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In the context of global device miniaturization trend, there is an urgent need for 
heat dissipation in electronic devices, and micro-channel heat sinks have attracted 
much attention due to their advantages of small size and high heat transfer capac-
ity. This paper firstly introduces the application of CFD simulation methods in 
micro-channel research and various design cases, then elaborates the knowledge 
related to machine learning, including its development history, main tasks and 
common algorithms, and analyzes its performance in predicting the performance 
coefficients of micro-channels. Finally, we discuss the feature importance analy-
sis technique, point out that there are differences in the evaluation of feature im-
portance in different models, and introduce the new SHapley additive exPlana-
tions technique and its limitations, and finally conclude: CFD simulation is an 
important tool for micro-channel simulation research, and then when predicting 
the performance parameters based on the obtained data, it is necessary to select 
appropriate machine learning algorithms and extend the data set to improve the 
prediction accuracy, while the feature importance analysis helps to understand 
the input-output relationship, which should be combined with physics and ma-
chine learning to improve the analysis method for the optimal design of micro-
channel heat sinks. 

Keywords: micro-channel heat sink, CFD, machine learning, 
feature importance analysis 

Introduction 

As the global trend toward device miniaturization continues to advance, technologi-

cal products are evolving toward being lighter, thinner, and more compact. Against this back-

drop, the introduction of carbon peaking and carbon neutrality goals has further heightened the 

demands on thermal management performance for electronic devices. The significant amount 

of heat generated during device operation has become a critical bottleneck constraining the 

development of highly integrated electronic products, necessitating the development of effi-

cient and structurally compatible cooling solutions. Especially under micro-scale conditions, 
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limited space and increased power density make thermal management issues even more prom-

inent [1]. If heat is not promptly dissipated, it will cause the device temperature to rise rapidly, 

thereby significantly impacting its operational stability, efficiency, and service life [2]. Re-

search indicates that over 50% of electronic circuit failures are attributed to inadequate heat 

dissipation or temperature control issues [3]. 

Conventional heat exchangers typically use pipes with a diameter of no less than 6 

mm, while micro-channels generally have dimensions of 1 mm or less and feature a higher 

heat transfer surface density [4], marking a new phase in the development of heat dissipation 

and heat exchange technology. The basic structure of a micro-channel is shown in fig. 1. Due 

to their excellent thermal conductivity, lightweight characteristics, and significant advantages 

in energy efficiency, space utilization, and material savings [5], micro-channels have become 

an important research direction in the field of thermal management. Micro-channel heat sinks 

(MCHS) demonstrate outstanding cooling performance due to their small feature sizes and 

high channel density [6]. 

Currently, research on micro-channel heat sinks primarily focuses on parametric 

analysis, exploring the impact of key design variables on heat dissipation performance to lay 

the foundation for further development in this field. Many researchers still rely on experience, 

intuition, and traditional manufacturing practices when designing microchannel structures and 

layouts [7]. They then use analysis software or prototype testing to identify design flaws and 

make iterative corrections. This approach not only leads to material waste but also often fails 

to achieve optimal heat dissipation efficiency. Therefore, developing a more efficient and pre-

cise MCHS design optimization method is urgently needed.

With the continuous advancement of computational and experimental technologies, 

MCHS research is entering a new phase. A key feature of this phase is the deep integration of 

optimization algorithms, AI, and comprehensive numerical simulation methods to synergisti-

cally enhance the design quality and performance of MCHS [8]. Among various numerical 

tools, CFD simulation plays a crucial role in MCHS design, however, its simulation results 

may exhibit certain deviations due to factors such as mesh accuracy. In this context, machine 

learning (ML) methods demonstrate significant advantages, effectively integrating experi-

mental data with simulation results to enhance the accuracy and reliability of predictions. 

The rapid advancement of AI has significantly enhanced the level of intelligence and 

convenience in social production and daily life. As a computational system built upon 

knowledge, AI integrates complex algorithms and mathematical functions to mimic human 

Figure 1. Micro-channel basic working principal diagram 
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cognitive mechanisms, demonstrating human-like reasoning and decision-making capabilities 

[9]. The ML, a crucial branch of AI [10], is widely applied to uncover intrinsic relationships 

within complex data and has successfully addressed practical challenges across multiple do-

mains [11], achieving notable results in fields such as materials science [12], construction en-

gineering, healthcare [13], and agricultural management [14]. Against this backdrop, integrat-

ing ML methodologies into the research and design of MCHS has emerged as a promising 

research direction. The ML demonstrates significant advantages in handling the complex mul-

tivariate correlations within heat transfer and fluid dynamics, particularly when processing 

large-scale datasets. It enables quantitative prediction of flow and heat transfer characteristics 

based on qualitative or historical data [15]. For instance, Kwon et al. [15] employed a Random 

Forest (RF) algorithm to develop a ML model predicting convective heat transfer coefficients. 

This model demonstrated excellent predictive accuracy on test data from numerical simulations, 

achieving a coefficient of determination, R², exceeding 0.966. Meanwhile, Krishnayatra et al. 
[16] applied the k-nearest neighbors (k-NN) regression algorithm [17] to predict the fin thermal 

performance of a novel axial finned tube heat exchanger. Results indicated that fin efficiency 

increased with thickness but decreased with fin spacing, achieving a maximum efficiency of 

0.99975. Notably, as sample size and data scale expanded, the training time for ML models 

correspondingly increased, while their predictive accuracy was further enhanced. 

This paper first reviews the application of CFD simulation in MCHS research, 

demonstrating the flexibility and efficiency of this method in addressing complex flow and 

heat transfer problems. However, CFD simulations rely on high-precision mesh generation, 

and their results are susceptible to model assumptions and discretization errors. To further en-

hance prediction accuracy, this paper systematically reviews the development history, primary 

tasks, and representative algorithms of ML. It demonstrates that by integrating experimental 

data with simulation results, ML can effectively overcome the limitations of purely numerical 

methods. Furthermore, this paper examines the variations in feature importance analysis across 

different models and introduces a novel feature interpretation method based on SHapley addi-

tive exPlanations (SHAP). It also analyzes the limitations of this technique in interpretability 

analysis. 

The micro-channel heat sink design optimization 

The CFD simulation methods 

Research on fluid-flow and heat transfer mechanisms within micro-channels has be-

come one of the hot topics in the fields of engineering thermophysics and energy [18]. Various 

methods exist for studying thermal fluid behavior in microchannels, with this section focusing 

on traditional CFD approaches. 

