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ABSTRACT 
Starch phosphate carbamates (SPC) have been a focal point in the research and development of sustainable flame retardants 
(FRs) for the past two decades. Within this framework, there is a notable emphasis on obtaining SPC with a high phosphorus 
content. Aligning with the contemporary trend of artificial intelligence and machine learning, the optimization of synthesis 
conditions for specific product properties can be efficiently achieved through their utilization. Hence, the objective of this study 
is to optimize the synthesis conditions, including the molar ratio of anhydroglucose units to urea and phosphoric acid, as well as 
the synthesis temperature and duration. The optimization is conducted via Bayesian optimization, aiming to maximize the 
phosphorus content and educt efficiency of SPC to obtain a potent, bio‐based FR. As a result, the phosphorus content and educt 
efficiency are increased to about 20.5% and 11.3%/mol, respectively.   

1 | Introduction 

Starch phosphate carbamates (SPC) have garnered significant 
attention in the realm of sustainable flame retardants (FRs) over 
the past two decades [1–12]. These compounds have found 
application as FRs across a diverse array of matrix materials, 
including wood, polystyrene foams, paper, cotton, and thermo
sets [13–17]. SPC represent a combination of starch, a cost‐ 
effective and natural feedstock, with the flame‐retardant attri
butes of phosphates [18–20]. The phosphatization process of SPC 
occurs in the presence of urea and a phosphatizing agent within 
the temperature range of 120°C–150°C for several hours. The 
hydroxyl groups of the anhydroglucose units (AGU) undergo 

transformation into various esters, encompassing functional 
groups like phosphate, ammonium phosphates, and carbamate 
groups (refer to Figure 1) [1, 7]. The molar ratio between the 
AGU of starch, urea, and the phosphatizing agent plays a pivotal 
role in achieving a high phosphorus content in SPC, predomi
nantly in the form of ammonium phosphate type functional 
groups [10]. Heinze and colleagues underscored that a molar 
ratio between urea and the phosphatizing agent of at least three 
is crucial for the successful synthesis of SPC with a high phos
phorus content [1]. 

In chemistry, the synthesis conditions for SPC, including the 
molar ratios of reagents, synthesis temperature, and duration, 
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have traditionally been derived empirically, often through trial‐ 
and‐error approaches on a limited subset of potential permuta
tions of conditions [1]. Comparing results from synthesis condi
tions that vary only in one parameter, such as synthesis duration, 
has provided insights into trends within the data set but falls short 
of predicting an optimized set of conditions for specific SPC 
properties. Given the heightened interest in SPC as bio‐based FR, 
maximizing their phosphorus content emerges as a logical objec
tive. Recent advances in the integration of machine learning and 
chemical synthesis have demonstrated the potential of such ap
proaches to accelerate reaction optimization, reduce experimental 
workload, and identify nonobvious optimal conditions in complex 
parameter spaces [21–23]. Phosphorus‐based FR mechanisms 
operate in both gas and condensed phases, involving processes like 
flame zone dilution, radical scavenging, dehydration reactions, 
esterification, cross‐linking, and aromatization of the matrix 
material [24–27]. In general, a higher phosphorus content corre
lates with increased FR efficacy. Therefore, leveraging machine 
learning presents a promising avenue for optimizing distinct SPC 
characteristics with a constrained number of synthesis conditions, 
that is, phosphorus content. Bayesian optimization (BO) enables 
the identification of optimal synthesis conditions from a vast pool 
of potential experiments [28–30]. Therefore, BO offers a viable 
approach to optimize the molar ratios of AGU, urea, and phos
phatizing agents, along with synthesis temperature and duration. 

However, optimizing the synthesis conditions for only max
imizing the phosphorus content of SPC might lead to a poor 
educt efficiency, meaning that increased molar ratios of urea and 
phosphoric acid to an under‐proportional increase in phosphorus 
content. Therefore, two additional target properties are defined:  

1. Phosphoric acid efficiency (P‐efficiency)  

2. Urea‐phosphoric acid efficiency (UP‐efficiency) 

The P‐efficiency ( P) is defined as follows: 

P
n

=P
%

PA
(1) 

where P% is the phosphorus content of the respective experi
ment and nPA the molar ratio of phosphoric acid. Equivalently, 
the UP‐efficiency ( UP) is defined as: 

P
n n

=
+UP
%

urea PA
(2) 

where P% is the phosphorus content of the respective experi
ment, and nurea and nPA are the molar ratios of urea and 
phosphoric acid, respectively. 

