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Abstract
Hybrid models often referred to as gray-box models offer a promising 
approach by combining the flexibility of data-driven techniques with the 
accuracy and physical interpretability of first-principles models. This study 
evaluates a range of mathematical modeling techniques in the context of 
chemical reaction engineering, with a focus on the production of dimethyl 
ether (DME) from bio-methanol in a fixed-bed reactor. A comprehensive case 
study was conducted, beginning with the development of a first-principles 
model to solve a system of governing equations and generate 7,000 synthetic 
data points with added noise. Three black-box machine learning algorithms 
K-Nearest Neighbors (KNN), Gradient Boosting Regressor (GBR), and 
eXtreme Gradient Boosting (XGB) were employed for predictive modeling. In 
parallel, hybrid modeling approaches were developed to estimate reaction 
rates and correct reactor outputs. Model performance was assessed using 
metrics such as Mean Squared Error (MSE) and the coefficient of 
determination (R²), using key variables including inlet molar flow rate, initial 
temperature, pressure, and the outlet concentrations of methanol, dimethyl 
ether, and water, as well as overall conversion. Results indicated that the 
data-driven models performed exceptionally well, with hybrid models offering 
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comparable accuracy while maintaining interpretability. Finally, process 
optimization was performed using the eXtreme Gradient Boosting model 
integrated with a Differential Evolution algorithm. The optimized operational 
conditions achieved a high dimethyl ether conversion rate of 84.3%, with a 
minimal temperature rise of 84.9 K.

Keywords: Hybrid Modeling, Machine Learning, Long Short-Term Memory, 
Differential Evolution
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1.Introduction

Since the Third Industrial Revolution, modeling has played a central role in 
process monitoring, control, optimization, and design within the chemical 
industry [1]. With the onset of the Fourth Industrial Revolution and the rise 
of large-scale industrial data, data-driven modeling frameworks have gained 
prominence [2]. Nevertheless, mechanistic models remain indispensable due 
to their interpretability and strict adherence to physical laws [3]. Recent 
research emphasizes the integration of domain knowledge with machine 
learning to develop reliable and explainable AI-based models [4]. Selecting 
an appropriate hybrid modeling structure depends on system characteristics 
and the reliability of available information [5,6]. Hybrid approaches typically 
begin with assessing the mechanistic model; parallel configurations are used 
when significant model–data discrepancies exist [7,8], while serial 
configurations are preferred when the first-principles model is sufficiently 
accurate [9]. In serial architectures, the mechanistic component enforces 
physical constraints, while the data-driven part captures complex or poorly 
understood behaviors such as reaction kinetics [1–3,5–9].

The inherent complexity of chemical systems and their interdependent 
physical phenomena have historically made first-principles modeling 
challenging [10,11]. While machine learning provides powerful tools for 
handling highly nonlinear systems [12], mechanistic models grounded in 
conservation laws, thermodynamics, and kinetics remain valuable for their 
physical consistency [13,14]. These models are implemented through 
equation-oriented strategies [15,17] or physics-based formulations that 
automate model generation based on system geometry and assumptions [18]. 
Comprehensive mechanistic models often require auxiliary correlations, such 
as vapor–liquid equilibrium, kinetic models, transport properties, and 
packing behavior [19,20]. In contrast, black-box models rely solely on data 
and thus require large, high-quality datasets to achieve acceptable 
performance [21,22].
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Hybrid (gray-box) models have emerged as a promising solution, combining 
the interpretability of mechanistic models with the flexibility of data-driven 
techniques [23,24]. These models improve predictive accuracy, reduce data 
requirements, and maintain physical consistency [25]. Common hybrid 
structures include serial configurations where mechanistic and data-driven 
components are linked sequentially and parallel architectures, where the 
data-driven model compensates for mechanistic discrepancies [26,27]. Serial 
models are particularly effective when the mechanistic model captures major 
dynamics but requires support in modeling complex sub-phenomena [28], 
whereas parallel models are preferred when the mechanistic model exhibits 
substantial deviations from empirical data [29–32]. Parallel frameworks are 
particularly useful for systems dominated by nonlinearities or unmodeled 
dynamics [33,34], although their performance is limited to the range of the 
training data [35]. Serial structures, by contrast, can leverage simulated 
datasets generated by first-principles models when experimental data are 
scarce [36,37].

Beyond serial and parallel architectures, physics-informed models introduce 
physical constraints directly into the learning process through the cost-
function gradients, as demonstrated in physics-informed neural networks 
(PINNs) [38,39]. The development of hybrid models typically involves 
defining modeling objectives, establishing conservation laws, identifying 
uncertain components, selecting the appropriate machine-learning strategy, 
and training the model on available data [40].

Hybrid models offer advantages such as improved extrapolation, reduced 
dimensionality, and the ability to incorporate new data efficiently [16]. They 
are often easier to construct than detailed mechanistic models while 
retaining adaptability and interpretability [41]. However, their performance 
is ultimately constrained by inaccuracies or simplifications in the underlying 
mechanistic structure [42–44]. Thus, expert knowledge remains essential for 
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selecting an appropriate hybrid architecture and effectively integrating 
mechanistic and data-driven components [1–3,5–9].

a)        b)        c) 

d)        e)        f) 

Fig.1. Schematic of various hybrid modeling methods: Surrogate (a), Correction 
(b), Estimation (c), Physics-Informed (d), Structural (e), and Calibration (f) [26]

First-principles modeling relies on solving complex algebraic or partial 
differential equations, often requiring analytical or numerical techniques 
[45]. Although data-driven models offer flexibility, they typically demand 
large datasets and exhibit limited extrapolation capability compared with 
mechanistic approaches [46]. Hybrid or gray-box models overcome these 
limitations by integrating white-box and black-box components to exploit 
their complementary strengths [47], using either sequential or parallel 
structures [48]. Several studies have demonstrated the effectiveness of 
hybrid approaches in catalytic reactor modeling and process prediction. Lou 
et al. [42] developed a hybrid model for ethylene oxidation over a silver 
catalyst by combining first-principles descriptions of a fixed-bed reactor with 
support vector regression to predict catalyst deactivation using industrial 
operational data. Similarly, another work [43] proposed a hybrid empirical 
framework for monitoring and forecasting catalyst lifetime in industrial 
reactors by integrating an adiabatic first-principles model with a partial least 
squares model. Additional research has focused on hybrid residual modeling, 
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where subspace identification techniques were used to capture discrepancies 
between plant data and mechanistic predictions, improving accuracy in 
continuous stirred tank reactors [51]. Hybrid models coupling first-principles 
frameworks with artificial neural networks have also shown significant 
potential in describing catalyst deactivation in fixed-bed units [54], advancing 
CO₂ conversion prediction [56], and improving kinetic modeling accuracy and 
robustness for dimethyl ether synthesis [57].

