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Bio-inspired route to synthesis of porous silica particles involves fast reactive precipitation (solid-liquid system).
The concentration and pH profiles within the reactor determine the properties of produced silica particles and
therefore need to be controlled tightly. Unlike conventional synthesis of bio-inspired silica (BIS) using strong
aqueous acids, recently we developed a process of synthesizing BIS particles using gaseous CO,. This gas-liquid-
solid (G-L-S) system looks promising as it is easy to maintain desired pH profiles and hence control particle
properties by manipulating the mass transfer rate. In this work, we present the mathematical model for simu-
lating pH profile and yield in BIS synthesis using CO2. The developed model was used to simulate specific silica
synthesis experiments. The model was able to capture the experimental data well. It was then used to carry out
several numerical experiments for understanding the sensitivity of BIS synthesis using CO5 to various design and
operating parameters. The simulated data was used to train the surrogate models for the silica yield prediction.
The models demonstrated good performance with the unseen experimental data. The presented results provide
useful insights and guidelines for optimizing CO, based silica synthesis process. The presented model is generic

and may be extended to other similar fast reactions.

1. Introduction

Silica, as a versatile material, has been widely applied in various
industrial and scientific fields like environment, biomedical, and even in
chemical processing, due to its facile synthesis, rich surface chemistry,
low toxicity, and controllable properties such as optoelectronic, me-
chanical, and chemical stability (Prabha et al., 2020; Tessema et al.,
2023). Particle size and structure can be manipulated by adjusting fac-
tors such as the molar ratio between the silicate source and surfactant,
concentration, pH modulation through acid/base catalysts, and the in-
clusion of co-solvents (Tang et al, 2012). Pilling and Patwardhan
developed a calcination-free and rapid synthesis of bio-inspired silica
(BIS). In this synthesis process, managing pH represents a crucial
parameter for regulating the properties of BIS particles (Pilling & Pat-
wardhan, 2022). Numerous other liquid-solid (L-S) systems employed in
silica synthesis are highly sensitive to experimental conditions that in-
fluence concentration/pH profiles (Jafarzadeh et al., 2009). For
example, using strong acids like hydrochloric and sulfuric acid in the
synthesis process, due to their high reactivity, can create rapid pH
changes in the reactor, and will make it challenging to control in real-

time (Wen et al., 2021). It is therefore essential to develop a mathe-
matical model of such reactors for quantitatively understanding role of
different operating parameters on resulting pH profiles and therefore on
properties of synthesized silica particles.

Recent attempts to understand and model the BIS synthesis process
using aqueous HCI (Baba et al., 2022) indicate that the acid addition rate
plays a significant role in controlling the properties of synthesized BIS
particles. Maintaining pH in a continuous process for BIS synthesis will
be even more challenging when strong acids like HCI are used to control
pH. To overcome difficulties caused by use of strong aqueous acids,
recently, we developed a process for BIS synthesis using COy as an
acidifying agent (Ranade & Shukla, 2023; Shukla et al., 2024a,b).
Following the previous work of Patwardhan group, pentaenthylene-
hexamine (PEHA) was used as a template/catalyst (Dewulf et al., 2021;
Manning et al., 2018). The use of CO, offers two-fold advantages. The
first is the introduction of a gaseous phase and therefore controlling the
rate of acidification via mass transfer (rather than mixing) and the
second is the enhanced pH control because of the self-buffering nature of
COs. The inherent self-buffering capability of CO, provides precise pH
control within a continuous silica synthesis process due to the equilib-
rium between carbonic acid and dissolved CO,. This process is
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Nomenclature

mgoz Mass transfer rate of CO, gas to liquid bulk, kg/s

Fin Na,SiO3 + PEHA feed rate, m>/s

Four Outlet flow rate, m%/s

kpa liquid-side mass transfer coefficient, 1/s

ki1 Forward kinetic rate constant of the ith reaction

ki o Reverse kinetic rate constant of the ith reaction

K; Equilibrium constant of i th reaction

E Enhancement factor

E Enhancement factor associated with an infinitely fast
reaction

Cco; Equilibrium concentration of CO5

Cco, CO,, concentration in liquid phase, mol/1

p Reactor pressure

Pco, Partial pressure of CO, in gas phase, atm

Hco, Henry’s constant for CO,, atm 1/mol

M, co, Molecular weight of CO5, g/mol

Yco, Molefraction of CO5 in gas phase

RAE Relative absolute error

\%4 Reactor liquid volume, m>

T Reactor liquid temperature, K

R; Rate of generation or production of component i, mol/(m?>.
s)

