
 
 

Integrated in Silico Formulation Design of Lipid-based Drug 
Delivery Systems  

 

by 

 

GAO Haoshi 

 

 

Doctor of Philosophy in Applied Physics and Materials 
Engineering 

 

 

 

2022 

 

 

 

Institute of Applied Physics and Materials Engineering 
 

University of Macau 



 
 

  



 
 

Integrated in Silico Formulation Design of Lipid-based Drug 
Delivery Systems  

 

by 

 

GAO Haoshi 

 

SUPERVISOR: Dr. LI Haifeng 

 

CO-SUPERVISOR: Dr. OUYANG Defang 

 

 

 

Doctor of Philosophy in Applied Physics and Materials 
Engineering 

 

2022 

 

Institute of Applied Physics and Materials Engineering 

 University of Macau 

 
 



 
 

 
  



 
 

 

 

 

 

 

Author’s right 2022 by  

GAO, Haoshi 

  



 
 

 



 i 

Acknowledgements 

As my four years of doctoral studies end, I will leave the campus and start my career. 

At this moment, I have mixed feelings. This last period of my life on campus is very 

precious to me. I would like to express my sincere appreciation to those who helped 

me during the four years of my Ph.D.  study at the University of Macau. 

First and foremost, I am highly grateful to supervisor Dr. Li Haifeng and co-supervisor 

Dr. Ouyang Defang for their invaluable advice, continuous support, and patience 

during my Ph.D. study. Their immense knowledge and great experience have 

encouraged me throughout my academic research and daily life.  

My sincere thanks also go to Dr. Hua Yu for his kind suggestions and assistants during 

my Ph.D. study. Thanks to all lab technicians for their hard work to keep a good lab 

environment. 

A special appreciation goes to Dr. Dong Jie, Mr. Ye Zhuyifan, and Mr. Zhang Yunsen 

for providing me the technical support in machine learning for my research.  

Additional thanks go to Mr. Li Junjun, Ms. Lu Tianshu, Ms. Deng Jiayin, Ms. Wu 

Yiyang, Mr. Niu Liyuan, Ms. Wu Si, and Mr. Zhu Yinghao for their warm-heart 

friendship and help. 

I would like to express my sincere thanks to my parents and husband for their 

continued encouragement, emotional support, and endless love. I could not have 

completed my Ph.D. research without their understanding, continued patience, and 

unlimited support. 

  



 ii 

Abstract 

Lipid-based drug delivery system (LBDDS) has shown great potential in 

pharmaceutical formulation. LBDDS is a dosage form with lipid as the main excipient, 

which increases the solubility and in vivo absorption of APIs, thus improving 

bioavailability. Growing evidence suggests that the molecular mechanism of LBDDS 

is still indefinite. Therefore, a novel method for formulations screening, the structure 

of formulations, and interactions between drug and excipient needed to be developed. 

Machine learning (ML) methods were applied to predict the complex properties of 

phospholipid complexes. Then, 341 drug-phospholipid complexes were collected from 

the literature. The datasets were trained by the LightGBM method. The berberine was 

used as the model drug to be prepared the complexes with phospholipids to validate 

the prediction modeling. Molecular dynamics (MD) simulation was used to investigate 

the molecular mechanism for self-aggregation of berberine in solution and BBR-

phospholipid complex complexation, which well explained the experimental results. 

The integrated computational methodology, including ML, experiments, and MD 

simulation, was utilized in the self-emulsifying drug delivery system (SEDDS) design. 

4495 SEDDS formulation datasets were collected to predict the pseudo-ternary phase 

diagram by the ML methods. Random forest (RF) showed the best prediction 

performance with 91.3% accuracy, 92.0% sensitivity, and 90.7% specificity in 5-fold 

cross-validation. The pseudo-ternary phase diagrams of meloxicam SEDDS were 

experimentally developed to validate the RF prediction model and achieved an 

excellent prediction accuracy (89.51%). The central composite design was used to 

screen the best ratio of oil-surfactant-cosurfactant. Finally, MD simulation 

investigated the molecular interaction between excipients and drugs, which revealed 

the diffusion behavior in water and the role of cosurfactants.  
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The ML algorithm LightGBM was built to predict the knockdown efficiency of 

siRNA-LNP in vitro and in vivo delivery and reached good accuracy with 80% and 

78.89% in the validation set. Further siRNA experiments well validated the ML model. 

Moreover, MD simulation was utilized to investigate the molecular structure of 

siRNA-LNP. 

In summary, three typical LBDDS formulation phospholipid complex, self-

emulsifying drug delivery systems, and siRNA-LNPs were developed by integrated 

computational methodologies. This research is a crucial step in developing an LBDDS 

that integrates ML, MD simulation, and experimental methods.  
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Chapter 1 Introduction 

1.1 Introduction of Lipid-based Drug Delivery Systems  

In the field of pharmaceutics, lipids are one of the essential carriers. For nearly 40 

years, lipid excipients have been widely applied in several delivery systems, including 

emulsion, liposome, micelle, and solid lipid nanoparticles (Irby, Du, & Li, 2017). 

Among them, liposomes are the earliest LBDDS, and the first marketed liposome 

Doxil® was approved by FDA in 1995 (Barenholz, 2012). Liposomes are nano or 

micron structures of liposomal biomolecules made from lipid excipients. Early 

liposomes were made from natural phospholipids, and as formulations were developed, 

synthetic phospholipids were gradually used to prepare liposomes (Kohli, Kierstead, 

Venditto, Walsh, & Szoka, 2014). In an aqueous solution, the phospholipid can form 

a closed bilayer structure (Torchilin, 2005). Due to the biphasic character of the 

liposome, the liposome can load both lipophilic and hydrophilic drugs.  

Meanwhile, Liposomes suffer from disadvantages such as drug leakage, low drug 

loading capacity, and poor stability (Kuche, Bhargavi, Dora, & Jain, 2019). Due to the 

high drug loading (usually a molar ratio of drug to phospholipid of 1:1) and the 

relatively stable binding capacity, phospholipid complexes can be an ideal solution to 

these problems. Usually, the binding forces between phospholipids and drugs include 

van der Waals, hydrogen bonding, and other forces (Lu et al., 2019). In lipid-based 

drug delivery systems, the self-emulsifying drug delivery system showed its 

advantages in oral drug formulations delivery, including being suitable for industrial 

manufacturing, more straightforward preparation, and cost-effective (Mahmood & 

Bernkop-Schnürch, 2019). Lipid nanoparticles (LNP) are the formulation optimized 
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from liposomes. The LNP exhibits a more complex structure and higher stability due 

to a larger and more complex composition of excipients.  

LBDDSs have shown their great potential in the field of pharmaceutical formulation. 

However, with the development of various new technologies that offer more 

possibilities for LBDDS development. This thesis aims to carry out computational 

methods in formulations screening, the structure of formulations, and interactions 

between drug and excipient, which provides novel and reliable ideas for future 

formulation development.           

1.1.1 Lipid-based Phospholipid Complex  

The phospholipid complex is a stable complex formed by charge migration between 

drug and phospholipid molecules. Its advantages include improving lipophilic and 

hydrophilic APIs, easy preparation methods, and low cost. As a lipid carrier, 

phospholipids are amphipathic molecules with a polar portion and a non-polar portion 

in their structure. The main content of phospholipids is phosphatidylcholine. Their 

unique structures are like the mammalian cell membrane. Meanwhile, phospholipids 

also can prolong the short life of drugs in the body (Semalty, Semalty, Rawat, Singh, 

& Rawat, 2009). Under certain conditions, phospholipids and candidate drugs can 

form complexation with hydrogen bonds or the van der Waals interaction in the 

alcoholic or organic solvent (Dora et al., 2017). The phospholipid complex can help 

drugs across the cell membrane and get into the blood.  

The most common method for phospholipid complexes is the solvent volatilization 

method, which removes the solvent with reduced pressure distillation. (Lu et al., 2019). 

Other methods such as freeze-drying (Khan, Saraf, & Saraf, 2016) or antisolvent 

precipitation methods (Y. Li, Yang, Chen, Chen, & Chan, 2008) are used to prepare 

the phospholipid complexes. The evaluation index of the preparation process of 
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phospholipid complexes generally uses the rate of drug-phospholipid complexation. 

Phospholipids and their complexes are soluble in certain solvents, while APIs are 

insoluble. The complexation rate is determined based on this property of the 

phospholipid complexes. Basically, a complex ratio higher than 80% can be 

considered successful phospholipid complexes. 

In recent years, there has been a gradual increase in the number of phospholipid 

complexes reported in China and abroad. The earlier study was on silymarin 

phospholipid complexes, which significantly improved the in vivo absorption 

compared to crude silymarin (Yanyu, Yunmei, Zhipeng, & Qineng, 2006). In addition, 

there are also natural active ingredients such as evodiamine (Tan et al., 2012), gallic 

acid (Bhattacharyya, Ahammed, Saha, & Mukherjee, 2013), oleanolic acid (X. Yang, 

Jiang, Du, Zhao, & Zhang, 2016), rutin (Singh, S.M. Rawat, Semalty, & Semalty, 

2012), curcumin (Gupta & Dixit, 2011) and emberic acid (Pathan & Bhandari, 2011) 

combined with phospholipids to form phospholipid complexes that improve solubility 

and permeability of the drug and increase the bioavailability of the drug. 

Overall, phospholipid complexes are a promising drug delivery strategy that can 

improve the physicochemical properties and bioavailability of the parent drug. 

However, the mechanism of absorption and dissociation of complexes in vivo is still 

unclear, and these issues need to be studied and explored in greater depth. 

1.1.2 Self-emulsifying Drug Delivery Systems 

In drug discovery, water-insoluble drugs face various technical hurdles in transforming 

into market medical products. Over 40% of marketed drugs are insoluble in aqueous 

solutions that limit their applications (Kalepu & Nekkanti, 2015). Several drug-

solubilizing strategies were applied, including cyclodextrin inclusion (Davis & 

Brewster, 2004), solid dispersion (Chiou & Riegelman, 1971), pH adjustment 
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(Kobayashi, Sada, Sugawara, Iseki, & Miyazaki, 2001), salt formulation (Serajuddin, 

2007), nanocrystal (Junghanns & Müller, 2008), and lipid-based formulations (LBFs) 

(Porter, Trevaskis, & Charman, 2007). Since an increased number of BCS class II 

drugs pose enormous challenges for pharmaceutical formulation development, LBFs 

have attracted the attention of pharmaceutical experts in recent years. LBFs consist of 

drugs and excipients. According to the dispersion of lipid preparations and the 

composition of excipients, Pouton (Pouton, 2000) divides LBFs into the following 

categories (Table 1.1). The Type I formulation only contains oils and APIs that need 

to be digested to be absorbed. In contrast, the Type II formulations consist of oil and 

water-insoluble surfactant and form 0.25-2 μm droplet suspension. The Type III 

formulations are further divided into Types IIIA and IIIB based on their compositions 

of excipients (Pouton & Porter, 2008). Compared with Type IIIA, there are more 

water-soluble components in Type IIIB formulation, leading to smaller particle size. 

Type IV formulations are highly hydrophilic and consist of water-insoluble and water-

soluble surfactants and co-surfactants.



 

 

Table 1.1 The catalog of lipid-based formulations (Pouton, 2006; Pouton & Porter, 2008) 

Formulation 
classification 

Excipients composition Advantages Disadvantages 

Type I 100% oils  Good compatibility APIs should be highly 
lipophilic 

Type II 40-80% oils and 20-60% 
water-insoluble surfactants 

Stable solvent capacity  o/w dispersion suspension 
with 0.25-2 μm droplet size 
  

Type IIIA 40-80% oils, 20-40% water-
soluble surfactants, 0-40% 
cosolvents 
 

Clear dispersions and drug 
absorption without digestion 

Possible loss of solvent 
capacity when dispersing; 
not easily digested 

Type IIIB Less than 20% oils, 20-50% 
water-soluble surfactants, 
20-50% cosurfactants 

Clear dispersion; drug 
absorption without digestion 

Possible loss of solvent 
capacity when dispersing 

Type IV 0-20% Water-insoluble 
surfactants, 30-80% water-
soluble surfactant and 0-
50% cosolvents 

Good solubility for many 
drugs; disperses into 
micellar solutions 

Loss of solvent capacity 
during dispersion; may not 
be digestible 

 
 

5 
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The several common excipients in LBF formulations were shown in Table 1.2. In 

general, medium-chain triglycerides such as Captex 300, Captex 355, and Labrafac 

CC were the most used oils (Phan, Salentinig, Hawley, & Boyd, 2015; Salim et al., 

2020; Tanaka, Nguyen, Suys, & Porter, 2021). Medium-chain triglycerides can reduce 

gastrointestinal tract (GIT) transit time and decrease the physiological burden of 

metabolism (Caliph, Charman, & Porter, 2000).  

Surfactants are divided into two categories, water-insoluble and water-soluble 

surfactants. The hydrophile-lipophile balance (HLB) of water-insoluble surfactants is 

8-12, which can drive self-emulsification but cannot dissolve in the water due to 

insufficient hydrophilic. There is a certain amount of water-soluble surfactant in Types 

IIIA, IIIB, and IV formulations. 
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Table 1.2 Some excipients commonly used in LBF formulations 

Catalog Name Synonyms HLB 
 
 
 
 
 

Oils 

Medium-chain 
triglycerides 

Captex 300, Captex 355, 
Labrafac CC, Miglyol 810; 

Miglyol 812 

1 

Soybean oil Trilinolein - 
Glyceryl monooleate Capmul GMO, Imwitor 948, 

Pcecol 
3.3 

Ethyl oleate  11 
Isopropyl myristate  11.5 
Polyoxylglycerides Gelucire 44/14, Labrafil 

M2125CS, Labrafil M1944CS 
9 

Propylene glycol 
monolaurate 

Lauroglycol™ 90 5 

propylene glycol 
monocaprylate 

Capryol 90 5 

 
 
 
Surfactants 

Polyoxyethylene 
Sorbitan Fatty Acid 

Esters 

Tween 20, Tween 80 15-17 

Polyoxyethylene Castor 
Oil Derivatives 

Cremophor RH 60, Cremophor 
RH 40 

6.5 

Macrogolglycerol 
ricinoleate 

Cremophor EL 13 

Glyceryl monolinoleate Maisine® CC 1 
 
 
Cosurfactants 

Tetraglycol  - 
Diethylene glycol 
monoethyl ether 

 4 

Polyethylene glycol PEG400, PEG200 9.7 
Propylene glycol  - 

Ethanol  - 

1.1.3 Lipid-based RNA Nanoparticle Delivery  

Currently, since the mechanism of gene silencing in mammalian cells by synthetic 

small interfering RNA (siRNA) was explored by Tuschl T et al., scientists have been 

fascinated with applying this technology in cancer therapy (Elbashir et al., 2001; 

Kanasty, Dorkin, Vegas, & Anderson, 2013). A pre-designed synthetic siRNA can 

specially bind and silence the targeted gene to inhibit protein synthesis associated with 

disease conditions (Ozpolat, Sood, & Lopez-Berestein, 2014). To achieve desired 

siRNA’s knockdown mechanism, it must reach targeted organs or tissues through 

injection. However, naked siRNA is unstable in blood, making it challenging to move 
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across the cell membrane. Also, in vivo siRNA delivery faces many physiological 

obstacles, such as glomerular filtration, phagocytic uptake, aggregation with serum 

protein, and enzymatic degradation (Whitehead, Langer, & Anderson, 2009). Recently, 

the challenge of siRNA delivery has been overcome by the lipid nanoparticle (LNP) 

formulation of the first Food and Drug Administration (FDA) approved siRNA 

medicine Patisiran (Adams et al., 2018).  

Besides the siRNA-LNP targeted on the liver and other organs, LNP technology has 

also been used for mRNA vaccine development (van der Meel et al., 2021). Common 

vaccines work by causing an immune response when the pathogen or part is injected 

into the body. On the other hand, the mRNA vaccine delivers mRNA into the cells to 

express the protein, expanding the body's immunity (Pardi, Hogan, Porter, & 

Weissman, 2018).  

