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Abstract

The traditional optimization of intumescent flame-retardant polypropylene (PP) relies on
large experimental campaigns that scale poorly with compositional dimensionality, limiting
the systematic exploration of tradeoffs between fire performance and material economy. We
present a Multi-Objective Bayesian Optimization (MOBO) workflow that couples Gaussian
Process (GP) surrogates with the g-Noisy Expected Hypervolume Improvement (QINEHVI)
acquisition to co-optimize two competing objectives: maximize the Limiting Oxygen Index
(LOI) and minimize total flame-retardant (FR) loading (wt.%). Two practical initialization
strategies, Space-Filling Design and literature-guided sampling, are benchmarked, and con-
vergence is monitored via dominated hypervolume and uncertainty calibration. Uniform
design-space coverage yields faster hypervolume growth and better-calibrated uncertainty
than literature seeding. Under a 20-experiment budget, the best formulation attains an
LOI =27.0 vol.% at 22.74 wt.% FR, corresponding to an estimated 8-14% efficiency gain,
defined here as LOI improvement at comparable FR loadings relative to representative
baselines. The recovered APP/PER stoichiometric ratios (1.69-2.26) are consistent with
established intumescence mechanisms, indicating that a data-driven search can converge
to physically meaningful solutions without explicit mechanistic priors. The proposed
workflow provides a sample-efficient route to navigate multi-criteria design spaces in
flame-retardant PP and is transferable to polymer systems in which performance, cost, and
processing constraints must be balanced and exhaustive testing is impractical.

Keywords: multi-objective; Bayesian optimization; machine learning; flame retardant;
polypropylene; mixture design

1. Introduction

Polypropylene (PP) is a thermoplastic polymer widely recognized for its versatility
and cost-effectiveness in a broad range of applications. Its unique properties, such as chem-
ical resistance and elasticity, make it indispensable in industries ranging from packaging to
automotive components. However, its applications are constrained by its inherent flamma-
bility. The development of flame-retardant solutions has catalyzed significant research [1].
One common strategy to impart flame retardancy is the use of intumescent systems. These
systems expand significantly when exposed to heat, forming a protective char layer that in-
sulates the underlying material from fire effects. However, such intumescent formulations
are complex, and their optimization is time-consuming and resource-intensive.
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In recent years, machine learning has increasingly played a crucial role in materials
formulation. Specifically, by leveraging its capabilities to analyze extensive datasets, discern
patterns, and tackle complex prediction tasks, machine learning has become a valuable
asset in developing new flame-retardant materials [2]. However, much of the literature
on machine learning for flame-retardant materials focuses on prediction techniques rather
than optimization methodologies [3-5]. This represents a critical gap, as optimization-
driven approaches can significantly accelerate materials discovery by intelligently guiding
experimental design.

Traditional statistical approaches, such as Design of Experiments (DoE), become
computationally prohibitive as the number of variables increases, with the required number
of evaluations escalating drastically [6]. In contrast, Bayesian Optimization (BO) has
emerged as the preferred machine learning approach for datasets comprising fewer than
100 training datapoints [7]. BO is a powerful global optimization technique for tackling
complex, noisy, or computationally expensive “black-box” functions [8,9].

The innovation in this work lies in integrating data-driven optimization with materi-
als design through a multi-objective framework that simultaneously optimizes multiple,
often competing, performance metrics. Unlike conventional approaches that optimize
single properties in isolation, our MOBO framework enables the exploration of trade-
offs between flame retardancy (LOI) and economic considerations (filler content) while
maintaining awareness of secondary constraints such as mechanical properties. This
integration represents a paradigm shift from reactive, trial-and-error formulation to proac-
tive, intelligent materials design. The predictive power of Gaussian Processes, combined
with the exploration—exploitation balance of acquisition functions, allows us to efficiently
navigate complex formulation spaces with minimal experimental investment. Further-
more, the framework’s adaptability to different initialization strategies (literature-based vs.
space-filling) demonstrates its robustness and practical applicability across varied starting
conditions, making it accessible to both researchers with extensive historical data and those
exploring entirely new formulation spaces.

In this context, the objective of this study is to investigate and demonstrate a novel
methodology to optimize the chemical composition of an intumescent formulation using
Multi-Objective Bayesian Optimization (MOBO), with experimental validation and detailed
mechanistic insights into the optimization process.

2. Materials and Methods
2.1. Materials

Polypropylene (PP) homopolymer grade (Moplen HP501H) was supplied by Lyondell-
Basell (Houston, TX, USA). Ammonium polyphosphate (APP, Exolit AP 422) was obtained
from Clariant (Muttenz, Switzerland). Pentaerythritol (PER, technical grade, >98%) was
purchased from Sigma-Aldrich (St. Louis, MO, USA). All materials were used as received
without further purification.

2.2. Sample Preparation

All formulations were prepared using a twin-screw extruder (Thermo Scientific Process
11, Thermo Fisher Scientific, Karlsruhe, Germany), co-rotating, L/D = 40, at a temperature
profile of 170-190 °C and a screw speed of 100 rpm. The extruded strands were pelletized
and subsequently compression-molded into test specimens (100 x 100 x 3 mm?) at 190 °C
under 10 MPa pressure for 5 min, followed by cooling under pressure. Each formulation
was prepared in triplicate to assess reproducibility.
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2.3. Limiting Oxygen Index (LOI) Testing

LOI measurements were conducted according to the ASTM D2863 standard using an
oxygen index apparatus (Fire Testing Technology). Test specimens (120 x 6.5 x 3 mm?)
were cut from compression-molded plaques. As per the standard, five test samples were
evaluated for each formulation to determine the minimum oxygen concentration required
to sustain combustion. The LOI value is reported as the mean of successful test conditions,
with an estimated measurement uncertainty of +0.3 vol.% based on the standard’s precision
statement. All tests were conducted at 23 & 2 °C and 50 & 5% relative humidity.

2.4. Multi-Objective Bayesian Optimization Framework

Bayesian Optimization (BO) is an iterative, sequential optimization approach particu-
larly suited for expensive-to-evaluate black-box functions. It consists of two main steps:

Step 1: Developing a surrogate model, typically a Gaussian Process (GP), trained
on experimental data. GPs, central to Bayesian Optimization, assume a prior distribu-
tion as a multivariate normal, characterized by a specific mean vector and covariance
function (kernel).

