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Abstract Ionizable lipids are a pivotal component for lipid nanoparticles (LNPs) to optimize mRNA

expression to fulfill the broad demands of various mRNA therapeutics. Traditionally, the screening of

ionizable lipids needs extensive synthetic labor and stringent in vivo efficacy evaluation, which was often

time-consuming, costly, and characterized by a lower success rate. Hence, we pioneered a machine-

learning framework named Lipid with Artificial Intelligence (LipidAI) to evaluate the novel ionizable

lipids rapidly. In this framework, the Methyl Tail Augmentation (MTA) strategy was first developed to

triple the data by precisely adjusting the methyl groups on lipid tail chains. This ground-breaking

approach compensated for data paucity in ionizable lipids libraries from the previous research and boosts

model accuracy. Subsequently, the Ensemble Stacking Learning (ESL) algorithm was exploited to inte-

grate multiple learning algorithms to surpass the predictive accuracy of a single algorithm used in former

studies. Finally, we found that the predicted results of LipidAI were highly consistent with the actual data
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according to the in vivo expression of Luc-mRNA. Overall, this study highlights the remarkable potential

of LipidAI in the rapid screening of ionizable lipids, adeptly avoiding the inherent drawbacks of tradi-

tional ionizable lipids development and thereby boosting the progress of LNP-based mRNA nano-drugs.

ª 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and

Institute of Materia Medica, Chinese Academy of Medical Sciences. This is an open access article under

the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Lipid nanoparticles (LNPs)-based mRNA therapy has demon-

strated significant potential across various clinical fields, particu-

larly in infectious disease prevention, cancer prevention and

treatment, and metabolic disorder regulation1—4. The cornerstone

of successful mRNA therapy lies in the efficient in vivo expression

of mRNA5—8. Consequently, ionizable lipids, which are the central

constituents of LNPs, play a pivotal role in the advancement of

mRNA therapeutics9—12. However, the ionizable lipids on the

market fall short of meeting the extensive demands for mRNA

drug development, prompting research to focus on designing

novel ionizable lipids that can enhance mRNA expression

efficiency13—17. However, the traditional methods for developing

ionizable lipids are labor-intensive and resource-demanding,

necessitating considerable synthetic efforts and rigorous in vivo

efficacy evaluations18,19. This process is not only time-consuming

and costly but also characterized by a relatively low success rate.

There is an urgent need to establish novel methodologies that can

swiftly evaluate the efficacy of ionizable lipids, thereby acceler-

ating the research and development of mRNA therapeutics.

Artificial intelligence (AI) is progressively infiltrating the

domain of mRNA drug design, demonstrating substantial

potential20—23. Wang et al.20 harnessed data from 325 mRNA

vaccine lipid nanoparticles preparations to develop a LightGBM

predictive model, thereby significantly enhancing the efficiency

of LNPs formulation research and development. For the design of

ionizable lipids, the application of AI is still in its early stages.

Some promising preliminary results have emerged, indicating that

AI has the potential to significantly accelerate the advancement of

mRNA therapeutics. Recently, Li et al. employed combinatorial

chemistry to construct a dataset encompassing 584 ionizable lipids

at the HeLa cell level and subsequently utilized an XGBoost

binary classification model to sift through an expanded virtual

library comprising 40,000 lipids, thereby facilitating the devel-

opment of novel lipids21. Xu et al.22 amalgamated 1200 cell-level

experimental data points with 60,000 virtual data samples to

engineer a platform termed Artificial Intelligence Guided Ioniz-

able Lipid Engineering (AGILE), which incorporates 12,000 vir-

tual data points. This platform has been instrumental in

investigating the in vitro adaptability of ionizable lipids across

various cell lines, which could guide the formulation of lipids

tailored to distinct cellular characteristics. Bae et al.23 deployed a

random forest regression model to dissect 314 features of 213

LNPs, subsequently constructing new compounds predicated on

these features. Despite the substantial progress in advancing

ionizable lipid development, several critical challenges persist.

The prevalent single models are susceptible to overfitting and

underfitting, which can engender deceptive predictions. Further-

more, models predicated on in vitro data may not be entirely

congruent with the in vivo mRNA expression forecasts, given the

marked disparity in mRNA expression efficiency between in vivo

and in vitro conditions. Most notably, the screening of ionizable

lipids continues to be heavily dependent on extensive experi-

mental validation, necessitating considerable screening endeavors.

Consequently, it is imperative to develop novel strategies capable

of rapidly screening novel ionizable lipids to align with the exi-

gencies of in vivo applications.