Ug Superficial gas velocity, m/s

Ny Number of samples in the training data set
N; Number of input neurons

N, Number of output neurons and

A Cross-sectional area of the tube, m?
Fq Mixed gas feed rate, m®/s

Cin, 1 Na,SiO; feed concentration, mol/m?
Cin, 2 PEHA feed concentration, mol/m?
C; Concentration of component i, mol/m®
Dy Bubble diameter, m

Dco, Diffusity of CO-, m?/s

Dox Diffusity of OH™, m?/s

D Column diameter, m

g Gravity acceleration, m2/s

I Liquid density, kg/m?®

U, Liquid dynamic viscosity, Pa.s

o Liquid kinematic viscosity, m?/s

o Scaling factor

c Surface tension, N/m

€g Gas hold-up

Subscripts

Exp Experiment

Sim Simulation

controlled by mass transfer, making it more amenable to control and
scale-up compared to processes controlled by micromixing of feed
streams.

Some studies have been published on absorption of CO; in alkaline
media. Michelson and co-workers (Michelson et al., 2024) modeled CO,
removal by absorption with NaOH in a small-scale bubble column. They
presented a mathematical model based on mass transfer describing CO2
absorption as a function of CO, gas inlet and OH™ concentrations at low
CO, and OH". The CO; removal efficiency in a gas-liquid system was
modeled at different pH and CO-, gas inlet concentrations. Kianpour and
colleagues conducted both experimental and artificial neural network
(ANN)-based modeling of CO; capture through dry sodium hydroxide
carbonation. They didn’t evaluate the pH profile and mass transfer
(Kianpour et al., 2012). Ghaemi developed a mass transfer model for
CO4 absorption into a blended MDEA-MEA solution. This study explored
the impacts of operational factors like CO5 partial pressure and tem-
perature, alongside dimensionless parameters such as the film param-
eter and enhancement factor. Additionally, the influence of the blended
solution on CO; absorption through computations of mass transfer flux
within the MEA-MDEA electrolyte system was assessed. The simulation
of pH profiles was not considered (Ghaemi, 2020). Lan and co-workers
developed the Al-based model for CO5 equilibrium solubility in 17
different types of amine solutions. Three different algorithms were
applied to evaluate the effect of molecular, chemical, and physical
properties as well as operational parameters on the absorption of CO».
The required data for model training was collected from different ref-
erences. All of them were based on the liquid—gas system and pH was not
considered as an effective factor to control the process (Lan et al., 2024).
Utilizing machine learning (ML) algorithms as the robust predictive
tools can be invaluable in conserving time, energy, and resources
throughout a process. The ML-based model can be trained using either
experimental data or artificial data generated by a physical model.

In this study, we used the continuous slurry bubble column reactor
which provided a convenient means to fine-tune both the mass transfer
rate and CO, mass flow rate, thereby enhancing the ability to control pH
and, as a result, shaping the characteristics of the silica particles. The
COs-based process presents a compelling alternative to traditional acid-

pH meter

Sodium silicate
+

PEHA

Silica slurry

8
él O 500 RPM
o

o Bubble column reactor

Fig. 1. Schematic of the experimental setup for BIS synthesis with CO; .

based silica synthesis methods. In order to fully exploit the advantages of
this CO5 based synthesis process of BIS, it is essential to develop a
computational model for simulating a gas-liquid-solid reactor to gain a
better understanding of the interaction of gas-liquid mass transfer, re-
actions, resulting pH, and yield of BIS particles. In this work, we present
a reaction engineering model to simulate the performance of a bubble
column reactor used for CO,-based BIS synthesis. The pH profiles and
BIS synthesis under different scenarios with different operating
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Sodium silicate > '| Gas outlet (Fyye g) |
solution
_+_

PEHA solution (F;, )

Reactor

Product (Fyye )

Fig. 2. A block diagram of process flow rates.

