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Abstract 

Since we have stepped into the 21st century, new materials and technologies play 

more and more significant roles in the construction of human civilization. The 

flame-retardant polymer composites (FRPCs) have found various applications in 

human society due to the versatility, ease of processing, customizability, cost-

effectiveness and safety. Nowadays, traditional research workflow has been 

integrated with modern computational technology. It has widely spread and 

emerged in various traditional disciplines that utilizing high-performance 

computers to construct the digital models for complex humanities and social 

sciences, physical and chemical systems, as well as engineering technologies. In 

the field of materials science, by using machine learning (ML) models, the data-

driven method has been used to predict the thermal, mechanical and combustion-

related properties of different materials, and recognize the type of polymers and 

phase of physical/chemical processes, which effectively enhances the research 

process, reduces the cost and lower environmental impact. 

In this study, we employed various ML algorithms to develop accurate, robust, and 

generalizable models for predicting the results of cone calorimeter test (CCT) and 

mechanical performance of FRPCs. Initially, we compiled and collected 828 data of 

related formulations from approximately 150 publications, involving the types of 

raw materials, selection of processing parameters, and final properties. Based on 

different flame-retardant (FR) mechanisms, we divided FRPCs’ data by the FR 

additives: inorganic metal hydroxide (MH), metal-organic framework (MOF) and 

layered double hydroxide (LDH), marked as different FR-systems. Mainly, the 

Random Forest (RF), Support Vector Machine (SVM) and their linear combination 

were used to build ML frameworks to predict the target properties of FRPCs in 

different FR-systems. 

In the MH-system, RF models achieved coefficients of determination (R2) of over 

0.81 in all test sets. Feature screening indicated that the distribution and amount 

of MH in polymer composites had the greatest impact, followed by the content of 

effective FR elements in other synergists. The models in MOF-system had 

predictive accuracy generally exceeded 80%. Model interpretation showed that not 

only the structure and type of MOFs significantly influenced the performance of 

FRPCs, but also the properties of polymer matrix and incorporation methods of FR 

additives were important. At last, LDH models exhibited good predictive accuracy, 

particularly in predicting Time to Ignition (TTI), where the R2 reached 0.9 and the 
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Area Under Curve (AUC) was also 90%. The feature analysis revealed the key 

features as organic modification and interlayer spacing of LDH strongly affecting 

the heat release in CCT. Besides the prediction of separate values, the simulation 

of HRR development presented the potential of ML framework to replace the 

physical experiments. The simplified HRR curves containing important 

development tendencies have been predicted accurately, restored the heat release 

of FRPCs in CCT qualitatively and quantitatively. Meanwhile, the predictive 

performance of final ML models involving all kinds of FR additives, including MH, 

MOF, LDH, intumescent FRs, and other organosilicon, nitrogen-containing 

chemicals, exhibited the potential of the construction of a comprehensive, all-FR-

systems-contained and prediction-oriented big-data model. 
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Resumen 

Desde que hemos entrado en el siglo XXI, los nuevos materiales y tecnologías 

desempeñan roles cada vez más significativos en la construcción de la civilización 

humana. Los compuestos poliméricos retardantes de llama (FRPCs, por sus siglas 

en inglés) han encontrado diversas aplicaciones en la sociedad humana gracias a 

su versatilidad, facilidad de procesamiento, personalización, rentabilidad y 

seguridad. Hoy en día, el flujo de trabajo tradicional de investigación se ha 

integrado con la tecnología computacional moderna. Esto se ha extendido y 

emergido ampliamente en diversas disciplinas tradicionales, utilizando 

computadoras de alto rendimiento para construir modelos digitales de sistemas 

complejos en humanidades, ciencias sociales, sistemas físicos y químicos, así como 

tecnologías de ingeniería. En el campo de la ciencia de materiales, mediante el uso 

de modelos de aprendizaje automático (ML, por sus siglas en inglés), el método 

basado en datos se ha utilizado para predecir propiedades térmicas, mecánicas y 

relacionadas con la combustión de diferentes materiales, además de identificar el 

tipo de polímeros y las fases de procesos físicos/químicos. Esto mejora eficazmente 

el proceso de investigación, reduce los costos y disminuye el impacto ambiental. 

 

En este estudio, empleamos varios algoritmos de ML para desarrollar modelos 

precisos, robustos y generalizables que predigan los resultados de las pruebas de 

calorímetro cónico (CCT) y el desempeño mecánico de los FRPCs. Inicialmente, 

recopilamos y reunimos 828 datos de formulaciones relacionadas de 

aproximadamente 150 publicaciones, abarcando tipos de materias primas, 

selección de parámetros de procesamiento y propiedades finales. Basándonos en 

diferentes mecanismos de retardancia de llama (FR), dividimos los datos de FRPCs 

según los aditivos FR: hidróxido metálico inorgánico (MH), estructuras metal-

orgánicas (MOF) y hidróxido doble laminar (LDH), marcados como diferentes 

sistemas FR. Principalmente, utilizamos Random Forest (RF), Support Vector 

Machine (SVM) y su combinación lineal para construir marcos de ML que 

predijeran las propiedades objetivo de los FRPCs en diferentes sistemas FR. 

 

En el sistema MH, los modelos RF lograron coeficientes de determinación (R²) 

superiores a 0,81 en todos los conjuntos de prueba. El análisis de características 

indicó que la distribución y la cantidad de MH en los compuestos poliméricos 
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tuvieron el mayor impacto, seguidas por el contenido de elementos FR efectivos en 

otros sinergistas. Los modelos en el sistema MOF tuvieron una precisión predictiva 

que generalmente superó el 80%. La interpretación del modelo mostró que, además 

de la estructura y el tipo de MOFs, las propiedades de la matriz polimérica y los 

métodos de incorporación de los aditivos FR también influyeron significativamente 

en el rendimiento de los FRPCs. Finalmente, los modelos LDH exhibieron una 

buena precisión predictiva, particularmente en la predicción del Tiempo de 

Ignición (TTI), donde el R² alcanzó 0,9 y el Área Bajo la Curva (AUC) también fue 

del 90%. El análisis de características reveló que las modificaciones orgánicas y el 

espaciado interlaminar del LDH afectaron fuertemente la liberación de calor en el 

CCT. 

 

Además de la predicción de valores individuales, la simulación del desarrollo de la 

HRR presentó el potencial del marco de ML para reemplazar los experimentos 

físicos. Las curvas HRR simplificadas, que contenían tendencias importantes de 

desarrollo, fueron predichas con precisión, restaurando cualitativa y 

cuantitativamente la liberación de calor de los FRPCs en el CCT. Mientras tanto, 

el desempeño predictivo de los modelos finales de ML, que involucraron todo tipo 

de aditivos FR, incluidos MH, MOF, LDH, FR intumescentes y otros químicos 

organosilícicos y nitrogenados, mostró el potencial para construir un modelo 

integral, orientado a la predicción y que abarque todos los sistemas FR.
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1. Introduction  

1.1. Flame-retardant polymer composites (FRPCs) 

The history of humankind is critically influenced by the application and technology 

of materials. Seen from the earliest stone age to our modern society, the innovation 

and development of materials has not only contributed to the blossom of 

technologies, but also delivered the profound impact on the economic, social and 

cultural evolutions. The usage of metal materials has enabled the occurrence of 

diverse and complex structures and constructions. However, as we step into the 

new century, new requirements and challenges are being posed to the materials. 

Polymer materials, which have attracted significant attention and achieved 

artificial synthesis after the industrial revolution, have been widely researched by 

a considerable number of individuals and organizations from both scientific and 

commercial fields due to their special advantages in material properties. [1,2] 

Compared to metallic materials, polymers are light-weighted, flexible and highly 

processable, which contribute to lowering the cost of production and 

transportation. [3] Polymers are widely used in packing materials, medical 

apparatus, buildings and infrastructure, and daily supplies, as in Fig. 1-1. [4–6] 

Furthermore, polymer materials are highly customizable through the addition of 

different functional components to adjust the chemical and physical properties and 

be competent to in specific applications. At the same time, the development of 

science and technology has inspired creativity and innovation of polymer materials 

in recyclability, environmental-friendliness, and novelty. [7] 
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Fig. 1-1 Application of polymer materials 

There are, of course, problems which should be addressed in the application of 

polymer materials. The first famous synthetic thermoplastic “celluloid”, invented 

by Alexander Parkes in 1855, has been greatly used in staple goods, and 

photographic films in particular. [8] But this polymer is prone to aging and is 

highly flammable: exposing to temperature > 150 °C leads to spontaneous ignition. 

After celluloid, other synthetic polymers like Bakelite, Nylon, Teflon, and many 

polymer materials have been pioneered and employed in almost every aspect of our 

lives. A critical problem, however, still remains unsolved: how to protect the 

polymeric parts from the high temperatures and flames so that they shall not 

develop into hazards for humans? 

With the rapid increasing in the number of applications of polymer materials in 

the living environment, there are more and more fire hazards occurring in different 

sizes and shapes every year, which lead to great damage to properties, human 

health, environment, economy and society. [9] However, the development of 

polymer materials always follows this principle: identifying problems during the 

usage and optimizing materials throughout these problems; They are intrinsically 

complementary, just like spears and shields. In the early stage (before 1950s) of 

flame-retardant polymer materials, traditional method to prevent the fire hazards 

was to use inorganic materials like asbestos. Later, the investigation of FR 
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additives became a key area of FR polymer materials, aiming to improve the fire 

performance of the polymers through physical, chemical mechanisms and their 

interactions. [10,11] Since 1980 [12,13], metal hydroxides are considered a good 

choice attributed to its smoke-suppression [14], nontoxicity [15], and low cost 

[16,17]. Meanwhile, the FR additives that contain halogen, phosphorous and 

nitrogen are highly effective in preventing the development and spread of flames. 

However, with the increasing concern about the environment and human health, 

the investigation of low-toxic, eco-friendly FR additives is crucial in recent years. 

 

Fig. 1-2 Combustion of a flammable sample, fire growth on the surface. 

The combustion is a complex process involving various chemical and physical 

reactions between the three fundamental elements of fire: fuel, oxygen and heat. 

It is usually featured with released heat, unhealthy smoke and strong fire. As 

shown in Fig. 1-2, the flammable matter, e.g. polymer matrix, is exposed to an 

external heat source, which leads to increased temperature of the surface area. In 

the classic Cone Calorimeter Test (CCT), this ignition source is electric spark, 

combined with the heating cone upon the sample surface. After reaching certain 

degree of the local temperature, the degradation and melting begins. With the 

support of oxygen from the external atmosphere, thermal oxidation reactions occur 

in the combustion front, together with the release of energy and reaction products 

in both solid and gas phases. In return, released heat also contribute to the 

temperature rise of the sample. With the development of fire, the flame front 

spreads to other area and in the direction of depth, till the whole flammable sample 

is engulfed in fire. In this process, the transfer of heat and materials is the key to 
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the development of combustion. As a consequence, all FR effects can be attributed 

to giving impact on the one or more part of this burning cycle.  

Up to now, there are many types of flame retardants, induvial or combined used in 

polymer composites. [18] The well-known halogen flame retardants have high FR 

efficiency and moderate cost. Halogen additives decompose at the temperature 

around 200 – 300 °C, releasing plenty of free radicals (halogen) that can capture 

the free radicals produced by the decomposition of polymer combustion. These 

reactions break down the reaction chains of combustion, thus postpone and 

suppress the development of fire. At the same time, the reaction product (halide) 

is difficult-combustible, diluting the oxygen content in the environment. However, 

a crucial disadvantage makes this type of flame retardants nor recommended: the 

burning products are toxic, can greatly harm the health of humankind and 

environment.  

As a popular flame retardant in many kinds of polymers, the metal hydroxides are 

simple and easy to use. [19] This inorganic filler is simply inflammable, can 

directly decrease the fuel content of polymer composites. Furthermore, hydroxides 

tend to lose their water under moderate temperatures as in equation (1), usually 

around 200-350 degree Celsius. This decomposition reaction is endothermic with a 

positive decomposition entropy, that is to say, some heat will be absorbed leading 

to a cooling effect of the surrounding environment. Meanwhile, the released water 

can dilute the concentration of the flammable matters in the combustion area, 

containing the spread of fire. In addition, the metal oxide produced by the 

decomposition reaction also plays a role in the flame retardancy: a sufficiently 

strong and dense physical barrier is able to slow the development of flame 

effectively. Due to the simple mechanisms, the MH-system of flame retardants is 

a proper choice to be started with in the machine learning modelling. 

𝑀𝑒(𝑂𝐻)𝑦  
∆
→  

1

2
𝑀𝑒2𝑂𝑦 + 

𝑦

2
𝐻2𝑂       ∆𝐻 > 0                                         (1) 

The types of metals in MHs are diverse. Common MHs consist of magnesium, 

aluminium and calcium. Zinc hydroxide is occasionally used too. Magnesium di-

hydroxide (MDH) and aluminium tri-hydroxide (ATH) are the most popular 

inorganic fillers added into the polymer matrix. MDH will start the decomposition 

when the temperature reaches 330 °C. In this process, 1300 kJ of heat is absorbed 

by every 1 g of MDH, producing 0.31 g of water and 0.69 g of MgO. ATH, compared 

to MDH, has a much lower initial decomposition temperature of 190 °C, and 
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decomposition entropy is 1050 kJ/g. Except for these two typical MHs, other 

similar hydroxides are also used, which properties are listed in Table 1-1. 

However, precisely because of such simple FR mechanisms and the way they work, 

the main drawback of using MHs as flame retardants lies in their high loading. 

Their FR-efficiencies, compared to some organic additives, are not so satisfied to 

high requirements in certain applications. In addition, high loading leads to the 

deterioration of other properties of polymer composites, especially the mechanical 

properties. Also, the processability is strongly influenced by the addition of high 

melting point materials, increasing the difficulty and cost in production chain. 

Table 1-1 Properties of typical metal hydroxides 

MH Name Chemical components H2O*1 Oxide*1 E-dec*2 Tini*3 

MDH Mg(OH)2 31.03 68.97 1300 330 

ATH Al(OH)3 34.61 65.39 1050 190 

CDH Ca(OH)2 24.33 75.67 986 300 

HM 4MgCO3∙Mg(OH)2∙4H2O 28 46 800 200 

CHD Ca(OH)2∙Mg(OH)2 27.27 72.73 1062 370 

sHD Ca(OH)2∙yMg(OH)2∙(1-y)MgO 16.89 78.59 685 320 

U 
MgO 37.5%, CaO 7.5%, SiO2 0.6%; 

final loss 52.5% 
1.93 45 1150 210 

ZH Zn(OH)2 18.2 81.8 - 125 

*1: equivalent content of water or metal oxide in weight percent in MHs 

*2: decomposition entropy in kJ/mol 

*3: initial decomposition temperature of MHs in ºC 

 

Taking the limitation of single flame retardant into account, the usage of a 

combination of multiple FR additives with different focuses is the trend. Multiple 

types of flame retardants can sometimes have exceeded effect compared to the sum 

of individual contributions. Thus, our second FR-system is focusing on usage of a 

novel material: metal-organic framework (MOF), which is widely used in many 

fields and has demonstrated excellent universality in the polymer composites. 

[20,21] 
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The MOF, as the name means, is a combination of metal nodes with organic 

ligands, which contribute to forming a porous, organized crystalline structure in 

the microscale. The coordination of metal ions, also called the primary building 

unit (PBU) and organic molecules (secondary building unit, SBU) delivers a highly 

tuneable pore morphology and rigid scaffold for supporting or encapsulation of 

synergic flame retardants. [22] In addition, the organic components indie MOF 

enables better dispersion of the FR additives in the polymer matrix. Based on 

above-mentioned advantages, researchers have done many works on MOF-loaded 

polymer composites. Although researchers use primarily the typical MOFs, such 

as zeolitic imidazolate frameworks (ZIFs), MILs (MIL for Materials Institute 

Lavoisier) and UiOs (UiO for University of Oslo), there are many other types of 

MOFs due to the adjustability of the building units. Compared to inorganic fillers, 

the FR mechanisms of MOF along is considered to be attributed to the good 

dispersion of nano- or micro-sized particles, catalytic effect of metal atoms and 

additional reactions between organic ligands and polymer matrix. However, MOF 

is commonly combined with other flame retardants. In this situation, the second 

FR additive can be encapsulated into the pores of MOF structures or grafted onto 

the MOF skeletons. Sometimes, MOF is grown on the surface of other flame 

retardants to achieve a special structure. 

Another “carrier” that is widely used as flame retardants is the layered double 

hydrate (LDH). Just as the name means, LDH consist of two-dimensional layers, 

in which different types of anions exist. Its structure is shown in Fig. 1-3. General 

formula of LDH can be described as [(MII)1−x(MIII)x(OH)2]x+(Am−
x/m)•nH2O], in which 

MII and MII are divalent and trivalent metal ions. Divalent ions are commonly 

Mg2+, Ca2+, Mn2+, Fe2+, Co2+, Ni2+, Cu2+, or Zn2+, and the trivalent ones are Al3+, 

Fe3+, Co3+ or Ni3+. The anions in the interlayer spaces are typically CO3
3-,NO3

- and 

Cl-, which are balanced with the positive charges. Similar to MOF, the modification 

on LDH is suggested before being used as the FR additive. [23,24] In general, the 

anions are replaced with some big organic molecules, like sodium dodecyl benzene 

sulfonate (SDBS). This modification will not only introduce organic parts that 

containing FR elements into LDH, but also change the interlamellar distance 

between two neighboured layers.  
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Fig. 1-3 Structure of flame retardants: MOF (left) and LDH (right) 

The last typical FR additives are the intumescent flame retardants (IFRs), which 

has three main components: a carbonizing agent as carbon source, a carbonization 

catalyst as acid source and an expanding agent as gas source. [25–27] When the 

IFRs are heated to certain temperature, a series of physical and chemical reactions 

are activated, including the production of inorganic acid, catalytic carbonization of 

carbon-rich substances, formation of intumescent, porous carbon layers through 

the water vapor or other non-flammable gases. Once the physical barriers are 

formed, they are able to resist the fire attack, weaken the heat transfer between 

the undamaged polymer and fire front, and prevent the diffusion of gases. When 

the combustion area lacks the heat and oxygen, the fire of fuel will extinguish.  

There are, of course, a lot of influence factors that affect the formation of a stable 

and strong barrier. [28] These factors come not only from the FR additives 

themselves, but also from the chemical structure and physical property of polymer 

matrix. The activation conditions of those reactions and their rates have also 

impact on the construction of carbon layer. As a result, the thickness, porosity, 

stability and strength of the layers decide the thermal protection effect. IFR can 

also be used together with other flame retardants due to its high FR efficiency. 

Less than 10 wt-% of IFRs can effectively improve the fire performance of the 

majority of polymer composites. [29] Accompanied by a small amount of other 

functional additives, polymer composites can reach more comprehensive 

improvement of performance in fire and mechanical aspects. 
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1.2. Fundamental of materials informatics 

Traditionally, researchers conduct the trial-and-test method to develop new 

materials and improve the old parts. From this empirical science, we can already 

find that there is an intrinsic relationship between the raw materials, parameters 

of production processes and final properties of designed products. In 1997, G. B. 

Olson discussed the three-link chain model connecting science and engineering in 

material research. He built up an ascensive scientific link between Processing-

Structure-Properties. [30] This deductive flow precisely describes the progressive 

cause-and-effect relationship from ingredients to produced samples. Typically, 

there are various phases appeared in the forging of metal or metal alloys. Different 

quenching methods or rates lead to different metallographic phases, which can be 

directly observed with optical microscope. This is the same in the production of 

polymeric samples, although their structural changes are difficult to see. 