This study proposed an innovative ionizable lipid screening

framework named Lipid with Artificial Intelligence (LipidAI),

focusing on the association between the chemical structure of

ionizable lipids and mRNA expression efficiency of the corre-

sponding LNPs in vivo. The predicted mRNA expression levels by

LipidAI were found to be highly consistent with the actual results

in mice. This high accuracy is attributed to two innovative com-

ponents of LipidAI: Methyl Tail Augmentation (MTA) and

Ensemble Stacking Learning (ESL) algorithm. Firstly, we created

an ionizable lipid database called LipidDB, containing two classes

of ionizable lipids. The first was derived from ionizable lipids

reported in the literature, while the second consisted of pre-

constructed ionizable lipids created through the MTA method.

This method pioneered the expansion of the ionizable lipid library

to three times that of the real lipid library. Secondly, an innovative

algorithm model, ESL, integrated with multiple algorithms, was

developed to alleviate the overfitting and underfitting problems

that often occur in a single model, which could reduce the

misleading predictions. Thirdly, the performance of the ESL

model was evaluated with a series of indicators. SHapley Additive

exPlanations (SHAP) analysis was finally applied to reveal the

relationship between the chemical structures of ionizable lipids

and their mRNA expression efficiency in vivo. According to the

animal results, the ESL model showed predictive performance and

high accuracy, effectively aligning with the requirements of

in vivo screening, which indeed can reduce the labor and time

costs in the development of the newly available ionizable lipids. It

also provided a new approach for the rational design of LNPs,

thereby promoting the development of mRNA delivery systems

with higher mRNA expression. In conclusion, we developed a

novel machine-learning framework named Lipid with Artificial

Intelligence (LipidAI) to evaluate the novel ionizable lipids

rapidly (Fig. 1).

2. Materials and methods

2.1. LipidDB dataset

2.1.1. Data collection

As shown in Table 124—49, the LipidDB dataset is collected by

retrieving relevant literature from Web of Science and Scopus with

some keywords such as “LNP”, “ionizable lipid”, “lipid nano-

particle”, and so on. Following the initial screening process, a total

of 47 studies that incorporated the design of novel ionizable lipids

were maintained for further analysis24—40,41—70. After analyzing
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the extracted data from 47 studies, the data are simplified to keep

the numerical balance between the data amount and model

parameters. All included experiments involved the use of ioniz-

able lipids in combination with mRNA, and the ionizable lipids

had corresponding mRNA expression effects in vivo. Based on the

above standards, we collected the ionizable lipid structures and

in vivo expression information from the literature and organized

the collected data into a database. The final dataset contains the

SMILES structures of ionizable lipids, their corresponding in vivo

expression71. Based on the empirical analysis of the expression,

we establish the effect classification and classification standards of

A, B, and C. Here, we briefly introduce the classification criteria.

For example, class A is designated for expressions exceeding 5×
107, class B for expressions between 5× 107 and 5× 106, and

class C is for expressions below 5× 106. Notably, mRNA

expression efficiency is regarded as a classification label of

ionizable lipid structures.

Finally, the LipidDB dataset has 475 lipid samples, while each

sample contains the SMILES structure of the ionizable lipid and

its corresponding expression efficiency. As machine learning

models cannot directly process chemical structure formulas as

input features, the RDKit package is employed to transform the

chemical structure of the delivery carrier into a comprehensive set

of molecular descriptors72. Then, these processed descriptors are

input into the machine learning model to predict the mRNA

expression efficiency of the corresponding delivery system.

2.1.2. Data augmentation

The performance of machine learning models is heavily contin-

gent upon the volume and quality of the training data. Since the

original LipidDB is data-restricted, the model trained with the

original LipidDB dataset is prone to underfitting, resulting in low

prediction performance. In this work, we explore the concept of

data augmentation in machine learning to generate additional

training samples and facilitate the optimization of model param-

eters. After reviewing existing works and analyzing experimental

data, we observe that the expression efficiency level of ionized

lipid molecules, containing long tail chains without functional

groups, usually exhibits significant insensitivity to minor varia-

tions in carbon chain length30,34,49,73. Motivated by this interesting

observation, the Methyl Tail Augmentation (MTA) method is

proposed to generate new ionizable lipids while maintaining the

classification label of mRNA expression efficiency unchanged.

Specifically, the MTA method involved the addition or removal of

one methyl group from the tail chains of ionizable lipids.

Upon meticulous statistical analysis of the recent works, it has

been discerned that the change of expression efficiency in this

strategy has scientific significance for data augmentation. There-

fore, the dataset is expanded by adding or removing a methyl

group to the tail chain structure with a carbon number that is at

least 8, while ensuring no interference from functional groups.