The CFD technology originated in the 1960’s. With significant advancements in 

computational power, its numerical simulation capabilities have achieved leapfrog progress 

and now play a pivotal role across multiple scientific and engineering domains [19]. At its core, 

CFD is a mathematical tool that numerically solves the governing equations of fluid motion 

[20-22]. It enables in-depth modeling and computation of various fluid dynamics problems, 

yielding approximate numerical solutions for real-world physical phenomena. Among these 

governing equations, the mass conservation equation, energy conservation equation, and mo-

mentum conservation equation form the most fundamental theoretical framework [23, 24]. 

However, the complexity of fluid-flow in actual operating conditions poses numerous 

challenges for solving the governing equations. It should be noted that the finite difference 
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method (FDM) [25], finite element method (FEM) [26], and finite volume method (FVM) [27], 

as three classical numerical methods, are commonly employed strategies for solving the Na-

vier-Stokes equations [28]. Among these, the FDM as the earliest numerical approach em-

ployed in CFD for solving governing equations, continues to hold significant importance in 

numerous engineering applications [29]. This method discretizes the computational domain 

into a grid, where nodes represent the original continuous region. By substituting differential 

operations with finite differences, it progressively approximates the solution to the governing 

equations across the entire domain. 

In micro-channel heat transfer and flow studies, the FEM demonstrates unique ad-

vantages when handling problems described by the Poisson or Laplace equations. The FEM 

divides the solution domain into a finite number of contiguous elements, constructs interpola-

tion functions within each element, and ultimately obtains an approximate solution to the par-

tial differential equation across the entire domain through numerical integration and assembly 

of all elements. 

The FVM is a well-established discretization technique in computational fluid dy-

namics. Its fundamental principle involves partitioning the computational domain into multiple 

non-overlapping control volumes, each represented by a node. By integrating the governing 

control equations within each control volume, a corresponding set of discrete algebraic equa-

tions is established. In the CFD field, the continuous development and optimization of numer-

ical methods like the FVM have not only enhanced the functionality of simulation software but 

also significantly broadened the engineering applications of CFD technology. This has made 

it an essential tool for solving complex real-world flow and heat transfer problems. 

The following section presents several recent numerical simulation cases in micro-

channel design and optimization. Numerous researchers have successfully addressed diverse 

engineering challenges using CFD techniques, effectively promoting the adoption and appli-

cation of micro-channel technology across multiple fields. This provides robust theoretical 

foundations and engineering references for technological advancement in related industries. 

Channel structure design 

In previous studies, micro-channels have often faced challenges such as high pro-

cessing difficulty and preparation costs due to their complex structures. This significantly in-

creases the complexity and uncertainty of experimental research, rendering traditional experi-

mental methods inadequate when addressing fine structures and small-scale effects. In contrast, 

numerical simulation methods demonstrate significant advantages: by constructing precise vir-

tual models and employing advanced algorithms, they can effectively simulate flow and heat 

transfer behavior within micro-channels. This approach circumvents the limitations imposed 

by physical fabrication, establishing itself as an efficient and reliable research tool. This meth-

odology not only provides a new technical pathway for micro-channel related research but also 

significantly advances both academic exploration and engineering applications in this field. 

Through CFD modeling, Feng et al. [30] investigated thermal performance enhance-

ment in a novel micro-channel configuration incorporating nested helical geometries. The re-

search team implemented a finite volume approach to numerically solve the governing equa-

tions of laminar flow regimes. Their analysis revealed that the introduction of coiled structures 

significantly improved flow mixing efficiency and promoted more uniform heat dissipation 

characteristics. Validation studies comparing experimental measurements with simulation out-

puts demonstrated agreement within 14.2% relative error The difference in the specific shape 

of the micro-channel in the study is shown in fig. 2. 
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Liu et al. [31] investigated a circular inclined micro-channel with multiple staggered 

inlets and outlets using the CFD method. The simulation results clearly show that the staggered 

arrangement of inlets and outlets in this particular micro-channel structure results in a more 

uniform temperature distribution in the micro-channel compared to the sequential arrangement, 

and Lu and Zhai et al. [32] investigated the heat transfer and flow characteristics of MCHS 

incorporating pits and vortex generators by using CFD methods. An in-depth study was carried 

out. The results show that the synergistic combination of vortex pits and vortex generators can 

significantly improve the heat transfer performance and also effectively reduce the pressure 

loss. Employing a combined computational-experimental methodology, Ling et al. [33] sys-

tematically evaluated thermal enhancement mechanisms in micro-channels with offset ar-

rangement design. The research team developed a coupled thermal-fluid computational model 

incorporating conjugate thermal-structural analysis to refine channel geometry parameters. 

Their comparative investigation revealed that the interleaved configuration enhanced convec-

tive heat transfer coefficients by 65.4% relative to conventional parallel designs, while simul-

taneously improving surface thermal homogeneity. Experimental validation of the multiphys-

ics model demonstrated predictive accuracy with maximum discrepancies constrained below 

18%. Peng et al. [34] used a 3-D CFD approach to simulate the flow and heat transfer processes 

within a multi-jet micro-channel (MJMC). In this model, the coolant flows through alternately 

distributed inlet and outlet nozzles in a direction perpendicular to the heating surface. Com-

pared with conventional micro-channels, this microjet micro-channel skillfully combines the 

advantages of impinging jets and micro-channel inlet effects. Lin et al. [35] proposed a novel 

MCHS that possesses variable wavelength and variable amplitude properties along the flow 

direction. Through their study, they found that this unique design can effectively promote cool-

ant mixing, which in turn significantly enhances heat transfer. Hasis et al. [36] carried out a 

CFD study aimed at stimulating the laminar flow conditions as well as the heat transfer char-

acteristics within a twisted sinusoidal micro-channel. The results showed that the twisted cor-

rugated channel was significantly better than the sinusoidal corrugated channel in terms of heat 

transfer performance. Lei and Chen [37] numerically investigated the heat transfer and pressure 

drop characteristics of supercritical CO2 in two different types of corrugated micro-channel, 

i.e., horizontal corrugated micro-channel with uniform peaks and troughs (WMCCT) and corru-

gated micro-channels with opposite peaks and troughs (WMOCT) were investigated. The results 

show that the heat transfer coefficients as well as the pressure drop of WMCCT and WMOCT 

increase with increasing amplitude and decrease with decreasing wavelength. Sreehari and 

Sharma [38] used a combination of CFD methods and experiments to thoroughly analyze the 