1.2 Molecular Dynamic (MD) Simulation 

Since the development of MD simulation in the late 1970s, it has been fully developed 

and applied, with satisfactory results, especially in exploring the properties and 

structural elucidation of biological macromolecules like proteins. General MD can 

simulate systems with about 50000-100000 atoms, and systems with about 500000 

atoms have also gained wide popularity when computational conditions allow 

(Hospital, Goñi, Orozco, & Gelpí, 2015). 

MD simulation can also be applied to pharmaceutical formulation design, which could 

mimic the physicochemical processes on the molecular scale (D. F. Ouyang & Smith, 

2015). In pharmaceutical science, the MD simulation has gradually become an 

increasingly vital tool to help scientists understand the drug delivery mechanism of 

dissolution, solubility, controlled release, and targeted delivery (Bunker & Róg, 2020). 

In LBDDS design, grained molecular -applied a coarse .et al H Hashemzadeh
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dynamics model to investigate the effect of different phospholipids on the stability of 

. established a et alMarkéta P  .(Hashemzadeh, Javadi, & Darvishi, 2020) liposomes

f cationic novel mRNA vaccine simulation model to investigate the mechanism o

 lipids in formulations, which is beneficial to future mRNA formulation development

. Moreover, in molecular (Paloncýová, Čechová, Šrejber, Kührová, & Otyepka, 2021)

parameters such as solvent accessible surface area can modeling, the change of 

nd water in a complex system. investigate the interaction between drugs, carriers, a

Also, specific conditions like nonneutral environments and uncommon temperatures 

(Mollazadeh,  xplain the experimental phenomenacan be set in modeling software to e

. Sahebkar, Shahlaei, & Moradi, 2021)  

1.3 Machine Learning  

Machine learning is one part of artificial intelligence, which could learn from 

experience and data by computer algorithms (Damiati, 2020). Presently, machine 

learning has been widely used in pharmaceutical science, such as drug discovery 

(Natalie et al., 2019), quantitative structure-activity relationship (QSAR) (Wang, Wu, 

Lin, & Yang, 2015), quantitative structure-property relationship (QSPR) (Shayanfar, 

Fakhree, & Jouyban, 2010), biomedicine (Tian, Chen, & Gao, 2018), and drug 

formulation design (Damiati, 2020). Machine learning can be an auxiliary tool in drug 

formulation design to lighten pharmaceutical scientists’ workload. It can be applied to 

predict drug formulation performance in drug development by inputting the 

physicochemical properties of APIs and excipients and process parameters. For 

example, Zhao et al. (Zhao, Ye, Su, & Ouyang, 2019) used molecular descriptors of 

drugs and cyclodextrins as input values to predict the binding energy of the drug 

cyclodextrin system, and the results confirmed that the model had good accuracy. Han 

et al. (Han et al., 2019) applied random forest to predict solid dispersion stability, 
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which completed a high accuracy and obtained parameters affecting the stability. He 

et al. (He et al., 2020) developed a LightGBM model to predict the size and PDI of 

nanocrystals prepared by three methods, which provided a new idea in industrial 

pharmaceutics. Gao et al. (H. S. Gao et al., 2020) constructed a drug/phospholipid 

complexation rate predicting model by the LightGBM algorithm.  

Several commonly used machine learning methods were utilized in the formulation 

design, including random forests (RF), K-nearest neighbor (KNN), decision Tree (DT), 

naïve Bayes (NB), support vector machines (SVM), light gradient boosting machine 

(LightGBM), and XGBoost. Shortly, DT became one of the most used machine 

learning methods. It is used as the tree-like structure model to classify instances based 

on features in dealing with classification issues. It also can be thought of as a 

conditional probability distribution of characteristics and classification (Z. Yu, 

Haghighat, Fung, & Yoshino, 2010). Furthermore, RF is a more advanced algorithm 

based on the decision tree. It was developed from classification and regression trees 

and determined by the mode of the category output by an individual tree (Burgette & 

Reiter, 2010). KNN algorithm is a famous statistical pattern recognition, which plays 

a critical role in machine learning classification algorithms. Generally, the algorithm 

calculates the Euclidean distance between a point and all other points and extracts the 

K points closest to the end. Then count the K points with the most significant 

proportion of the category which belongs to the classification (Du, Ding, & Jia, 2016). 

NB is based on Bayes’ principle and uses probability statistics to classify the sample 

data set. It is based on subjective judgments: it is equally possible to estimate a value 

without knowing all the objective facts and then continually revise it based on the 

actual results (T. Li, Li, Liu, Li, & Jia, 2018). SVM is a supervised machine learning 

model that uses classification algorithms to solve two sets of classification problems. 
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It works as classifying the next text when the SVM model with labeled training data 

for each category has been given. LightGBM is a novel algorithm presented by Ke et 

al (Ke et al., 2017). It has been applied in various data mining tasks, such as 

classification, regression, and ranking. XGBoost, developed by Chen et al. (T. Chen 

& Guestrin, 2016) in 2016, is a machine learning algorithm under the gradient boosting 

framework. XGBoost provides a parallel tree lift that can quickly and accurately solve 

many data science problems.  

1.4 Research Goals and Objectives 

The research goal includes: 

• To build an accurate machine learning model for three types of lipid-based drug 

delivery systems (phospholipid complex, SEDDS, and siRNA-LNP). 

• To construct the relative experiments to validate the machine learning model. 

• To develop the MD simulation model to investigate the forming mechanism of 

lipid-based drug delivery systems.  

• To build the integrated in silico methodology for phospholipid complex, SEDDS, 

and siRNA-LNP design. 

The specific objectives of this research are as follows: 

• To utilize a new machine learning method LightGBM to predict the formulation 

of phospholipid complex. Berberine (BBR) was chosen as the model drug to 

prepare the phospholipid complex to validate the machine learning results. The 

MD simulation method investigated the mechanism between BBR and 

phospholipid at the molecular level. 

• In the research of in silico formulation design of SEDDS, 4495 SEDDS 

formulation datasets were collected to predict the pseudo-ternary phase diagram 

using machine learning methods. Meloxicam (MLX) was chosen as a model drug 
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to select the optimal oils, surfactants, and cosurfactants. Secondly, a pseudo-

ternary phase diagram predicting model of MLX-SEDDS was experimentally 

constructed to validate the prediction model. Finally, MD simulation was utilized 

to mimic the molecular dissolving behavior of MLX-SEDDS in water. 

• To establish in silico models for siRNA-LNP in vitro and in vivo delivery by ML 

methods to predict the gene-knockdown efficiency of the formulation. 

Subsequently, the experimental research validated the results of ML. In order to 

investigate the nanostructure of siRNA-LNP, molecular modeling was utilized to 

mimic the behavior of different siRNA-LNP systems forming in the solvent. It is 

shown that in silico methods can guide the formulation development of siRNA-

LNP and provide a novel idea for future siRNA delivery design. 

1.5 Organization of the Thesis  

The content of this thesis includes the following five chapters: 

Chapter 1 introduced the general background for current lipid-based drug systems. The 

background of three lipid-based drug systems: phospholipid complex, SEDDS, and 

siRNA-LNP. Then, machine learning and MD simulation were applied in 

pharmaceutics. Finally, the thesis also includes the research goal and objectives, 

research design, and statement of originality. 

Chapter 2 described the research of predicting drug/phospholipid complexation by the 

LightGBM method. 

Chapter 3 described the integrated in silico formulation design of self-emulsifying 

drug delivery systems. 

Chapter 4 described the development research of in silico methodology for siRNA 

lipid nanoparticle formulations. 

Chapter 5 summarized the conclusions of the thesis. 
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1.6 Research Design 

 
Fig. 1.1 The flow chart of the research design 

1.7 Statement of Originality 

This is to certify that to the best of my knowledge. The content of this thesis is my own 

work. This thesis has not infringed anyone’s copyright, hypothesis, quotations 

techniques, or any other materials from other people’s work.  

I declared that the content of this thesis had not been previously submitted for any 

degree or other purpose to the University of Macau and other educational institutions. 

This is a true copy of my thesis, including any final revisions, as approved by my thesis 

committee. 

The publications during the Ph.D. study were listed as follows: 

1. Gao Haoshi, Jia Haoyue, Dong Jie, Yang Xinggang*, Li Haifeng*, Ouyang 

Defang*. Integrated in silico formulation design of self-emulsifying drug delivery 

systems. Acta Pharmaceutica Sinica B 2021; 11: 3585-94.  

Search data from literature and
select the relative data

• Determine the output parameter

• Select the input molecular descriptors

• Modified the data to a standard version

• Utilized several machine learning model

• Decide a best prediction model

• Design the experiment to validate machine

learning result

• Built a molecular simulation model

to explore the mechanism of the

formulation
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Chapter 2 Predicting Drug/Phospholipid Complexation by the LightGBM 

Method  

2.1 Introduction  

Many active pharmaceutical ingredients (APIs) have low solubility or permeability, 

narrowing their applications (Khadka et al., 2014). In recent years, many researchers 

found that the formation of the drug-phospholipid complex can enhance their 

bioavailability by increasing the solubility and permeability of drugs (Dora et al., 2017; 

H. Gao, Wei, Xi, Sun, & Zhang, 2018; L. Ge et al., 2018; Jena, Singh, Dora, & Suresh, 

2014; Wu et al., 2018). Phospholipids are amphipathic molecules with polar and non-

polar portions in their structures. The main component of phospholipids is 

phosphatidylcholine. Their unique structures are similar to the mammalian cell 

membrane. Meanwhile, phospholipids can also prolong the short life of drugs in the 

body (Semalty et al., 2009). Under certain conditions, phospholipids and candidate 

drugs can form complexation with hydrogen bonds or the van der Waals interaction in 

organic solvents (Xiao, Song, Chen, & Ping, 2006). The phospholipid complex can 

help drugs across the cell membrane and then get into the blood. In the complex, the 

API is distributed in the amorphous state. Many researchers have reported the apparent 

effect on the ability to increase solubility, permeability, and bioavailability for poorly 

soluble drugs by phospholipid complex. For example, Gemcitabine has a noticeable 

enhancement of the oil solubility (16-fold) after forming the phospholipid complex 

(Dora et al., 2017). The water solubility of probucol increased significantly from 0.005 

μg/mL to 17.76 μg/mL, and the liposolubility has no significant improvement (Guo et 

al., 2014). These researches indicated that phospholipid complex technology could 

increase the lipid solubility of hydrophilic drugs and water solubility of hydrophobic 



 16 

drugs. These advantages of the phospholipid complex can also attribute the 

bioavailability improvement of drugs, e.g., oxymatrine (Yue, Yuan, Li, Yang, & Zhu, 

2010), curcumin (Maiti, Mukherjee, Gantait, Saha, & Mukherjee, 2007), rutin (Ahmad 

et al., 2016). 

Chapter 2 utilized a new machine learning method LightGBM to predict the 

formulation of phospholipid complex. Berberine (BBR) was chosen as the model drug 

to prepare the phospholipid complex and validate the machine learning results. The 

MD simulation method investigated the mechanism between BBR and phospholipid 

at the molecular level.  

2.2 Material and Methods 

2.2.1 Data Collection 

The data on phospholipid complex were collected from the published literature 

between 1999 and 2019 using keyword search strategy in Web of Science, Scopus, 

and CNKI databases. The literature data were considered acceptable when they were 

binary phospholipid complex with complexation rate or other characterization to 

ensure the reliability of the data. 341 valid formulations and 59 APIs were collected 

from the literature. The formulation was successful only when the complexation rate 

was higher than or equal to 80%. When the complexation rate was below 80%, the 

formulation was unsuccessful. 

11 molecular descriptors were chosen to describe APIs’ structural and 

physicochemical properties, including molecular weight, XlogP3, hydrogen bond 

donor count, hydrogen bond acceptor count, rotatable bond count, topological polar 

surface area, heavy atom count, complexity, logP, logS, and melting temperature. In 

addition, 18 molecular descriptors were chosen to describe the phospholipids, 

including unsaturation index, hydrophilic factor, Ghose-Crippen molar refractivity, 
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topological polar surface area, and the number of nitrogen atoms, etc. All reaction 

solvents were described by 13 molecular descriptors, including molecular weight, 

XlogP3, logP, hydrogen bond donor count, hydrogen bond acceptor count, rotatable 

bond count, topological polar surface area, heavy atom count, complexity, electric 

constant, boiling point, vapor pressure, and polar index.  

2.2.2 Distribution of Dataset  

Since process parameters, the molecular weight of drugs, and logP of drugs were the 

major important features, the distribution of these parameters in the phospholipid 

formulation dataset was analyzed. The reaction temperature ranged from 20 ℃ to 

70 ℃, while the molar ratio of phospholipid complex formulation data ranged from 

0.2 to 3.5 (in Figs. 2.1A and B). For the physicochemical parameters of drugs, 

molecular weight and logP ranged from 170 to 1109 and -3.02 to 8.92, respectively, 

as shown in Figs. 2.1C and D. 

 

A B

C D
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Fig. 2.1 The distribution of the process parameter in 341 formulation data: A. the 

distribution of reaction temperature; B. the distribution of molar ratio for drugs to 

phospholipids; C. the distribution of molecular weight for drugs; D. the distribution 

of logP for drugs. 

2.2.3 Machine Learning Methodology 

2.2.3.1 Traditional Machine Learning Algorithms 

The whole dataset was divided into two subsets of the training subset (272 

formulations) and the test subset (69 formulations) using the MD-FIS algorithm (Y. 

Yang et al., 2019). A variety of machine learning models for phospholipid complex 

prediction were developed by different machine learning algorithms, including 

random forest (RF), support vector machine (SVM), k-nearest neighbor (kNN), 

decision tree (DT), naïve Bayes classifier (NB) and Boosting algorithms. 

Ensemble learning aims to build a comprehensive model by constructing and 

combining base learners. RF and Boosting are representative algorithms of 

parallelization and serialization methods of ensemble learning, respectively (Freund & 

Schapire, 1997). RF introduces random factors into the attribute selection process in 

tree node splitting. In many realistic learning problems, RF shows good performance. 

Boosting algorithms can reduce deviation and meanwhile avoid overfitting. XGBoost 

is an open source library providing a gradient boosting framework (T. Chen & Guestrin, 

2016). In addition to ensemble models, SVM based on structural risk minimization 

was developed. SVM aims to find a hyperplane to maximize the distance from the 

nearest samples of two classes in the training set to the hyperplane. kNN is a machine 

learning algorithm based on a simple assumption. kNN assumes that the instance may 

belong to the same class as most of its k nearest samples. DT uses the tree structure to 

assist decision making. In a tree, the samples in a leaf node tend to be in the same class. 
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NB is a widely used classification algorithm based on the Bayes theorem and 

conditional independence hypothesis of features. The NB models the joint probability 

distribution and then obtains the posterior probability through the joint probability and 

inputs. 

A 5-fold cross validation strategy was used for modeling and tuning hyperparameters 

to optimize and validate the machine learning models. The 5-fold cross validation 

divided the complete dataset into five subsets. Then, the machine learning models were 

built on four subsets and validated in another subset. This process was repeated five 

times. Also, the final model performance of the optimized models on unseen data was 

tested on an external test set. 

2.2.3.2 LightGBM 

LightGBM was introduced to construct machine learning models for phospholipid 

complexation prediction to find out the best prediction model (Ke et al., 2017). This 

model was developed by using the LightGBM library in Python. After a randomized 

hyperparameter search of 5000 models, the LightGBM model with optimized 

hyperparameters was learned. In LightGBM, a gradient boosting decision tree (GBDT) 

was used, the learning rate was set to 0.023, the number of leaves was set to 100, and 

1100 base learners were constructed during the model training. The max depth was set 

to 14, and the number of min child samples was set to 3 to control over-fitting. 