Gasinlet (Fi, ) »

parameters were modeled. The experimental data of pH profiles and BIS
yield was used for validating the model. The simulated results of the
model were then used to train the ML-based models for silica yield
prediction. The models were able to simulate the unseen experimental
data. The developed model will be useful to simulate and steer the BIS
synthesis process by adjusting the CO superficial velocity and residence
time.

2. Mathematical model for pH profile and silica yield

In this study, we developed a mathematical model to simulate the
experimental results presented earlier (Ranade & Shukla, 2023; Shukla
et al., 2024a,b). The experimental setup was described in our previous
work (Shukla et al., 2024a,b) and is shown schematically in Fig. 1. The
representation of the reactor for formulating the mathematical model is
shown in Fig. 2.

The gaseous CO5 was fed to the reactor which is then transferred
from the gaseous phase into the liquid phase where it further reacts with
liquid phase species. Following the dissolution of CO,, two successive
and competing reversible reactions occur. The first reaction is between
dissolved CO; and hydroxide ions in the water, which dominates when
pH is greater than 10. The second reaction is between dissolved CO5 and
H,0 (hydration), which prevails when the pH is below 8. In essence,
both reactions lead to the creation of bicarbonate ions and carbonate
ions (Kern, 1960). In this system, since the solution of sodium silicate
and PEHA was used to produce the silica, the following reactions were
considered:

Chemical Engineering Science 307 (2025) 121347

H,0H' + OH ®)
Na,Si0; + 3H,0% 2Na* + H,Si04(aq) + 20H %)
C10H2sNs + H,0 < C19Ha9Ns " + OH~ (8
Na,SiO; + 2H,0 + CO5 % NayCOs + HySi0, )
NH,Si04 + CroHasNs 22 (H,Si0s), — CioHasNe a10)
(H4SiOs), — C1oHssNs % (Si03), — CioHagNe + n2H,0 an
H,Si04(aq) < HySiO; + H*
H,5i0, % 510, 1 apr+ | 35103 (ad) = HaSIO” 4+ H' 12

H,Si0,*(aq) < HSiO,® + H*
HSi0,*(aq) < Si0,* + H*

The oligomerization and polymerization to form silica and dissociation
of silicic acid are presented in Eq.10-12 (Iler, 1978) and Eq.8 shows the
association of PEHA. The monomer order in reaction (10) and the chain
length were considered 5 and 20, respectively (Shukla et al., 2024a,b).
The following assumptions were considered for the current study:

e The bubble column reactor was considered as fully backmixed (for
liquid as well as for gas) reactor. The reagents sodium silicate and
PEHA are already premixed in the feed solution. The CO; flow rates
used in the presented experiments were sufficient for suspending the
silica particles (product) in the bubble column. The mixing time in
the bubble column was measured using conductivity experiments.
The mixing time was ~ 10 s (see Supplementary Information S3).
Considering the range of residence time applied in this work (300 s to
900 s) is order of magnitude larger than the mixing time, the reactor
can be considered as well-mixed.

e The volume of the liquid phase in the bubble column is constant.