Based on this chain of causation, researchers now have different approaches to 

realize their goals. From the early empirical rules to the model-based theoretical 

science [31], to the mathematical simulation with computational techniques 

[32,33], to the (big)data-driven science in modern age [34], four research paradigms 

are summarized. With the development of high-power computers and 

mathematical fundamentals in simulation and modelling, the investigation of 

materials is accelerated. It is very helpful to use the finite element method (FEM) 

and density functional theory (DFT) to simulate a physical or chemical process 

occurred in a special sample or reaction. Through the simulation, the whole micro-

scale process is visualized. They also reveal the possible results of the materials or 

reactions that are not tested. But a disadvantage of the computational simulation 

lies in the high requirements of corresponding acknowledges. It is necessary to 

have full understanding or, at least proper hypothesis, of the simulated processes 

for the setting of boundary conditions, development equations and mathematic 

limitations. This leads to a fact that the computational simulation is not well suited 

to a complex system, the combustion behaviour in particular. 

Complicated processes, like the combustion of polymer composites with various 

flame retardants inside, have plenty of physical and chemical reactions happened 

simultaneously or successively. For such complex process, it is hardly to find the 

mathematical equations to describe and solve them. Despite this, we can go 

directly to the data themselves: the process-structure-property can be encoded or 

decoded into useful data, and the relationship between them is then converted into 
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the relationship between input and outcome data. Considering the inherent real-

world connections, the transformed data is bound to retain the analogous 

characteristics. Investigate the patterns among these data from the statistic 

perspective becomes a promising way to enhance the understanding of the 

mechanisms behind the processes. 

 

Fig. 1-4 Process-Structure-Property chain and four research paradigms in material 

science 

In the data-driven approach, a complete and comprehensive dataset is the 

foundation. With this dataset, we are able to build a machine learning “black box”, 

which can give predictions of the target properties, as shown in Fig. 1-5. To build 

the model, a machine learning algorithm is necessary. There are many kinds of 

algorithms based on various mathematical fundamentals, using different 

strategies to process and analyse the data, establishing corresponding models to 

make predictions. [35] The typical supervised algorithms include linear regressing, 

decision tree (DT), k-nearest neighbours (kNN), random forest (RF), support vector 
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machine (SVM) and artificial neuro networks (ANN) etc.. They can be explained 

with the same equation (2). The target properties are either numerical, physical or 

chemical results from experimental measurements like density, tensile strength, 

pH-value and solution conductivity, or categorical qualities like solubility, 

flammability and reactivity. Based on their intrinsic, natural relationships 

between materials and properties, these results can be described as a function of 

various independent variables indicated as the following X1 to Xn. Due to the 

difficulty in understanding all the mechanisms and influencing factors behind the 

complicated systems, it is convenient to build the machine learning models for 

these systems on the basis of collected dataset. These models are acting like black 

boxes, providing the final predictions and analysing results through the ingestion 

of the input dataset, assessment of suitable models and optimization of 

hyperparameters. The judgements, decisions, classifications are then made to 

concrete questions and systems.  

𝑦⃗𝑡𝑎𝑟𝑔𝑒𝑡_𝑝𝑟𝑜𝑝𝑒𝑟𝑡𝑖𝑒𝑠 = 𝑓(𝑋1, 𝑋2, … , 𝑋𝑛) =  𝑓(𝑋⃗𝑖𝑛𝑝𝑢𝑡_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠)                            (2) 

 

Fig. 1-5 Machine leaning “black box”: training with input dataset and target feature to 

build proper models; making predictions with provided dataset to screen the 

formulations with wanted properties 

The RF is a widely used method developed by Leo Breiman and Adele Cutler. 

[36,37] It is a tree-based ensemble method, in which thousands of decision trees 

“grow” randomly to make decisions. The prediction of DT follows the logistic 



Data-driven investigation of FRPCs 

11 

 

thinking: it walks through all necessary conditional control statements, reaches 

the end node along the correct route and returns the node as the decision, as 

illustrated in Fig. 1-6 (a). The final decision made by RF is obtained by averaging 

the results of all sub-estimators, usually the mathematical mean value. RF has the 

advantages of high accuracy and low overfitting. Moreover, it is beneficial to use 

the build-in function of feature importance (FI) to analyse the significant 

influencing factors. Through the FI, the RF models can be further improved, 

explained and used to screen wanted features and values. Meanwhile, researcher 

can gain deeper insight into the relationship between specific features and target 

properties. [38] 

 

Fig. 1-6 Random Forest (RF) and Support Vector Machine (SVM) 

Another algorithm, Support Vector Machine (SVM), is advantageous in dealing 

with complex dataset, and have sometimes better performance than other 

techniques due to many features like various kernel functions and capacity control 

brought by margin optimization etc. In SVM, a hyperplane with certain margin. 

Which can be adjusted depending on the situations, is constructed to classify the 

data points of different categories. [39,40] This algorithm and the variants have 

been widely applied in image classification like biological and medical studies, 

military application, hydrological science, agriculture sector, remote sensing etc.  

Except for the individual algorithms, a third modelling method, which is actually 

built upon the former models, is constructed, called linear combination. It is in fact 

similar to RF, except that RF is the ensemble of many DTs, whereas the linear 
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combination is based on RF and SVM. In general, the performance of a predictive 

model is strongly related to the characteristics of dataset, complexity of research 

purpose and iterative process of this model itself. In some cases, a single model 

fails to live up to expectations due to certain limitations. In view of such facts, 

combining machine learning models is an effective strategy to improve predictive 

accuracy. All these algorithms will be explained in detail in the section or 

methodology. 
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2. State of the art 

2.1. Flame retardants in FRPC 

From the market research in 2020 [41], the worldwide consumption of all flame 

retardants amounts to over 2.39 million tons in 2019. Classified by the type of 

flame retardants, aluminium hydroxide takes the highest percentage of 

consumption with 38% as the single flame retardant in the worldwide. The second 

largest consumption of single additive is the organophosphorus type with 18%. 

However, the halogenated FR systems consisting of the brominated and 

chlorinated FR additives, have still compromising high percentage in consumption. 

This halogenated system is usually used together with the antimony oxides and 

has a part of 30% in total in the market. At last, the other FR additives, including 

inorganic phosphorus compounds, nitrogen and zinc-based flame retardants make 

up the remaining 14%. 

 

Fig. 2-1 Worldwide consumption of flame retardants by type, 2019 [41] 

Seen from the research results, MH as the FR additive has significant 

enhancement in the fire performance of polymer composites, making it a widely 

used components in the FRPC. The analyse results of searching results of “Metal 

hydroxide” in the Web of ScienceTM shows the published works during the last two 

decades in Fig. 2-2. Till now, MH is still an effective additive in the competition 
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with other new kinds of FR additives, but the research focus has gradually shifted 

towards various modifications upon MH or using MH as kind of modifier.  

 

Fig. 2-2 Analyse results of yearly publications of searching the “metal hydroxide”, extra 

keywords is applied: “flame retardant” in blue and “cone calorimeter” in orange from 

Web of Science 

With high loading of inorganic MH in polymer matrix, the spread of fire, release of 

smoke and heat are all suppressed to some degree. It is glaringly obvious that its 

effect gets higher with increased mass fraction. Kalali et al. [42] demonstrated a 

high reduction of peak heat release rate (pHRR) of an ethylene vinyl acetate (EVA) 

composite with a loading of ATH in 50 wt-%. pHRR decreased to 581 kW/m2 from 

the 1020 kW/m2 of neat EVA. Besides, the Young’s modulus also increased by 

160%, limiting oxygen index (LOI) value increased to 25.5 vol-%. In 2022, Ma et al. 

[43] added 55 wt-% of MDH into EVA and achieved prolonged time to ignition (TTI) 

of 51 s, pHRR reduction of almost 80%. Although the UL-94 rating stayed unrated, 

its LOI increased to 41.4 vol-%.  

Unlike the dominant market share of MH in worldwide consumption, how to use 

the MOF-system efficiently is currently under investigation. In the past works, 

adding MOF as individual flame retardant shows unstable influence on the fire 

performance. Considering the special characteristics of MOF, encapsulating other 

FR additives into MOF is a promising way. The Table 2-1 presents the cone results 
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and mechanical performance of polymer composites with MOF-system. The mass 

fraction of MOF in these composites are normally below 5 wt-%, and the total 

loading of all additives generally does not exceed 20 wt-%.  

Table 2-1 Results of some research works of MOF-loading polymer composites* 

Polymer 

matrix 
MOF type Synergist year Mechanical performance CCT results 

TPU Co-DdmSa APP 2019 
Tensile strength decreased 

from 24.3 MPa to 17.3 MPa 

TTI slightly lower, pHRR reduction 

of 80% (257 kW/m2), THR decreased 

by 20% 

UP HKUST-1 DMMP 2019 
Storage modulus @25C 

raised to 2.3 GPa 

TTI lowered by 40%, pHRR 

reduction of 70%, THR halved 

compared to neat polymer 

PC UIO-66  2019 

Both tensile strength and 

storage modulus increased 

by 10% 

TTI was prolong, pHRR halved to 

316 kW/m2 and THR decreased 

EP UIO-66 SiO2 2019 
Storage modulus slightly 

increased to 2.1 GPa 

pHRR and THR decreased by 30%, 

TTI stayed the same 

PLA Ni-SaTr APP 2020 

Storage modulus 

significantly increased to 2 

GPa 

TTI was prolonged to 97 s, pHRR 

reduction of 28%, and THR 

decreased by 22% 

PS Co-BDC PCT 2020 
Storage modulus increased 

from 2.6 to 3.6 GPa 

TTI stayed the same, but pHRR 

reduction of 40% 

EP UIO-66 
PA + β-

CD 
2021 

Tensile strength slightly 

decreased, but storage 

modulus was improved to 

1.9 GPa 

TTI was the same to neat EP of 60ss, 

pHRR reduction of 50% (675 

kW/m2) 

EP ZIF-67 PA 2022 
storage modulus increased 

by 50% to 0.33 GPa 

TTI was shorter but pHRR reduced to 

645 kW/m2 

*: The data are excerpted from the collected data tables, and all the references 

involved are listed at the end of the document 

Due to the special double-layer structure, LDH is commonly used after being 

modified. Through the intercalation of different anions, the distance between the 

layers can vary from 0.5 to 3.5 nm. [44] Furthermore, different combination of the 

di- and trivalent metal ions also lead to the change of charge density, or have extra 

property, like the activation of sulphur crosslinking around Zn2+ ions [45]. In 

general, the anions that occupy the interlay space after modification have many 
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choices. SDBS and the Sodium dodecyl sulphate (SDS) are commonly used. [46–

48] Besides, acids like e.g. benzoic acid, oleic acid, borate acid and many saturated 

fatty acids, and self-synthesised salts also exist. In these modifiers, the majority is 

organic molecules and elements including N, P and S are frequently observed. On 

one side, organic modification promotes the compatibility between additives and 

polymeric surroundings; on the other side, these elements can make contributes to 

the improvement of fire performance of polymer composites.  

Shao et al. coprecipitated the Fe-Zn-LDH with ammonium polyphosphate (APP) 

in-situ to form a hybrid additive and added into epoxy resin (EP) as flame 

retardants in 2022. [49] With the mass fraction below 5 wt-%, the LOI values and 

UL-94 ratings of polymer composites exhibited quite an improvement. The pHRR 

from CCT also had a reduction of over 55%, compared to neat EP. In 2023, Song et 

al. demonstrated a reduction of 25 % in pHRR of EP composites with only 2 wt-% 

loading of Co-Co-LDH. Moreover, the well-shaped hybrid from Co-Co-LDH and 

cobalt basic carbonate (CBC) improved this reduction to 38.5 % with the same 

loading. The smoke suppression also decreased by 44.2 %. [50]  

As mentioned in Introduction part, IFR is usually mixed-used with other FR 

systems except for the MH-system. The P-containing flame retardants share the 

same FR mechanisms of the formation of char layer in the combustion of polymer 

composites. In MOF- and LDH-systems, loading of small amount of P-containing 

substance leads to further improvement in fire performance of the samples. 

2.2. Materials informatics 

With the development of information technology, high-performance computers and 

the matched modelling software proliferate rapidly. Skipping over the 

computational simulation, the data-driven approach to establish proper models for 

complex systems has attracted numerous pioneers. In general, machine learning 

(ML) is the main topic of data-driven technique. The utilization of ML has already 

spread to image/speech recognition, content recommendation [51], spam filtering, 

process optimization [52,53] and property prediction [54,55] etc..  

In the last 5 years, numerous works about the usage of machine learning in 

predicting wanted properties and performances have blossomed. In 2019, Rong et 

al. predicted the effective thermal conductivity of composites using the recognition 

of sections images. [56] The same year, Moosavi et al. used the adaptive genetic 

algorithms in the synthesis of MOF. [57] Sabiston et al. built an ANN model to 
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predict the orientation tensors of Sheet Moulding Compound composites with 

respect to charge size and placement. [58] Wang et al. integrated the bibliometric 

analysis, computational toxicology techniques and in vitro analysis to construct 

hypothesized toxicity pathway of lipid metabolic disorders induced by typical 

replacement flame retardants (TPP). [59] In 2021, Mendikute et al. applied various 

ML models to predict the filling quality of resin transfer moulding, trying to 

diagnose the composite quality and optimize the strategies. [60] Erps et al. built 

the data-driven multi-objective optimization framework to accelerate the discovery 

of 3D printing materials, more specifically, how to mix primary formulations to 

create better-performing materials. [61] Humfeld et al. presented a novel ML 

framework to optimize the air temperature cycle in the real-time active control of 

manufacturing. [62] Kang et al. integrated a ML model to predict the mechanical 

properties of epoxy-silica composites. [63] 

The data-driven approach can not only be used in the science and engineering, but 

also blossom in the fields of social sciences. Taking the harrowing crisis of COVID-

19, there are many researchers made contributes to resisting this disaster using 

their own methods. [64] Mendels et al. developed and evaluated the accuracy and 

performance of a mobile application named xRCovid to support the identification 

of SARS-CoV-2 serological rapid diagnostic tests, which had improved accuracy 

compared to eye reading. [65] Derek et al. investigated a multimodal approach to 

the diagnosis and prognosis of patients with COVID-19. [66] Fusco et al. reported 

an overview on AI-supported diagnosis and treatment based on chest computed 

tomography scan and chest X-ray images, in which twenty-two studies met the 

inclusion criteria, potentially be used in the identification of disease clusters, 

monitoring of cases, prediction of future outbreaks, mortality risk, COVID-19 

diagnosis and disease management. [67] 

In the field of fire safety, Chen et al. used machine learning to analyze the 

experimental data of FR polymers, explore the relationship between limiting 

oxygen index (LOI) and components. [68] Fang et al. developed the image 

recognition model for identifying the combustion stages of fire development in 

residential room fires. [69] Naser from Clemson University utilized the ANN to 

evaluate the fire resistance of timber structures based on over 12000 data points. 

[70] Wang et al. predicted the real-time heat release rate (HRR) by flame images 

and deep learning algorithms. [71] 
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2.3. Objectives 

In this work, we aimed to build accurate ML models to predict the properties of 

polymer composites that contain various flame retardants. The FRPCs are 

primarily consisting of common polymers and different FR systems to improve 

their fire performance. In the data collection, the polymer matrix was not restricted 

in only one type, but varied in EP, EVA, thermoplastic polyurethane (TPU), 

polyethylene (PE) with different density from low (LDPE), moderate (MDPE) to 

high (HDPE), Polylactic acid (PLA) etc.. These polymers occupied different 

physical and chemical properties and required different processing methods. The 

FR additives matching these neat polymers were correspondingly different. The 

kinds and amounts of the FR additives were also unlimited. That was to say, there 

could be numerous formulations that were in accord with the FRPCs we wanted to 

include in our dataset. However, it was definitely impossible to collect all data due 

to the facts that: a). There was no specific database of FRPCs led by reliable and 

powerful organizations or entities. b). Dataset for machine learning was done by 

single person, and research group, thus the scale of the work was limited, and the 

collection source was solely the public literature, from which the data was 

processed and comprehensively filtered up to the standards. And for such reasons, 

the data-driven approaches were limited to be used for specific FR systems, which 

would be explained in detail in next section. 

As our goals, we planned to achieve the following millstones: 

1. Successfully assessment of ML models predicting the CCT results of MH-

integrated FRPCs. As the main characteristics in CCT, the time to ignition 

(TTI), peak heat release rate (pHRR) and total heat release rate (THR) were 

the most typical and important values to estimate the fire performance of 

FRPCs under certain combustion condition. These values were normally 

numerical varying from 0 to over thousand. But due to fact that these values 

fluctuated strongly depending on the measuring environments, operation 

conditions and device situations, sometimes these numerical properties 

would be transformed to categories to be predicted.  

2. Expand the optimisation and building of ML models to other FR-systems: 

FRPCs involving MOFs, LDHs and IFRs (or similar phosphorous-containing 

chemicals). These systems had more complicated FR-mechanisms than that 

of MHs, leading to more complex physiochemical reactions in the 

combustion of FRPCs. In addition to CCT results, the storage modulus 
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measured from DMA test was an extra target feature in ML model for MOF-

added FRPCs. Since it was very attractive to know if and how the addition 

of MOF could enhance their mechanical properties of FRPCs. Another 

characteristic was the LOI of FRPCs. 

3. Evaluation and explanation of ML models with promising predictive 

performances. The models were to be rated with the unseen data coming 

either from the divided data not used in training and testing the models, or 

from additional experiments. Furthermore, through the significance of 

input features, usage of different explanations and screening the feature 

values, we are able to find out the relationships between important 

descriptors and the composites’ properties. We can obtain the tendencies 

how and how much do these influence factors affecting the CCT and DMA 

results. Also, through the feature importance and screening of virtual 

dataset, we can find suitable formulations that meet the requirements for 

specific applications. 

4. In addition to individual values of TTI, pHRR and THR, an attempt to 

predict the development of heat release rate (HRR) against time is also 

demonstrated in the work. We segmented the temporally developing HRR 

by cutting the curve across the time, preserving the key features of HRR, 

and meaningfully dividing its development stages in the whole combustion 

phase. Ultimately, we transformed the time series into the predictions of 

individual targets with the ML framework, which was consisting of unified 

but chained models. 
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3. Materials and methods 

3.1. Experimental formulations 

Apart from the ML part, some experimental results that are used to evaluate the 

model performance is necessary. In the prepared samples, three kinds of 

commercial EVAs containing 28 wt-% vinyl acetate (VA) content were bought from 

Repsol Co., Ltd, and DuPont Company and Hanwha Company, respectively. HDPE 

was obtained from Sabic Innovative Plastics Co., Ltd. EP (Epoxydhedraz C) was 

provided by R&G Faserverbundwerkstoffe GmbH, Germany. The MDH organically 

modified with montmorillonite (oMMT), vinyltriethoxysilane (VTES), and diamino 

diphenyl methane (DDM, ≥97.0%) were purchased from Sigma-Aldrich Química 

SL. Pure MDH and ATH also came from the same source in analytical standards. 

Ammonium polyphosphate (APP) was provided by Clariant AG, marked with 

Exolit AP 750. Pentaerythritol (PER) was purchased from Sigma-Aldrich Química 

SL. POH-C12 was a self-synthesized organic additive containing phosphorus of 

about 10 wt.-%. MOF-1 was obtained from the company MOF Technologies (Fe-

BTC with 262.96 g/mol molecular weight) and UIO-66(-NH2) was synthesized by 

published method cited in article. 

