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Abstract

Reactive structural adhesives—epoxies, polyurethanes, and acrylics—are essential in high-
performance applications, yet their development remains complex due to multiscale adhe-
sion mechanisms, combinatorial formulation spaces, and stringent performance require-
ments. Traditional trial-and-error approaches are time- and resource-intensive. Machine
learning (ML) provides a powerful framework to accelerate adhesive design by capturing
nonlinear relationships between formulation, processing, and performance, while enabling
predictive modeling, optimization, and experiment prioritization. This review presents
a process-oriented guide for ML-assisted adhesive development, covering component
selection, feature engineering, initial dataset design, model choice, and iterative workflows
integrating classical design-of-experiments, active learning, and Bayesian optimization. Em-
phasis is placed on interpreting ML outputs through the lens of polymer chemistry, reaction
kinetics, and fracture mechanics to extract mechanistic insights and guide rational formu-
lation design. Key challenges—including small, noisy datasets, multi-component interac-
tions, and multi-objective trade-offs—are discussed, along with emerging directions such
as collaborative databases, automated knowledge extraction, and hybrid ML—chemistry
approaches to further enhance structural adhesive development. The review underscores
the potential of integrating ML into adhesive R&D to reduce experimental burden, improve
formulation efficiency, and enable data-driven exploration of complex chemistries.

Keywords: machine learning; structural adhesives; reactive adhesives; adhesive formulation;
materials optimization; data-driven materials design

1. Introduction

Reactive material systems such as epoxies, polyurethanes, and acrylics play a central
role as structural adhesives in industries including automotive, aerospace, wind energy,
and electronics [1-3]. Adhesive bonding offers several advantages over mechanical fasten-
ing or welding: reduced weight, more uniform stress distribution within the joint, and the
ability to join dissimilar materials [4,5]. As technological demands increase, structural
adhesives must achieve improved toughness, faster cure speeds, enhanced environmental
resistance, and greater sustainability and recyclability [6-8].

Adhesion is a complex, multiscale phenomenon involving mechanics, materials sci-
ence, and chemistry [9,10]. Classical theories—mechanical interlocking [11,12], electronic
theory [13], boundary layer and interphase concepts [14], adsorption theory [15], diffusion
theory [16], and chemical bonding theory [17]—each describe individual contributions to
adhesion. However, none can reliably predict bond strength for arbitrary combinations of
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adhesives, substrates, and processing conditions. Consequently, extensive experimental
testing of adhesive-substrate combinations remains essential for product development [18].

The challenge of developing structural adhesives arises from three intertwined sources
of complexity. First, adhesion depends on numerous interacting factors such as adhe-
sive layer thickness, adherend surface treatment, and joint configuration [19]. Second,
structural adhesives must meet stringent processability requirements, including suitable
viscosity, cure speed, green strength, and long-term thermo-mechanical and chemical
resistance [20,21]. Third, increasing performance demands drive the incorporation of
more diverse components—resins, curing agents, fillers, toughening agents, catalysts,
and additives—resulting in a vast combinatorial design space [22-24]. Together, these
factors render traditional trial-and-error optimization and classical design of experiments
(DoE) increasingly inefficient and costly.

Machine learning (ML) offers a promising route to address this complexity [25,26].
Conventional formulation development of structural adhesives has historically relied on
empirical trial-and-error strategies and classical DoE, which remain widely applied in
industrial practice. However, the increasing dimensionality and nonlinearity of reactive ad-
hesive systems limit the scalability of these approaches. ML methods can model nonlinear
relationships between formulation variables (e.g., weight fractions, stoichiometric ratios,
and component chemistries), cure conditions, and resulting adhesive performance [27-29].
By constructing surrogate models that capture structure—property—processing relationships,
ML enables accelerated formulation design while reducing experimental effort compared
to conventional empirical workflows [30-32]. The integration of ML into adhesive devel-
opment therefore represents a natural methodological progression toward the broader
digitalization of materials design [33].

This review examines the application of ML techniques across the formulation de-
velopment process for reactive structural adhesives. It is intended as a process-oriented
guide for data-driven adhesive design. The focus lies on thermosetting systems—epoxies,
polyurethanes, acrylics, and relevant hybrid materials—while thermosets used solely as
coatings or sealants are excluded except where methodological concepts overlap. Reactive
systems not explicitly designed as adhesives may be referenced when useful for illustrating
ML strategies. Emphasis is placed on property prediction and formulation optimization,
with a critical assessment of the ML techniques that enable accelerated material develop-
ment using minimal experimental effort.

Literature Search and Selection

The literature considered in this review was identified primarily through searches in
Google Scholar using combinations of keywords including adhesive, epoxy, polyurethane,
acrylic, machine learning, active learning, and optimization. In addition to direct keyword
searches, relevant articles were identified by examining the reference lists of key publica-
tions and by screening studies that cited these works. The review focuses on peer-reviewed
journal articles that report the application of ML methods to the design, formulation, or op-
timization of adhesive systems. No strict temporal cut-off was applied, although emphasis
was placed on recent studies reflecting current methodological developments. The selection
was intended to be representative rather than exhaustive, with emphasis on studies that
provide methodological insight or practical relevance for adhesive development workflows.

2. The Structural Adhesive Development Pipeline

A basic structural adhesive development process can be conceptualized as a sequence
of interconnected steps (see Figure 1):
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Figure 1. Schematic workflow for ML-assisted development of reactive structural adhesives, illustrat-
ing the progression from defining application-specific performance targets and selecting adhesive
chemistry and formulation components, through virtual experiment design, data generation, and ML
model training, to iterative optimization and experimental validation.

The development process begins with defining the application and its corresponding
performance targets. These targets determine the required mechanical behavior, cure
kinetics, environmental resistance, and allowable processing constraints. Based on these
needs, one or more suitable adhesive chemistries are selected to meet the mechanical,
thermal, chemical, and economic requirements of the problem.