Based on this empirical method, it can be used to generate a large

number of synthesized ionizable lipids to enrich the LipidDB

dataset. Finally, we get 1107 valid data points.

2.1.3. Data splitting strategy

As machine learning models usually include training, validation,

and testing phases, we need to split the LipidDB dataset for each

phase. The nested cross-validation strategy is employed to train

and evaluate all machine learning models74. It includes an inner

Figure 1 Graphical Abstract. By expanding the LipidDB dataset and employing a stacking learning strategy, the Lipid with Artificial Intel-

ligence (LipidAI) framework is constructed to quickly predict the mRNA expression efficiency of newly designed ionizable lipids. Biological

experimental results show that LipidAI has an impressive prediction accuracy, ensuring that the LipidAI model can screen out effective ionizable

lipids.
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Table 1 Ionizable lipid samples of the LipidDB dataset. From the first column to the sixth column, each column denotes serial numbers,

chemical structures, SMILES descriptors, luminescence, rates and references, respectively.

Serial number Chemical structure SMILES Lumines-cence Class Ref.

1 O�C(CCCCCCCC/C�C\C/C�C\CCCCC)N

(CCCCCCCCCCCCCCCCCC)C(C(C1�C2CN(C

(CCN(C)C)�O)CC1)�C(S2)NC(CCCCCCCC/C�C

\C/C�C\CCCCC)�O)�O

9000000 B 24

2 CN(CCCN(CCC(NCCSSCCCCCCCC)�O)CCC

(NCCSSCCCCCCCC)�O)CCCN(CCC

(NCCSSCCCCCCCC)�O)CCC(NCCSSCCCCCCCC)

�O

8000000 B 25

3 CN(CCCC(OCCN(CCCCCCCC/C�C\C/C�C

\CCCCC)CCCCCCCC/C�C\C/C�C\CCCCC)�O)C
17600000 B 26

4
CN(CCCC(OCC1�CC(OCCCCCCCCCCCC)�CC

(OCCCCCCCCCCCC)�C1)�O)C
31600000 B 27

5
CN1CCN(CCCC(NCC2�CC(OCCCCCCCCCCCC)

�CC(OCCCCCCCCCCCC)�C2)�O)CC1
58000000 A 28

6
CCN(CCCN(CCC(O)OCCCCCCCC/C�C\CC(OC

(CCC/C�C\C/C�C\C/C�C\C/C�C\C/C�C\CC)

�O)CCCCCC)CCC(OCCCCCCCC/C�C\CC(OC

(CCC/C�C\C/C�C\C/C�C\C/C�C\C/C�C\CC)

�O)CCCCCC)�O)CC

10000000 B 29

7 CN1CCN(CC1)CCCC(OCC2�CC

(OCCCCCCCCCCC)�CC(OCCCCCCCC)�C2)�O
4000000 C 30

8 CCCCCCCCCCC(O)CN(CCN1CCN(CCN(CC(O)

CCCCCCCCCC)CC(O)CCCCCCCCCC)CC1)CCN

(CC(O)CCCCCCCCCC)CC(O)CCCCCCCCCC

1500000000 A 31

9 CCCCC/C�C\C/C�C\CCCCCCCCN(CCOC(CCCN

(C)C)�O)CCCCCCCC/C�C\C/C�C/CCCCC
2000000 C 32

10 CCCCCCCCCOC(CCN(CCCN(C)CCCN(CCC

(OCCCCCCCC(C)C)�O)CCC(OCCCCCCCC(C)C)

�O)CCC(OCCCCCCCCC)�O)�O

25000000 B 33

11 O�C(OCCSSCCCCCCCCCCCC)CCN(CCN(C)CCN

(CCC(OCCSSCCCCCCCCCCCC)�O)CCC

(OCCSSCCCCCCCCCCCC)�O)CCC

(OCCSSCCCCCCCCCCCC)�O

50000000 B 34

12 O�C(CCN(CCNCCNCCC(CCSSCCCCCCCCCCCC)

�O)CCC(OCCSSCCCCCCCCCCCC)�O)

OCCSSCCCCCCCCCCCC

2000000 C 35

13 O�C(OC1�CC�C(C�C1)CC(OCCC2CCN(CC2)

CCSSCCN3CCC(CC3)CCOC(CC4�CC�C(C�C4)

OC(CCCCCCC/C�C\CCCCCCCC)�O)�O)�O)

CCCCCCC/C�C\CCCCCCCC

30000000 B 36

14 CC(C)CCCCCCCOC(CCN(CCC(OCCCCCCCC(C)C)

�O)CCCN(C)CCCN(CCC(OCCCCCCCC(C)C)�O)