The preparation methods of polymer composites vary with different types of 

polymer matrix. For EP-based composites, the FR additives are directly mixed into 

weighted Epoxy-C with hand, and then, depending on the type of additives, using 

the magnetic stirrer or three-roll mill to homogenize the mixture. When using the 

magnetic stirrer C-MAG HS 7 from IKA ®, the pre-mixed viscous solution was 

heated to 75 °C and stirred with 1000 revolutions per minute (rpm) for 30 min. 

With the triple roll mill EXKAT 80E, the viscous fluid was milled and collected at 

room temperature. The gap between apron and centre rolls decreased from 20 to 

15 to 10 µm gradually, with the feeding gap kept 5 µm wider than that. The 

homogeneous solution consisting of neat polymer and FR additives was then mixed 

with curing agent DDM under continuously stirring at 1200 rpm at 75 °C for 5 

min. The final mixture was transferred to a silicon mould pre-heated at the 80 °C 

and was degassed for 20 min at the same temperature. Finally, the degassed fluid 

samples were cured in two steps: placed at 110 °C and 150 °C for 2 hours, 
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respectively. The weight ratio pure EP to DDM was fixed at 78:22 for all EP-

samples. 

For the preparation of EVA, HDPE and PLA samples, the mixing of all raw 

materials was done through compounding. Depending on the size of products, there 

were two compounder with different size used in this work: a small micro 

compounder branded with MC 15HT from Xplore Instruments, and a twin-screw 

extruder named KETSE 20/40 from The Bartender  Company. Different polymers 

had their own proper operation temperatures, which were 180 °C for EVA and 

HDPE, and 175 °C for PLA pellets. The well-mixed extrudates were filled into 

stainless stell moulds and delivered to the programmable hot press from JUMO 

GmbH.  

 

Fig. 3-1 lab devices. Above: from left to right are magnetic stirrer, three roll mill and 

vacuum over; below: from left to right are micro compounder, twin-screw extruder and 

hydraulic hot press 

The polymer composites were formed to different shapes and sizes for different 

characterization methods. Their components are listed in following tables. These 

samples are all the formulations used in this work, but specifically used in 

individual parts, which will be distinguished in results sections. 
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Table 3-1 Formulations used for validation tests of ML models (part 1) 

Sample 

label 

Polymer matrix (wt-%) FR additives (wt-%) 

EVA HDPE EP MDH ATH APP oMMT VTES 
POH-

C12 
UIO66 MOF-1 

EVA01 45 - - 51 -   4 - - - 

EVA02 45 - - 52 - - - 3 - - - 

EP01 - - 90*1 9 - - - - - 1 - 

EVA03 70 - - 25 - - 5 - - - - 

HDPE01 - 70 - 25 - 5 - - - - - 

EVA-1 45 - - 53 - - - - 2 - - 

EVA-2 75*2 - - 25 - - - - - - - 

EP-3 - - 83 17 - - - - - - - 

EP-4 79 - - - 20 - - - - - 1 

EP-5 78 - - - 20 - - - - - 2 

*1: Mass fraction EP includes the weight of curing agent 

*2: EVA used in this sample is different from other EVA samples 

 





Data-driven investigation of FRPCs 

25 

 

Table 3-2 Formulations used for validation tests of ML models (part 2) 

Sample 

label 

Polymer matrix 

(wt-%) 
FR additives (wt-%) 

EP PLA ATH APP PER*1 MOF-1 

M0 71 - 29 - - - 

M1 70 - 29 - - 1 

M2 69 - 29 - - 2 

A0 88 - - 9 3 - 

A1 87 - - 9 3 1 

A2 86 - - 9 3 2 

*1: Intumescent flame retardant (IFR) was mixture of APP with PER in a ratio of 

3:1 in mass fraction. 

3.2. Characterization of FRPCs 

As mentioned above, we take the measured results from CCT and DMA as the 

target properties in our ML models. The cone calorimeter test (CCT) adopted by 

the International Organization of Standardization (ISO 5660-1) collects essential 

characteristics like the heat release rate per unit (HRR) while burning well-

prepared samples. [20,72] The calculation of HRR is based on oxygen consumption 

and illustrated against the time as the HRR curve. [20,73] It provides considerable 

insight into the physical-chemical reactions, transfer of heat and mass, and 

occurrence of possible burning instabilities during combustion This makes the 

HRR curve very sensitive to the experimental environment and specimen 

conditions. The shape, fluctuation and peak positions of curves have certain 

connections to the existence of different FRPCs. [20,20,74,75] 

In CCT, sheet-like samples are placed in a sample holder, usually wrapped in 

aluminium films to avoid the burning remains damaging the device, as shown in 

Fig. 3-2 (a). Under the sample holder is the weighting unit, monitoring the weight 

change in the whole burning period. Before the normal test begins, the calibration 

is necessary to keep the cone calorimeter in good condition. While the normal test, 
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the sample is exposed to certain heat flux produced by the cone heater and ignited 

with a spark ignitor. The TTI is then recorded when obvious fire appears. With the 

combustion going on, the gas exhaust collects the gas to analyser, calculating the 

production of carbon monoxide, carbon dioxide and release of heat. The combustion 

is covered by glass to avoid the external influence.  

The heat released from combustion is an important characteristic to evaluate the 

scale of burning. In the Fig. 3-2(b), a typical HRR curves is shown. From the initial 

of HRR (TTI), to the first local maximum and steadies for a while, then to the global 

maximum (pHRR) and decaying to the extinguishing of fire, HRR develops with 

time, differing in different FRPCs. Although our targe properties, including TTI, 

pHRR and THR can usually be obtained from the tables in publications, there are 

still many missing data in the figures, in which we need to use the Digitalizer in 

Origin to read the values. In this situation, TTI value is no longer the time point 

that the operator sees the fire occurring on the sample surface, but the time when 

HRR reaches certain value, e.g. 25 kW/m2 in our work.  

 

Fig. 3-2 (a) Schema of Cone calorimeter; (b) typical curves from CCT, HRR (kW/m2) and 

THR (MJ/m2) against time (s) 

Except for the single values of TTI, pHRR and THR, the development of HRR, 

namely the whole HRR curve, is also one of our target features to be predicted with 

ML models. As a result, understanding the HRR in CCT is indispensable for 

accurate prediction of HRR development with a limited dataset. Calculation of 

HRR based on oxygen consumption is in accordance with Thornton’s rule: the 

energy released by fire is nearly proportional to the corresponding oxygen 

consumed as equation (1), in which 𝑞̇ is the heat released, 𝑚̇𝑂2
means the oxygen in 

incoming air and output gases, and 𝐸 is the proportionality coefficient. Most fuels 



Data-driven investigation of FRPCs 

27 

 

generate 13.1 kJ of heat on average per gram of oxygen, and this formula is used 

as the theoretical basis of the oxygen consumption calorimeter. [76]  

𝑞̇ = 𝐸 ∙ (𝑚̇𝑂2

𝑖𝑛 − 𝑚̇𝑂2

𝑜𝑢𝑡) = 13.1 ∆𝑚̇𝑂2
                                             (2) 

The change of HRR over time represents not only the combustion stages of samples 

in a given circumstance but also reveals the influence of possible interior processes 

occurring in a burning scene. The compositions, thermal properties and sample 

sizes significantly impact the shape of HRR curve. Many researchers have divided 

the HRR curves into different parts, indicating different burning behaviors or 

mechanisms behind. Still, in general, there are three fundamental phases 

distinguishing the fire behaviors as shown in Fig. 3-3(a) [77,78], except for the 

incipient time before ignition: 

 

Fig. 3-3 Heat release rate (HRR) curves in CCT. (a): 3 main combustion phases of HRR 

over time; (b): key anchor points representing significant features of HRR. 

(i). The initial phase is recognized by the increased composition of flammable 

small-molecule gas produced by pyrolysis in high ventilation. Local temperature 

rising leads to the ignition of sufficient fuels and the sample surface. [79] Usually, 

the parabola (t2 fire [80]) is used to describe the increasing heat release rate. 

(ii). In the second stage, the fire develops. The growing amount of heat released by 

combustion, in turn, raises the temperature and promotes flaming. HRR reveals a 

general trend of fast increase as a joint result of growing fire density and 

continuing ventilation. [81] Neat polymers generally show a single peak of HRR in 

this phase. However, taking the possible flame-retardant (FR) effects into 

consideration, HRR changes may be greatly influenced: strong fire-hindering effect 

shall suppress its growth and make HRR curves low and prolonged in time; FR 
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additives that are not efficient enough can temporally restrain HRR growth, but 

the second peak is still possible.  

(iii). The last stage is the decaying of fire density with HRR decrease, which is 

basically caused by the lack of fuel. In general, the exponential decaying function 

is applied to describe the HRR decrease with the reduction of fuels in this stage. 

Related equations are shown in (3) to (5), in which 𝐻𝑟𝑟 is the heat release rate, 
𝑑𝑊

𝑑𝑡
 

the mass loss of sample, ℎ the equivalent heat capacity of fuels, 
𝑑𝛼

𝑑𝑡
 the conversion 

of fuels from the sample and 𝑘, 𝑘1, 𝑘2  the constant coefficients in fuel-limited 

burning. [82,83]  

𝐻𝑟𝑟 = ℎ
𝑑𝑊

𝑑𝑡
                                                                  (3) 

𝑊" = 𝑘1
𝑑𝛼

𝑑𝑡
= 𝑘2

𝑑𝑊

𝑑𝑡
                                                           (4) 

𝑑𝐻𝑟𝑟

𝑑𝑡
= 𝑘𝐻𝑟𝑟                                                               (5) 

In light of this, we have conducted the simplification of HRR curves by choosing 

five key anchor points to make the prediction of HRR possible, as shown in Fig. 

3-3(b). Each point is featured with specific pairs (𝑡, ℎ𝑟𝑟) with units of s and kW/m2. 

Not all values are listed in public papers. In order to gather data that has high 

confidence and good operability, the start- and endpoints are concluded with HRRs 

equalling 25 and 50 kW/m2 separately. In most cases, polymer composites show 

complex changes in HRR in the second phase due to their FR additives. These 

transitions indicate different FR effects occurring in CCT, as mentioned above. The 

critical point of the transition phase is then established to mark different 

transition trends. The transition point (𝑡𝑡𝑟𝑎𝑛𝑠,  ℎ𝑟𝑟𝑡𝑟𝑎𝑛𝑠)  either locates in the 

inflection point or is calculated as the middle point of (𝑡𝑑𝑒𝑣𝑙𝑝,  ℎ𝑟𝑟𝑑𝑒𝑣𝑙𝑝)  and 

(𝑡𝑑𝑒𝑐𝑎𝑦, ℎ𝑟𝑟𝑑𝑒𝑐𝑎𝑦). These key anchor points are the important strategies to predict 

the HRR curves in the ML modelling, listed in Table 3-3. 

Table 3-3 Five key anchor points to simplify measured HRR curves 

Key anchor point Format Interpretation 

Ignition (𝑡𝑖𝑔𝑛𝑖𝑡, 25) 

Ignition point, sample begins to 

burning when measured HRR 

reaches 25kW/m2. 
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Developing (𝑡𝑑𝑒𝑣𝑙𝑝, ℎ𝑟𝑟𝑑𝑒𝑣𝑙𝑝) 

Developing points, previous parabolic 

burning slows down, new combustion 

phase dominated by HRR or 

ventilation begins. 

Transition (𝑡𝑡𝑟𝑎𝑛𝑠, ℎ𝑟𝑟𝑡𝑟𝑎𝑛𝑠) 

Transition point, HRR changes also 

depending on the FR effect of 

composites composition. 

Decaying (𝑡𝑑𝑒𝑐𝑎𝑦, ℎ𝑟𝑟𝑑𝑒𝑐𝑎𝑦) 
Decaying point, HRR starts to 

decrease due to fuel limitation. 

Afterglow (𝑡𝑎𝑓𝑡𝑒𝑟 , 50) 
Afterglow point, flame faints till 

HRR reaches 50kW/m2. 

 

Another testing result named storage modulus comes from DMA test. This is a 

technique used to measure the dynamic modulus and mechanical loss of a prepared 

sample under programmed temperature controlling and alternating stress, with 

respect to temperature or frequency. Under this periodic stress (usually sinusoidal), 

the samples have the corresponding vibration strains, which are in general delayed 

in phase compared to the given stress. According to the physical law, a complex 

modulus is obtained through the strain (ɛ) and stress (σ), as calculated by equation 

(6). From the complex modulus, two components can be distinguished as storage 

modulus M' and loss modulus M''. Unless the sample is perfectly elastic, there is 

always the loss modulus, which means the viscoelasticity of the sample. 

𝑀∗ =  
𝜎

ɛ
=  

𝐹𝐴
𝐴

𝐿𝐴
𝐿0

=  
𝐹𝐴

𝐿𝐴
 
𝐿0

𝐴
=  

𝐹𝐴

𝐿𝐴
𝑔                                                  (6) 

The FA and LA are the amplitudes of force and displacement of the testing sample; 

A and L0 are the equivalent area and length of the sample, which are combined to 

the geometry factor, differing in different testing modes. There are in total 6 

testing modes illustrated in Fig. 3-4, in which the samples have also varied shapes 

and sizes, and different sample holders are used to fix them. The difference is not 

only in the fixing, but also the calculation of geometry factors varies due to the 

change of geometries of samples. 
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Fig. 3-4 DAM testing modes, in which the brown parts are samples and red for fixtures: 

(a). Shear; (b). Three-point bending; (c). Double cantilevers; (d). Single cantilever; (e). 

Stretch or compress 

3.3. Data preprocessing and feature engineering  

The dataset for statistical modelling was completed by retrieving data from 

publications in recent years and experiments. Each record, much like the 

formulation of the polymer composite, is marked as unique through the 

combination of features containing the information about the type of polymer 

matrix, loading of the FR additives, and operation parameters in both sample 

preparation processes and characterization methods. To begin with, 3 basic 

datasets are produced facing the challenges of building the ML models for different 

FR-systems. Their sources, which are more than 100 references, are listed in the 

annexes. 

A dataset is a two-dimensional collection of data, in which the columns are the 

descriptors or features, and rows are the corresponding values. As detonated 

above, each row refers to a formulation of polymer composites. Through the column 

names and the values in this row, we can easily know what the components in this 

sample are and how this sample be produced and tested to get the target 

properties. For example, the Table 3-1 is a rough dataset, in which we can know 

how the EP-composites are consisting of. The datasets for ML modelling are 

certainly not so simple. They contain not only the name of each chemicals inside 

the composites, but also important, from empirical rules, descriptors that could 

give impact to their CCT or DMA properties, as demonstrated in Fig. 3-5. As we 

used the supervised ML algorithms, the input data should not only have the 

influence factors (the input features) but also the target properties (also target 

features) as the answer to this question. 
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Fig. 3-5 Schematic illustration of the data operation in dataset, including the descriptors 

of formulations (influence factors) and properties to be predicted (target properties) 

3.3.1. Input features in groups 

Since the majority of our dataset for statistical modelling is completed by 

retrieving data from publications, the accessibility, generalizability and usefulness 

of the wanted features are significant. Firstly, we shall make clear that the ML 

models are designed to predict the properties (measured by certain testing 

methods) of polymer composites with certain additives. So, the key points in this 

problem are quite obvious: how are these FRPCs prepared and characterized 

throughout the whole process. Think back, the polymer matrix (pure or mixture 

from plural polymers) and functional additives (usually multiple chemicals that 

have different amounts, types and numbers) are well-mixed through the above-

mentioned methods, then the mixtures are prepared to standard size and shape 

for following characterization. Taking the FR mechanisms into consideration, we 

have marked the dataset with the combination of descriptors containing the 

information about these groups: properties of raw materials, important 

parameters in the sample production and essential parameters of characterization 

methods. 

The raw materials, including the polymer matrix and FR additives, are described 

with their chemical and physical properties. due to the large variety of the 
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polymers and additives, this group is divided into group of polymer matrix (labelled 

as “Polymer_Matrix”), group of functional FR additives (referring to the specific 

additives like MDH, MOF or LDH, labelled as “MH/MOF/LDH_Materials”) and 

group of other additives (labelled as “Main_FR”, because these additives are the 

main chemicals affecting the composites’ FR performance). The parameters during 

the sample preparation and characterization are merged into one group labelled 

as “Other_Parameters” in the modelling. These features are explained in detail as 

follows and listed in Table 3-4: 

1) Properties of polymer matrix (“Polymer_Matrix”): Features related to 

neat polymer are bound to this group, consisting of the density, thermal 

conductivity and decomposition temperatures; results of corresponding 

characterization of neat polymers are also included; in some cases, 

multiple polymers are mixed in the formulation, treated as one polymer 

matrix in the dataset. 

2) Functional FR additives (“MH/MOF/LDH_Materials”): the reason why 

we should take these functional additives separated from other FR 

additives is that these additives have their special functions in the 

polymer composites and usually/sometimes used along in the 

formulation. At the same time, the selection of features of them are quite 

different from that of the next group. For the MH-system, the thermal 

decomposition properties, particle size and loading amount are the main 

features in this group. For the MOF-system, we consider the types of 

metal ions and organic ligands, represented mainly by their atomic 

numbers and molecular weights; MOF’s thermal decomposition 

properties, micro-structures, type of the building units and mass fraction 

are also collected; For LDH-system, the interlayer distances varied due 

to different intercalations are recorded. Also, the types of anions, metals 

in the structures and their loading amount are important. 

3) Other FR additives (“Main_FR” or “Synergists” depending on the FR 

system): in this group, the other FR additives besides MH, MOF and 

LDH are marked with selected features. They can be any kind of 

compounds, chemicals or even inorganic fillers that provide additional 

synergistic functions/main FR effects depending on the formulations. 

The main features in this group include their elemental composition and 

mass fractions. 
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4) Other parameters (“Other_Parameters”): This group focuses on the 

parameters in sample preparation and performance testing that possibly 

have an impact on the composites’ properties. Significant features, e.g., 

the operation temperatures, mixing ways, forming methods and devices 

used in the production of samples, their shapes and sizes in the 

characterization, as well as the methodological parameters in thermo 

gravimetric analysis (TGA), DMA and CCT, are documented.  

Table 3-4 Input features of the dataset 

Polymer matrix Loading of MH 
Synergists besides 

MH/MOF/LDH 

Process 

parameter 

Type of neat 

polymer 
Mass fractions Type of chemicals CCT: Heat flux 

LOI value MOF: Metal type Mass fraction 
CCT: Sample 

thickness 

decomposition 

temperatures in 

TGA (initial, 50% 

and max-weight-

loss) 

MOF: molecular 

weight, elemental 

contents of 

organic ligands 

Contents of 

elements listed 

below: 

processing 

temperature 

while producing 

composites 

Molecular 

structure 

MOF: 

classification of 

MOF types 

Phosphorus Mixing method 

Temp. of melting 

/glass-transition 

MOF: 

decomposition 

temperatures 

Nitrogen Forming method 

Density MH: Metal type Silicon 
Geometry factor 

in DMA 

Storage modulus 

measured by 

DMA 

MH: Equivalent 

content of H2O 

and Oxide 

Boron 
DMA testing 

mode 
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TTI, pHRR and 

THR from CCT 

MH: Particle size 

d50 
Carbon  

 
MH: Enthalpy of 

decomposition 
Oxygen  

 

MH: 

decomposition 

temperatures 

Metals  

 

LDH: types of bi- 

and trivalent 

metals 

  

 

LDH: 

intercalation 

molecules 

  

 
LDH: interlayer 

spacing 
  

 

Although we have selected so many features out as the input data, there are still 

challenges in dealing with the features. It is very difficult, almost impossible, to 

obtain the values of some features, like the molecular structure of neat polymers, 

which are complex properties unable to be described with simple words. It is also 

hard to find the values of describing how big the pores are and what they look like 

in the pore morphology of MOFs. Besides, how to exhibit the dispersion of FR 

additives and compatibility between matrix and additives are difficult, which gives 

serious impact on the performance of polymer composites in turn. In these cases, 

we intended to add some indirect descriptors to compensate for the information 

loss. For example, the particle size of functional additives (MH, MOF and LDH) 

and organic modifications should give additional information about the dispersion 

and compatibility from the experimental experience. The types of metal, the used 

organic ligands and synthesis process usually decide the micro- and macro-

structures of MOFs. Using these features also supports the ML modelling to some 

extent. Based on these ideas, we have finally constructed the data structure of our 

datasets for further analysis. 