In this work, each of the three target properties—P ,% P, and 
UP—was optimized in independent BO runs. This approach 

allows the identification of synthesis conditions, meaning molar 
ratios of the reagents, as well as the synthesis temperature and 
duration, tailored specifically to each target property rather 
than forcing a compromise solution via multiobjective optimi
zation. While simultaneous multiobjective optimization could, 
in principle, identify trade‐offs between the targets, the focus 
here was to first determine the individual optima for each 
property with minimal experimental effort. 

2 | Experimental 

2.1 | Bayesian Optimization 

2.1.1 | Virtual Experiments 

To maximize the P ,% P, and UP of SPC, optimization focuses 
on adjusting the molar ratios of urea and phosphoric acid (PA), 
along with the synthesis temperature and synthesis duration. A 
grid approach is adopted to design the virtual experiments, 
encompassing a broad spectrum of synthesis conditions. The 
molar ratio of urea ranges from 1 to 15 in increments of 0.25, 
while PA's ratio varies from 1 to 5 in steps of 0.25. Similarly, 
synthesis temperatures span between 120 C and 140 C with 5° 
increments, and synthesis durations range from 1 to 3 h with 
half‐hour steps. These ranges ensure successful starch phos
phatization at the lower end and offer a broader exploration of 
molar ratios than previous studies [1]. Each step size is carefully 
chosen to yield definitive results while enabling noticeable 
differences in phosphorus content across different sets of syn
thesis conditions. These parameters yield a total of 24,225 
individual experiments within the virtual experiment pool. 

2.1.2 | Procedure 

For the BO process, 5 random experiments are selected from the 
pool of 24,225 virtual experiments as starting points. The target 
properties of these random starting experiments are then mod
eled separately using Gaussian process regression (GPR), em
ploying a dot‐product (DP) kernel and a radial basis function 
(RBF) kernel. This GPR model is implemented using the Baye
sianOptimizer module from ModAL [31, 32]. The selection of the 
RBF kernel function is deliberate, as it is anticipated that the 
optimal synthesis conditions for maximizing the target properties 
may not necessarily reside at the extremes of the feature space 
[33]. The P% of the BO of P, and UP are also included in the data 
set for the optimization of P% and vice versa. 

In the initial optimization iteration, a range of acquisition 
functions is utilized to forecast promising experiments within 
the virtual experiment pool that are expected to yield high 
target properties. The outcomes of these selected experiments 
are subsequently incorporated into the data set for the subse
quent optimization iteration. This iterative process continues 
until the target values, that is, the phosphorus content, the 
P‐efficiency, and the UP‐efficiency, cease to increase further. 

For clarity, the optimization of P ,% P, and UP was carried out 
separately. Three independent BO processes were run, each 
using the same pool of virtual experiments and the same ini
tialization strategy, but with the target property defined ac
cording to the specific objective. The results of each BO run 

FIGURE 1 | Synthesis of SPC using phosphoric acid and urea.  
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were then compared to assess the potential trade‐offs between 
the different optimal conditions. 

2.1.3 | Kernel Functions 

In this study, two kernel functions—RBF and DP—were em
ployed in parallel to exploit their complementary properties in 
modeling the response surface of the SPC synthesis space. 

The RBF kernel is well‐suited for capturing smooth, localized 
variations in the target property space, making it advantageous 
when optimal conditions may lie within a restricted region 
rather than at the feature space boundaries [28, 31, 34]. 
Although its predictions tend to remain close to the initial 
sampling area, this characteristic enables a thorough explora
tion of promising local optima and avoids premature conver
gence to extreme, potentially unfeasible parameter settings. The 
RBF kernel had a length scale of 1.0 and length scale bounda
ries ranging from 10 12 to 1015. 