A CB D E

Figure 2. (a) no coil, (b) long coil at the centerline of the micro-channel, 

(c) long coil at the bottom of the micro-channel, 
(d) three short segments of coil at the centerline of the micro-channel, 
and (e) three short segments of coil at the bottom of the micro-channel [30] 
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overall performance of three serpentine micro-channel with different rectangular cross-sections 

at different Reynolds number and heat flux conditions. Their study reports that among these 

three serpentine micro-channel, the U-shaped serpentine micro-channel exhibits the most ex-

cellent thermal performance. In addition, a comparison of the experimental data with the sim-

ulation results shows that the deviation in pressure drop is in the range of 10%-11% and the 

deviation in average base temperature is in the range of 1%-3%. Lin et al. [39] investigated the 

effect of microcavities in micro-channel on flow boiling 

through numerical simulation. The results demonstrate 

that, compared to smooth micro-channel, the micro-

channel with microcavities exhibits a 4.36% increase in 

surface pressure drop, a 17.16% enhancement in the 

heat transfer coefficient, and a 13.55% reduction in 

thermal resistance. Zheng et al. [40] used a combination 

of experiments and numerical simulations to design 

three micro-channel units connected by narrow throats 

and a flow region for multiphase fluids, and the 2-D mi-

cro-channel geometries are shown in fig. 3, to analyze 

the working mechanism of the variable cross-section 

micro-channel with internal components in depth. They 

found that a drastic change in the channel dimensions 

results in a decrease in pressure when the fluid hits the 

wall, and the gas phase is accelerated in the throat, 

which improves the mixing efficiency. 

Qaderi et al. [41] modeled a 2-D micro-channel with triangular obstacles at a non-

uniform zeta potential. The results showed that higher obstacles increase the mixing efficiency 

but reduce the mass-flow rate in the micro-channel. Hosseinpour et al. [42] analyzed the flow 

and heat transfer characteristics of rectangular micro-channel equipped with four different 

types of fins by using a combination of CFD and response surface methodology. The results 

show that among these types, the pyramidal fins have the best overall performance. Bayrak et 
al. [43] constructed a 2-D model to numerically investigate the effect of surface modification 

on the heat transfer performance of different MCHS in the cooling channel of a lithium-ion 

battery (LiB). The results showed that the combination of cavities and ribs in the micro-channel 

presented good heat transfer performance. Burk et al. [44] conducted a numerical study on 

conjugate gradient transfer in two-phase micro-channel arrays. In the course of their study, 

they proposed an innovative approach that combines heat transfer correlation with finite ele-

ment analysis with the aim of evaluating the effectiveness of this method in high heat flow 

density micro-channel environments. El-Genk and Pourghasemi [45] utilized a CFD approach 

to investigate in depth the convective heat transfer phenomena between water and air during 

laminar flow in micro-channels. In their study, the correlation between the Nussle number and 

different parameters in micro-channels was successfully obtained, which provides an important 

basis for further understanding and mastering the convective heat transfer law in micro-chan-

nels. Abdollahi et al. [46] used a combination of experimental and CFD methods to construct 

a 3-D numerical model to analyze the flow and heat transfer characteristics of liquid-liquid 

Taylor flow in a square micro-channel. Their results show that the heat transfer rate of liquid-

liquid Taylor flow can be increased by 700% compared with single-phase flow, and the study 

also indicates that the 3-D simulation method of Taylor flow has the potential to be generalized. 

Wang et al. [47] carried out a numerical study on the heat transfer and hydraulic properties of 

Figure 3. Schematic representation of

2-D micro-channel geometry [40]
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micro-channels with different porous rib shapes (circular rib, square rib, regular rib, and graded 

honeycomb rib). It was found that when only solid ribs were used, the circular solid ribs had 

the lowest pressure drop but the lowest heat dissipation capacity, whereas when porous ribs 

were used, the difference between the circular porous ribs and the other shapes of porous ribs 

in terms of pressure drop was small, however, the heat dissipation was much less than that of 

the other shapes. Among them, hierarchical honeycomb porous ribs not only have lower pres-

sure drop, but also show optimal heat dissipation, which is the most outstanding overall per-

formance. Lori and Vafai [48] evaluated the effect of using different geometrical shapes of ribs 

(including rectangular, elliptical, isosceles, inverted triangles, and orthorhombic triangles) on 

the walls of micro-channels. It was demonstrated that the pressure drop of porous ribs was 

significantly much less than that of solid ribs. Among the various shapes of porous ribs, the 

triangular porous ribs not only have a smaller pressure drop, but also have the strongest heat 

transfer capacity and optimal overall performance. Wang et al. [49] thoroughly explored the 

effect of triangular wave current pulsation on the heat transfer enhancement of MCHS with 

porous ribs. The results show that the average temperature distribution inside the MCHS is 

more uniform in the case of porous ribs combined with flow pulsation. At some stages, this 

combination was even able to eliminate rib re-circulation zones, resulting in significant local-

ized or overall heat transfer enhancement. Compared with the previous ribbed, baffled, and 

porous MCHS, the use of porous ribs and pulsating inflow ports resulted in a 13.4% increase 

in the Nussell number over a certain range, and this result provides new ideas and methods for 

optimizing the performance of MCHS. Kose et al. [50] conducted a numerical study aimed at 

evaluating heat transfer performance of MCHS with different shapes. performance. They com-

paratively analyzed three types of micro-channel, namely rectangular, triangular and trapezoi-

dal, under the same design constraints in order to explore efficient MCHS design options. The 

results show that among the three shapes of micro-channel, the rectangular micro-channel 

structure exhibits the most excellent thermal and hydrodynamic performance. Specifically, in 

terms of heat transfer efficiency, rectangular microchannels require 17% less pumping power 

than trapezoidal micro-channels and 40% less pumping power than triangular micro-channels 

when the same amount of heat transfer is achieved. Kumar and 

Kumar [51] studied the thermo-hydraulic properties of MCHS 

with curved grooves on the surface. During the study, it was ob-

served that the inclusion of notches on the surface induces a 

pseudo secondary flow which enhances the heat transfer, how-

ever, it also leads to an increase in the Poiffille number. Ali et al. 
[52] proposed a four-quadrant micro-channel heat sink design 

and constructed a 3-D conjugate heat transfer model in order to 

study in depth the temperature distribution of this heat sink, the 

MCHS example diagram is shown in fig. 4. The results show that 

the directions of the inlet and outlet of the heat sink have a sig-

nificant effect on the uniformity of its temperature distribution. 

The temperature distribution inside the heat sink is significantly 

different under different inlet and outlet directions. Specifically, 

the temperature distribution of the heat sink is more uniform 

when the counterflow method is used. 