Building upon these developments [42–57], the present work introduces a 
unified and interpretable hybrid modeling architecture that integrates 
mechanistic simulation, data-driven kinetic estimation via ensemble learning, 
sequential extrapolation using Long Short-Term Memory (LSTM) networks, 
and optimization through Differential Evolution. Whereas prior studies 
typically coupled first-principles models with individual machine-learning 
elements to target specific tasks such as catalyst deactivation [42–44], 
temperature-field prediction [45,46], or emission estimation [47,48], the 
proposed framework establishes a generalizable hybrid structure that 
adaptively corrects mechanistic predictions and infers unknown kinetic 
relationships without predefined rate laws. This dynamic correction–
estimation strategy preserves physical interpretability by embedding first-
principles constraints while ensuring transparent model adjustments, 
thereby improving reliability under non-ideal operating conditions. 
Accordingly, the primary objective of this study is to develop an interpretable, 
optimization-integrated hybrid model for DME synthesis in a fixed-bed 
reactor that combines mechanistic simulation, data-driven kinetic inference, 
LSTM-based extrapolation, and Differential Evolution–based optimization.

Furthermore, by coupling the developed hybrid models with a differential 
evolution–based optimization module, the framework bridges hybrid process 
modeling with optimization-driven design, enabling direct evaluation of 
reactor performance while maintaining computational efficiency, 
consistency, and high interpretability. Accordingly, the proposed work 
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advances beyond existing hybrid frameworks by offering a comprehensive, 
physically interpretable, and optimization-integrated modeling structure for 
dimethyl ether production from bio-methanol. This study aims to develop an 
interpretable hybrid modeling framework integrating first-principles and 
data-driven methods for optimized DME synthesis. Unlike prior surrogate-
based works, this framework explicitly combines mechanistic constraints 
with data-driven correction and optimization modules. All implemented 
models in this study were executed using the Python programming language 
in the Google Colab environment, with libraries including PyTorch [17], 
TensorFlow [18], Pandas [19], NumPy [20], Scikit-learn [21], and SciPy [22]. 
(The overall Schematic of the overall modeling and optimization workflow is 
illustrated in Fig.2.)

Fig.2. Schematic of the overall modeling and optimization workflow, illustrating 
first-principles data generation, and hybrid/data-driven model development (KNN, 

GBR, XGB, LSTM) for DME reactor performance.

2. Materials and Methods

2.1. Artificial Neural Networks
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Artificial neural networks (ANNs) were implemented to capture complex 
nonlinear relationships between reactor inputs and outputs. In this study, 
both feedforward and recurrent architectures were examined, with model 
structures and hyperparameters optimized based on prior benchmark studies 
Model training employed the mean squared error as the loss function and the 
Adam optimizer, which consistently yielded the best convergence 
performance in previous studies [10,60].

wnew =  wold -  α ∂(loss function)
∂w

                                                                     
(8)

MSE =  1
n

n
∑

i=1
(Yi -  Yi)2 (9)

2.2. Machine Learning Algorithms 

2.2.1 Ensemble and Boosting Methods

Ensemble learning combines multiple base estimators to improve robustness 
and predictive accuracy in machine learning models [61]. Among ensemble 
strategies, boosting methods notably Gradient Boosting Regressor (GBR) and 
eXtreme Gradient Boosting (XGB) have shown superior performance in 
nonlinear regression problems, particularly in chemical process modeling.

The Gradient Boosting Regressor iteratively builds an additive model by 
sequentially training weak learners to minimize residual errors from previous 
iterations, resulting in progressively refined predictions [61]. XGBoost, 
introduced by Chen and Guestrin [64], extends this framework by 
incorporating L1 and L2 regularization, second-order gradient information, 
and efficient handling of missing data, thereby enhancing generalization, 
computational efficiency, and resistance to overfitting. In this study, GBR and 
XGB were integrated into the hybrid modeling framework to capture complex 
nonlinear relationships between input variables and reactor outputs. 
Hyperparameters such as learning rate, tree depth, and number of estimators 
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were optimized via cross-validation to minimize prediction error and improve 
model generalization [61,64].

fn(xi) = f0 + α . T1(xi) + α . T2(xi) + … + α . Tn(xi) (10)

For XGBoost, node splitting decisions in each tree are guided by the Gain 
parameter, which quantifies the improvement in the objective function. A 
negative gain indicates that splitting the node is not beneficial, and thus the 
node should be pruned. The Gain is computed as follows:

Gain =  1
2 [ (∑i∈IL gi)

2

∑i∈IL hi + λ +
(∑i∈IR gi)

2

∑i∈IR hi + λ -
(∑i∈I gi)

2

∑i∈I hi + λ] - γ,     IL ∪ IR = I (11)

2.2.2 K-Nearest Neighbors Algorithm 

The K-Nearest Neighbors (KNN) algorithm is a non-parametric method that 
does not construct an explicit model; instead, it relies on storing training 

examples to make predictions. In regression tasks, KNN identifies the K 
nearest neighbors of a query point and estimates the target value as the 
average of these neighbors. The procedure involves selecting the parameter 

K and computing distances such as Euclidean, Manhattan, or Minkowski 
between the query and training samples [61–63, 65].

Euclidean Distance  d(x,y) =
n
∑
1

(xi -  yi)2
(12)

Manhattan Distance  d(x,y) =  
n
∑
1

|xi -  yi| (13)

Minkowski Distance  d(x,y) =
n
∑
1

(|xi -  yi|p)1 p (14)
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The selected surrogate models (KNN, GBR, and XGB) were chosen because 
the dataset represents steady-state reactor samples rather than temporal 
sequences. Each data point corresponds to a specific reactor position and set 
of operating conditions; therefore, the problem is non-temporal in nature. 
Accordingly, tree-based ensemble methods (GBR and XGB) and instance-
based learning (KNN) were selected for their strong ability to capture 
nonlinear steady-state relationships between the input and output variables 
without relying on sequential dependencies. These algorithms also offer 
computational efficiency, robustness to overfitting, and ease of interpretation 
compared to deep sequence-aware architectures such as LSTMs or Temporal 
Convolutional Networks (TCNs), which are more suitable for dynamic or time-
series data. Furthermore, to complement these static surrogates, an LSTM-
based hybrid correction framework (Section 3.2.1) was employed specifically 
for spatial extrapolation along the reactor length, where sequential 
dependencies become relevant. This hybrid design ensures that each 
modeling approach is utilized within its most appropriate context.

2.3. Recurrent Neural Networks 

Recurrent neural networks (RNNs) are designed to process sequential data 
by incorporating feedback connections that allow information from previous 
steps to influence current predictions [10,66]. However, conventional RNNs 
often struggle to capture long-term dependencies due to gradient vanishing 
or exploding issues. To overcome this limitation, the Long Short-Term 
Memory (LSTM) architecture was employed. LSTMs introduce gated memory 
units that selectively retain or discard information through forget and update 
mechanisms, enabling the network to learn long-range dependencies 
effectively [66,67].

In this paper, the LSTM model was applied to represent sequential spatial 
correlations along the reactor length, allowing accurate extrapolation of 
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process variables where conventional feedforward networks fail to capture 
cumulative dependencies.