CCC(OCCCCCCCC(C)C)�O)�O

1100000000 A 37

15 CCCCCCN(CCCCCC)CCC(OCCCCCCOC(CCN(CCC

(OCCCCCCOC(CCN(CCCCCC)CCCCCC)�O)�O)

CCCNCCCN(CCC(OCCCCCCOC(CCN(CCCCCC)

CCCCCC)�O)�O)CCC(OCCCCCCOC(CCN

(CCCCCC)CCCCCC)�O)�O)�O)�O

200000000 A 38

16 OC(CCCCCCCCCC)CN(CC(CCCCCCCCCC)O)

CCCN1CCN(C)CC1

1000000 C 39

17 OC(CN(CCCN(CC(CCCCCCCCCC)O)CCNCC

(CCCCCCCCCC)O)CCN(CC(CCCCCCCCCC)O)CC

(O)CCCCCCCCCC)CCCCCCCCCC

100000 C 40

18 O�C(CCN(CCCNCCCCNCCCN(CCC

(OCCCCCCCCCCCCCC)�O)CCC

(OCCCCCCCCCCCCCC)�O)CCC

(OCCCCCCCCCCCCCC)�O)

OCCCCCCCCCCCCCC

30000000 B 41

19 CN(CCCN(/C�C/C(OCCCCCCCCCC)�O)/C�C/C

(OCCCCCCCCCC)�O)CCCN(/C�C/C

(OCCCCCCCCCC)�O)/C�C/C(OCCCCCCCCCC)

�O

116000000000 A 42

20 CN(CCCN(SCCCCCC)SCCCCCC)CCCN(SCCCCCC)

SCCCCCC
22000000 B 43
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loop for model training and an outer loop for model evaluation.

For comprehensively evaluating the performance of each machine

learning model and optimizing model parameters, a total of 20

rounds of nested cross-validation are conducted for each machine

learning model. The detailed process is described as follows.

The train-test-split method from the scikit-learn library in Python

is employed within the outer loop to partition the samples, allocating

20% as a test set for evaluating the final model75. The test set is

diversified by setting different random number seeds for each di-

vision, thereby ensuring a comprehensive evaluation. The remaining

80% of the samples are allocated for model training within the inner

loop. The subsequent inner loop incorporates a stratified k-fold (k�
10) cross-validation strategy. 10% of the training set is randomly

selected to evaluate model hyperparameters in each iteration, while

the remaining 90% is designated for model training. Moreover, a

random grid search technique is employed to expedite the optimi-

zation of model hyperparameters. The training process involves

evaluating 100 diverse combinations of parameters simultaneously,

while systematically recording the optimal model parameters

throughout. Subsequently, the model with the best performance is

selected to rigorously evaluate model performance with the test set

from the outer loop.

2.2. Ensemble stacking learning

The challenge of complex datasets often leads to underperformance

and susceptibility to interference in single models, prompting re-

searchers to explore various ensemble machine learning techniques.

With the motivation of a stacking technique, we put forward an

Ensemble Stacking Learning (ESL) model to enhance the general-

ization capability and achieve higher prediction accuracies76, the

overview of ESL is shown in Fig. 2A. In developing ESLmodels, we

meticulously structure the process into three core phases: base

learner construction, meta learner construction, and feature engi-

neering. During the base learner construction phase, we train a

variety of models with different types or parameter configurations,

selecting those that demonstrate strong performance for the stacking

process. The subsequent phase, meta learner construction, involves

creating a model designed to integrate the prediction outputs from

all base learners, thereby generating the final prediction results. In

contrast, the feature engineering phase focuses on simplifying the

model structure by removing redundant features, which aims to

enhance both the efficiency and performance of the model. In the

following sections, we will provide a detailed explanation of the

specific construction methods employed at each stage.

2.2.1. Base learner construction

In order to learn knowledge from multiple perspectives, we

explore eight machine learning models, namely LightGBM, De-

cision Tree (DT), K-Nearest Neighbour (KNN), Random Forest

(RF), Support Vector Machine (SVM), XGBoost, Gradient

Boosting Decision Tree (GBDT), and Logistic Regression (LR).

In practice, the LightGBM model is constructed with the

LightGBM 3.2.1 package77, while the XGBoost model is built

with the XGBoost 1.5.1 package78. The remaining models are

implemented with the scikit-learn 1.0.2 package. To ensure

experimental fairness, all samples are normalized by the prepro-

cessor module of the scikit-learn package. Subsequently, a nested

cross-validation strategy in conjunction with random grid search is

employed to optimize model hyperparameters. The experimental

results indicate that random search tends to outperform manual

grid search in terms of efficiency79. In the external loop, the

optimal models derived from the internal loop are evaluated on the

test set. The model with the highest accuracy is saved as the best-

optimized model after conducting a thorough comparison over 20

iterations. Additionally, default parameter models are also trained

and saved in a similar way. Among the 16 saved models, those

with an accuracy exceeding 0.7 are selected as the base learners

for the stacking ensemble method, which aims at enhancing the

overall model performance.