In addition to the above features, we also collected the information of FRPCs 

including their decomposition properties from TGA and LOI values, too. These 
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features are not intended to be used in ML modelling predicting the CCT and DMA 

results but used to pre-learn the relationships between the properties of 

composites, supporting the further investigation of FR effect of corresponding 

additives. 

All the feature values are collected from corresponding publications. However, 

there are always values missing in our dataset because not all authors would 

accomplish or publish the data about all raw materials, parameters in 

measurements like the thermal conductivity and density of polymer matrix, 

surface area and pore distribution of MOFs, decomposition properties of MHs, 

intercalation/modification percent of LDHs, the decomposition details of the 

additives and detailed molecular formulas of the chemicals. These data are not 

essential to evaluate their research activities in the articles but may play an 

important role in building elegant models. As a result, there could be many 

vacancies in corresponding columns in our dataset. In general, for those features 

containing vacancies below 20% in the dataset, we attempt to keep these features 

in order to not lose information. To complement these blanks, either the theoretical 

values from other literature or released values from authorities, or mathematical 

averaged values from the whole dataset are inserted into the dataset. However, if 

the features have too many vacancies, we must drop them to keep the dataset clean 

and trustable.  

In addition, another question in the data collection is the reliability of the data. 

There are several situations throwing doubt on the reliability of the data. The first 

case is the reading of graphs. In some papers, the authors have conducted a large 

number of experiments, and thus have numerous tables and figures shown in the 

publication. In general, there are only prat of the samples showing their results in 

the tables due to the limitation of numbers of samples. The results of the rest of 

samples can only be obtained from the figures, which lead to some problems: a). 

The graphs are quite blurry in some parts since the paper was published long ago. 

b). The results in the graphs are not fully displayed, and the required data is not 

included in the ranges. c). The styles of curves in graphs are not suitable for 

precious reading of values, the markers in the curves are too dense and big, and 

curves overlap with each other, making it too difficult to read the values. Another 

situation that leads to a trust issue is the abnormal descriptions in the paper. 

Researchers who have been working in a particular field for a long time often 

develop fairly accurate experience in judging the performance of products. In the 
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comparison of different articles, for the similar formulation, some authors have 

reported the results that are unusually low. The reduction in pHRR of their 

polymer composites can reach over 60% even with relatively small amounts of FR 

additives. Also, there are sometime inconsistent descriptions in figures or results 

and discussion parts of the paper, making the results doubtful. These records are 

marked in our dataset, which would be distinguished whether to keep or drop in 

the following modelling part. 

3.3.2. Target properties of FRPC 

The to-be-predicted target properties of FRPCs in this work come from the results 

of CCT and DMA, more exactly, the four properties: TTI (s), pHRR (kW/m2), THR 

(MJ/m2) and storage modulus (GPa). These features are numerical values and 

labelled for all formulations in the dataset. In some cases, these numerical values 

would be converted to categories for classification.  

Different FR-systems have slight variations due to the time scale and research 

progress. For the FRPC with MH-system, the target features include TTI, pHRR, 

THR and a researcher-defined index named flame retardant index (FRI). FRI is 

actually a combined number of the three important values calculated with 

equation (7). The target features of ML models in MOF-system are the above-

mentioned four characteristics. For LSH-system, there are only TTI, pHRR and 

THR as the targets. Except for the prediction of single property of FRPC, we also 

constructed models to predict the whole HRR curves to comprehend and confirm 

the ability and limitation of ML models, which is illustrated in following section in 

detail. 

𝐹𝑅𝐼 =
[𝑇𝐻𝑅×

𝑝𝐻𝑅𝑅

𝑇𝑇𝐼
]

𝑝𝑜𝑙𝑦𝑚𝑒𝑟_𝑚𝑎𝑡𝑟𝑖𝑥

[𝑇𝐻𝑅×
𝑝𝐻𝑅𝑅

𝑇𝑇𝐼
]

𝑐𝑜𝑚𝑝𝑜𝑠𝑖𝑡𝑒

                                    (7) 

Table 3-5 Conversion of numerical values to categories in the dataset of MH-system  

Target 

property 

pHRR → D-

pHRR 
TTI → Lv-TTI 

THR → D-

THR → Lv-

THR 

FRI → Lv-FRI 

Level/Ratio 
Composite / 

Neat polymer 
10 (s) 

Composite / 

Neat 

polymer; 

0.1 
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Example 1 
Values of D-

pHRR 

obtained by 

the ratio 

between 

composites’ 

pHRR and 

that of neat 

polymer 

< 20 
(Lv) 

0 
D-THR same 

as D-pHRR, 

but levelled 

as Lv-TTI 

with a level of  

0.1 

0 – 0.1 (Lv) 1 

Example 2 100 - 110 
(Lv) 

9 

0.4 – 

0.5 
(Lv) 5 

Example 3 > 200 
(Lv) 

19 
> 1 

(Lv) 

11 

 

In addition to the original values of composites’ properties, the target features also 

contain the ratios of normalized, matrix-independent values obtained by dividing 

the composites’ properties by the corresponding values of neat polymers. Through 

this transformation of values, we can reveal the changing of properties caused by 

the hybrid with FR additives, representing the influence of FR additives 

separately. These target features are marked with “D-” or “_d” like “D-pHRR” in 

MH-system and “TTI_d” in MOF-system. In addition, all these numerical values 

of target features are also categorized into distinct classes to enhance the 

performance of predictive models. These categorical features are then marked with 

“Lv-” or “c”, e.g. “Lv-TTI” and “TTI_dc”. All four target properties were classified 

in several categories, decided by their value ranges. The difference between the 

neighbored categories represents a numerical difference typically around 10%. 

This conversion is on the grounds of the fact that the measuring errors are 

inevitable in practice. On the one hand, categorization with a relatively less 

interval could minimize the noise of data reducing the influence of measuring 

errors; [84–86] on the other hand, we are able to achieve better predictive 

performance of machine learning models on categories than that on numeric 

values. Under the limitation of size of dataset, using classifiers to replace 

regressors has the potential to improve the predictive accuracy of our target 

features. Different ML systems have different conversion strategies. In Table 3-5 

are the transformation in MH-system, and Table 3-6 are the results of MOF- and 

LDH-systems. 

Table 3-6 Conversion of numerical values to categories in the datasets of MOF- and 

LDH-system 
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Target Categories 

Modulus_dc < 1.00 
1.00-

1.15 

1.15-

1.35 

1.35-

1.70 
>1.70 - - - 

TTI_dc < 0.70 
0.70-

0.80 

0.80-

0.90 

0.90-

1.00 

1.00-

1.10 

1..10-

1.20 

1.20-

1.30 
>1.30 

pHRR_dc <0.30 
0.30-

0.40 

0.40-

0.50 

0.50-

0.60 

0.60-

0.70 

0.70-

0.80 

0.80-

0.90 
>0.90 

THR_dc <0.60 
0.60-

0.70 

0.70-

0.80 

0.80-

0.90 

0.90-

1.00 
>1.00 - - 

 

3.3.3. Data pre-processing 

Before being put into use, the dataset must be cleaned and processed to be in accord 

with the requirements of ML: the dataset must be filled with full numbers for 

machine recognition. For the missing values, we would use the mean values to fill 

the vacancies as mentioned above. Some features have categorical values, like the 

metal types of Cu, Co, Ni, Fr etc., or modification of “Yes” or “No”. These features 

should be converted to numbers before training the models. The normal way is to 

encode them into numerical information. Typically, there are two encoding 

methods: label encoding and one-hot encoding. Both encoding methods have their 

own advantages and disadvantages.  

As shown in Fig. 3-6, the label encoding changes all the categories into numbers 

sorted from 0 directly. It is simple and quick, does not increase the number of 

features at the same time. But this simple conversion to sorted numbers will bring 

new information into the feature: a magnitude relationship has been added into 

the original values of “Zr”, “Co” and “Cu” due to the fact that 2>1>0. Since the data-

driven approach aims to explore the relationships between all kinds of data, this 

supererogatory information could lead to decreased performance of ML models. In 

contrast, the one-hot encoding looks similar to binary coding that changing “Zr” to 

“1000” and “Co” to “0100”. This conversion does not give extra information to the 

dataset and allows for the clear visualization of the features’ values. However, 

through the figure we can see that the number of features has increased from one 

feature to the number of categories in this feature. Usually, adding the number of 

features in a dataset is able to improve the model performance. But with increased 
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complexity of the models, problems like overfitting, less accurate in unseen data 

or non-convergent calculations, will also happen. As a result, the feature 

engineering is not a simple work done only once but will be further optimized with 

the modelling process. 

  

Fig. 3-6 Encoding of categorical features: label encoding (left) and one-hot encoding 

(right) 

Except for the encoding of categorical features, the standardization of dataset is 

also important. In ML, data standardization is commonly required for many ML 

algorithms before training. In practice our dataset has normally features with 

values in different ranges. For example, the values of feature “density of polymer” 

concentrate around 0.9 to 1.5, but another feature “molecular weight” can vary 

from 600 to 300000. Since some models have very high sensitivity to numbers, the 

former feature with such small range may be ignored in the training and building 

of models. To avoid this, the standardization if necessary and many ML methods 

benefit from it. In our work, we standardize the data using the tool from scikit-

learn, named Min-Max-Scaler. Its function is to set the minimums and maximus 

of all features to 0 and 1, respectively, and then scale the intermediate values 

accordingly. Thus, all data in this dataset have the same range. [87] 

In addition to the data pre-processing methos mentioned above, there are other 

modifications required. K-means clustering is used to distinguish the outliers, 

which are statistically different to other data points. [88] The k-means algorithm 

is a clustering method measuring the Euclidean distances between sample points 

and clustering centroids in data space. Using the KMeans-tool from scikit-learn, 

the points far away from the cluster centroid are considered outliers, which should 

be used with discretion in model development. [89] Meanwhile, we conducted the 

Synthetic Minority Over-Sampling Technique (SMOTE) to expand the size of the 
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dataset for predicting categorical target properties to achieve better performance. 

SMOTE works by creating new samples based on several of the nearest examples 

in the feature space. The synthetic samples in the minority class help to balance 

the class distribution.  

3.4. Assessment of ML models 

Normally, we import the dataset that contains the input features and target 

property, into a pre-defined model implemented from the scikit-learn library, train 

the model with specific settings and obtain the optimized hyperparameters. Then 

we have the ML model constructed based on the corresponding dataset, predicting 

the individual property TTI, pHRR or THR specifically. However, models can be 

combined to get better performance, especially when the performance of single 

model is not satisfied. In this work, many algorithms have been used to build the 

ML models, but not all of them achieve good performance. On one side, models like 

linear regression and decision tree are too simple to undertake the task; on the 

other side, deep learning methods like multi-layer perceptron (MLP) and neural 

network often struggle to converge, or even if it does, the results are still not 

promising. Therefore, the commonly used models are built with RF, SVM and their 

linear combinations in our work. 

The random forest algorithm, as shown in Fig. 1-6 (a), is an ensemble composed of 

a big collection of decision trees that are randomly grown up from the input 

dataset. In this forest, each decision tree acts as an individual estimator that 

makes classifications or predictions based on different features in the dataset. The 

word “random” in RF represents the key point in the growth of trees: the 

randomness is introduced not only in the division of sub-dataset (the data points) 

provided to the tree-growth, but also in the selection of features, which decides the 

shape and size of a single tree. This helps the RF model avoid the problem of 

overfitting, which usually happens to a complex model working only for the specific 

data and reduces the generalization ability on unseen data. 

Controlled by the hyperparameters, the forest has varied number (from 100 to 

2000 or more) of decision trees. As the forest grows larger, the model becomes more 

complex, and the time required for training also increases. Generally, a larger 

forest leads to better predictive performance. However, an overly complex model 

would reduce its robustness and weaken its generalization ability. In addition to 

the number of trees, the structure of each tree is controlled by hyperparameters. 
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Each tree begins by a splitting at the root node (a randomly selected feature), then 

continues along the trunk to the next node (another feature), branching out as it 

grows. Whether a split occurs at a particular node depends on the number of data 

points at that node or whether the tree has reached the size limit set by the 

hyperparameter. The best split is found through an exhaustive search of all 

features available to the tree (either all features of the input data or a random 

subset defined by the hyperparameters). When making predictions with RF model, 

each tree gives its own probabilistic prediction on all categories. The final output 

is determined by "averaging" where the result marked with the highest averaged 

probability is the one the model outputs. 

In Fig. 1-6 (b), SVM model constructs a hyperplane, which is the best possible 

boundary between the data points of different classes. The goal of SVM model is to 

find out this widest possible gap (or margin) to separate different categories of 

data. The data points that are closest to this boundary are called support vectors. 

They are crucial because they help define where the hyperplane should be placed 

in the data space. However, for non-linear data, a mathematical technique called 

the kernel trick is used to allow the transformation of the data into a higher-

dimensional space, in which a hyperplane can effectively separate the data points. 

In other words, a two-dimensional data point (xi, yi) is transformed into a higher 

dimension (xi, yi, fi) using a kernel function f((xi, yi)). Consequently, a hyperplane 

that cannot be found in the two-dimensional space can be identified in higher 

dimension (ranging from three to infinite dimensions, depending on the kernel 

function used).  

In the modelling process, the input dataset is randomly split into training and test 

sets, corresponding to p and 100%-p, respectively. p could be 80% or 85% depending 

on the size of the dataset. The training set is used to confirm the models’ structure 

and optimize the hyperparameters with a k-fold cross validation, followed by the 

immediate evaluation of predictive performance with the test set. The k is 5 in our 

work, meaning that the training set is divided into 5 parts and each optimization 

process takes 4 of them, leaving 1 out for validation. This process is repeated 5 

times and final results come from the average of all 5 validations. The train-test 

split was repeated 100 times randomly to avoid the occasionality, which is usually 

reflected by the strong up-and-down fluctuations in the determination coefficients 

R2. Different estimators have usually different parameters. Taking RF-model 

predicting the target propertied of FRPCs in MH-system as example, the 
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important parameters are listed in Table 3-7. These parameters control the size of 

“forest” and the growth of all the trees. After optimization of hyperparameters, 

they will be filled into the models. Models with optimized parameters are then 

trained with training sets and the test sets are used to evaluate the predictive 

performance in-situ. 

Table 3-7 Best combination of hyper-parameters through grid-searching with 5-fold 

cross-validation 

Hyperparameter 
Model for D-

pHRR 

Model for 

Lv-TTI 

Model for 

Lv-THR 

Model for 

Lv-FRI 

n_estimators 500 100 100 500 

ccp_alpha 0 0 0 0.005 

max_depth 50 30 30 30 

max_features None None Sqrt Sqrt 

criterion absolute_error Gini Gini Gini 

min_samples_split 5 2 2 2 

min_impurity_decrease - 0 0 0 

 

Except for the individual properties, the development of HRR is also one of our 

aims. Instead of predicting the entire curve, properties from five key points are to 

be predicted as the target features shown in Fig. 3-3 (b). We chose to employ the 

Random Forest Classifier (RFC) in our work for several reasons. We use classifier 

instead of regressor to make predictions of the above-mentioned properties. The 

main reason lies in the fact that HRR values contain certain errors. As described 

in the last section, HRR is not directly measurable. The curves concluded from cone 

tests show clear distinctions in different measurements. [90] These uncertainties 

come from fuel composition, environmental conditions and instrument accuracy 

[91], and vary with different flame sizes from 5% to 20% [92,93]. Empirically, we 

take the assumption of a 10% error in the cone test. In MH-loaded composites, the 

endothermic reactions of hydroxide decomposition also produce considerable errors 

to some degree. [94]  

In this ML framework to predict HRR curves, 9 different models based on RFC are 

built. The overall structure of models is illustrated in Fig. 3-7. Model #x is designed 

to predict the target property listed on the right end. The chained models, i.e., 
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model #2 take not only the collected dataset but also the predictive results of model 

#1 (t_ignit) as input. The green lines indicate this extra input for models #2 to #5 

and #7 to #8. By collecting the results from Model #1 to #8, we can get the 

coordinates of all 5 anchor points, which are transformed back to HRR curves as 

described in section 0. 

 

Fig. 3-7 Structure of Random Forest Algorithm (a) and the chained machine learning 

framework in this work (b). 

To optimize model accuracy and avoid fitting effects, the most relevant features 

were selected via the Recursive Feature Elimination (RFE) integrated with the RF 

algorithm. A 5-fold cross-validation (CV) was applied simultaneously to achieve 

better performance. RFE is a type of backward elimination method that removes 

the least important features iteratively to find the optimal number and 

combination of features. 
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3.5. Evaluation and explanation of ML models 

In our work, the coefficient of determination (R2), Mean Absolute Error (MAE), 

and Root Mean Square Error (RMSE) are applied to evaluate the predictive 

accuracy. The individual indices are defined according to the following equations: 

𝑅2 = 1 −
∑(𝑦𝑖−𝑦̂𝑖)2

∑(𝑦𝑖−𝑦̅𝑖)2                                                             (8) 

𝑀𝐴𝐸 =
1

𝑚
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑚
𝑖                                                          (9) 

𝑅𝑀𝑆𝐸 = √
1

𝑚
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑚
𝑖                                                   (10) 

Where 𝑦𝑖  represents the prediction of 𝑖𝑡ℎ  sample, 𝑦̂𝑖  indicates the corresponding 

real value, and 𝑦̅𝑖 represents the mean value. 𝑚 is the number of samples. The R2 

value reveals the accuracy of the predictions, and the other two indices represent 

the margin of error.  

Furthermore, we have presented the confusion matrix, the precision-recall curves 

(receiver operating characteristic curve, short as ROC) and the area under curve 

(AUC) to evaluate the predictive accuracy of classifiers. The confusion matrix 

compares the classification results with the real measurements, visualizing the 

precision of predictions. Each column in the confusion matrix represents a 

prediction class, and the total number in this column indicates the number of data 

instances predicted to belong to this class. Each row represents the actual class of 

the data, and the total number in each row is the number of data points that are 

measured to this class. The values within each column represent the number of 

actual samples that are predicted to the prediction class. In Fig. 3-8 is an example 

of multi-class problem with 60 data points, in which the predicted classes 

“Category A”, “Category B” and “Category C” have 20 predictions, respectively. The 

confusion matrix of the classification results is shown to the left, indicating that 

16, 19, and 12 samples are correctly assigned to their respective classes. 

Meanwhile, there are 6 samples that belong to “Category A” misclassified to 

“Category C”. Instead of numbers, using grey-scale images to represent the 

predictive accuracy is exhibited to the right in Fig. 3-8. The whiteness of the blocks 

indicates the number of misclassifications of the estimators. 
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Fig. 3-8 Confusion matrix of a multi-class classification 

The explanation of ML models is performed on the basis of the datasets and ML 

algorithms. Tree-based models (RF models) provide an integrated tool to calculate 

the feature importance with respect to the whole model. This feature importance 

refers to the impurity-based values of this feature in all the nodes of all trees. The 

calculation of impurity based on the Gini index from equation (11), in which pi is 

the proportion of samples of i-th class in the total number of sample within this 

node, and K is the number of classes. The more frequent this feature is used in the 

decision trees and higher influence on the change of Gini index, the more 

importance is this feature in the RF model. 