Once the adhesive chemistry is chosen, an appropriate set of formulation components
must be identified. This typically includes the reactive constituents—such as epoxy resins
and amine curing agents, polyols and isocyanates, or acrylic monomers and initiators—as
well as fillers, toughening agents, adhesion promoters, catalysts, rheology modifiers,
and other additives. Each component influences both the curing behavior and the final
adhesive performance, contributing to a large and highly multidimensional design space.

The next step is to define the pool of virtual experiments, meaning all plausible
combinations of component types, weight fractions, stoichiometric ratios, and process
conditions that could yield adhesives with the desired performance profile. Because
this space is typically enormous, only a selected subset of these virtual experiments is
used to generate the initial dataset. These selected formulations are prepared and tested
experimentally to establish the first structure—processing—property relationships.

https://doi.org/10.3390/adhesives2010005


https://doi.org/10.3390/adhesives2010005

Adhesives 2026, 2, 5

40f23

Once experimental data are available, ML models can be trained on the acquired
results. These models serve as surrogate predictors for adhesive properties and enable
exploration of the remaining virtual design space. At this point, the core of the data-driven
development process begins: the trained model is applied to infer the performance of
untested formulations within the virtual experiment pool.

To refine predictions and identify improved formulations efficiently, active learning
(AL) and Bayesian optimization (BO) are commonly employed [34,35]. These techniques
balance exploration of uncertain regions with exploitation of promising formulations,
allowing the developer to identify optimal adhesive compositions and cure conditions with
a minimal number of additional experiments.

Finally, the ML models must be validated using new experimental data. The result-
ing findings are interpreted by establishing structure—processing—property relationships,
identifying key formulation variables, and uncovering mechanistic or chemistry-based
explanations for trends in performance. This iterative process ultimately accelerates the
design of high-performance reactive structural adhesives.

3. Choosing the Adhesive Chemistry
3.1. Conceptual Overview

The adhesive chemistry must be chosen according to the processing, mechanical,
thermal, environmental, and economic requirements of the intended application. The most
widely used reactive structural adhesives by market share are epoxies, polyurethanes,
acrylics, and cyanoacrylate systems [36]. Each of these chemistries offers distinct advan-
tages and limitations with respect to processing and curing behavior, mechanical and
thermal performance, and cost [37]. Hybrid systems provide additional flexibility by
combining two reactive chemistries to counteract the weaknesses of one system with the
strengths of another [38-42]. In some cases, such combinations yield synergistic effects that
cannot be achieved by either chemistry alone [43].

Epoxy adhesives are widely considered the benchmark for structural bonding (see
Figure 2). Their key advantages include very high tensile, shear, and peel strength, excellent
stiffness, and outstanding chemical and thermal resistance [22]. They bond well to metals,
composites, and many plastics, and exhibit minimal cure shrinkage, which results in low
curing and thermally induced stresses and helps preserve dimensional accuracy. However,
epoxies also have drawbacks: they often require careful surface preparation, may exhibit rel-
atively long cure times, and are prone to brittleness due to their high crosslink density [44].
It should be noted that both brittleness and crosslink density can be adjusted through
proper selection of the components, for example using amines with aliphatic regions. Ele-
vated curing temperatures may also be necessary for certain formulations, which can limit
compatibility with heat-sensitive substrates.

@) R,
R] < I + HZN_RZ Y\NH
RI
OH 2

Figure 2. Epoxy resins are commonly cured with amines.

Polyurethane adhesives provide a more flexible alternative (see Figure 3). Their
inherent elasticity allows them to accommodate movement, vibration, and thermal cy-
cling. They bond well to a broad range of substrates—including metals, plastics, wood,
and composites—and generally offer easier handling and fast room-temperature curing [24].
Polyurethanes also exhibit good resistance to moisture. However, they typically provide
lower structural strength than epoxies, especially at elevated temperatures, and the iso-
cyanate component is sensitive to humidity during curing [45]. In some systems, such
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as one-component polyurethanes, curing intentionally occurs via reaction with ambient
moisture, which makes humidity a functional part of the curing mechanism rather than
solely a source of processing sensitivity. Their long-term chemical and UV resistance may
require specialized formulations to meet demanding environments.

s

Ry Cy + HO-R;
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Figure 3. Formation of the urethane group from isocyanate and hydroxyl reactants.

Acrylic adhesives occupy a middle ground (see Figure 4), offering high strength
combined with better toughness and impact resistance than many epoxies [23]. They bond
well to metals and plastics with minimal surface preparation and cure rapidly at room
temperature via free-radical polymerization. However, acrylic systems typically exhibit
higher polymerization shrinkage than epoxies, which can lead to increased residual and
thermally induced stresses in bonded joints. Their disadvantages further include strong
odor, flammability concerns, and lower thermal and chemical resistance compared with
high-performance epoxy systems [46].

°<

(@)

Figure 4. Methyl methacrylate, a commonly used monomer in acrylic adhesives.

Overall, the optimal adhesive chemistry depends on the required balance of strength,
toughness, environmental resistance, cure conditions, and substrate compatibility.

3.2. Literature Perspective

Although the conceptual landscape includes a wide range of reactive chemistries,
ML-driven formulation studies have so far concentrated on only a subset of these sys-
tems. Most published work focuses on epoxies and polyurethanes, reflecting their in-
dustrial relevance and the presence of well-established formulation paradigms that fa-
cilitate systematic investigation [47-63]. In contrast, ML applications involving acrylic
adhesives, cyanoacrylates, or other specialty systems remain scarce. A few exceptions
exist—for example, studies on acrylic systems in the context of coatings and additive
manufacturing [64-67], BO and modeling of cyanate-ester thermosets [68,69] or design of
silicon-containing systems [70]—but these are generally not framed explicitly as adhesive-
development problems. This uneven distribution highlights that most ML-driven formu-
lation research is still concentrated on a limited subset of chemistries, pointing to clear
opportunities for future work on alternative and hybrid adhesive systems.

4. Selecting Components of the Formulation
4.1. Conceptual Overview

Selecting the appropriate components for a structural reactive adhesive is one of the
earliest and most consequential decisions in the development workflow. Industrially rele-
vant structural adhesives incorporate multiple classes of constituents—reactive precursors,
toughening agents, fillers, catalysts, and processing additives—each contributing distinct
chemical or physical functions to the final material (see Figure 5) [71]. From an ML per-
spective, the formulation space defines the boundaries of the feature space: it determines
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the chemical diversity available to the model, the dimensionality of the input variables,
and the degree of nonlinear coupling between components that the model must capture.