Table 1 (continued )

Serial number Chemical structure SMILES Lumines-cence Class Ref.

21 O�C(CCN(CCC(OCCSCCCCCCCCCCCCCC)�O)

CCCN1C�CN�C1)OCCSCCCCCCCCCCCCCC

9000000 B 44

22

O�C(C(CCCCN(CCOC(CCCCCCCC/C�C\C/C�C

\CCCCC)�O)CCOC(CCCCCCCC/C�C\C/C�C

\CCCCC)�O)NC1�O)NC1CCCCN(CCOC

(CCCCCCCC/C�C\C/C�C\CCCCC)�O)CCOC

(CCCCCCCC/C�C\C/C�C\CCCCC)�O

27500000 B 45

23 CCO[C@H](CN(C[C@@H](O)CCCCCCCCCCCC)

CC(O)CCCCCCCCCCCC)CN(CC1)CCN1CCN(CC

(O)CCCCCCCCCCCC)CC(OCC)CN(C[C@@H](O)

CCCCCCCCCCCC)CC(O)CCCCCCCCCCCC

450000000 A 46

24 CC(C(OCCSSCCOC(CCN(CCC(OCCSSCCOC(C(C)

CSCCCC)�O)�O)CCCN(C)CCCN(CCC

(OCCSSCCOC(C(CSCCCC)C)�O)�O)CCC

(OCCSSCCOC(C(CSCCCC)C)�O)�O)�O)�O)

CSCCCC

300000 C 47

25 OC(CN(CC(O)CCCCCC)CCN(CC1)CCN1CCN(CC

(O)CCCCCC)CCN(CC(O)CCCCCC)CC(O)CCCCCC)

CCCCCC

50000000 B 48

26 CN(CCCN(CC(OC(CCCCCCCCC)�O)CCCCCC)C

[C@H](OC(CCCCCCCCC)�O)CCCCCC)C
1700000000 A 49

27 … … … … …
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2.2.2. Meta learner construction

In order to minimize overfitting, the proposed ESL model adopts

the StackingCVClassifier algorithm from the mlxtend 0.23.1

package to incorporate cross-validation. Fig. 2B illustrates the

construction of meta learners80.

Suppose S is a collection of samples Si� (xi;yi);i� 1;2;3;…;
N, where N is the total number of datasets, xi represents the

input features and yi denotes the category label of the i-th sample.

In this model, Bj(j�1; 2; 3;…;M) represents base learning al-

gorithms, with M is the total number of algorithms. Initially,

the dataset S is divided into two subsets. The first subset is used

to train base learners to create level-0 classifiers as shown in Eq.

(1):

Pjk�Bj(S� Sk);∀k�1;2;3;… (1)

where Sk denotes the k-th test set divided in the cross-validation

and S � Sk is the training set data used in the k-th cross-

validation. The second subset Sk is input into trained classifiers

Pjk to output prediction results as shown in Eq. (2):

wjk�Pjk(Sk);∀j�1;2;…;M;∀k�1;2;3;… (2)

In cross-validation, the model Pjk is trained with k � 1 folds of
data, and prediction results are made on the remaining fold of

data. Consequently, at the end of the cross-validation process, we

obtain prediction results on all k test sets. Given that each partition
of the test set is independently distinct, the collective set of all test

sets effectively constitutes the original dataset S. We accomplish

prediction results for the entire dataset, and then all prediction

results are constructed as a new dataset S′. Specifically, this newly

constructed dataset Wj�(wj1;wj2;…;wj5) is derived from the

outputs of the level-0 learner. Therefore, the new input dataset

S′ � (W1; W2; …; WM), generated by all M base learners, will

serve as a fresh input feature to train the level-1 meta learner Q,
alongside the category labels y from the original dataset S. Thus,
Q can generate the final prediction result by combining the M
results from the base learners as shown in Eq. (3):

Yx�Q(B1(x);B2(x);…;BM(x)) (3)

where Yx denotes the final prediction result.

