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ABSTRACT

Micromixers play an imperative role in chemical and biomedical systems. Designing compact micromixers for laminar flows owning a low
Reynolds number is more challenging than flows with higher turbulence. Machine learning models can enable the optimization of the
designs and capabilities of microfluidic systems by receiving input from a training library and producing algorithms that can predict the out-
comes prior to the fabrication process to minimize development cost and time. Here, an educational interactive microfluidic module is
developed to enable the design of compact and efficient micromixers at low Reynolds regimes for Newtonian and non-Newtonian fluids.
The optimization of Newtonian fluids designs was based on a machine learning model, which was trained by simulating and calculating the
mixing index of 1890 different micromixer designs. This approach utilized a combination of six design parameters and the results as an
input data set to a two-layer deep neural network with 100 nodes in each hidden layer. A trained model was achieved with R2 = 0.9543 that
can be used to predict the mixing index and find the optimal parameters needed to design micromixers. Non-Newtonian fluid cases were
also optimized using 56700 simulated designs with eight varying input parameters, reduced to 1890 designs, and then trained using the
same deep neural network used for Newtonian fluids to obtain R2 = 0.9063. The framework was subsequently used as an interactive educa-
tional module, demonstrating a well-structured integration of technology-based modules such as using artificial intelligence in the engineer-
ing curriculum, which can highly contribute to engineering education.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0146375

I. INTRODUCTION

Micromixers are miniaturized microfluidic components that
enable rapid and enhanced mixing of fluids in micro-scale flows for
chemical, biological, and medical applications.1–3 While turbulence
occurring within flows with high Reynolds number (Re) allows for
enhanced mixing, low Re regimes mostly depend on diffusion, which
results in slow mixing within lengthy microchannels.4 Therefore,
developing compact micromixers that enable efficient mixing of

liquids and gases in low Re regimes is an arduous task. Active micro-
mixers use external stimuli such as acoustic,5–7 magnetic,8–10

thermal,11–13 and electric14–16 fields to effectively and rapidly mix
fluids. On the other hand, passive micromixers utilize the innate
properties of fluids, including inertial, viscous, and diffusive
forces.17,18 These types of micromixers exploit the energy of driving
pressure, which is already available in the microfluidic system that
contains the micromixer.19 This approach eliminates the need for

Biomicrofluidics ARTICLE pubs.aip.org/aip/bmf

Biomicrofluidics 17, 044101 (2023); doi: 10.1063/5.0146375 17, 044101-1

Published under an exclusive license by AIP Publishing

https://doi.org/10.1063/5.0146375
https://doi.org/10.1063/5.0146375
https://pubs.aip.org/action/showCitFormats?type=show&doi=10.1063/5.0146375
http://crossmark.crossref.org/dialog/?doi=10.1063/5.0146375&domain=pdf&date_stamp=2023-07-05
https://orcid.org/0009-0004-1518-6706
https://orcid.org/0000-0002-8484-8652
https://orcid.org/0000-0002-5295-5701
https://orcid.org/0000-0003-4930-768X
https://orcid.org/0000-0003-0896-267X
https://orcid.org/0000-0003-4604-217X
mailto:stasoglu@ku.edu.tr
https://doi.org/10.1063/5.0146375
https://pubs.aip.org/aip/bmf


complicated and costly manufacturing processes associated with
active micromixers. Additionally, passive micromixers enable the
fabrication of tinier and compact micro-total analysis systems
(μTAS) and lab on chip (LoC) setups since they do not require
any external equipment to create force fields.20,21 The fluidic
forces that control the micromixing process can be achieved by
employing complex geometries such as helices, curves, and
corners along the microchannels.22 3D shapes such as serpen-
tines,23 tesla structures,24 crossing manifolds,25 and cascaded
structures26 can also be implemented in passive micromixer
designs. Alternatively, 2D passive micromixers are amenable to
facile manufacturing schemes without compromising the mixing
efficiency by implementing repeating curves and obstacles or wid-
ening and narrowing cross sections.