Fig.3. Recurrent vs Long Short-Term Memory neural networks

2.4. Sampling Methods 

In this work, we introduce the concept of intelligent sampling [68], which 
entails the systematic design or refinement of algorithms tailored to specific 
sampling objectives. Through both qualitative and quantitative evaluations, 
it becomes evident that several relatively simple algorithms can be adapted 
effectively for tasks such as surrogate modeling, hyperparameter 
optimization, and data analysis. These modified algorithms often outperform 
more complex alternatives currently in practice, achieving higher efficiency 
in terms of both time and computational resources.

Based on a comprehensive review, this study employs the Latin Hypercube 
Sampling (LHS) method, a widely adopted approach for generating initial 
sample points in surrogate and data-driven modeling. The core principle of 

LHS is to divide each input dimension dinto Nintervals and then select a 
coordinate randomly or at the interval center along each dimension. This 

procedure yields Nsample points in d-dimensional space. LHS is 
computationally efficient and capable of generating any number of samples 
while maintaining favorable visual properties, as the samples in each 
dimension uniformly span the corresponding range. Nevertheless, it should 
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be noted that LHS does not inherently guarantee uniform coverage of the 
entire design space [68,70,71].

In machine learning–based modeling, data acquisition and utilization are 
critical, and the choice of sampling strategy directly affects model 
performance. Sampling allows for the selection of representative data points 
from a dataset with unknown parameters, offering the advantages of reduced 
cost and expedited collection. Effective sampling requires careful 
consideration of objectives, variation ranges, and the required number of 
samples. In this study, four sampling strategies are investigated: random 
sampling, LHS [68], Halton, and Sobol [70]. In all three random sampling 
approaches, each element of the dataset has an equal probability of selection. 
The Halton and Sobol methods, in contrast, are quasi-random sampling 
techniques designed to generate low-discrepancy sequences, enhancing 
coverage efficiency in high-dimensional spaces [71].

Table.1. Comparison of different sampling methods in terms of various 
adaptabilities [68]

Sampling Methods

Adaptability to Uniform Grid LHS1
Piosson 

Disk
GreedyF

P
BC2

Arbitrary number of 
samples

+ ⨯ + ⨯ + +

Randomness + + + + + +
Probability density 
function

+ ⨯ + ⨯ + +

1 Latin Hypercube Sampling
2 Best Candidate
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Modified domain extents + ⨯ ⨯ + + +
High dimensional 
sampling

+ + + + + +

Large number of samples + + + + + +

2.5. Data Preparation

The databank of 7000 runs was generated by the authors using the validated 
first-principles model of the fixed-bed DME reactor. Input variables were 
sampled using the Latin Hypercube Sampling (LHS) method to cover the full 
range of operating conditions, and the corresponding reactor outputs were 
obtained by solving the governing conservation equations. The resulting 
dataset served as the basis for training the data-driven and hybrid modeling 
frameworks. To introduce realistic variability, the input variables were 
perturbed using a pseudo-random binary sequence (PRBS), and Gaussian 
white noise with an amplitude between 5% and 10% of the corresponding 
signal was added to the outputs to simulate experimental uncertainty. We 
normalize the data using various statistical functions to standardize the range 
of data variations, making the model training process easier and faster. Here, 
the data is normalized using the Min-Max Scaler method, which scales the 
data to a range between 0 and 1 as shown in e.q.15 .Additionally, two other 
common methods for normalizing data are the L1 and L2 norm [62].

After the data normalization stage, we separate the features that serve as the 
model's input and output, and then divide the data into three categories: 
training data (65%), validation data (10%), and test data (25%).

xnew =  xold -  xmin
 xmax  -  xmin

(15)

L1 norm (Manhattan Distance) =  
xij

|x1|+|x2|+|x3|+…+|xn| (16)
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L2 norm (Euclidean Distance) = xij

x12 +x22 +x32 +…+xn2 (17)

2.6. Modeling the Dimethyl Ether Reactor

The core of a large-scale dimethyl ether plant is a chemical reactor filled with 
acidic catalysts like gamma-alumina (γ-Al2O3), which acts as a conventional 
methanol-to-dimethyl ether converter through the highly exothermic 
dehydration reaction shown e.q.15 [59].

2CH3OH  Keq CH3OCH3 + H2O      ∆H0 =  - 23.4 kJ
mol                                                                                

(18)

γ-Al2O3 at the heart of a large-scale dimethyl ether (DME) production facility 
lies a catalytic reactor packed with acidic materials such as gamma-alumina 
(γ-Al₂O₃), which functions as a conventional catalyst for the conversion of 
methanol to DME through a highly exothermic dehydration process, as 
represented in Equation 15. Gamma-alumina is widely employed in this 
application due to its favorable properties, including high surface acidity, 
stability, cost-effectiveness, ease of fabrication, and widespread availability. 
This catalyst demonstrates satisfactory performance under a broad range of 
operating conditions, typically between 523 and 673 K in temperature and 10 
to 70 bar in pressure. Interestingly, successful operation at relatively lower 
temperatures has also been demonstrated in similar prior research efforts.

Two principal reactor configurations are considered for DME synthesis: an 
adiabatic reactor and a water-cooled reactor. The adiabatic design retains 
the heat generated during the reaction, leading to a rise in temperature that 
accelerates the reaction rate. Conversely, in the water-cooled design, heat is 
extracted via a surrounding water jacket containing saturated water, which 
helps shift the chemical equilibrium toward increased DME production. Prior 
to implementing machine learning techniques or hybrid modeling 
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approaches, it is essential to construct a reliable mathematical model that 
reflects the actual system behavior and serves as a foundation for generating 
the required dataset. This model incorporates mass, energy, and momentum 
conservation principles, initial and boundary conditions, reaction rate laws, 
kinetic expressions, physical property correlations, and an appropriate 
equation of state specifically, the Peng–Robinson model along with several 
critical modeling assumptions, as outlined below:

 The reaction mixture is homogeneous and takes place entirely in the 
gas phase.

 The system is considered to operate at steady state.
 Radial gradients are ignored, and the reactor is modeled in one 

dimension along its length.
 Due to high gas velocities, axial dispersion of mass and energy is 

negligible.
 A plug flow regime is assumed throughout the reactor.
 Pressure drop is estimated using the Ergun equation.
 The reactor employs a fixed-bed configuration with defined porosity.
 Non-ideal gas behavior is accounted for using the Peng–Robinson 

equation of state to compute fugacities and density.
 Lateral heat losses through the reactor wall are considered negligible 

due to insulation.