B
’ Reactive

Catalysts Components

& é (+)

Fillers Adhesive Additives
1He [[A]]
Toughening Adhesion
Agents Promoters

Figure 5. General overview of component classes central to structural adhesive systems.

In reactive structural adhesive systems, the primary chemistries are typically based on
epoxies, polyurethanes, or acrylics, each offering a broad palette of components that can
be systematically varied [37]. In epoxy adhesives, for example, the formulation space is
defined by the choice of epoxy resin, curing agent, and, where relevant, reactive diluents.
Variations in epoxy functionality, backbone rigidity, or curing-agent structure directly influ-
ence network architecture and cure kinetics [72]. Polyurethane adhesives exhibit similar
tunability, with polyol structure, polyol functionality, polyol molecular weight, diisocyanate
structure, and chain-extender selection providing adjustable levers for crosslink density,
phase separation, and mechanical performance [73]. Acrylic systems offer yet another
design space through combinations of monomers, oligomers, and redox or photoinitiator
systems, which govern polymerization kinetics and final network structure [46].

Beyond the primary reactive components, several additional ingredient classes play
key roles and introduce further modeling challenges. Catalysts control cure rate and pro-
cess temperature, but their effects are highly nonlinear and dependent on interactions
with other formulation constituents. Toughening agents—such as core-shell rubber parti-
cles, carboxyl-terminated butadiene nitrile (CTBN) or amine-terminated butadiene nitrile
(ATBN) liquid rubbers, or thermoplastic modifiers—introduce multiphase morphologies
that absorb fracture energy and improve impact resistance [43]. Fillers, while often added
for cost reduction or rheology control, can markedly affect viscosity, shrinkage, thermal
stability, and modulus. Finally, a variety of additives, including defoamers, thixotropic
agents, adhesion promoters, UV stabilizers, antioxidants, and moisture scavengers, are
incorporated to ensure robust processing and long-term performance. Even at low loadings,
these additives can strongly influence cure behavior, durability, and failure mechanisms,
making their inclusion in ML models non-trivial.

4.2. Literature Perspective

Different strategies exist in the literature for defining the formulation space, balancing
chemical diversity with the practical constraints of data collection and ML modeling.
One approach treats families of reactive components (e.g., diisocyanates, polyols, epoxy
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resins, and curing agents) as categorical variables, deliberately sampling chemically diverse
combinations to enable ML models to learn cross-family trends [48,50,59].

For example, a series of diglycidyl ethers of bisphenol A (DGEBA) and amine-
terminated polypropylene glycol curing agents (Jeffamines) with different molecular
weights have been systematically combined to create an adhesive system [48,50]. Like-
wise, five different diisocyanates have been paired with five different polyols to generate
polyurethane adhesives (see Table 1) [59].

While chemically diverse, such approaches typically restrict each formulation to a
single epoxy resin and a single curing agent, or a single diisocyanate paired with a sin-
gle polyol. This limits exploration of mixtures of reactive components within the same
chemistry class and reduces the representativeness of the resulting datasets for industri-
ally relevant formulations. This limitation is particularly pronounced for polyurethane
adhesives, where blends of polyols with different functionalities and molecular weights
are commonly employed to tune mechanical properties, cure behavior, and processability.
Incorporating multiple reactive components alongside fillers, toughening agents, and addi-
tives would dramatically expand the virtual experiment space, posing significant challenges
for both data acquisition and ML modeling.

Table 1. Representative polyols and diisocyanates, along with their stoichiometric ratio (R), cure
temperature (T), and cure time (t), which can be combined to formulate polyurethane adhesive
systems [59]. For the abbreviations, please see Section Abbreviations at the end of the manuscript.

Polyol Isocyanate R T t
PTHF MDI 2 250°C 0.5h
PEG PDI 3 200°C 1h
PPG LDI 4 150°C 2h
PCL IPDI 5 100°C 3h
PLA HMDI 6 70°C 4h

A contrasting approach limits the number of reactive components and instead focuses
on exploring the effects of fillers, toughening agents, and additives (see Table 2) [49,55]. This
strategy better approximates industrial formulations, though still simplified compared to
commercial adhesives that may include ten or more components. Importantly, the number
of formulation components directly affects both the combinatorial size of the virtual ex-
periment space and the experimental data volume required to accurately model material
properties. Consequently, defining the formulation space is a critical step that shapes not
only the adhesive chemistry but also the feasibility and effectiveness of any ML-driven
development strategy.

Table 2. Exemplary compositions of epoxy-based adhesive systems, including resin, curing agent,
filler, toughening agent, additives, and catalyst.

Epoxy Resin  Curing Agent Filler Toughening Additives Catalyst
in wt.% in wt.% in wt.% Agent in wt.% in wt.% in wt.%
50 7.0 12.0 16.4 4 0.6
53 6.5 7.0 30.0 3 0.5
50 5.8 15.8 25.0 3 0.4
45 5.2 254 20.0 4 0.4

5. Target Properties for Adhesive Modeling

Adhesive performance is commonly characterized by a set of key properties that
capture both bulk and interfacial behavior. Lap shear strength (LSS) is the most widely
reported measure of joint performance, reflecting the shear resistance of the adhesive
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layer under load [48-50,55,58-60]. Peel strength is particularly important for applications
involving flexible substrates or thin adhesive layers, where peeling forces dominate over
shear [49]. Tensile or cohesive strength represents the intrinsic failure limit of the adhesive
itself, distinguishing bulk material failure from interfacial failure [53,55]. Notably, mechan-
ical properties such as LSS and peel strength typically exhibit higher relative standard
deviations compared with thermophysical properties like glass transition temperature
(Tg) [52]. This variability necessitates testing a larger number of specimens per formulation
and introduces additional noise into the dataset, which must be accounted for in ML model
training and evaluation.