e Gas is pure and solvent evaporation is negligible. Therefore, gas

CO,(g) <> CO4(aq) (€))
phase mass balances are not solved.
CO,(aq) + OH™ < HCO; ) o The rate of CO3 mass transfer from the gas phase into the liquid bulk
is determined using the two-film model and the equilibrium con-
HCO; +OH < H,0+ CO% 3) centration, Cco, , at the gas — liquid interface follows Henry’s law
(Ccozk = Pyco,/Hco,), where Hco, is Henry’s constant for COy, P is
CO,(aq) +H,0 - H' + HCO; “4) reactor pressure and Yo, is mole fraction of CO3 in gas phase.
e The dilute solution of sodium silicate is assumed to be completely
CO%™ +H' < HCO;3 (5) dissociated (Bogue, 1920).
e The initial concentrations of all the species were assumed to be zero.
Table 1
The applied source terms in species rates.
Species, i Source term, R;
co: RaR4 K21 [COL][OH |+ KaalFHOO3] ~ ka1 [C0a] + ka g OO
HCO; - K K
: IR TRATES ko1 [OH1(00,) ks [HOOg |~k [OH|HCO5 |+ Ks2lCOR ) + (er)ICOs] —Kaailf [HEOS] + kst 1005 | —ks2[HCOS
2- 5 K
o3 R3-R5 k3.1 [OH~|[HCO3 | ks 2 [CO3 ] — ks,lﬁ [COZ] + ks2[HCO; |
OH~ —R2-R3- K
R5+1§8R4 +R5 + —k2,1(CO2)[OH] + ky2[HCO3] —ks 1 [HCO3 | [OH™| + k3 2[CO%™] — (k41)[CO2] + k“‘zi[oz;/ ] [HCO3] +
ks1iome g};[] (O3] ks 2[HCO3 | + ky [NaySiOs] + ks[CroHasNe]
Na,SiO3 - R9 —ko[Na2Si03][CO,)
C10H2sNe —R10 —k10[H4Si04]° [C10H2s N6 ]
HySi04 R9-R10 ko[NaSi03][CO2] —20k10[HsSi04]° [C10HasNe)
(H4Si04), —C10H2sNs ~ R10-R11 —ki1 [(H4SiO4), —C10HzsNe | + 20k10[HsSiO4]*[C10HasNg)]
(8i02), —C10HasNe R11 ki1 [(H4Si04), —C10HasNG |
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Table 2
Values of kinetic parameters.
Parameter value Ref.
Ky 1 x 10 M3 (Tsonopoulos et al., 1976)

ka1 4x10° M LshH (Flanagan, 2021)

ka2 0.9 x10° (s

ka1 8.6 x 10° M L. s

ka2 0.48 x 10° (s 1)

ka1 3x102(sh

ka2 8x10* M Lsh

ks 5x 1010 M Lsh

ks 2 2™

ks 3.63 x 10° (s 1) (Bogue, 1920)

kg 107 (Kothandaraman et al.,
2016)

ko 0.1 M Ls™h fitted

k1o 6.48953 x 10° (M 2. s71) (Shukla et al., 2024)

kn 3.9 x 103 (s

Kio(atpH7)  1th dissociation:10°9%3(M. s71) (Exley et al., 2019)

2th dissociation:10'37(M?. s 1)
3th dissociation:10"23(M3. s71)

4th dissociation:< mini scale (M*.
-1

s)

The general liquid phase species mass balance equation may be
written as:

d(Cv)
dt

= FinCiin — FourCiour + RiV (13)

where C; is the concentration of component i and R; is the rate of gen-
eration of component i per unit volume and V, F;, and F,,, are the liquid
volume, inlet and outlet flow rates of liquid respectively.

For liquid phase concentration of CO5, mass transfer terms needs to
be considered. The mass balance for the liquid phase CO, can be written
as:

d[CCOZ] _ mgoz 7(Fout
dt  Mye,V 'V

)[Cco,]+Rco, 14

where Cgo, is the COy concentration in the liquid phase, My, ,, is the
molecular weight of COq, R¢o, is the net production of CO; via all the
reactions and m$,_ as the mass transfer rate of CO> from the gas phase to
the liquid phase, which may be calculated as:

(c;oz = Elq#(:mzv (P—Hco2 CCOz) (15)
where, kpa is volumetric mass transfer coefficient and E is the
enhancement factor. The source terms for different species appearing in
Equation (13) are listed in Table 1.

In this work, the species balance equations were solved simulta-
neously. The pH prevailing in the reactor was was simulated based on
the following relation:

pH =14 +1og[OH ] (16)

For the experiments considered in this work, the inlet and outlet flow
rates of liquid were same (F,; = Fi). The parameters k;; and ko
appearing in Table 1 represent the kinetic rate constants associated with
the i reaction for the forward and reverse directions, respectively. The
values of kinetic parameters used in this work are listed Table 2.