Because of the high gas velocity and small catalyst particle size, convective 
heat and mass transport dominate, justifying the plug flow assumption. 
Furthermore, intraparticle resistance is considered negligible, allowing for 
the assumption of uniform concentration and temperature within catalyst 
pellets. The reactor's high length-to-diameter ratio (e.g., 2.02 and 80.8) 
further supports the neglect of radial variations, reinforcing the use of a one-
dimensional axial model. These assumptions are commonly adopted in 
previous research and are considered well-established.
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The mathematical model governing the process consists of a system of first-
order ordinary differential equations with inlet boundary conditions. These 
primary equations are supplemented with auxiliary expressions for physical 
properties, reaction kinetics, and thermodynamic behavior. The reaction 
kinetics play a pivotal role in determining model accuracy, particularly the 
reaction rate expression (Ri). In this study, among several kinetic models 
examined, the second kinetic expression (referred to as "r") was chosen for 
further analysis due to its superior alignment with experimental 
observations. This model is based on equilibrium constant formulations and 
offers higher predictive accuracy. Accurate determination of reaction kinetics 
is crucial, especially when modeling the methanol dehydration reaction 
catalyzed by γ-Al₂O₃, as it directly impacts the reliability of the generated 
dataset used for machine learning and hybrid model development. Previous 
research, such as the work by Bakhtiari et al., has reviewed and compared 
various kinetic expressions involving different dependent variables 
concentrations (Ci), fugacities (fi), or partial pressures (Pi). For each model, 
the corresponding equilibrium constant (Keq) must be specified.

Given the reversibility of the methanol dehydration reaction, selecting an 
appropriate kinetic model and developing a robust mathematical framework 
are essential for accurate equilibrium predictions, as these are strongly 
influenced by how the equilibrium constant is calculated. Once Keq is 
determined, the equilibrium conversion (Xeq) can be calculated using the 
inverse relation. In addition to kinetic and equilibrium expressions, the 
modeling framework also requires definitions of thermophysical properties 
such as specific heat capacity, thermal conductivity, and viscosity for both 
individual components and the overall mixture, as well as heat transfer 
equations. It is also important to highlight that, in the case of the water-
cooled reactor configuration, the coolant temperature on the shell side 
remains constant. The use of saturated water ensures steady heat removal, 
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though it may lead to the formation of a two-phase system due to boiling, 
which must be considered when designing the heat exchange process.

A single unified model was trained to predict all output variables 
simultaneously, including outlet concentrations of methanol, dimethyl ether, 
and water, reactor temperature, pressure, and overall conversion. This 
integrated approach allows the model to capture interdependencies and 
physical correlations among the process variables, enhancing prediction 
consistency and interpretability within the hybrid and data-driven modeling 
frameworks.

Prior to generating the synthetic dataset, the developed first-principles model 
was rigorously validated against experimental data reported in the literature 
for DME synthesis over γ-Al₂O₃ in a fixed-bed reactor [59]. the model 
accurately reproduces the experimental temperature and conversion profiles 
under identical operating conditions (T₀ = 550 K, P₀ = 2.1 bar, FT₀ = 0.145 
kmol/h, yM₀ = 1), confirming its physical fidelity and reliability for 
subsequent data generation and hybrid modeling.

Mass Balance:    - 1
AC

dFi
dz +  ρbRi = 0        i = MeOH, DME, Water

(19
)

Energy Balance:  -
Cp
Ac

d(FtT)
dz +  ρb

3
∑

i=1
Ri (- ∆Hf,i) = 0

(20
)

Momentum Equation:      dP
dz =  150μ

∅2
sdp2

(1 - ε)2
ε3 u +  1.75ρ

∅sdp
(1 - ε)

ε3 u2 (21
)

Initial Conditions (Reactor Entrance):      Fi =  Fi,0;   Ft =  Ft,0;  T
=  T0;   P =  P0

(22
)

FT =
3
∑

i=1
Fi    → dFT = d

3
∑

i=1
Fi

(23
)
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KREΠ =  ksf0.55
M [1 -  

fDfW
Keqf2M]    mol

gcatalyst.h
(24

)

ks =   1457.024 exp (- 78072.55
RT )  mol

gcatalyst.h.Pa0.55
(25

)

ln (Keq) = 2835.2
T + 1.675 ln(T) - 2.39 × 10-4 - 0.21 × 10-6T2 - 13.3

(26
)

Table.2. Constants and initial values for the reaction in dimethyl ether fixed-bed 
reactor

Variable Unit Variable Unit
Temperature K  551.15 Reactor diameter m 0.078
Pressure bar 2.1 Catalyst diameter m 0.003
Total volume flow rate dm3/h 4.34 Bed porosity - 0.4
Initial mole fraction of 
methanol

- 1 Catalyst density kg/m3 1470

Reactor length m 0.7 Bed density kg/m3 882

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Fig.4. The schematics of adiabatic dimethyl ether systems

3. Results and Discussion

3.1. First-Principles Modeling 

The first-principles results were obtained by solving the system of differential 
equations described in Section 2.6, using thermophysical properties from 
supplementary tables and operating conditions sampled via Latin Hypercube 
Sampling (LHS; Section 2.5). As previously validated against experimental 
data (Fig. 6), the model was used to generate 7,000 synthetic data points 
under varied non-ideal conditions.

As shown in Fig. 5, the reactor exhibits expected trends along its 0.7 m 
length: conversion rate, product concentrations (water and dimethyl ether), 
and temperature increase, while pressure and methanol concentration 
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decrease. Due to the short reactor length and low flow rate, pressure drop is 
minimal (~0.005 bar). The final conversion reaches 80%, with water and 
dimethyl ether mole fractions of 0.4 each, and methanol reduced to 0.2. The 
outlet temperature is 673 K, consistent with the exothermic reaction profile. 
These results confirm the model’s ability to capture realistic reactor behavior 
under non-ideal conditions.

a)         b)  

)d      c)

e)         f) 
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Fig.5. Fixed-bed dimethyl ether reactor (L = 0.7 m) outputs using the first 
principles model by basic initial conditions (T₀ = 550 K, P₀ = 2.1 bar, FT₀ = 0.145 

kmol/h, yM₀ = 1); methanol mole fraction (a), dimethyl ether (b), water (c), 
temperature (d), pressure (e), and conversion % (f)

a)    b)

Fig. 6. Validation of the first-principles model against experimental data [59] for 
DME fixed-bed reactor. (a) Temperature and (b) conversion profiles along the 

reactor length (L = 0.7 m); initial conditions ((T₀ = 550 K, P₀ = 2.1 bar, FT₀ = 0.145 
kmol/h, yM₀ = 1)

3.2. Hybrid Modeling

3.2.1 Hybrid Modeling (Correction; Extrapolation Feature)

Since the data within the reactor process are sequential and have a spatial 
order (the reactor output at each location depends on the outputs at previous 
locations), this type of network can easily model the process. The LSTM 
network in the correction model functions as a hybrid correction–
extrapolation mechanism, receiving the outputs of the first-principles model 
(e.g., conversion and temperature profiles along the reactor length) along 
with relevant operating parameters, and learning the residual mapping 
between mechanistic predictions and observed (or synthetic) data, rather 
than operating as an independent surrogate. Here, using a long short-term 
memory (LSTM) neural network, which is a type of RNN with long-term 
memory, we modeled the dimethyl ether production process under one set of 
operational conditions. The hybrid models were trained on the 7,000 
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synthetic data points (65% train, 10% validation, 25% test; Section 2.5) 
generated from the validated first-principles simulator (Fig. 6). We observed 
that this network could accurately predict the process outputs at subsequent 
locations. Essentially, this network can perform extrapolation effectively, 
using spatial/temporal or sequential data to predict future outputs. As shown 
in Fig. 7, the LSTM network accurately predicted five different patterns in 
the process outputs, including temperature, conversion rate, and three 
reactant and product components. With an MSE error parameter of 45e-5, 
the network can perform the necessary extrapolation to predict the reaction 
outputs at subsequent locations. Given the explanations about this neural 
network, it uses its short-term memory and previous outputs to perform 
extrapolation with high accuracy, aiming to predict the expected future 
outputs. Table 3 lists the input and output variables of this network along 
with their variation ranges. The accuracy and error rate comparison of the 
model were conducted with the first-principles model simulation, and as 
expected, the hybrid model can easily replace the aforementioned first-
principles model.
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a)      b)        

c)        d) 