In addition, hybrid target properties can be formulated as functions of multiple
material attributes, enabling more nuanced optimization and precise tuning of adhesive
performance [53,68]. From an ML perspective, these target properties define the output
space for predictive modeling, and their selection strongly influences model complexity,
required dataset size, and experimental design strategy.

6. Feature Engineering and Pool of Virtual Experiments

Feature engineering is a critical step in ML workflows for structural adhesives. Well-
designed features capture meaningful relationships between formulation, chemistry, pro-
cessing, and performance, enabling models to learn structure—property—processing trends
rather than memorizing noise.

6.1. Formulation-Level Features

Formulation-level features describe the adhesive recipe and processing conditions.
Key features include:

¢ Component ratios (e.g., resin-to-hardener stoichiometry, catalyst content, toughener
loading, and filler fraction),

e Additive types and concentrations,

*  Cure schedule parameters (isothermal temperature, ramp rate, dwell time, and
multi-step cycles),

*  Mixing sequence and energy.

6.2. Chemistry-Level Features

Chemistry-level features capture molecular characteristics that link composition to
network architecture and reactivity. Relevant descriptors include

*  Molecular weight and functionality of reactive species,

e  Equivalent weights of functional groups,

. Hansen solubility parameters,

¢ Topological, electronic, and graph-based descriptors,

*  Molecular fingerprints derived from simplified molecular input line entry system
(SMILES) [74,75],

¢  Polar surface area, hydrophobicity, and crosslink functionality,

* Kinetic or activation parameters.

These descriptors enable models to relate chemical structure directly to adhesive
performance, independent of specific formulation labels.

6.3. Definition and Constraints of the Formulation Design Space

A critical but sometimes underemphasized step in ML-assisted adhesive development
is the definition of the virtual formulation space from which candidate experiments are
generated. In many workflows, this space is constructed by specifying ranges for for-
mulation variables such as component weight fractions, curing temperature, and curing
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time. The choice of these bounds directly determines whether proposed formulations are
chemically meaningful and experimentally realizable.

Overly broad or weakly constrained design spaces can lead to virtual candidates that
are difficult or impractical to reproduce in the laboratory, or that fall outside the domain of
chemical stability of the underlying materials. In particular, constraints informed by chemi-
cal knowledge and processing limitations are required to ensure that virtual experiments
correspond to feasible adhesive formulations. Examples include physically reasonable
weight fraction limits, stoichiometric consistency, and curing conditions compatible with
the thermal stability of the involved polymers.

If such constraints are not imposed, AL or BO approaches may exploit mathemat-
ically permissible but chemically unrealistic regions of the design space. For instance,
unconstrained curing conditions may include combinations of elevated temperatures and
extended cure times that risk degradation of temperature-sensitive components, such as
aliphatic polyols in polyurethane systems [59]. This illustrates that the construction of the
virtual experiment pool is not merely a technical detail but a chemically informed modeling
decision that can strongly influence downstream optimization results. Explicit reporting of
the chosen variable ranges and constraints also facilitates interpretation, reproducibility,
and comparison between different ML studies.

6.4. Literature Perspective

As discussed in Section 4.2, the selection of adhesive components directly defines
the feature space available for ML models. Two primary strategies are evident in the
literature: In the first approach, reactive components are treated as categorical variables,
where one type of reactive species is combined pairwise with another (see Table 1). This
limits the virtual design space to the Cartesian product of the available components
(i.e., n x m combinations). To increase compositional diversity, several studies encode
the stoichiometric ratio (R) between reactive components as a continuous feature. In addi-
tion, cure-schedule parameters—such as cure temperature and overall cure duration—are
frequently incorporated into the feature set [48,50,59].

The second approach is more relevant for multi-component adhesive systems contain-
ing fillers, tougheners, or additives. Here, most studies use the weight fractions of each
component as model inputs (see Table 2) [49,55]. This formulation-level representation
can also accommodate systems with multiple reactive species, such as mixtures of several
epoxy resins and amine curing agents within a single thermoset network [53]. Derived
compositional ratios are sometimes computed from the weight percentages of reactive
components in multi-component epoxy systems. These engineered features reduce in-
put dimensionality, simplify model training, and accelerate optimization, while retaining
chemically relevant information [52,57].

A more advanced strategy involves computing molecular or physicochemical de-
scriptors directly from the chemical structures of reactive components. This includes
quantum-chemical parameters, topological descriptors, or fingerprints generated from
SMILES representations. Structure-based features have proven effective, for example,
in predicting LSS of DGEBA cured with aliphatic, cycloaliphatic, and aromatic amines
after water immersion [58], and in predicting the Ty of epoxy—curing agent pairs from
SMILES-derived descriptors [51,76].

Finally, some studies have correlated post-conditioning mechanical performance of
thermosets (e.g., after thermal aging or chemical exposure) with features derived from spec-
troscopic characterization, such as infrared spectroscopy [77-79]. Although less common,
these approaches demonstrate the potential of integrating analytical characterization into
ML feature spaces for adhesives.
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7. Initial Dataset Design

The design of the initial experimental dataset is foundational in ML workflows for
structural adhesives, as it strongly influences model performance, optimization efficiency,
and the ability to extract mechanistic insight. Adhesive systems exhibit complex formu-
lation—processing—structure interactions, nonlinear responses, and substrate-dependent
effects. A well-designed dataset ensures adequate coverage of the formulation space
while respecting experimental cost, chemical feasibility, and categorical variables such as
substrate type or resin family.

7.1. Taguchi Orthogonal Arrays

Taguchi designs provide efficient coverage of factor levels with minimal experiments
(e.g., L4, L9, and L16, where the number denotes the total number of experimental runs)
and enable early identification of dominant factors [80]. They are particularly useful for
small-budget studies and support main-effects analysis. However, they poorly capture
nonlinear interactions, cannot refine local regions, and require discretization of inherently
continuous variables.

7.2. Latin Hypercube Sampling

Latin hypercube sampling ensures uniform coverage of multidimensional continuous
spaces and is well suited as a starting point for BO [81]. It accommodates mixed variable
types and helps prevent premature convergence of the optimizer. Its limitations include lack
of guaranteed coverage of interactions and sensitivity to poorly defined variable bounds.

