (0-order) node features from the SE(3) Transformer block as key and value
vectors. Equivariant convolutional operations in subsequent layers ensure mixing of
the resultant O-order scalar features with higher-order features. Finally, scalar node
states are pooled via a summing operation, then passed through a linear readout

layer, followed by a softmax filter to obtain the final solubility prediction. Attention

n
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Figure S2: TopoFormer architecture diagram. The TopoFormer architecture combines scalar geometric representations
generated by the equivariant operations with invariant topological embeddings generated by the TopoCoder model, utilizing
an invariant cross-attention mechanism. Since only scalar representations are treated by the cross-attention mechanism,
overall rotational equivariance is preserved. The results of the cross-attention mechanism are propagated to higher-order
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weights for the scalar node features from the penultimate cross-attention layer are
also obtained for model interpretability. Preliminary hyperparameter tuning was
performed to identify optimal model parameters; further details, including detailed

hyperparameters and model architecture, can be found in Section S4.

S$1.4 Molecular Dynamics (MD) Simulation of Water Survival Probability

MD simulations using the OpenMM’® software package were performed to validate model
predictions for selected example protein sequences. OpenFold-predicted crystal structures
were obtained for the chosen sequences using the procedure detailed in Protein Structural
Database Generation. The OpenFold predicted structure for the protein of interest was
placed in a cubic solvent box that is 5 A larger in each direction than the biggest dimension
(i.e., 1 nm padding) using the pdbfixer software package.'” Equilibration was performed using
the Amber14SB™ force field for 10,000 steps of 0.002 ps from 0 K to 292 K in the NVT
ensemble. Following equilibration, a production run of 50,000,000 steps with a time step of
0.002 ps was performed in the NPT ensemble, yielding a total of 100 nanoseconds. The
OpenMM LangevinMiddlelntegrator and MonteCarlo barostat were used for heating and
barostating. Barostating was applied every 200 steps during the NPT simulations. Per-
residue water survival probabilities were then calculated as the proportion of production
simulation time in which a water molecule remains within 7.5 A of a given residue. All
simulations were run in triplicate; the reported calculated values were averages across the
simulations. Thus, the water survival probability serves as a proxy for studying interactions

between solvent water molecules and amino acids.’®® The 7.5 A radial cutoff was
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determined by calculating the distance at which the derivative of the radial distribution

function of water.

S2: 3DProtSolDB Database Details

To further investigate the impact of OpenFold model prediction error on the generated
structures in the 3DProtSolDB, we analyze the correlation between the prediction error
(measured via per-alpha-carbon RMSD with corresponding experimental structures in

3DProtSolDB-Expt). The binning strategy adopted in Results and Discussion, Generation

and Validation of Protein Structural Databases in the manuscript was used to separate

protein structures based on the average per-sequency prediction pLDDT. The frequency
distribution of proteins in each bin with respect to total dataset size is shown in Fig. S3; it is
found that the proteins in the quartile range corresponding to the lowest average confidence

bin makes up only 0.48% of the database.

In addition, we note that the following database and model versions were used to

generate the 3DProtSolDB database.

RCSB PDB - Accessed March 28, 2023

UniRef90 — Accessed March 20, 2023

Mgnify — Accessed March 22, 2023 - Version 2023 _02

PDB70 - Accessed April 7, 2023

Openfold - Version 1.0.1
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Figure S3: Binned pLDDT scores for OpenFold predicted structures in 3DProtSol. a) Percent composition of each per-
sequence pLDDT confidence bin. The highest confidence bin makes up 92% of the total dataset. b) Per-residue pLDDT
vs. RMSD with respect to experimental structure for sequences with corresponding matches in 3DProtSol-Expt. A
qualitative correlation between low pLDDT score and high RMSD is seen for points above 30 A RMSD - no point with
RMSD over 30 A has pLDDT greater than 80.
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S3: Topocoder Network Details

The Topocoder model is a permutation invariant, rotationally invariant model based on
the RipsNet framework developed by de Surrel et. al?’, which in turn is based on the
DeepSets? framework introduced by Zaheer et. al. in order to mirror the physical symmetries
inherent in the topological barcode generation process. The topological barcode is invariant
to permutation and rotation of the input point cloud, as the filtration used to generate the

barcode utilizes pairwise distances between input points.

The Topocoder consists of stacks of permutation invariant Janossy pooling blocks,
followed by a permutation invariant pooling layer and dense layers. Janossy pooling enforces
permutation invariance by permuting an h dimensional input embedding all possible ways,
thus requiring weights to be computed for h! possible inputs; this is computationally
intractable?®. Thus, initial Janossy pooling blocks are constructed using the sum pooling

method detailed by Zaheer et. al. to ensure tractability. Alpha carbon positions are used to
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construct the initial point cloud input, which is then passed through a sequence of 5 Janossy
pooling layers to generate pointwise representations for each alpha carbon in the input. A
sum pooling layer is then implemented to combine representations and ensure permutation
invariance, and the result passed through 3 dense layers to generate the final topological

embedding.