Fig.7. Comparison of fixed-bed dimethyl ether reactor output using correction 
(LSTM) and first principles model by basic initial conditions; methanol mole 

fraction (a), dimethyl ether (b), temperature (c), and conversion (d)

Table.3. LSTM model input / output of fixed-bed dimethyl ether reactor with range 
of variations

Variable Symbol Unit Range
Catalyst bed length z m 0 – 0.7
Temperature (z) T K 550 – 690
Mole fraction of methanol (z) yM - 0.2 – 1
Mole fraction of water (z) yW - 0 – 0.4
Mole fraction of DME (z) yDME - 0 – 0.4

Inputs

Conversion (z) X - 0 – 80
Temperature (z+dz) T K 550 – 690

Outputs Mole fraction of methanol 
(z+dz)

yM - 0.2 – 1
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Mole fraction of water (z+dz) yW - 0 – 0.4
Mole fraction of DME (z+dz) yDME - 0 – 0.4
Conversion % (z+dz) X - 0 – 80

3.2.2 Hybrid Modeling (Estimation; Rate Reaction Estimation 
Feature)

In this section, we discuss another type of hybrid model, namely the 
estimation of unknown models or parameters. Most reaction kinetics 
relationships are derived from experiments and are largely empirical. Even 
in an industrial setting, an experimental model can be implemented using 
experimental or industrial data. In the dimethyl ether production reactor 
studied here, the provided reaction kinetics equations are empirical. By using 
rate constants, calculating the fugacity of each component at each location 
(in the unsteady-state reactor at each time), and applying the given 
relationship, the spatial reaction rate can be determined.

Due to non-ideal conditions, the Peng-Robinson equation of state is used to 
calculate material properties at any location and time. However, several 
fundamental challenges arise: non-ideal conditions requiring the use of an 
equation of state for physical and chemical property calculations, reliance on 
an empirical rate relationship, and the additional complexity of property 
calculations in an unsteady-state reactor.

To address these challenges, we leverage data generated from first-principles 
modeling of the reactor and select relevant inputs along with their variation 
ranges to estimate the reaction rate at each location. We implement a model 
using three different machine learning algorithms (XGB, KNN, GBR) to 
predict the spatial reaction rate based on specified process inputs. This 
hybrid approach enables us to replace the empirical reaction rate 
relationship with a data-driven model. At each point in the reactor, the output 
of the machine learning model (the reaction rate) is first obtained and then 
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integrated into the governing equations, which enter the set of differential 
equations to compute the reactor’s output at each location.

If experimental data for reaction kinetics are available, this hybrid model can 
be used to efficiently calculate the reaction rate at any moment and location 
without relying on complex kinetic relationships. Instead of depending on 
empirical kinetic models that may have inherent limitations, our approach 
directly predicts the reaction rate using machine learning, trained on 
available process data. This not only enhances prediction accuracy but also 
facilitates process optimization by eliminating the need for deriving intricate 
kinetic relationships and conducting extensive experiments to estimate 
kinetic parameters.

As shown in Table 6, the proposed hybrid model achieves high accuracy, with 
minimal error when compared to the first-principles model. This allows the 
machine learning model to serve as a reliable alternative for reaction kinetics 
estimation in various applications, including process optimization. 
Furthermore, as illustrated in Fig. 7, the first-principles and hybrid models 
exhibit strong agreement across the six considered outputs, confirming the 
hybrid model’s ability to capture the process behavior with high precision.

Table.4. Estimation model (data-driven section) output with R² and MSE for fixed-
bed dimethyl ether reactor

Output 
Variable

Symbol Unit
MSE 
(XGB)

R2 
(XGB)

MSE 
(KNN)

R2 
(KNN)

MSE 
(GBR)

R2 
(GBR)

Reaction rate ri mol/gcatalyst.h 12.54e-8 0.999 0.53e-8 0.999 374e-8 0.999
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a)         b) 

c)         d) 

Fig.8. Comparison of fixed-bed dimethyl ether reactor output using estimation and 
first principles model by basic initial conditions; methanol mole fraction (a), 

dimethyl ether (b), temperature (c), and conversion (d)

Table.5. Estimation model input / output (data-driven section) of fixed-bed 
dimethyl ether reactor with range of variations

Output Variable Symbol Unit Range

Mole fraction of methanol yM - 0.2 – 1 

Mole fraction of water yW - 0 – 0.4 

Mole fraction of DME yDME - 0 – 0.4 

Temperature T K 550 – 670 

Pressure P bar 2.09 – 2.1 

Reaction Rate ri mol/gcatalyst.h -9.1 – 0.54  
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Table.6. Estimation model output with R² and MSE for fixed-bed dimethyl ether 
reactor

Output Variable Symbol Unit R2 MSE

Mole fraction of 
methanol

yM - 0.999 659e-8

Mole fraction of water yW - 0.999 164e-8

Mole fraction of DME yDME - 0.999 164e-8

Temperature T K 0.999 1.395

Pressure P bar 0.999 4e-11

Conversion X - 0.999 0.659

3.3. Data-Driven Modeling 

To demonstrate that black-box models can effectively replace first-principles 
models, we proceed with the first hybrid modeling approach known as 
surrogate modeling. Here, we first select the inputs and outputs of the 
surrogate model using a case study and sensitivity analysis. Using the first-
principles model presented in the previous section, we generate data and 
then use three machine learning algorithms (KNN, XGB, and GBR) to create 
the surrogate model for this process. The superior performance of KNN, GBR, 
and XGB (Table 7) validates their selection for steady-state surrogate 
modeling, as justified in Section 2.2. This models (KNN, GBR, XGB) were 
applied to the same dataset (Section 2.5) to replace the full mechanistic 
solver, with performance reported in Table 7. These three algorithms were 
chosen due to their higher accuracy and greater efficiency compared to other 
available machine learning algorithms. As mentioned, for data-driven 
modeling and surrogate modeling, three different algorithms (XGB, KNN, and 
GBR) were used. The results, including the error rates between the 
experimental data and the predictions made by the models, are detailed in 
Table.7 using two error measurement parameters (MSE, R2). This table 
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clearly shows that all three models have very high accuracy for all six outputs, 
with no significant differences in the outputs. It should be noted that the 
accuracy of the KNN model is approximately 30 times higher than that of the 
XGB model and twice as high as that of the GBR model. However, since the 
overall error for all three models is negligible, the other two models can also 
be used. To better understand the error rates of each model, we plotted the 
predicted data against the experimental data. It is important to note that 
these surrogate models can easily replace the main model. Given that the 
selected input and output variables for the process consider different 
operational conditions such as varying temperatures and pressures, bed 
porosity, reactor diameter, and different molar fractions of water and 
methanol, this model can be used for predictions and optimizations under 
various operational conditions. Given the very high accuracy of these three 
models, their use will practically involve no error, yielding desirable results.