7.3. Greco-Latin Square Designs

Greco-Latin designs extend Taguchi and Latin square concepts, allowing controlled
variation of both categorical (e.g., resin or filler type) and continuous factors [82]. They effi-
ciently reduce the number of required experiments while maintaining balance across factor
levels. Challenges include scaling to high-dimensional spaces and imperfect representation
of strong nonlinear interactions.

7.4. Expert-Selected and Random Designs

Expert-selected datasets leverage domain knowledge to avoid unrealistic or infeasible
formulations but may introduce bias [83]. Random sampling is unbiased and simple to
implement but may leave important regions of the feature space sparsely covered. Hybrid
strategies combining expert knowledge with random sampling can improve coverage while
maintaining feasibility.

7.5. Literature Perspective

A variety of initial dataset-design strategies have been applied in the adhesive and
thermoset literature, each offering distinct advantages depending on the study’s objec-
tives. Broadly, studies aim either to (i) develop reliable predictive models for struc-
ture—property—processing relationships, or (ii) rapidly optimize an adhesive formulation
with minimal experimental effort.

When the goal is mechanistic understanding and predictive accuracy, researchers
often accept the higher cost associated with larger initial datasets. Studies employing
Taguchi arrays, Greco-Latin square designs, or mixed-variable DoE strategies typically gen-
erate medium-sized datasets (n =2 30), providing sufficient coverage to train generalizable
surrogate models [48,50,59].

Conversely, when rapid optimization is the primary goal, initial datasets are
usually smaller (n ~ 5 to 30), consisting of expert-selected or randomly sampled
formulations [61,68]. This approach prioritizes speed and cost efficiency, relying on AL or
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BO to guide subsequent experiments. Importantly, even structured designs such as Taguchi
arrays or Greco-Latin squares remain non-adaptive: although they provide balanced cover-
age, they do not incorporate information from prior data or model predictions (as AL or
BO would) when selecting experimental points.

Traditional DoE strategies are therefore most useful for early feature space mapping
rather than full optimization, particularly as the number of factors grows or nonlinear
interactions become significant. Figures 8 and 9 illustrate a limitation: many data points
generated via Greco-Latin squares or Taguchi arrays exhibit poor adhesive performance.
These points occupy regions of the feature space that are not relevant for the developer
of high-performance adhesives, resulting in experiments that provide limited actionable
insight. While expert knowledge is essential for defining feasible formulation ranges, data-
driven selection strategies can further improve efficiency by identifying promising regions
that may not be obvious from intuition alone, especially in complex, high-dimensional
systems. In contrast, data points selected using AL or BO tend to focus on promising regions,
improving experimental efficiency and increasing the average observed performance.

8. ML Model Choices

This section reviews commonly used ML model families and their suitability for
adhesive R&D. Selecting an appropriate model depends on dataset size, target property
type, mechanistic knowledge, and adhesive complexity. Structural adhesives pose unique
challenges: datasets are often small due to the high experimental burden, responses are non-
linear, and measurements exhibit high experimental noise arising from surface preparation,
alignment, strain rate, temperature, humidity, and operator variation [84,85]. Performance
is strongly substrate- and surface-dependent, with minor changes potentially altering the
failure mode [86]. Thickness, stiffness, testing conditions, and cure-state gradients influence
stress distribution, while the same formulation may fail cohesively or interfacially. Geom-
etry and adherend stiffness further affect measured outcomes, limiting generalizability
across studies [87].

There is an inherent trade-off between interpretability and predictive power. Linear
models and simple classifiers (e.g., linear regression, least absolute shrinkage and selection
operator (LASSQ)) are easily interpretable but often lack the flexibility to capture the
nonlinear behavior of multi-component adhesives [88]. Conversely, models such as support
vector machines (SVMs), gradient boosting machines (GBMs), and artificial neural networks
(ANNSs) can model complex relationships but are typically less interpretable (see Figure 6).

8.1. Traditional Machine Learning Models

Linear Models (Ridge, LASSO, and Elastic Net) provide interpretable baselines and are
effective for small datasets or approximately linear relationships. Ridge regression applies
L2 regularization to stabilize coefficient estimates in the presence of multicollinearity,
whereas LASSO (L1) can perform feature selection by potentially driving some coefficients
to zero. Elastic Net combines both penalties. Limitations include poor performance on
strongly nonlinear interactions and sensitivity to feature scaling [89-91].

Random Forests (RFs) handle noisy and heterogeneous features, provide feature
importance, and are robust to overfitting. Limitations include smoothing of trends, poor
extrapolation, and bias toward features with many levels [92].

Gradient Boosting Models (GBMs, e.g., XGBoost, LightGBM, and CatBoost) capture
nonlinearities and interactions more effectively than RFs, and can handle categorical
variables (CatBoost). Limitations include sensitivity to hyperparameters, risk of overfitting,
and reduced interpretability without SHAP (SHapley Additive exPlanations) analysis [93].
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Support Vector Machines (SVMs) are suitable for very small datasets, capturing non-
linearities via kernel functions. Limitations include poor scalability and sensitivity to
noise [94].

Gaussian Process Regression (GPR) is ideal for small datasets, provides uncertainty
estimates for AL and BO, and excels for smooth properties (e.g., Tg, viscosity). Limitations
include poor scalability (>1000 points), kernel sensitivity, and lower performance for
discontinuous responses [95].

8.2. Deep Learning Models

Artificial Neural Networks (ANNs) model complex nonlinear behavior for medium-
to-large datasets but tend to overfit small datasets [96].

Convolutional Neural Networks (CNNSs) extract microstructural features from im-
ages (SEM, optical microscopy, and micro-CT) to predict fracture morphology, toughness,
or porosity. Limitations include the need for large labeled datasets or transfer learning and
sensitivity to imaging conditions [97].

Graph Neural Networks (GNNs) predict performance from molecular structures
(SMILES or graphs) and generalize to new chemistries. Limitations include high data
requirements and lower effectiveness when processing dominates performance [98].

