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Abstract. Lipid microdomains are specialized structures that play cru-
cial roles in various physiological and pathological processes, such as
modulating immune responses, facilitating pathogen entry, and form-
ing signaling platforms. In this study, we explored the dynamics and
organization of lipid membranes using a combination of molecular dy-
namics simulations and a suite of machine learning (ML) techniques.
Using ML algorithms, we accurately classified membrane regions into
liquid order, liquid-disordered, or interfacial states, demonstrating the
potential of computational methods to predict complex biological or-
ganizations. Our investigation was mainly focused on two lipid systems:
POPC/PSM/CHOL, and DPPC/DLIPC/CHOL. The study underscores
the dynamic interaction between ordered and disordered phases within
cellular membranes, with a pivotal role of cholesterol in inducing domain
formation.

Keywords: microdomains - lipid membranes - machine learning - molec-
ular dynamics - gel domains

1 Introduction

The cell membrane is a complex and dynamic structure that plays a pivotal
role in maintaining integrity and regulating various cellular processes [3]. The
distribution of lipids within these membranes is heterogeneous and certain lipids
aggregate to form distinct domains [12]. These include structured gel phases (S,)
and less structured liquid disordered phases (L4), with a special case of struc-
tured liquid ordered phases (L,) induced by sterols like cholesterol [15]. Lipid
rafts, a notable L, domain, contain sphingomyelin and cholesterol, affecting the
membrane’s structure and function due to its composition and interactions. Lipid
microdomains are highly ordered regions within membranes, crucial for signal
transduction, endocytosis, and membrane trafficking, due to their ability to sta-
bilize and organize membrane proteins [5, 16]. In contrast, the S, domains exhibit
a different narrative and are rare in living organisms. The L, regions, composed
of disordered lipids, provide a dynamic matrix. This matrix surrounds the or-
dered domains and is essential for protein diffusion and cellular responsiveness
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[6]. Lipid rafts, specialized microdomains, play crucial roles in various physiologi-
cal and pathological processes such as modulating immune responses, facilitating
pathogen entry, and forming signaling platforms [7]. Therefore, the role of lipid
domains in cell signaling and organization emphasizes the importance of under-
standing their impact on cell homeostasis.

Accurate identification of microdomains is particularly crucial, given their
unique mechanical properties, which may render them potential targets for spe-
cific antimicrobial agents [14]. A promising method for identifying microdomains
involves the use of machine learning (ML) techniques on molecular dynamics
(MD) membrane trajectories, although research in this area remains limited.
This study synthesizes methodologies from previous research [11,4], employ-
ing supervised learning in modeled and spontaneously formed microdomains in
ternary lipid mixtures in MD, thus improving the current knowledge base. The
primary advantage of this approach is its precision in predicting molecular orga-
nization, domain, nondomain, and interface, accurately reflecting experimental
observations.

2 Methods

2.1 System preparation and simulation

Using the CHARMM-GUI membrane builder [18], we constructed several mem-
brane systems with various lipid compositions, each designed to represent differ-
ent molecular organizations. Six training systems were created, each containing
150 lipid molecules, representing different domain stages. Lipid compositions in-
cluded phosphatidylcholine (POPC), sphingomyelin (PSM), cholesterol (CHOL),
as well as other phosphatidylcholines (DPPC and DLIPC), mixed in specific ra-
tios to mimic nondomain, interface, and domain-like phases. Lipid ratios were set
as follows: 8:1:1 for nonraft (POPC/PSM/CHOL), 2:1:1 and 4:3:3 for interface
stages (POPC/CHOL/PSM), and varying ratios such as 1:2:2, 2:1, and 1:1 for
raft-like stages (CHOL/PSM). Analogously, for the second approach (sponta-
neous domain formation), we replaced PSM with DPPC and POPC with DOPC
in train systems, following established literature protocols [19,12,4].

Additionally, two specialized testing systems were devised, containing 1140
and 900 lipid molecules, respectively, with equal proportions of POPC/PSM/CHOL
and DPPC/DLIPC/CHOL. The first system was structured with a central circu-
lar configuration of PSM and CHOL surrounded by POPC, designed to replicate
an idealized raft-like domain [4, 15, 12]. The second system featured a stochastic
distribution of DPPC, DLIPC, and CHOL, aimed at exploring lipid behavior in
a nonordered environment. These models facilitate the study of lipids dynamics
and the structural properties of different membrane configurations.

Molecular dynamics simulations were performed with Gromacs software (v.
2022) [1] and the CHARMMS36 force field [18]. The simulation protocol involved
energy minimization, NVT and NPT equilibration (constant number of par-
ticles, volume/pressure, and temperature), ending with a production run. All
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simulations were performed at 295.15 K, using standard CHARMM protocol.
A detailed description of the simulation procedure is described in our previous
work [14]. The production run involved at least 500ns.