To train the model, we benchmark the embeddings generated two different topological
barcode discretization schemes: the Atol vector® and the persistence image?*. Previous work
by de Surrel et. al. was performed by training the RipsNet model against persistence image
barcodes; thus, persistence image barcodes were generated for the alpha carbon point
clouds for structures in the 3DProtSol-Expt dataset. However, it was found that the
generated barcodes show low variance across all structures in the dataset. Thus, the Atol
vector was adopted in lieu of persistence image barcodes. We find that the calculated
representations show much greater per-structure variance, and we utilize the Atol vectors to

train the Topocoder model.

The final model architecture is detailed in Table S1:

Table S1: Topocoder architecture hyperparameters

Parameter Value

Number of Janossy Pooling Layers 5

Janossy Pooling Layer Dimensions [1200, 600, 300, 150, 50]
Janossy Pooling Layer Bias True

Number of SumPooling Layers 1

Number of Dense Layers 3

Dense Layer Dimensions [50, 75, 100]

Dense Layer Bias True

Sigmoid Readout Layer False

Optimizer AdamW
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Learning Rate 0.005
Number of Epochs 100
Output Embedding Dimension 100
Loss Function L1 Norm

S4: Topoformer Network Details

The Topoformer model is an equivariant transformer model that allows scalar
invariant input features to interact with scalar geometric representations obtained from
equivariant attention. The model is composed of stacks of Topoformer blocks, followed by
a global graph pooling layer, readout layer, and softmax layer outputting the final solubility
prediction. Each Topoformer block is composed of two trunks: an equivariant transformer
trunk modelled around the SE(3) Transformer' architecture which transforms geometric
data and features from the 3D protein structure, and an invariant self-attention trunk which
transforms topological representations. Scalar representations from each trunk are then
combined using a cross-attention mechanism, allowing the topological representations to
combine with geometric representations. The combined representations from each trunk
are passed through a layer norm as suggested by Brody et. al*®, and the combined full-tensor
rank representation passed to the next block. Residuals are thus combined outside of this

layer, allowing for faster training time convergence as suggested by Xiong et. al?®

The equivariant trunk in each Topoformer block consists of a single SE(3)
Transformer block. In this block, scalar-weighted edge-wise equivariant messages are
propagated to update a target node, between nodes within a local neighborhood of 5 Aofthe

target. A linear self-interaction layer allows each node to attend to itself. Scalar (ie. invariant)
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attention weights are computed using a scaled inner product of trainable query and key
weight matrices, which are in turn computed using the tensor direct sum of the cartesian
product of the linear map between each order representation, for each input feature. Thus,
the interaction of scalar (1=0) node features with vector (l=1) edge features would be
represented by the direct sum of 3 key and query matrices respectively. Scalar features from
the final equivariant convolution are used to generate key and value matrices to combine
trunk representations. Dimensions of 64 are used to encode each matrix element (channel
dimension). Due to the use of the inner product, the resultant attention weight is rotationally
invariant. The inputs to the first Topoformer block equivariant trunk consist of scalar node
features (amino acid one-hot encoding, computed RSA, and per-residue ESM embedding)

and both scalar (= 0) (edge type) and vector (1=1) features.

The invariant trunk consists of a single cross attention block. An input vector is
passed through three separate linear projection layers to generate key, value and query
matrices. An inner product between key and query matrices is used to generate scalar
attention weights, and the value projection rescaled using the calculated weights. The
scaled vectoris passed through a linear intermediate projection layer and an activation layer.
The resultant vector is then used to generate a cross-attention query matrix to combine

representations from both trunks.

After representation updates in the Topoformer layers, the resultant vectors are
passed through an equivariant graph pooling layer to aggregate representations from each
node, resulting in a single graph-level representation for scalar and higher order

representations. Scalar representations are then passed through a single layer MLP
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(multilayer perceptron), which functions as a readout layer, and a softmax layer to generate
the final solubility prediction. Node-level attention weights are obtained from the

penultimate cross attention layer. Full model hyperparameters can be found in Table S2:

Table S2: Topoformer architecture hyperparameters

Parameter Value
General Parameters

Automatic Mixed Precision True
Batch Size 25
Max Epochs 100
Training Epochs 35
Optimizer AdamW
Learning Rate 0.0001
Weight Decay 0.01
Topoformer Layers 5
Equivariant Trunk (per Topoformer block)
Low-memory mode True
Radial Basis Caching True
Total Degrees 2
Channels per Degree 64
Channel division 2
Invariant Trunk

Input dimension 300
Number of linear projection layers 1
Projection layer hidden dimension 300
Attention heads 2
Dropout 0.1

The loss plot for final model training is shown in Figure S4.

The Relative Exposed Hydrophilicity metric was used to analyze model results. A plot of
computed REH values for both insoluble and soluble labelled test set samples is shown in
Figure S5.
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Figure S4: Final TopoFormer model training loss. Final TopoFormer model was trained on both the initial training
and validation sets used during hyperparameter tuning

0.7 H
Predicted Label

0.6 - B 0
I

Computed REH

| |
0 1

Figure S5: Distribution of per-structure REH values for soluble and insoluble labelled proteins in the 3DProtSol test
set.
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Timing for each stage of the inference pipeline was obtained for a representative protein
selected from the SoluProt test dataset consisting of 223 amino acid residues. Timings were
obtained on a machine with 64 cores and two Nvidia A6000 graphics cards. The timings for

each stage are detailed in Table S3:

Table S3: Timing details for inference of a single test protein.