The selection of input attributes and algorithms for the sec-

ondary learner plays a crucial role in the stacking ensemble’s

A B

C

D FE

Figure 2 Model construction and summary of the performance of different machine learning models over 20 rounds of external iterations. (A)

Overview of the ESL method. Model training: 20 rounds of nested cross-validation are conducted on 8 machine learning models to obtain optimal

models, as well as default model training for the 8 machine learning models. Model selection: The models with an accuracy exceeding 0.7 are

selected among the 16 models. Stacking: An ensemble learning stacking approach is employed to combine multiple base learners, and LR is

utilized as the meta learner. The base learner is dynamically adjusted in each iteration based on the prediction performance in the previous step.

Model refinement: Agglomerative hierarchical cluster analysis is implemented to identify the best feature subset. (B) Flowchart of the stacking

algorithm. The base learners adopt the cross-validation strategy to create a new dataset for training the meta learner. (C) Flowchart of the feature

subset extraction. All input features are organized into a hierarchical clustering structure. The first feature in each cluster is then filtered based on a

set threshold and selected as the representative feature for that cluster. (D) Accuracies of models trained with the original 475 samples. (E)

Accuracies of models training with the augmented 1107 samples. (F) Heatmap of the Spearman’s Rank correlation between the first 20 features.

The features with strong correlations are beneficial to model refinement. *** Means extremely significant correlation, P < 0.001.
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overall performance. Given that complex nonlinear trans-

formations have been employed in generating S′, it is crucial to

select a simple classifier for level-1 to minimize the risk of

overfitting. A suitable choice for this purpose is logistic regression

within the generalized linear model framework. The meta learner,

constructed by LR, utilizes the category probabilities produced by

the base learner as input features. Additionally, a random

parameter search approach is implemented to further optimize the

meta learner, evaluating 100 sets of parameter combinations to

identify the most effective configurations. These strategic steps

enable the ESL model to effectively leverage the diversity of base

learners while mitigating overfitting risks.

2.2.3. Model evaluation

In this study, the prediction performance of ESL is comprehen-

sively evaluated using three key metrics: accuracy (ACC), area

under the curve (AUC), and F1 score (F1). When evaluating model

performance, these metrics can provide diverse insights to un-

derstand its predictive capabilities.

In the context of classification metrics, True Positive (TP) de-

notes the count of positive instances that are accurately identified as

positive. Conversely, False Positive (FP) indicates the number of

negative instances that are erroneously classified as positive. True

Negative (TN) presents the number of negative instances that are

correctly identified as negative. Lastly, False Negative (FN) refers

to the number of positive instances that are mistakenly classified as

negative. Accuracy measures the proportion of correctly predicted

samples to the total samples, as defined in Eq. (4). Throughout the

model training process, the accuracy metric is employed to evaluate

the effectiveness of model training.

ACC�
TP+TN

TP+TN+ FP+ FN
(4)

The F1 score integrates precision and recall metrics to offer a

holistic perspective on the model’s performance in balancing

precision and recall, as defined in Eq. (5):

F1�2·
Precision·Recall
Precision+Recall

(5)

Precision quantifies the proportion of samples predicted as

positive that are true positives, reflecting the accuracy of the

model’s positive identifications, as defined in Eq. (6):

Precision�
TP

TP+ FP
(6)

Conversely, recall gauges the ratio of true positive samples

classified by the model, indicating its effectiveness in capturing all

positive samples without omission, as defined in Eq. (7). This

metric highlights the model’s competence in recognizing all

positive instances.

Recall�
TP

TP+ FN
(7)

2.2.4. Feature selection

Version 1.7.3 of the scipy library is utilized to conduct agglom-

erative hierarchical analysis81. The initial step involves applying

the farthest-neighbor clustering algorithm to organize the input

features into a hierarchical cluster structure, which is crucial for

feature selection and facilitates grouping features based on simi-

larity. Subsequently, various thresholds are established using the

linkage distances to allocate features to their respective clusters.

The final step is to extract the first feature from each cluster to

represent it and construct a subset of features based on the current

threshold. The entire process above is illustrated in Fig. 2C. This

approach enables us to extract multiple feature subsets, each of-

fering a distinct perspective of the original dataset. Our evaluation

focuses on comparing the performance of stacking models trained

with these feature subsets to those trained with the complete

feature set. The objective of this comparison is to assess whether

model accuracy is impacted by feature reduction. We aim to

identify a subset that maintains most of the important information

within the full feature set. The discovery of this feature subset

suggests that model performance can be effectively enhanced

through feature selection, leading to reduced computational

complexity. Once confirmed, the refined feature subset will be

used to retrain the base learners of the model, followed by

repeating the stacking process, as shown in Fig. 2A. This iterative

process can be stopped when further refinement of features no

longer yields performance improvements. The feature selection is

aimed at delivering a highly accurate and efficient model, ensuring

effectiveness and scalability in practical applications.