ANN .
Boosting
°

Accuracy

Explainability
Figure 6. Accuracy vs. explainability of commonly used ML algorithms. Reproduced from [99].

8.3. Literature Perspective

Python has become the dominant ecosystem for ML-driven adhesive research due to
its accessible syntax, extensive open-source libraries, and strong community support. Tools
such as scikit-learn [100], PyTorch [101], and TensorFlow [102] enable rapid development
of both traditional ML models (RF, SVM, GPR, and GBM) and advanced architectures
(ANN, CNN, and GNN). BO frameworks (BoTorch, GPyOpt, PHYSBO, and GPy) facilitate
uncertainty-aware optimization, which is critical for small, expensive datasets [103-106].

Across studies, RF, GBM, SVM, GPR, and ANN generally outperform linear models,
reflecting the strongly nonlinear behavior of adhesives [48-50,60,107]. This is especially
true when the feature space consists of categorical reactive components or formulation-level
descriptors such as weight fractions of resins, hardeners, fillers, and toughening agents.
Under these conditions, model performance typically benefits from the nonlinear decision
boundaries and interaction-capturing capabilities of tree-based models, kernel methods,
and neural networks.

For example, Pruksawan et al. modeled the LSS of epoxy adhesive systems (n = 32)
using Elastic Net regression. The input features included the epoxy resin molecular weight,
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amine curing agent molecular weight, stoichiometric ratio, and cure temperature. Using
leave-one-out cross-validation (LOOCV) [108], the model achieved an R? of 0.42 and a mean
absolute error (MAE) of 5.7 MPa. In comparison, applying GBM to the same dataset im-
proved the predictive performance, yielding an R? of 0.68 and MAE of 3.7 MPa [48]. While
an R? of 0.68 indicates only moderate predictive accuracy, this comparison demonstrates
the advantage of nonlinear models in better capturing interactions among formulation
parameters, even with a small dataset.

Kang et al. modeled the effect of epoxy adhesive component weight fractions on both
LSS and impact peel strength using two separate ANNs. With a training set of 30 data
points and a test set of 10 points, the ANNs achieved R? values on the test set of 0.64 and
0.59 for LSS and impact peel strength, respectively [49]. The relatively modest predictive
performance likely stems from the high dimensionality of the input feature space combined
with the small number of training points, which limits the ability of the ANN to generalize.

In contrast, Schubert et al. evaluated the adhesive strength of 14 different one-
component polyurethane prepolymers applied to beech wood, measured at multiple tem-
peratures after various conditioning steps. Using ten-fold cross-validation on a dataset of
2840 experimental points, an ANN achieved an average R? of 0.92 on the test set [60]. This
demonstrates the significant improvement in model performance when larger datasets are
available. While the optimal dataset size depends strongly on the complexity of the input
features, the degree of nonlinearity, and noise in the measurements, it is clear from the
literature that small datasets (tens of points) can limit predictive accuracy, whereas larger
datasets (thousands of points) enable models such as ANNSs to capture complex patterns
effectively. However, a systematic determination of the minimum required dataset size for
a given adhesive system is beyond the scope of this review.

Cheng et al. studied polyurethane adhesives by modeling LSS as a function of polyol
type, diisocyanate type, stoichiometric ratio, cure temperature, and cure time (see Table 1).
They compared linear regression, RF regression, and GB regression using a small dataset
of 24 training points and 6 test points. Among the models, random forest performed best,
with R? values of 0.98 on the training set and 0.59 on the test set [59]. The discrepancy
between training and test performance illustrates the challenges of overfitting with small
datasets and the importance of model choice and cross-validation.

Nevertheless, linear and sparsity-promoting models such as LASSO can achieve
impressive predictive performance when the feature space is carefully engineered to capture
relevant chemical relationships. Nakamura et al. demonstrated this approach by predicting
the LSS of epoxy resin adhesives after immersion in water. Their input features included
structure-derived molecular descriptors and solubility-parameter-based features, which
encode the chemical and physical characteristics of the resin—curing agent pairs [58]. Using
LOOCYV on a test set of 14 data points, the LASSO model achieved an R2? 0f 0.89, indicating
strong predictive accuracy despite the small dataset. Furthermore, when validating on an
independent set of three data points drawn from the same chemical system, the model
achieved an R? of 0.997 (see Figure 7). These results, as reported in the original study,
illustrate the potential of linear models with carefully engineered features; however, it
should be noted that validation on very small datasets (e.g., three points) may not fully
reflect generalization performance, and the model’s reliability should be interpreted in the
context of the original publication’s experimental design and limitations.

This study highlights a broader insight for ML in adhesive R&D: the choice and quality
of features can be as important—or even more important—than the inherent complexity
of the model. While nonlinear models are often favored for capturing intricate interac-
tions, carefully constructed features can allow simpler, interpretable models to achieve
competitive performance, particularly in small or medium-sized datasets.
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Figure 7. Predicted vs. measured LSS for the training set (gray) and test set (black) using LASSO by
Nakamura et al. Reproduced from [58].

Some studies lack critical evaluation of model performance metrics or fail to iden-
tify overfitting [55,59], likely reflecting the fact that many experiments are conducted by
chemists or materials scientists without formal training in statistical methods.

9. Modeling vs. Optimization: When Do You Use What?

ML can support the development of reactive structural adhesives in two fundamentally
different ways: (1) building predictive models of structure—processing—property relation-
ships, and (2) employing optimization frameworks—such as AL or BO—to efficiently
identify high-performance formulations with minimal experimental effort. While related,
these approaches serve distinct purposes and have different requirements in terms of data
availability, uncertainty, and research objectives. Understanding when to employ model-
ing, optimization, or a hybrid strategy is essential for designing an effective data-driven
adhesive development workflow.