Step Description Time (s)
1a ESM model loading 8.54

1b ESM inference 0.31

2 Persistence diagram inference | 0.69

3 Graph construction 1.54

4 Solubility inference 0.46
Per sample total 3.0

The performance of the Topoformer model was benchmarked against arandom forest
baseline model. Due to the rotational invariance of the random forest model, geometric
features were omitted from the study to ensure fair comparison. Calculated node features
for each protein from the SoluProt training set were used as inputs; the random forest was
trained using only ESM features, only structural node features, and both ESM and structural
node features. Barcodes were used for all training runs. Model hyperparameters were tuned
independently for each model using a grid search; final hyperparameter choices are given in

Table S4. The results of random forest model training are shown in Figure S6:
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Figure S6: Random forest baseline results.The model trained on both ESM and structural features performs best,

achieving an accuracy of 55.4%.
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Table S4: Random forest hyperparameters.
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Model Depth Leaves
ESM Only 20 5
Structural Only 20 1
Full -1 3

S5: Molecular Dynamics Calculation Details

Benchmarking calculations were performed to assess the impact of solvent box padding

distances in order to verify that periodic images remain independent over the course of the

simulation with the 1Tnm padding distance used for production water survival probability

calculations. Two additional MD simulations were performed using padding distances of

2nm and 3nm, with all other parameters kept the same as production simulation. These

simulations indicate that water survival probabilities increase slightly with larger padding

distances, but the effect is not substantial. In the 2nm padding simulation, water survival

probability increases modestly as the padding expands from 10 A to 20 A. The maximum

water survival probability observed with 2nm padding was approximately 0.25, compared to

about 0.1 in the 1Tnm padding simulation. For the 3nm padding simulation, water survival
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probability values changed minimally as the padding increased from 10 A to 30 A, with the
highest values rising only slightly from 0.1 to approximately 0.22. This modest increase is
attributed to the larger margin around the protein, which permits water molecules to remain

in proximity to the protein for longer durations and provides additional space.

Preliminary benchmarking calculations were performed to determine the distance of
first water solvation shell surrounding the CA1-TaCA protein for water survival probability
calculations using the SurvivalProbability algorithm implemented by the MDAnalysis
software package, with initial radial cutoffs of 4 A and 5 A. The following equation is used to
perform the calculation:

_ N(t, t+ 1)
P = TZ N (D)

where Tis the simulation time, Tis the timestep, N(t) is the number of particles at time t, and
N(t, t+1) is the number of particles between times t and t+t. For a survival time indicating a
solvation shell around the protein, the plot should be flat, which indicates a high survival
probability. No nonzero horizontal asymptote was obtained at 54, indicating the need for

benchmarking the cutoff distance choice (Figure S7).
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Figure S7: Calculated water survival probability for CA1-TaCA. No asymptote is obtained for the 5 A cutoff radius.

The radial distribution function (RDF) was then calculated to determine the
appropriate cutoff distance, indicated by the minimum radius at which a horizontal
asymptote is obtained. The RDF was calculated using the RDF class as implemented in
MDAnalysis, which in turn implements the following formula to calculate the RDF between

particles a and b:
Ng Np
9an () = NaMp) ™ ) > (8 (r = 15| = 1)

i=1 j=1

The first derivative of the RDF function was then computed using the np.gradient function in

the numpy software package. A clear horizontal asymptote in the first derivative of the RDF
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Figure S8: Calculated RDF for CA1-TaCA. The experimental procedure detailed in the main text, Materials and Methods:
Molecular Dynamics Simulation of Water Survival Probability was used to perform the MD simulation.

is obtained at 7.5 A, indicating the distance of the solvation shell from the protein. This

distance was then used as the radial cutoff for further water survival probability calculations.
S$8: Carbonic Anhydrase Prediction Results

To investigate the correlation between model predictions and water survival probabilities
calculated using molecular dynamics (MD) simulations, we utilize two different surrogate
models: a linear regression and a random forest model, both implemented using the scikit
learn package. Inputs to each model consist of the scalar per-residue attention weights from
the TopoFormer model; the surrogate model is then trained to predict the water survival
probability. The linear regression model was fit using the sklearn model defaults, while the
random forest model used 10 trees and sklearn default parameters. The fit model was then

used to generate predictions for all residues. Prediction results for both surrogate models
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are shown in Figure S7; the linear regression model achieves an R2 of 0.15, indicating no
correlation, while the random forest achieves an R2 of 0.76. Thus, a nonlinear relationship

exists between the trained TopoFormer attention weights and the MD-based water survival

probability.
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Figure S9: Surrogate model predictions of water survival probability, using TopoFormer attention weights as inputs.
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APPENDIX D: Supplementary Materials for Chapter 5

S1. Effects of functional group distributions of solutes/solvents in Aug-DBs on the Root-
mean-square Errors (RMSEs) of SSD models

Table S1. The number of data points for each Aug-DB.