Table.7. Performance comparison of Data-Driven models with R² and MSE for 
fixed-bed dimethyl ether reactor

Test Train Test Train Test Train
Output 

Variable
Symbol Unit

MSE 
(XGB)

R2 
(XGB)

MSE
(XGB)

R2 
(XGB)

MSE
(KNN)

R2 
(KNN)

MSE
(KNN)

R2 
(KNN)

MSE
(GBR)

R2 
(GBR)

MSE 
(GBR)

R2 
(GBR)

Mole 
fraction of 
methanol

yM - 35e-8 0.999 15e-8 0.999 18e-8 0.999 50e-8 0.999 25e-8 0.999 10e-8 0.999

Mole 
fraction of 

water
yW - 79e-8 0.999 52e-8 0.999 45e-8 0.999 20e-8 0.999 69e-8 0.999 20e-8 0.999

Mole 
fraction of 

DME
yDME - 13e-8 0.999 75e-8 0.999 45e-8 0.999 20e-8 0.999 89e-8 0.999 10e-8 0.999

Temperature T K 0.844 0.999 0.604 0.999 0.05 0.999 0.04 0.999 0.0771 0.999 0.01 0.999

Pressure P bar 6e-6 0.999 3e-6 0.999 1e-6 0.999  5e-6 0.999 10e-6 0.999 1e-6 0.999

Conversion X - 35e-6 0.999 25e-6 0.999 18e-6 0.999 1e-6 0.999 25e-6 0.999 1e-6 0.999
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Table.8 Data-Driven models input / output of fixed-bed dimethyl ether reactor with 
range of variations

Variable Symbol Unit Range

Catalyst bed length z m 0 – 0.7

Total molar flow rate FT0 kmol/h 0.1 – 0.19

Initial temperature T0 K 540 – 620

Initial pressure P0 bar 0.7 – 2.1

Bed porosity εb - 0.2 – 0.8

Diameter D m 0.07 – 0.15

Initial mole fraction of methanol yM0 - 0.3 – 1

Inputs

Initial mole fraction of water yW0 - 0 – 0.25

Mole fraction of methanol yM - 0.1 – 0.98

Mole fraction of water yW - 0 – 0.7

Mole fraction of DME yDME - 0 – 0.4

Temperature T K 520 – 720

Pressure P bar 1.9 – 2.5

Outputs

Conversion X - 0 – 87 

3.4. Data Quantity on Model Accuracy

Aside from examining various sampling methods and their impact on the 
results of data-driven models, another factor that needs to be evaluated is the 
number of data points available in the dataset. Generally, to evaluate this 
influencing parameter using two error calculation metrics mean squared 
error (MSE) and coefficient of determination (R2) and the XGB machine 
learning model implemented for the dimethyl ether production reactor 
modeling, we conducted this task. We used a step size of 500 data points and 
a dataset of 70,000 data points generated by the first-principles model of the 
dimethyl ether production reactor under the initial conditions mentioned in 
the results and discussion section of the model. Each time, using a new 

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



dataset (starting with 500 data points and adding more data in each iteration 
by the step size), we implemented the XGB machine learning model. As shown 
in Fig.9, from the dataset with 5000 data points onward, our model exhibited 
low error and high accuracy, and from 10,000 data points until the end, the 
accuracy and error rate of our model remained unchanged. Two points are 
crucial here: to enhance the accuracy and maintain randomness when adding 
new data to the dataset, we used the random shuffle function from the NumPy 
library, which shuffles the data each time before adding them to the dataset. 
Notably, both charts exhibit slight fluctuations due to rounding errors in the 
programming language (due to the small values) and the diversity of data in 
the dataset, although the overall trend shows a decrease in error.

a)       b)  

Fig.9. Variations of the MSE (a) and the R2 (b) to amount of data in the data-
driven model

3.5. Sensitivity Analysis 

The Pearson correlation coefficient is a parametric statistical method that 
indicates the strength and direction of the relationship between two 
variables. Like other correlation methods, this method considers the 
relationships between pairs of variables, evaluating the relationship between 
two variables A and B with or without the presence of a third variable like C, 
yielding a consistent value. This coefficient measures the relative correlation 
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between two variables, ranging from -1 to +1. If the value obtained is 
positive, changes in the two variables occur in the same direction; in other 
words, as one variable increases, the other also increases. Conversely, if the 
value is negative, the two variables act in opposite directions. It is worth 
noting that a value of zero indicates no relationship between the two 
variables, while a value of +1 indicates a perfect positive correlation and -1 
a perfect negative correlation. [72, 73]

As observed in the case study section, we use the Pearson correlation 
coefficient to examine the correlation between each process input variable 
and its six outputs. Fig.10 clearly shows the correlation coefficient for all 
variables. As expected, the input variables such as reactor length, molar 
fraction of methanol and water, and feed inlet temperature have a more 
significant impact on the process outputs compared to other variables. The 
closer the correlation coefficient value is to +1 or -1, the greater the impact. 
For example, for feed inlet temperature, as the temperature increases, the 
reaction rate and output increase accordingly, reflected by the positive 
correlation coefficients for the molar fractions of water, dimethyl ether, and 
conversion rate (0.18, 0.4, 0.36).

r(Xi,Y) =
∑n

j=1(Xi,j - Xi)(Yj - Y )

∑n
j=1 (Xi,j - Xi)2∑n

j=1(Yj - Y)2
(27)
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Fig.10. Sensitivity analysis of the input / output variables for data-driven model

3.6. Case Study of Process Variables 

In the subsequent discussion, after first-principles modeling of the process, 
to generate data for use in black-box (surrogate) modeling and hybrid 
parameter estimation modeling, we first conducted a case study on all 
process variables using the data-driven model. As presented in Table 9, which 
outlines the input variables along with the range of output variations, our 
proposed data-driven model effectively predicts the process output in 
response to input variations, similar to the first-principles model. This 
demonstrates that the data-driven approach can serve as a highly suitable 
alternative, allowing us to incorporate both operational and process variables 
into process modeling.