Ding et al. [53] successfully constructed a 3-D numerical model by combining the 

CFD method with experiments for the convective condensate annular flow of R410a in a rec-

tangular micro-fluidic channel. The model was able to predict the condensation film thickness, 

Figure 4. Four quadrants 

micro-channel heat sink [52] 
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liquid flow rate and heat transfer coefficient with an average error of only 5.3%. When the 

model predictions were compared with the experimental data, the errors were found to be less 

than 15% in most of the cases. Ma et al. [54] described the results of their study on the thermal 

characteristics of a 3-D micro-channel with a rectangular cross-section in laminar flow. In this 

study, the aspect ratios of the micro-channels were set in the range of 0.1 to 1. They found that 

with the rectangular cross section, the thermal properties of the micro-channels were reduced 

to less than 15%. They found that the dimensionless thermal inlet length tends to increase 

uniformly as the aspect ratio of the rectangular microchannel increases and the Reynolds num-

ber decreases. Lan et al. [55] investigated the effect of truncated and offset pin fins on the 

thermal behavior and entropy generation within a rectangular MCHS with different flow char-

acteristics. The results showed that, in general, increasing the height of the pin fins resulted in 

an enhancement of the heat transfer but also increased the resistance to the fluid. Yang and 

Cao [56] tuned the parameters such as the inlet length, the secondary channel width, and the 

Reynolds number of the MCHS to achieve the optimization of the heat sink performance. It 

was shown that this new MCHS can significantly reduce the pressure loss caused by the fluid-

flow in the channel due to its unique flow characteristics compared to the conventional MCHS. 

Table 1 summarizes the main contributions of the aforementioned representative re-

search cases. Overall, numerical simulation methods centered on CFD have achieved signifi-

cant results in MCHS research. This approach not only effectively reduces experimental costs 

but also visually demonstrates the influence of key parameters, thereby substantially shorten-

ing the R&D cycle. It provides an efficient and economical solution for scientific research and 

engineering applications in related fields. However, the turbulence models and heat transfer 

models employed in CFD simulations may introduce certain errors, affecting result accuracy. 

Against this backdrop, ML technologies demonstrate significant value by integrating experi-

mental data with simulation results to effectively enhance prediction reliability. In recent years, 

ML modeling methods such as ANN, decision trees, RF, gradient boosting, and support vector 

machines (SVM) have gained widespread attention. They have become relatively mature tech-

nical approaches for analyzing the performance of thermal systems. 

Table 1. The CFD simulation of optimization cases with some parameters and 

main optimization features 

References Channel shape Channel material Fluid(s) Optimization features 

[30] Rectangular Copper Water 
Installing helical coils in micro-channels 
creates longitudinal vortices that enhance 

fluid perturbation and heat transfer 

[31]. Rectangular Silicon Water 

Two new types of annular micro-channel 
heat sink designs are proposed to investigate 

the heat transfer characteristics and the 
influence law of the import and export 

configurations on the heat transfer efficiency 

[32] Rectangular Silicon Water 

The coupled design of vortex generator and 
pit structure is proposed, and the flow 

characteristics and heat transfer performance 
of the composite structure are simulated 

numerically 

[33] Rectangular – Water 

Staggered micro-channels are designed and 
their thermo-hydraulic performance is 
investigated and geometry is optimized 

through experiments and numerical 
simulations 
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[34] Rectangular Silicon Water 

The MJMC combines the advantages of 
impingement jets and micro-channels by 
utilizing an alternating arrangement of jet 

ports and outlets 

[35] Rectangular Silicon Water 

An improved wavy micro-channel heat sink 
design with variable wavelength and/or 
amplitude is proposed, and its cooling 

performance at constant pump power is 
investigated by numerical simulation to 
analyse the relevant influencing factors 

[36] Rectangular – Water 

A twisted sinusoidal micro-channel is 
proposed to generate a secondary flow 
structure by periodically changing the 

cross-section geometry to enhance the heat 
transfer performance 

[37] Rectangular – CO2 

Cooling heat transfer and pressure drop 
characteristics of supercritical CO2 in a wavy 

micro-channel with isotropic and inverse 
peaks and valleys investigated by numerical 

simulation 

[38] 
Rectangular, 
serpentine 

Silicon Water 

The thermal properties of three different 
shapes of micro-channels (rectangular, 

U-shaped and V-shaped) were investigated, 
and their pressure drops, temperature 

distributions and heat transfer coefficients 
were analysed under different Reynolds 

numbers and heat fluxes by means of 
experiments and numerical simulations 

[39] Rectangular Silicon Water 

In the use of micro-fin and micro-cavity 
surface structure, increasing the heating area 

and heating the bottom corners, providing 
more vaporization core for the boiling 
process and promoting heat transfer 

[40] Narrow-throated – 
Nitrogen 

and 
water 

Set up reasonable inlet and outlet structure in 
the micro-channel, so that the fluid in the 
micro-channel to form a good flow state, 

reduce flow resistance 

[41] Rectangular – 

Mixed 
solution 
of water 
and KCl 

Triangular barriers and different zeta 
potential distributions for fluid mixing and 

transport using electroosmotic and 
electrophoretic forces 

[42] Rectangular Aluminium Water 

In order to evaluate the effect of height, 
diameter, fin spacing and Reynolds number 

on the overall performance of the 
micro-channels, four types of micro-fins 

(conical, conical, cylindrical and cubic) were 
designed for discussion. 

[43] Rectangular – Water 

The thermo-hydraulic performance of 
different MCHS designs for LiB cooling 

channels is investigated by numerical 
simulations, including various geometric 

models 
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[44] Rectangular Silicon Water 
Applicability of two-phase micro-channel 
heat transfer correlations in conjugate heat 
diffusion studied by numerical simulations 

[45] Rectangular Copper 
Water 
and air 

The azimuthal variation of wall heat flux and 
temperature is elucidated, as well as the 

variation of fluid properties with temperature 
along the micro-channels 

[46] Rectangular Stainless steel 304 

Kerosen, 
hexadeca

ne and 
water 

Flow and heat transfer characteristics of 
liquid-liquid Taylor flow in a square 

micro-channel studied by experiments and 
numerical simulations 

[47] Rectangular Porous medium Water 
Thermal and hydraulic properties of 

micro-channels with differently shaped ribs 
are studied 

[48] Rectangular Silicon Water 
Numerical analysis of fluid-flow and heat 

transfer in 3-D micro-channels with periodic 
vertical porous ribs 

[49] Rectangular – Water 

Conjugate heat transfer in MCHS with 
porous ribs and pulsating inflow ports has 

been simulated through the development of 
novel models 

[50] 
Rectangle, triangle, 

trapezoid 
Silicon Water 

The laminar single-phase fluid-flow and 
conjugate heat transfer characteristics of 

three different shapes of MCHS are mainly 
investigated 

[51] 
Trapezoidal, 
rectangular 

Silicon Water 

Effects of different slot depths and slot types 
on the flow and heat transfer characteristics 
of heat-sinking fluids in rectangular micro-

channels were investigated 

[52] U-shaped Aluminium Water 

A 3-D conjugate heat transfer model with 
fire use analysis was developed. The model 
was utilized to investigate the effectiveness 
of a four-quadrant micro-channel heat sink 
as a cooling method for highly concentrated 