Aug-
DB-# 1 2 3 4 5 6 7 8 9 10 11 12 13 14
# of
data 183, 65,83 41,56 34,01 32,47 34,61 34,42 35,70 34,79 35,61 34,13 31,07 30,62 29.906
point 432 3 0 3 4 1 1 1 2 7 4 4 6 ’
s
Aug-
15 16 17 18 19 20 21 22 23 24 25 26 27 28
DB-#
# of
data 26,32 27,96 21,44 23,26 16,95 19,31 14,93 15,95 12,21 10,90 12,16
point 4 8 8 3 9 1 1 1 5 1 0 8,927 7,142 8,521
s
Aug-
DB-# 29 30 31 32 33 34 35 36 37 38 39 40
# of
s:ltnat 7,705 6,346 5,603 5,605 4,522 3,708 3,168 3,664 3,280 3,233 2,961 2,249
s
Solutes
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Fig. S1 Functional group categories of solutes and solvents in Exp-DB and Aug-DBs used for analyzing the effects of
functional group distributions of databases on the RMSEs of SSD models.
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Table S2. Solute-solvent functional groups that are overlapped between Aug-DB and Exp-DB, with the number of data
points and mean absolute errors for each category, for three Aug-DBs.

FGs overlapped between Aug-DB-18 and Exp-DB (solute.solvent) # of data points in Exp-DB MAE
Thiol.Water 1 0.13
PhosphoricAcid.X-containing 1 1.65

Nitrile.Water 2 0.44

PhosphoricAcid.Aromatics 2 1.58
Cycloalkanes.Cycloalkanes 3 0.26

Total 9 0.73

FGs overlapped between Aug-DB-22 and Exp-DB

(solute.solvent) # of data points in Exp-DB MAE

PhosphoricAcid.Hydrocarbons 3 1.13
Cycloalkanes.Aromatics 6 0.19
etc.X-containing 2 1.22
Peroxide.Water 1 0.13
PhosphoricAcid.X-containing 1 1.65
Thiol.Cycloalkanes 1 0.61
Cycloalkanes.S-containing 1 0.12
PhosphoricAcid.Aromatics 2 1.58
Total 17 0.74

FGs overlapped between Aug-DB-29 and Exp-DB

(solute.solvent) # of data points in Exp-DB MAE

Sulfide.Cycloalkanes 1 1.21
Cycloalkanes.Aromatics 6 0.19
etc.X-containing 2 1.22
Ester.Water 26 1.16
Aldehyde.Water 7 0.43
Cycloalkanes.Hydrocarbons 13 0.31
Sulfide. Water 11 0.28
Arene.Cycloalkanes 4 0.23
Nitro.Cycloalkanes 1 0.65
Nitro.Water 12 1.13
Oxygen.O,N-containing 10 0.81
Total 93 0.74

The increasing/decreasing RMSEs for the Exp-DB test set (Figure 5.3) are attributed
to several factors. During the initial SSD cycles (~Cycle 15), more than 25,000 data points

were added to the database (Table S1). In other words, the sizes of Aug-DBs until Cycle 16
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are relatively more extensive than those after Cycle 16. Such larger Aug-DBs indicate that
not sufficient data points have been added yet to accommodate new solutes/solvents
having new functional groups (FGs) unseen by the model, presumably leading to the
fluctuating RMSEs until Cycle 16 (Fig. 3). During the Cycles from 17 to 29, fewer data points
were added (around 7,700 - 23,000, Table S1), and the RMSEs showed less fluctuation.
However, anincrease in RMSE compared to the previous cycle was still observed in Students
18 and 22 (Fig. 3). To explain these intermittent rises in RMSE, we hypothesized that RMSE
increases if the added Aug-DB in the current cycle is less overlapped with Exp-DB in terms

of FGs of solutes and solvents.

This hypothesis was verified by, first, assigning FGs of solutes and solvents in Exp-DB
and Aug-DBs, based on the categories defined in Figure S1. The assignment was performed
automatically by matching substructure patterns between the simplified molecular-input
line-entry system (SMILES) of a molecule and the SMILES arbitrary target specification
(SMARTS) string of FGs. If a molecule has multiple FGs, the one with higher priority was
assigned according to the priority order shown in Figure S1. 33 categories were defined for
solutes. For solvents, eight categories are sufficient to distinguish different FGs, according
to the results of t-distributed stochastic neighbor embedding (t-SNE) clustering analysis
shown in Figure 6.7. After assigning FGs, we counted the number of data points in Aug-DBs
whose FGs of solutes and solvents overlap with those in Exp-DB. This analysis was
performed for Aug-DB-18 and Aug-DB-22 which led to an increase in RMSE for Students 18
and 22, and for Aug-DB-29 which resulted in a decreasing RMSE for Student 29. Table S2

tabulates the number of data points whose solute-solvent FG pairs in Aug-DB overlap with
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those in Exp-DB, with the MAE between experimental and COSMO-RS solubilities. The AGsow
values from COSMO-RS were referred to here since it was used as areference method during

the SSD.