2.2.3.3 Model Performance Criterion 

In machine learning, accuracy is often adopted to evaluate the model performance for 

classification problems. Accuracy (You et al., 2021) is defined as follows: 

Accuracy = (TP + TN)/(TP + TN + FP + FN) ,                    Eq. (1)  

where TP = True positive, FP = False positive, TN = True negative, FN = False 

negative. Accuracy is a ratio of corrected predictions to total predictions. However, 
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when you have an asymmetric dataset where the numbers of positive and negative 

samples are different, it is proper to look at other parameters such as recall, precision 

and F1-score. 

Recall is defined as follows: 

Recall = TP/(TP + FN) ,                                   Eq. (2) 

where recall is a ratio of corrected positive predictions to total actual samples. 

Therefore, recall measures how many actual samples the model can label. 

Precision is defined as follows: 

Precision = TP/(TP + FP),                             Eq. (3) 

where precision is a ratio of corrected positive predictions to total positive predictions. 

Therefore, precision measures how many predictions are correct among all samples 

labeled as positive. 

F1-score is defined as follows: 

F1 = 2 ∗ (Precision ∗ Recall)/(Precision	 + Recall),          Eq. (4) 

where F1-score is a function of recall and precision. F1-score takes recall and 

precision into account. 

AUC is defined as the area under the curve of ROC (receiver operating characteristic). 

2.2.4 Experimental Validation 

2.2.4.1 Materials and Reagents 

BBR was purchased from Oddfoni Biological Technology Company (Nanjing, China); 

soybean phospholipid (phosphatidylcholine ≥ 98%) was obtained from Shenyang 

Tianfeng Bio-Pharmaceuticals Co. Ltd., (Shenyang, China). All other chemicals used 

in the study were of analytical grade. 

2.2.4.2 The Preparation of Berberine Phospholipid Complex 
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The preparation protocol was similar to the literature (H. Gao et al., 2018). Briefly, 

12.5 mg BBR and appropriate phospholipids were placed in a 50 mL round-bottomed 

flask and then dissolved in 25 mL ethanol. The solution with BBR and phospholipids 

was magnetically stirred at 60 ℃ for 2 h. Subsequently, the resulting solution was 

evaporated with a rotary evaporator, and the residue was dried at 40 ℃ overnight. 

Finally, the dried BBR-phospholipid complex was kept in the vacuum desiccator at 

room temperature.  

A certain amount of BBR-PC (equal to 25 mg) was prepared as described and 

dissolved in chloroform to test the complexation rate. While both BBR-PC and 

phospholipid can be dissolved in chloroform, free BBR is insoluble (F. Yu et al., 2016). 

After vigorous vortexing, 1 mL of the above solution was filtered by the 0.22 μm 

syringe filter and then diluted with ethanol. Next, all samples were analyzed by the 

ultraviolet spectrophotometer at 345 nm. The following equation calculated the 

complexation rate of BBR-PC: 

The	complexation	rate = @!/@",                             Eq. (5) 

where Wa was the total weight of BBR added in the preparation of BBR-PC; Wb was 

the weight of BBR in BBR-PC. 

2.2.4.3 Solubility and Octanol-Water Partition Coefficient (Po/w) 

The excess amount of BBR, physical mixture, and BBR-PC were added to 3 mL of 

water and octanol and kept for 48 h at 37 ℃ in a lab shaker until equilibrium. After 

that, each sample was filtered by a 0.22 μm syringe filter and diluted with ethanol until 

a suitable concentration. Further, all samples were analyzed by the ultraviolet 

spectrophotometer at 345 nm. 

The Po/w of BBR, physical mixture, and BBR-PC was determined by the shake-flask 

method (Andrés et al., 2015). A certain amount of BBR, physical mixture, and BBR-
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PC were dissolved in 3 mL of octanol-saturated distilled water and 3 mL of water-

saturated octanol in the Eppendorf tube. Next, the Eppendorf tube was shaken 

virtuously for 10 minutes and then kept quiet until the aqueous and the octanol phases 

were separated. Finally, all samples were analyzed by the ultraviolet 

spectrophotometer at 345 nm diluted with ethanol.  

Po/w of BBR, physical mixture and BBR-PC were calculated as follows: 

B#/% = C#/C%,                                              Eq. (6) 

where Co is the concentration of BBR in octanol; Cw is the concentration of BBR in 

water. 

2.2.4.4 Characterization of BBR-phospholipid Complex (PC) 

DSC analysis of BBR, phospholipid, physical mixture and BBR-PC was conducted by 

thermogravimetric analysis (TGA) on an SDT-Q600 system (TA, USA). All the 

samples (5-10 mg) were heated in a ceramic crucible at a heating rate of 10 ℃/min 

from 30 to 300 ℃. An empty ceramic crucible was used as the reference. 

PXRD patterns of samples were characterized by powder X-ray diffractometer 

(Rigaku Smartlab, Japan) with cooper Kα1 (1.54056 Å) and Kα2 (1.54439 Å) with a 

ratio of 2:1 as radiation source (tube diffraction angle range from 10 to 50, tube 

operated at 40 kV, 200 mA). The samples were scanned with the diffraction angle 

increasing from 10° to 90° (2θ), with a step size of 0.02°. 

FTIR spectra of samples were obtained by an IR diffraction spectrophotometer (Bruker, 

Germany) with the wavenumber range from 4000 cm-1 to 400 cm-1. All the samples 

were prepared by the KBr method. 

2.2.5 Molecular Dynamic Simulation of BBR and BBR-PC Complex 
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All the molecular structures were built by Discovery Studio Visualizer 2016 

(http://www.3dsbiovia.com/products/collaborative-science/biovia-discovery-studio/). 

The original boxes of BBR and BBR-phospholipid systems were generated by the 

Packmol program (J. M. Martínez & Martínez, 2003). The MD simulations of BBR 

and BBR-PC were performed by the AMBER18 software package with the GAFF 

force field. 

2.2.5.1 Simulation of BBR Aggregation in Water 

In the MD simulation of BBR in the solution, four BBR molecules were put in the 

TIP3P water box with 10 Å radius. The simulation process was divided into three steps. 

Firstly, the minimization was similar to our early study (D. Ouyang, 2012). In short, 

the energy minimization of the system was using 1000 steps of steep descent 

minimization and 1000 steps of conjugate gradient minimization. Next, the system was 

heated from 0 to 300 K and kept at 300 K for 2 ns to equilibrate the system.  

2.2.5.2 Simulation of BBR/lipid Preparation 

The simulation method was also used to mimic the solvent evaporation method of 

BBR-PC in the experiment. After the same minimization, the system was equilibrated 

in the NPT ensembles at T = 333 K and P = 1 bar and then subsequently simulated for 

10 ns. 

2.3 Results  

2.3.1 Results of Machine Learning  

Table 2.1 showed the classification accuracy results of evaluating the model using the 

test set. Obviously, the LightGBM model exhibited the best predictive performance. 

Thus, LightGBM was selected as the final predictive model. The performance of 
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LightGBM was as follows: 0.855 for accuracy, 0.847 for AUC, 0.857 for specificity, 

0.900 for sensitivity, and 0.887 for F1-score. The results indicated that LightGBM was 

a suitable model for predicting the phospholipid complex formulation data. 

 



 

 

Table 2.1 The classification performance results of the predictive model 

 5-fold cross validation Test set 

 ACC AUC Specificity Sensitivity F1-score ACC AUC Specificity Sensitivity F1-score 

RF 0.783 0.834 0.570 0.894 0.844 0.884 0.944 0.828 0.925 0.902 

SVM 0.757 0.785 0.441 0.922 0.833 0.855 0.903 0.690 0.975 0.886 

KNN 0.761 0.798 0.505 0.894 0.831 0.783 0.874 0.690 0.850 0.819 

DT 0.772 0.815 0.656 0.832 0.828 0.855 0.853 0.793 0.900 0.878 

NB 0.695 0.669 0.344 0.877 0.791 0.710 0.784 0.621 0.775 0.756 

XGBoost 0.812 0.906 0.785 0.827 0.853 0.841 0.912 0.931 0.775 0.849 

LightGBM 0.971 0.962 0.968 0.989 0.969 0.855 0.847 0.857 0.900 0.887 

25 
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2.3.2 Ranking of Contribution Factors 

The result of LightGBM prediction revealed the most relative features, which affected 

on the complexation rate of phospholipid complex in the dataset. Fig.  2.2 showed that 

the parameters that contribute to the complexation rate could be classified into three 

categories, including experimental conditions, properties of drugs, and solvent. The 

top 9 most important features with the contribution value large than 300 were 

temperature, molar_ratio, molecular_weight_drug, logP_drug, 

moleculer_weight_solvent, logS_drug, tm_drug, xlogP3_drug and time. 

 

Fig. 2.2 The relative importance of the molecular descriptor of the LightGBM model. 

2.3.3 Experimental Validation 

2.3.3.1 The Preparation of BBR-PC 

In this study, the evaporation method was used to prepare BBR-PC with different 

molar ratios, temperatures, and times. As an evaluation method, the complexation rate 

has been widely used to estimate the content of drug in phospholipid complex. The 

equation of reaction, reaction quotient, reaction equilibrium constant, and Gibbs free 

energy were manifested as follows: 
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!"#$% + '(ℎ*+,ℎ*-.,./ ⇋ 12*3,-45,                          Eq. (7) 

6 = ["#$%&'(]!
[*+,-]"[%.#/%.#&0%0*]#,                                       Eq. (8) 

8'1 =
["#$%&'(]$%!

[*+,-]$%" [%.#/%.#&0%0*]$%#
,                                    Eq. (9) 

∆: = ;< -=(Q/8'1).                                        Eq. (10) 

The equation of reaction quotient (Q) was the same as the equilibrium constant 

expression (Keq) but for partial concentrations of the reactants and products before the 

system reached equilibrium (Izadi, Tabrizchi, & Farrokhpour, 2013; Scalbert, 

Thibault-Starzyk, Jacquot, Morvan, & Meunier, 2014). As a result, the complexation 

rate and reaction quotient increased with the reaction temperature from 30 ℃ to 60 ℃ 

(as listed in Table 2.2). The complexation rate was also improved from 91.05% to 

98.66% when the molar ratio reached 1:2 from 1:1. The experimental results indicated 

that the reaction was completed in 2 h. Thus, suitable experimental parameters were 

beneficial for forming phospholipid complex, which agreed with the top two important 

features of the machine learning model. The rational experimental conditions were 

60 ℃, the molar ratio at 1:2 (BBR to phospholipid) and 120 min. 
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Table 2.2 The complexation rate and Q of BBR-PC with different conditions. 

Parameter Condition Complexation rate (%) Q  

 

Temperature 

30 ℃, 1:2, 120 min 87.02±0.63 5.93 

45 ℃, 1:2, 120 min 92.21±0.34 10.98 

60 ℃, 1:2, 120 min 98.66±1.03 72.65 

Molar ratio (BBR 

to phospholipid) 

1:1, 60 ℃, 120 min 91.05±0.24 9.34 

1:2, 60 ℃, 120 min 98.66±1.03 72.65 

 

Time 

30 min, 1:2, 60 ℃ 85.48±0.91 5.14 

60 min, 1:2, 60 ℃ 91.44±1.33 9.84 

120 min, 1:2, 60 ℃ 98.66±1.03 72.65 

2.3.3.2 Solubility and Octanol-Water Partition Coefficient (Po/w) 

Table 2.3 showed the solubility and Po/w of BBR, physical mixture, and BBR-PC. The 

oil solubility of BBR-PC significantly increased about 10-fold, which indicated that 

phospholipid was a proper carrier to improve the lipid solubility of BBR. The Po/w of 

BBR-PC (1.18) was significantly higher than that of BBR (0.068), which indicated 

that BBR-PC had much better permeability in the GI tract than pure BBR.  

Table 2.3 Solubility and Po/w of BBR, physical mixture, and BBR-PC 

Sample Solubility in water 

(mg/mL, 37 ℃) 

Solubility in n-octanol 

 (mg/mL, 37 ℃) 

The value of Po/w 

(25 ℃) 

BBR 1.95±0.0054 0.29±0.053 0.068±0.0071 

Physical mixture 0.63±0.0079 0.64±0.11 0.074±0.028 

BBR-PC 0.52±0.0080 3.01±0.15 1.18±0.038 
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2.3.4 Characterization of Phospholipid Complex 

The DSC thermogram of (a) BBR, (b) phospholipid, (c) physical mixture, and (d) 

BBR-PC were exhibited in Fig. 2.3. The endothermic peak was presented at 104.4 ℃ 

for BBR, which could be attributed to dehydration (N. Li & Xu, 2010). The second 

sharp endothermic peak at 193.5 ℃ for BBR was ascribed to its melting point. 

Phospholipid showed no visible peak, and the physical mixture showed the 

superposition of endothermic peak BBR and phospholipid. However, no peak 

appeared on the curve of BBR-PC, which illustrated the complexation formation. 

 

Fig. 2.3 DSC thermogram of (a) BBR, (b) phospholipid, (c) physical mixture, and (d) 

BBR-PC. 

Fig. 2.4 exhibited the PXRD patterns of BBR, phospholipid, physical mixture and 

BBR phospholipid complex. The pure BBR had intense diffraction peaks at 2θ = 

16.34°, 2θ = 25.46°, and 2θ = 26.30°, which was attributed to its crystalline property. 
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These peaks were also presented in the physical mixture. The PXRD pattern of (b) 

phospholipid showed no sharp peak because of its amorphous state. Very few weak 

crystalline peaks were observed in the PXRD pattern of BBR-PC, which illustrated 

that most BBR molecules formed with phospholipid into the complex state, but only a 

few BBR (less than 2%) in BBR-PC still existed. 

 

Fig. 2.4 PXRD patterns of (a) BBR, (b) phospholipid, (c) physical mixture, and (d) 

BBR-PC. 

The FTIR spectra of A. BBR, B. Phospholipid, C. Physical mixture, D. BBR-PC 

investigated the interaction between BBR and phospholipid. The spectrum of pure 

BBR on Fig. 2.5A exhibited characteristic peaks at 1506 cm-1 (vC=C), 1568 cm-1 

(vC=C), 1599 cm-1 (vC=C). Fig. 2.5B showed the spectrum of phospholipid with its 

characteristic peaks at 1736 cm-1 (vC=O), 1244 cm-1 (vP=O) and 1089 cm-1 (vP-O). 

However, the spectra of Fig. 2.5C physical mixture and Fig. 2.5D BBR-PC were 

similar. The characteristic peaks 1244 cm-1 (vP=O) of phospholipid moved to 1236 cm-
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1, and no new peak was found. The peak of C-N stretching (1272 cm-1) of the BBR 

pyridine ring in Fig. 2.5D BBR-PC was weakened than in Fig. 2.5C physical mixture. 

The possible reason for the similar spectrum was that the preparation grind of KBr 

pellet of physical mixture led to the complexation formation.  

 

Fig. 2.5 The FTIR spectra of A. BBR, B. Phospholipid, C. physical mixture, and D. 

BBR-PC. 

2.3.5 Analysis of Molecular Simulation  

Previous studies showed that one possible reason for the poor bioavailability of BBR’s 

self-aggregation in the solution (Liu, Zheng, Zhang, & Long, 2016). As Fig. 2.6 

showed, the phenomenon was verified by the MD simulation results of BBR in 

solution. 4 BBR molecules in the water environment were easily aggregated by the 

intermolecular interaction after 2 ns. The self-aggregation may cause low absorption 

in the GI tract. 
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Fig. 2.6 Snapshots of aggregation of BBR in solution (a) 0 ns and (b) 2 ns. 