It is essential to estimate the mass transfer coefficient and enhance-
ment factor for solving the liquid phase species balance equations. The
influence of chemical reactions on mass transfer rate of CO4 is quantified
by the enhancement factor E, representing the ratio of mass fluxes across
the phase interface with and without the reaction. The enhancement
factor depends on two variables, the Hatta number, Ha, and the
enhancement factor associated with an infinitely fast reaction, E.
Estimating the mass transfer coefficient of the system is necessary for

Chemical Engineering Science 307 (2025) 121347

calculating the enhancement factor at various pH. The mass transfer
coefficient depends on the bubble’s Reynolds number, Schmidt number,
diffusivity, and bubble diameter. To calculate kpa there are some
available correlations. Considering the range of gas velocities and col-
umn diameter used in this work, the Akita and Yoshida correlations were
used to estimate gas hold-up and mass transfer coeffieicnt as (Akita &
Yoshida, 1973):

1 1
, \8 12
e = CGL") <°"3) <\;§B),C—025 17)

D D> D3
k@ = 0.6( co, ( UL (058 /’L)o.sz(g )0.31€G1_1 (18)

D? DC02 o Uy,

2

The plot of ki a versus gas flow rate is provided in the Supplementary
Information (S1). The enhancement factor, E was calculated using the
following equation:

1 Dox- [OHi]

e (oo —1)—135 4 (GHe- — 1)—135}1/1.35’}50«»: (1+

tanhHa

Dco,Cco,

19)

The enhancement factor, depends on two variables, the Hatta number,
Ha and the enhancement factor associated with an infinitely fast reac-
tion, E,, (Kierzkowska-Pawlak, 2012; Westerterp et al., 1998). In the
above equation, D¢, and Doy~ are diffusion coefficient of CO2 and OH™
in the liquid phase and Cco," is the equilibrium concentration of COs.
The Hatta number is characterized as the quotient of the maximum
quantity of the consumed component within the liquid film to the
maximum amount transferred in the absence of a chemical reaction and
at zero bulk concentration and is calculated as:

. diffusionterm k,Dco, [OH "]

= = 2
reactionterm kia 20

k@ is liquid side mass transfer coefficient and k,, is the forward constant
rate of the second reaction. The value of E was very close to 1 over all the
operating conditions considered in this work and therefore was set to 1.

The ODEs representing species balance equations were solved to
simulate the transient profiles of liquid phase concentrations of all
species and therefore pH profile. Initial numerical experiments were
carried out for identifying sensitivity of simulated results with respect to
the time step. Based on these results, it was verified that the time step of
0.1 s is adequate. Initial conditions were specified as per the experi-
ments. The CO, stream entered the set-up before the silicate + PEHA
stream. To mimic this, CO, was set as per the experimental condition at
time t = 0. The silicate + PEHA flow rate was introduced into the system
with some time delay (~25 s) to mimic the experiments. For calculating
the silica yield, it is necessary to include potential reactions in the vessel
used for collecting products from the bubble column reactor. The re-
actions in the product collection vessel were modelled as semi-batch
systems. The predicted outlet concentrations from continuous reactors
in the transient state were used as boundary conditions for the semi-
batch reactor. Since the sample collection for the yield calculation in
the experimental phase was done after two or three residence times
(depending on the available scenario), we considered this time for
solving the ODEs. The species concentrations were used for calculating
the product yield.

3. Development of the machine learning-based model

The phenomenological model discussed in Section 2 was used to
develop a machine learning (ML)-based surrogate model for estimating
the silica yield based on operating parameters. Silica yields were pre-
dicted for a range of operating parameters and the simulated silica yields
were used to train the model. For the training purpose, we considered 76
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Table 3
List of input variables (features) for the ML models.

Variable Range of variable
Sodium silicate concentration (M) 30-120

Inlet flowrate, ml/min 5-40

Residence time, min 2.5-15

Qco,, I/min 0.5-1

scenarios including different chemical properties and operational pa-
rameters. These scenarios included four different sodium silicate con-
centrations, seven residence times, three CO, gas flow rates, and
different values for the inlet flow rate. Table 3 demonstrates these fea-
tures as input variables. We considered all these four as input variables.
Five scenarios based on experimental conditions were used as unseen
data to evaluate the ML model performance. The normalized data were
used to train the ML models. Three machine learning frameworks,
namely, artificial neural networks (ANN), random forest (RF), and
extreme gradient boosting (XGB) were employed in the development of
the ML models. The brief descriptions of the mentioned algorithms are
provided in our previous work (Moghadam et al., 2023). The sklearn and
xgboost libraries in Python were used to design the ML models. These
libraries offer prebuilt packages and algorithms for constructing various
machine learning models. The dataset was randomly divided into
training (70 %), validation (15 %), and test (15 %) sets. The perfor-
mance of the models was assessed using the relative and mean absolute
errors (RAE and MAE respectively).