PV modules 

[53] Rectangular – R410a 

A 3-D theoretical model was developed to 
analyse the flow and heat transfer 

characteristics of R410a in a convective 
condensing annular flow in a rectangular 

micro-channel 

[54] Rectangular – Water 
By adjusting the ratio of channel width to 

height, the fluid-flow characteristics and heat 
transfer properties can be changed 

[55] Rectangular – Water 

A novel truncated offset pin-fin structure is 
proposed, focusing on the effects of relative 
fin height and relative offset values on the 

flow heat transfer characteristics and entropy 
yield 

[56] Rectangular Silicon Water 

The flow characteristics and heat transfer 
performance of a new hybrid micro-channel 

radiator with a manifold arrangement 
structure and auxiliary inclined channels 

were investigated 
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Machine learning in micro-channel optimization 

Machine learning overview 

The development of ML can be traced back to the 1940’s. The threshold logic unit 

proposed by Pitts and McCulloch [57] is regarded as the first mathematical model of a neural 

network capable of learning basic logical functions such as AND and OR, laying the founda-

tion for connectionist computation. Samuel is widely credited with formally introducing the 

term ML, defining the field as research into computers acquiring learning capabilities without 
explicit programming [58]. 

Another crucial theoretical foundation for ML stems from Hebb [59] neuropsycho-

logical theory, which sought to explain learning behavior through the mechanism of connection 

strengthening between neurons, providing biological inspiration for subsequent neural network 

learning algorithms. At the algorithmic level, Cover and Hart [60] systematically extended and 

theoretically grounded the nearest neighbor algorithm, while Ho [61] further applied these 

ideas to construct the RF algorithm. A more comprehensive history of ML development can 

be found in [62]. 

The primary tasks of ML can generally be categorized into three types: regression 

[63], classification [64], and clustering [65]. Regression models aim to learn continuous value 

mappings from data, fitting linear and non-linear functions to predict numerical targets. Clas-

sification models, within a supervised learning framework, assign samples to predefined dis-

crete categories. Clustering, as an unsupervised learning method, does not rely on labeled in-

formation and automatically groups samples based on similarity. 

The ML algorithms can handle high-dimensional features and evaluate their im-

portance for model predictions. However, increasing feature counts often raises computational 

costs, including data storage require-

ments and training time. Therefore, fea-

ture selection must be performed cau-

tiously in practical applications to bal-

ance efficiency and performance. After 

features are determined, data collection 

and preprocessing are required, includ-

ing encoding categorical features. Subse-

quently, the processed data is consoli-

dated and organized into a feature matrix, 

a 2-D array structure represented numer-

ically, which serves as the primary input 

for ML algorithms. Figure 5 illustrates 

several commonly used ML algorithms 

[66], including RF, ANN, SVM, k-NN, 

and gradient boosting regression (GBR), 

which are particularly prevalent in target 

value prediction tasks. 

The RF effectively handles non-

linear regression problems among varia-

bles by integrating multiple decision trees [67]. A key feature of this algorithm is the introduc-

tion of a randomness strategy during construction, specifically manifested through bootstrap 

sampling of training data and the random selection of features for evaluation at each node split. 

Figure 5. Commonly used ML algorithms [66] 
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This mechanism ensures diversity among individual decision trees, thereby reducing overfit-

ting risks and enhancing model generalization capabilities through the ensemble of multiple 

trees' predictions. 

THE GBR is another ensemble learning algorithm, centers on iteratively optimizing 

a set of base learners (typically decision trees) [68]. In each iteration, GBR focuses on correct-

ing prediction errors from the previous stage and progressively reduces residuals based on gra-

dient descent principles. This process continuously integrates weak learners into a strong pre-

dictive model, significantly enhancing the final model's accuracy and robustness. 

The SVM are a widely used ML algorithm for classification and regression tasks [69], 

particularly renowned for their outstanding performance in classification problems. The core 

idea of SVM is to find an optimal hyperplane in a high-dimensional feature space to effectively 

separate samples of different categories. In practice, multiple hyperplanes can often separate 

different categories. The optimization goal of SVM is to identify the hyperplane with the max-

imum margin, i.e., maximizing the distance between the hyperplane and the nearest sample 

points on both sides. These closest sample points are termed support vectors, which directly 

determine the position and orientation of the hyperplane. By maximizing the margin, SVM 

significantly enhances the model's generalization capability while ensuring classification ac-

curacy. Readers seeking deeper insights into the mathematical foundations and application de-

tails of SVM may refer to references [70, 71]. 

The k-NN algorithm can be applied to both regression and classification tasks [72]. 

Its core principle involves predicting the category or numerical value of a new data point based 

on its similarity to neighboring samples in the feature space, using distance metrics. The algo-

rithm first calculates the distance between the new sample and each point in the training set, 

selecting the k-NN. Subsequently, in classification tasks, the new sample is assigned to the 

category most frequently represented among these k-neighbors. In regression tasks, the average 

of the target values from the k-neighbors is typically used as the prediction result. 

The ANN consist of input, hidden, and output 

layers, with the number of nodes in each layer typi-

cally determined by the input and output dimensions 

of the specific problem [73]. The structure and scale 

of the hidden layer critically impact model perfor-

mance: not only can the number of layers vary, but 

the number of neurons per layer also requires rea-

sonable selection through hyperparameter tuning. 

Neurons in each layer receive weighted signals from 

the preceding layer's output, undergo non-linear 

transformation via activation functions, and ulti-

mately propagate layer by layer to the output layer. 

Weight updates are typically implemented using 

gradient descent algorithms, with the computational 

flow illustrated in fig. 6. More detailed implementation methods can be found in [74, 75]. In 

addition, to effectively minimize the loss function, this ANN employs the backpropagation 

method. The core of this approach lies in propagating gradient information backward through 

each layer of the network based on the error calculated at the output layer, thereby adjusting 

the connection weights within each layer. Through this iterative optimization process, the 

model progressively reduces the discrepancy between predicted outputs and actual values, 

thereby enhancing its fitting accuracy and predictive performance. 

