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Abstract
It is of significant importance to design flame-retardant polymeric composites (FRPCs) with superior flame 
retardancy and appropriate mechanical properties. However, discovering such materials is often reliant on 
serendipity, as the conventional “trial-and-error” approach is inadequate for navigating the vast virtual space. To 
overcome this challenge, we propose an active generative design framework to accelerate the development of 
FRPCs within the expansive virtual space. This framework operates as a closed-loop system, integrating machine 
learning, knowledge-embedded generative model, and experimental exploration. Through this approach, we 
derived two interpretable linear expressions and identified a key composition threshold that when the mass 
fraction of zinc stannate is below 2.5% and that of piperazine pyrophosphate exceeds 12.5%, the flame retardancy 
of polypropylene (PP)-based FRPCs is significantly enhanced. By processing and characterizing 10 FRPCs, we 
successfully designed two composites with flame retardancy improved by 1% compared to the top-performing 
reference FRPC in the initial dataset - without compromising mechanical properties. This work effectively resolves 
the trade-off between flame retardancy and mechanical performance at a low cost, demonstrating a promising 
pathway for the accelerated discovery of PP-based FRPCs with balanced properties.
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INTRODUCTION
Recently, functional polymeric materials have been developed to meet diverse needs across various fields[1,2]. 
Due to exceptional mechanical properties, excellent chemical stability, outstanding cost-performance ratio, 
and facilitated processing properties[3,4], polypropylene (PP) has been widely utilized in the electronics[5,6], 
automobile[7,8], packaging[9,10], architecture[11,12], textile[13,14], e n v i r o n m e n t a l  protection[15], a n d  m e d i c a l  
industries[16,17]. However, its inherently low flame-retardancy poses a significant fire hazard, limiting its 
broader application[18,19]. Consequently, it is of paramount importance to enhance the flame-retardancy of 
PP.

Since the 1970s[20], halogenated flame retardants have been extensively employed to improve the flame 
resistance of PP-based composites[21,22]. These retardants release halogen free radicals during combustion, 
which scavenge active hydrogen and hydroxyl radicals, thereby terminating further flaming. However, the 
emission of toxic gases during this process has raised serious environmental concerns, leading to regulatory 
restrictions and bans on halogenated flame retardants[23]. As a result, halogen-free flame retardants have 
emerged as effective and environmentally friendly alternatives. These retardants form a dense carbonized 
layer upon flaming, insulating oxygen and preventing further combustion. They have enhanced flame-
retardancy of PP-based flame-retardant polymeric composites (FRPCs)[24,25], with the highest reported 
limited oxygen index (LOI) reaching 39.9%[26]. However, the large filler loadings required for enhanced 
flame retardancy often compromise the mechanical properties of PP-based FRPCs, restricting their practical 
applications. Therefore, it is urgent to propose a solution to enhancing the flame-retardancy of FRPCs 
without compromising mechanical properties. Given the vast virtual space and the high cost and time 
investment associated with conventional “trial-and-error” approaches[27], it is challenging to design PP-
based FRPCs with balanced flame-retardancy and mechanical properties.

Machine learning (ML) uncovers the hidden correlations within existing data, predicts uncharted 
territories, and identifies novel materials, thereby accelerating the development of copolymer materials[28,29], 
thermal conductive polymer materials[30,31], organic solar cells polymeric materials[32,33], perovskite 
optoelectronic materials[34,35], perovskite solar cells[36,37], high entropy alloys[38,39], amorphous alloys[40,41], metal-
organic frameworks (MOFs) catalyst[42,43], and organic semiconductor materials[44,45]. In the field of PP-based 
FRPC design, ML has demonstrated considerable potential. For example, Chen et al. successfully combined 
ML with experimental validation on small datasets to design optimized PP-based FRPCs[46,47]. However, the 
PP composites contain multiple fillers, which may cause data sparsity in the high-dimensional small-sample 
PP composites dataset. Sparse data is unable to depict the complete relation between features and 
properties, leading to big challenges for material design[48,49]; thus, the direct recipe-property prediction is 
still elusive because of the comparably small databases[50], because small database may cause the model over-
fitting or under-fitting[51,52], affecting the prediction accuracy of the model and complicating the exploration 
of recipe-property relation[53,54]. Active learning strategy can explore the accurate insights for further design, 
thereby accelerating the discovery of novel materials with reduced costs, ensuring a more reliable and 
accurate design process[55,56].