Fig. 2.7 showed the MD simulation result of BBR-PC. The initial structure was built 

with 1 BBR molecule and 2 phospholipid molecules by the Packmol program. With 

increasing temperature, the positively charged quaternary amino group in BBR was 

close to the negatively charged phosphate group in phospholipids through electrostatic 

force. The BBR molecule was encapsulated with two long chains of a phospholipid 

molecule to form the complex, and another phospholipid molecule did not interact with 

the BBR molecule. The MD results agreed with the complexation rate in the 

experiments. When the molar ratio was 1:1, over 90% BBR combined with 

phospholipid and excessive phospholipids were beneficial to the formation of BBR-

PC.  

 

(a) (b)

(a) (b)
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Fig. 2.7 Snapshots of BBR phospholipid complex (a) 0 ns, (b) 10 ns. 

2.4 Discussion  

LightGBM is a speedy, highly effective gradient boosting framework based on the 

decision tree algorithm. It can be applied to ranking, classification, and several other 

machine learning tasks (Ke et al., 2017). LightGBM grows tree leaf-wise while 

different algorithms grow level-wise. It will choose the most delta loss growth. While 

increasing the same leaf, the leaf-wise algorithm could decrease more losses than the 

level-wise algorithm. The basic unit of LightGBM is the decision tree, which is 

essentially an ensemble learning method, a branch of machine learning (Stapor, 

Roterman-Konieczna, & Fabian, 2019). It is mainly used for classification and 

regression. The values of different classes are separated in handling classification tasks 

while processing the regression tasks; the outputs are averaged to reduce the error 

caused by estimation (Svetnik, Liaw, Tong, & Wang, 2004). The LightGBM was 

suitable for predicting the complexation rate of phospholipid complex. 

The most important feature for forming the phospholipid complex was temperature. 

Most model drugs have poor aqueous solubility, even dissoluble in several organic 

solvents in the dataset. The appropriate temperature increases the solubility of the drug 

in the solvent and promotes the complexation reaction. Therefore, the reaction moved 

toward forming a phospholipid complex based on the reaction quotient (Q) at different 

temperatures. According to the theory of Maxwell-Boltzmann distribution, the 

acceleration of molecular motion promotes the binding of BBR to phospholipids. 

Besides, excessive temperature could cause the oxidation of phospholipids and the 

instability of drugs. 

The molar ratio was the second important feature affecting the complexation rate, 

defined as the stoichiometry of drugs and phospholipids. When the complexation rate 
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reached 98.66%, the equilibrium assumed the reaction.  In equation (10), the negative 

value of Gibbs free energy means that the reaction was not in equilibrium when the 

molar ratio was 1 (Matsumoto, 2005). Thus, the higher proportion of 

phospholipid/drug was beneficial in reducing reaction time. If the molar ratio between 

drug to phospholipid is more than 1, the surplus drug molecules could not combine 

with the phospholipid. On the other hand, with an excess amount of phospholipid, the 

phospholipid complex would be too sticky, which may decrease the drug dissolution. 

Many researchers considered the equal stoichiometry of drug and phospholipid (1/1) 

as the proper ratio (Khan, Alexander, Ajazuddin, Saraf, & Saraf, 2013). However, 

current experimental methods are difficult to assess the optimal ratio of drug/lipid. In 

our research, MD simulation can provide us with the molecular mechanism of 

phospholipid complex and the optimal ratio. 

Molecular weight (3rd), logP_drug (4th), logS_drug (6th), tm_drug (7th) and 

XlogP3_drug (8th) were all the molecular descriptors that described the 

physiochemical properties of drugs. In general, molecular weight was positively 

correlated with molecular size. It can be used as a simple molecular descriptor to assess 

the permeability of drugs (Waring, 2009). Moreover, logP_drug and XlogP3_drug 

were the oil-water partition coefficients of drugs, while logS were the logarithm of 

solubility. All these descriptors determined the degree of hydrophobicity or 

hydrophilicity of drugs.  

As the fifth important feature, the molecular weight of the solvent could make a 

positive contribution to the process of complexation reaction in the prediction model. 

In the dataset, 8 kinds of organic solvent were used as the reaction solvent, and the two 

most used solvents were ethanol and tetrahydrofuran. The principle of solvent 
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selection was based on the solubility of the drugs in different solvents. Researchers 

recently used ethanol as the reaction medium due to its low toxicity (Khan et al., 2013).  

In the experiment, reaction time was an essential factor for the complexation reaction. 

However, time affected the complexation rate less than the temperature and molar ratio 

in the prediction model. The possible reason is that time can affect the complexation 

rate before the system reaches equilibrium. When the reaction is in equilibrium, the 

complexation rate will not increase with an extension of time. 

In summary, the process parameters and the hydrophobicity or hydrophilicity of drugs 

were closely related to the complexation of the phospholipid complex.  

2.5 Summary 

In this study, LightGBM showed good prediction accuracy in the formulation 

prediction in phospholipid complex. The BBR/phospholipid complexation 

experiments verified that the important parameters of the complexation rate were 

consistent with the predictions of the LightGBM model. Moreover, MD simulation 

provided us with the mechanism of self-aggregation of BBR in solution and BBR-PC 

complexation. The integrated machine learning and modeling methodology can 

greatly benefit drug formulation screening and improve formulation development 

efficiency.  
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Chapter 3 Integrated in silico Formulation Design of Self-emulsifying Drug 

Delivery Systems 

3.1 Introduction 

In drug discovery, water-insoluble drugs face continuous hurdles in transforming into 

market medical products. As a simple administration route, oral administration is safe, 

convenient, underspend, and patient compliant (Munzone & Colleoni, 2015). 

Increased BCS class II drugs pose enormous challenges for oral formulation 

development. Factors including the physicochemical properties of the API and the 

complex internal environment of humans and animals may affect the bioavailability of 

the drug (Porter et al., 2007). For lipophilic drugs, especially the class II drug, the 

limitation of their absorption in the human body is the dissolution rate in the GI tract 

(Ghadi & Dand, 2017). Pharmaceutical scientists have developed strategies to solve 

this issue, including solid dispersions (Danda, Batista, Melo, Soares Sobrinho, & 

Soares, 2019), cyclodextrin inclusions (Celebioglu & Uyar, 2019), and nanoscale 

formulations (Jeevanandam, Chan, & Danquah, 2016). In lipid-based formulation, 

drugs existed in the liquid state instead of the solid state. The solubility of drugs 

increased by enhancing solvent-solvent interaction between formulations and the GI 

environment (Porter et al., 2007). The self-emulsifying drug delivery system (SEDDS) 

is a stable thermodynamic nanoformulation consisting of oil, surfactant, cosurfactant, 

and APIs. For oral administration, drugs are dissolved in the SEDDS instead of solid 

state, which benefits the absorption in the GI tract (Chatterjee, Hamed Almurisi, 

Ahmed Mahdi Dukhan, Mandal, & Sengupta, 2016). 

For 40 years, US Food and Drug Administration (FDA) has approved about 12 SEDDS 

marketed formulations, such as Gengraf®, Norvir®, and Depakene®, etc (Mishra et 



 37 

al., 2021). However, the modern SEDDS formulations design profoundly depends on 

the experimentation by the skills of independent researchers. The process of SEDDS 

formulation design includes three steps as follows: the determination of drug solubility 

in several oils, surfactants, and cosurfactants; dissolving the mixture of oils, surfactants, 

and cosurfactant into distilling water, and then drawing the ternary phase diagram to 

identify the self-emulsion area; the evaluation of the SEDDS formulation by multiple 

characterization methods (Balakrishnan et al., 2009; Kommuru, Gurley, Khan, & 

Reddy, 2001). Therefore, the current formulation development of SEDDS urgently 

needs some effective methods to assist experimental design. 

Chapter 3 aimed to integrate machine learning, MD simulation, and experimental 

approaches to design SEDDS formulations rationally. First, 4495 SEDDS formulation 

datasets were collected to predict the pseudo-ternary phase diagram using machine 

learning methods. Meloxicam (MLX) was chosen as a model drug to select the optimal 

oils, surfactants, and cosurfactants. Secondly, a pseudo-ternary phase diagram 

predicting model of MLX-SEDDS was constructed experimentally to validate the 

prediction model. Finally, MD simulation was utilized to mimic the molecular 

dissolving behavior of MLX-SEDDS in water.  

3.2 Materials and Methods 

3.2.1 Materials  

MLX with 98% purity was purchased from Tianjin Heowns Biochemical Co., Ltd. 

(Tianjin, China). Labrafil M 1944 CS and Transcutol HP were obtained from 

Gattefossé (Saint-Priest Cedex, France). AEO-9, Cremophor RH40, and Cremophor 

EL were obtained from BASF (Ludwigshafen, Germany). Ethanol and isopropanol 

were purchased from Tianjin Fuyu Fine Chemical Co., Ltd. (Tianjin, China). Isopropyl 

myristate (IPM) was purchased from Shanghai CHUXING Chemical Co., Ltd. 
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(Shanghai, China). Isopropyl palmitate (IPP) was purchased from Linyi Lusen 

Chemicals Co., Ltd. (Linyi, China). Caprylic/Capric Triglyceride (GTCC) was 

obtained from KLK OLEO (Petaling Jaya, Malaysia). Tween 80 was obtained from 

Tianjin Kemiou Chemical Reagent Co., Ltd. (Tianjin, China). PEG 400 was obtained 

from Tianjin Bodi Chemical Co., Ltd. (Tianjin, China). 

Figures were plotted by OriginPro2018 SR1 (OriginLab Corporation, Northampton, 

MA, USA), Amber18 package (University of California, San Francisco, CA, USA), 

Design-Expert v10 (Stat-Ease, Inc., Minneapolis, MN, USA), BIOVIA Discovery 

Studio (BIOVIA corp., San Diego, CA, USA), PACKMOL package (University of 

Campinas, Campinas, Brazil).  

3.2.2 Machine Learning 

3.2.2.1 Pseudo-ternary Phase Diagram Dataset 

The pseudo-ternary phase diagram dataset was obtained from 45 diagrams in 25 

reported articles. Each data included information on excipient and aqueous solutions. 

Then, the relative molecular descriptors, which were the main physicochemical 

properties of oils, surfactants, and cosurfactants selected in Table 3.1. The data 

collection principle in pseudo-ternary phase diagrams was shown in Fig. 3.1. In the 

self-emulsion area, the coordinate point inside the intersection point between the self-

emulsifying region and the gridlines were selected as the data points of self-emulsion. 

In the non-self-emulsifying area, the vertex of the grid line was chosen as the data 

point of non-self-emulsion. Each selected point in the pseudo-ternary phase diagram 

was a single data point. The total dataset of SEDDS formulations was 4495.  
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Table 3.1 The selected descriptors of three excipients. 

Excipient Selected molecular descriptor 

Oils Molecular weight, logP, boiling point, melting point, density, 

viscosity, HLB, flash point, surface tension, saponification value. 

Surfactants Molecular weight, logP melting point, density, viscosity, HLB, 

flash point, saponification value. 

Cosurfactants Molecular weight, logP melting point, density, viscosity, flash 

point. 

 

 

Fig. 3.1 The pseudo-ternary phase diagram of SEDDS. 

3.2.3 Molecular Dynamic Simulation 

The structure of meloxicam, Labrafil M 1944 CS, Cremophor RH40, and Transcutol 

HP were constructed by BIOVIA Discovery Studio Visualizer 2016, as shown in Fig.  
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3.2. Next, the simulation box including drug molecules, excipients, and solvent water, 

was packed by PACKMOL (J. M. Martínez & Martínez, 2003). The AMBER 18 

software package performed the MD simulation with the GAFF force field. 

In the MD simulation, the process parameters were set concerning the experiment. 

Shortly, the simulation processes were divided into three steps. Firstly, the SEDDS 

system run a sum of 2000 steps of energy minimization, 1000 steps of steep descent 

minimization, followed by 1000 steps of the conjugate gradient. Secondly, the whole 

system was heated from 0 to 310 K. Finally, the system was kept at 310 K for 200 ns 

to mimic the self-emulsification process for the formulation in water. 

 

Fig. 3.2 The molecular structure of (A) MLX, (B) Labrafil M 1944 CS, (C) 

Cremophor RH40 and (D) Transcutol HP. 

3.2.4 Experimental Validation 

3.2.4.1 Solubility Study 

An excess MLX was added to 2 mL of different excipients (oils, surfactants, 

cosurfactants) in a 5 mL microcentrifuge tube in triplicate. After vertexing, samples 

were shaken for 72 h in a constant temperature shaker at 37 ± 0.5 °C and then 
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centrifuged at 12,000 rpm for 10 min (TG16MW centrifuge, Hunan Herexi Instrument 

& Equipment Co., Ltd.). Finally, the supernatant was diluted with methanol to the 

appropriate multiple and determined by UV-8000 UV‒Vis spectrophotometer 

(Shanghai metash Instrument Co., Ltd. Shanghai, China). 

3.2.4.2 Pseudo-ternary Phase Diagram 

The surfactant and the cosurfactant were mixed in the mass ratio (4:1, 3:1, 2:1, 1:1, 

1:2, and 1:3) to form a mixed emulsifier. Then a certain proportion of the oil was added 

to the mixed emulsifier at the mass ratio of 1:9, 2:8, 3:7, 4:6, 5:5, 6:4, 7:3, 8:2, and 9:1. 

Subsequently, 1 g of the mixture was dropped into 100 mL of purified water and stirred 

magnetically at 37 °C. When the emulsion droplets can diffuse in water and form a 

homogeneous emulsion, the proportion point was marked as a self-emulsifying point.  

3.2.4.3 Formulation Design of MLX-SEDDS 

The central composite design (CCD) was utilized to screen the optimal ratio for oil-

surfactant-cosurfactant with two factors and five optimization levels (as listed in Table 

3.2) by Design-Expert v10. X1 (mass percent of oil) and X2 (Km = 

surfactant/cosurfactant) were set as independent variables, while Y1 (droplet size), Y2 

(PDI), and Y3 (drug loading) were assessed as test parameters. The determination 

method of droplet size and PDI was as follows: 0.5 mL of oil, surfactant, and 

cosurfactant mixed in a certain proportion was dissolved in 50 mL water at 37 °C and 

determined by Malvern Nano-ZS (Malvern Instruments, UK). The determination of 

drug loading was as follows. An excess amount of MLX was added into a 2 mL 

mixture solution (oils, surfactants, cosurfactants) in a 5 mL microcentrifuge tube in 

triplicate. After vertexing, samples were shaken for 72 h in a constant temperature 

shaker at 37 ± 0.5 °C and then centrifuged (TG16MW, Hunan Herexi Instrument & 

Equipment Co., Ltd.) at 12,000 rpm for 10 min. Finally, the supernatant was diluted 
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with methanol to the appropriate multiple and determined by UV-8000 UV‒Vis 

spectrophotometer (Shanghai metash Instrument Co., Ltd. Shanghai, China). 

Table 3.2 Levels of the independent variable in the central composite design. 

Factor Level 

‒1.414 ‒1 0 +1 +1.414 

X1 9.64 20 45 70 80.36 

X2 0.38 1 2.5 4 4.62 

X1: mass percent of oil; X2: Km = surfactant/cosurfactant.  

3.3 Result and Discussion 

3.3.1 Dataset Distribution 

The distribution of oils, surfactants, and cosurfactants in the dataset was exhibited in 

Fig. 3.3. The most used oil in the dataset was Capryol 90 occupied 31.03%, and the 

main content was propylene glycol caprylate. Three commonly used surfactants were 

Cremophor RH40, Cremophor EL, and Tween 80. Cremophor RH40 and Cremophor 

EL are PEG-modified hydrogenated castor oil, which are nonionic surfactants. Among 

the cosurfactants, almost half of the data contained Transcutol HP, and its main 

component was diethylene glycol monoethyl ether. 



 43 

 



 44 

Fig. 3.3 Distribution of excipients in the dataset: (A) oil, (B) surfactant, (C) 

cosurfactant. 