Figure 6. Flow chart of

ANN model calculation 
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In order to present the performance of the regression model, various types of valida-

tion statistics can be periodically applied to analyze the prediction results, which cover the, R², 

the mean square error (MSE), the mean absolute error (MAE), and the root mean square error 

(RMSE) [76], which can be computed by eqs. (1)-(6), and in the case of the MCHS, the ML 

algorithms are also well able to predict its physical quantities: 
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where MARD is the percentage form of MRE, usually expressed as a percentage, yi – the true 

value of the ith sample, 1ŷ  – the predicted value of the first sample, y  – the average of true 

values, and n – the sample size. 

Predictive performance factor 

The ML possesses unique advantages in automatically uncovering latent patterns 

within data to explain complex phenomena lacking explicit theoretical models. When pro-

cessing data, ML algorithms implicitly construct mappings between input features and output 

targets. Consequently, within the evolving data-driven research paradigm, data has become 

universally regarded as the core foundation for ML algorithms. 

Before feeding data into ML models, raw data must undergo systematic prepro-

cessing. This process encompasses critical steps such as data quality assessment, missing value 

handling, outlier cleaning, feature scaling, and data transformation [77]. Valid features ex-

tracted after preprocessing are fed into ML algorithms for training. The algorithms learn rela-

tionships between features and targets from the training data, evaluate their generalization per-

formance on test data, and ultimately produce optimized prediction or classification results. 

Figure 7 illustrates the typical data processing workflow in ML. 

Kwon et al. [15] used the RF to predict the convective heat transfer coefficients in a 

cooling channel with 243 different rib array geometries. The results show that the RF model 

performs well in predicting the convective heat transfer coefficient on the training dataset, with 

R² > 0.860, and even better on the test dataset, with R² > 0.966. Baghban et al. [78] used three 
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ML algorithms, namely, multi-layer per-

ceptron ANN (MLP-ANN), ANFIS, and 

least squares SVM (LS-SVM). They used 

72 experimental data as inputs to predict 

the Nusselt number of spiral coil heat ex-

changer. It was found that the LS-SVM 

method exhibits the best performance 

when R² is equal to 1. Wen et al. [79] pre-

dicted the thermal and flow characteristics 

of ZnO-water nanofluid in a micro-chan-

nel with the help of genetic algorithm op-

timized backpropagation-ANN (GABP-

NN) method. The GABPNN model achieves high prediction accuracy compared to traditional 

empirical correlation methods, with an overall mean absolute relative deviation (MARD) of 

only 2.70%, and 88.3% of the data points have a MARD of less than 5%. Hughes et al. [80] 

carried out a comparative study of a variety of ML regression models, which include SVR, RF, 

and ANN designed to predict condensing friction pressure drop and heat transfer coefficients 

for horizontal micro-channel and large-channel streams, with over 4000 input data points. 

Comparison results show that among these models, the RF model performs better, with an 

absolute deviation of about 4% for both predictions in terms of pressure drop and heat transfer 

performance. Tafarroj et al. [74] employed a simple ANN model to develop a heat transfer 

coefficient vs. Nusselt number for TiO₂-water nanofluid-flow in a micro-channel radiator, us-

ing the very limited data available from their previous experimental study. The heat transfer 

coefficient and Nussle number were predicted. Four inputs, namely, nanoparticle volume frac-

tion, Reynolds number, temperature increase rate, and model number, were introduced into the 

neural network architecture. The results show that despite the limited amount of experimental 

data, the mean relative error (MRE) of the predicted Nusselt number and heat transfer coeffi-

cient are only 0.3% and 0.2%, respectively, demonstrating the good predictive ability and ac-

curacy of the model under specific conditions. Typically, an increase in the number of features 

helps to improve the prediction accuracy of a model. This is because more features provide 

richer information to the model, enabling it to capture the underlying patterns and patterns in 

the data in a more comprehensive and detailed way, and thus enable it to make more accurate 

judgments when making predictions. However, this is not true in all cases. In the case of k-NN, 

for example, more features do not necessarily lead to improved accuracy for this ML model. 

This is mainly because the principle of the k-NN algorithm is based on the distance between 

samples for classification or prediction [17], and when the number of features increases, the 

problem of dimensionality catastrophe may occur. In high-dimensional spaces, the distribution 

of data becomes sparser and the calculation of the distance between samples becomes more 

complicated, which may lead to the bias of the k-NN algorithm in finding the nearest-neighbor 

samples, thus affecting its accuracy. Moreover, this phenomenon is also closely related to the 

dataset used for training or testing. Different datasets have different distributional characteris-

tics and intrinsic structures, and certain datasets may be more sensitive to changes in the num-

ber of features, while others may be relatively less sensitive. The importance of considering 

multiple ML models in practical applications. Different ML models have their own unique 

prediction capabilities and characteristics, and their accuracy levels are affected by a combi-

nation of factors such as the dataset as well as the number of features. Therefore, in order to 

obtain better prediction results, one should not be limited to a particular model, but rather need 

Figure 7. General steps of ML algorithm
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to try multiple different models and evaluate and compare their performance according to the 

specific problem and data situation, so as to select the most suitable model to solve the actual 

problem. 

Zhou et al. [75] employed four ML based models, namely ANN, RF, AdaBoost, and 

extreme gradient boosting (XGBoost) [81] to predict the condensation heat transfer coeffi-

cients in small/micro-channels from a unified database containing 4882 data points and pro-

vided a comprehensive and in-depth comparison of the prediction accuracy of the four models. 

The results show that the ANN and XGBoost models exhibit the highest accuracy in predicting 

condensation heat transfer coefficients. Further analysis also shows that the optimized ANN 

and XGBoost models perform better compared to the generalized flow condensation correla-

tions with high reliability. Wu et al. [82] proposed an innovative approach to integrate flexible 

vortex generator clusters on the sidewalls of microchannels. They combined CFD to investi-

gate heat dissipation behavior and constructed an advanced prediction framework that inte-

grates grey wolf optimization (GWO) algorithm and SVR for precise simulation of heat trans-

fer performance of micro-channel heat sinks. The results show that the GWO-SVR model ex-

hibits excellent predictive ability, surpassing traditional ML algorithms such as GBR, RF, and 

XGBoost in performance. The analysis of the degree of influence of parameters shows that the 

performance of micro-channels is most significantly affected by spacing adjustment, followed 

by height variation, and width and Young's modulus have equivalent but weaker effects. Yang 

et al. [83] in proposed a ML based method to quickly and accurately predict the pumping power 

and total thermal resistance of a hybrid MCHS. Among the four ML methods, i.e., neural net-

work, RF, support vector regression, and limit boosting algorithm, 140 sets of data were se-

lected in the sampling space using the optimal Latin hypercube algorithm [84], which possesses 

the unique advantage of ensuring that the selected data points are distributed as evenly as pos-

sible in the sampling space. This uniform distribution gives the algorithm excellent space fill-

ing ability, which enables the sampling space to be more comprehensively and evenly covered, 

thus effectively avoiding over-concentration or sparse distribution of data points, and making 

the prediction ability of the ML model stronger. The results show that the RF algorithm can 

accurately learn the mapping relationship between the dimensionless structural parameters and 

the pump power and total thermal resistance with the coefficients of determination exceeding 

0.94 in the case of limited data sets, which shows that the data-driven ML algorithms have a 

good prospect for predicting the performance of the MCHS, which will be helpful in the opti-

mization of the micro-channel heat sink design. Table 2 summarizes the ML model prediction 

cases. 