Machine learning (ML) is a subdivision of artificial intelli-
gence (AI), where algorithms are trained to autonomously improve
by learning from previous trials to optimize or predict an outcome
that results from multiple input parameters. ML has been actively
utilized in medical and biomedical fields,27–29 such as the predic-
tion of diseases based on big data,30 delegating the computational
tasks in tough conditions for providing faster analysis and fore-
casting the data,31 cancer diagnosis.32,33 In combination with
image processing, ML can be used for the prediction of micronee-
dle features for drug delivery34 and medical imaging applica-
tions.35 ML techniques are usually divided into two main
categories: (i) regression, in which the outcome to be predicted is
a continuous variable, or (ii) classification, where the aim is to
predict whether the outcome belongs to one of two or more
classes.36 Additionally, ML can be categorized based on the aim
and training approach into supervised, semi-supervised, unsuper-
vised, and reinforced learning.37 ML has been used to optimize
designs and understand the impact of design and manufacturing
parameters on products.38,39 For instance, 3D-printed structures
were analyzed using ML to detect and prevent design errors.40

Furthermore, ML was used to fine-tune the design of microstruc-
tures to optimize their mechanical properties.41 The other appli-
cations of ML include the design 3D-printed surrogates42 and the
optimization 3D-printed biomimetic microfibrillar adhesives.43

Similarly, ML can augment the analyses of the effect of different geo-
metrical parameters on the mixing capabilities of passive micro-
mixers to optimize their designs.

AI has the potential to enhance the learning outcomes of engi-
neering students.44,45 For example, AI-powered simulations can
provide a more realistic and immersive learning experience than
traditional methods.46 AI can also help personalize the learning
experience to individual students’ needs, allowing them to progress
at their own pace and receive targeted feedback.47 This study pre-
sents a well-structured integration of technology-based modules
such as using artificial intelligence in the engineering curriculum,
which can highly contribute to engineering education. In addition,
AI has the potential to revolutionize engineering research and
development. In this regard, we used the ML-based optimization of
the mixing performance of micromixers at low Re regimes for
Newtonian and non-Newtonian fluids to develop an interactive
educational module for students (Fig. 1). Micromixers with 58590
combinations of five geometrical parameters and three fluidic
parameters were simulated. The mixing efficiency and compactness

of each design were calculated and utilized to create a training data
library for ML. After being trained, the ML algorithm evaluated
the optimum geometrical parameters for improved mixing of pre-
ferred fluids (Newtonian or non-Newtonian) in low Re regimes
with a miniaturized design. Finally, this ML-based optimization
algorithm was developed into an educational user interface. We
demonstrated that this new method of AI-based education can
enhance students’ learning outcomes and improve their problem-
solving skills.

II. METHODS

A. Geometric design

A parametrically changeable microchannel geometry was ren-
dered in the 2D module of COMSOL Multiphysics. The design was
composed of two inlets—a T-junction that merges flow from two
inlets into the micromixer entrance channel and the micromixer—
and an outlet channel [Fig. 2(a)]. The dimensions of the channels
were determined by multipliers of the channel width (w). The
lengths of the vertical inlet channels were equal to 5*w, while the
lengths of the micromixer entrance channel and outlet channel was
determined by the factor of L (length = L*w). The curvature of the
micromixers was based on Eq. (1), and it was drawn with the para-
metric curve function [Fig. 2(b)],

y ¼ x
1
p: (1)

Since a parallel curve to the existing curve with a distance
equal to w in between is needed to create a closed area, the para-
metric representation of a parallel curve with a distance of w was
formulated by implementing x(t) ¼ t and y(t) ¼ t