 

 

 

3.3.2 Prediction Model by Different Machine Learning Algorithms 

Table 3.3 listed the performance of the classification model for evaluating the self-

emulsification in each oil, surfactant, and cosurfactant combination. Both RF and 

XGBoost manifest good performance, while NB showed the worst performance in the 

self-emulsifying area prediction. Furthermore, the RF exhibited the optimal balance 

between sensitivity and specificity in the test set. RF showed the best prediction 

performance with 91.3% for accuracy, 92.0% for sensitivity, and 90.7% for specificity 

in 5-fold cross-validation, and 93.0% for accuracy, 91.7% for sensitivity and 94.7% 

for specificity in the test set. These results illustrated that the RF was the most suitable 

algorithm for self-emulsifying area prediction.



 

 

Table 3.3 The classification performance results for the evaluation of self-emulsification. 

Method 5-Fold cross-validation Test 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

AUC 

(%) 

Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

AUC 

(%) 

RF 91.3 92.0 90.7 96.4 93.0 91.7 94.0 97.4 

KNN 88.6 93.1 85.0 94.4 88.4 95.9 82.7 94.8 

DT 90.2 91.0 89.6 93.5 90.4 89.3 90.9 92.6 

NB 61.8 68.5 56.5 71.3 65.4 71.7 60.7 72.7 

SVM 82.3 81.7 82.8 90.8 86.3 87.5 85.4 93.6 

LightGBM 80.5 62.4 95.1 92.6 81.9 65.1 94.8 93.8 

XGBoost 92.0 88.1 95.1 97.9 91.5 86.1 95.5 98.1 

RF: Random forests; KNN: K-nearest Neighbor; DT: Decision Tree; NB: Naïve Bayes; SVM: Support vector machines; LightGBM: Light 

gradient boosting machine.

45 
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3.3.3 Feature Importance Ranked by Random Forest 

The important features were calculated by the optimal machine learning algorithm RF. 

These 27 important features could be divided into four categories: the properties of oil, 

surfactant, cosurfactant, and aqueous solution. As shown in Fig. 3.4, the top 10 most 

important features with a contribution value large than 0.5 were Dose_OIL, 

Dose_SUR, Molecular_weight_OIL, Flash_point_OIL, SEDDS concentration, 

Dose_COS, Saponification_OIL, HLB_OIL, Solution_pH, and HLB_SUR. 

 

Fig. 3.4 Feature importance of classification in SEDDS ranked by RF. 

In the SEDDS formulation design, the selection of oils, surfactants, and cosurfactants 

was based on the pseudo-ternary phase diagram. The proportion of oil, surfactant, and 

cosurfactant was the most important parameter in forming self-emulsion, ranking first, 

second and sixth, respectively. The oil and surfactant ratio played almost the same 

central role in this prediction model as the two most essential features. The oils were 

the leading excipients in the SEDDS due to their excellent capability for lipophilic 
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drugs and increased drug permeability (Neslihan Gursoy & Benita, 2004). Pouton 

(Pouton, 2000) presented the lipid formulation classification system, which divided 

the lipid-based formulations into four types 2000. There were two types of SEDDS: 

Type IIIA and Type IIIB. The difference between Type IIIA and Type IIIB was the 

amount of the oil phase. The Type IIIA formulations were oily with 40-80% oils, while 

the Type IIIB formulations were water soluble with no higher than 20% oil. Generally, 

the larger the proportion of the oil phase, the smaller the self-emulsification region on 

the pseudo-ternary phase diagram. The surfactants promoted the formation of a 

homogeneous and stable mixture of oil and water and prevented the drug from 

precipitating in the gastrointestinal tract in a dissolved state. As a result, the proportion 

of the surfactants exhibits almost the same feature importance value as the proportion 

of the oils. When the ratio of the emulsifier was increased, it tended to form smaller 

droplet size formulations. 

The properties of oil had also displayed specific importance in SEDDS formulation 

design with the molecular weight (3rd), flash point (4th), saponification value (7th), and 

HLB value (8th). There are 15 kinds of oils in the dataset, and the main content of these 

oils can be divided into two catalogs: glycerolipids and fatty acyls. Among 

glycerolipids, long (LCT) and medium-chain triglyceride (MCT) oils were the 

commonly used oils in SEDDS. The molecular weight and flash point were considered 

the two most important properties in the prediction model. The molecular weight of 

oils reflected the number of carbons and the chain’s length, which was the essential 

feature of oils. The flash point represented the lowest temperature at which fire ignites 

at a specific vapor pressure. 

The saponification value (SV) represented the number of milligrams of KOH needed 

to saponify one gram of lipids, which can be calculated by Eq. (11): 
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SV = $ × 1000 ×
!".$
%&	,                                      Eq. (11) 

where N was the number of fatty acid residues in one-mole lipid, 56.1 was the 

molecular weight of KOH, and MW was the molecular weight of the lipid. 

Experimentally measured SV was relative to the fatty acids residues numbers and MW 

of the lipids. Hence, the SV of MCT was often higher than that of LCT when they had 

the same number of fatty acid residues. Similarly, triglycerides had higher SV than 

contained fatty acids with the same carbon number of diacylglycerols and 

monoacylglycerols. Also, SV could help evaluate the primary lipid in the mixed oils. 

In reported research on SEDDS, the HLB value of the surfactants was more concerned 

than that of the oils. In fact, the HLB value of the oils was more critical than that of 

the surfactants. The HLB value of mixed compounds can be represented by Eq. (12):  

HLB =
((!	×*+,!).((#×*+,#).(($×*+,$)⋯

(%&%'(
,                           Eq. (12) 

where C1, C2, and C3 were the proportion of each component, respectively. 

The HLB value of SEDDS was a significant factor in evaluating self-emulsification 

(Pouton, 2000). 

Furthermore, the properties of the aqueous solution also had a particular impact on the 

SEDDS. Some researchers determined the area of SEDDS by the titration method. The 

pseudo-ternary phase diagram indicated a bigger self-emulsion region at the lower 

concentration of SEDDS in water (Czajkowska-Kośnik, Szekalska, Amelian, 

Szymańska, & Winnicka, 2015; Lee, Kim, Cho, Koo, & Lee, 2018; Tung et al., 2018). 

Another way to draw a three-phase diagram is to fix the concentration of SEDDS and 

plot the three phases of oil, surfactant, and cosurfactant, respectively (Kim et al., 2014; 

Truong et al., 2016; Yeom et al., 2015).  

3.3.4 Solubility of MLX in Excipient 
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The solubility of MLX in different oils, surfactants, and cosurfactants was determined 

to ensure optimal drug loading. The solubilities of MLX in excipients were shown in 

Table 3.4. Among the excipient of oils, Labrafil M 1944 CS exhibited significantly 

higher solubility than IPM, IPP, and GTCC. Thus, Labrafil M 1944 CS was chosen as 

the appropriate oily excipient. Similarly, Tween 80 showed the highest soluble 

capacity among the surfactants. Besides, AEO-9 and Cremophor RH40 also displayed 

a suitable soluble ability of MLX, so these two surfactants were selected as the 

candidate surfactant. The three cosurfactants with the highest solubility of MLX were 

Transcutol HP, ethanol, and PEG 400, respectively. Since ethanol is readily volatile, 

MLX may be at risk of precipitation in SEDDS. Thus, PEG 400 and Transcutol HP 

were chosen as the alternative cosurfactant. 
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Table 3.4 Solubility of MLX in excipients. 

Category Excipient Solubility (mg/mL) 

Oils IPM 0.151 

IPP 0.172 

GTCC 0.244 

Labrafil M 1944 CS 1.072 

Surfactants Tween 80 11.902 

Cremophor EL 4.423 

AEO-9 7.194 

Cremophor RH40 7.188 

Cosurfactants PEG400 1.765 

Transcutol HP 3.701 

Ethanol 3.351 

Isopropanol 0.278 

IPM: isopropyl myristate; IPP: isopropyl palmitate, GTCC: caprylic/capric 

triglyceride. 

3.3.5 Comparison between Experimental and Predicting SEDDS Region 

The prediction points of the three-phase diagram are consistent with the experiment in 

Section 3.3.2, and the data was predicted by RF algorithms as an external test. 

Subsequently, to evaluate the accuracy of the prediction, we used experimental 

methods to verify. The predicting SEDDS region, as shown in Table 3.5, resulted in 

89.51% accuracy. The sensitivity was defined as the sensitivity of the method to 

positive, while the specificity was defined as the ability of this method to estimate 

negative. The imbalance between sensitivity (67.91%) and specificity (99.23%) was 
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most likely due to more negative than positive results in the external experimental data 

set. Fig. 3.5 shows the predicting SEDDS region for each oil-surfactant-cosurfactant 

combination. In Figs. 3.5A, E, and B, F, the predicting SEDDS regions were the same. 

However, the results showed that the predicting accuracy of Labrafil M 1944 CS and 

Tween 80 system was slightly higher than that of Labrafil M 1944 CS and AEO-9 

system. The accuracy of the system with Labrafil M 1944 CS and Cremophor RH40 

was 75.93% and 85.19% with Transcutol HP and PEG 400, respectively. The optimal 

ternary phase combination was Labrafil M 1944 CS, Cremophor RH40, and Transcutol 

HP (Fig. 3.5C), which exhibited the largest SEDDS region.  

Table 3.5 The comparison in accuracy, sensitivity, and specificity of six SEDDS 

combinations. 

Diagram Accuracy (%) Sensitive (%) Specificity (%) 

A 92.59 71.42 100 

B 98.15 83.33 100 

C 75.93 50 100 

D 85.19 60 100 

E 90.74 72.73 95.35 

F 94.44 70 100 

Overall 89.51 67.91 99.23 
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Fig. 3.5 The predicting pseudo-ternary phase diagram with different oil: surfactant: 

cosurfactant combination: (A) Labrafil M 1944 CS: Tween 80: Transcutol HP, (B) 

Labrafil M 1944 CS: Tween 80: PEG 400, (C) Labrafil M 1944 CS: Cremophor 

RH40: Transcutol HP, (D) Labrafil M 1944 CS: Cremophor RH40: PEG 400, (E) 

Labrafil M 1944 CS: AEO-9: Transcutol HP, (F) Labrafil M 1944 CS: AEO-9: PEG 

400. 

Fig. 3.6 exhibited the pseudo-ternary phase diagrams constructed by the experimental 

method. The largest self-emulsifying region was observed when Cremophor RH40 and 

Transcutol HP were surfactant and cosurfactant (Fig. 3.6C). The experimental result 

showed the same tendency as the prediction result. Thus, experiment results have 

extensively validated the predicting results of SEDDS. 
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Fig. 3.6 The experimental pseudo-ternary phase diagram with different oil: 

surfactant: cosurfactant combination: (A) Labrafil M 1944 CS: Tween 80: Transcutol 

HP, (B). Labrafil M 1944 CS: tween 80: PEG 400, (C) Labrafil M 1944 CS: 

Cremophor RH40: Transcutol HP, (D) Labrafil M 1944 CS: Cremophor RH40: PEG 

400; (E) Labrafil M 1944 CS: AEO-9: Transcutol HP, (F) Labrafil M 1944 CS: 

AEO-9: PEG 400. 

3.3.6 Formulation Optimization of MLX-SEDDS by Central Composite Design 

The pseudo-ternary phase diagrams were predicted to find the optimal combination 

(oil: Labrafil M 1944 CS, surfactant: Cremophor RH40, cosurfactant: Transcutol HP). 

To further explore the three phases ratio, we used the central composition design to 

ensure the parameters of MLX-SEDDS. The result of the MLX-SEDDS formulation 

constructed by the central composite design is shown in Table 3.6. The relationship 

between independent variables (X1: oil content, X2: Km = surfactant/cosurfactant, m / 

m) and test parameters (Y1: droplet size, Y2: PDI, Y3: drug loading) was exceptionally 

fitted by the third-order polynomial model with the coefficient of determination (R2) 

as 0.9692, 0.9420, 0.9582 and all the significant fitting values (P) were less than 0.05. 
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Therefore, the contour plots (as shown in Fig. 3.7) were drawn according to the 

followed fitting Eqs. (13) ‒ (15): 

,$ = −202.4716 + 16.23725$ + 77.864250 − 6.95465$50 − 0.14895$0 +

1.1204500 + 0.059455$050 + 0.31615$500,                                                     Eq. (13) 

,0 = 0.2486 − 0.0038615$ − 0.149350 + 0.0010275$50 + 0.0000375$0 +

0.04086500 + 0.0000435$050 − 0.0009595$500,                                            Eq. (14) 

,1 = 1.7659 − 0.013955$ + 0.145750 − 0.00155$50 − 0.0003855$0 −

0.001811500 + 0.0000485$050 − 0.0006745$500.                                         Eq. (15) 

As shown in Fig. 3.7A, the droplet size was larger with the increase in the oil amount. 

Furthermore, Km also has a certain effect on the droplet size. As the experimental result 

listed in Table 3.6 (Nos. 4-5), the particle size increases significantly with the increased 

concentration of the cosurfactant. The cosurfactant effect could reduce the interfacial 

tension and change the curvature of the emulsion droplet (M. A. Rahman, Hussain, 

Hussain, Mirza, & Iqbal, 2013). In Fig. 3.7B, the relationship between oil content, Km, 

and PDI showed the same tendency. When the oil content in the system increased, the 

PDI value also increased. That means the droplet size of the system was more 

homogeneous under the condition of less oil phase content. The result indicated that 

the surfactant disperses the mixed phase into tiny droplets and reduces the interface's 

free energy to maintain a smaller surface area. However, there was a contrary tendency 

between oil content, Km, and drug loading compared to droplet size and PDI. The 

loading capacity of SEDDS was calculated by Eq. (16) (Alskär, Porter, & Bergström, 

2016): 

923442 = ∑;595,                                         Eq. (16) 

where CSEDDS was the solubility of the SEDDS system, We was the content of each 

excipient, and Ce was the solubility of each excipient. According to Eq. (16), the 
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solubility of MLX in the oil phase was relatively lower than in surfactant and 

cosurfactant, so the drug loading decreased when the oil content increased. Overall, 

among 13 formulations, No. 7 had the most extensive loading, relatively small droplet 

size, and suitable PDI, so it was considered the optimal formulation. Thus, the optimal 

content of Labrafil M 1944 CS, Cremophor RH40, and Transcutol HP was 20%, 64%, 

and 16%, respectively. 

Table 3.6 The central composition design of MLX-SEDDS. 

No. X1 (%) X2 Y1 (nm) Y2 Y3 (mg/mL) 

1 80.36 2.50 74.64 0.51 0.77 

2 9.64 2.50 17.83 0.11 4.58 

3 70.00 4.00 95.28 0.23 1.41 

4 45.00 0.38 196.17 0.18 2.77 

5 45.00 4.62 35.03 0.06 2.98 

6 45.00 2.50 35.80 0.10 2.99 

7 20.00 4.00 21.31 0.05 4.83 

8 45.00 2.50 35.36 0.10 2.90 

9 20.00 1.00 22.02 0.06 4.09 

10 70.00 1.00 99.51 0.23 1.20 

11 45.00 2.50 35.53 0.08 3.97 

12 45.00 2.50 35.75 0.09 4.06 

13 45.00 2.50 36.85 0.10 3.31 

X1: mass percent of oil; X2: Km=surfactant/cosurfactant; Y1: droplet size; Y2: PDI; Y3: 

drug loading. 
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Fig. 3.7  Contour plot of (A) droplet size, (B) PDI, and (C) drug loading. 

3.3.7 Molecular Modeling for MLX-SEDDS 

The diffusion process of MLX-SEDDS in water was mimicked by the MD simulation 

and shown in Fig. 3.8. After 200 ns simulation, Oils (white molecules) and surfactants 

(green molecules) formed the droplet of MLX-SEDDS. Moreover, the cosurfactants 

(blue molecules) were dispersed around the droplet. A self-emulsifying system was 

constructed without cosurfactants for comparison to further explore the role of 

cosurfactant in the system. Fig. 3.9A presented the root-mean-square deviation 

(RMSD) of MLX-SEDDS and MLX-SEDDS without the cosurfactant for 200 ns. 