These research results have amply demonstrated that ML algorithms have great po-

tential and advantages in predicting performance coefficients in micro-channels and can be a 

new and effective tool. In this regard, while the input features have an impact on the output 

results, there is a relationship of importance between their parts, and the ML model can exactly 

reflect the importance between them. 

Characteristic importance 

Feature importance analysis is a critical technique that effectively evaluates the con-

tribution of each input feature to model prediction outcomes and reveals the relative im-

portance of different features in decision-making [85-87]. In such analyses, decision tree mod-

els often provide clear feature rankings directly due to their inherent feature importance as-

sessment mechanism. However, models such as ANN and k-NN do not inherently incorporate 

explicit feature importance evaluation capabilities. For ANN models, a common approach to  
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Table 2. Summary of ML model prediction cases 

References Input features 
Output 

characteristics 
Optimal ML 

model 
Criteria for 

evaluating models 

[15] Rib height 
Heat transfer per 

unit area 
RF R2 > 0.966 

[16] 

Outer diameter, fin spacing, fin thickness, 
material thermal conductivity, and 

convective heat transfer coefficient of 
finned tube heat exchangers 

Efficiency of 
finned tube heat 

exchanger 
k-NN R2 = 0.9014 

[78] 
Prandtl number, volume concentration, 
and helix number of helical coil heat 

exchangers 
Nusselt number LS-SVM R2 = 1 

[79] 
Nanofluid volume concentration, 
Reynolds number, Prandtl number 

Nusselt number GABPNN MARD = 2.7% 

[80] 

Vapor quality, vapor-phase Reynolds 
number, liquid-phase Reynolds number, 

Liquid-phase Froude number, vapor-
phase Froude number, Bond number, 
Weber number, the aspect ratio of the 

channel 

Condensation 
friction pressure 

drop 

RF 
MAE = 3.4% 
MAE = 3.9% 

Vapor quality, vapor-phase Reynolds 
number, liquid-phase Reynolds number, 

liquid-phase Froude number, vapor-phase 
Froude number, Bond number, Weber 
number, the aspect ratio of the channel Nusselt number 

Vapor-phase Prandtl number, Liquid-
phase Prandtl number, Jakob number 

[74] 
Volume fraction, Reynolds number, 
heating rate, and model number of 

nanoparticles 
Nusselt number ANN MRE = 0.3% 

[75] 

Bond number, convection number, 
saturated liquid Froude number, liquid 
only Froude number, saturated vapor 
Froude number, vapor only Froude 
number, Galilean number, Kapitza 

number, saturated liquid Prandtl number , 
saturated vapor Prandtl number, saturated 

liquid Reynolds number, liquid only 
Reynolds number, saturated vapor 

Reynolds number, steam only Reynolds 
number, saturated liquid Sulaiman 
number, saturated vapor Sulaiman 

number, liquid only Reynolds number, 
Sulaiman number, steam only Sulaiman 
number, saturated liquid Weber number , 

liquid only Weber number, saturated 
steam Weber number, steam only Weber 

number. 

Heat-transfer 
coefficient 

ANN MAE = 6.8% 

[82] 

Flexible vortex generator spacing, height 
of flexible vortex generator, flexible 

vortex generator width, material 
parameters: Young's modulus of flexible 

vortex generator 

Nu GWO-SVR 
R2 = 0.997 
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feature importance assessment involves analyzing connection weights. This can be achieved 

by calculating weight magnitudes or gradient information to indirectly infer the influence of 

individual input features. While not directly equivalent to feature importance, such methods 

can provide valuable insights under certain conditions. 

Specifically, these weights form the matrix connecting the input layer to the first hid-

den layer [88-90]. By calculating the absolute value of each input feature's corresponding 

weight and summing these values, we obtain an importance score for that feature. This score 

effectively reflects the degree to which different features influence the network's prediction 

outcomes, providing crucial guidance for model optimization and feature selection. It also 

helps reveal the intrinsic relationship between input features and output predictions. Based on 

such analysis, researchers can more accurately identify key drivers when dealing with high-

dimensional complex data, thereby enhancing the model's predictive performance and inter-

pretability. 

Shanmugam and Maganti [91] constructed four different ML algorithms, namely 

MLP, XGBoost, LightGBM, and k-NN, to analyze the thermal performance of a MCHS under 

various conditions on data provided by an experimental system, and the obtained data was used 

to train each of the four ML algorithms were trained and the importance of the input features 

was analyzed using these four ML algorithms. As shown in fig. 8(a), the importance scores of 

all the input features based on the neuron weight matrix are presented, where the thermal load 

and design features show the highest importance scores, followed by the flow configuration 

and geometric features, and the aspect ratio and the number of channels are also quite signifi-

cant. The XGBoost and LightGBM are gradient-enhanced algorithms that use an integrated 

learning technique to improve the thermal performance of the heat sink. Both XGBoost and 

LightGBM are gradient enhancement algorithms that utilize integrated learning techniques to 

build robust models with strong predictive power by integrating multiple decision trees. In the 

XGBoost model, the distribution of F-core values can be seen in fig. 8(b), where the flow 

configuration, heat load, and inlet temperature have the highest scores of 378, 426, 32, and 

2206, respectively, and similarly, the LightGBM model has high scores of 259, 190, and 185 

for inlet temperature, heat load, and design features, respectively, On the other hand, the k-NN 

model, as presented in fig. 8(d), receives relatively low scores for a number of features, espe-

cially for those geometrically related features. However, the scores of thermal load and hot 

spot heater features are still at a relatively high level. 

The SHapley additive exPlanations 

Different ML models often yield inconsistent results when evaluating the importance 

of input features due to variations in their algorithmic mechanisms and prediction objectives. 