2.2 Lipid features and Machine learning techniques

In our molecular dynamics simulations, we analyzed the last 50 ns of each trajec-
tory to extract ten different lipid features that characterize the local membrane
environment. These features included lipid type (1), area per lipid (APL, 1),
total lipid length (2), the number of surrounding lipids by each type, first shell
(3), and composition of the second shell (3).

APL was determined using a custom MATLAB script. For each lipid, a posi-
tion point was identified at the midpoint between the phosphorus atom (P) and
the second carbon atom (C2) in the phospholipids, and between the C3 and O3
atoms for CHOL. The local environment of each lipid was further quantified by
Voronoi tessellation to determine the composition of the first and second lipid
shells. Additionally, the order parameter (S.q) for acyl chains was calculated
using the MEMBPLUGIN ([8] S.q addon in Visual Molecular Dynamics (VMD)
software, averaging the values for both acyl chains of each lipid. The lengths of
the lipids were measured as the geometric distance between the phosphorus and
last carbon atoms in the acyl chain.

Statistical analysis was performed using the Python Scipy library, employing
a one-way ANOVA test with a significance threshold of 0.05 and the Tukey test
for post hoc analysis to ensure the reliability of our findings. We employed a suite

Table 1. The architectures and accuracy of tested ML models

ML model Architecture Best accuracy
KNN 5 closest neighbors 91% + 3%
DNN 10x128x128x32x8x4x3, ReLu activation, 87% + 5%

20% dropout, softmax without dropout (last layer)
RF entropy criterion, 1,000 estimators, max. depth 15| 88% + 2%
SVC polynomial kernel 85% + 3%

of ML techniques to unravel the complex organization of microdomains and lipid
membranes, using different algorithms to categorize membrane compositions as
raft/domain, nondomain, or interface. Initially, we normalized all input data
and applied one-hot encoding to categorical variables, ensuring that our dataset
was optimized for ML processing. Subsequently, several selected ML algorithms
from the scikit-learn package were adopted: Support Vector Classifier (SVC),
Random Forest (RF), K-Nearest Neighbors (KNN), and Deep Neural Network
(DNN). The models were trained on a random selection of 80% of data, and the
remaining 20% of data was used to determine an accuracy metric for the method.
The choice of an equal lipid composition (1:1:1) ensures a balanced distribution
of features in the test dataset. In this article, we have selected and presented one
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ML technique for each approach with the highest accuracy of all the methods
listed. These were KNN and RF for the first and second approaches, respectively.
All architectures are presented in Table 1.

3 Results and discussion

In this study, we explored two scenarios of lipid microdomain formation using
molecular dynamics simulations. The first scenario involved an idealized domain
with a core of CHOL and PSM, surrounded by unsaturated POPC lipids, show-
ing slow lipid migration and interfacial mixing [12,4]. The second scenario ex-
plores the spontaneous segregation of saturated DPPC and unsaturated DLIPC
lipids facilitated by the addition of CHOL. We used the L, and L; nomencla-
ture for these domains, observing how DPPC’s high phase-transition tempera-
ture influenced behavior differently from the POPC/PSM/CHOL mixture. Our
simulations, which lasted approximately 2 us, highlighted the complex and nu-
anced domain formation process, involving a more probabilistic gel domain (S,)
formation compared to the previous model. Using ML techniques, the selected
parameters of all lipids were used to classify them into three distinct clusters rep-
resenting raft-like / domain, nonraft / nondomain, and interface regions. The
results of selected ML approaches are shown in Figure 1.

A" Lipid types KNN B Lipid types RE

Fig. 1. Classification of (A) POPC/PSM/CHOL and (B) DPPC/DLIPC/CHOL mem-
brane regions using KNN and RF methods, respectively based on selected lipid param-
eters (top view). Each left panel illustrates the structural composition of the lipid
membrane and the right panel depicts the ML lipid classification.

The organization of the idealized raft system is presented in Figure 2A. The
raft, nonraft, and interfacial areas constitute 55%, 31%, and 13% of the sys-
tem, respectively. This distribution is consistent with experimental studies on
POPC/PSM/CHOL vesicles [13]. The formation of these domains is influenced
by temperature variations, which often leads to a predominance of L, regions
due to the affinity of CHOL for PSM [20]. The interface mainly comprises PSM,
CHOL (30%), and POPC (22%), while nonraft areas are dominated by CHOL
and PSM with minimal POPC presence (see Figure 2C). The nonraft region is
predominantly composed of POPC (92%), with minor contributions from PSM
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