The DP kernel, in contrast, allows for modeling broader, more 
global trends across the search space, which facilitates the 
identification of promising regions even far from the initial 
experiments [35]. Using both kernels in combination leverages 
the exploratory capacity of the DP kernel while maintaining the 
fine‐grained, local refinement capability of the RBF kernel [30]. 
The DP kernel had a sigma value of 1.0 and sigma boundaries 
ranging from 10 1 to 103. 

Random initialization was applied to ensure broad initial 
coverage of the parameter space and to reduce bias toward 
specific synthesis regions [36]. The combination of stochastic 
exploration and dual‐kernel modeling aims to balance ex
ploration and exploitation, increasing the likelihood of iden
tifying both global and local optima with a limited number of 
experiments. 

2.1.4 | Acquisition Function 

In this study, only the upper confidence bound was utilized as 
an acquisition function in the optimization process. UCB is 
defined as: 

µX X XUCB( ) = ( ) + ( ) (3) 

where µ X( ) represents the predicted mean of the GPR model 
for the virtual experiments X X, ( ) denotes the predictive 
standard deviation of the GPR model, and is a hyperpara
meter controlling the balance between exploitation and 
exploration. 

In this study, the hyperparameter in the UCB acquisition 
function was set to 1. This choice follows common practice in 
BO, where moderate values of (typically between 0.5 and 2) 
are used to balance exploitation (selecting conditions with high 
predicted performance) and exploration (selecting conditions 
with high predictive uncertainty) [34, 37]. We performed pre
liminary optimization trials on a small subset of the virtual 
experiment pool using different values (0.5, 1, and 2) and 
observed no significant improvement in convergence speed or 
final target values compared to = 1. Given its stable behavior, 
ease of interpretation, and frequent use in similar chemical 
optimization studies [28, 30], = 1 was selected for all opti
mizations in this work. 

2.2 | Materials 

The wheat starch used in the experiment was procured from VWR 
Chemicals (Radnor, PA, USA). Urea ( 99.5%) was obtained from 
Carl Roth GmbH (Karlsruhe, Germany), while PA (85%) was 
sourced from Fisher Scientific GmbH (Schwerte, Germany). All 
chemicals were utilized in their as‐received state. 

2.3 | Synthesis 

The wheat starch, urea, and PA were mixed in accordance with 
the molar ratios specified for each experiment. The resulting 
mixtures were then placed in a vacuum oven at 60 mbar and 
subjected to the temperature and duration prescribed by the 
experimental conditions. Subsequently, the purification of the 
SPC was carried out following the procedure outlined by Ro
thenhäusler et al. [10]. Following purification, the SPC samples 
were manually milled to obtain a fine powder suitable for 
characterization. Each synthesis condition was performed once 
due to the large number of conditions studied. 

2.4 | Inductively Coupled Plasma Optical 
Emission Spectroscopy 

The P% of the SPC was determined using inductively coupled 
plasma optical emission spectroscopy (ICP‐OES) with a Perkin 
Elmer Avio 200 spectrometer from PerkinElmer, Inc. (Waltham, 
MA, USA). For the measurement, a 10 mg sample was mixed 
with 5 mL of concentrated nitric acid and 2 mL of hydrogen 
peroxide solution. The mixture was digested at 185 C for 15 min 
with a heating rate of 8 C min 1 in a microwave oven. After 
cooling, the sample was diluted to 100 mL with deionized water 
and analyzed by ICP‐OES at 213.617 nm. Calibration was per
formed using a commercially available phosphorus standard 
from Carl Roth GmbH (Karlsruhe, Germany). Each synthesis 
condition was analyzed in duplicate by ICP‐OES to verify mea
surement reproducibility. The relative deviation between repli
cate measurements was consistently below 0.2%, and the values 
reported in Table 1 represent the average of the two replicates. 

3 | Results and Discussion 

Figure 2 illustrates the P% values of 19 different synthesized SPC 
formulations, along with the current maximum P% value, indi
cated by the orange line. As previously mentioned, the P% of the 
BO of the various target properties is included in all models. 
Consequently, the BO of P and UP also incorporates the data 
from the BO of P%, and vice versa. 