Generally, increasing the reaction progress rate will result in reaching the 
desired temperature, pressure, molar fractions of reactants and products, 
and final conversion rate over a shorter reactor length. Conversely, 
decreasing the reaction progress rate will require a longer reactor length to 
achieve the final variable values. increasing the molar feed rate into the 
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reactor causes the desired conversion rate to be reached over a longer 
reactor length. Additionally, as we know, an increased feed rate leads to 
higher velocity and consequently a higher pressure drops along the reactor. 
Therefore, the total molar feed rate will affect the reaction outputs. the effect 
of reactor diameter on the output. As we know, a larger reactor diameter 
results in a lower pressure drop and faster reaction, leading to a quicker 
achievement of the final conversion rate. 

The bed porosity also has a direct relationship with the reaction rate; as bed 
porosity increases, the likelihood of catalyst particle contacts and the 
required surface area decrease, resulting in the reaction achieving the final 
conversion rate over a longer reactor length. Increasing the initial molar 
fractions of all three components (methanol, water, and dimethyl ether) 
reduces the reaction rate for producing dimethyl ether. If the molar fraction 
of any component increases at the reactor inlet and the start of the reaction, 
the desired conversion rate will be achieved over a longer reactor length. It 
is important to note that changes in the inlet water molar fraction have a 
negligible effect on the process output, and decreasing the inlet methanol 
molar fraction will increase the overall reaction conversion rate due to the 
reduced total methanol amount while maintaining the reaction rate. Finally, 
increasing the inlet temperature and pressure enhances particle collisions 
and thus increases the reaction rate. This increased rate helps achieve the 
final conversion rate and other output variables over a shorter reactor length. 
Finally, in Figures 11 to 13, it is clearly observed how variations in three 
variables total initial molar flow rate, reactor diameter, and bed porosity 
affect the process outputs. The impact of their increase or decrease on 
process performance is also well illustrated.
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a)     b)

c)         d)

e)         f)
Fig.11. Reactor outputs for the case study on the variable initial total molar flow 

rate for the dimethyl ether fixed-bed reactor; molar fraction of methanol (a), 
dimethyl ether (b), water (c), temperature (d), pressure (e), and conversion (f).
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a)     b)

c)     d)

e)      f)
Fig.12. Reactor outputs for the case study on the variable reactor diameter for the 
dimethyl ether fixed-bed reactor; molar fraction of methanol (a), dimethyl ether 

(b), water (c), temperature (d), pressure (e), and conversion (f).
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a)     b)

c)     d)

e)     f)
Fig.13. Reactor outputs for the case study on the variable bed porosity for the 

dimethyl ether fixed-bed reactor; molar fraction of methanol (a), dimethyl ether 
(b), water (c), temperature (d), pressure (e), and conversion (f).
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Table.9. Variables used in the case study of fixed-bed dimethyl ether reactor with 
range of variations

Variable Symbol Unit Range
Total molar flow rate FT0 kmol/h 0.1 – 0.19
Initial temperature T0 K 540 – 620 
Initial pressure P0 bar 0.7 – 2.1 
Bed porosity εb - 0.2 – 0.8 
Reactor diameter D m 0.07 – 0.15
Initial mole fraction of 
methanol

yM0 - 0.3 – 1

Initial mole fraction of 
water 

yW0 - 0 – 0.25

Initial mole fraction of DME yDME0 - 0 – 0.6

3.7. Optimization 

Because data-driven models can be used at different operation conditions and 
less run-time, these models, unlike complex mechanistic models, have been 
widely used for process optimization, after reviewing and comparing 
performance different data-driven models for unseen data, the XGB model 
error was less and also the investigation of various optimization methods 
around different processes in chemical engineering [74, 75], by the objective 
function of the Maximum Conversion at Minimum Temperature (MC-MT) 
which includes the function of T, X (f (T, X)), and with a suitable initial guess 
and using different constraint for each output species, first by Differential 
Evolution (DE) method [74, 75] and then to compare the optimal values with 
2 other methods by SLSQP [76] and TRUST-CONSTR [77] where each initial 
guess was used from the answer of DE method and implemented and 
optimized using the functions available in SciPy package and the output 
values (Table 10) and optimal input (Table 11) for each of the variables are 
reported. As can be seen from the optimization results, in the implemented 
methods, the DE method provided the most optimal solution for us, both in 
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terms of (MC-MT) and conversion% and according to the amount of MC-MT 
in all methods, the amount 0.1534 will be the optimal value for 84.3 
conversion%. 

MC - MT: f (T, X) = Tout
TNominal

-  Xout
XNominal

(28)

Our objective in optimizing this process is twofold: first, to demonstrate the 
application of data-driven models for faster optimization that includes the 
process's operational conditions, and second, to obtain the optimal process 
input variable values, such as initial temperature and pressure, methanol 
molar fraction, reactor diameter and bed porosity, as well as total molar flow 
rate and so on. As expected, by performing this operation, we could calculate 
the optimal input variable values of (521 K, 2.1 bar, 0.825, 0.139 m, 0.593 
and 0.172 kmol/h) for the lowest output temperature (605.9 K) and the 
highest conversion (84.3%). As can be seen in Table 10, under the optimal 
process conditions, we achieved the maximum conversion at the lowest 
temperature. Additionally, by increasing the total molar flow rate (0.172 
kmol/h), we can produce the maximum amount of dimethyl ether. 
Furthermore, by setting another objective function for optimization, we can 
achieve desired values under different operational conditions of the process 
and scale-up it.
To visualize the convergence behavior of the Differential Evolution (DE) 
optimization algorithm, the scatter convergence profile is presented in Figure 
14. This figure depicts the variation of the objective function value across 
successive iterations, demonstrating the algorithm’s stable convergence 
toward the global optimum and confirming the robustness of the optimization 
procedure.

Table 10. Optimal output values for each optimization method

Name Unit DE TRUST-CONSTR SLSQP Nominal Operation
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Mole fraction of 
methanol

- 0.21 0.137 0.13 0.2

Mole fraction of water - 0.395 0.704 0.72 0.4
Mole fraction of DME - 0.385 0.153 0.15 0.4
Pressure bar 2.1 2.096 2.09 2.1
Temperature K 605.9 622 620 673

Conversion - 84.3 86.4 86 80

MC-MT
-

0.153
4

0.1557 0.1537

Table 11. Optimal input values for each optimization method

Name Unit DE TRUST-CONSTR SLSQP
Nominal 

Operation
Catalyst bed length m 0.7 0.7 0.7 0.7

Total molar flow rate kmol/h 0.172 0.206 0.2 0.145

Initial temperature K 521 551 551 550
Initial pressure bar 2.1 2.1 2.1 2.1
Bed porosity - 0.593 0.5 0.5 0.4
Diameter m 0.139 0.1 0.1 0.078
Initial mole fraction of 
methanol

- 0.825 0.44 0.4 1
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Fig.14. Scatter convergence profile of the DE optimization algorithm showing the 
variation of the objective function value with iteration number and its stable 

convergence toward the optimal solution.

3.8. Computational Efficiency Analysis

One of the major advantages of applying data-driven and hybrid modeling 
frameworks in chemical process simulation is their computational efficiency 
compared with conventional mechanistic solvers. To quantitatively evaluate 
this benefit, timing benchmarks were conducted for the first-principles 
simulator and each developed model under identical input conditions.