Here, we proposed an active generative design framework to discover the halogen-free PP-based FRPCs 
with enhanced LOI and appropriate tensile strength (TS). The framework integrates ML, generative model 
(GM) and experimental exploration in a closed-loop process. First, the data collected from literature and 
experiments was preprocessed. Then, five algorithms were considered to select the optimal algorithm for 
further optimized models for both properties. Next, a knowledge-embedded generative design approach 
was applied to generate virtual FRPC candidates within the prior distribution space. The optimal models 
were then used to screen these candidates, selecting those with superior LOI and appropriate TS for 
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experimental validation. The experimental results were subsequently fed back into the dataset to refine the 
models, and the iterative process continued until the desired FRPCs were successfully identified. After two 
iterations, two FRPCs with exceptional LOI and appropriate TS were designed, with 1% improvement of 
LOI and comparable TS to the reference FRPC. Our framework not only offers a rational method to 
accelerate the design of FRPCs, but also elucidates the relationship between mass fraction and properties 
through interpretable linear functions. Moreover, it addresses the contradiction between flame retardancy 
and mechanical properties of FRPCs.

MATERIALS AND METHODS
Here, we proposed an active generative design framework to design PP-based FRPCs with desired LOI and 
appropriate TS. The workflow of the framework can be represented as Figure 1. It encompassed four parts. 
(A) Data collection and preprocessing, which involved data collection and data preprocessing to ensure data 
quality and usability; (B) Model establishment and selection. The appropriate models were established for 
further FRPCS design; (C) Generative design. The optimal models and GM were combined to design virtual 
FRPCs with desired properties; (D) Experimental exploration. The obtained novel experimental FRPCs are 
fed back to the original dataset to improve the performance of model and design new FRPCs in next 
iteration.

Data collection and preprocessing
The original 227 LOI data and 233 TS data were collected from our previous work[46,47] and additional 
experiments. Each data point contains the mass fraction of PP matrix and fillers, with corresponding 
properties (LOI or TS), and the data are stored at https://github.com/WYDCXHJLMWB/Data-and-
Software-sharing. To ensure data quality, an outlier detection and removal process was executed to mitigate 
the impact of outliers on the subsequent ML models. For this purpose, isolation forest, one-class support 
vector machine (SVM), and local outlier factor (LOF) were employed; these algorithms labeled each data 
point with a 0 (normal) or 1 (anomaly). A data point was considered as an outlier and subsequently 
removed if at least two of the three algorithms flagged it as such. After outlier deletion, the preprocessed 
data were randomly split as training set and test set according to the ratio 4:1. To neutralize the effects of 
varying data scales, standardization was performed on the dataset using the scikit-learn 1.5.1.