The BO of the SPC formulations for all target properties can be 
categorized into four phases. Initially, five random experiments 
are selected as starting points. The first BO iteration utilizes the 
GPR model based on these five data points. This GPR model is 
then refined by incorporating data points proposed by the first 
BO iteration (Experiments 6–10). The second iteration follows a 
similar approach, encompassing Experiments 11–14. Subse
quently, five additional random data points are added to the 
data set to enhance diversity. 

The number of data points in the first and second BO itera
tions differs because some data points are already proposed 
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by other GPR models. Additionally, some proposed formu
lations do not yield a usable solid product due to an 
unfavorable urea‐to‐PA ratio. Heinze and colleagues emphasized 
the significance of an appropriate urea‐to‐PA ratio in the phos
phatization of starch [1]. 

The P% of the initial five random data points ranges from 
approximately 2.2% to 13.7% (see Table 1). These significant 
variations in P% result from differing synthesis conditions. The 
maximum P% of 13.7% of the initial five random data points is 
comparable to values reported in the literature: Heinze and 

TABLE 1 | Sample number, sample type, kernel function, n n,urea PA, synthesis temperature, synthesis duration, P ,% P, and UP of the SPC.           

# Type Kernel nurea/− nPA/− T/°C t/h P%/% ηP/%/mol UP/%/mol  

1 RND — 14.75 1 140 1 9.37 9.37 0.59 
2 RND — 10.5 4.25 130 1 2.18 0.51 0.15 
3 RND — 12.5 4.75 120 1.5 12.98 2.73 0.75 
4 RND — 9 1 130 1.5 10.45 10.45 1.05 
5 RND — 3 1.75 125 2 13.72 7.84 2.89 
6 P% DP 15 5 140 3 20.49 4.10 1.02 
7 P% RBF 3.25 1.75 125 2 11.53 6.59 2.31 
8 P DP 15 1 120 3 10.1 10.1 0.63 

9 P RBF 8.75 1 130 1.5 10.01 10.01 1.03 

10 UP RBF 4 1 125 3 11.31 11.31 2.26 

11 P% RBF 15 4.75 140 3 17.67 3.72 0.89 
12 P DP 14.75 1 140 3 10.21 10.21 0.65 

13 P RBF 3.75 1 125 3 10.68 10.68 2.25 

14 UP RBF 2.75 1.5 125 2 8.55 5.7 2.01 

15 RND — 6 4.5 140 1.5 17.93 3.98 1.71 
16 RND — 4.75 1.25 120 2.5 11.54 9.23 1.92 
17 RND — 6.75 3 140 1.5 15.31 5.10 1.57 
18 RND — 7 1 130 2 10.09 10.09 1.26 
19 RND — 1 1 130 2.5 5.18 5.18 2.59   

FIGURE 2 | P% of the SPC and their current maximum (orange line). Random experiments are marked with circles (•), BO of P% is marked with 
triangles ( ), BO of P is marked with squares ( ), and BO of UP is marked with stars ( ).  
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colleagues reported a maximum P% of approximately 11.7% [1], 
while Gebke and colleagues, who used a kneader instead of an 
oven and monoammonium phosphate as a phosphatizing agent, 
found a maximum P% of roughly 12.7% [13]. 

Using the DP kernel, the BO of P% proposes the formulation 
with the highest P% among all tested experiments, approxi
mately 20.5%. The synthesis conditions corresponding to this 
result utilize the highest molar ratios of urea and PA within the 
allowed feature space, indicating that more is better in this 
context. Specifically, an abundance of PA coupled with an 
adequate molar ratio of urea is advantageous for achieving high 
P%. Additionally, elevated synthesis temperatures and extended 
synthesis durations facilitate the most complete phosphatiza
tion possible. In contrast, the RBF kernel operates more locally, 
proposing a formulation (Experiment 7) that closely resembles 
the synthesis conditions of the experiment with the maximum 
P% of the initial five random data points. This results in a for
mulation with a slightly lower P%. 

The second round of BO of P% does not result in any improve
ment, indicating that the optimal synthesis conditions for 
achieving high P% have already been determined. Diversifying 
the data set by adding another five data points leads to the same 
set of optimal synthesis conditions. Therefore, it is reasonable to 
conclude that the optimal synthesis conditions among the vir
tual experiments have already been identified. 