Obviously, the MLX-SEDDS system produced about 3 Å fluctuation while the MLX-

SEDDS without cosurfactant system had about 18 Å fluctuation. This result illustrated 

that cosurfactant could make the whole system more stable. The cosurfactant could 

A B

C
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decrease the interface tension between oil and water to replace part of surfactants to 

reduce the side effects caused by surfactants. The mass-weight radius of gyration (Rg) 

and solvent accessible surface areas (SASA) analyzed the molecule movement of two 

systems in an aqueous solution, as shown in Figs. 3.9B and C. Rg represented the 

distribution of molecules in an aqueous solution over time, while SASA was defined 

as the surface area accessibility of molecules to the solvent. Both Rg and SASA curves 

of the system with cosurfactant were higher than those without cosurfactant, indicating 

the former system was more accessible to self-emulsify than the later system in water. 

This result illustrated that the cosurfactant could improve the emulsion of SEDDS and 

was well consistent with the observation of the experiment. Therefore, the cosurfactant 

effect may result in a larger droplet size of SEDDS. 

 

Fig. 3.8 Snapshots of MLX-SEDDS in water (A) 0 and (B) 200 ns (Red molecules: 

MLX; grey molecules: oils; green molecules: surfactants; blue molecules: 

cosurfactants). 
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Fig. 3.9  CPPTRAJ analysis results of MLX-SEDDS. (A) Root-mean-square 

deviation of MLX-SEDDS and MLX-SEDDS without cosurfactant. (B) Mass-weight 

radius of gyration of MLX-SEDDS and MLX-SEDDS without cosurfactant. (C) 

Solvent accessible surface areas of MLX-SEDDS and MLX-SEDDS without 

cosurfactant. 

3.4 Summary 

In this research, the pseudo-ternary phase diagram prediction model was successfully 

constructed by the RF method, revealing the important features of the SEDDS design. 

The MLX pseudo-ternary phase diagram obtained by experiments validated the 

prediction model with 89.51% accuracy. The CCD experimental design helped us find 

the optimal MLX-SEDDS and revealed the relationship between excipient content and 

properties of SEDDS. Finally, the MD simulation provided us with the molecular 

interaction between drug and excipient and the role of cosurfactant. The integrated in 

A B

C
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silico and experimental methodology was well applied in the rational formulation 

design of SEDDS, which also brings new ideas for future drug formulation design. 
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Chapter 4 Development of in silico methodology for siRNA lipid nanoparticle 

formulations  

4.1 Introduction  

Since the mechanism of gene silencing in mammalian cells by synthetic small 

interfering RNA (siRNA) was explored by Tuschl T et al., scientists have been 

fascinated by the application of this technology in cancer therapy (Elbashir et al., 2001; 

Kanasty et al., 2013). Pre-designed synthetic siRNAs can specifically bind and silence 

target genes to inhibit disease-associated protein synthesis (Ozpolat et al., 2014).  The 

siRNA must reach targeted organs or tissues through injection to achieve desired 

knockdown mechanism. However, the naked siRNA is unstable in blood, making it 

challenging to move across cell membranes. Also, in vivo siRNA delivery faces many 

physiological obstacles, such as glomerular filtration, phagocytic uptake, aggregation 

with serum protein, and enzymatic degradation (Whitehead et al., 2009). Recently, the 

challenge of siRNA delivery has been overcome by the lipid nanoparticle (LNP) 

formulation of the first Food and Drug Administration (FDA) approved siRNA 

medicine Patisiran (Adams et al., 2018).  

The lipid nanoparticle mediated-siRNA (siRNA-LNP) formulations include 

synthesized siRNA, ionizable cationic lipid, phospholipid, cholesterol, and PEG-lipid 

(Kumar et al., 2014; Lin et al., 2013; Suzuki, Hyodo, Tanaka, & Ishihara, 2015). In 

most reported LNP-siRNA formulations, the ionizable cationic lipid accounts for 30-

70% of the total LNP in molar ratio. In general, the ionizable cationic lipid is 

considered the essential excipient in siRNA delivery. These lipids form complexes 

with negatively charged siRNA to avoid siRNA aggregation and help them pass the 

biological membrane in the systemic circulation (Jayesh A. Kulkarni et al., 2018). 
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Furthermore, phospholipid, cholesterol, and PEG-lipid enhance the stability and 

loading amount of siRNA in LNP (J. A. Kulkarni, Witzigmann, Leung, Tam, & Cullis, 

2019). Despite this breakthrough, researchers still faced significant challenges in 

finding a suitable cationic lipid, optimal excipient ratio, and the ideal amount of siRNA 

in the formulation. In traditional pharmaceutical research, trial and error is the 

fundamental method for formulation prescreening, which is highly time-consuming 

and expensive. Thus, there is an urgent need to develop novel in silico approaches to 

assist siRNA LNP design. 

In this work, we established in silico models for siRNA-LNP in vitro and in vivo 

delivery by ML methods to predict the gene-knockdown efficiency of the formulation. 

Subsequently, the experimental research validated the results of ML. Molecular 

modeling was utilized to mimic the behavior of different siRNA-LNP systems forming 

in the solvent. It has been shown that in silico methods can guide the formulation 

development of siRNA-LNP and provide a novel idea in future siRNA delivery design. 

4.2 Materials and method 

4.2.1 Machine Learning  

 4.2.1.1 Data Collection 

The data of in vitro and in vivo models contains 129 and 301 formulations, respectively. 

The standardization of the valid formulation data includes siRNA sequence, the molar 

ratio of cationic lipid, neutral phospholipid, cholesterol, and PEG-lipid, the N/P ratio, 

properties of nanoparticles (particle size, zeta potential, and PDI), the dose of siRNA 

and relative expression percent.  

The input molecular descriptors for the in vitro and in vivo models are shown in Table 

4.1. Compared with in vivo model, the kind of different siRNA types and the origin of 

the cell were considered in the in vitro model. The distribution of relative parameters 
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was exhibited in Fig. 4.1. There are 18 and 196 cationic lipids in the in vitro and the 

in vivo prediction model, respectively. The binary classification method was used in 

this research. The classification standard was 50% knockdown efficiency, a typical 

acceptable value (G. Ge, Wong, & Luo, 2005; Shukla, Coumoul, & Deng, 2007). The 

in vitro database contained 46 effective formulations and 83 ineffective formulations, 

while the in vivo database contained 113 effective and 188 ineffective formulations. 

 

Fig. 4.1 The distribution of siRNA type, cell-derived tissue, and cell type. 

  

Cell from tissue

17.07%  Uterus
9.76%  Prostate
4.88%  placenta
10.57%  liver
12.20%  Colon
0.81%  breast
4.88%  brain
8.94%  bone
3.25%  Ascites
27.64%  Peripheral blood

Cell type

4.88%  Neuronal cell
39.84%  Epithelial cell
10.57%  Endothelial cell
36.59%  Blood & immune cell
8.13%  Mesenchymal cell

Type of siRNA

4.88%  siSOST
0.81%  siPTEN
6.50%  siPLK1
30.89%  siLuc
12.20%  siGL4
3.25%  siGFP
26.83%  siGAPDH
1.63%  siCDK4
6.50%  siCD45
6.50%  siAR
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Table 4.1 Molecular descriptors applied in the prediction model. 

  Molecular descriptor 

 

 

 

Input 

In vitro 

model 

siRNA Sequence, num_s, num_m, mo_me, mo_dt, 

mo_s, N/P ratio, structure of cationic lipid, pKa_CL, 

fraction_CL, fraction_PC, fraction_CHO, 

fraction_PEG, zeta_potential, size, PDI, cell_origin, 

cell_tissue, cell_type, time, log_dose.  

In vivo 

model 

N/P ratio, structure of cationic lipid, pka_CL, 

fraction_CL, fraction_PC, fraction_CHO, 

fraction_PEG, zeta_potential, size, PDI, time, 

log_dose. 

Output  Knockdown efficiency 

Abbreviation: num_s: the number of siRNA sequences; num_m: the number of all 

modified sequences; mo_me: the numbers of 2′-O-methyl modified siRNA sequences; 

mo_dt: the number of deoxythymidine nucleotide in siRNA; mo_s: the number of 

sulfurs modified siRNA sequences; CL: cationic lipid; PC, neutral phospholipid; CHO: 

cholesterol; PEG: PEG-lipid. 

4.2.1.2 Machine Learning Methods 

When applied to classification tasks, ensemble learning algorithms, such as gradient 

boosting decision tree (GBDT) framework-based, have shown impressive 

performance in dealing with tabular data containing pre-engineered features (Sagi & 

Rokach, 2021). We utilized the LightGBM algorithm in this study (Ke et al., 2017). 

Models were established for predicting the knockdown class of siRNA therapies. 

LightGBM package version 2.2.3 was used for model construction in Python. A 
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random searching strategy was applied. It has been reported that random searching 

was more efficient than manual search and grid search (Bergstra & Bengio, 2012).  

In this study, the LightGBM approach was similar to our previous research. In brief, 

1000 hyperparameter combinations were searched in the hyperparameter space. For 

the in vitro prediction, the hyperparameter configuration of LightGBM is that the 

learning rate is 0.01039, the number of trees is 660, the subsample ratio is 0.229, and 

the subsample ratio of columns is 0.988. The regularization terms (maximum 117 

leaves for base learners and minimum 18 samples in a leaf) were used. For the in vivo 

prediction, the hyperparameter configuration of LightGBM is that the learning rate is 

0.002255, the number of trees is 1118, the subsample ratio is 0.388, and the subsample 

ratio of columns is 0.819. The regularization terms (maximum 66 leaves for base 

learners and a minimum of 14 samples in a leaf) were used. 

The prediction performance in this research include accuracy (ACC), the area under 

the curve (AUC), and F1-score (F1). 

<99 =
67.68

67.68.97.98,                                       Eq. (17) 

where accuracy is the proportion of accurately classified samples to the total number 

of samples, which reflects the performance of a classifier.  

=1 = 2 ∙
7:5;<=<>?∙A5;BCC
7:5;<=<>?.A5;BCC,                                     Eq. (18) 

where F1-score is the indicator to evaluate the accuracy of a binary classification 

model in machine learning, and it is the harmonic mean of precision and recall, with a 

maximum value of 1 and a minimum value of 0. 

?@ABCDCEF =
67

67.97,                                       Eq. (19) 

where precision is the ratio of the number of true positive samples to the number of all 

predicted positive samples. 
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GABHII =
67

67.98,                                         Eq. (20) 

where recall is the ratio of the number of true positive samples to the actual true 

samples, where TP was true positive, TN was true negative, FP was false positive, and 

FN was false negative. 

4.2.1.3 Extended-connectivity Fingerprints (ECFP) 

The extended-connectivity fingerprints (ECFP) algorithm was applied as the 

fingerprint of cationic lipid structure. ECFP algorithm has Morgan fingerprints that 

assign each atom a unique identifier that goes through several iterations (Morgan, 

1965).  Each atom is assigned an integer identifier in the first step of ECFP generation. 

Then, each atom identifier is updated to reflect their neighbors’ identifiers. Last, the 

duplicate identifier for the same feature is reduced to a single one (Rogers & Hahn, 

2010). In this study, ECFP with a diameter of 6 (ECFP6) was utilized due to the length 

of the tail chain of the cationic lipid molecule, and the length of ECFP6 was set as 

1024-bit.  

4.2.2 Experimental Validation 

4.2.2.1 siRNA-Lipid Nanoparticle Formulation 

The ionizable amino-lipids heptatriaconta-6,9,28,31-tetraen-19-yl 4-(dimethylamino) 

butanoate (DLin-MC3-DMA or MC3), and 2,2-dilinoleyl-4-(2-dimethylaminoethyl)-

[1,3]-dioxolane (DLin-KC2-DMA or KC2) were obtained from BioChemPartner 

(Shanghai, China). Cholesterol, DOPC (1,2-dioleoyl-sn-glycero-3-phosphocholine), 

DMG-PEG2000 (1,2-dimyristoyl-rac-glycero-3-methoxypolyethylene glycol-2000) 

were purchased from Avanti Polar Lipids Inc. Briefly, ethanol phase with a lipid 

mixture (MC3 or KC2 ionizable lipid, DOPC, cholesterol, and DMG-PEG2000, at 

50:10:38:2 molar ratio) and 50 mM acetate buffer (pH 4) (aqueous phase) containing 
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MILIP siRNA (siMILIP) or siRNA with a scrambled sequence (si-ctrl) were combined 

in the microfluidic system NanoAssemblr Ignite (Precision Nanosystems, Canada) at 

a flow ratio of 1:3 ethanol/aqueous phases and the total combined flow rate of 

11 mL/min. The ratio of nitrogen (N) on the ionizable lipid to phosphate (P) on the 

siRNA was set to 1, 3, or 6 for each formulation. After leaving the microfluidic outlet, 

the mixed material was immediately diluted 1 in 4 with phosphate buffer saline (PBS). 

The diluted particles were washed three times with PBS (pH 7.4) using 100 kDa 

Amicon ultra-4 centrifugal filter units (Merck) at 3,000 × g for 10 min to remove 

ethanol and unloaded siRNA ensuring a complete buffer exchange. Particle size, 

polydispersity index, and zeta potential were determined by dynamic light scattering 

(ZEN3600, Malvern Instruments). siRNA encapsulation efficiency was determined 

using Picogreen assay by manufacturer’s protocol. 

4.2.2.2 Cell Culture 

A549 cells were maintained in Dulbecco's modified eagle medium (DMEM) 

supplemented with 10% fetal bovine serum (FBS) and 1% penicillin–streptomycin. 

Cells were cultured in a humidified incubator at 37 °C and 5% CO2 and verified every 

three months to ensure no mycoplasma contamination. Cell line authentication was 

confirmed using the AmpFISTR Identifiler PCR Amplification Kit (ThermoFisher 

Scientific, #4427368) from Applied Biosystems and GeneMarker V1.91 software 

(SoftGenetics LLC). 

4.2.2.3 Cell Transfection 

For transfections, the lipid nanoparticle formulations were mixed with culture media 

and added to plated cells for 48 h at a final siRNA concentration of 50 nmol/L. siRNAs 

were purchased from GenePharma (Shanghai, China). siRNA sequences are listed in 

Table 4.2. 
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4.2.2.4 Quantitative PCR (qPCR) 

According to the manufacturer’s instructions, total RNA was extracted from A549 

cells using an ISOLATE II RNA Mini Kit (Bioline, Cat. #BIO-52073). cDNA was 

synthesized from 1 μg of total RNA using the qScript™ cDNA SuperMix (Quantabio, 

Cat. #95048-500). Among the resultant cDNA, 50 ng was used in the 20 μl qPCR mix, 

containing 10 μl of SensiFAST SYBR Hi-ROX (Bioline, Cat. # BIO-92020) and 

0.2 μM of each primer. Samples were amplified for 40 cycles using a 7500 Real-Time 

PCR System (ThermoFisher Scientific). The 2−ΔΔCT method was used to calculate the 

relative gene expression levels normalized against 18s rRNA as a housekeeping gene. 

Primer sequences are listed in Table 4.2. 

Table 4.2 List of siRNAs and qRT-PCR primers 

siMILIP 5’-GGUAACAUAGAGACCCUAUTT-3’ 

si-ctrl    5’-UUCUCCGAACGUGUCACGUTT-3’ 

MILIP primers 
Forward: 5’-AGAACCGCGAAAGGCTACTG-3’ 

Reverse: 5’-CACTTAAAGCCGGTCGTGGA-3’ 

18s rRNA 

primers 

Forward: 5’-GCTTAATTTGACTCAACACGGGA-3’ 

Reverse: 5’-AGCTATCAATCTGTCAATCCTGTC-3’ 

4.2.3 Molecular Dynamic Simulation 

4.2.3.1 Initial Structure Construction 

The starting molecular coordinates of cationic lipid (MC3 and KC2), DSPC, 

cholesterol, and DMG-PEG2000 were built by Discovery studio 2016 Client, as shown 

in Fig. 4.2. The siRNA (siMILIP), a ribonucleic acid containing 19 base pairs, was 

created by the NAB package in AMBER18. All the molecules in six siRNA-LNP 

systems with different N/P ratios and cationic lipids were randomly placed in the box 
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by Packmol package (Table 4.3) (L. Martínez, Andrade, Birgin, & Martínez, 2009). 