Step 2: Proposing new experiments through the optimization of an acquisition func-
tion. This function balances exploiting known high-performance regions and explor-
ing uncertain areas by considering the surrogate model’s predicted mean and variance.
This stage addresses the critical exploration—exploitation tradeoff, efficiently guiding the
search process.

Gaussian Process Surrogate Model

GPs are non-parametric, probabilistic models commonly used in Bayesian Optimiza-
tion. They are nonparametric because they do not have a fixed number of parameters that
need to be estimated from the data. In GPs, the prior distribution is assumed to be a multi-
variate normal distribution characterized by a specific mean function and covariance matrix.
A comprehensive description of GPs is provided by Rasmussen and Williams (2006) [10].

Let the output variable be denoted as y, which can be subject to noise € at point
x: y=f(x) + e. We assume that the noise € follows a Gaussian distribution with zero
mean. To model the underlying function f(x), we define the Gaussian Process (GP) as
p(f) = GP(f: i, K), where y is the prior mean function defined as u = E[f], and K is the prior
covariance function (kernel) defined as K = cov][f].

The kernel function plays a crucial role in determining the smoothness and uncertainty
estimation of the GP model. The kernel encodes assumptions about the function’s behavior,
such as smoothness, periodicity, and length scales. In this work, we employed the Matérn
5/2 kernel, which has demonstrated high accuracy and effectiveness across a wide range
of optimization tasks [11]. The Matérn 5/2 kernel provides a good balance between
flexibility and smoothness, assuming that the function is twice differentiable. This kernel is
defined as:

k(xi, xj) = 02(1—1—\/574- S;f)exp(—\/g) (1)

where 7 = ||x;— x;|| /¢, with £ being the length scale parameter and 02 the signal variance.

The kernel’s hyperparameters (¢, %) are learned from the data using fully Bayesian
inference, which introduces a secondary prior on these parameters [12], enhancing
the model’s ability to quantify uncertainty, particularly important when working with
limited data.

Following surrogate model development, the next step involves optimizing the ac-
quisition function. A common trade-off becomes apparent: the exploration-exploitation
balance. This trade-off is essential for intelligently exploring new regions in the search
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space while exploiting regions likely to yield good results. Various acquisition functions
have been described in the literature for mono-objective, multi-objective, and multi-fidelity
scenarios. Traditional sequential evaluation (one solution at a time) can significantly pro-
long optimization time. To overcome this, parallel (or batch) evaluation has been proposed,
where multiple points are suggested for simultaneous evaluation, enhancing convergence
speed [13-15].

2.5. Multi-Objective Bayesian Optimization (MOBO)

Multi-objective optimization involves simultaneously optimizing multiple objectives,
aiming to find points that achieve a balance among all objectives. Since achieving all max-
ima simultaneously is often impractical, the process involves exploring various trade-offs
between objectives. The Pareto front consists of solutions where improving one objective
inevitably leads to a decline in another objective. In Multi-Objective Bayesian Optimization,
the objective is to iteratively find the Pareto front through an active learning loop.

The hypervolume is a commonly used measure to evaluate the quality of a Pareto
frontier. It is defined as the volume dominated by the Pareto frontier, bounded by a
reference point below it (Figure 1). This reference point is chosen by the decision-maker
based on their preferences. The contribution of a new point to the current Pareto frontier
is evaluated in terms of Hypervolume Improvement, the increase in hypervolume if that
point were added to the Pareto frontier. However, since function values at the new point are
unknown, a probabilistic surrogate model provides a posterior distribution over potential
function values based on observed data.

fx)

/')

Figure 1. Hypervolume (HV) in blue, also called the dominated space; the Hypervolume Improve-
ment (HVI) in yellow. f 1(x) and f2 (x) both represent maximized objectives, x1, xp, and x3 represent
dominated solutions (Pareto optimal solutions), x4 is the non-dominated solution, x5 is the new point
to evaluate, and r is the reference point.

2.6. MOBO Workflow and Implementation

The MOBO workflow follows this algorithmic structure:

1.  Input: Design space X, objectives (f1, f2), budget Niotal

. Initialize with Nj,;; points (literature or space-filling)
3.  Fori=11t0 Niter:
Train GP surrogates: f1 ~ GP(y1,k1), fo ~ GP(pp,k2)
Optimize acquisition: x* = argmaxx qNEHVI(x | GP)
Evaluate batch: Conduct experiments for x*
Update dataset: D <— D U {(x*,y*)}

4. Output: Pareto-optimal formulations from D
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Initial data

Initialisation of the
model

Figure 2 illustrates the complete MOBO framework used in this study, divided into
five main steps:

Step 1: Initialization of the model with 5 formulations;

Step 2: The training of GPs on the objectives;

Step 3: An approximation of the Pareto front;

Step 4: New experiments (a set of three formulations for upcoming evaluation);

Step 5: The preparation and fire performance assessment of the recommended formulations.

: ) — @ 0
- Pareto front "
Model training prediction Next experience

{ Training of Gaussian | :

LOI

© selected points : The Limiting Oxygen
Processes for each Index (LOI) test
objective

Obj, =
J

Pareto front Specimen

e0 . Batch of 3 formulation
APP bservations to evaluate next .

(N,/0,)

Active learning loop

Figure 2. MOBO framework workflow. In steps 2 and 3, the objectives, denoted as obj; and obj;, are
presumed to be targets for maximization. The iterative loop (steps 2-5) continues until the stopping
criterion (20 total points) is reached. The acquisition function (QNEHVI) balances the exploration
of uncertain regions with the exploitation of promising areas, proposing three parallel experiments

per iteration.

For Step 1, the model was initialized with two different approaches:

Step 1.A: Formulations defined according to the literature [16]. Considerable re-
search has been conducted on this specific formulation. The purpose of this approach is
to investigate the feasibility of employing existing or historical data to implement a BO
framework. This approach leverages prior knowledge and reduces initial exploration needs
but may introduce bias toward previously studied regions. The literature-based formula-
tions were selected through a systematic search in Web of Science and Scopus databases
(2015-2023) using the following keywords: (polypropylene OR PP) AND (ammonium
polyphosphate OR APP) AND (pentaerythritol OR PER) AND (LOI OR “flame retar-
dant”). From 156 initially identified articles, 23 met inclusion criteria (binary APP/PER
systems, complete compositional data, ASTM D2863 testing, and peer-reviewed journals).
Five representative formulations spanning the compositional range were selected for ini-
tialization, prioritizing well-characterized systems with reproducible protocols.