𝐺𝑖𝑛𝑖 = 1 −  ∑ 𝑝𝑖
2𝐾

𝑖=1                                                  (11) 

For kernel-based models (SVM models), we use the SHapley Additive exPlanations 

(SHAP) to interpret the outputs. This tool derived from the cooperative game 

theory attribute the output to the contribution (i.e. the shapely value) of each 

feature, representing its influence on prediction of target classes. [49] SHAP is an 

additive feature attribution method, in which the SHAP value of a feature is 

obtained by the weighted average of its marginal contributions of the predictions’ 

change across all subsets of the feature values. In simple terms, for a given feature, 

the SHAP value represents how much the prediction of a sample changes when we 

alter the value of this feature. By aggregating these changes, we obtain the final 

SHAP value for the feature. Due to the limitations of its mathematical realization, 

the computation of SHAP values is highly resource-intensive and time-consuming. 

Generally, approximate methods are used to reduce the computation time and 

improve calculation efficiency. In this work, we employ the kernel SHAP for this 

purpose. 

The SHAP value provides a consistent and global framework for the interpretation 

of ML models. The beeswarm plot in Fig. 3-9 (a) exhibits an example of ranked 

features in pHRR(SVM)-model. It’s a clear visualization of the distribution of the 
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data points and significance across multiple features. As in part (b), the dots 

distribute horizontally, coloured with red for high and blue for low feature values. 

The positions of these dots along X-axis refer to their SHAP values, with the middle 

boundary of zero. Dots distributed to the left or right demonstrate the negative or 

positive influence on the target property. Through the clustering of sample points, 

a conclusion can be drawn that the target property will decrease with higher values 

of the feature “LDH_OrgMod”. In this case, it means the organic modification of 

LDHs enhance the reduction of pHRR of FRPCs. This conclusion is based on the 

successfully built SVM model, which depends more on the dataset we have 

retrieved from the literature. With the distribution of SHAP values of all necessary 

features, we can not only know if the features are significant, but also understand 

how the features influence the to be predicted target features.  

 

Fig. 3-9 Plot of SHAP values of a model and its explanation of sample points 

 

4. Results and discussion 

4.1. ML models for FRPCs in MH-system 

As the first ML models, the MH-system has the advantage of simple FR 

mechanisms. Normally the FR performance of FRPCs is proportional to the mass 

fractions of MH in the formulations. This is convinced from the relationship 

between the loading of MH and CCT results in the collected dataset. Also, this is 

concluded through the feature important analysis of the models.   
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4.1.1. Influence of MH-addition into FRPCs 

The generated dataset consisting of 219 records was used as input in our ML 

approach. Each formulation was unique due to the combination of the polymer 

matrix, FR additives, and processing parameters. From the graphic illustration in 

Fig. 4-2(a), decreasing “D-pHRR” with increasing amount of FR additives was 

found, corroborating the empirical rules. Interestingly, with increasing the FR 

loading over 50 wt%, the “D-pHRR” value is estimated to be significantly lower. It 

should also be noted that the high amount of FR additives significantly enhances 

the TTI of the polymers from Fig. 4-2(b). Similar decreasing trends in D-THR and 

FRI in Fig. 4-2(c) and (d) are observed as the behaviour of D-pHRR. However, high 

filling of inorganic compounds (such as metal hydroxides) lowers the content of 

flammable polymers as well as provides a cooling function additionally and thereby 

effectively reduces heat generation [95]. 
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Fig. 4-1 Spearman’s correlation map of MH-dataset 

This is also observed in the heatmap illustrating the Spearman’s correlation 

between all features in MH-dataset shown in Fig. 4-1. The deeper the colour is, the 

stronger the correlation between the two features is. Blue and red indicates the 

dependence is positive or negative. For the modelling, a combination of features 

that are independent to each other is necessary. In the row of “MH_Mass”, the total 

mass fraction of FR additives, char of polymer composites, pHRR and FPI have all 

coloured relationships, meaning they are strongly influenced by the mass fraction 

of MH in polymer composites. Other areas that contain the strongly related 

features are the features of MFRs (representing the other FR additives except for 

MH) in the middle and properties of polymer composites themselves at the bottom 

right. The feature “MFR_Hybrid” is totally white is due to this reason: all the FR 

additives are physically mixed so that the values of this feature are 0. Although 

MHs as the key FR components are effective to prolong the TTI and lower the D-

pHRR, D-THR and FRI, the influence of other factors including synergists and 

polymer matrix cannot be ignored. Furthermore, no distinct correlation is observed 

between the CCT characteristics and the other affecting parameters in the input 

dataset. Despite the fact that these additional affecting parameters have a certain 

impact on the combustion process of polymer composites, however, their effects are 

not as significant as the effect of MHs. 

4.1.2. Statistical ML models of fire properties 

To evaluate the accuracy of RF models, three common used statistical indices (R2, 

MAE and RMSE) [96] are calculated in Table 4-1. The R2 scores meet the 

requirement for precise predictions in test sets: R2 values of 0.81 for prediction of 

“D-pHRR” and over 0.85 were achieved for classification of “Lv-TTI”, “Lv-THR” and 

“Lv-FRI”, respectively. The MAE and RMSE in test sets for all target properties 

were comparable, relatively small. Such high R2 values indicate that the models 

match well with the MH-system. Although the R2 in test sets are lower than that 

of training sets, the models have still promised predictive accuracy. 

Table 4-1 Model indices in training and test sets in predicting D-pHRR, Lv-TTI, Lv-THR 

and Lv-FRI 

Indices 

D-pHRR Lv-TTI Lv-THR Lv-FRI 

training 

set 

test 

set 

training 

set 

test 

set 

training 

set 

test 

set 

training 

set 

test 

set 
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R2 0.97 0.81 1.0 0.9 1.0 0.84 0.99 0.88 

MAE 0.02 0.06 0 0.3 0 0.16 0.02 0.14 

RMSE 0.04 0.09 0 1.43 0 0.4 0.16 0.42 

 

Except for the above indices, another direct judgement of accuracy is the Fig. 4-2(e) 

to (h), in which the predictions are plotted against truly measured values. Blue 

dots stand for samples in training sets and red stars are from test sets. Because 

the “Lv-TTI”, “Lv-THR” and “Lv-FRI” are integral, categorical values, the dots in 

these models locate in fixed positions. We can see the distribution of discrete values 

in the model predicting “D-pHRR”. The green lines in the diagonal direction are to 

indicate the equality of predictions and measurements. The closer the data points 

are located to the green line, the closer the predicted values are compared to the 

actual values, indicating more accurate predictions made by the models. In all the 

plots, blue points of training sets are distributed along the green lines closely, 

indicating the high equivalence between measured and predicted values. Red 

marks in testsets spread themselves along the diagonal line but with relatively 

wider range than the blue dots. Some red stars can be noticed located far away 

from the green line which are unseen/untrained formulations to the models that 

lead to high error in predictions. For example, Fig. 4-2(e), 2 samples in testset (22 

wt-% synergist without MH and 1.8 wt-% MH with 7 wt-% synergist) locate to the 

left side due to these rare combinations. These “outliers” can be classified as the 

minorities in the dataset. [37] Most of the points distribute not far away from the 

diagonal lines, demonstrating the high predictive accuracy as the high R2 in test 

sets.  

In addition, we prepared the validation samples to evaluate the predictive 

performance of our models. The red bars in histograms in Fig. 4-2(i) to (l) stand for 

the measured values into the same format as target properties, and the blue bars 

are the predictions made by our assembled models correspondingly. In summary, 

the predictions match the measurements well. Higher accuracy is found in 

predicting “D-pHRR”, “Lv-THR” and “Lv-FRI”, where their MAE values remain as 

low as 0.06, 0.16 and 0.24, respectively. The model for “Lv-TTI” showed inferior 

performance for some samples, the predicted TTI values are much different from 

the experimentally measured values. In EVA01 and EVA02 samples, unseen 

synergists were introduced with varied ratios, which strongly influenced the 
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ignition properties. Bad performance on HDPE01 sample is attributed to the 

minority of data featured with HDPE as polymer matrix. Even so, the predictions 

and measured values are still comparable in most cases. This indicates that the 

models can be promoted by feeding rare formulations to compensate the 

inhomogeneity of dataset. 

The prime reason for the overfitting can be attributed to the construction of the 

input dataset. Since most data come from research with high MH-loading to 

achieve good performance, and published results have commonly similar 

formulations. Consequently, the predictive performance of such models is inferior 

for low MHs loading and rare composites. However, the disadvantages during the 

data collection cannot be ignored. Due to a lack of comprehensive databases on FR 

polymer composites, our input dataset is constrained in size and feature structure. 

The information that was retrieved is selective and unable to account for every 

conceivable type of additive and process. On the other hand, certain errors in 

characterization are inevitable due to the differences in device conditions, 

operation skills, and the standard of experimental instruments in labs. 

4.1.3. Important MH-properties and effective parameters 

RF algorithmic framework allows to calculate importance of every feature based 

on information gain, aiming to investigate its significance in deciding target 

properties in our predictive models. All features are coloured into 4 parent groups 

explained in methodology part.  

Unsurprisingly, all target properties are significantly affected by the mass fraction 

of MH shown in Fig. 4-3. The mass fraction of MH in the polymer composites has 

the importance of 0.14 to 0.35 in all models, taking the first place in the ranking of 

input features. The difference is that MH mass nearly dominates in deciding “D-

pHRR”: MH related features (sum of “MH_Mass”, “MH_Size” and “MH_E-dec”) 

take 57% feature importance in total. Other features do not have such influence on 

“D-pHRR” like MH does. In other 3 models, features referring to polymer matrix, 

synergists and processing parameter still have significate impact. In “Lv-TTI” 

model, the mass fraction of additional FR additives “Syn_Mass” has the 

importance of 0.10, taking the third place. The heat flux of CCT follows with 0.08 

importance. However, in the model predicting “Lv-THR”, the influence of polymer 

matrix is more important: “Mat_TTI” is ranked in the second place with 0.10 

importance, and “Mat_pHRR” takes the fourth place. The purple bars representing 
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the “Polymer_Matrix” feature group locate themselves more or less at the forefront. 

Besides, the highest temperature in the sample preparation process is also 

essential to the THR of polymer composites, in which “PP_Tsyn” has an importance 

0.08. The ranking of features in model predicting “Lv-FRI” looks similar to that of 

the “D-pHRR” model, combining the significant features from “Lv-TTI” and “Lv-

THR” models. In a whole, the influence of features in deciding “Lv-TTI” and “Lv-

THR” is more multi-dimensional. In contrast, the loading amount of MH in FRPCs 

has determined the “D-pHRR” and “Lv-FRI” significantly. The size of feature 

structure increases with higher complexity of target properties: compared to Lv-

TTI and D-pHRR, more features are needed to improve the accuracy in predicting 

Lv-THR and Lv-FRI. This indicates that the features in the figure do not cover all 

the influence factors that give impact on “Lv-THR” or “Lv-FRI”. More information 

is needed to improve the predictive performance of these models. 
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Fig. 4-2 Presentation of dataset and modelling results: Distribution of TTI (a), D-pHRR (b), D-THR (c) and FRI (d) with respect to the 

mass fraction of flame-retardant additives; different colours stand for different polymer matrixes in the dataset. The size of the dots 

represents the mass fraction of flame-retardant additives; Predictions versus measurements for Lv-TTI (e), D-pHRR (f), Lv-THR (g) 

and Lv-FRI (h); Validation in bar plot for Lv-TTI (i), D-pHRR (j), Lv-THR (k) and Lv-FRI (l)



Data-driven investigation of FRPCs 

53 

 

 

Fig. 4-3 Importance of all features selected to build the random forest models predicting 

Lv-TTI (a), D-pHRR (b), Lv-THR (c) and Lv-FRI (d); Coloured legends illustrate the 

parent groups of each feature 

4.1.4. Virtual dataset-based multi-objective optimization 

To find the optimized formulations for flame retardant polymer composites, virtual 

datasets featured with the same structures from the original input dataset were 

generated computationally, in which values were automatically varied in 
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corresponding ranges (4 grades of 0, 0.33, 0.67, and 1). Due to the limitation of 

computer performance, the virtual dataset was only imported into the constructed 

models to predict their D-pHRR and Lv-TTI. Points with D-pHRR < 0.4 and Lv-

TTI > 8 are classified into high-performance samples as shown in equation (3). 

𝑦𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 =  {
ℎ𝑖𝑔ℎ     𝐷−𝑝𝐻𝑅𝑅<0.4

   𝐿𝑣−𝑇𝑇𝐼>8 

𝑙𝑜𝑤    𝐷−𝑝𝐻𝑅𝑅≥0.4
   𝐿𝑣−𝑇𝑇𝐼≤8

                                                  (3) 

As presented in Fig. 4-4, Y-axis represents the value range of each feature in the 

original dataset after label encoding. Each column depicts the individual 

histograms of feature listed below. Bars in red and blue with different lengths 

indicate the number of screened formulations with correspondingly low- and high-

performance. 

 

 Fig. 4-4 Histograms of values distribution of each important feature, red bars refer to 

low-performance points and blue bars are high-performance ones; Green segments 

represent the recommended composition of polymer composites with high performance. 

To achieve high performance, the suggested formulation should correspond to the 

values where the blue bars are relatively long. Along the green line, a large amount 

of MHs with moderate particle size and high enthalpy of decomposition is 

preferred. [97] The mass fraction of synergist should be low. The content (atomic 

percentage) of carbon, nitrogen and oxygen in the synergists should be as much as 

low, while silicon content is required to be high. Last but not the least, the process 

temperature required to prepare the samples should preferably be low.  

The recommended formulation is constructed according to our models. 

Consequently, restrictions related to our input dataset exist. For example, the 
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requirement for high content of Si is partially attributed to the fact that all the Si-

containing formulations in the dataset contain high mass fractions of MHs too, 

resulting in lower pHRR and longer TTI. Such data combination emphasizes a 

monotonic relationship between the atomic percentage of Si present in the samples 

and the target features. However, silicon additives have certainly a synergetic 

effect together with MHs, especially in the condensed phase to facilitate char 

formation [98]. 

4.2. ML models for FRPCs in MOF-system 

4.2.1. FR effect of MOF and synergists 

In the retrieved dataset, formulations of different polymer composites, processing 

parameters and the measured properties are listed in detail, containing the results 

from 59 recent papers and past experiments. Among all polymer matrices, the 

thermoset epoxy (EP) is in the majority with 53%, and thermoplastic ethylene-

vinyl acetate (EVA) follows. Other polymers, including polylactic acid (PLA), 

polyamide 6 (PA6), polyurethane (PU) etc., also appear in the dataset. Over 25 

kinds of MOFs are applied in the collected papers, with a mass fraction of lower 

than 10 wt-% in general. These MOFs include the common types like UIO-66, ZIF-

8 or HKUST-1, and also self-synthesised MOFs. Such self-produced MOF generally 

reference the original synthesis procedures of famous MOFs but undergo partial 

optimization about the dwell time and temperatures. They utilize different metal 

atoms or organic ligands, which are either purchased from the market or 

synthesized by the researchers themselves, featuring with the molecular 

structures or functional groups that they require for the experiments.  Besides, the 

MOFs are supposed to collaborate with other FR additives to enhance the fire and 

mechanical performances of polymer composites. Those other FR additives usually 

contain effective FR elements like phosphorus and varies from commercial 

products to self-synthesized or modified chemicals. This behaviour is very 

unfriendly to feature extraction and can even lead to the absence of a large number 

of values for certain features.  
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Fig. 4-5 Pairwise plotting of significant features against the target properties of polymer 

composite: Mass fraction of MOFs or/and other flame-retardant additives as the x-axis; 

with coloured dots representing the group of metal in MOF 

Pairwise scatter diagrams are made through the collected data in Fig. 4-5 and Fig. 

4-6, to see if there is similar trend as the MH-system. The data points are coloured 

from blue to red, representing the group of metal atoms in MOF within the periodic 

table of elements. Unlike the clear influence of loading amount of inorganic fillers 

like metal hydroxide [99], although there is approximately a trend of decreasing 

pHRR and THR with the addition of more additives, it is still difficult to conclude 

the correlation between MOF/MFR mass and target properties of polymer 

composites. The metal types in MOF also show less obvious influence on the fire 

and mechanical properties. Meanwhile, it is obvious that the loading of FR 

additives in this MOF-system concentrates generally in the small range in Fig. 4-5. 

The mass fraction below 10 wt-% is the choice of most researchers.  

In contrast, the composites’ properties exhibit a well-marked semi-proportional 

relationship to that of polymer matrix in Fig. 4-6, as the dotted lines in diagonal 

scatters indicating the equivalent values. As the polymer matrix lays the 

foundation of corresponding composite, such high correlations are apparent to be 

found. The division of target properties allows us to evaluate the effectiveness of 
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composite formulations better. In addition, the distribution of data points along 

the trend lines indicates the inhomogeneity of data in our dataset. Since all 

formulations are designed to improve the flame-retardant performance of 

composites, the samples appear to cluster together and shift into same direction 

(decreasing or increasing the target values), which is especially found in the pHRR- 

and THR-graphs. 

 

Fig. 4-6 Pairwise plotting showing the relationships between the properties of polymer 

composites and neat polymers; with coloured dots representing the group of metal in 

MOF 

Seen from the statistical data, it is not only one or two key features that give impact 

on the target properties of MOF-loaded polymer composites. Over thirty features 

have been included in our dataset to build the model. Except for the values of 

matrix, it is vitally significant and essential to select proper combination of 

features containing the information required for constructing the model. In 

general, initial selection of descriptors originates from the reaction mechanisms of 

these additives in polymer composite. Subsequently, the availability of feature 

values should be considered since we use the publications as our data source. 

Additionally, calculation of the correlation coefficients between the input features 

is also important in feature engineering. The Fig. 4-7 highlights the heat map of 

the Spearman’ correlation between every two features, in which the lighter 
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coloured pairs stand for lower independence between corresponding features. The 

high correlated features usually focus on the same feature group, forming the 

clouded areas in the map. The “Moudlus” of polymer composites seems to have a 

blue correlation with the “MOF_Class”, this relationship is an evidence to the 

influence of MOFs on the mechanical properties of FRPCs, which is also confirmed 

in the ML models. However, the columns that are the target properties to the right 

side of graph are all in white colours, approximately, supporting the conclusions 

obtained above. Although there are high correlations between the features 

describing MOF property and other flame-retardant additives, the whole dataset 

still fits the purpose of modelling.  

 

Fig. 4-7 Spearman’s correlation coefficients between input features, the lighter the colour 

is, the weaker the correlation is. 
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4.2.2. Mechanical and fire-properties of MOF-loaded FRPCs 

As mentioned above, 3 different algorithms were applied in building models that 

predict the following target properties: “Modulus_dc”, “TTI_dc”, “pHRR_dc” and 

“THR_dc”. The coefficient of determination (R2) and mean errors are listed in 

Table 4-2. All the models present satisfied accuracy in train sets, with the R2 over 

0.87. However, predictions made in testsets are less accurate. In different models, 

R2 in test sets varies from 0.75 in Modulus(RF) to 0.84 in THR(AVG). The worst 

models are those predicting pHRR of FRPCs. Although the models built with single 

algorithm have very low R2 below 0.70, the pHRR(AVG) models have considerable 

R2 of 0.77. This indicates that the combination of different methods do really 

improve the predictive accuracy of ML models. Similar behaviour of different 

magnitudes of errors in train- and testsets is observed. In consideration of the 

categories of all target properties varying with a gradient of 1, the MAE and RMSE 

of the predictions in testsets are relatively small. Compared to the other two basic 

algorithms, the AVG-models have in general higher R2 values, indicating that the 

combined classifiers have indeed integrated the advantages of both algorithms. 