9.1. When Predictive Models Are Most Appropriate

Predictive modeling is most effective when datasets are sufficiently large to capture
variation in adhesive formulations and processing conditions. In practice, this typically
requires dozens to hundreds of unique formulations spanning relevant chemistries and
process parameters [49,60]. Reactive adhesives follow trends governed by chemistry or
polymer physics, which allows models to extract meaningful structure-property relation-
ships. Under these conditions, interpretability and generalization are often more important
than identifying a single optimal formulation. Feature-importance metrics, partial depen-
dence plots, or SHAP values can provide mechanistic insights, enabling researchers to
understand the effects of individual formulation variables.

Predictive models are particularly valuable for

¢ Understanding the influence of individual formulation or processing variables on
adhesive properties such as LSS, cure parameters, Tg, or viscosity.

*  Screening large virtual design spaces to prioritize candidate formulations before
experimental testing.

9.2. When Active Learning or Bayesian Optimization Are Preferred

AL and BO are most advantageous when initial datasets are small and experiments are ex-
pensive [48,50,61]. Adhesive development often begins with fewer than 10 to 20 formulations
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due to the time-intensive nature of synthesis and testing, which makes conventional super-
vised models unreliable [52,53,57]. These frameworks iteratively select the most informative
or promising experiments, efficiently guiding exploration of adhesive systems. They excel
in high-dimensional formulation and processing spaces with multiple interacting compo-
nents and mixed variable types [48,50]. Uncertainty-aware acquisition functions, such as
expected improvement or upper confidence bound, focus sampling on promising regions
while managing complex design spaces [109,110].

AL and BO also naturally support multi-objective optimization, addressing common
trade-offs in adhesives, such as maximizing LSS while maintaining toughness, minimiz-
ing viscosity while maximizing T, or balancing cure kinetics with mechanical perfor-
mance [111]. Multi-objective frameworks like Pareto front-based expected improvement
enable systematic exploration of these trade-offs, which classical predictive models cannot
directly achieve [110].

9.3. Comparing Development Workflows

Several archetypal workflows have emerged, each with distinct advantages
and limitations:

(a) Classical DoE — Single-Shot ML Modeling:

Initial datasets are generated via DoE (Taguchi, factorial, or Greco-Latin square),
followed by a one-time ML model to extract structure—property relationships or rank
formulations [49,58]. Advantages: statistically rigorous design, interpretable models,
simple implementation. Limitations: can not adapt to unexpected nonlinearities, may
require a high number of initial experiments, model accuracy is limited by the initial
dataset, and potentially a large number of experiments may fall in low-value regions of the
parameter space.

(b) Active Learning — Iterative Refinement:

Models are updated after each batch of experiments, guiding the next formulations to
maximize information gain [48,50,61]. Advantages: sample-efficient in low-data regimes,
reduces experimental burden, identifies influential features. Limitations: requires close
integration of modeling and laboratory workflows, early-model bias can occur if initial
data are narrowly distributed.

(c) Bayesian Optimization — Targeted Formulation Discovery:

BO focuses on finding formulations with optimal performance rather than building a
globally accurate model [48,50,53,59,68]. Advantages: sample-efficient, handles noisy mea-
surements, supports constraints and multi-objective targets. Limitations: provides limited
mechanistic insight; optimization may remain localized without explicit exploration.

9.4. Literature Perspective

In practice, these workflow archetypes are rarely applied in isolation. Most adhesive
development studies combine elements of classical DoE, AL, and BO, adjusting the balance
between exploration and exploitation as research objectives evolve. Here, “exploration”
refers to selecting experiments that probe new or poorly characterized regions of the
formulation space to gain broader knowledge, while “exploitation” refers to prioritizing
experiments in regions already predicted to yield high performance. The overarching
goal is to identify an efficient sequence of experiments that maximizes information gain or
performance improvement while minimizing laboratory effort and development cycle time.

A common pattern begins with a structured DoE to establish initial coverage of the
formulation space, followed by AL or BO to refine predictions and target high-value
experiments. For example, Pruksawan et al. initiated their study with 32 experiments
derived from two Greco-Latin squares, then added 15 additional points across three AL
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rounds, improving the R? of their GB regressor from 0.68 to 0.85 [48]. Subsequently, four
rounds of BO selectively maximized LSS by optimizing the stoichiometric ratio and cure
temperature, adding one formulation per iteration. As a result, the LSS increased from
31.9 MPa to 35.8 MPa (see Figure 8).
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Figure 8. LSS of the 51 data points gathered by Pruksawan et al. by Greco-Latin squares (gray), AL
(blue), and BO (red). Reproduced from [48].

Similarly, Cheng et al. generated 25 initial formulations using Taguchi orthogonal
arrays, then conducted five BO iterations, adding one experiment per round to progressively
enhance LSS from 6.5 MPa to 10 MPa [59] (see Figure 9).

15
Initial data
OBO
s 10 H OO
=
k=
A
(o)
— 5
o
| (]
0 | ‘ ; | ;
0 5 10 15 20 25 30

n

Figure 9. LSS of the 30 data points gathered by Cheng et al. by Taguchi orthogonal arrays (gray) and
BO (red). Reproduced from [59].

Other studies employ flexible hybrid strategies, alternating between AL and BO
based on project needs. AL is used for additional exploration when multiple local op-
tima are suspected, while BO exploits newly mapped high-performance regions [52,65].
Some workflows even combine AL and BO within each iteration, selecting batches
that mix uncertainty-driven exploration with performance-oriented exploitation [53,57].
This approach is especially advantageous when the property landscape is complex or
poorly understood.

A key practical consideration is the relative share of data points obtained via classical
DoE versus ML-driven strategies such as AL or BO. When large initial datasets are gen-
erated using structured DoE approaches—e.g., Taguchi orthogonal arrays, Greco-Latin
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squares, or other factorial designs—the fraction of formulations subsequently selected
through AL or BO tends to be relatively small [48,50,59]. This raises an important ques-
tion: how many initial experiments are truly necessary before transitioning to ML-guided
selection? The answer likely depends on the dimensionality of the formulation space,
i.e., the number of features or factors being optimized. In contrast, random sampling or
expert-guided initial selection often produces only a limited number of starting points,
increasing the relative contribution of AL or BO in shaping the experimental campaign.
Understanding this balance is critical for designing an efficient exploration—exploitation
workflow while avoiding unnecessary experimental overhead.