Step 1.B: The second method employed a Space-Filling Design (SFD) strategy. This
approach focuses on maximizing the distance between formulations in the design space,
ensuring uniform coverage. Points were generated using JMP software (JMP Student
Edition 19); however, various methodologies for generating SFDs are available in the
literature [17]. This approach provides more uniform information across the design space
but requires no prior knowledge.
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We selected two different initialization approaches to compare literature-based formu-
lations with space filling ones. The choice of initial samples in the BO process is a crucial
parameter, as it can substantially affect convergence speed [18-20]. The right sampling
strategy offers significant benefits, particularly when the total budget is limited.

Steps 2 to 5 are iteratively repeated until reaching the stopping criterion (active learning
loop), defined as 15 points beyond the initial dataset (20 points in total). Thus, 5 loops
of 3 trials evaluated in parallel were performed. The literature describes two distinct
approaches for determining stopping criteria: (i) setting a predefined number of points
before initiating the active learning process (adopted here) or (ii) following a metric (such as
outcome values or hypervolume) and stopping once a plateau is observed. In this workflow,
we set the parallel point count to 3, as handling three formulations simultaneously is
practical for laboratory conditions. However, this parameter can vary depending on the
specific formulation and problem setup. The number of parallel trials represents a balance
between laboratory feasibility and recommendation quality. Opting for more parallel trials
may increase time to convergence but could simplify laboratory execution. The data used
in this research is located in Appendix A: Table A1 for the literature-based initialization
and Table A2 for the SFD.

Training Procedure

The training procedure is crucial for ensuring accurate predictions, especially with
small datasets. It is important to maximize the knowledge obtained from each data point.
A common practice is to split the dataset into training and test sets. Typically, the majority
of data is allocated for training, while the remainder tests the model’s ability to generalize
to unseen data (Figure 3, upper panel). However, with small datasets, dividing them into
subsets can diminish the already scarce information. Furthermore, this approach may lead
to overfitting, when a model excessively learns from training data, including noise and
outliers, compromising its ability to generalize to new data.

- d methods

Dataset

A J
LOOCV : Leave One Out Cross Validation — N
\

4

\_ =/

Figure 3. Training procedure: Standard train—test split approaches vs. LOOCV. LOOCV maximizes
data utilization by iteratively using each data point as validation while training on the remainder.

One strategy to mitigate overfitting risk is K-Fold cross-validation. This approach
partitions the dataset into K equal segments (folds). The model is trained on K —1 folds,
with the remaining fold used as a test set. This process is repeated K times, each time with
a different fold as the test set. Final model performance is typically the average across
all K folds. This technique utilizes the dataset more efficiently, ensuring every data point
is used for both training and testing, and helps assess the model’s generalization ability
more reliably.

Figure 3 (lower panel): LOOCV is particularly useful for small datasets because it
maximizes training data. However, it can be computationally intensive for larger datasets,
requiring the model to be trained as many times as there are data points. Additionally,
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this training type can be sensitive to outliers; however, in our scenario, each data point is
measured in triplicate, mitigating outlier impact.

2.7. Implementation with Ax Library

The MOBO framework was implemented using the Ax platform [21,22], which serves
as a high-level API backend for BoTorch [23], both developed by Meta (formerly Facebook).
The Ax platform is designed for running BO frameworks that accommodate various levels
of complexity. The BO framework was developed using the ax.client Python 3.10 class
with the FULLYBAYESIANMOO model. In this scenario, a Gaussian Process (GP) sur-
rogate model was employed, with its hyperparameters inferred through fully Bayesian
inference. This inference method enhances closed-loop Bayesian optimization performance
by introducing a secondary prior on the GP’s hyperparameters [12]. By default, the sparse
axis-aligned subspace prior (SAAS) is utilized, tailored for high-dimensional Bayesian opti-
mization but equally applicable to low-dimensional settings [24]. The Matérn 5/2 kernel,
demonstrating high accuracy and effectiveness across optimization tasks, is the practical
default choice in many applications [11] and is implemented by default in the Ax Platform.

The parallel Noisy Expected Hypervolume Improvement (QNEHVI) acquisition func-
tion was chosen for generating points, demonstrating strong performance in noisy environ-
ments by optimizing the expected increase in joint hypervolume. This function facilitates
parallel evaluation, where multiple points are suggested for simultaneous assessment to
quicken convergence. The gNEHVI represents an advancement over traditional gEHVI [25]
due to its resilience to noise [26].

A crucial adjustable parameter in model training involves incorporating not just
the mean of observations but also the Standard Error of the Mean (SEM), leading to
a heteroskedastic noise model [27]. This approach recognizes that noise in the output
space varies, as opposed to homoskedastic models assuming constant noise. For LOI
measurements, as specified by ASTM D2863, the determination is based on five test samples
meeting test criteria. Given this methodology, directly assessing noise level is not feasible,
warranting the use of a homoskedastic model with an estimated measurement uncertainty
of +0.3 vol.% LOL However, in other fire testing scenarios, considering variability in noise
levels (heteroskedasticity) could be critical for refining the training procedure. Finally,
LOOCV was employed as a training procedure to avoid model overfitting.

2.8. Generation Strategy Threshold (GST)

Users have flexibility to modify a crucial parameter in the Ax platform: the Generation
Strategy Threshold (GST) value for objectives. These values serve as a reference for hy-
pervolume computation and outcome space tightening for new experiment generation. In
this study, no threshold was set for the first three iterations to allow sufficient exploration,
enabling the model to understand behavior when additive content is low. From the fourth
iteration, the objective space was constrained.

The threshold for LOI was set at a minimum of 25 vol.% and additive content at a
maximum of 27 wt.%. These thresholds are not overly strict, providing a set of solutions
to choose from. This threshold for objectives should be distinguished from the Optimal
Formulation Selection Threshold (OFST), set after running all experiments for optimal
formulation selection. This parameter will be discussed in depth in the next section.