However, there are trade-offs. Modulus(AVG) model has slightly higher R2 of 0.77 

than that of 0.75 in RF- and SVM-models; but its MAE and RMSE have conversely 

increased by 30%.  This enhancement of R2 of AVG-models is more obvious in 

predicting pHRR and THR. 

Except for the commonly used R2 and mean errors, the confusion matrix (CM) and 

the area under the receiver operating characteristic (short as AUC for Area Under 

ROC) values are presented as further judgement of predictive accuracy in Fig. 4-8. 

This classic metric reflects the classification quality by calculating the number of 

samples that are misclassified into other categories. In the CM chart, the color of 

off-diagonal squares exhibits the corresponding number of true or false 

classifications of the categories in the vertical axis. The whiter the square is, the 

more samples are incorrectly predicted into another category. We have selected 

RF-model for predicting Modulus, SVM-model for TTI and AVG-models for pHRR 

and THR with the overall consideration of R2 and predictive errors. In the 

Modulus(RF)-model, part of the samples in category  “>1.70” was predicted to 

wrong category “1.35-1.70”, indicated by the white square in the last row, which 

has good agreement with low MAE and RMSE in the testsets. Although the 

Modulus(RF) shows excellent classification accuracy, this is due to the fact that 

the number of categories of storage modulus are relatively minimal. 
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Table 4-2 Determination coefficient, mean absolute error and root mean squared error of 

selected classification models. See the full table of all 12 models in supporting materials. 

Indices of ML 

models 

R2 MAE RMSE 

train test train test train test 

Modulus(RF) 0.87 0.75 0.18 0.42 0.54 0.96 

Modulus(SVM) 0.99 0.75 0.01 0.33 0.01 0.5 

Modulus(AVG) 0.96 0.77 0.09 0.33 0.3 0.71 

TTI(RF) 1.0 0.84 0 0.2 0 0.53 

TTI(SVM) 0.96 0.78 0.07 0.32 0.15 0.62 

TTI(AVG) 1.0 0.78 0.02 0.51 0.14 1.04 

pHRR(RF) 1.0 0.67 0 0.4 0 0.73 

pHRR (SVM) 0.97 0.5 0.04 0.93 0.05 2.07 

pHRR (AVG) 1.0 0.77 0.01 0.62 0.11 1.07 

THR(RF) 1.0 0.76 0 0.37 0 0.85 

THR (SVM) 0.99 0.76 0.01 0.33 0.01 0.57 

THR (AVG) 1.0 0.84 0 0.37 0 0.7 

 

Unlike the modulus model, the other three models predicting CCT characteristics 

have more misclassified samples. The inaccuracy of TTI-predictions focuses mainly 

in the middle categories, i.e. “0.80-0.90”, “0.90-1.00” and “1.00-1.10”. Except for the 

obvious white blocks, many grey squares are also distributed in between. 

Predicting the values of samples with relatively greater or smaller TTI-change is 

more accurate. It is, on one hand, attributed to the lack of key features labelling 

the physical and chemical reaction on the sample surface under heating. Some 

researchers think that the flammable organic ligands or other additives with lower 

decomposition temperature contribute to shortening the TTI of polymer 

composites. [100,101] Besides, the principle that certain FR additives promote the 

early decomposition of polymer matrix cannot be adequately summarized using 

our features. [102] On the other hand, most samples concentrate themselves in the 

moderate ranges, as shown in Fig. 4-9. Thus, there are more misclassifications in 

these categories, which is also the joint outcome associated with the insufficient 

feature mentioned above. 
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Fig. 4-8 Confusion matrix and ROC curves of selected classifiers predicting “Modulus”, 

“TTI”, “pHRR” and “THR” 

 

Fig. 4-9 Distribution of all categories of four target properties in our dataset 

Compared to the TTI(SVM), the inaccurate predictions in pHRR(AVG) and 

THR(AVG) models are distributed along the diagonal line. The misclassified data 

points appear mostly to be distinguished into the neighboured categories. 
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Furthermore, there are misclassifications across most categories. On the whole, 

such inaccuracy seems to be more systematic, attributed to the linear combination 

of RF and SVM models. Likewise, the categories that contain most samples in 

pHRR and THR (Fig. 4-8(c) and (d)) have the worst performance in CM. In 

summary, the AUC values of all four models have reached over 80%, indicating 

that the models have good performance in classification and handling with 

imbalanced dataset. 

In general, a certain amount of data with corresponding features describing the 

system should be provided to the machine when facing a complicated problem. The 

required size of dataset is usually proportional to the complexity of question and 

model. In our case, we collected the data from publications and past experiments 

due to the lack of reliable and systematic databases. Likewise, the features decoded 

from the physical properties, chemical components, and processing parameters 

have involved the generalizability, accessibility, and veracity of their values. 

Primarily, there are two challenges to be emphasized. Since this work is focusing 

on the loading of MOF and possible FR additives into various neat polymers, how 

to summarize the numerous formulations of polymer composites is the first 

difficulty. The tunability of MOF and abundant kinds of additives leads to highly 

different chemical compositions, molecular configurations and microstructures, 

which affect the target properties of polymer composites. Apart from the additives, 

it is generally accepted that MOF has promoted the char formation by the catalytic 

effect or surface-distributed nucleation sites. [103,104] However, key features of 

MOF morphology and molecules is impossible to obtain or quantify from the 

research articles, leading to the models lacking sufficient information about the 

promoting effect. Moreover, recent researchers prefer to encapsulate some flame-

retardant molecules into MOFs to form various hybrids. The addition of such 

uniquely designed chemicals makes it more difficult to dig up effective features to 

cover the possible influencing factors in data space.  

Another challenge is the limitation of data. The data-driven investigation 

concentrates on the interpretation of intrinsic relationships between significant 

features, abundant data and machine learning models. It is therefore highly 

required to have systematic databases in material-related fields. However, 

establishing a comprehensive database, even for a tiny research-line in material 

science, requires leading promoters and competent organizations. Since the 

discovery of MOF, it has found many applications as described in the introduction 

part, and many relevant databases have been created. Although over 160k results 
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of MOF are recorded in database, the data that are useful for the usage of MOF in 

the fireproofing polymer composites is still scarce. Relying only on personal work 

in data collection is not enough. The size limitation makes it difficult to build 

highly accurate models for the prediction of complicated composite properties.  

4.2.3. How do the MOFs affect the properties of FRPCs 

The tree-based algorithms (RF models) provide the ability to assign a value of 

feature importance based on impurity calculation and quantified from the total 

improvement of the split-quality in modelling. The higher value means that the 

feature is more important in deciding the final property. Sum of the importance of 

all features is set to be 1. For the models that are not based on decision trees, we 

utilized a suitable explanator to produce an interpretable table of feature influence 

in SVM models: the SHapley Additive exPlanation (short as SHAP) from modern 

game theory. The Shapley values are attributed to the features of every sample in 

models, reveal how do the features influence the targets and if they influence the 

target properties positively or negatively. Although both FI and SHAP reveal the 

significance of the feature, some features may differ in the ranking since the SHAP 

calculation is normalized by the samples/predictions separately. 

Fig. 4-10 shows the ranked importance of input features in four RF models. The 

feature combination of input dataset has been optimized and all the four models 

have different features applied in modelling. Different bar colours indicate the 

features from different groups described in the methodology part: light purple for 

the group “Polymer_Matrix”, washed red for “MOF_Material”, yellow for 

“Main_FR” that is the flame-retardant additives besides MOF and light Prussian 

blue for “Other_Parameters” involved in sample preparation and characterization 

process like CCT or DMA test. These feature groups are explained in detail in the 

methodology part. 
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Fig. 4-10 Ranking of feature importance of RF models predicting “Modulus”, “TTI”, 

“pHRR” and “THR”. Different colors of the horizontal bars represent that the feature 

belongs to the corresponding feature group. 

According to the feature importance (FI), all input features make corresponding 

contribute to the predicted properties. In some cases, only a few features have 

considerable importance in the model. In this work, the distribution of FI values 

of all features has indicated the complexity of the MOF-added polymer composites. 

Due to the complicated physical and chemical reactions between matrix, MOF and 

other additives, there are no dominant features in the above models.  
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 The storage modulus of polymer composite depends primarily on the mechanical 

properties of neat polymer itself, as evidenced by the FI of “Mat_Modulus” and 

“Mat_Tensile” of 0.24 and 0.15 separately. Moreover, the interaction between the 

polymer chain segments and the solid filler particles also counts. [105] Since it’s 

difficult to quantify or qualify the interactions between polymer matrix and 

additives, we have taken many features to describe it indirectly. Although MOF is 

intended to improve the dispersibility and compatibility of fillers in polymer 

matrix, and consequently enhances the mechanical performance of polymer 

composite, the MOF- and MFR-related features in Modulus(RF) model have 

gradually decreasing importance from 0.09 to 0.03 in the moderate range. The 

geometry factor in DMA test takes the third place with 0.11 FI is attributed to the 

great impact of the sample size in modulus calculation. 

In the RF models predicting CCT results, the matrix properties are still important 

but not the most significant features. Under the cone heater, polymer composite is 

heated uniformly and ignited after certain dwell time. The thermal stabilities of 

all components inside the composite sample play crucial roles in deciding the TTI. 

Not only the decomposition temperature, but also the thermal conductivity and 

viscosity of melting fluid affect the heat accumulation, which leads directly to the 

ignition of polymer composite. In conclusion, the features influencing TTI are 

omnifarious and multi-dimensional. More features are necessary to build TTI(RF)-

model and they almost have the similar importances below 0.1. The first three 

features indicate precisely the thermal stability of MOF, matrix and polymer 

composite.  

Conversely, the MFR-related features (mass and elemental contents) have higher 

influences in pHRR- and THR-prediction than TTI. MFR represents the FR 

additives excluded MOF in polymer composite and is applied to improve the 

sample’s flame retardancy principally. For that reason, the mass fraction of MFR 

takes the first place in both pHRR(RF) and THR(RF) models with FI of 0.16 and 

0.13, respectively. 

The significance of features in SVM models interpreted with SHAP values are 

shown in Fig. 4-11, constrained with the first twelve features only. Due to different 

mathematic foundations between SHAP and FI, the ranking of features in Fig. 

4-11 is more strongly dependent on the formulations in our collected dataset. Such 

asymmetrical values in dataset, in which different publications have their 
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preferred formulations and different number of sample points, leads to many 

discrete data dots in SHAP diagram and unexpected ranking of features. The data 

dots are coloured from blue to red in each row represent the values from low to 

high of corresponding features, with their positions to the left or right of the 

midperpendicular indicating the negative or positive influence on predictions. In 

Modulus(SVM) model, “MFR_Mass” is the first feature but with only few dots in 

red, meaning that the majority of formulations have very low additive mass, and 

the polymer composites tend to have low storage modulus likewise. Except for this, 

low processing temperature in sample preparation, encapsulation of additives into 

MOF and using IRM- or ZEO-type subclasses of MOFs lead to increased storage 

modulus of polymer composites. In contrast, UIO-type MOF deteriorates the 

modulus at room temperature. These subclasses have different organic ligands and 

coordinated metal nodes that form large frameworks with microstructure and pore 

morphology. To prolong the TTI, polymer matrix with low melting point and char 

formation is advantageous. Adding more FR additives encapsulated into MOF-

skeletons, higher MOF loading and using metals in high groups (group 11, 12 or 

13) contribute to reduce the pHRR of polymer composite in CCT. 
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Fig. 4-11 SHAP interpretation of SVM models predicting “Modulus”, “TTI”, “pHRR” and 

“THR”. Colour stands for the values of features in each row. 

 MOFs with zeolite-structure is theoretically beneficial to achieve higher dynamic 

modulus of polymer composite. As for TTI and pHRR of polymer composites, the 

heat flux of cone calorimeter is the top feature. In a similar way, it affects the TTI 

easily in the practical CCT. Samples under lower heat flux tend to dwell longer 

before ignition and hold a less vigorous combustion. Moreover, the MOF prolongs 

TTI when it is not ZEO- or UIO-types, has high reactive metal nodes and low 

decomposition temperature. In contrast, the pHRR of polymer composite is 

negatively influenced by encapsulation of additive in MOF, increased MOF 

amount, heavy metal nodes, and high decomposition temperature of MOF. To 

lower the total heat releasing from burning, samples are supposed to have the 

similar formulation as noted earlier in pHRR-model. Except for the heat flux, the 

values of input features that have negative influence on pHRR of polymer 

composite also reduce THR in CCT. 

The explanation of features and models is based on the data in our collected 

dataset. Because of the fact that the formulations in published papers usually have 

good performance, the majority of our raw data have feature values either 

concentrated in a narrow range or show only slight difference. Besides, the features 

describing the nanostructure of MOF, possible synergistic effects between MOF 

and other additives, and possible reactions between fillers and polymer chains are 

barely to obtain. Yet these factors are strongly connected to the FR mechanisms of 

polymer nanocomposite. In our dataset, we selected the indirect features like 

particle size from SEM characterization, type of building units and synthetic route 

to represent its structural properties like porosity and specific surface area. Most 

importantly, the dataset is created from collected publications and experimental 

works individually, which means its size is limited. Machine learning, as a tool for 

analysing the internal relationships between the input and output, requires high 

amount of data to construct a statistical model that enables the prediction of 

material properties from the production, structure, and measurement. These 

deficiencies lead to the limited performance of the machine learning models. 

Conversely, increasing the dimension of datasets is a promising way to improve 

the accuracy of prediction. 
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4.2.4. Validation experiments with unseen data 

To investigate the predictive accuracy of our models on unseen formulations, we 

picked out four formulations from the collected dataset and prepared EP 

composites with Fe-BTC (classified as MIL-type MOF, see supporting information 

S2 for details) and intumescent flame retardant (IFR, samples labelled with EP-

Ax) or metal hydroxide (MH, samples labelled with EP-Mx) for unseen-data 

validation. In the experimental samples, the mass fraction of FR additive without 

MOF is fixed at 29 wt-% for ATH and 12 -wt% for IFR. The weight percentage of 

MOF is marked with “x” in label, varying from 0 to 2 wt-%. As shown in Fig. 4-12, 

all the composites with FR additives have much lower pHRR compared to neat EP, 

approximately 50% reduction is observed. This is owing to the effective FR 

reactions brought by the fillers, which have been confirmed with extensive 

experiments. Besides, all MOF-added samples have relatively increased TTI, in 

agreement with the SHAP result: formulation using MIL-type MOF should have 

longer TTI. 

 

Fig. 4-12 Heat release rate of EP samples measured with heat flux=35kW/m2 

Turning back to sole MOF in polymer matrix, the FR performance comes mainly 

from the type of metallic components and composition of organic ligands. [106] 
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Seen from the experimental data above, the achieved reduction of pHRR values of 

polymer composites with only MOF below 2 wt-% varies unexpectedly from 10 - 

60%, differing in 16 publications. This result confirms well that the quantitative 

characteristics of the combustion process in CCT of polymer composites depend not 

only on the chemical composition and molecular structure, but also the subjective 

and objective conditions during the CCT. Considering the ventilation situation, 

atmosphere condition in lab, equipment status and operation habits of researchers, 

which are barely mentioned in publications, it appears to be extremely challenging 

to build highly accurate machine learning models by individual researcher or 

group. 

The comparison between the calculated measurements and predictions is shown 

in Fig. 4-13. In this test, four formulations from publications (marked with “P0” to 

“P3”) and another four EP samples with both MOF and synergists (“M/A1” and 

“M/A2”) are chosen. As mentioned above, we have selected the corresponding model 

for each target feature: Modulus(RF), TTI(SVM), pHRR(AVG) and THR(AVG). The 

categories of target properties are presented using bar height with blue for 

predictions and red for measured values. Along the vertical axis is the 

category/range of the divided properties listed, which is also numbered from 

bottom to top as shown upon the bar.  
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Fig. 4-13 Validation samples of selected models. P0 to P3 are chosen from the publication 

records; M0 to A2 come from experimental results. 

The “in-situ” accuracies of all models are expressed in last section with 

determination coefficients and confusion matrixes. Observed from the bar plots, 

similar conclusions can be made that the predictions of modulus and TTI are more 

accurate than that of pHRR and THR. There are 6 samples of 8 having the same 

categories in prediction and measurement, and the error of incorrect classifications 

is not big to accept. In TTI(SVM) model, an obvious misclassification occurs in 

sample P0, which has the validation value of “0.90-1.00” but the prediction of 

“>1.30”. In this formulation, 0.5 wt-% of self-synthesized Co-MOF was added into 

EP matrix with pHRR=800kW/m2 and TTI=80s. The other two models pHRR(AVG) 

and THR(AVG), however, exhibit prediction errors in most samples, and all the 

misclassified samples are underestimated compared to their measured values. 

Although we selected the validation formulations varied in polymer matrix, 

additives and the loading, an evident tendency should be noticeable: apart from 
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the modulus and TTI, all formulations in the published works are designed to lower 

the pHRR and THR, at least theoretically. In the dataset retrieved from open 

publication, the divided pHRR is invariably below 1, meaning that the polymer 

composite has reduced heat releasing compared to neat polymer. Another reason 

for the underestimation, which is more possible in the AVG-models, is that the 

averaging operation always returns the smaller integer due to the default rounding 

down in python calculation. 

4.3. ML models for FRPCs in LDH-system 

4.3.1. Interconnection between descriptors and FRPCs’ properites 

The LDH-dataset is consisting of 264 rows from 33 public literature. In this 

dataset, there are almost 62 kinds of LDHs, which differ in metal ions, big-

molecule-intercalations and organic modifications. Due to the variety of anions, 

the interlayer spacing of LDHs changes from 0.77 to 3.80 nm. Most of the 

intercalated molecules contain the long carbon chains to widen the distances 

between LDH layers. Similarly, the loading mass of LDHs in these FRPCs is at the 

same level as that of MOFs. Thus, the addition of other FR chemicals appears to 

enhance the fire performance of the polymer composites, generally. Types of these 

additives vary from normal phosphorus-containing chemicals to reduced graphite 

oxide, to various organic acids or self-synthesised big-molecules.  

From the collected data, there is no obvious trends observed between the input 

features and target properties (TTI, pHRR and THR). As a kind of inorganic fillers, 

LDH has the similar FR functions of MH, but is more attractive due to its double-

layered structure. Since the dispersion of inorganic additives is always a problem 

in organic polymer matrix, the modification on LDH can not only improve the 

dispersion of FR additives, but also provide synergistic effects to enhance the fire 

performance. From the heat map illustrating the Spearman’s correlation between 

all features, there are only weak dependencies between target properties (pHRR, 

TTI and THR) and other descriptors. The mass fraction of LDH does not have as 

significant impact on the target properties of FRPCs as the mass fraction of MH 

does in Fig. 4-1. Only the corresponding properties of neat polymer have certain 

positive influence marked with red squares in the heat map. 
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Fig. 4-14 Spearman’s correlation heat map of LDH-dataset 

4.3.2. Classification accuracy of LDH-models 

To evaluate the predictive accuracy, determination coefficient R2 is a good tool for 

instant judgement. There are 9 models to predict TTI, pHRR and THR in total. 