1
p into Eq. (2),

which yields Eq. (3),

xparallel(t) ¼ x(t)�
w

dy
dtffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

dx
dt

� �2

þ dy
dt

� �2
s ,

yparallel(t) ¼ y(t)þ
w

dx
dtffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

dx
dt

� �2

þ dy
dt

� �2
s ,

(2)

xparallel ¼ x � wffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ 1

p
x
1
p�1

� �2
s ,

yparallel(t) ¼ x
1
p þ wffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1þ 1
p
x
1
p�1

� �2
s :

(3)

The length of a micromixer curve was limited to factor a,
which determined the maximum x-coordinate of the curve
(xmax ¼ a*w). The number of the serpentines of the microchannels
was determined with factor n.
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B. Flow simulations

Creeping Flow and Transport of Diluted Species modules of
COMSOL Multiphysics were implemented to evaluate the passive
mixing ability of micromixers. These modules were chosen since
they enabled researchers to successfully generate the simulation
results that match experimental findings for a wide range of Re
numbers and micromixer designs.48–53 The parametrically change-
able microchannel geometry was created as a 2D area, and the
domain was assigned as the fluid that would be simulated. As
boundary conditions, flows that contain concentrations of 0 and
1mol m−3 were assigned to the bottom and top inlets, respectively,
with the flow rate of Q. The exit of the microchannel was assigned
as a single outlet with zero pressure as the boundary condition,
while all the remaining boundaries were assigned as channel

walls based on the properties of polydimethylsiloxane (PDMS).
Equation (4) was used to compute a fully developed flow profile,
where the inertial terms were neglected to reproduce a small Re
(Stokes) flow, while the second term on the right-hand side of the
equation was added to approximate the shallowness of microfluidic
channels (dz is equal to w, yielding a microchannel with a square
cross section). P, μ, and U represent the pressure, the dynamic vis-
cosity, and the velocity, respectively [Figs. 2(c) and 2(d)],

0 ¼ ∇ �PI þ μ(∇U þ (∇U)T )
� �� 12

μU
d2z

: (4)

The diffusion equation with convection mechanism [Eq. (5)]
was used to compute the transport of diluted species, where D is

FIG. 1. Workflow of the educational module. (a) First parameters affecting the micromixer study were defined and organized. (b) Finite element analysis (FEA) was
used for simulating the micromixer setups. (c) For given particular cases of the micromixer, the mixing index was evaluated. (d) The data were used for training a machine
learning (ML) model. (e) Results of the ML model were used to create (f ) a novel interactive educational module for students.
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the diffusion coefficient, U is the velocity, and c is the concentra-
tion. The accuracy and efficiency of numerical solutions are influ-
enced by the properties of the mesh utilized for discretizing the
governing equations and boundary conditions. Although the accu-
racy of solutions tends to improve as the mesh size approaches
zero, this leads to a significant increase in computational require-
ments such as time and memory, which are closely tied to the
number of nodes in the model. To address this, the optimal mesh
was determined by performing a mesh independence study that
examined the balance between the accuracy of the solution and the
computational demands [Figs. 2(f ) and 2(g)]. Since the geometry

of the micromixer is altered in this study in order to examine the
impact of the microchannel design on the output mixing index, the
mesh independency analysis has been carried out using the model’s
maximum element size (Δmax). The mesh analysis was conducted
on two models with parameters that yield the highest and lowest
Re cases, which are Re = 0.83, W = 200 μm, a = 5, L = 5, n = 3,
p = 16, and Q = 10 μl min−1 and Re = 0.03, W = 500 μm, a = 5,
L = 5, n = 3, p = 16, and Q = 1 μl min−1, respectively. Using
free quadratic mesh elements, the analysis showed that the calcu-
lated mixing index becomes stable with Δmax � 6μm and does
not change significantly with further mesh refinement; hence,