While LOI and filler content are the primary optimization objectives, secondary prop-
erties must be monitored as constraints. The literature evidence indicates that high filler
content significantly degrades mechanical properties. Studies report that FR loadings
above 30 wt.% cause tensile strength reductions of 16—-41% compared to neat PP [28], with
impact strength decreasing by up to 25% at high loadings [29]. Young’s modulus increases
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approximately linearly with filler content, but this is accompanied by decreased flexibil-
ity and elongation at break [30]. Therefore, formulations exceeding 30 wt.% FR content
were excluded from consideration in our optimization framework. Future work should
incorporate mechanical property measurements (tensile strength, impact resistance, and
elongation at break) as explicit constraints in the multi-objective optimization, enabling
true multi-property optimization that balances fire retardancy, cost, processability, and
mechanical performance.

2.9. Design Space Implementation

In mixture design context, we can define linear equality constraints as
Z X = 1 (2)

where x; is the weight fraction of the ith component and x,, represents the hidden parameter.
However, as no equality constraint is supported in the Ax Library (version 0.2.10), the
design space can be defined as

Z:'l:1 x;<landx,=1- Z;:ll X (3)

In the optimization framework, imposing inequality constraints and reparameteriza-
tion effectively models the design space [31]. Given that we are dealing with a mixture
design issue inherently involving linear constraints among raw materials, any input could
act as a concealed variable. This technique is mathematically correct but not entirely sat-
isfactory from a chemistry perspective. Indeed, no information can be extracted from
this hidden parameter, and if the user wants to extract information from the studied for-
mulation, such as identifying important features or understanding output evolution as a
function of input, it would not be possible. In our study, polypropylene is identified as this
hidden parameter.

The APP/PER ratio is a critical compositional parameter that influences the intumes-
cent mechanism. APP acts as an acid source releasing phosphoric acid upon heating, which
catalyzes PER dehydration to form char. The optimal APP/PER ratio affects both the onset
temperature of intumescence and the quality of the protective char layer formed. The liter-
ature demonstrates that APP/PER ratios between 1.5:1 and 3:1 are generally effective, with
the optimal ratio dependent on processing conditions and desired performance metrics [16].
Studies have shown that the mechanical resistance and thermal stability of the formed char
layer are directly correlated with the APP/PER ratio and particle size distribution [32]. Our
optimization framework inherently explores this ratio space, with the GP model learning
the nonlinear relationship between the APP/PER ratio and LOI performance through the
training data.

3. Results and Discussion
3.1. Initial Data Comparison

Figure 4 shows initial formulations used in both approaches. The initial formulations
for literature-based data (Figure 4A) were obtained from published studies [16]. For the
SFD approach (Figure 4B), initial points were generated by maximizing distances in the
ternary composition space. The SFD approach achieves more uniform coverage across
the design space, which is expected to provide more consistent model predictions across
all regions.
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Figure 4. Initial data points visualization: (A) literature-based initialization; (B) Space-Filling De-
sign initialization. Ternary diagrams show the composition space coverage, with colors indicating
LOI values.

3.2. Model Performance Metrics

Tables 1 and 2 present comprehensive model performance metrics throughout the
optimization process for both initialization strategies. The metrics include Mean Absolute
Percentage Error (MAPE), the Pearson correlation coefficient (R), and associated p-values,
computed using LOOCYV at each iteration.

Table 1. Model performance metrics for literature-based initialization.

Iteration N Points MAPE (%) R p-Value
Initial 5 12.3 0.92 0.026

1 8 10.7 0.94 0.003

2 11 8.9 0.95 0.001

3 14 7.2 0.96 <0.001
4 17 6.5 0.97 <0.001
5 20 5.8 0.97 <0.001

Table 2. Model performance metrics for SFD initialization.

Iteration N Points MAPE (%) R p-Value
Initial 5 10.8 0.94 0.018

1 8 8.2 0.96 0.001

2 11 6.7 0.97 <0.001
3 14 5.9 0.98 <0.001
4 17 5.1 0.98 <0.001
5 20 4.6 0.99 <0.001

The SFD model exhibits superior performance metrics from the initial stage, with
lower MAPE and higher correlation coefficients throughout all iterations. This improved
performance is attributed to the more uniform design space coverage provided by space-
filling initialization. Both models show progressive improvement with increasing data, as
evidenced by decreasing MAPE and increasing correlation. The highly significant p-values
(<0.001) from iteration 2 onwards confirm strong statistical relationships between predicted
and experimental LOI values.

The SFD approach’s superior final performance (MAPE 4.6% vs. 5.8% for literature-
based at iteration 5) despite initially higher error (10.8% vs. 12.3% at iteration 0) exemplifies
the exploration—exploitation trade-off. The SFD’s uniform space coverage enables more
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accurate uncertainty quantification across the design space, leading to more informative
acquisition function evaluations. The crossover occurs at iteration 3, where the accumulated
benefits of systematic exploration manifest as improved prediction accuracy in both inter-
polation and extrapolation regions. This demonstrates that initial model performance in
familiar regions (literature-based strength) is less valuable than global space understanding
for identifying optimal formulations in under-explored regions.

3.3. Pareto Front Evolution and Optimal Formulation

Figure 5 illustrates the trade-off between the LOI and total filler content (wt.%) for
both initialization strategies. The Pareto front evolution demonstrates how both approaches
successfully identify formulations achieving a high LOI with minimal filler content.

i Iteration stage i Iteration stage
' @ Initial Data ' @ Initial Data
30 ' o Iteration 1 30 ' e ® Iteration 1

® Iteration 2 8 @ Iteration 2
° ® Iteration 3 4 ® Iteration 3
® Iteration 4 ! ® Iteration 4

1) Iteration 5 e | e Iteration 5
DI e e | 25- - - - o e eooooooToo @ mmmmmmmooo-

20 ] ' 20

wt%
wt%

18 20 22 24 26 28 30 32 18 20 22 24 26 28 30 32
LOI (%) LOI (%)

Figure 5. Trade-off plot: (A) literature-based data points; (B) Space-Filling Design approach.

The red dashed line indicates the threshold for optimal formulation selection (LOI > 25 vol.%,
FR content < 27 wt.%). Pareto-optimal points are shown in darker colors.