Since we are using the classification, the predictive performance in all models is 

satisfied marked by the red lines in Fig. 4-15. The R2 in trainsets are over 0.90, 

meaning that the models fit well in the training. The fluctuated red lines represent 

the R2 in the testsets of randomly splitting. The testing R2 values are normally 

lower than that in training, especially in pHRR(RF) model, in which R2 in test sets 

keeps around 0.70. Nevertheless, the performance of combined models (AVG 

models) exhibit increased R2 compared to single-algorithm models. For both three 

target properties, the R2 values of AVG-models in test sets have reached over 0.80, 

slightly lower than that in trainsets.  
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Fig. 4-15 R2 of all 9 models predicting the CCT characteristics of LDH-loaded FRPCs, 

from left to right are RF, SVM and AVG models 

The accuracies of classifications are also in agreement with the high R2. The 

misclassified classes in Fig. 4-16 is in minority. Wrong predictions of TTI appear 

to the samples with short TTI below 35 s. Although the samples with the TTI 

between 55 to 65 s are also partially misclassified, the number of misclassifications 

is low. The models predicting pHRR and THR performs slightly worse than TTI-

models. These models predict not the true values of polymer composites, but the 

ratio between composites’ pHRR (or THR) and polymers’ pHRR (or THR). The false 

classification of the pHRR-ratios concentrates on the moderate class like “0.60-

0.75”. THR-models’ misidentifications are around the class “0.95-1.1” at the same 

time. Similarly, the AVG-models have higher predictive accuracies, demonstrated 

by the lower number of light-coloured squares in confusion matrixes. The values of 

ACU for these three models TTI(AVG), pHRR(AVG) and THR(AVG) are 90%, 83% 

and 89%, respectively. 

4.3.3. Feature importance and model explanation 

As usual, the ranking of feature importance from the RF models help to learn the 

significant factors that influence the target properties of FRPCs. In predicting TTI, 

the TTI of polymer matrix takes the first place with 0.16 importance, followed by 
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the char formation of neat polymer. Furthermore, except for the interlayer distance 

of LDHs, the features in “Polymer_Matrix” group occupy all the five top positions. 

The mass fractions of LDHs and other FR additives come after them in the feature 

importance ranking. 

 

Fig. 4-16 Confusion matrix of misclassified classes in all 9 models, white means the 

misclassification of class (row) into class (column) 

Unlike the TTI-prediction, the pHRR(RF) and THR(RF) models have both the 

MFR-related features as the most significant ones. The mass fraction of FR 

additives is very essential in deciding the pHRR reduction of polymer composite 

with an importance of 0.25 in total. Although the “Mat_pHRR” takes the third 

place, the influence of all polymer-related features are not comparable to that in 

TTI(RF). Following the interlayer distance of LDHs, the highest operation 



Data-driven investigation of FRPCs 

75 

 

temperature in sample preparation has an importance of 0.07. Because the 

determination of operation temperature of a polymer is dependent on its thermal 

and physical properties, this temperature, to some degree, indicates the stability 

of polymers at high temperature. The elemental content of oxygen in FR additives 

is more essential than other FR elements like N, P B and Si. The reason may be 

attributed to the existence of metal introduced by inorganic LDHs. The oxygen 

content is also the most important features (in MFR feature group) in deciding the 

pHRR of MH-loaded polymer composites (Fig. 4-3(b)). Higher content of oxygen 

leads to increased amount of metal oxides, which enhances the formation of 

physical barriers together with the catalytical carbonization of organic components 

in FRPCs.  

 

Fig. 4-17 feature importance of RF models predicting TTI, pHRR and THR 

The THR(RF) model, however, show different rankings compared to both RF 

models predicting TTI and pHRR. The carbon content of MFR is in the first position 

with an importance of 0.15, and the THR, pHRR and initial decomposition 

temperature of neat polymers follow with high significance. The essentiality of 

“MFR_C” comes from two points: 1). The total amount of the heat released from 

the burning of samples is actually highly connected to the carbon content in 

composites, since it is the natural property that the burning process is the 

oxidation processes of carbon and hydrogen, which are abundant in organic 

materials. The existence of carbon influences the quantity of fuels in the burning 

scene, and subsequently gives impact on the final amount of heat. 2). The carbon 

content of the chemicals used to modify/intercalate LDHs is also counted into this 

feature. i.e. “MFR_C” contains also part of the information about the modification 

of LDHs. Under the combined influence of the two reasons mentioned above, it is 

understandable that the carbon content holds the highest importance in THR(RF). 



Author: Junchen Xiao 

76 

 

Of course, the amount of FR additives should not be overlooked. Although they are 

not as important as the aforementioned features, they still influence the THR of 

FRPCs.  

Overall, the features referred to FR additives plays an important role in 

influencing the CCT results of FRPCs. This is consistent with the ranking of 

features observed in other FR systems demonstrated in former sections. The 

addition of FR components can significantly influence the combustion behaviours 

and the release of heat; however, the ignition time is more dependent on the 

polymers themselves. The reason for this may be analogous to a water-filled barrel 

leaking at its shortest stave: the polymer is more flammable compared to most FR 

additives due to the high content of carbon inside. Sometimes, with the loading of 

FR additives, especially when they are carbon-rich chemicals, the TTI of FRPCs 

will be shorten, which has been observed in Fig. 4-9(b) that almost 70% samples in 

MOF-dataset demonstrate the reduced TTI values compared to neat polymers. 

Similarly, since most polymers are highly flammable, the development of the 

combustion behaviour after ignition greatly depends on the FR additives. The type 

and effectiveness of those chemicals determine the strength of the FR effect 

working while the burning of FRPCs, as well as whether and how the impact of the 

combustion could be mitigated.  

The SVM-models based feature importance exhibit the influence of these features 

from another aspect in Fig. 4-18. This figure shows not only the importance, but 

also tells how these features influence the target properties of FRPCs. For the TTI 

of polymer composites, testing under low heat flux in CCT leads to long TTI. In 

contrast, the feature “CCT_HeatFlux” takes very low importance in RF models. 

The reason lies in the fact that researchers use normally 35 or 50 kW/m2 to conduct 

the CCT, which makes the feature “CCT_HeatFlux” lack of diversity, showing low 

influence in RF models. An equally surprising fact is the disparity in the 

significance of “PP_Thick”, which means the thickness of CCT samples, between 

the RF and SVM models. From the SHAP explanation, thicker samples tend to 

have longer TTI. The SHAP explanation focuses on the influence of the feature on 

the prediction of single class of target properties. The underlying assumption is 

that thicker samples can transfer more heat to other parts avoiding the quick 

accumulation of heat in the local position. Thus, this feature tends to be more 

important in SVM models. The FRPCs, which use polymer matrix with long TTI, 

high LOI and high char formation, have addition of unmodified LDHs, and high 

operation temperature while the production, have prolonged TTI. 
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Unlike the TTI, pHRR of polymer composites would decrease if the composites had 

high char formation in TGA, use organic modified LDHs with short interlayer 

distance and contain high amount of MFR. Low heat flux and thin samples 

increases the pHRR of polymer composites. The reduction in THR of polymer 

composites depends on the unmodified LDHs and low heat flux in CCT. Other 

features in THR(SVM) are in narrow distributions, and coloured dots overlap with 

each other locating both in positive or negative phases. 

 

Fig. 4-18 SHAP explanation of SVM models predicting TTI, pHRR and THR in LDH-

system, only the top 12 features are shown 

As conclusion, the strategy to improve the CCT performance of FRPCS are 

different. The polymer matrix with high thermal stability and good dispersion of 

inorganic LDHs contribute to prolonging the TTI. The development of heat release 
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during the combustion scene in CCT is heavily dependent on the components of FR 

additives and modifications of LDHs. However, LDH-system is still complicated in 

FR mechanisms, especially with the addition of many other kinds of FR chemicals. 

Such numerous combinations of LDH-modifications and additives significantly 

increase the difficulty of creating a high-performing and accurate ML models with 

the limited dataset. Therefore, the strategies of oversampling and conversion of 

regression to classification are used to enhance the models’ predictive accuracy at 

the cost of specialization and precision of target properties. 

4.4. On the investigation of the integrated models 

The ultimate goal of physicists is to describe all the phenomena in the universe 

with only a single formula. Similarly, our ultimate goal is to develop the ML models 

that are able to predict the TTI, pHRR and THR of all FRPCs with various 

additives from different FR systems. In the former three FR systems, MH-, MOF- 

and LDH-systems, there is actually the more FR additives inside. MH, MOF or 

LDH are typically not used individually but combined with other flame retardants. 

Mostly, these kinds of FR additives are chemical compounds consisting of various 

FR elements, and some could be the mixtures of these substances. Additionally, 

since the FR mechanisms of these flame retardants are generally referring to the 

participation of certain elements in various chemical reactions during the 

combustion behaviour of FRPCs, their features in our datasets are normally 

represented by their elemental contents in the compounds/mixtures. Phosphorous-

containing chemicals (like red phosphorous and simple phosphates) or IFRs play 

an important role in these FR additives. Besides, there are flame retardants 

including organic silicones, (reduced) graphene oxides, nano-sized additives and 

boron-containing chemicals.  

It is very challenging to build ML models for every FR systems due to the 

requirement of creating separate datasets for each of them, which are often 

characterized by disorganized and overlapping data with limited volume. As a 

result, we have only selected three above-mentioned representative and 

extensively studied FR systems as our milestones. Through the study and research 

on these systems with increasing complexity, we have laid a solid foundation for 

the further in-depth exploration of the possibility in data-driven supported 

materials development. 
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4.4.1. The completion of final dataset  

The complete dataset for this ultimate goal comprises 828 formulations of FRPCs 

and almost 50 features to describe all aspects of the polymer composites. As 

mentioned above, the features in all three datasets (MH, MOF and LDH) consist 

of 4 main parts: polymer matrix, functional parts that represent the loading of MH, 

MOF or LDH, other FR additives marked as synergists or MFRs and the process 

parameters concerning the production and characterization. The difficulty in the 

construction of the final dataset lie in the combination of the features of these 

functional additives. On one side, MHs, MOFs or LDHs have their own features 

that influence strongly the end-performance of FRPCs. These information must be 

retained in the final dataset in order to build the ML models with high predictive 

accuracy. These features, at least most of them, are totally different to each other 

and cannot be consolidated into one column. On the other side, simply placing all 

these features into the final dataset would result in a significant increase in the 

number of features. An expansion in the dimension of features in the dataset 

significantly increases the likelihood of overfitting problem and simultaneously 

magnifies the requirement for the quantity of samples. However, our datasets are 

retrieved personally from public literature, rather than from systematic, public, 

and authoritative databases. Increasing the data volume is not a feasible option. 

Additionally, the dataset would contain a large number of missing values after 

such simple combination: for example, samples containing MH lack the data for 

MOF and LDH, and vice versa. This substantial number of missing data would 

inevitably have the negative impact on the optimisation of the hyperparameters 

and predictive performance of ML models. 

The final feature groups, including the aspects of material components and 

processing parameters, in this dataset are the polymer matrix, main flame 

retardant, other parameters in processing and functional additives (short as FuA 

in dataset to mark the features in this group). There are six features in this “FuA-

group” which contain the information about the mass, particle size (interlayer 

distance in case of LDHs), group of metal in periodic table, type of the additive, 

decomposition enthalpy of MH-type additives and organic modification of these 

additives.  After the integration of all FR-systems in one single dataset, there are 

no direct relationships observed between the influencing features and target 

properties (pHRR, TTI, THR and LOI). Seen from the Spearman’s correlation heat 

map in Fig. 4-19, the char formation of polymer composites in TGA, total mass 
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fraction of FR additives and the properties of neat polymers have certain influence 

on these target features. Other features with relatively deep relationships 

concentrate in the polymer-related features and FuA-features. This is actually 

attributed to the fact that all these features come from a single type of polymer or 

additive. That is to say, if the polymer is EVA in this formulation, all the other 

values in this feature group “Polymer_Matrix” are fixed; if the “FuA_Type” equals 

to MDH, then the other five features in “FuA-group” have also fixed values. Such 

situation leads to the occurrence of high Spearman’s correlations between the 

related features. 

 

Fig. 4-19 Spearman’s correlation coefficients heat map of all features 

4.4.2. Model performance of complicated, integrated FR-system 

The entire dataset consists of 828 rows and 33 columns, in which the to be 

predicted targets are categorical values of pHRR, TTI, THR and LOI. These values 
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have been firstly divided by the corresponding values of neat polymers and then 

transformed into separate classes. The regression models built based on these 

datasets have completely unusable results, so we applied the classification models 

as usual. However, the predictive performance of these classification models, 

including the linear combinations, are still not satisfied. After several iterations 

and optimisations, the rapid evaluation of ML models based on the determination 

coefficients R2 gives out the results of low predictive accuracy and strong 

overfitting problems in most models.  

After expanding the classification boundaries, in other words, reducing the number 

of categories, the predictive accuracy has been improved to some extent, but still 

the models’ performances remain unacceptable. The decrease in number of classes, 

such as reducing the original 7-classes classification of TTI-model to 4 classes, 

without changing the data itself, could lower the difficulty of making predictions 

for these fewer categories. More specifically, a TTI change of 0.5-0.6 would be one 

category, while 0.6-0.7 would be another in the original dataset. After reducing the 

number of categories, all composites’ formulations with the TTI-changes between 

0.5-0.7 have become a single category. This effectively simplifies the predicting but 

also clearly increases the inaccuracy of the predicted values. The larger the 

category range is, the more precise the model makes the prediction. Obviously, 

when there is only one category, the prediction accuracy would reach 100%; 

however, such a model is meaningless to our research. Moreover, when a polymer's 

TTI-change ranges from 0.5 to 0.8, it indicates that the TTI of polymer composites 

decreases by 20% to 50% compared to the neat polymer, which is not a proposed 

result. Such predictions significantly diverge from the required “true values” of the 

formulation, providing only limited value and guidance to the investigation of new 

materials. Furthermore, even if we have increased the class ranges from 0.1 to 0.3, 

the R2 values of these models only show slight improvements in Fig. 4-20. 
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Fig. 4-20 R2 of all classification models in train- (blue) and testsets (red) 

In the top row of Fig. 4-20 are four RF models predicting TTI, pHRR, THR and 

LOI, respectively. Although their R2 values of training sets locate above 0.8, even 

close to 1.0 in LOI(RF)-model, the testsets-R2 values can hardly reach 0.8. The 

performance of pHRR(RF) models is the lowest, with R2 equals to 0.65 in test sets, 

approximately. SVR models have even worse performances. The results of linear 

combination, i. e. the AVG-models, are similarly not usable.  

Given that the RF models are barely considerable, we have conducted the feature 

importance analysis shown in Fig. 4-21. In all RF models, the mass fraction of 

functional additives takes the first place in the ranking. The difference is that this 

feature has much higher importance (≈ 0.20) than other features in the RF models 

predicting pHRR (b) and LOI (d). This feature contains the mass fraction of MHs, 

MOFs and LDHs in the polymer composites, in which the MH-mass varies 

basically from 10 to 60 wt-%. Compared to MHs, MOFs and LDHs have the typical 

weight percent of below 10 wt-%. Meanwhile, MHs have high influence on the 

pHRR of polymer composites, and also affects the LOI very much. This very high 

feature importance of these two models comes from this reason. As usual, the 

features referring to the polymer matrix have significant impact on the TTI of 

polymer composites, the product of thermal conductivity and density of neat 

polymers “Mat_pc”, melting point and char formation in TGA follows “FuA_Mass” 

in TTI(RF). The “Mat_pc” has direct influence on the accumulation of heat in the 

sample surface under cone irradiation, deciding how long it takes to heat the 
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locality up to certain decomposition temperatures. The influence of main flame 

retardants is illustrated by the yellow bars in the middle part of the ranking, 

starting from the loading amount of MFR with FI of 0.044. This is similar to the 

FI of models of individual FR-system. The ranking of feature importance in 

THR(RF) model has the same tendency. Besides the high influence of “FuA_Mass” 

caused by the strong impact of MH-addition, the significant factors controlling the 

THR of polymer composites come mainly from the aspect of polymer matrix. Unlike 

the TTI and THR, the properties of FR additives have much stronger influence on 

pHRR and LOI of polymer composites.  
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Fig. 4-21 Feature importance of RF models predicting TTI, pHRR, THR and LOI 

Although the predictive accuracy of these ML models built on the integrated 

dataset has not met the requirements (the R2 values close to 0.8 in RF models 

indicates that they already have a certain degree of usability), we can clearly see 

the potential for achieving such goal. These models are used to predict the CCT 
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performance of FRPCs, which may include thousands of possible formulations: the 

dataset already covers 10 types of polymer matrices, at least 10 types of functional 

additives (i. e. MHs, MOFs, and LDHs), and more than 20 types of other flame 

retardants. Considering the different sample preparation methods and 

parameters, the entire FR system is extremely deep and complex to build the data-

based models. From previous step-by-step chapters, we have understood that the 

simpler the objective is, the easier it is to build the corresponding model and the 

lower the data volume is required. Therefore, compared to the MOF- and LDH-

systems, the models for the MH-system have higher performance. When we 

integrate these three FR systems into one (including another widely used but not 

listed IFR-system, which data have been totally inserted into the above-mentioned 

datasets) for ML modelling, the complexity of the entire system has increased 

greatly that can be the product of separate FR systems.  

In order to improve the predictive performance of the models, the datasets used for 

supervised learning needs to meet certain requirements. Firstly, the quantity of 

data must be sufficient according to the complexity of objective. Just like humans, 

learning to do basic mathematical operations using the Arabic numerals 0–9 

differs in difficulty from performing calculus or probability calculations, and also 

requires different amounts of learning materials. This is the same to the machines, 

for which the data requirement increases proportionally with the complexity of the 

problem. As mentioned at the beginning, ML is a data-driven approach to explore 

the intrinsic relationships between materials-processes-properties. The data is the 

foundation for building robust models. All the datasets in this study are derived 

from public literature and experimental results conducted by our research group. 

In total, we have gathered 828 rows of usable data for modelling. However, it has 

become clear that, relative to the objective we aim to investigate, the amount of 

data is still insufficient. We had to reduce the precision of our predicted values 

(classifying the change of TTI/pHRR/THR into categories of 20-50%, 50-80% or over 

80%) in order to improve the model's prediction accuracy. Normally, the measuring 

errors in CCT are estimated to be around 10%. A prediction in the range of 30% is 

somehow meaningless. On the one hand, the results reported in by researchers are 

typically those FRPCs with improved performance, which formulations are usually 

optimized from existing ones or involve the substitution of one FR additive with 

another chemical of similar structure or property. The data retrieved from 

publications has indicated that adding the “flame retardant”, regardless of what 
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the “flame retardant” is, generally leads to a reduction in the polymer's heat 

release in CCT. However, in reality, there must be some formulations that are 

ineffective or have only little FR effect, or even degrade the fire safety performance 

of polymer composites. It is difficult for us to obtain information about these 

formulations that are useless for the researchers. Nonetheless, these formulations, 

which have the equal importance as the effective ones, contribute to making more 

accurate predictions, uncovering the inherent relationships between the PSPP 

links.  

4.5. ML framework predicting HRR Curve 

4.5.1. Time series of HRR-development 

The dataset for the prediction of HRR curves is the MH-dataset, which have extra 

information about the development of HRR in CCT for each formulations. 9 RFC 

models are built to reveal the change of HRR against time. Based on the transition 

phase, HRR curves are divided into valley-, stair- and peak-transition as shown in 

Fig. 4-22(b). This transition phase indicates different combustion behaviours of the 

samples in CCT. Through the release of heat in this stage, we are able to get insight 

into the possible chemical or physical processes occurred during the combustion 

process. The formation of physical barrier, its stability and strength are also 

demonstrated by the change of HRR. A formulation of effective and long-term FR 

function should suppress the HRR in the whole testing. The arise of second peak 

in HRR, and usually the global maximum of HRR in the combustion, is attributed 

to the breakdown of the desired FR effects.  