For Aug-DB-18 and Aug-DB-22, FGs of only nine and 17 data points overlap with Exp-
DB, whereas 93 data points in Aug-DB-29 have common FGs with Exp-DB. As can be seen
in Students 18 and 22, fewer data points having common FGs with Exp-DB leads to an
increased RMSE, whereas Student 29 showed a decreasing trend because of a higher
overlap of Aug-DB-29 with Exp-DB. Of note, the accuracies of the reference COSMO-RS
method are similar in all these three cases (MAEs of 0.73-0.74 kcal/mol). Therefore, it can be
deduced that RMSEs of Student models are affected by the number of data points

intersecting with the FGs of Exp-DB rather than the accuracy of the reference method.
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Fig. S2 The root-mean-square errors (RMSEs) vs. sparsity metric values in later SSD cycles (Cycle 22 - 40).
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Meanwhile, after Cycle 30, the number of data points for the accumulated Aug-DBs
exceeds 900,000, and the model is presumably prone to the ‘over-regularization’ by the
solvents and solutes that frequently appeared in the accumulated Aug-DBs. In this case, the
appearance of new solute-solvent pairs can improve the RMSEs of the Exp-DB test set for
Students. For the quantitative validation of this hypothesis, we devised a metric for the

sparsity in the distribution of augmented data points of each «cycle as

#of data points in the current Aug—DB

- - . The metric value is 1.0 if all possible solute-solvent pairs
# unique solutes X # unique solvents

exist in the accumulated database for the given solutes and solvents, and a value closer to
0.0 indicates more introduction of unseen solutes/solvents to the database. As shown in Fig.
S2, from Cycle 30 to 37, the trend of the sparsity metric is mostly in line with the trend of
RMSEs. This result demonstrates that adding unseen solute/solvent molecules (i.e., a
decreased metric value) leads to SSD models that predict solubilities of problematic solute-

solvent pairs in Exp-DB more accurately, and thus lower RMSEs.

S2. Detailed results of the 10-fold cross-validation using data subsets obtained from
different data splitting methods

Table S3. Detailed information about the data set splits for the 10-fold cross-validation (Fig. 6) of the Student 35 models.

Data set # of data points (Exp-DB) # of data points (35 Aug-DBs)
Fold 1 1,048 82,893
Fold 2 1,048 82,888
Fold 3 1,048 82,886
Fold 4 1,047 82,882
Fold 5 1,047 82,877
Fold 6 1,047 82,874
Fold 7 1,047 82,871
Fold 8 1,047 82,868
Fold 9 1,047 82,865
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Fold 10 1,047 82,861
Held-out test set 1,164 92,107

Table S4. Model accuracies of the 10-fold cross-validation with the random solute-solvent data set split for Student 35.

Exp-DB Exp-DB Exp-DB Exp-DB
MAE MAE RMSE RMSE
(Validation sets from (Held-out test set, (Validation sets from (Held-out test set,
10 folds, kcal/mol)? kcal/mol)® 10 folds, kcal/mol)? kcal/mol)®
0.22 0.25+0.01 0.44 0.55+0.02

aErrors evaluated using all 10 validation sets collected from 10 folds. "Mean and standard deviation of MAEs/RMSEs from
predicting solubilities of a held-out test set using 10 different models.

Table S3 lists the number of data points for each fold and held-out test set when the
random solute-solvent sampling was performed. Each fold has almost the same number of
data points so that the training:validation:test set ratio of 72:8:9 is maintained during each
run of the 10-fold cross-validation. Table S4 summarizes the accuracies of the 10-fold cross-
validation when the data splits in Table S3 were used. All MAEs and RMSEs of the 10
validation sets and held-out test set do not deviate significantly from Exp-DB test set MAEs
(0.25 kcal/mol) and RMSEs (0.50 kcal/mol) evaluated when the best-case model was used.

These results indicate the Student 35 models are scarcely susceptible to overfitting.

Table S5. Detailed information about the solvent-wise and solute-wise data set splits for the 10-fold cross-validation of the
Student 35 models.?

Solvent-wise split Solute-wise split
Data set Exp-DB 35 Aug-DBs Exp-DB 35 Aug-DBs
Nsolvent Ndata Nsolvent Ndata Nsolute Ndata Nsolute Ndata
Fold 1 130 706 26 84,468 205 1,218 1,022 86,689
Fold 2 132 1,127 25 82,040 228 961 1,012 86,083
Fold 3 130 1,101 26 84,466 216 895 998 85,755
Fold 4 131 1,131 25 81,570 197 960 1,002 85,121
Fold 5 131 979 26 83,769 214 1,219 991 84,473
Fold 6 132 1,065 26 85,212 174 1,063 991 84,446
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Fold 7 132 648 26 83,482 208 801 981 83,765
Fold 8 131 1,043 26 82,410 214 849 963 82,970
Fold 9 131 770 26 84,672 223 1,391 954 81,273
Fold 10 132° 2,079° 26° 84,771° 198 1,196 939 80,360
Held-
out test 131 988 26 84,012 198 1,084 938 79,937
set

2The number of data points varies among different split data sets because of different number of available data points for
each unique solute/solvent. However, the stratified data set split was carried out so that the variance of the number of data
points is minimized while being randomly sampled. ®This split data set contains the water solvent.

Table S6. Model accuracies of the 10-fold cross-validation with solvent/solute-wise, stratified data set split for Student
35.