Table 3 presents the optimal formulations from both approaches with experimental
validation results. The optimal formulations exhibit nearly identical predicted LOI values
(27.2 and 27.4 vol.%), with excellent agreement between predicted and experimentally
measured values, confirming the model’s predictive capability. The experimental validation
involved preparing three replicate batches of each optimal formulation following the
procedures described in Section 2.2, with LOI testing performed in triplicate per batch
(9 total measurements per formulation).

Table 3. Optimal formulations from both design approaches and experimental validation.

Design Type

APP

PER PP LOLq LOL, FR wt.% APP/PER

SFD
Literature

14.3
16.91

8.44 77.26 27.2 270+ 0.3 22.74 1.69
7.48 75.60 27.4 273£0.3 24.40 2.26

However, a significant difference arises in filler content (FR wt.%), with the SFD formu-
lation containing 22.74 wt.% compared to 24.40 wt.% for the literature-based formulation.
This 1.66 wt.% reduction is significant from both cost and processability perspectives. This
enhancement is attributed to the SFD’s ability to ensure homogeneous point distribution
within the design space, leading to more consistent error values across the design space
and enabling the model to identify more efficient formulations.

The APP/PER ratios in the optimal formulations (1.69 for SFD, 2.26 for literature-
based) fall within the effective range identified in previous studies [16]. These ratios



Fire 2025, 8, 447

11 of 20

influence the intumescent mechanism: at lower ratios, PER may be in excess, leading to
less complete char formation, while at higher ratios, excess acid may degrade the char
structure. The SFD optimization identified a slightly lower ratio that achieves similar
LOI performance with less total filler, suggesting more efficient use of the intumescent
components. This demonstrates how the optimization framework inherently explores
compositional relationships affecting the protective char layer formation without requiring
explicit mechanistic models.

To further contextualize these results, we compared our optimal formulations with
similar PP/ APP/PER configurations from the recent literature. Zhang et al. [33] reported
LOI = 26.8 vol.% for a formulation with 25 wt.% FR content (APP/PER = 2.0), while
Wang et al. [34] achieved LOI = 27.5 vol.% with 26.5 wt.% FR content (APP/PER = 2.3). Our
SFD-optimized formulation (LOI = 27.0, 22.74 wt.% FR) demonstrates superior efficiency,
achieving comparable fire retardancy with 8-14% less filler content. This validation against
the literature benchmarks confirms that our optimization approach successfully identified
formulations at the efficiency frontier.

3.4. Comparison with Recent Literature and Efficiency Analysis

To validate the optimization performance and contextualize our results within the
broader field of intumescent flame-retardant polypropylene, we benchmarked our MOBO-
optimized formulations against representative binary APP/PER systems from the recent
literature. This comparison not only demonstrates the effectiveness of our approach but
also quantifies the practical advantages of data-driven optimization over conventional
formulation strategies.

To enable fair comparison across studies with different FR loadings, we introduce an
Efficiency Index that quantifies fire retardancy performance normalized by filler loading:

LC)Iformulation — LC)Ibaseline ( 4)
FRWt.O/o

where LOlIpascline = 18 vol.% (neat PP) and FRyy ¢, is the total flame-retardant loading. This
metric represents the incremental LOI gain per unit mass percent of FR additive, essentially
quantifying “how much fire retardancy is achieved per wt.% of filler added.” Higher values
indicate more efficient formulations that deliver greater fire performance improvement
with less filler, which is desirable from both economic and processing perspectives.

Table 4 presents a systematic comparison of our optimized formulations with recent
publications focusing on binary APP/PER systems in polypropylene. The selected refer-
ences represent state-of-the-art formulations developed through conventional Design of
Experiments (DoE) or systematic parametric studies, making them appropriate benchmarks
for evaluating the MOBO approach.

Table 4. Comparison with recent binary APP/PER flame-retardant systems.

Reference FR Loading LOI APP/PER Efficiency 2
(wt.%) (vol.%) Ratio (vol.%/wt.%)

Zhang et al., 2021 [33] 25.0 26.8 2.0 0.35

Wang et al., 2020 [34] 26.5 27.5 2.3 0.36

Literature optimal (this work) 244 27.3 2.26 0.38

SFD optimal (this work) 22.7 27.0 1.69 0.40

2 Efficiency Index = (LOI—18)/FRy¢, represents LOI gain per wt.% of FR additive.

The comparison reveals several important insights. Our MOBO-optimized SFD for-
mulation demonstrates superior performance across all metrics, achieving the highest
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Efficiency Index (0.40 vol.%/wt.%) among all formulations considered. Critically, this
performance is achieved while using the lowest filler loading (22.7 wt.%) to reach com-
parable fire retardancy (LOI ~ 27 vol.%). This represents an 8-14% reduction in FR con-
tent compared to the recent literature [33,34]. In relative terms, the Efficiency Index of
0.40 vol.%/wt.% represents an 11% improvement over Wang et al. [34] (0.36 vol.%/wt.%)
and a 14% improvement over Zhang et al. [33] (0.35 vol.%/wt.%).

Notably, even our literature-based initialization strategy produced an optimal formu-
lation (Efficiency Index = 0.38) that outperforms both benchmark studies, suggesting that
the MOBO framework effectively leverages existing knowledge while exploring beyond
conventional formulation spaces. However, the SFD approach’s superior performance
(0.40 vs. 0.38) demonstrates the value of systematic space-filling initialization for discover-
ing truly optimal compositions.

The optimized APP/PER ratio merits particular attention. The SFD-optimized for-
mulation exhibits an APP/PER ratio of 1.69, which falls significantly below both the
conventional 3:1 ratio commonly cited in the literature and the ratios employed in the
benchmark studies (2.0-2.3). The intumescent mechanism underlying these formulations in-
volves three coupled processes: (i) APP thermal decomposition (280 °C) releases phosphoric
acid and ammonia, (ii) phosphoric acid catalyzes PER dehydration forming carbonaceous
intermediates, and (iii) gaseous decomposition products (NHj3, H,O, CO,) expand the
softened char, creating an insulating foam barrier. The APP/PER ratio critically controls this
cascade: at optimal ratios (1.5-2.5:1), sufficient acid ensures complete PER carbonization
while avoiding excess acid that degrades char structure through over-oxidation [32]. The
SFD-optimized ratio (1.69) falls within this mechanistically effective range, suggesting the
optimization discovered physically meaningful compositions without requiring explicit
mechanistic constraints, thereby validating the data-driven approach. This exemplifies
how data-driven optimization can challenge established formulation practices and reveal
more efficient compositions that traditional trial-and-error or experience-based approaches
might overlook.