Artificial neural network (ANN) framework was used to develop the
first ML model. The input layer comprised three neurons, and the output
layer consisted of one neuron. Using the widely accepted thumb rule
(Heaton, 2015), the maximum number of neurons in the hidden layers
was found to be 7. Several preliminary numerical tests employing the
hyperbolic tangent function (tanh) were carried out. Based on these
tests, a one-layer configuration with 4 neurons was determined to be
optimal. In this study, the Limited-memory Broyden — Friedrich —
Goldfarb — Shanno algorithm (L-BFGS), belonging to the family of
quasi-Newton methods, was employed as the optimizer. This algorithm
iteratively updated network weights based on the training data. To
ensure reproducibility, a random state was utilized to govern the gen-
eration of random numbers for weight and bias initialization, as well as
for the train-test split. The optimum hyperparameters, including the
initial learning rate (step size or the proportion by which weights are
updated, set to 0.001) and the maximum number of iterations (set to
100), were determined through grid search as a tuning technique. This
systematic approach ensured the selection of hyperparameters that
maximized the performance of the ANN model.

The second ML approach used in this work was Random forest (as a
supervised learning algorithm). It builds multiple decision trees and
merges them to get a more accurate and stable prediction(Breiman,
2001). The optimal RF model was constructed using the regression al-
gorithm, implemented via the sklearn library in Python. The model se-
lection process involved a grid search technique, which systematically
explored various hyperparameter combinations. The best-performing
model was identified with the following optimal hyperparameters:
2000 estimators (representing the number of decision trees in the for-
est), a maximum depth of 3 for each tree, a minimum sample of 2
required for a leaf node, and a maximum of 4 features considered for
each split. This tuning and a minimum sample split of 0.6 ensured the
model’s robustness and effectiveness in predicting the desired outcome.

The last and third ML model, the gradient boosting algorithm (XGB)
was used for ensemble learning. It develops a series of learners one after
the other to produce a reliable and accurate predictive model by
aggregating the predictions of several learners, usually decision trees
(Han et al., 2019). The optimal XGB model was determined through the
hyperparameters tuning, leveraging the k-fold cross-validation tech-
nique. This process identified the best combination of hyperparameters,
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Fig. 3. (a): [OH™ ] Profile in the continuous bubble column reactor, (b): com-
parison of experimental pH profile of the continuous bubble column reactor
(Shukla et al., 2024) and simulated profiles, (c): The concentration of species in
the semi-batch bubble column reactor.

including 2000 estimators (representing the number of gradient-boosted
trees), a subsample fraction of 0.6 (indicating the portion of samples
used for constructing each tree), a maximum tree depth of 2, and a
learning rate of 0.01. The results of models discussed in this and pre-
vious section are discussed in Section 4.

4. Results and discussion

In this work, we simulated the pH of the synthesis process and the
silica yield based on the available reactions in the system. To validate
the model, we compared the simulated results with experimental data.
The performance of the developed ML was evaluated using test data,
which included some unseen experimental data.

4.1. Simulations using the reactor model

A proof-of-concept of CO, based BIS synthesis was illustrated
through the utilization of the CSTR, and the bubble column reactor. For
both these reactors, the value of the Hatta number is small (< 0.2) and
the enhancement factor is equal to one. The developed method in this
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Fig. 4. Ph profile of bubble column reactor in the continuous system (Shukla et al., 2024) and simulated profiles.

work leverages the mild acidic and the self-buffering nature of the CO,
combined with additional options for controlling mass transfer rates to
facilitate enhanced control of pH which is crucial for controlling prop-
erties of porous silica. The advantages of slurry bubble columns include

their simple construction, the absence of moving parts, and ease of
maintenance. Additionally, they can easily handle spillage and frothing
during the silica synthesis due to a higher aspect ratio compared to CSTR
(Kantarci et al., 2005; Shukla et al., 2021; Shukla et al., 2024a,b).
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Fig. 5. Absolute relative error for Simulated and experimental pH profiles in various CO superficial gas velocities in the continuous system.