Model establishment and selection
The mass fractions of fillers and matrix of the composites were extracted as key features for model 
construction. A comparative analysis was then conducted among five ML algorithms: support vector 
regression (SVR), ridge regression (Ridge), gradient boosting regression (GBR), robust extremely gradient 
boosting regression (XGBoost), and random forest regression (RF). This goal was to identify the optimal 
models for two properties. In model selection, the interpretability and model performance were 
comprehensively considered. Pearson correlation coefficients (r), coefficient of determination (R2) and root 
mean squared error (RMSE) were set as the estimating indicators of the models. Higher values of r and R2, 
and lower RMSE values, indicate better model performance. To assess the robustness of each model, leave-
one-out cross-validation (LOOCV) was employed on the training set. Meanwhile, the test set was utilized to 
gauge the generalization capabilities of models; notably, the test set is applied after hyperparameter 
optimization. When selecting the optimal algorithm, model interpretability was prioritized when the 
performance of different algorithms was comparable. Linear models, such as Ridge regression, offer high 
interpretability by representing the relationship between features and target properties through explicit 
linear equations. For instance, as depicted in Supplementary Figure 1, in the prediction of LOI, the 
nonlinear models SVR, XGBoost, GBR, and RF achieved LOOCV R2 values of 0.907, 0.942, 0.958, and 0.956, 
r of 0.955, 0.971, 0.979, and 0.978, and RMSE values of 2.393, 1.893, 1.612, and 1.642, respectively. In 
comparison, the linear Ridge model achieved an R2 of 0.944, r of 0.971, and RMSE of 1.857 under LOOCV. 

https://github.com/WYDCXHJLMWB/Data-and-Software-sharing
https://github.com/WYDCXHJLMWB/Data-and-Software-sharing
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
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Figure 1. The workflow of the active generative design framework for FRPCs. FRPCs: Flame-retardant polymeric composites.

Given the similar performance between the nonlinear models and Ridge, the Ridge model was selected as 
the optimal one due to its inherent interpretability. Then, the optimal models for two properties were 
optimized via grid search method, the optimization was aimed at searching for the appropriate 
hyperparameter sets resulting the best model performance. The process of model construction is depicted in 
Supplementary Figure 2. After gaining the optimized model, the stability of the optimized models was 
evaluated by randomly splitting the training set and test set based on the ratio 4:1 repeatedly 100 times, and 
the average results of the repetition were considered to validate the stability of the models.

Generative design
The design of the FRPCs was conducted based on GM. In this process, GM, ML models, and sampling were 
combined to perform a large-scale search of desired FRPCs. Initially, Wasserstein autoencoder (WAE)[57] 
was applied to learn the low-dimensional latent distribution of the original dataset. The essence of WAE is 
to minimize the maximum mean discrepancy (MMD)[58] between latent distribution of original dataset and 
Gaussian prior. The MMD quantifies the difference in moments between two distributions, with a smaller 
MMD indicating greater similarity between the distributions. Then, the Gaussian mixture model (GMM) 
was applied to describe the distribution of the optimal latent space. Finally, virtual materials were generated 
using Metropolis-Hastings Markov chain Monte Carlo (MCMC) sampling in the latent space. The MCMC 
sampling starts with the initial point in the low dimension, and the next sampling will be based on the prior 
distribution - Gaussian distribution. The GMM was applied to calculate the acceptance probability of the 
candidate. The acceptance probability is the measurement of the distance between the sampling points and 
prior distribution. The candidates were sampled by minimizing the acceptance probability, thus 
approaching the prior distribution. When decoding, the rules gained from the ML models were embedded 
to the GM as constraints of reconstructing the data. Then, the constructed ML models were applied to select 
FRPCs with excellent LOI and appropriate TS for further experimental exploration.

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
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Experimental exploration
The synthesis steps were as follows. First, PP, piperazine pyrophosphate (PAPP), melamine polyphosphate 
(MPP), zinc stannate (ZS), and anti-drip-agent (ADA) were dried in the 105 °C-oven for 8 h to prevent the 
formation of bubbles when processing which would influence the property of materials. Second, measuring 
the mass of each component of FRPCs. Then, the components were mixed in the high-speed mixer to form 
symmetrical mixture. Then, the mixture was put into the Twin-screw extruder (TSE-20 type) for melt 
blending, setting the temperature of the melt blending process as 195 °C. After air cooling, the master batch 
of PP flame retardant composites was prepared by the pelletizer. In order to meet the needs of property 
tests, the standard specimens of the PP-based FRPCs were prepared by putting the dried master batch into 
the injection molding machine. Here, the master batch were dried in the same condition mentioned above.