From a practical industrial perspective, the reduced filler content demonstrated by our
optimized formulation provides multiple tangible advantages beyond the direct fire perfor-
mance metrics. First, lower filler loading significantly improves melt flow properties during
extrusion processing, reducing energy consumption and enabling higher throughput. Sec-
ond, it reduces the risk of filler agglomeration and improves dispersion quality, leading to
more consistent material properties. Third, as documented by Alm’eras et al. [35], FR load-
ing directly impacts mechanical performance: tensile strength decreases from 32 MPa (neat
PP) to 28 MPa (20 wt.% FR) and 22 MPa (30 wt.% FR), representing 12-31% degradation.
Impact resistance shows an even sharper decline (40-60% reduction at 25-30 wt.% FR). Our
8-14% FR reduction (22.7 vs. 25-26.5 wt.%) potentially translates to 5-10% improvements
in tensile strength and 8-12% in impact resistance compared to benchmark formulations,
enhancing both fire safety and structural integrity. Fourth, reduced filler consumption
directly translates to lower raw material costs, as APP and PER additives are typically
2-3 times more expensive than base PP resin on a per-kilogram basis.

The sample efficiency of the MOBO approach represents another significant practical
advantage. Our optimization campaign required only 20 experiments (5 initial points +
15 optimization iterations with q = 3 parallel evaluations) to identify these optimal formu-
lations. In contrast, the benchmark studies [33,34] employed conventional DoE approaches
requiring 3040 experiments to explore similar compositional spaces, representing a 25-50%
reduction in experimental burden. This improved sample efficiency becomes particularly
valuable when extending the approach to more complex formulation problems involving
additional components (synergists, compatibilizers, and stabilizers) or when optimizing
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additional properties (mechanical, thermal, and processing characteristics), where the
dimensionality of the design space increases substantially.

Furthermore, the MOBO framework’s explicit quantification of uncertainty through
the Gaussian Process posterior variance enables risk-aware decision-making that is not
readily available with conventional optimization approaches. Decision-makers can select
formulations not only based on predicted performance but also considering prediction
confidence, enabling appropriate trade-offs between performance targets and experimental
validation requirements.

In summary, this comprehensive comparison demonstrates that data-driven MOBO
successfully identifies formulations at the efficiency frontier of binary APP/PER intumes-
cent systems, achieving comparable or superior fire retardancy with significantly reduced
filler content compared to state-of-the-art formulations developed through conventional
approaches. The approach’s sample efficiency, uncertainty quantification capabilities, and
ability to discover non-intuitive compositions position it as a valuable tool for accelerating
flame-retardant materials development.

3.5. Model Uncertainty and Prediction Confidence

As a probabilistic model, the Gaussian process is defined by its mean and standard
deviation. For each formulation suggestion, the model provides a predicted outcome
value based on the GP mean, along with uncertainty quantification through the standard
deviation. Figure 6 illustrates the mean of the standard deviations for batches of three
formulations regarding predicted LOI values, represented by dots. Additionally, error bars
show the standard deviation of these values across the three formulations suggested in
each iteration.

Standard deviation of the predicted values by Design Type

6 - Design Type
—— Litterature based
& SFD
51 2
4
0
GJ
=23
B
2 4
14
—®
0 o B
«\\' Q’\/ Q”) (\b‘ (\")
O © © O O
@ @ @ @ @
& & & g &

Figure 6. The standard deviation (uncertainty) of the model for each iteration stage. Points represent
the mean standard deviation across the batch of three suggestions, with error bars indicating the
spread. Shaded regions show 95% confidence intervals for model predictions.

To ensure effective exploration and exploitation balance, the model recommends at
least one formulation with high standard deviation per batch, facilitating efficient design
space learning. If the model has adequate information for interpolation and extrapolation,
the error value should decrease with each iteration. Figure 6 demonstrates that the mean
standard deviation remains lower for the SFD model than for the literature-based model at
each iteration stage.
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As previously discussed, the SFD model covers the design space more uniformly,
ensuring more consistent standard deviation. The lower error value in the first iteration of
the SFD model indicates this effectiveness. Although the mean value for SFD is slightly
higher than that of the literature-based data in the second iteration, it is lower for the
remaining iterations. This indicates that the model can suggest points with better accuracy
and is less uncertain for the SFD approach.

The GP standard deviation provides natural confidence intervals for predictions.
For the optimal formulation, the 95% confidence interval for LOI prediction was
[26.7,27.7] vol.% for the SFD approach and [26.9, 27.9] vol.% for the literature-based ap-
proach. The experimental validation (LOI = 27.0 & 0.3 for SFD, 27.3 & 0.3 for literature-
based) falls well within these predicted intervals, confirming the reliability of the uncer-
tainty quantification. This probabilistic framework enables informed decision-making by
explicitly accounting for prediction uncertainty in the optimization process.

3.6. Design Space Exploration Metrics

To link the quality of a new point in the outcome space to a point in the design space,
we define two different metrics. In scenarios with more than two objectives, graphical
representation alone may not provide comprehensive understanding.

Calculating pairwise distance assesses whether a point is closer to or farther from other
formulations. Greater distance from neighbors indicates the point serves as an exploration
point in the formulation space.

However, the simplex condition necessitates calculating a distance type different to
Euclidean [36]. Several distances are detailed in the literature for evaluating compositional
data distance, with two different approaches: one directly calculates the components
themselves (the “staying-in-the-simplex” approach), while another calculates component
ratios (the “pragmatic” approach) [37]. The first approach offers easier interpretation [38].

We used the Aitchison pairwise distance based on the centered log-ratio (clr) transfor-
mation. The pairwise distance d(X; X;) in a D-dimensional space between two points X;
and X; is defined as

d(X;, X;) = i

g=1

Xoi Xoi
In—2_ _In-—8
8(Xi) g(X))

using notation g(X) to denote the geometric mean of the sample vector X. Bold notation

)

signifies the formulation vector. A pairwise matrix can be plotted for each batch of points, as
shown in Figure 7. High distance implies the point is far from the studied point, indicating
chemical difference. Conversely, low values suggest high similarity between studied points.
Since this matrix is symmetric, we consider only the upper left corner. From this submatrix,
one can extract non-zero values and compute mean values for each submatrix.