For evaluating the developed model, we simulated an experimental
case with a feed flow rate of 20 ml/min, sodium silicate concentration of
0.06 M, residence time of 10 min, and a CO; gas flow rate of 0.5lpm.
Model equations were solved to simulate transient profiles of concen-
trations and pH. The simulated concentration profile of OH™ for this case
is shown in Fig. 3a. Using this, pH was calculated (using Eq. (16). The
comparison of simulated and experimental results of transient pH pro-
files in the reactor for this case is shown in Fig. 3b. At the start, the
reactor contained deionized (DI) water with a pH range of ~5.5-7.5 due
to dissolved atmospheric COy (ThermoScientific, 2014). In this case,
there were accidentally a few drops of silicate in the reactor that caused
~8 pH. By starting the sodium silicate flow rate, the pH value increases,
while starting the CO, gas flow rate reduces the pH. The pH then in-
creases slowly due to sodium carbonate present in the solution. CO,
reacts with water to form carbonic acid, which further dissociates into
bicarbonate ions and hydrogen ions. The presence of carbonic acid as a
weak acid and its conjugate base, the carbonate ion, helps stabilize the
pH. During synthesis, the by-product sodium carbonate also dissociates
into bicarbonate ions. This natural buffer system is utilized to achieve
improved pH control during the synthesis process. Given that CO; is a
weak acid, it induces gradual pH changes with low sensitivity to gas flow
rate and enhances its robustness to achieve the desired stable pH level.
The concentrations of other relevant species such as silica polymers,
monomers, and oligomers in the reactor during the production process
are shown in Fig. 3c. It can be seen that the silica concentration increases
with the consumption of monomer and oligomer. There is good agree-
ment between the experimental and simulated results.

In Fig. 4, the comparison between the experimental and simulated
pH profiles and product concentrations three other experiments is pre-
sented. Three scenarios with different initial pH of the system at two
different gas flow rates of 0.5 Ipm and 1 lpm and a residence time of 10
min were considered. The initial part of the profiles in Fig. 4 (up to 100
s) show significant variations. initially, the reactor contained DI water.
Shortly after, the reagent pumps for silicate-PEHA and the CO, cylinder
were started, presenting a challenge in achieving their simultaneous
initiation. This resulted in a time lag of a few seconds, affecting the
initial pH trend. The sequence in which silicate-PEHA and CO, were
introduced influenced the pH trajectory initially. For example, if silicate
entered first, the pH increased before stabilizing, whereas if CO, entered
first, the pH initially decreased before stabilizing. In Fig. 4a, accidental
silicate drops in the reactor caused an initial pH of approximately 9.5. In
Fig. 4e, the initial pH of ~4 indicates that CO, gas was entered the
reactor a few seconds before the silicate. Notably, these transient pH
profiles during start-up did not affect the product yield or properties, as
product collection began only after achieving a steady-state reactor pH.
Unlike the batch process, the continuous process operates at steady pH
and provides consistent product quality without undesired sensitivity to
start-up conditions. To show the properties of collected samples, the
values of zeta potential and surface area of silica particles synthesized in
different experiments are provided in Sections S3 and S4 of

7.5
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7 4
6.5 1
6 4
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Fig. 6. Final pH for the simulated and experimental profile in various CO4
superficial gas velocities in the continuous system.
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Fig. 7. Simulated silica yield at different operation conditions.

Supplementary Information (Shukla et al., 2024a,b). Fig. 3b, 4a, 4c, and
4e present the pH profiles under varying initial pH conditions in the
bubble column reactor. In the simulations, the initial conditions corre-
sponding to experiments were used as discussed in Section 2. For
instance, in Fig. 4c, the pH profile before stabilizing, initially shows a
downward trend followed by an upward trend, indicating that CO, was
introduced first. The steady state results of the experiments as well as
simulations were not sensitive to small perturbations in the initial phase.
The steady state pH can be very well controlled in the presence of COs.
In Fig. 4b, d and f, the initial concentration of the monomer species is the
same for all cases (0.06 M). Hence, there is no significant difference in
the simulated concentration profiles. The absolute relative errors be-
tween the simulated and experimental results are shown in Fig. 5 which
shows that the final value of the simulated pH profile is in good agree-
ment with the experimental results.