However, features such as heat load, key design parameters, and fluid configuration are con-

sistently identified as highly important across most models, indicating their universal influence 

on predictive performance. In contrast, the importance scores of other features are more sus-

ceptible to significant fluctuations influenced by specific algorithmic characteristics and da-

taset structures. To comprehensively enhance model performance and robustness, it is essential 

[83] 

The ratio of rib distance to channel width, 
the ratio of the length of the trapezoidal 

rib at the entrance to the width of the 
entrance, the ratio of channel width to 
channel height, the ratio of rib width to 

channel width 

Power, 
total thermal 

resistance 
RF 

R2 = 0.99 
R2 = 0.94 
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to systematically examine the contributions of all input features and actively incorporate 

emerging technologies to strengthen the reliability and interpretability of feature importance 

analysis. 

The SHAP is an emerging interpretability technique based on Shapley values from 

cooperative game theory, capable of providing transparent and quantifiable feature importance 

analysis for ML model predictions [92]. Its core concept involves rationally allocating the 

predicted output value across individual input features to evaluate each feature's contribution 

to the final prediction. Leveraging the inherent theoretical properties of Shapley values, fair-

ness, consistency, and additivity, SHAP precisely quantifies the strength of association be-

tween each input feature and the model output, thereby effectively identifying the key factors 

with the most significant impact on predictions. 

Sikirica et al. [93] used the KernelExplainer method in determining the feature im-

portance in optimizing the MCHS design by means of weighted linear regression [92], and fig. 9 

illustrates the SHAP values for each model output (covering both SC-MC and R-MC cases). In 

the graph, the feature importance is ranked in descending order. The graph can be interpreted as: 

Figure 8. Feature importance of prediction models based on each algorithm; 
(a) ANN, (b) XGBoost, (c) LightGBM, and (d) k-NN [91] 
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for a given feature (variable, presented on the X-axis), when the value of the feature increases 

(shown in red) or decreases (shown in blue), it will have a positive or negative impact on the 

output (represented by the SHAP value on the Y-axis). The width of the micro-channels and the 

number of secondary channels/ribs have the most significant effect on the thermal resistance 

of the SC-MC and R-MC. The pumping power mainly depends on the width of the micro-

channels, λ, and the number of micro-channels, λ. As the number of micro-channels increases, 

λ decreases. On the other hand, an increase in λ leads to an increase in the pumping power, 

which is within the expected range, and the conclusions are also applicable to the traditional 

optimization methods, which provide a generalized reference for the related research and prac-

tice, which can be referred to the literature. 

Although the SHAP method demonstrates powerful capabilities in explaining ML 

models, its application still faces certain limitations, some of which stem from the inherent 

characteristics of ML methods themselves. In practical applications, models explained through 

SHAP are often trained on limited or underrepresented datasets. Such data deficiencies con-

strain the method's ability to provide deep insights into the underlying physical mechanisms 

and deliver effective interpretations. 

Notably, existing research has attempted to embed physical principles into the ML 

modeling process [94] and has achieved preliminary progress in exploring underlying physical 

laws using ML techniques [95]. Overall, the SHAP method provides a more transparent and 

reliable pathway for interpreting the performance prediction results of MCHS. 

Figure 9. The SHAP feature impact on ML model outputs; 
(a) feature impact on thermal resistance for the SC-MC, 
(b) feature impact on pumping power for the SC-MC, 
(c) feature impact on thermal resistance for the R-MC, and 
(d) feature impact on pumping power for the R-MC [93] 
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Conclusions 

The MCHS have garnered significant attention in the thermal management of micro-

devices due to their compact size and exceptional heat transfer performance. With the advance-

ment of AI, there is a growing trend of applying ML techniques from the AI field to MCHS, 

which is expected to further promote developments in this area. This paper presents several of 

optimization using CFD simulations, as well as predictions of micro-channel performance pa-

rameters through ML algorithms. Additionally, an analysis of feature importance for both input 

and output characteristics is conducted. The following conclusions can be as follows. 

• The rapid development of computer technology and CFD has enabled the resolution of

numerous complex and variable problems through numerical simulation methods. The CFD

simulation methods offer remarkable flexibility, allowing the simulation of diverse bound-

ary conditions and the handling of intricate model structures. Nevertheless, this flexibility

demands high grid quality, as accurate and reliable simulation results depend on well-con-

structed grids. By adjusting boundary conditions, the CFD method can precisely identify

key control parameters for different experimental scenarios, effectively addressing most

challenges in the study of heat transfer and flow characteristics in microchannel.

• Through the case of the ML algorithm in the paper to make predictions on the performance

parameters of HCHS, it is found that the ML algorithm can deal with the nonlinear rela-

tionship between the data, but the accuracy of its prediction varies due to the difference of

the ML algorithms. In addition, the size of the dataset also affects the accuracy of the ML

algorithm, and future research can focus on a wider MCHS range of datasets, which will

help to explore more potential design possibilities, and provide a richer theoretical basis

and data support for the optimal design of HCHS.

• The relationship between input features and output features can be better explained in mi-

cro-channels by using feature importance analysis. The ML models based on decision num-

bers have feature importance methods themselves, while ANN are judged by weights. How-

ever, SHAP analysis may be affected by ML methods when applied, that is by data that

may not be representative. Therefore, this marks the direction for the application of SHAP

analysis in future research, i.e., as science and technology evolve, combining physics with

ML becomes a new research trend.
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Nomenclature 

Nu – Nusselt number (= hL/k)
Re – Reynolds number (= rvd/m)

Acronyms 

MCHS – microchannel heat sink
MJMC – multi-jet microchannel
WMOCT  – wavy microchannels with 

   opposite crests and troughs 
WMCCT  – wavy microchannels with 

   consistent crests and troughs 
ML – machine learning

RF – Random Forest
k-NN – k-nearest neighbor
MLP – multi-layer perceptron
SVM – support vector machine
LightGBM – light gradient boosting machine 
XGBoost  – eXtreme gradient boosting 
AdaBoost  – adaptive Boosting 
GBR – gradient boosting regression
MSE – mean-square error
R2 – coefficient of determination
MAE – mean Absolute Error
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RMSE – root mean square error
ANFIS – adaptive neuro-fuzzy inference system
GABPNN – genetic algorithm 

   back propagation neural network 
LS-SVM  – least squares SVM 
MARD  – mean absolute relative difference
MRE – mean relative error
RSM – response surface methodology

FDM – finite difference method
FEM – finite element method
FVM – finite volume method
SHAP – SHapley additive exPlanations
GWO – grey wolf optimization
SC-MC  – microchannel heat sink with

secondary channels
R-MC – microchannel heat sink with ribs
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