Exp-DB Exp-DB Exp-DB Exp-DB
MAE (Validation MAE RMSE (Validation sets RMSE
sets from 10 folds, (Held-out test set, from 10 folds, (Held-out test set,
kcal/mol)? kcal/mol)® kcal/mol)? kcal/mol)®
Solvent-wise split 0.55[0.27°] 0.28+0.02 1.23[0.54°] 0.50+0.02
Solute-wise split 0.34 0.30+0.01 0.67 0.55+0.02

aErrors evaluated using all 10 validation sets collected from 10 folds. "Mean and standard deviation of MAEs/RMSEs from
predicting solubilities of a held-out test set using 10 different models. “"MAEs/RMSEs evaluated without the data points
having the water solvent.

Similar analysis was carried out under the solvent/solute-wise data splits. This is to
verify that the model accuracies are maintained when solubilities involving certain solutes
and solvents are unseen in the training set and evaluated in the validation or test sets. Table
S5 shows the number of data points in each subset of data when the solvent/solute-wise
data splits were conducted. Although the differences in the number of data points are higher
than those in Table S3, such deviations were minimized through the stratified sampling
described in Figure 6.5C. Fold 10 in the solvent-wise split has particularly more data points,
since it includes the water solvent for which more data points are available than for other

solvents.
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Table S6 summarizes the accuracies from the 10-fold cross-validation with the
solvent/solute-wise data splits. In the solvent-wise splits, water solvent was included in one
of the validation sets, leading to high errors than those without the water solvent. This result
indicates that it is challenging to obtain desirable accuracies when the water solvent is
unseen because the chemical behavior of water as a solvent is significantly different from
other organic solvents. Similar trends were also observed in the literature for the water
solvent.” The validation set MAE and RMSE without water (0.27 and 0.54 kcal/mol,
respectively) is comparable to those from the best case model (0.25 and 0.50 kcal/mol,
respectively), demonstrating the robustness of the model even in the solvent-wise data
splits. Test set MAE and RMSE are 0.28 and 0.50 kcal/mol with the standard deviations of
0.02 kcal/mol when the prediction was carried out for 10 times, which also indicates the low
overfitting tendency of the model. In the solute-wise splits, MAEs and RMSEs are slightly
higher than the other above cases, but they showed an increment of errors only around 0.1

kcal/mol.

Table S7. Prediction accuracies from the 10-fold cross-validation of Student 35 with the solvent-wise data split, for the 10
representative solvents in the Exp-DB held-out test set.

Exp-DB test set solvent RMSE (kcal/mol) MAE (kcal/mol) # of data points
Heptane 0.48 0.20 211
Diethyl ether 0.55 0.37 140
Butyl acetate 0.38 0.26 97
Hexadecene 0.62 0.28 90
Methyl acetate 0.46 0.34 87
N-Formylmorpholine 0.44 0.37 61
Cyclopropane 0.48 0.33 53
Methyl isobutyl ketone 0.50 0.31 23
Propanenitrile 0.30 0.25 20
Dipropyl ether 0.26 0.21 16
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Table S7 shows the prediction errors for the 10 representative solvents in the Exp-DB
test set when the solvent-wise data splits were performed. The MAEs and RMSEs range from
0.20 - 0.37 kcal/mol and 0.26 - 0.62 kcal/mol, respectively. These accuracies are

comparable to those in the literature around 0.1 kcal/mol differences (MAEs: 0.10 - 0.27

kcal/mol, RMSEs: 0.13-0.51 kcal/mol), although the test set solvents are different.’

S3. Other control models to demonstrate the feasibility of the SSD shown in Fig. 2A

/Cycle N SSD using different theoretical methods\

&
&

Student N

t =

-RS
=5
e
SMD-

MO06-2X/
def2-TZVP

- Control-2: At least one of |A-B|, |A-C|, |[B-C| < 0.2 kcal/mol
- Control-3A: |[A—C| < 0.2 kcal/mol

Predict

o .
Cycle N Control-3B
(No SSD)
@ - E > &
Exp- Train (\z’d
AGq,, from Student
QM-DB N

Fig. S3 Description of other Control models examined to demonstrate the feasibility of the SSD shown in Fig. 2A.

Table S8. Comparison of accuracies of Control models with the models from the SSD shown in Fig. 2A.

SSD shown in Fig. 2A Control-2 Control-3A Control-3B
Exp-DB # of data Exp-DB # of data Exp-DB # of data Exp-DB # of data
Cycl test set points in the test set points in the test set points in the test set points in the
RMSE RMSE RMSE RMSE
e# (kcal/mol accumulate (kcal/mol accumulate (kcal/mol accumulate (kcal/mol accumulate
) d database ) d database ) d database ) d database
0° 0.66 11,637
1 0.59 195,069 0.64 228,488 0.68 33,290 0.68 33,290
2 0.60 260,902 0.65 286,984 0.65 41,417 0.71 41,417
3 0.60 302,462 0.65 319,845 0.70 45,757 0.68 45,757
35°P 0.50° 932,509°
36 0.53 936,173 0.54¢ 937,5631¢
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37 0.55 939,453 0.56° 941,048°
38 0.56 942,686 0.53° 944,004°

aThe Teacher model trained using only Exp-DB. "The best-case model. °Control-2 scheme was applied, starting from the
Student 35 model and 35 accumulated Aug-DBs obtained from the original SSD.