Antechamber and Parmchk modules in AMBER18 were utilized to generate 

information of bcc charge and structural parameters for cationic lipid, DSPC, 

cholesterol, and DMG-PEG2000. AMBER field ff99bsc0 with χOL3 was selected for 

siRNA (Banáš et al., 2010; Zgarbová et al., 2011), while the General AMBER force 

field (GAFF) was utilized for excipients parameterization (Ogata & Nakamura, 2015). 

Six siRNA-LNP systems were solvated by water with 10 Å of the periodic box wall 

using the TIP3P water model. Then, Na+ from the TIP3P model was added to neutralize 

each system. 

 

Fig. 4.2 The initial structure of A. DLin-MC3-DMA; B. DLin-KC2-DMA; C. 

Cholesterol; D. DSPC and E. DMG-PEG2000. 

A

B

C

D

E



 

 

Table 4.3 The molecular numbers and density of six siRNA-LNP systems 

 siMILIP-LNP (contain MC3) siMILIP-LNP (contain KC2) 

N/P ratio 1:1 1 6:1 1:1 3:1 6:1 

SiRNA 1 216 1 1 1 1 

Cationic lipid 36 43 216 36 108 216 

DSPC 7 164 43 7 22 43 

Cholesterol 27 9 164 27 82 164 

DMG-PEG2000 2 75188 9 2 4 9 

water 77536 0.757 74830 77583 67774 75188 

Density (g/cc) 0.848 0.790 0.755 0.846 0.784 0.757 

68 
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4.3.2.1 The process of Molecular Dynamic Simulation 

The method of MD simulation was similar to our previous study (H. Gao et al., 2021). 

Briefly, the MD simulation of six systems siRNA-LNP was performed by AMBER 18 

and AMBER Tools 18 software package (T.-S. Lee et al., 2018). Before MD 

simulation, the minimization procedure of the siRNA-LNP system was run, which 

included two stages. In the first stage, the solute molecules were fixed, and the position 

of water and ions was minimized. Then in the second stage, the whole system was 

minimized by 20,000 steps. After minimization, the solute was heated from 0 to 298 

K and equilibrated for 20 ps. Next, the entire system was equilibrated for 200 ns. 
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4.3 Results 

4.3.1 Dataset Distribution 

 

Fig. 4.3 Data distribution of A. Log administration dose; B. pKa value of cationic 

lipid; C. the particle size of siRNA-LNP; D. zeta potential of siRNA-LNP; E. N/P 

ratio of siRNA-LNP and F. polydispersity index (PDI) of siRNA-LNP for in vitro 

model and in vivo model. 

The data distribution of primary molecular descriptors for the in vitro and the in vivo 

siRNA LNP silencing efficiency model was shown in Fig. 4.3 Log dose was the 
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logarithm of administration concentration of siRNA, and the dose unit was mg/kg or 

nnmol/L for in vivo and in vitro models, respectively. The distribution of log dose was 

mainly from 0 to 2.4 (1 nmol/L to 251.2 nmol/L) and -2.4 to 0.4 (0.01 mg/kg to 2.5 

mg/kg), which occupied 95.34 % and 85.27% of the dataset for the in vitro model and 

in vivo model, respectively. Fig. 4.3B exhibited that most cationic lipids in both in 

vitro and in vivo models had pKa values between 5.5 and 7.5, representing 75.97% and 

91.36% of the datasets, respectively. Both size and zeta potential were the 

physicochemical properties of LNP. As Fig. 4.3C presents, 75.97% and 87.38% of 

LNP exhibited 40-120 nm particle size for the in vitro and in vivo models. Moreover, 

Fig. 4.3D showed that 93.02% and 92.35% of LNP had positive zeta potential for the 

in vitro and in vivo models. N/P ratio, the ratio of the positively charged amino group 

of cationic lipids to the negatively charged phosphate diester bond between each base 

in siRNA, was considered a fundamental property in siRNA LNP delivery (Gary, Min, 

Kim, Park, & Won, 2013). 83.72% and 73.75% of the N/P ratio in the in vitro and the 

in vivo datasets were less than 10. Polymer dispersity index (PDI) estimated the 

average uniformity of LNP in solution, as shown in Fig. 4.3F. Most of the PDI values 

in both in vitro and in vivo datasets were less than 0.2. 

4.3.2 Machine Learning Results 

In this study, both siRNA lipid nanoparticle delivery in vitro and in vivo models were 

predicted by the LightGBM method. The LightGBM was listed in Table 4.4, 

displaying a great performance in both the in vitro and in vivo models. The ACC, AUC 

and F1-score of 10-fold cross-validation predicted by the LightGBM algorithm in the 

in vitro and in vivo models were 76.29%, 80.12%, 79.86%, 76.76%, 81.26%, and 

78.51%, respectively. 
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ACC is the accuracy of a prediction model defined as the proportion of correct 

predictions. The result exhibited that these two models reached close to 80% accuracy 

in the validation set and 10-fold cross-validation by LightGBM. AUC is an index to 

evaluate the performance of binary classification models in ML. Furthermore, the 

physical meaning of AUC is the probability that any positive sample score was more 

significant than the negative sample score, so the larger the value of AUC, the better 

the performance of the prediction model. Both models obtained a higher than 80% in 

the AUC value of the validation set and 10-fold cross-validation. LightGBM 

performed well in differentiating positive and negative classes in the siRNA-LNP 

knockdown prediction model. F1-score, one of the metrics, is defined as the harmonic 

mean of precision and recall. Thus, the F1-score (from 79.51% to 81.08%) showed 

that these two prediction models have good performance. 

Table 4.4 Classification results for LightGBM models 

 
Validation set 10-fold cross validation 

 
ACC AUC F1 ACC AUC F1 

In vitro 0.8000 0.8250 0.8108 0.7629 0.8012 0.7986 

In vivo 0.7889 0.8253 0.8041 0.7676 0.8126 0.7851 
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4.3.3 Feature Importance of in Vitro & in Vivo Model 

 

Fig. 4.4 The feature importance of classification of A. In vitro siRNA-LNP 

prediction model; B. In vivo siRNA-LNP prediction model ranking by LightGBM. 

Figs. 4.4A and B showed the feature importance of in vitro and in vivo prediction 

models calculated by the best ML algorithm LightGBM in this study. The top ten most 

important features were log_cell_dose, size, zeta_potential, PDI, ECFP6_900, 
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model while they were log_dose, CL_pKa, ECFP6_523, size, zeta_potential, 

ECFP6_158, N/P ratio, ECFP6_936, ECFP6_208 and ECFP6_837 for the in vivo 

model. Among all parameters, log_dose (dosage of siRNA by administration) played 

an essential role in siRNA-LNP delivery for the in vitro and in vivo models. It is 

generally considered that a higher dose of siRNA can significantly enhance the gene 

silencing effect. Non-chemically modified siRNA induced the production of pro-

inflammatory cytokines (Coch et al., 2013). However, almost all researchers 

investigated modified-siRNA LNP delivery, and only the toxicity of excipients should 

be considered. Moreover, when injected into the body with a high dose of siRNA LNP, 

the extra amount of LNP could be cleared by plasma (Sato et al., 2017). Thus, in the 

processing of siRNA LNP, the cytotoxicity of cationic lipid and other excipients 

should be examined simultaneously. For example, lipid-19 presented an acceptable in 

vivo tolerability with 2 mg/kg siRNA, and 2 mg/kg was far more than the therapeutic 

dose of siRNA (0.1 mg/kg) (Suzuki et al., 2015).  

As Fig. 4.4B showed, pKa values were the main physicochemical property of cationic 

lipid, which affected the charge on the surface of LNP (Maier et al., 2013). The 

apparent pKa of LNP was relative to the pKa value of cationic lipid and N/P ratio. Many 

studies showed a strong correlation between the pKa value and FVII gene silencing 

efficiency. Muthusamy Jayaraman et al. concluded that when the pKa value was 

between 6.2 and 6.5, the LNP showed the greatest activity (Jayaraman et al., 2012). 

Both size and zeta potential were the properties of lipid nanoparticles, and these two 

parameters ranked fourth and fifth in the feature importance, respectively. The size 

was influenced by LNP preparation methods and the amount of PEG-lipid in LNP 

(Belliveau et al., 2012; J. A. Kulkarni et al., 2019). Related research demonstrated that 

the particle size of LNP took a leading role in biodistribution and gene silencing 
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efficiency (Kimura et al., 2020). It was found that most LNPs accumulated in the liver 

(S. Chen et al., 2016). However, the amount of 30 nm LNPs in the brachial lymph 

nodes was 5 times higher than that of 80 nm LNPs after subcutaneous injection, 

implying that smaller LNPs were easier to enter into the local lymph node and 

subsequently into peripheral circulation (S. Chen et al., 2014). 

4.3.4 The Extended Connectivity Fingerprints (ECFP) of Cationic Lipid 

Cationic lipids, composed of a hydrophilic head group and hydrophobic chains, were 

considered one of the essential factors in siRNA delivery. Fig. 4.5 and Fig. 4.6 showed 

the top eight important structure fragments of cationic lipid that significantly affect 

FVII gene silencing in vitro and in vivo, respectively. There were 18 and 196 kinds of 

cationic lipids collected and applied in the in vivo and in vitro models. As shown in 

Fig. 4.5, ECFP6_523, ECFP6_158, ECFP6_37, ECFP6_535, and ECFP6_458 were 

the carboxyl group of the cationic lipid, while ECFP6_936, ECFP6_208, and 

ECFP6_837 were the quaternary ammonium group of the head in cationic lipid.  

All ECFP6_936, ECFP6_208, and ECFP6_837 represented the quaternary ammonium 

group, and the difference between these fragments was their complexity. 

Dimethylamine quaternary ammonium group cationic lipid had a higher pKa value 

than cationic lipid with the diethyl quaternary ammonium group or the diisopropyl 

quaternary ammonium group, which may result in a more pronounced gene silencing 

effect (Jayaraman et al., 2012).  

From the result, the carboxyl group was the most critical structure in the structure of 

cationic lipid. Compared with the amide head group with approximated values, the 

carboxyl head structure showed greater knockdown efficiency (Suzuki et al., 2015). 

In addition, the carboxyl head could be degraded during systemic circulation and 

exhibited low cytotoxicity in cultured cells (Zhi et al., 2018). Besides, ECFP6_158 
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showed a comparatively high important relative to in vivo prediction, which showed 

the importance of the carbon chains between the oxygen atom in the carboxyl group 

and the nitrogen atom in the quaternary ammonium group. Previous studies have 

shown that the growth of the carbon chain between the oxygen and nitrogen atoms in 

the carboxyl group increased the pKa value, affecting the knockdown efficiency (Akita 

et al., 2015).  

Meanwhile, the hydrophobic carbon chain linked with the carboxyl group, which was 

represented as ECFP6_37, could also affect the gene silencing effect of siRNA. Chen 

D et al. found that when the hydrophobic carbon chain tail was attached to the specific 

quaternary ammonium-based heads, the growth of the carbon chain increased the 

hydrophobicity of the cationic lipids, resulting in a decrease in gene knockdown 

efficiency in the in vitro experiments (D. Chen et al., 2012). Furthermore, ECFP6_458 

represents the structure fragment of the hydrophobic carbon chain with a carbon-

carbon double bond. An increase in unsaturation led to phase transition temperature to 

the fusogenic HII phase from the Lα phase, which resulted in higher in vivo gene 

knockdown efficiency (Heyes, Palmer, Bremner, & MacLachlan, 2005).  

 

ECFP6_523 ECFP6_158 ECFP6_936 ECFP6_208

ECFP6_837 ECFP6_37 ECFP6_535 ECFP6_458
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Fig. 4.5 The top 8 important ECFPs of the corresponding specific substructure of 

cationic lipid in the in vivo siRNA-LNP delivery prediction model. 

 

Fig. 4.6 The top 8 important ECFPs of the corresponding specific substructure of 

cationic lipid in the in vitro siRNA-LNP delivery prediction model. 

4.3.5 Experimental Validation of Machine Learning Prediction Model 

A549 cells were incubated for 48 h with empty LNP, 50 nmol/L si-ctrl, or siMILIP in 

LNP containing MC3 and KC2. As Table 4.5 listed, the empty LNP containing MC3 

or KC2 had a size over 200 nm, and the size of the two kinds of LNP decreased as the 

N/P ratio increased. When the N/P ratio was higher than 3, MC3 LNP and KC2 LNP 

were less than 100 nm. PDI and zeta potential were in the range of 0.249-0.537 and -

3.21-0.956 mV, respectively, while encapsulation efficiency was over 90% for the 

formulation with an N/P ratio higher than 3. 

The lncRNA c-Myc-Inducible Long noncoding RNA Inactivation P53 (MILIP) 

usually plays an up-regulated role in different cancer types and is essential for the 

survival, division, and tumorigenicity of cancer cells (Feng et al., 2020). In this study, 

A549 cells were chosen as the in vitro delivery model to investigate the knockdown 

ECFP6_900 ECFP6_928 ECFP6_126 ECFP6_541

ECFP6_302 ECFP6_2 ECFP6_808 ECFP6_900
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efficiency of siMILIP-LNP. As shown in Fig. 4.7, the siMILIP-LNP containing 

different cationic lipids with an N/P ratio of 1 reached a relative gene knockdown 

efficiency of 70.19% and 69.46%. Among siMILIP-LNP with MC3 formulations, the 

N/P ratio of 6 exhibited the highest knockdown efficiency of 77.42%, which was 

slightly higher than the formulation with an N/P ratio of 3. For LNP formulations 

containing KC2, the N/P ratio of 3 formulations presented the highest knockdown 

efficiency of 81.58%, slightly higher than that of the formulation with an N/P ratio of 

6. The results indicated that the knockdown efficiency of the LNP contained KC2 was 

higher than that of the LNP contained MC3.  

Then, all experimental parameters for each formulation were input to the LightGBM 

prediction model and compared with the true value. The prediction result (as shown in 

Table 4.6) suggested that five out of six formulations were predicted correctly with 

83.3% accuracy, which evidenced that the LightGBM prediction model was a suitable 

tool to direct siRNA-LNP formulation design.



 

Table 4.5 siRNA-LNP properties 

LNP formulation  
 

Size (nm) PDI Zeta 

Potential 

(mV) 

Encapsulation 

Efficiency 

(%) 

Empty MC3/DOPC/Cholesterol/DMG-PEG 201 ± 13.4 0.45 ± 0.027 0.96 ± 0.44 N/A 

siRNA-loaded MC3/DOPC/Cholesterol/DMG-

PEG (N/P=1) 

199 ± 18.1 0.32 ± 0.07 -3.21 ± 0.86 82.64 ± 0.11 

siRNA-loaded MC3/DOPC/Cholesterol/DMG-

PEG (N/P=3) 

95.8 ± 5.3 0.27 ± 0.032 -1.32 ± 0.2 94.37 ± 0.051 

siRNA-loaded MC3/DOPC/Cholesterol/DMG-

PEG (N/P=6) 

85.2 ± 1.61 0.25 ± 0.037  -1.34 ± 1.35 99.43 ± 0.099 

Empty KC2/DOPC/Cholesterol/DMG-PEG 217 ± 56.2 0.54 ± 0.061 -0.073 ± 0.2 N/A 

siRNA-loaded KC2/DOPC/Cholesterol/DMG-

PEG (N/P=1) 

175 ± 51.7 0.38 ± 0.11 -1.5 ± 1.5 65.75 ± 0.49 

siRNA-loaded KC2/DOPC/Cholesterol/DMG-

PEG (N/P=3) 

90.6 ± 1.87 0.25 ± 0.024 -1.95 ± 0.92 91.95 ± 0.33 

siRNA-loaded KC2/DOPC/Cholesterol/DMG-

PEG (N/P=6) 

90.1 ± 1.36 0.26 ± 0.011 -0.91 ± 0.72 98.94 ± 0.23 
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Table 4.6 Knockdown efficiency, true value classification, and predicted value 

classification for each siRNA-LNP formulation. 