2.2.5. Model interpretation

Inspired by game theory, SHapley Additive exPlanations (SHAP) is

used to elucidate the predictions from machine learning models.

Renowned for its robust theoretical underpinnings that offer fair-

ness, accuracy, and consistency in interpreting models, SHAP ex-

cels at quantifying the impact of each feature on model predictions,

thus ensuring transparency in the decision-making process of the

model. In this work, Version 0.42.1 of the SHAP library is utilized

to conduct a comprehensive analysis on the significance of features

within the model82,83. By harnessing SHAP values, we can pinpoint

the pivotal features influencing the model’s predictions, thereby

grasping the behavior and potential biases inherent in the model.

Such analysis not only enhances model interpretability but also

plays a crucial role in enhancing model performance.

2.3. Biological experimental verification

2.3.1. Materials and reagents

As shown in Table 1, Lipid E 1-9 and mRNA encoding luciferase

(mLUC) were provided by WestGene Biopharmaceutical Tech-

nology Co., Ltd. (Chengdu, China). ALC-0315, SM-102, and

MC3 are synthesized in our laboratory. Cholesterol (Chol) was

supplied by Shanghai Yuanju Biology Technology Company

(Shanghai, China). DMG-PEG-2000 and DSPC were purchased

from Avituo Pharmaceutical Technology Co., Ltd. D-Luciferin

(potassium salt) was purchased from Biovision.

2.3.2. Animals

BALB/c mice (6‒8 weeks) were purchased from Beijing Huafukang

Biotechnology Co., Ltd. (Huafukang, Beijing, China). Prior to the

commencement of the experiment, the mice were acclimated in the

animal facility at Sichuan University for a duration of two weeks.

Male animals were used with random grouping. All animal studies

were approved by the Sichuan University Institutional Animal Care

and Use Committee and performed following the animal care and

institutional guidelines. The approval number is 20240226053.

2.3.3. Formulation of mRNA-loaded LNPs

For synthesizing LNPs, a microfluidic device facilitated the mixing

of an aqueous phase enriched with mRNA and an ethanolic phase
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comprising lipids and cholesterol, thereby enabling the formation of

encapsulated RNA within the lipidic matrix. Briefly, the aqueous

phase was prepared with 0.01 mol/L citric acid buffer (pH 3)

containing mRNA. The ethanolic lipid phase was prepared by

blending ionizable lipids, DSPC, cholesterol, and DMG-PEG-2000

in molar ratios of 50%, 10%, 38.5%, and 1.5%, respectively. Then

the two distinct phases were mixed in a 3:1 ratio under a micro-

fluidic device, dialyzed using 0.01 mol/L citric acid buffer at

pH � 6 for 2 h, and then sterilized with a 0.22 μm filter.

2.3.4. In vivo biodistribution of Luc mRNA-LNPs

According to the manufacturer’s protocols, we utilized the in vivo

imaging system from Caliper Life Sciences to track the time-

course biodistribution of luciferase activity. Post-vaccination

with Luc mRNA-LNPs, photographic documentation of the mice

was conducted at 6 h. Subsequently, a luciferase imaging system

was employed to assess luciferase activity. Before imaging, the

mice received an intraperitoneal injection of d-luciferin potassium

salt (MeiLunBio) at a dosage of 150 mg/kg. Furthermore, 6 h post-

vaccination with Luc mRNA-LNPs, the mice were euthanized,

and the luciferase activity in the heart, liver, spleen, lung, and

kidney was determined using the same imaging system. Living

Image� 4.3.1 Software (https://www.perkinelmer.com) is used to

measure the average radiance of the Region of Interest (ROI).

3. Results and discussion

3.1. Ensemble stacking learning

The convergence of machine learning with ionizable lipid research

is emerging as a cutting-edge frontier in scientific inquiry, with an

escalating number of studies dedicated to harnessing the predictive

prowess of AI to revolutionize the development and understanding

of lipid-based therapeutics. Daniel G. Anderson is a pioneering

figure, being among the first scientists to integrate machine learning

techniques with the development of ionizable lipids21. The binary

classification model he crafted using the XGBoost algorithm has

significantly expedited the design process of these lipids, show-

casing the power of AI in advancing pharmaceutical research.