FIG. 2. Simulation procedure. (a) Demonstration of the microchannel geometry with changeable parameters. (b) Depiction of the micromixer profiles. (c) Pressure contour
plot. (d) Velocity streamline plot. (e) Concentration distribution along the vertical cross section for the case of p = 16, a = 1, L = 5, n = 1, Q = 1 μL min−1, and w = 500 μm.
0–1 on the x axis corresponds to the top-bottom line at the outlet cross section. (f ) Mesh independence study for Re = 0.83, p = 16, a = 5, L = 5, n = 3, w = 200 μm, and
Q = 10 μL min−1 case. (g) Mesh independence study for Re = 0.033, p = 16, a = 5, L = 5, n = 1, w = 500 μm, and Q = 1 μL min−1 case.
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Δmax ¼ 6μm was enough to carry out the simulations,

∇(D∇c)þ U∇c ¼ R: (5)

Simulations for Newtonian fluids were conducted with the
fluidic properties of the water where the density was 1000 kg m−3,
the dynamic viscosity was 10�3Pas, and the diffusion coefficient
was set to 10−9 m2 s−1. The Newtonian simulations were ran by
sweeping over the geometrical parameters of p from 1st to 7th
powers of 2; w for values of 50, 100, 200, and500μm; L for values
of 2, 5, 10; n for values of 1, 2, 3; and a for values of values of
0:1, 0:5, 1, 2, 5, with the flow rate (Q) values of 1 and
10 μl min−1. Within these 2520 combinations, models that contain
w of 50 and 100 μm and Q of 10 μl min−1 were excluded due to the
uncertainty of the used module for Re > 1, yielding 1890 different
simulations. On the other hand, the power-law viscosity model
[Eq. (6)] was used to simulate non-Newtonian fluids, where m is
the fluid consistency coefficient, n is the flow behavior index, and γ
is the shear rate. In addition to all geometrical values that are used
in Newtonian models, m values of 0.01, 0.1, 1, 10, and 100th
powers of 0.15 kg m−1 s−1 were added to parametric sweep in
non-Newtonian models. Furthermore, n values of 0.7, 0.8, and 0.9
were added to mimic shear thickening fluids, while values of 1.1,
1.2, and 1.3 were used for replicating shear thinning fluids
(Table I). Eventually, 56 700 non-Newtonian simulations were per-
formed to train the ML algorithm,

μ ¼ m(γ)n�1: (6)

The mixing index (M) was calculated with the variation in the
concentration over the vertical crossline at the outlet of the micro-
channel with Eqs. (7) and (8)18 [Fig. 2(e)]. N represents the
number of data points, while c represents the concentrations at
respected data points. The value of σmax was calculated with the
concentration data at the vertical crossline of the T-junction, where
the variation was maximum. The calculated M value varied
between 0 and 1 where 1 represents perfect mixing. In addition to
M, the total area (mm2) spanned by each micromixer design was

calculated using Eq. (9),

σ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

(ci � �cm)
2

vuut , (7)

M ¼ 1� σ

σmax
, (8)

Area¼
h
ð2� L� wÞ þ ð4� a� w� nÞ

i
�
h
2� ða� wÞ1p

i
�½10�6�: (9)

C. ML-Based parameter optimization

The data used to train the ML model were extracted from the
simulation results. For Newtonian fluids, a combination of six
input parameters was used to calculate the mixing index of 1890
different micromixer designs. To train the ML model, the
Regression Learner toolbox (MATLAB) was initially used to find
the most suitable model. After training all the available models in
the toolbox, including linear regression, neural networks, regression
trees, support vector machines, and Gaussian process regression,
the best performing models were found to be neural networks and
regression trees. A neural network model was adopted as the ML
model. For a more customized model, a MATLAB’s Neural
Network Fitter toolbox was then used to train a neural network by
setting the hyperparameters manually, which were the number of
hidden layers, neurons, and optimization mathematical process. In
particular, two hidden layers were used with 100 hidden neurons in
each of them, while Bayesian regularization was used for optimiza-
tion since it has high generalization capabilities. The data were split
into 70% for training and 30% for validation, and the neural
network was trained accordingly. The non-Newtonian fluids data
included 56 700 different designs, which had the same six input
parameters used for Newtonian fluids with the addition of two
extra parameters related to non-Newtonian fluids, resulting in a
total of eight input parameters. The data were then reduced to 1890
designs to be comparable with the results of the Newtonian fluids
data, and a deep neural network with the same hyperparameters of

TABLE I. Nomenclature of parametrically sweep values.