Due to the significance of the transition phases, the simplification of HRR have 

retained such trends in this work. In the whole dataset, samples with valley-

shaped HRR curve have the largest amount of 80. The effective loading amount of 

MH in polymer composites contributes to lowering the HRR in the transition 

phase, which is the majority of records in the dataset. The occurrence of the second 

peak of HRR is attributed to an unsteady physical barrier formed by metal oxides 

that is not able to overcome the propagation of fire. Stair-transition indicates a 

dynamic balance between the development and suppression of combustion. In the 

dataset, the amounts of samples with stair- and peak-transitions are 28 and 22, 

respectively. 
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Fig. 4-22 Types of HRR curves in collected dataset: (a) amount distribution; (b) examples 

of 3 types 

 

Fig. 4-23 Comparing the simplifications and measurements of polymer composites. 

The Fig. 4-23 is the comparison between simplifications and real measurements of 

HRR of 5 experimental samples for validation. Blue curves stand for the measured 
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HRR and yellow for simplified curves. The simplifications have excellent 

consistency with measured ones. Although there are fluctuations ignored, evident 

peaks and HRR transitions over time are well reserved. The measurement of HRR 

based on oxygen consumption is highly susceptible to facility adjustment, 

surrounding conditions and researcher operations. There are no two identical 

combustion processes in the testing. As a result, repeated experiments must be 

conducted on samples in the same batch to avoid abnormal results. The 

simplification method here can significantly reduce the difficulty in modelling in a 

way that loses as little information as possible, assuming that there are no critical, 

objective influences caused by the environment. More attention is then paid to the 

developing trends of HRR of the combustion processes in the cone calorimeter test. 

4.5.2. ML framework of chained models 

Three commonly used statistical model indices (R2, MAE and RMSE) are 

calculated for all 9 models in Table 4-3. In test set, predicting “curve_type” has the 

highest R2 of 0.89. Other models predicting the 𝑡 and ℎ𝑟𝑟 coordinates also exhibit 

high R2 varied between 0.83 to 0.87. Compared to the multi-class ranges of all 

target features, their mean errors are very small. MAEs for all models are equal 

to approximately 0.2. Although the RMSE is slightly higher in models aimed to 

predict ℎ𝑟𝑟 and later anchor points (trans-, decay- and after-point), it still remains 

at a low level below 1. 

Table 4-3 Model indices in training and test sets, including categories of all target 

features. 

Target 

feature 
Categories 

R2 MAE RMSE 

training 

set 

test 

set 

training 

set 

test 

set 

training 

set 

test 

set 

curve_type 0 - 2 0.99 0.89 0.01 0.17 0.07 0.53 

t_ignit 1 - 12 1.0 0.86 0 0.23 0 0.66 

t_devlp 3 - 13 1.0 0.84 0 0.19 0 0.5 

t_trans 7 - 16 1.0 0.85 0 0.24 0 0.68 

t_decay 7 - 19 1.0 0.83 0 0.26 0 0.65 

t_after 11 - 19 1.0 0.84 0 0.27 0 0.86 
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hrr_devlp 1 - 7 1.0 0.83 0 0.2 0 0.49 

hrr_trans 1 - 8 0.98 0.83 0.02 0.28 0.14 0.82 

hrr_decay 1 - 9 1.0 0.87 0 0.23 0 0.81 

 

Besides the above indices, the ROC metric using the micro-averaged one-vs-rest 

technique is calculated and plotted in this multi-category classification. In simple 

terms, the ratio of correct predictions to false ones is treated as predictive 

performance. The closer the whole ROC curve is to the top left, the higher the 

predictive accuracy reaches. Simply, AUC percentages can be rough judgment of 

the accuracy, which are above 90% in eight classification models, except for 

hrr_devlp with 89.76%, indicating effective classification results of our ML models, 

shown in Fig. 4-24. 

Seen from the evaluation indices shown above, the predictive accuracy of all 9 

target features is relatively high. The ML framework fits our MH-loaded polymer 

composites very well. On one side, the FR mechanisms of such long-term applied 

additives are almost transparent, which makes it easier to extract proper features 

purposefully; on the other side, conversion of the numeric regression to categorical 

classification has brought an advantage in prediction. 
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Fig. 4-24 Calculated ROC curves in predicting all target anchors (micro-averaged one-vs-

rest)  

4.5.3. Important features affecting the HRR-change 

In our ML framework, selected features are divided into five groups concerning all 

aspects of sample preparation and CCT parameters. The feature groups are ranked 

by their Gini importance in Fig. 4-25 for all models. The sum of the importance is 

1 for all models. Higher importance means this feature group is more significant 

in deciding the target property. In feature selection, considering the feature 

importance is an essential part of the strategy. 

Due to the large number of features and models built in this part, we only chose 

the important aspects from the ranking of FI in all models. In all 9 models, the 

feature group “polymer matrix” representing by the purple bars takes either first 

or second place. Especially in predicting curve_type, the sum of all polymer-related 

features has the importance of 0.58, indicating that the properties of neat polymer 

dominant in deciding the development of HRR in CCT. Loading of MH affects 

mostly the hrr_devlp with 0.32 importance. In other models, the importance of 
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“metal hydroxide” is also comparable to the feature group “synergist”. Feature 

group “composites property” ranks first in models of t_decay, hrr_trans and 

hrr_decay, indicating their strong influence on the development of HRR over time. 

The influences of “experimental parameters” are lower than the above feature 

groups due to the fact that only up to 3 features are covered in this group. Although 

the CCT setup has a strong and complex influence, researchers intend to use 

similar parameters to ensure the reproducibility of experimental results. [107] 

Although the influence of feature groups, but the importance of single features 

behaves differently. Although the “polymer matrix” takes the first place in 

predicting t_ignit and t_devlp, the most important features are still the mass 

fraction of MH and residue mass of composites after TGA. It is not surprising that 

the main and most important FR mechanism is the formation of the physical 

barrier of metal oxide in the combustion process. The features related to mass 

fraction and burning residue decide the quantity and quality of this protective 

layer. Furthermore, the importance of the synergist’s amount and its oxygen 

content follows closely to MH loading since the synergist is intended to assist or 

enhance the layer structure. 
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Fig. 4-25 Importance of all features, coloured legends illustrate the parent groups of each feature
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4.5.4. Instantaneous prediction of HRR in the combustion phase 

The ML framework is designed to predict the development of HRR in the whole 

CCT process. Validation samples based on different polymers and loading of MH 

were prepared and tested. In Fig. 4-26, blue lines represent the measured HRR 

curves of all 5 samples, whereas the red ones are the predicted HRR curves re-

drawn through the five key anchor points. 

In general, predicted HRR curves are in high agreement with measurements of all 

samples, especially for EVA-1 and EP-4. Through the predictions of developing 

HRR, relative characteristics like time to ignition, peak HRR, time to peak HRR 

and total heat release from the CCT can be obtained as measured in reality. The 

trends of how HRR changes over time due to the addition of flame retardants and 

preparation of polymer composites are accurately maintained. The EVA-1 sample 

with valley-transition has the highest MH loading of 53 wt.-%, which makes it 

extremely effective in lowering the heat release. The predicted HRR looks almost 

overlapped with the measured HRR. The same high accuracy in predicting is 

observed in the EP-4 sample containing 20 wt.-% ATH and 1 wt.-% of MOF. 

Through the development of HRR curves, the addition of MOF enhances the effect 

of flame retardancy, leading to the continuous decrease of HRR in the transition 

phase. This can be found from the slightly denser and stronger residues left from 

samples after CCT in Fig. 4-27, which is also observed in other publications using 

MOF as FR additives [108]. 

However, there are still comparable errors. The prediction of HRR curves is 

realized by segmentation and reassembling combustion phases, which are affected 

by complex physical and chemical compositions in the burning inside CCT. 

Theoretically, the precursory simplification of HRR curves assumes that the HRR 

shall have evident change (i.e., achieving local maximum or minimum, or plateau 

value with enough long time) in entering next combustion phases. But some 

measurements do not always show clear anchor points in CCT results, leading to 

inaccuracy in collecting data for training the models. Another error in 

simplification is the ignorance of small fluctuations of real curves. The testing 

curves in physical space are not as smooth as our re-drawn lines. These small but 

disharmonious changes can be responses of HRR to the sensitive testing conditions 

or simply measuring errors.  
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Fig. 4-26 Comparison between measured and predicted HRR curves for EVA and EP 

samples 

 

Fig. 4-27 Residues of burnt samples after CCT, (a) and (b) are the porous structure of EP 

based composites with 20wt-% ATH; (c) and (d) are samples with additional 1 wt-% Fe-

BTC 
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The last disadvantage of this ML framework is the prediction of sharp peaks, which 

last only for a short time in HRR curves, i.e., the prediction of EVA-2. Such sharp 

peaks of HRR usually happen in the violent burning of small amounts of fuel or 

theoretically thermal thin samples like neat polymers with high flammability. On 

one side, our framework categorized the time characteristics with logarithmic 

processing, making the model un-sensitive to the change in a small-time range. On 

the other side, suitable FR composites are expected to have low peak HRR and 

suppressed HRR over time. The data collected from publications and experiments 

come from the efforts made in this direction, which causes inaccuracy in predicting 

sharp peaks similarly. 
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5. Conclusions 

5.1. Summary of ML models 

The machine learning approach based on (big-)data analysis is a promising route 

for materials investigation and development through the prediction of required 

properties. The models foreknow the properties of the formulation, distinguish the 

critical influence factors and indicate the direction how to optimise the formulation 

of materials. However, the building of ML models depends significantly on the 

collection and processing of data. This work faces the polymer composite with FR 

ability as the target object. In this work, we have successfully developed the 

predictive models for final properties of FRPCs, which are established in four 

phases: modelling for individual FR systems and final integration. The imported 

datasets are retrieved from either public literature or old experimental results 

from our group. As target properties of FRPCs are the typical characteristics of 

CCT, namely TTI, PHRR and THR. Based on different sub-works, more target 

properties like the flame-retardant index, storage modulus of DMA and limiting 

oxygen index, are also predicted by several models.  

1. The MH-models have reached good prediction accuracy due to its simple FR 

mechanisms and effectiveness in high MH-loading. The R-squared values 

for all MH-models in training sets are close to 1 and those in test sets over 

0.81 (highest R2 of 0.9 for TTI-prediction). The implementation of 

supervised learning algorithm of Random Forest also provides the ability of 

feature importance analysis. It reveals that the amount of MHs is a prime 

governing factor for deciding CCT properties, especially in pHRR prediction. 

Features related to neat polymers are also important. Furthermore, a 

machine-generated virtual dataset contributes to reinforcing the decision-

making of proper formulation, providing suggestions about high mass 

fractions of MHs, high content of silicon, low addition of synergists, and low 

processing temperature in sample preparation.  

2. In the MOF-system, RF, SVM and AVG-models are built through the 

collected data. Compared to MH-addition, the loading of MOF in polymer 

composites have more complex influences on the burning behaviour of sheet-

like samples in CCT. Except for CCT results, the storage modulus at room 
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temperature is also involved. The models predicting all four properties have 

reached 0.75 in testsets, and their AUC values representing the 

classification accuracy are over 80%. In addition, the storage modulus of 

polymer composite is principally influenced by the mechanical property of 

neat polymer. Although MOF is added with the aim to improve the 

mechanical property of FRPCs, the addition of MOF has only moderate 

impact. From TTI(SVM) model, highly thermal stable polymer matrix with 

“MIL-type” MOF can prolong the TTI of polymer composite accordingly. As 

to pHRR and THR, the influence of other flame-retardant additives gains 

prominence.  

3. LDH-system has the similar results of ML modelling. With the high R2 

values in testsets of AVG-models predicting TTI, pHRR and THR, the 

classification accuracies are exhibited with confusion matrix of the 

misclassifications. The AUC values of the AVG-models are close to 90%. The 

analysis of feature importance indicates that the interlayer distance of 

LDHs have at least moderate influence on the CCT results, and the organic 

modification affect significantly the release of heat during the combustion 

process.  

4. These ML models built for the individual FR systems have demonstrated 

the possibility of developing usable models to predict certain properties of 

polymer composites with less than 300 rows of data, without meeting the 

common requirements of the big data. An attempt to build the ultimate 

models to predict fire performance of FRPCs, which contain MH, MOF or 

LDH as functional additives, together with other FR chemicals, has been 

conducted with classifiers. The RF classifiers have shown potential accuracy 

in predicting the categorized properties. The R2 values of these models in 

testsets can reach up to 0.8 in some cases. With the increase in the size of 

dataset, ML models should exhibit higher performance in making prediction 

of CCT properties of all kinds of FRPCs. 

5. Besides, we proved that not only the single property, but also the 

development of HRR against time is able to be predicted by integrated ML 

framework. The whole framework consists of key-points-simplification, 

chained-modelling and HRR-curve-recovery. Five key anchor points 

marking combustion phases are selected to represent the HRR development 

without losing much information. Models are built with the RF classifiers 

and R2 values varying from 0.83 to 0.89 in test sets indicate high accuracy 
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in predicting all desired target properties. Low errors below 1 level for all 

categories are also achieved in all models. Feature importance analysis 

contributes to selecting features and improving predictive performance. 

Although the ranking of all feature groups shows that the influence factors 

on HRR still come from all aspects, the latter part of HRR curves is more 

influenced by features related to MH loading and composites properties, 

while the features about neat polymer affect transition phase and time to 

ignition more deeply. 

To conclude, this study has retrieved 828 data points from the publications in the 

last decade, structured with over 50 features covering the influence factors from 

various sources. The FR systems in this work has referred to the simple inorganic 

fillers, novel MOFs, organic-modified LDHs and intumescent flame retardants. 

The formulations of FRPCs involved in this work vary from the selection of polymer 

matrix, combination of various FR additives and different preparation and 

characterisation methods. We have conducted the feature engineering to select 

proper descriptors to introduce necessary information to make predictions of the 

results from CCT, DAM or LOI test. These features do not require highly 

specialized or expensive instruments to measure. Most of them are accessible from 

the publicly available database or literature. Although there are some descriptors 

not accurate enough to manifest e.g. micro-structure or morphology, the 

application of variety of indirect features has been used to complement this 

information loss. 

This work has proven that it is possible to build ML models with certain accuracy 

to predict the fire performance of complex polymer composites, just based on the 

data collection by individual person. Therefore, it is evident that we are able to 

establish more reliable and accurate big-data models to assist the investigation 

and characterization of various materials. A comprehensive, extensive, and 

trustworthy database about the materials, founded by authoritative organizations 

or important groups, is the necessary condition for the advancement of materials 

informatics. With the development of science technology, the improvement of 

computer technology, the proliferation of high-performance processors, and the 

broadening horizons of researchers, using high-performance machines to assist the 

traditional experiments has become increasingly attractive. At the same time, the 

mathematical models, either constructed with computational technology or built 
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upon the big-data analysis, will definitely play an increasingly significant role in 

the research and development of new materials in the future. 

5.2. Future plan 

In the PhD work during the last four years, data-driven mathematical models have 

been built to predict the CCT properties of FRPCs. The predictive accuracy of the 

above-mentioned models have been illustrated in the contents. However, the 

performance of the computational models have the possibility to find more 

applications in other aspects and the potential to be improved for advanced usage. 

In the future, there are mainly two directions following this PhD work: 

optimisation of the comprehensive big-data model and expansion of the application 

scenarios. 

5.2.1. Optimisation of the “big model” 

As we described before, the complexity and performance of a ML model is strongly 

correlated with the problem being studied. Standard FRPC is consist of the 

polymer matrix and functional additives. These polymers have different chemical 

compositions, molecular structures, and processing parameters, leading to unique 

physical properties in products. Meanwhile, the application of functional additives 

produces various chemical and physical processes in the preparation of polymer 

composites. Therefore, our work began with the simple FR-systems and expanded 

to the whole FRPCs. But the performance of the ML models for predicting the 

properties of any kind of FRPCs (in section 4.4) has still potential to be optimized. 

1). The most effective and urgent method to enhance the big model is to add more 

data into the machine. As mentioned in last chapter, we have 828 records to build 

the final model for FRPCs with any kind of additives. However, taking into 

consideration that we have over 10 types of polymers, 80+ types of FR additives, 

5+ preparation processes and different modification methods on the additives, 

these records are actually not enough. The formulations, or data points in the 

dataset comes from personal collections by reading public literatures. In order to 

obtain more data, we intend to carry out cooperation with other research groups 

and share part of the research data. Furthermore, we have developed a software 

for simple prediction of CCT results of certain FRPCs. We are able to collect the 

experimental details of the customers with informed consent. Besides, the 
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literature survey covering the FRPCs will not stop. Our goal is to increase the 

number of data in the dataset to over 1000. 

2). Feature space optimization is necessary to achieve better performance.  Unlike 

the pure mathematic problems, the different working mechanisms of FR additives 

require to provide different features for different FR-systems. In the work that has 

already been done, features of all FR-additives have been generalized to reduce the 

number of features. This leads to the disadvantage of losing key information of 

specific additives, deteriorating the predictive accuracy of ML models. To prevent 

the information loss while maintain the similar number of features, we plan to 

consolidate the features of single FR-systems into one feature to reduce the 

dimension of feature space. The disadvantage of feature dimensionality reduction 

(FDR) is that you can hardly find out the influence of separate feature on the target 

properties. 

3). Using different modelling strategy is worthy trying. Besides the RF and SVM 

models, the deep-learning models have different performance on complex 

problems. As an example, the algorithm multi-layer perceptron (MLP) consisting 

of different activation layers between input and output, simulating the human 

brain can provide more insights in ML modelling from other aspects. Although we 

have tried to build MLP models with the whole dataset and the results are not 

optimistic, the attempt to build deep-learning models after increasing the size of 

dataset and feature engineering is still meaningful. 

5.2.2. Expansion of application scenarios 

Our research focus is the characterization of FRPCs in CCT. Other properties of 

polymer composites can be predicted likewise. In the models of MOF-system, we 

have conducted the prediction of mechanical properties of the composites and the 

model performance has reached good results. 

Besides the CCT, there are other commonly used methods to evaluate the fire 

performance of FRPCs like LOI tests and UL-94 test. The former characteristic 

has been involved in our previous contents. In the next period, the construction of 

ML model to predict the LOI values of various FRPCs (polymer matrix with any 

kinds and numbers of FR additives) is ongoing. A dataset consisting of 790 data 

points that were revealed from the same literatures has been put into analysis. 

Results shows that the selection of FR additives have significant influence on LOI 
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values of FRPCs, especially the inorganic fillers (MHs). Early model to predict the 

LOI indicates that the existing dataset does not meet the requirements for better 

predictive performance: the data related to FRPCs in MH-system dominants in the 

supervised learning process. Thus, feature engineering is necessary to be 

conducted before further modelling. This research can be transferred to build 

predictive models for UL-94 results in the same manner. 

Another aspect of the application is the prediction of mechanical properties, which 

are the important parameters deciding how the products can be used in industry 

or daily life. In this part, the work is consisting of four steps that starts with the 

data collection too. The following and most important step is the selection of 

features that exhibit the influence factors from the aspects of materials and 

processing. Unlike the FR effect, the development of mechanical performance has 

relationship with the microstructural changes, molecular configurations, physical 

dispersion and possible defect distribution. These information should be contained 

by the input features. The subsequent modelling and evaluation steps will utilize 

similar methods mentioned in our work. With the integrated models covering all 

aspects of FRPCs, it is possible to customize the properties of polymer-based 

products for different application, achieve the accurate regulation of the 

formulations. 
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Annexes 

All the data for ML modelling are collected from public literature. There are in 

total 150 publications used in this work. Below is the list of all involved papers. 

MDH-dataset: [109–133] 

MOF-dataset: [50,134–191] 

LDH-dataset: [49,50,192–227] 
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