The simulated concentration profiles were used for calculating the
yield BIS. The simulated values of yield are compared with the
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Fig. 8. Performance of ANN, RF and XGB algorithms on whole data.

experimental results in Fig. 6. It can be seen that simulated results are in
good agreement with the experimental data (the relative absolute error
is less than 9 %). The validated reactor model was then used to simulate
different scenarios over a range of initial concentrations of sodium sil-
icate and residence time. The simulated results in terms of BIS yield (%)
are shown in Fig. 7 to illustrate the generated data set. As presented in
Fig. 7, we organized the experimental data into two categories: (1) Effect
of residence time (initial silicate concentration = 0.06 M and residence
time = 5 min, 10 min, and 15 min) and (2) Effect of concentration
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Fig. 9. Comparison of experimental yield and performance of RF, XGB, and
ANN algorithms.

(residence time = 10 min and initial concentration = 0.03 M, 0.06 M and
0.09 M). The demonstrated points provide sufficient validation of the
model for a constant CO, flow rate. The results generated using the
reactor model were used for developing the ML-based model. These
results are discussed in the following section.

4.2. Performance evaluation of developed ML models

The performance of the designed ANN, RF, and XGB models on the
training, validation, and test data is demonstrated in Fig. 8. The calcu-
lation of R-square and MAE as the performance indicators was done. It
can be observed that all models are well-suited for predicting the silica
yield while ANN demonstrated R-squared values of 0.9835 on test data,
along with mean absolute errors of 0.2280. The values of R-square and
MAE for, RF and XGB on test data were (0.9833, 0.2245), and (0.9798,
0.2260), respectively. The maximum iterations or maximum number of
epochs needed for training in ANN, RF, and XGB were 100, 2000, and
2000. The RAE of ML models on the whole data was less than 3.1 %.

The developed ML models were applied for the prediction of silica
yield based on four input variables (as listed in Table 3). The evaluation
of these models’ performance was performed by using unseen experi-
mental data. The comparison of yield values predicted by ML models
with experimental data (as unseen data) is shown in Fig. 9. It can be seen
that the developed ML models were able to estimate BIS yield for the
unseen experiments quite well with RAE < 6.5 %. The developed
approach and ML models will be very useful in steering the synthesis
towards optimal operating conditions and may also be useful for con-
trolling BIS synthesis reactor. The successful demonstration of perfor-
mance of these ML models may open up new opportunities for their
application to simulate other similar rapid reactions.

5. Summary and conclusions

In this study, we developed a reactor model to simulate a continuous
slurry bubble column reactor for synthesizing BIS based on the recently
developed CO; based process. The model considered gas-liquid mass
transfer, relevant reactions, pH, and BIS particle yield. The model
equations were solved simultaneously for simulating transient profiles
of species concentrations, pH and silica yield for the continuous syn-
thesis of BIS under various operating conditions. The model predictions
were compared with the previously reported experimental data covering
the range of residence time as 2.5-15 min, the total flow rate as 5-40 ml/
min, and CO, superficial gas velocity as 0.00166-0.0118 m/s. The
experimental data of pH profiles and BIS yield were used to validate the
model. The results show good agreement with the experimental data if
pH and yield with RAE < 3.5 % and < 9 %, respectively. The model was
used to generate simulated results over a wider range of concentrations
and residence times. The simulated results were used to develop the
models based on three machine learning formalisms (ANN, RF and XGB)
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for silica yield prediction. All the three machine learning formalisms
worked quite well The RAE of the developed ML models on experimental
unseen data was less than 6.5 % and on the whole data was less than 3.1
%. The developed modelswill facilitate appropriate selection of param-
eter space and will be useful in optimizing the BIS synthesis process. The
model and simulated results confirm the enhanced pH regulation offered
by the newly developed CO; based process because of the mildly acidic
nature, the self-buffering properties of CO2, and the synergistic impact of
mass transfer control. The models and approach presented here can be
extended to other processes involving similar rapid reactions.
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