Parameter Definition Values

Geometrical factor
P Power factor in equation y ¼ x

1
p 2, 4, 8, 16, 32, 64, 128

W Channel width and depth 50, 100, 200, 500 μma

A Length factor of a single micromixer serpentine (mirroring point is a*w) 1/10, 1/2, 1, 2, 5
N Number of serpentines 1, 2, 3
L Entrance and outlet channel length factor (total length is L*w) 2, 5, 10

Fluidics
Q Flow rate 1, 10 (μLmin−1)a

M Fluid consistency coefficient [as a power of 0.15 kg/(m*s)] 1/100, 1/10, 1, 10, 100
nnon-Newtonian Flow behavior index 0.7, 0.8, 0.9, 1.1, 1.2, 1.3

aCombinations with w values of 50 and 100 μm were excluded for Q = 10 μLmin−1 due to computational limitations.
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the neural networks used for Newtonian fluids was also used for
training an ML model.

D. GUI design

To enable the trained ML model to be effectively used for
mixing index prediction, a graphical user interface (GUI) was
developed using the App Designer tool (MATLAB). The GUI
enables the employment of the ML model by non-programmers,
where a diagram of an example micromixer is shown to illustrate
the meaning of each of the six input parameters. The user can
choose between using a Newtonian and non-Newtonian fluid,
which has six or eight input parameters, respectively. For each
parameter, a text box with the name of the corresponding parame-
ter is included, allowing the user to enter the desired value, taking
into consideration the upper and lower limits of the parameters
and whether they can be integers or real numbers, where the GUI
rejects any incompatible values. The trained ML model was inte-
grated with the GUI in such a way that after entering all the six or
eight parameters, when the user clicks the “Calculate” button, the
developed function is called to input the entered parameters into
the trained ML model, calculate the predicted mixing index, and
show the result to the user. An additional text box was added to
show the area spanned by the micromixer for both Newtonian and
non-Newtonian by implementing a function within the GUI that
calculates that area based on Eq. (9).

E. Educational module

Through the developed GUI, an educational module was
designed for micromixer optimization. By the employment of this
module, a group of students were trained. Prior to the study,
consent was taken from all the students to process their

information for educational and research purposes. The partici-
pants consisted of 18 undergraduates and graduates enrolled in the
course “Fundamentals of Microfluidics” at Koç University. The stu-
dents were asked to find the optimum mixing index by changing
the parameters and running the code to obtain the results using a

TABLE II. Questions offered to students as an instruction to interact with the educational module.

# Please consider Newtonian fluids for questions 1, 2, 3.
1 Please set the Q = 10 μLmin−1, w = 100 μm, a = 2, L = 5, n = 1 and observe the effect of p (in other words, the effect of the curvature

profile on micromixing performance). What is the effect of increasing p on mixing performance?
2 Please set p = 2 and Q = 10 μLmin−1 and play with w, a, L, and n values. Please state the most and the least effective geometrical

parameters on mixing performance.
3 Please try to find a set of parameters that gives the mixing performance for flow rates of 1000, 100, 10, and 1 μLmin−1. The mixing

index can go up to %99. Please try to spend at most 60 s for each flow rate value.
4 Please apply the parameters that you found in question 3 for Q = 1 μLmin−1 to the non-Newtonian fluid case. Keep the

non-Newtonian coefficient 1 and evaluate mixing performance for various values of the flow behavior index between nindex = 0.7
(shear thickening fluid) and nindex = 1.3 (shear thinning fluid). Try to observe whether the mixing index is different for shear

thinning and shear thickening fluids.
5 Repeat question 4 for Q = 1 μLmin−1. Please compare the effect of the non-Newtonian fluid characteristic for different flow rates.