There are several reasons why the P% and the target values 
derived from it vary with different synthesis conditions. First, 
phosphorus may be present in various types of functional groups, 
such as SPC, ammonium starch phosphate, starch carbamate 
phosphate with blocked amino group, starch phosphoric amide, 
and starch carbamoyl phosphate [7]. The proportions of hydro
gen, carbon, nitrogen, oxygen, and phosphorus in these func
tional groups vary widely. Notably, regular carbamate groups 

contain no phosphorus. Therefore, synthesis conditions favoring 
the formation of functional groups with a high proportion of 
phosphorus and fewer other elements increase P%. 

Second, P% can be increased by forming ammonium 
diphosphate, ammonium triphosphate, or ammonium poly
phosphate groups, leading to a higher proportion of phosphorus 
in one AGU. For very high nPA, this is the only mechanism to 
further increase P% since the preferred hydroxyl groups of the 
AGU have already been phosphatized [1]. 

Third, the pH value determined by nurea and nPA is crucial for 
successful starch phosphatization [1]. Therefore, a certain ratio 
between urea and PA is necessary to ensure high P%. However, 
an over‐proportional nurea leads to increased formation of 
carbamate‐type functional groups, reducing P% due to the 
higher molecular weight of carbamated AGU [38]. 

Fourth, high temperatures and long synthesis durations enable 
the most complete decomposition of urea and potentially even 
carbamate groups, eliminating non‐phosphorous compounds 
and functional groups from the SPC [10]. 

Figure 3 displays the P values of 19 different synthesized SPC 
formulations, along with the current maximum P value, indi
cated by the orange line. The P of the initial five random data 
points ranges from approximately 0.5%/mol to 10.5%/mol, sug
gesting that an overproportional use of PA does not correlate 
with higher educt efficiency. The first round of BO leads to an 
improvement in P, with experiment 10 achieving 11.3%/mol, the 
maximum value of P among the tested synthesis conditions. 

In general, synthesis conditions resulting in high P are char
acterized by using the minimal nPA of one, along with a rela
tively low nurea. As mentioned previously, high nurea may lead to 
unnecessary carbamate group formation, which decreases P%
and thereby P. Similar to the BO of P%, the values for P pla
teau, indicating that the maximum P has likely been reached. 

FIGURE 3 | P of the SPC and their current maximum (orange line). Random experiments are marked with circles (•), BO of P% is marked with 
triangles ( ), BO of P is marked with squares ( ), and BO of UP is marked with stars ( ).  
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Figure 4 displays the UP values of 19 different synthesized SPC 
formulations, along with the current maximum UP value, 
indicated by the orange line. For UP, BO did not yield 
improvements over the best results from the initial random 
experiments. This outcome can be explained by the nature of 
the UP metric: it is a ratio of phosphorus content to the com
bined molar input of urea and phosphoric acid. In this data set, 
conditions that maximize P% generally require high reagent 
loadings, which reduce UP. Conversely, conditions with high 

UP tend to have moderate P%, limiting the maximum attainable 
value. The highest UP values occurred in a narrow region of the 
synthesis space that was already sampled by the initial random 
experiments. As a result, the BO algorithm, which builds on 
existing data to explore promising regions, had no opportunity 
to discover significantly better conditions. This does not indi
cate a limitation of BO itself, but rather reflects that UP was 
already near its global optimum of approximately 2.9%/mol 
within the explored parameter space after the initial sampling. 

4 | Conclusion and Outlook 

This study demonstrates how modern machine learning tech
niques, such as BO, can efficiently tackle complex tasks in 
chemistry, exemplified by determining the optimal synthesis 
conditions for specific product properties in SPC phosphatiza
tion. By optimizing the molar ratios of the reactants (nurea and 
nPA), as well as the synthesis temperature and duration, BO 
effectively enhances the P% and P. The improvements in target 
properties are achieved in the first BO round with a minimal 
number of experiments. The maximum values for P ,% P, and 

UP are approximately 20.5%, 11.3%/mol, and 2.9%/mol, 
respectively. Maximizing these target properties is crucial for 

the successful synthesis of SPC, ensuring the potency and sus
tainability of the bio‐based FRs.  
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