Low mean distance values suggest the model is recommending similar points.
Figure 8 illustrates the evolution of mean pairwise distance throughout each iteration
for literature-based initialization (dashed blue line) and SFD-based initialization (dashed
green line). Initially, the distance for literature-based initialization is lower than that for
SFD (dMtialgery = 21.44 and d™Yl ;e = 17.05). This is attributed to SFD’s tendency to
maximize inter-point distances.

For the SFD, values remain within the same range from iterations 1 to 3, indicating
that suggested points adequately cover the formulation space. In contrast, for the literature-
based approach, the model suggests similar points during iterations 1 and 2, which may
be due to higher variance in the literature-based model than for SFD. The small increase
in values at iteration 3 for literature-based initialization shows better exploration by the
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model. For both models, distances converge for the last two iterations within the same

range due to outcome space thinning (detailed in Section 2.8).

Figure 7. The pairwise Aitchison distance matrix for the initial five data points of the Space Filling
Design approach. Darker colors indicate greater compositional distance.
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Figure 8. A plot showing the mean pairwise distance (in green) and hypervolume (in blue) for each

iteration step. The convergence of distances in later iterations reflects outcome space constraints
(GST), while hypervolume increase indicates Pareto front improvement.

The metric used to assess new point quality in the output space is the hypervolume
measurement with the reference point of the Optimal Formulation Selection Threshold
(OFST). Figure 8 illustrates that with literature-based initialization (the continuous green
line), hypervolume values stay constant (HV = 0) up to iteration 5, indicating no points
in the desired area. At iteration 5, HV rises to 0.24. For SFD-based initialization (the
continuous blue line), hypervolume values remain constant (HV = 0) until iteration 3,

where they rise to 0.17. This suggests that the point is of lower quality than the one
suggested by the literature-based approach at iteration 5. Then, at iteration 4, a slight
increase to 0.45 is observed, and this value remains consistent through the last iteration.
This suggests no further improvement is observed, although this higher value indicates
better performance of SFD-based initialization.
The earlier achievement of non-zero hypervolume by the SFD approach (iteration 3 vs.
iteration 5) demonstrates faster convergence to the desired region of the objective space.
This faster convergence translates to reduced experimental cost and time. The sustained
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higher hypervolume for SFD (0.45 vs. 0.24) indicates a more efficient exploration of the
Pareto front, providing decision-makers with a broader range of high-quality formulation
options balancing fire retardancy and filler content.

To assess the sensitivity of the Pareto front to compositional variations, we examined
how small perturbations (£1 wt.%) in the optimal formulation components affect objective
values. For the SFD optimal formulation (APP 14.3, PER 8.44, PP 77.26), increasing APP by
1 wt.% while proportionally decreasing PP shifts the predicted LOI from 27.2 to 27.6 vol.%
but increases FR content from 22.74 to 23.74 wt.%, moving the point slightly along the
Pareto front toward higher performance but also higher cost. Conversely, decreasing
APP by 1 wt.% reduces the predicted LOI to 26.7 vol.% while lowering FR content to
21.74 wt.%. These perturbation analyses confirm that the identified optimal formulations
lie on a smooth, well-defined Pareto front, with trade-offs behaving predictably: each
1 wt.% increase in FR content yields approximately 0.4-0.5 vol.% LOI improvement in the
optimal region. This sensitivity information guides practical decision-making, allowing
formulators to adjust compositions based on specific performance requirements or cost
constraints while maintaining near-optimal efficiency.

3.7. Experimental Uncertainty Analysis

The total experimental uncertainty in LOI measurements arises from multiple
sources. Mixing uniformity during twin-screw extrusion contributes approximately
£0.10 vol.% variability, assessed through replicate batch processing under identical con-
ditions (170-190 °C, 100 rpm). Compression molding variability (temperature, pressure,
and cooling rate) contributes 0.08 vol.%, controlled through standardized procedures
and dimensional verification. LOI measurement uncertainty (0.20 vol.%) dominates the
error budget, consistent with ASTM D2863 precision statements and confirmed through
intra-laboratory reproducibility studies.

The combined uncertainty, calculated as 0o = \/ 02 02 01q T 9301 &~ 0.24 vol.%,
aligns closely with the GP model’s optimized noise parameter (¢, = 0.25 vol.%), confirming
appropriate uncertainty quantification. Quality control measures included a visual inspec-
tion of extrudates, an SEM verification of filler dispersion (representative samples), and the
center-cutting of test specimens to minimize edge effects.

These comprehensive uncertainty quantifications underscore the importance of
(i) standardized sample preparation and testing protocols, (ii) replicate measurements
to quantify variability, and (iii) proper uncertainty quantification in the optimization frame-
work. The GP model’s probabilistic nature naturally accommodates these sources of
uncertainty through its noise model and variance predictions.

3.8. Mechanistic Insights: Formulation Composition and Char Formation

While the optimization framework treats the formulation-LOI relationship as a black
box, understanding the underlying mechanisms provides valuable insights. The intumes-
cent mechanism involves three key components: acid source (APP), carbonization agent
(PER), and gas source (decomposition products).

Upon heating above 300 °C, APP undergoes thermal decomposition releasing phos-
phoric acid and ammonia. The phosphoric acid catalyzes PER dehydration, forming a
carbon-rich intermediate that further polymerizes into a stable char network [39]. Simulta-
neously, decomposition gases (NH3, HyO, and CO,) expand the softened char, creating an
insulating foam structure with closed-cell morphology. This expanded char acts as both a
thermal barrier and oxygen diffusion barrier, protecting the underlying polymer [28].

The APP/PER ratio critically affects char quality and formation kinetics. At optimal
ratios (approximately 1.5-2.5:1), sufficient acid catalyzes complete PER carbonization while
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avoiding excess acid that degrades char structure [32]. Studies using the compression
testing of char residues demonstrate that mechanically resistant foam structures provide
superior flame-retardant performance, with char stiffness directly correlated to LOI val-
ues [32]. The particle size of APP also influences char formation efficiency, with smaller
particles promoting more uniform and stable char structures through better polymer matrix
distribution [32].