Figure S3 shows the other Control models devised for comparing the accuracies of
GNN models trained using both CombiSolv-QM and QM-DB (Control-2) or QM-DB only
(Control-3A and Control-3B). CombiSolv-QM and QM-DB are described in Figure 6.1A. In
Control-2, three sets of solubility values were compared during the SSD cycles (A: Student-
predicted, B: Calculated using COSMO-RS, C: Calculated using SMD-M06-2X/def2-TZVP). If
at least one of |A-B|, |A-C]|, or |B-C| is below the 0.2 kcal/mol threshold, the corresponding
Student-predicted value is added to the N Aug-DB in Cycle N. Control-2 was to examine
whether incorporating multiple theoretical methods can lead to more extensive databases
with improved accuracies. On the other hand, Control-3A carried out the SSD using only the
SMD-M06-2X/def2-TZVP solubility values (C) stored in QM-DB to investigate the feasibility of
employing DFT with implicit solvation models during the SSD. The training using QM-DB

DGsow values without the SSD was also performed (Control-3B).

Table S8 summarizes the model accuracies and database sizes of the above three
Control models and compares them with those obtained from the SSD depicted in Fig. 2A.
For Control-2, three cycles were conducted, starting from the Teacher model. The number
of data points in Cycle 3 is higher than that from the original SSD (319,845 vs. 302,462). All
the resulting three models showed slightly lower Exp-DB test set RMSEs (0.64 — 0.65
kcal/mol) than that from Teacher (0.66 kcal/mol) but higher RMSEs than those from the

original SSD (0.59 — 0.60 kcal/mol). We also applied the Control-2 scheme to the best-case
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Student 35 model and proceeded with three Control-2 cycles to seek possibilities of
improving the accuracy from Student 35. More data points were added compared to the
original SSD referencing only the COSMO-RS solubilities; however, no further decreases in
RMSEs were observed from Student 35. The results from Control-2 indicate that referring to
the single largest database, CombiSolv-QM, most effectively augments the database and

improves the accuracy of models from the SSD.

Meanwhile, Control-3A and Control-3B were examined. In Control-3A, the sizes of
Aug-DBs are less extensive than the SSD using CombiSolv-QM, and the lower accuracies
were observed when QM-DB was employed for the SSD. Simply combining Exp-DB and QM-
DB did not also improve the accuracy; the same trends were observed in the Control models
(Fig. 3) where Exp-DB and CombiSolv-QM solubilities were combined without the SSD.
These results demonstrate the importance of utilizing a large and comprehensive
computational solubility database when conducting SSD. Although QM-DB did not show
higher accuracies, possibly due to the less extensive database (220,332 vs. 1,000,000 for
QM-DB vs. CombiSolv-QM), further SMD-DFT calculations can potentially lead to better
accuracies. Moreover, the current QM-DB was useful in analyzing the strengths and
weaknesses of COSMO-RS, SMD-DFT, and GNN models (Fig. 8 and Error analysis of
solubility prediction Section in the Main Text). Such analysis informs the possible future

work where heterogeneous data sources are adopted for developing predictive models.
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S$4. Results of training graph neural networks with noisy student self-distillation (NSSD)

Table S9. Comparison of accuracies for SSD and NSSD models.

Mean absolute error (kcal/mol, Exp-DB) Mean absolute error (kcal/mol, Aug-DB-1)

Model description
Training  Validation Test Training Validation Test

Student 1, SSD 0.08 0.23 0.25 0.04 0.16 0.17

Student 1, 10% dropout,
stochastic depth with 0.36 0.43 0.43 0.39 0.39 0.40
survival probability of 90%

Student 1, 5% dropout,
stochastic depth with 0.22 0.27 0.28 0.12 0.13 0.13
survival probability of 20%

@ Survival probability (p) indicates the probability of the ‘final’ layer. The probability decreases gradually throughout the five
global update layers with the same interval, based on the given formula: Vis1,updated = Vi + pi Vis1 Where pi=1-i[(1-p) /4] (i= O,
1,2, 3, 4), and viis the global feature vector at the i-th layer. For example, if p=0.8 (80%), The survival probabilities per each
layer are: 1.0, 0.95, 0.9, 0.85, 0.8.

During the training using NSSD, noise is introduced to the model by applying dropout
and stochastic depth methods to the hidden layers of the model. NSSD was effective in ML
models for image classification because partially dropping the information from hidden
layers would be helpful for handling the variance among different images with the same
label. In this regard, we also tested multiple NSSD models in solubility predictions with
different dropout rates (for all GNN layers and readout layers) and survival probabilities of
stochastic depth (for the residual connection part of global feature vector). In all cases,
NSSD showed higher prediction errors for Exp-DB than SSD (i.e., no noise was introduced to
the model, Table S9). That is because dropout and stochastic depth can presumably cause
errors in recognizing a molecule. The model can miss the information about key structural
features related to solubility due to introducing noise to the model. In contrast, for images,

if some part is lost, the model can still recognize and classify them. As a result, the SSD
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method was chosen throughout this study instead of NSSD for the development of self-

evolving solubility databases and GNNs.