After synthesis of the standard specimens of the FRPCs, the LOI and TS tests were conducted. The LOI 
values of the designed FRPCs were tested by Oxygen index tester (Model 5801A). According to the GB/
T2406.2-2009, the minimized oxygen concentration to maintain the combustion of samples in the nitrogen 
and oxygen mixture was recorded as the LOI of the samples. The TS of the FRPCs was tested by a universal 
testing machine (UTM). According to ASTM d638 standard, the sample for tests was fixed, and the rate of 
tensile was set as 50 mm/min; in the process, the Stress-Strain Curves of materials were recorded to gain the 
TS. In order to remove experimental error, each sample was tested twice parallelly during the TS test.

Then, the novel experiments fed back to the original dataset to improve the performance of models and 
accelerate the process of designing desired FRPCs. There are five FRPCs with highest LOI (43%) in the 
original dataset, and the FRPC with the best TS among them was considered as reference FRPC. If the 
designed FRPCs show enhanced LOI and comparable TS to the reference FRPC, the active iteration stops.

RESULTS AND DISCUSSION
Interpretable Ridge models construction
The distribution of the LOI and TS values in original data is depicted in Supplementary Figure 3A. It is 
evident that the LOI values span from a minimum of 19 to a maximum of 43, while the TS values range 
from 10.434 to 22.35. A clear negative correlation between LOI and TS is observed in Supplementary Figure 
3B, which can be attributed to the incorporation of substantial amounts of flame retardants. After outlier 
deletion, the LOI data reduced from 227 to 217, and the TS data reduced from 233 to 228. This curation of 
the dataset is essential for enhancing the reliability of subsequent models.

The mass fractions of fillers and matrix of the FRPCs were leveraged to construct models using five ML 
algorithms. As depicted in Figure 2A, in the initial iteration of the active framework, nonlinear and linear 
algorithms exhibit notably high R2 and r values for LOOCV, with values all exceeding 0.9 for the LOI model. 
These results underscore the exceptional robustness of these models. Notably, the linear model shows 
almost the same model performance as the nonlinear models, illustrating commendable robustness (R2 of 
0.944, r of 0.971, and RMSE of 1.857 under LOOCV), coupled with its inherent interpretability. Adhering to 
the principle of “Ockham’s Razor”[59], which advocates for simplicity and practicality in model selection, the 
Ridge algorithm was chosen for further application. Although the linear model is unable to express the 
inherent nonlinear relation in electric conductive polymer composites[60,61], the Ridge model illustrates 
excellent robustness for this dataset. To further optimize the Ridge model, a grid search method was 
employed to identify the optimal regularization parameter (alpha). As illustrated in Figure 2B, when alpha 
was set to 0.1, the model shows outstanding robustness (R2 of 0.945 for LOOCV) and commendable 
generalization ability (R2 of 0.919 for the test set).

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf


Page 6 of Ma et al. J. Mater. Inf. 2025, 5, 35 https://dx.doi.org/10.20517/jmi.2025.0915

Figure 2. (A) The comparison of the five algorithms in the first iteration for LOI and TS models; (B) The functions between the 
experimental and predicted values of LOI and TS models; (C) The average results of repetition of 100 times of random splitting in the 
first iteration for LOI and TS models. LOI: Limited oxygen index; TS: tensile strength.

Subsequently, the training set and test set were randomly split 100 times to assess the model’s stability. The 
average r, R2, and RMSE were calculated from these repetitions. As presented in Figure 2C, the average 
results closely resemble those of the optimized model, with the deviation of results remaining within a 
narrow range, thereby confirming the stability of the LOI-Ridge model.