LNP formulation Knockdown 

efficiency (%) 

True value 

classification* 

Predicted value 

classification* 

NP1-MC3 70.19 1 0 

NP3-MC3 76.80 1 1 

NP6-MC3 77.42 1 1 

NP1-KC2 69.46 1 1 

NP3-KC2 81.58 1 1 

NP6-KC2 81.06 1 1 

* “1” represents the knockdown efficiency value ≥ 50%; “0” represents the knockdown 

value < 50%. 

 
Fig. 4.7 Gene knockdown efficiency of siMILIP lipid nanoparticle. 
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4.3.6 Molecular Dynamic Simulation Results of SiRNA-LNP Structure 

The MD simulation in this study mimicked cationic lipid, DSPC, cholesterol, DMG-

PEG2000, and siRNA self-assembling in a neutral buffer. Fig. 4.8 showed the final 

structure of six siRNA-LNP drug delivery systems after 200 ns MD simulation. In the 

siRNA-lipid LNP with N/P ratio 1, the lipid molecules and siRNA could not self-

assemble into a complete lipid nanoparticle vesicle, which agreed with the lower 

encapsulation efficiency in the experiments. However, as the N/P ratio reached 3, the 

whole lipid nanoparticle formed and encapsulated the siRNA. 15. As shown in Figs. 

4.8B and F, lipids bound more tightly with the siRNA in the lipid nanoparticle system 

with KC2 cationic lipid than the LNP containing MC3. When the N/P ratio was 6, the 

naked siRNA was completed encapsulated by excipients. The naked siRNA was 

observed at the center of the lipid nanoparticle after setting excipients displayed as a 

point model in the formulation. These results supported the experimental results that 

the encapsulation efficiency increased with the increasing N/P ratio.  

 

Fig. 4.8 The snapshot of six siRNA-LNP formulation after 200 ns MD simulation : 

A. siRNA-LNP with MC3, N/P ratio =1; B. siRNA-LNP with MC3, N/P ratio =3; C. 
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siRNA-LNP with MC3, N/P ratio =6; D. siRNA-LNP with MC3, N/P ratio =6, 

excipients set as point; E. siRNA-LNP with KC2, N/P ratio =1; F. siRNA-LNP with 

KC2, N/P ratio =3; G. siRNA-LNP with KC2, N/P ratio =6; H. siRNA-LNP with 

KC2, N/P ratio =6, excipients set as point (Cyan: siRNA; Pink: MC3 or KC2; 

Yellow: cholesterol; Green: DSPC; blue: DMG-PEG2000). 

The quantitative analysis of six siRNA-LNP systems during 200 ns was exhibited in 

Fig. 4.9. Root-mean-square displacement (RMSD) provided evidence that structures 

of siRNA-LNP systems for NP3 and NP6 were stable with less fluctuation (less than 

2 Å) after 60 ns. A higher degree of fluctuation (about 11 Å) was observed in the NP1 

system, which indicated that the NP1 system was more unstable than the NP3 and NP6 

systems. The radius of gyration (Rg) can be used as a parameter to measure the 

tightness of the system (M. U. Rahman, Rehman, Liu, & Chen, 2020). Rg results 

illustrated that the siRNA-LNP system of NP3 and NP6 formed a structure of tight 

nanoparticles while the NP1 system exhibited a loose structure. The solvent-accessible 

surface area of siRNA in NP3-KC2 and NP6 decreased, suggesting siRNA be 

encapsulated gradually. The strong peaks of NP1 and NP3 systems in the density 

profile indicated that these systems were tight sphere structures, while the results 

showed a relatively loose structure for the NP1 system. Fig. 4.9E showed the radial 

distribution function (RDF) between the phosphorus atom in the phosphodiester bond 

of siRNA and the nitrogen atom in the polar head-group of cationic lipids. There is a 

peak around 6 Å, indicating that cationic lipids mainly aggregated in this area with a 

6 Å distance from the siRNA in six siRNA-LNP systems. Moreover, the RDF result 

also implies that cationic lipid exhibited similar accumulation in different siRNA-LNP 

systems.  
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Fig. 4.9 Quantitative analysis of six siRNA-LNP systems during 200 ns modeling: A. 

Root-mean-square displacement (RMSD) for each system versus time; B. Radius of 

gyration for each system versus time; C. Solvent accessible surface area of siRNA in 

each system versus time; D. Density profiles for each system in last 20 ns; E. Radial 

distribution function (RDF) between siRNA and cationic lipid for each system in last 

20 ns. 

The RMSD, root-mean-square fluctuation (RMSF) and visual structure of siRNA were 

analyzed to investigate the stability of siRNA structure. The RMSD fluctuation of 

siRNA was from 0.5 Å to 5 Å in six siRNA-LNP systems, which were no more than 

that of the siRNA in the solvent (Fig. 4.10). Compared with the RMSF value of each 

base for siRNA in the solvent, the structure of siRNA had reasonable fluctuations in 

six siRNA-LNP systems (Fig. 4.11). In addition, Fig. 4.12 presents no significant 

changes in siRNA structures after forming LNP in each system. 
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Fig. 4.10 Root-mean-square displacement (RMSD) of siRNA in A. solvent, NP1-

KC2, and NP1-MC3 LNP systems; B. NP3-KC2, and NP3-MC3 systems; C. NP6-

KC2 and NP6-MC3 systems. 

 
Fig. 4.11 Root-mean-square fluctuation (RMSF) for each base of siRNA in solvent 

and in six systems. 
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Fig. 4.12 Comparation of initial structures and the structure after 200 ns MD 

simulation of siRNA (Gray: initial structure; blue: structure of siRNA after 200 ns 

simulation in NP1-KC2 LNP system; orange: structure of siRNA after 200 ns 

simulation in NP1-MC3 LNP system; yellow: structure of siRNA after 200 ns 

simulation in NP1-KC2 LNP system; green: structure of siRNA after 200 ns 

simulation in NP3-MC3 LNP system; purple: structure of siRNA after 200 ns 

simulation in NP6-KC2 LNP system; cyan: structure of siRNA after 200 ns 

simulation in NP6-MC3 LNP system). 
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Furthermore, the location of MC3, KC2, cholesterol, DSPC, and DMG-PEG2000 was 

studied by MD simulation. Figs. 4.13A and B showed the density distribution of 

siRNA and different excipients versus the distance from the geometric center of each 

system. A strong peak around 65 Å for KC2 and MC3 indicates that the cationic lipid 

aggregated around siRNA while DSPC, cholesterol, and DMG-PEG2000 were evenly 

and loosely distributed from center to surface of nanoparticles. Likewise, the 2D-

density map visualizes the distribution of various components in siRNA-LNP (Figs. 

4.13C and D). MC3 and KC2 exhibit the highest density area and accumulate around 

the siRNA-LNP. Neutral lipid DSPC and cholesterol formed the skeleton of the 

nanoparticle and were evenly dispersed near the cationic lipid. The PEG-lipid extended 

from the core to the surface of the vesicle. 
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Fig. 4.13 Mass density profiles of A. siRNA-LNP with KC2, N/P ratio =6; B. 

siRNA-LNP with MC3, N/P ratio =6; and density maps of C. siRNA-LNP with KC2, 

N/P ratio =6; D. siRNA-LNP with MC3, N/P ratio =6. 

4.4 Discussion 

For both in vitro and in vivo models, the most important feature was administration 

dose, followed by features of the physiochemical properties of LNP. However, the pKa 

value was the second important feature in the in vivo model but did not rank in the top 

twenty feature importance in the in vitro model. The possible reason was that there 

were ten kinds of siRNA and twenty kinds of gene-knockdown cell models 

contributing twenty-four more molecular descriptors than the in vivo model (as shown 

in Table 4.1). The mouse blood factor VII model was a standard model to investigate 

the silencing efficiency of the in vivo siRNA-LNP delivery. Factor VII (FVII) gene 

was formed in the body, and it also was an ideal target gene for detecting the silencing 

function of siRNA (Akinc et al., 2008). Almost all the in vivo data utilized the mouse 

blood FVII model as the delivery model. However, there were nineteen different cell 

cultures in the in vitro model. These cell cultures originated from ten tissue types and 

belonged to five cell types, as shown in Fig 4.1. In addition, the in vitro dataset includes 

10 siRNAs that correspond to different cell cultures of the in vitro model. For example, 

glyceraldehyde-3-phosphate dehydrogenase (GAPDH), widely distributed in various 

tissues, participated in multiple pathways of homeostatic regulation and may play a 

curial role in multiple disorders, such as Huntington’s disease (Mikhaylova, Lazarev, 

Nikotina, Margulis, & Guzhova, 2016), Parkinson’s disease (Tatton, 2000) and 

Alzheimer’s disease (Mazzola & Sirover, 2001). About 26.83% of in vitro models 

explored the mechanism of select GAPDH positive control siRNA LNP drug delivery 

system in the in vitro dataset. Unlike the in vitro data, all the test siRNA collected in 
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vivo data were siFVII, which targeted factor VII mRNA. There are several reasons 

why siFVII is an ideal in vivo gene-silencing model: Factor VII protein is easy to 

determine in serum; the short half-life of Factor VII protein makes it easier to detect 

changes in levels caused by gene silencing (Manoharan et al., 2011). Compared with 

in vivo experiments, the processing of in vitro experiments was more rapid and 

convenient for obtaining results with less error. Nevertheless, multiple in vitro models 

may not be conducive to finding the principle of the siRNA-LNP formulation delivered 

by the in vitro pathway. In the field of siRNA-LNP drug delivery, a unified in vitro 

model should be established to benefit the in-depth exploration of the mechanism 

between the structure of cationic lipid and gene knockdown efficiency.  

The experimental validation with acceptable accuracy demonstrated that the prediction 

model could guide the siRNA-LNP design. The design of siRNA-LNP is a complex 

process, and the researcher needs to consider the above parameters together. Our ML 

prediction model indicates that the physicochemical properties of LNP, the structure 

of cationic lipids, and the ratio of excipients are important factors affecting the 

knockdown efficiency of siRNA-LNP. Meanwhile, the prediction model covers almost 

all cationic lipid structures used for siRNA-LNP, facilitating future work on the design 

of cationic lipids. 

MD simulation explained the molecular interaction between siRNA and excipients. 

The experimental results showed that the zeta potential increased, followed by the 

increased amount of cationic lipid. Also, the encapsulation efficiency of siRNA was 

increased in the higher amount of cationic lipid system. The RMSD and Rg curve 

showed that siRNA-LNP (NP1) was unstable. In addition, the visualization of the 

siRNA-LNP (NP1) structure after 200 ns modeling showed no aggregation of the 

excipients. The lower zeta potential and encapsulation efficiency by the siRNA-LNP 
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(NP1) system indicated that the cationic lipids were incompletely bound to siRNA. By 

combining MD simulations with the experimental results, the loose structure might be 

the reason for the poor silencing effect of the NP1 system.  

4.5 Summary 

In summary, we successfully developed an integrated in silico siRNA-LNP 

methodology, including the ML prediction model, experimental validation, and MD 

simulation. In this study, prediction models of siRNA-LNP in vitro & in vivo delivery 

were built successfully with 78.9% and 80% accuracy for gene-knockdown efficiency 

by LightGBM. The ML model also provides information on the importance of the 

fragment of cationic lipid, which can guide the further rational design of cationic lipid. 

The experimental validation verified the results of ML. The MD simulation provides 

the interaction between excipient molecules for the siRNA-LNP. The integrated 

methodology will facilitate the future rational design of siRNA-LNP formulations.  
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Chapter 5 Conclusions 

5.1 Conclusions 

In this thesis, the in silico methodology proved effective in developing the lipid-based 

drug delivery system.  

In the research of phospholipid complex design, we used the LightGBM method to 

successfully predict the phospholipid complex's complexation. In addition, the 

machine learning prediction model also obtained the top 3 important features, 

including temperature, molar ratio, and molecular weight, which highly affected 

complexation. Moreover, the experiment validated essential parameters about the 

complexation rate, which were consistent with the prediction of the LightGBM model. 

Furthermore, MD simulation investigated the self-aggregation behavior of BBR in 

solution and the mechanism between BBR and phospholipid. The results proved that 

the integrated machine learning and modeling methodology could greatly benefit drug 

formulation screening and improve formulation efficiency. 

In the second research, the integrated computer method includes machine learning, 

MD simulation, and CCD experimental design. The machine learning prediction 

model predicted the pseudo-ternary phase diagram, and the result exhibited that the 

best prediction model was the RF model with 89.51% accuracy. Then the CCD 

experimental design investigated how the amount of each excipient affects the droplet 

size, PDI, and drug loading. The results show that the surfactant disperses the mixed 

phase into tiny droplets and keeps a smaller surface area. In addition, the optimal 

content of excipients was determined by the CCD experimental design, and the amount 

of Labrafil M 1944 CS, Cremophor RH40, and Transcutol HP were 20%, 64%, and 

16%, respectively. Finally, the MD simulation provided us the molecular interaction 

between drugs, and excipients and the role of cosurfactant. The integrated in silico and 
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experimental methodology is well applied in the rational formulation design of 

SEDDS, bringing new ideas for future drug formulation design. 

In the research of siRNA-LNP design, an integrated in silico siRNA-LNP 

methodology includes an ML prediction model, experimental validation, and MD 

simulation. In this study, prediction models of siRNA-LNP in vitro & in vivo delivery 

were built successfully with 78.9% and 80% accuracy for gene-knockdown efficiency 

by LightGBM. The ML model also provides information on the importance of the 

fragment of cationic lipid, which can guide the other rational design of cationic lipid. 

The experimental validation verified the results of ML. The MD simulation provides 

the interaction between excipient molecules for the siRNA-LNP. The integrated 

methodology will facilitate the future rational design of siRNA-LNP formulations. 

5.2 Limitations of the Current Study 

In the current study, developing a machine learning model needed sufficient data. In 

the research of phospholipid complex and siRNA-LNP design, we build the 

classification machine learning model to predict the complexation of phospholipid 

complex and knockdown efficiency of siRNA-LNP. For the research of phospholipid 

complex, there is now an insufficient amount of literature such that the amount of data 

that can meet the needs of the study is inadequate. We can build more accurate 

prediction models with a large enough amount of data. For the research of siRNA-LNP 

design, the data volume of in vivo model was far more than that of in vitro model. 

However, the in vitro experimental validation is easier and more accurate than the in 

vivo experimental validation, so it is needed to build a standard in vitro validated 

experiment.  
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5.3 Perspectives for Future Work 

Based on my current work, we will further investigate how modified siRNA and 

siRNA sequences affect the knockdown efficiency in siRNA-LNP by machine 

learning, experiment, and MD simulation. In the first stage, we will collect the data 

about siRNA-LNP with different siRNA sequences and modified sequences. Then, 

various machine learning models will be built, and the best prediction model will be 

chosen. In the second stage, different siRNA will be constructed by the discovery 

studio and processed with excipient by AMBER to investigate the mechanism of 

sequence and cationic lipid. After the MD simulation procedure, several parameters 

will be analyzed. Among them, RMSD could determine if the entire simulation system 

is in equilibrium. The binding free energy between different base pairs and cationic 

lipids could investigate their binding ability. In addition, H-bond, solvent accessible 

surface area could also be analyzed. In the third stage, the relative experiments will be 

constructed to validate machine learning and MD simulation results.  
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