The mechanistic reactor model, implemented using the solve_ivp function 
with the BDF integration method, required an average runtime of 0.9253 
seconds to compute the full reactor profile containing 701 axial discretization 
points. In contrast, the trained data-driven and hybrid models achieved 
inference times of less than 0.06 seconds per simulation, providing up to a 
24× speedup while maintaining predictive accuracy.

The comparative results are summarized in Table 12, which reports the 
average runtimes from 100 repeated evaluations for statistical consistency.

Table 12. Computational performance comparison between the first-
principles, data-driven, and hybrid models.

Model Type
Avg. Runtime 

(s)
Speedup vs. 
Mechanistic

Governing 
Equation

First-
Principles

0.9253 ×1

XGB
Data-Driven 
(Inference)

0.042 ~×22

KNN Data-Driven 0.0381 ~×24
GBR Data-Driven 0.0456 ~×20
Estimation Hybrid 0.0489 ~×19
Correction Hybrid 0.0437 ~×21
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The results clearly demonstrate that all data-driven and hybrid models 
achieve ×18–24 faster runtime performance relative to the first-principles 
model. Such computational efficiency makes these models highly suitable for 
iterative optimization, real-time process control, and large-scale uncertainty 
analysis applications where direct numerical integration of governing 
equations would be computationally prohibitive.

It should be noted that the comparison excludes one-time model training 
costs for machine learning algorithms, as runtime efficiency during inference 
is the dominant factor for operational use and optimization-based 
deployment. The significant speed improvement validates the practical utility 
of hybrid and data-driven frameworks for future digital twin and real-time 
optimization applications in chemical reaction engineering.

3.9. SHAP Analysis

To further understand the influence of each input feature on the model 
outputs, SHAP (SHapley Additive exPlanations) [78] values were computed. 
SHAP values provide both the direction and magnitude of a feature’s impact 
on the model prediction for each instance. In Figure 15, SHAP summary plots 
are presented for six target variables, where each point represents an 
individual sample, colored by the feature value (from low: blue to high: red). 
The horizontal axis indicates the SHAP value, reflecting the effect of that 
feature on the model output.

In plot (a), the SHAP analysis for the conversion (Xr) clearly shows that the 
reactor length (z), initial temperature (T0), and initial molar fraction of 
methanol (yM0) are the most influential variables. High values of Catalyst bed 
length (z) and initial temperature (T0) lead to positive SHAP values, implying 
that increasing these variables enhances the conversion rate. This finding 
aligns with chemical engineering principles: a longer reactor provides more 
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residence time, facilitating reaction completion, while higher inlet 
temperature increases reaction kinetics.

Interestingly, we observe a dense cluster of blue points on the left-hand side 
of the z feature, indicating that lower values of z consistently result in 
negative SHAP values, thus reducing conversion. This strong sensitivity to 
reactor length highlights its pivotal role in system performance. Similarly, 
higher values of yM0 (red points) also correspond to positive SHAP values, 
confirming that greater methanol content in the feed boosts conversion 
efficiency consistent with the reaction stoichiometry.

In plot (b), corresponding to reactor pressure (P), the most influential 
variable is P0 (initial pressure). As expected from fundamental fluid dynamics, 
higher feed pressure (red) increases the outlet pressure, leading to high 
positive SHAP values. The second most important variable is z, though its 
influence is relatively complex: lower values of z (blue points) are generally 
associated with lower SHAP values, indicating pressure drop along the 
reactor. This matches the physical expectation that longer reactor lengths 
typically result in more pressure loss due to friction and reaction progression. 
The SHAP plots also reveal that some variables, such as D, eb, and yW0, have 
minor and less consistent effects on the model outputs, evidenced by their 
narrow SHAP value distributions centered around zero in almost all subplots.

Overall, the SHAP-based sensitivity analysis not only quantifies the impact of 
input variables on the prediction but also provides physically interpretable 
insights consistent with the underlying chemical process. This validates the 
model's learning behavior and supports its use for further scenario analysis 
or optimization studies.
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e) f)

Fig.15. SHAP analysis of the input / output variables for data-driven model; a) 
Conversion, b) Pressure, c) Temperature, d) Mole fraction of water, e) Mole 

fraction of DME, f) Mole fraction of methanol

4. Conclusion

In this study, an interpretable hybrid modeling framework was successfully 
developed and demonstrated for the synthesis of dimethyl ether (DME) in a 
fixed-bed catalytic reactor. The framework effectively integrates first-
principles modeling, data-driven learning, and optimization into a unified 
architecture capable of accurate prediction, physical interpretability, and 
computational efficiency.

A validated first-principles simulator was first established by solving the 
governing conservation equations for mass, energy, and momentum under 
realistic operating conditions. Based on this simulator, a comprehensive 
synthetic databank of 7000 samples was generated using the Latin 
Hypercube Sampling (LHS) technique, covering eight key input variables 
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catalyst bed length, inlet molar flow rate, initial temperature, initial pressure, 
methanol and water inlet concentrations, reactor diameter, and bed porosity 
and six output variables, including component concentrations, outlet 
temperature, outlet pressure, and conversion.

Among the data-driven models evaluated (XGB, KNN, and GBR), the XGB 
algorithm achieved superior accuracy with an average R² of 0.999 and 
minimal MSE across all outputs. Furthermore, two hybrid modeling 
approaches hybrid estimation (kinetic replacement) and hybrid correction 
(LSTM-based sequential extrapolation) were implemented to enhance 
predictive performance while maintaining physical interpretability. The 
LSTM-based correction model achieved an MSE of 4e-4, outperforming other 
methods and confirming its ability to accurately reproduce and improve upon 
first-principles predictions. These findings demonstrate that the proposed 
hybrid framework can both improve the predictive accuracy of first-principles 
models and replace complex kinetic sub-models with interpretable data-
driven components.

In addition, by coupling the XGB model with the Differential Evolution (DE) 
optimization algorithm, optimal operating conditions were determined 
yielding a maximum conversion of 84.3% and a minimal temperature rise of 
84.9 K. This integration highlights the framework’s potential for process 
optimization, enabling efficient exploration of operational trade-offs between 
conversion and thermal behavior.

Overall, the developed interpretable hybrid modeling framework represents 
a generalizable and physically consistent approach that bridges mechanistic 
understanding and data-driven learning. It offers a scalable foundation for 
reactor design, control, and optimization in catalytic systems and other 
complex chemical processes.

Building upon the current findings, several future research directions are 
recommended:
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 Substitute empirical models with data-driven representations by 
replacing the Peng–Robinson equation of state with machine learning-
based thermodynamic estimators trained on experimental data; 

 Explore advanced hybrid techniques, such as physics-informed neural 
networks, to enhance physical consistency and generalization under 
unseen conditions; and

 Recalibrate hybrid models using industrial or pilot-scale data to ensure 
reliable application under real operating conditions.

Through these extensions, the proposed methodology can evolve into a 
powerful tool for interpretable and optimization-driven modeling across a 
wide range of chemical engineering processes.
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