For the TS model, the Ridge model stands out for its excellent interpretability, coupled with strong 
robustness, as evidenced in Figure 2A. As a result, the Ridge model was chosen as the optimal model for TS. 
The TS model was further refined using the grid search method. As shown in Figure 2B, when the alpha is 
set to 16, the robustness of model improves, with the R2 of LOOCV increasing from 0.717 to 0.722. And it 
represents commendable generalization ability. Chen et al. constructed a TS Screening and Sparsifying 
Operator (SISSO) model for FRPCs with the results that the R2 of test results is lower than 0.5[46]. Joo et al. 
constructed a TS deep neural network model with the RMSE of 4.9358[62]. Our constructed TS model 
illustrates better R2 of 0.752 and RMSE of 1.246 for test set. We consider improving the LOI prior to 
improving the TS, thus in spite of the medium-level model performance of TS, it can meet application 
requirements. To confirm the stability of the TS model, the random splitting process was repeated 100 
times, and the average model results were used for stability verification. As depicted in Figure 2C, the 
average outcomes of these repetitions closely match those of the optimized model, with the deviation of 
results remaining within a narrow range, thereby confirming the stability of the TS model. The function 
between the experimental and predicted values of LOI and TS is shown in Figure 2B. The scatter plots, 
which cluster closely around the diagonal line, affirm the remarkable robustness and generalization 
capabilities of models. Notably, the Ridge models elucidate the relationship between the features and the 
properties through interpretable linear functions, offering greater transparency compared to those 
constructed by Chen et al.[46]. The models established accurate, interpretable and concise equations with 
physical insights, facilitating the proposal of general scientific laws. Notably, since the types of matrix and 
fillers are consistent across all samples, and the processing parameters are also identical, it is unnecessary to 
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consider molecular structural parameters and processing conditions in this dataset. However, this may also
imply a potential limitation of the current models.

Knowledge discovery
The optimized LOI-Ridge model in the first iteration can be expressed as:

yLOI = 49.405 + (-25.456) × PP + (43.691) × PAPP +(3.774) × triazine carbonizing agnet (TCA) + (-6.544) ×
hydroxy zinc stannate (ZHS) + (-8.947) × ZS + (-8.063) × Mg(OH)2 + (-0.591) × DOPO + (-12.459) × MPP +
(0.165) × pentaerythritol + (10.167) × ammonium polyphosphate (APP) + (-0.171) × ethylene bis-stearamide
(EBS) + (0.078) × ADA + (-0.114) × silane coupling agent + (-0.478) × Al(OH)3 + (-0.015) × zinc borate (ZnB)
+ (0.486)XiuCheng flame retardant (XiuCheng) + (1.306) × wollastonite + (1.008) × XS - FR - 8310 + (1.471)
× XS - HFFR - 8332 + (0.626) × ZBS - PV - OA + (0.285) × M - 2200B + (-0.004) × char forming agent (CFA)
+ (-0.016) × ammonium octamolybdate + (-0.014) × antimony oxides + (-0.184) × antioxidant                      (1)

And the optimized TS Ridge model in the first iteration can be expressed as:

yTS = 15.899 + (3.493) × PP + (-0.214) × PAPP + (0.033) × TCA + (0.137) × ZHS + (0.433) × ZS + (3.708) ×
Mg(OH)2 + (-1.416) × DOPO + (-1.893) × MPP + (0.002) × pentaerythritol + (-0.085) × APP + (-0.001) × EBS
+ (-0.127) × ADA + (-0.0004) × silane coupling agent + (-0.057) × Al(OH)3 + (0.011) × SiO2 + (0.005) × ZnB +
(-0.620) × aluminum hypophosphite (AHP) + (-0.700) × wollastonite + (-0.671) × XS - FR - 8310 + (-0.736) ×
ZBS - PV - OA + (-0.612) × EPFR - 1100NT + (-0.644) × M - 2200B + (0.0) × FP - 250S + (-0.078) × CFA +
(-0.013) × ammonium octamolybdate + (0.045) × antioxidant                                                                            (2)