What might be the reason if you observe any difference?
6 For Q = 1 μLmin−1 and nindex = 0.7, please vary the fluid consistency coefficient as powers of 10 (e.g., 10−2, 10−1, and 103). Does the

fluid consistency coefficient affect the mixing performance of the micromixer?
7 Please repeat question 6 for Q = 1 μLmin−1 and nindex = 1.3. Is the effect of fluid consistency coefficient the same for shear

thickening and shear thinning fluids?
8 Do you think micromixers that were designed for Newtonian fluids should be re-designed when used with a non-Newtonian fluid

based on your understanding from the app?
9 Did you have previous background about micromixers (their design and application)?

TABLE III. Survey questionnaire used for assessing the introduced education
module. Legend: 1 = strongly disagree; 2 = disagree; 3 = neither agree nor disagree;
4 = agree; and 5 = strongly agree.

# Statement

How much do
you agree with
the statement?

1 The module helped me to understand
mixing optimization idea. 1 2 3 4 5

2 The legend figure given in the software was
informative. 1 2 3 4 5

3 The problems given to me were clear. 1 2 3 4 5
4 The education module was interesting and

involving. 1 2 3 4 5
5 The software graphical user interface is easy

to use. 1 2 3 4 5
6 I could understand the different parameters

that are used for optimization of mixers. 1 2 3 4 5
7 I was able to run the software by myself. 1 2 3 4 5
8 I could figure out how to work with the

software easily. 1 2 3 4 5
9 I could understand how the entered

parameters affect mixing. 1 2 3 4 5
10 I was able to optimize the mixer design

independently. 1 2 3 4 5
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set of instructive problems (Table II). Students were asked to evalu-
ate their experience in the module,54 using the five-point Likert
scale questionnaire survey (Table III) by indicating their degree of
accordance ranging from strongly agree to strongly disagree.

III. RESULTS

A combination of parameters in Table I enabled the simula-
tion of micromixer structures with Re numbers ranging from 0.033
to 0.83. The mesh independence study showed that the mesh
setting did not have a significant effect on simulating low Re flows
[Figs. 3(f ) and 3(g)]. However, for Re > 1 flows, the reduced mesh
quality has shown a detrimental effect on the simulation results. By
utilizing the meshing setting described in Sec. II B, we were able to
achieve comparable results to the best quality meshing setup, while

also managing to maintain a reasonable computational load for the
vast number of simulations. Velocity and pressure profiles were
generated using Eq. (4). [Figs. 2(c) and 2(d)]. The area covered by
the micromixer structure was 4 mm2 in the largest structure while
the smallest design merely crossed 0.0046 mm2. For the Newtonian
simulations, the lowest M was determined as 0.13 in the case
of p ¼ 2, a ¼ 0:1, L ¼ 2, n ¼ 1, Q ¼ 1 μlmin�1, and w ¼ 500μm
(Re ¼ 0:03), while M of ∼1 was reached for multiple cases. On
the other hand, the smallest M in non-Newtonian simulations was
calculated as 0.17 in the case of p ¼ 4, a ¼ 0:1, L ¼ 2, n ¼ 1,
Q ¼ 10μlmin�1, m ¼ 0:01, nnon newtonian ¼ 1:3, and w ¼ 200μm
(Re ¼ 0:83). As expected, the most effective geometrical parameter
on M was the number of serpentines (n). Nevertheless, increasing n
also expanded the total area covered by the six micromixers, which
is not desired for applications that possess spatial limitations.

FIG. 3. True vs predicted responses of the training (left) and validation (right) subsets after training the neural network models for (a) Newtonian fluids data and (b)
non-Newtonian fluids data.
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Therefore, minor effects of other geometrical and fluidic parame-
ters on M were investigated with ML. The output of 1890
Newtonian and 56 700 non-Newtonian simulations (later reduced
to 1890) was documented as a library, which was used to train the
ML model.