Our optimization inherently explored these mechanistic relationships, with the GP
model learning the nonlinear effects of the APP/PER ratio, total FR content, and their
interactions on LOI performance. The optimal formulations identified (APP/PER ratios of
1.69 and 2.26) fall within the mechanistically effective range, confirming that data-driven
optimization converged to chemically sensible solutions.

The slightly lower APP/PER ratio in the SFD-optimized formulation (1.69 vs. 2.26)
suggests a more balanced acid—carbon relationship, potentially leading to more complete
char formation with better mechanical resistance at lower total filler content. This demon-
strates how the optimization framework can discover non-intuitive formulations that
may be overlooked by traditional rational design approaches based solely on mechanistic
understanding or literature precedent.

4. Conclusions

We have demonstrated in this work the efficiency of MOBO on a simple intumescent
polypropylene formulation as a case study. Employing literature-based formulations
for BO framework initialization is feasible yet not the most effective strategy due to the
non-uniform coverage of formulations within the domain. Nevertheless, in practical
applications, it might be more convenient to utilize existing data, despite its suboptimal
nature. One approach to mitigate this drawback is to directly refine the design and/or
outcome space to offset slow convergence speed.

The experimental validation of the optimal formulation confirmed the model’s predic-
tive accuracy, with measured LOI values (27.0 &£ 0.3 vol.% for SFD, 27.3 £ 0.3 vol.%) falling
within the predicted 95% confidence intervals. This validation demonstrates that MOBO
can reliably guide experimental work, reducing trial-and-error iterations and accelerating
materials discovery.

This research demonstrates several key advantages of the MOBO approach: (i) the
efficient exploration of compositional space with limited experimental budget, (ii) ex-
plicit quantification of prediction uncertainty through the GP framework, (iii) balanced
exploration—exploitation through acquisition function optimization, and (iv) natural ac-
commodation of multiple competing objectives through Pareto front approximation.

Future research directions include (i) the exploration of various kernel types, espe-
cially when problem formulation has been extensively studied and when response across
design space exhibits distinct shapes (linear or exponential), (ii) extension to other polymer
systems (epoxy, polyurethane, or PA6) to demonstrate framework generalizability, (iii) the
incorporation of additional objectives (mechanical properties, thermal stability, cost, and
sustainability) into the multi-objective framework to enable true multi-property optimiza-
tion, and (iv) the integration of computational methods (molecular dynamics or finite
element analysis) as low-fidelity data sources in a multi-fidelity optimization framework.

Depending on decision-maker objectives, various approaches can be adopted: extract-
ing comprehensive information across the entire output space, exploring diverse possibili-
ties within a broad range of outputs, or pinpointing optimal solutions within constrained
spaces. Decision-makers have flexibility to adjust parameters such as threshold values
or expand/contract the search space iteratively. Additionally, design space refinement
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can be carried out at each iteration stage. The active learning methodology offers myriad
customizable combinations tailored to specific materials, requirements, and constraints.

Even if this active learning loop appears promising, it also comes with limitations.
Traditional Design of Experiments (DoE), with presupposed models, offers the advantage
of planning and conducting all formulations simultaneously, providing a more conve-
nient approach in some cases. Another drawback of BO is the limitation in design space
dimensionality, where the number of parameters should be fewer than 20. MOBO is com-
putationally expensive (O(N?), with N samples), which can be a limitation for use with
large datasets.

The broader impact of this work extends beyond flame-retardant formulation opti-
mization. The demonstrated framework is applicable to diverse materials design problems
where multiple competing objectives must be balanced, experimental evaluation is expen-
sive or time-consuming, and the underlying structure—property relationships are complex
or poorly understood. By bridging data-driven optimization with materials chemistry,
this approach represents a step toward accelerated, intelligent materials discovery that
complements traditional rational design methodologies.
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Appendix A. Data

Table A1l. Formulation with literature-based initialization.

APP (%) PER (%) PP (%) LOI wt.%
0.00 0.00 100.00 18.00 0.00
13.33 6.67 80.00 25.20 20.00
Initial data ~ 18.75 6.25 75.00 28.50 25.00
16.66 8.34 75.00 28.10 25.00
2250 7.50 70.00 32.10 30.00
0.00 9.01 90.99 18.50 9.01
Tteration1  0.00 453 95.47 18.00 453
0.00 7.00 93.00 18.00 7.00
11.62 0.00 88.38 19.60 11.62
Iteration2 ~ 22.28 0.00 77.72 20.20 22.28
17.00 0.00 83.00 19.70 17.00
19.77 7.78 72.44 31.30 27.56
Iteration3 1576 6.80 77.45 26.80 22.55
5.84 15.00 79.16 21.80 20.84
16.49 7.30 76.22 26.40 23.78
Tterationd ~ 14.59 6.76 78.66 24.90 21.35
18.20 7.82 73.98 27.40 26.02
14.02 9.14 76.84 26.40 23.16
lteration5 1344 8.51 78.04 24.90 21.96

16.92 7.48 75.60 27.40 24.40
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Table A2. Formulation with SFD initialization.

APP (%) PER (%) PP (%) LOI wt. %
10.63 14.97 74.41 25.60 25.59
4.31 9.07 86.63 19.70 13.38
Initial data 24.33 5.64 70.04 28.20 29.96
0.00 1.66 98.34 17.80 1.66
18.26 0.01 81.73 19.00 18.28
0.00 15.00 85.00 17.80 15.00
Iteration 1 0.00 7.24 92.76 17.60 7.24
13.09 8.03 78.88 24.40 21.12
8.94 0.00 91.06 19.00 8.94
Iteration 2 10.32 6.50 83.18 23.20 16.82
16.87 10.41 72.73 28.60 27.28
7.40 4.06 88.54 20.60 11.46
Iteration 3 14.93 9.20 75.88 27.20 24.13
0.00 0.00 100.00 18.00 0.00
16.20 9.36 74.45 28.30 25.56
Iteration 4 14.30 8.44 77.26 27.20 22.74
15.70 9.14 75.17 26.70 24.84
13.90 8.06 78.05 26.20 21.96
Iteration 5 16.84 9.44 73.73 28.70 26.28
14.92 8.51 76.57 26.90 23.43
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