where each coefficient depicts the impact of the feature. It is evident that the PAPP is the most important
feature for the LOI model with the largest coefficient. The addition of PAPP, ADA, and wollastonite
improves LOI, while the ZS, Mg(OH)2, 9,10-dihydro-9-oxa-10-phosphaphenanthrene-10-oxide-
phosphonamidate (DOPO), and MPP are detrimental to the LOI. Moreover, it is obvious that the addition
of ZS is positive to the TS, while the addition of DOPO is detrimental to the TS. The coefficient of FP-250S
is 0, indicating the slight impact of the feature. This is because only one FRPC contains the FP-250S in the
original dataset, the model was unable to find any rules of the FP-250S. In order to research the synergistic
effects of different features, the linear equation was extended by adding interaction term. Here, the
interaction term was created by multiplying PAPP and MPP. According to the extended LOI equation in
the Supplementary Materials, the positive coefficient of the interaction term indicates the positive
synergistic effects of PAPP and MPP for the LOI, which can be explained by the synergistic effect between
PAPP and MPP in the gas phase and the condensed phase[26]. Similarly, the interaction term in the extended
TS model is positive, signifying a beneficial synergistic effect on TS.

According to the statistical analysis of original data of LOI [Figure 3A], when the addition of ZS is below
2.5% and the addition of PAPP is above 12.5%, the FRPCs tend to exhibit a higher LOI, as shown in
Figure 3B, the TS tends to be higher when the content of PAPP is smaller.

While the linear equations highlight the importance of each filler and correlation between each filler and
properties, they are unable to provide insight into the optimal filler range for addition. Therefore, the
SHapley Additive exPlanations (SHAP) method was employed to better understand the relationship
between features and properties, allowing for the identification of the optimal ranges for each feature. The
feature importance reduces from top to bottom in Figure 4A. The PAPP is the most important feature for
the LOI, which is consistent with the rule concluded by coefficient of the LOI-Ridge equation. The global

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
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Figure 3. (A) The statistical analysis of the effect of ZS and PAPP on LOI original data; (B) The statistical analysis of the effect of ZS and 
PAPP on TS original data. ZS: Zinc stannate; PAPP: piperazine pyrophosphate; LOI: limited oxygen index; TS: tensile strength.

impact of SHAP is depicted in Figure 4B; the abscissa is the SHAP values; higher SHAP values with higher 
feature values reveal the positive impact of the feature on the target property. It is evident to find that the 
PAPP is positive to the LOI and the Mg(OH)2 is negative to LOI. According to the SHAP impact of each 
feature [Figure 4C], it is evident that when the addition of ZS is lower than 2.5%, and addition of PAPP is 
beyond 12.5%, the FRPCs tend to show increased LOI. It is transparent that the coexistence of PAPP and 
MPP is positive to the LOI when the PAPP is upper than 12.5% [Figure 4C], which is consistent with the 
rule found by the LOI-Ridge equation.

From the analysis, it is concluded that PAPP positively influences LOI, attributable to the synergistic effects 
of phosphorus and nitrogen. During combustion, nitrogen-containing compounds release non-flammable 
gases such as ammonia, which dilute the oxygen concentration and reduce fire intensity. Additionally, 
phosphorus and nitrogen together contribute to forming a thicker, more effective foaming carbon barrier, 
thereby improving flame-retardancy[63]. Moreover, Mg(OH)2 is found to have a detrimental effect on LOI, 
and the finding aligns with the patterns observed by Chen et al.[46]. This phenomenon can be attributed to 
the uneven dispersing performance of Mg(OH)2 in the PP matrix[64]. Additionally, the DOPO exerts a 
negative impact on TS, consistent with the observations made by Chen et al.[46].

Knowledge-embedded generative design
Drawing from the insights gleaned by the LOI and TS models, we identified PAPP and ZS as crucial fillers 
in the new FRPCs. The mass fraction of PAPP is mandated to exceed 12.5% due to its positive influence on 
LOI, while ZS should be limited to less than 2.5% to maximize its beneficial effect on TS while minimizing 
its negative influence on LOI. Additionally, recognizing the synergistic effects of PAPP and MPP, MPP is 
also designated as an essential filler in the new FRPCs. Considering the beneficial effects on the LOI, ADA is 
considered as a necessary filler as well; moreover, the addition of ADA can prevent the potential secondary 
fires during combustion caused by the dripping of PP. Furthermore, considering the positive impact of the 
addition of wollastonite on the LOI, it is another essential filler in new FRPCs.