Another practical consideration is the number of experiments per iteration. Adhesive
testing is labor- and time-intensive, including surface preparation, mixing, degassing, appli-
cation, cure, conditioning, and mechanical testing. As a result, each experimental iteration
may span days or weeks. Running multiple experiments per iteration accelerates data
acquisition and shortens the development timeline but increases batch-level experimental
burden and may reduce selection efficiency—because AL and BO cannot adapt decisions
within the same batch. Conversely, single-experiment iterations maximize model adaptivity
and information gain per data point but slow down laboratory throughput (see Figure 10).

Information gain Laboratory throughput

Information gain per experiment
Laboratory throughput

Number of experiments per iteration

Figure 10. Trade-off between information gain per experiment and laboratory throughput as a
function of the number of experiments per iteration.

Thus, a balanced compromise is often needed. One practical strategy is to test small
mixed batches per iteration—for example, one BO-selected formulation targeting high
performance combined with two or three AL-selected formulations aimed at exploring
uncertain regions. This approach maintains an efficient exploration—exploitation trade-off
while respecting laboratory constraints and minimizing total experimental cost.

10. Interpreting ML Findings Through Chemistry and Materials Science:
Structure-Processing—Property Relationships

While ML can efficiently identify promising adhesive formulations and cure schedules,
it does not inherently explain why a given experiment produced a particular outcome.
ML uncovers correlations, but the true scientific value arises when these correlations are
interpreted through the lens of polymer chemistry, reaction kinetics, and fracture mechanics.

While the interpretation of structure—processing—property relationships is fundamen-
tal to all experimental adhesive research, ML provides additional opportunities to model
these relationships in a systematic and multivariate manner. Traditional stepwise exper-
imentation, where one parameter is varied while others are held constant, can reveal
some cause—effect relationships, but may miss complex interactions among multiple for-
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mulation or processing variables. ML methods, through feature importance analysis,
surrogate modeling, or predictive trend evaluation, allow researchers to uncover and quan-
tify such interactions, providing a more comprehensive understanding of the underlying
mechanisms. In this way, ML complements traditional experimental interpretation by
enabling data-driven insights into complex structure—processing—property relationships,
helping to guide future experimental design, feature selection, and workflow strategies in
adhesive development.

This interpretive step allows ML to become not just a tool for performance predic-
tion, but a framework for rational design. Importantly, the insights derived from struc-
ture—processing—property analysis can inform the design of future ML-guided adhesive
development pipelines. For example, understanding which formulation variables most
strongly influence adhesion or toughness can guide component selection, feature engineer-
ing, initial dataset design, and workflow strategies in subsequent projects. In this way,
each ML-guided study not only accelerates optimization for the current system but also
progressively enhances the efficiency, effectiveness, and scientific rigor of future adhesive
development efforts.

11. Summary and Outlook

ML is rapidly transforming the development of structural reactive adhesives, al-
though progress varies across tasks, models, and data availability. ML has demonstrated
reliable performance in several areas, including:

*  Property prediction and modeling, capturing nonlinear relationships between formu-
lation, processing, and performance;

*  Formulation optimization using AL or BO, enabling efficient exploration of small datasets;

*  Ranking and prioritizing experiments to guide resource-efficient laboratory work.

Supervised learning and regression models remain the mainstay, often applied iter-
atively with AL or BO to select, prepare, and test the next set of formulations. Careful
feature engineering—including formulation-level descriptors, chemistry-level parameters,
and derived compositional ratios—is critical to capture meaningful structure—property
relationships. Interpretation of model outputs through the lens of polymer chemistry,
reaction kinetics, and fracture mechanics allows ML to provide not only predictions but
mechanistic insight.

Data scarcity and experimental noise remain key bottlenecks. Adhesive datasets
are typically small (often fewer than 50 points) due to the labor-intensive experimental
protocols. Collaborative databases that aggregate experimental results across academia
and industry could help overcome these limitations and accelerate ML adoption.

ML is most effective when integrated into structured workflows that balance ex-
ploration and exploitation, combining classical DoE, AL, and BO strategies. Practical
considerations, including batch size, laboratory throughput, and multi-objective trade-offs,
influence the efficiency of ML-guided development in real-world settings.

Next-generation approaches may further transform the field. Large language models,
automated knowledge extraction, and hybrid ML-mechanistic frameworks can identify
promising formulations, generate synthetic datasets, and highlight key features for model-
ing. By bridging chemical knowledge with data-driven design, these tools can expand both
the scope and efficiency of adhesive development.

Despite this potential, relatively few studies have explored ML-assisted design of
reactive structural adhesives. This gap reflects educational and professional barriers:
chemists and materials scientists often have limited training in statistical and ML methods,
while industrial developers may lack time or resources to implement ML workflows.
Addressing these gaps through interdisciplinary training, accessible tools, and collaborative
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data sharing will be crucial to fully realize the potential of ML in structural adhesive
research and development.
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The following abbreviations are used in this manuscript:

AL Active learning

ANN Artificial neural network

ATBN Amine-terminated butadiene nitrile
BO Bayesian optimization

CNN Convolutional neural network

CTBN Carboxyl-terminated butadiene nitrile
DGEBA  Diglycidyl ether of bisphenol A

DoE Design of experiments

GBM Gradient boosting machine

GNN Graph neural network

GPR Gaussian process regression
HMDI dicyclohexylmethane diisocyanate
IPDI Isophorone diisocyanate

LASSO  Least absolute shrinkage and selection operator
LDI Lysine diisocyanate

LOOCV  Leave-one-out cross-validation
LSS Lap shear strength

MAE Mean absolute error

MDI Methylene diphenyl diisocyanate
ML Machine learning

PCL Polycaprolactone

PDI Pentamethylene diisocyanate

PEG Polyethylene glycol

PLA Polylactic acid

PPG Polypropylene glycol

PTHF Poly(tetrahydrofuran)

RF Random forest

SEM Scanning electron microscopy

SHAP Shapley additive explanations

SMILES Simplified molecular input line entry system
SVM Support vector machine
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