After training all the models available in the Regression
Learner toolbox of MATLAB, the R2 values were checked as an
indicator for the prediction power of the ML models: R2 = 1 means
perfect prediction and R2 = 0 means completely wrong prediction.
As a result, the models that yielded the highest R2 values were
neural network and regression trees, with R2 values of 0.94 and
0.93, respectively. In some cases, neural networks predicted the
mixing index to be slightly higher than the maximum possible
mixing index, which was 1, but not more than 1.07. On the other
hand, although regression tree prediction did not exceed 1, its pre-
dicted values were always restricted by the mixing indexes provided

by the training data set. The over-prediction of the neural network
was not significant, while its R2 value was higher than that of the
regression tree. The customized neural network yielded a higher R2

value than when it was trained with the regression toolbox, indicat-
ing R2 = 0.9543 [Fig. 3(a)]. On the other hand, training the data
from non-Newtonian simulations with different models in the
regression toolbox showed a lower R2 of 0.9063 [Fig. 3(b)]. In addi-
tion to R2, mean absolute error, mean absolute percentage error,
and root mean square error metrics were also calculated and
reported in Table IV.

Using the five parameters affecting geometrical properties and
one characteristic of the fluid flow, a graphical user interface (GUI)
was developed based on the ML model for the prediction of
new results when these parameters were altered (Fig. 4). The devel-
oped GUI included two sections for Newtonian fluids and
non-Newtonian fluids. The user without any programming

TABLE IV. Neural networks training metrics for Newtonian and non-Newtonian fluids.

R2 Mean absolute error (MAE)
Mean absolute percentage

error (MAPE)
Root mean square
error (RMSE)

Newtonian data Training set (70%) 0.9939 0.0111 1.7901 0.0204
Validation set (30%) 0.9543 0.0282 5.0187 0.0552

Non-Newtonian data Training set (70%) 0.9789 0.0089 1.0520 0.0199
Validation set (30%) 0.9063 0.0282 3.4744 0.0442

FIG. 4. The graphical user interface (GUI) that was developed as the educational tool. The parameters affecting the effectiveness of mixing, including five geometrical
parameters and the flow rate, are chosen from the left tab. The ML model predicts new results when these parameters are altered. The GUI includes two separate sections
for Newtonian fluids and non-Newtonian fluids. Users enter their desired parameters in the appropriate sections and upon pressing the “Calculate” button, the predicted
mixing index result based on the ML model appears as percentage next to this button.
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background could enter the desired parameters. Upon pressing the
“Calculate” button, two results would be updated: the predicted
mixing index as percentage and the area spanned by the micro-
mixer in mm2. The developed GUI was used as an interactive edu-
cational module for micromixers. The subject major and degree of
students attending the class are illustrated in Figs. 5(a) and 5(b).
The analysis of feedback using the survey (Table III) indicated
overall satisfaction with the presented educational module [Fig. 5
(c)]. For example, ∼80% of students expressed that they strongly
agreed or agreed that the educational module helped them to
acquire key concepts to understand mixing optimization.
Furthermore, more than 85% of the students indicated that they
could figure out how to work with the software independently
without any assistance.

IV. CONCLUSIONS

ML-based optimization of mixing performance of micro-
mixers at low Re regimes for Newtonian and non-Newtonian fluids
was demonstrated to develop an interactive educational module.
This simulation module was used for training undergraduate and
graduate students in microfluidic concepts and geometries. The
obtained results from the survey demonstrated a higher level of
understanding of key concepts in microfluidics. The developed
module enabled the students to enhance their understanding of

microfluidic chips and the optimization of micromixer designs.
Students’ feedback on the educational module was highly positive.
The application of AI techniques in education can be a supplemen-
tary approach in addition to conventional content-heavy teaching
methods.
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