Although considering the knowledge, the possible space contains C6
99, namely 75287520 kinds of FRPCs, 

according to the “Stars and Bars” combinatorial method, which is enormous for enumeration method. As 
shown in Figure 5A, based on the distribution of the original dataset, the WAE could generate new FRPCs 
according to the insights of models. Here, WAE was applied to learn the latent space of the original dataset, 
and the GMM was applied to depict the latent space. As shown in Supplementary Figure 4, different colors 

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
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Figure 4. (A) The feature importance and SHAP global impact of the LOI model in the first iteration; (B) The SHAP global impact of the 
LOI model in the first iteration; (C) The SHAP local impact of the LOI and the interaction of PAPP and MPP on LOI. SHAP: SHapley 
Additive exPlanations; LOI: limited oxygen index; PAPP: piperazine pyrophosphate; MPP: melamine polyphosphate.

of points represent different clusters in the latent space. The MCMC sampling was conducted in the latent 
space to sample virtual points. Then, during the decoding phase, we reconstructed the dataset based on the 
constraints of the insights gleaned from ML models to ensure viable FRPCs. The process of designing 
virtual samples includes a sampling process and a decoding process. In sampling process, the Metropolis 
Acceptance Criterion was applied to ensure that the distribution of generated samples is similar to the prior 
distribution. In decoding process, the insights gleaned from the models limit the decoding process strictly. 
This process maintains a trade-off between the exploration of new formulation spaces and conformity to 
knowledge-based constraints. The ML models were applied to predict the LOI and TS values of the virtual 
FRPCs. Ultimately, we have designed virtual novel FRPCs with predicted exceptional LOI and appropriate 
TS. As shown in Supplementary Figure 5 and Supplementary Table 1, none of the experimental LOI 
surpasses that of reference FRPC; however, the costs of all these materials are comparatively low, 
confirming the cost-effectiveness of the strategy.

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
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Figure 5. (A) Using GM and Ridge models to explore the virtual space; (B) The conceptual workflow of the tensile test of designed 
FRPCs. GM: Generative model; FRPCs: flame-retardant polymeric composites.

In order to design FRPCs with enhanced LOI and appropriate TS, the new experimental values are fed back 
to the framework to implement next iteration of the active framework. As shown in Supplementary Figure 6
, the Ridge model was selected again due to interpretability and consistent model results compared to 
nonlinear models. As shown in Figure 6, the R2 of Ridge LOI model for test set increases to 0.939, and the R2 
for the test set of the Ridge TS model rises to 0.771, reflecting improved generalization ability for both 
models. The stability of models is confirmed through the average results of repeated splitting with minimal 
deviations for the LOI and TS models [Supplementary Figure 7].

The equations for the LOI and TS Ridge models in the second iteration are detailed in the Supplementary 
Materials. The coefficients of the equations in the second iteration reveal that ZS and PAPP have positive 
effects on TS and LOI, respectively. Although ZS appears to be negatively correlated with LOI, SHAP 
analysis [Supplementary Figure 8] indicates that when ZS is below 3.5%, it has a positive impact on LOI, and 
when the PAPP is upper than 12.5%, the LOI tends to be higher. In this iteration, the insights regarding ZS 
and PAPP were updated by combining the rules derived from both the current and the previous iteration. 
Additionally, the chemists specialized in experiments could predict the LOI and TS of new PP-based FRPCs 
on https://github.com/WYDCXHJLMWB/Online-prediction-of-LOI-and-TS, which could be convenient 
for the material design of PP-based FRPCs. The insights were embedded to generative design again. The TS 
of the designed FRPCs was calculated according to the stress-strain curves [Figure 5B and Supplementary 
Figure 9]. The TS was obtained from:

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://github.com/WYDCXHJLMWB/Online-prediction-of-LOI-and-TS
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202505/jmi5009-SupplementaryMaterials.pdf
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Figure 6. The functions between the experimental and predicted values of (A) LOOCV of LOI model, (B) Test set of LOI model, (C) 
LOOCV of TS model, (D) Test set of TS model in the second iteration. LOOCV: Leave-one-out cross-validation; LOI: limited oxygen 
index; TS: tensile strength.