S5. Supplementary information for Application 1 - Linear Free Energy Relationships
between solvation free energy and reaction rates of organic reactions

P
(solv. 2)
Pearsonp <0: Pearsonp>0: Pearsonp<0:
AGgq(P) vs. AGg(R) vs. AGgq(P) - AGo1(R)
Reaction rates Reaction rates vs. Reaction rates

Fig. S4 Schematic energy diagrams of the reactions where (A) higher solvation stabilization of the product leads to

more product formation, and (B) higher solvation destabilization of the reactant leads to faster reaction. (C) Designing

new solvents can also affect both relative free energies of both reactant and product and thus the reaction rates.
Finding linear free energy relationships between solvation free energy and reaction

rates based on the Hammond Postulate

In principle, a negative Pearson correlation should be found for AGs..(P) vs. reaction rates
for reactions in which the preferential stabilization of the product(s) plays a key role in
lowering the activation barrier by increasing the thermodynamic driving force (Figure S4A).
Meanwhile, for some reactions, higher reaction rates can be achieved by selective
destabilization of reactants by a solvent (Figure S4B). Such a correlation leads to a positive
Pearson r between AGsq (R) and reaction rates. The cases in Figs. S4A and S4B mainly occur
when the structure of a transition state is analogous to that of reactant(s) and product(s) of
an elementary reaction, respectively, according to the Hammond Postulate. In addition,
product stabilization and reactant destabilization can be considered together by using AGso

(P)— AGsow (R) as a descriptor (Figure S4C). Changing the sign of AGs.w R) and adding to AGsow
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(P) enables the quantification of the influences on the reaction rates by both reactants and

products, resulting in a negative Pearson r with reaction rates.

Chemical explanation of the linear relationships shown in Fig. 9

The reaction | is the dissociation of tert-butylperoxyaldehyde into tert-butyl alcohol and
CO:.. Our results suggest that solvents with higher polarity (nitrobenzene, nitromethane, and
chloroform) better stabilize the tert-butyl alcohol product than non-polar solvents (benzene,
tetrachloromethane and heptane) and thus show higher rates. Lower Pearson r values were
obtained from the other two reactions compared to I, but they display good negative
correlations except for one solvent (MeCN and toluene for Il and Ill, respectively). Of note,
reaction Vis analogous to ll except for having more polar reactants thanll. In this case, using
non-polar solvents such as toluene show the most reactant destabilization and the highest
reaction rate. The effect of different functional groups for the same reaction was captured by
our GNN model, leading to the identification of a strong positive correlation (r=0.99). In
contrast, high reaction rates were achieved when polar solvents such as water or ethanol
were used with non-polar reactants (Brz, pentene, and cyclopentadiene) for reactions Vl and

VII, respectively.

Reaction VIl is a ring opening to decarboxylate the reactant and form an alkene whose
reaction rates were measured in five solvents. A non-polar solvent, decalin, shows the
lowest reaction rate, whereas the fastest reaction was observed in a polar N-phenylforamide

solvent. This is consistent with the fact that the zwitterionic product (P) is more polar than
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the reactant (R), so a polar solvent would be favorable to stabilize the product more than the
reactant. The Cope rearrangement (IX), in five different solvents was also investigated. Two
solvents with hydroxyl groups (ethylene glycol and phenol) showed higher reaction rates
than other solvents. This is because the ketone group in the product can form hydrogen

bonds with alcoholic solvents, leading to product stabilization and faster reactions.

Table S10. Pearson correlation coefficients between experimental reaction rates vs. all three AGsov descriptors for 11
organic reactions, with the reason of choosing one descriptor.

Descriptors
Reaction Explanation
# a b AGsolv(P) -
AGsolv(P) AGsolv(R) AGsolv(R)c
| -0.95 -0.66 -0.63 Reactions can be driven by the thermodynamic stability of
products and can be either single or multiple steps depending on
] -0.90 -0.95 0.99 the solvent.
AGson(P) — AGson(R) is the best descriptor, but AGsow(P) was
]| -0.68 0.50 -0.76 chosen because the reactant contains nitroso group (R-N=0)
which rarely appears in the database used for model training.
1\ 0.94 0.94 0.82 Not a single-step reaction, so AGsow(P) — AGsow(R) is less reliable.
v 0.97 0.99 0.95 AGsow(P) — AGsow(R) also.s.hov.vs a comparably strong correlation,
but the reactant destabilization by solvents may be a key factor.
\'/] 0.91 0.91 -0.59 Not a single-step reaction, so AGsow(P) — AGsow(R) is less reliable.
The reactant rapidly dimerizes even in mild conditions
(room temperature), and the product is stable in most conditions
vii 0.93 0.80 0.71 except at high temperatures (> 150°C). Therefore, the reactant
destabilization by solvents may be a key factor.
Vil -0.49 -0.39 -0.99
X 0.61 0.09 - Reactions where the kinetics are highly consistent with the
e ’ B Hammond postulate, and thus the generic AGsow(P) — AGson(R)
X -0.07 0.64 -0.80 descriptor shows the best correlation. Also, all of them are
) ’ elementary reactions.
XI -0.68 -0.59 -0.84

2 Close to -1 if product stabilization plays a key role for higher reaction rates.
b Close to 1 if reactant destabilization plays a key role for higher reaction rates.

¢ Close to -1 if both product stabilization and reactant destabilization play a key role for higher reaction rates.
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