Here, the unit of stress is Newton. The maximum stress is obtained from the highest point of the curves, 
and the size of the specimen is 10 millimeters (mm) × 4 mm; thus, the cross-sectional area of the specimen 
is 40 square millimeters (mm2). The average TS of parallel test was recorded as the TS of designed FRPCs.

As shown in Table 1, two of the novel FRPCs exhibit superior LOI (with improvement of 1%) and 
comparable TS to the reference FRPC. The relative error (RE) between the predicted and experimental 
values is within the RMSE of ML models, validating the reliability of the constructed models. Furthermore, 
the costs of the designed materials are deemed acceptable; thus, they are promising for practical 
applications.

(3)
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Table 1. The experimental valuesa and predicted valuesb, and the RE of designed materials in the second iteration

No. PP PAPP ZS MPP ADA W LOI TS LOI RE TS RE Cost (RMB/kg)

FRPC-1 63.2 23 1.5 9 0.3 3 43.500a 
40.500b

15.845a 
15.553b

-6.91% -1.84% 16.203

FRPC-2 65.2 23 1.5 7 0.3 3 43.000a 
40.499b

16.940a 
15.716b

-5.82% -7.23% 15.863

FRPC-3 59.2 23 1.5 11 0.3 5 42.500a 
41.814b

16.146a 
14.961b

-1.61% -7.34% 16.523

FRPC-4 58.2 23 0.5 13 0.3 5 43.500a 
41.796b

15.303a 
14.820b

-3.92% -3.16% 16.403

FRPC-5 62.7 20 1 13 0.3 3 37.5a 
38.344b

17.208a 
15.330b

2.25% -10.91% 16.023

FRPC-6 61.7 23 1 9 0.3 5 43.000a 
41.809b

15.832a 
15.135b

-2.77% -4.40% 15.953

FRPC-6 is the reference FRPC. The unit of matrix and fillers is wt%, the unit of LOI is %, and the unit of TS is MPa. RE: Relative error; PP: 
polypropylene; PAPP: piperazine pyrophosphate; ZS: zinc stannate; MPP: melamine polyphosphate; ADA: anti-drip-agent, W: wollastonite; LOI: 
limited oxygen index; TS: tensile strength; FRPC: flame-retardant polymeric composite.

CONCLUSIONS
In summary, we have proposed an active generative framework aimed at designing PP-based FRPCs with 
superior LOI and appropriate TS. We have constructed two Ridge models for LOI and TS. These models 
provided valuable insights that guided our generative design. Integrating generative design with the optimal 
models for LOI and TS, we conceived novel FRPCs for further experimental exploration. After two 
iterations of the active generative framework, two of the designed FRPCs show enhanced LOI 
(improvement of 1%) with comparable TS to the reference FRPC. Additionally, the costs of all designed 
materials were relatively low, underscoring their practical potential for application. Our models revealed 
that when the mass fraction of ZS is below 2.5% and the mass fraction of PAPP exceeds 12.5%, the LOI 
tends to be higher. These insights offer valuable guidance for future experimental design. Overall, our 
framework merges active learning, knowledge-embedded generative design and experiments exploration to 
engineer FRPCs, proposing a solution to trade-off flame retardancy and mechanical properties of the PP-
based FRPCs. With the continuous development of experimental exploration, the accumulation of data in 
the future will enhance the model’s performance, accelerate material design, and deepen the understanding 
of the relationship between high-dimensional features and properties. This will not only help to reduce 
uncertainties but also pave the way for more reliable real-world applications.
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