However, when dealing with intricate and fluctuating datasets, it is

insufficient to utilize a single model, especially when the dataset is

small. Since the single model struggles to capture all sample fea-

tures effectively, it may be susceptible to noise and outliers. Pre-

vious research on applying machine learning to LNP development

has been influenced by this factor20,84,85. Differently, the proposed

ESL model adopts ensemble stacking learning to enhance overall

performance by aggregating predictions from multiple models. As

shown in Fig. 2A, this two-level stacking approach involves mul-

tiple base learners and a meta learner. Firstly, these base learners

undertake the initial learning and prediction tasks. Then, the ESL

model deliberately selects diverse base learners, such as LightGBM,

XGBoost, Decision Tree algorithm, and so on. Since each base

learner has specific advantages for different scenarios, these base

learners can provide comprehensive prediction results from various

perspectives.

In the proposed ESL model, the logistic regression algorithm

serves as the meta learner to improve prediction performance

by effectively integrating the prediction results of base learners.

To ensure model robustness, a 5-fold cross-validation approach is

used to train the base learners, which can prevent overfitting to

specific datasets during training. Subsequently, the prediction

results from the base learners are utilized as inputs for the meta

learner to generate the final predictions. With the help of the meta

learner, the proposed ESL model optimally leverages the strengths

of each base learner to boost prediction performance and inter-

ference resistance.

Initially, we employ a nested cross-validation approach to train

and evaluate all selected base learner models. In the process of nested

cross-validation, the dataset is divided into a training set and a test set,

where 20% of the samples are randomly selected as the test set and the

remaining 80% of the samples are used as the training set. The inner

loop involves performing hyperparameter optimization for each

model using a k-fold (k� 10) cross-validation method. Here, the

model hyperparameters are fine-tuned by a random search to

maximize the prediction performance. We evaluate each model with

20 rounds to obtain the average performance on a randomly generated

test set. During the evaluation, it is essential to highlight that we

employ the classification accuracy of mRNA expression efficiency as

the primary evaluation metric.

The performance of a machine learning model is significantly

influenced by both the quantity and quality of the training dataset.

Data augmentation is a widely employed technique in machine

learning to enhance the dataset. Drawing inspiration from research

on the correlation between carbon chain length and the expression

efficiency of ionizable lipids, we introduce a novel data

augmentation method, MTA, specifically tailored for LNP. Fig. 2D

and E summarize the model accuracies obtained on each round of

the out-of-loop test set to facilitate a more intuitive comparison of

the model performance. Specifically, Fig. 2D illustrates the dis-

tribution of prediction accuracies over the 20 rounds of validation,

while Fig. 2E presents the distribution of prediction accuracies

after MTA. Table 2 presents the mean and standard deviation of

the 20-round accuracy distribution for each model, along with the

improvement in model accuracy following MTA. With the help of

MTA, the accuracy of the decision tree model is significantly

improved by 13.8%. Overall, all models achieve an average ac-

curacy improvement of 11%. The significant performance

improvement not only provides evidence of the effectiveness of

the MTA strategy but also emphasizes the crucial role of appro-

priate data processing in machine learning model development.

To further assess the stability and superiority of the machine

learning model, we apply it once again to the augmented LipidDB

dataset with a 10-fold cross-validation approach. Additionally, for

comprehensively evaluating the model’s performance, we conduct

a comparison between the optimal parameter configurations and

the default ones. As reported in Table 3, the specific performance

evaluation of the model can be found in the rows corresponding to

Table 2 Mean and standard deviation of prediction accuracies for 20 rounds of outer loop, and improvement with MTA.

Strategy LightGBM DT KNN RF SVM XGBoost GBDT LR

Without MTA 0.64 � 0.04 0.58 � 0.04 0.63 � 0.05 0.63 � 0.04 0.63 � 0.04 0.63 � 0.04 0.63 � 0.04 0.62 � 0.04

MTA 0.71 � 0.02 0.66 � 0.04 0.69 � 0.02 0.71 � 0.04 0.69 � 0.03 0.70 � 0.02 0.70 � 0.02 0.68 � 0.03

Improvement +10.9% +13.8% +9.5% +12.7% +9.5% +11.1% +11.1% +9.7%
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the 174-set. According to the selection of base learners, we

explore various methods for the 16 models listed in Table 3. The

base learners employed in each method and the corresponding

accuracy of the stacked models can be found in Table 4.

Specifically, we conduct experiments with various base learner

combination strategies to develop more effective stacking models.

Initially, we analyze all 16 models presented in Table 3, followed

by a detailed examination of all parameter-optimized models.

Subsequently, we select the top-performing parametric models

with an accuracy threshold exceeding 0.7. As reported in Table 4,

we observe that the final strategy obtains the highest prediction

accuracy. This strategy exclusively utilizes models with an accu-

racy greater than 0.7, so the ESL model can achieve the highest

prediction performance. This observation not only highlights the

effectiveness of this specific approach but also emphasizes a

crucial insight regarding the nature of the stacking methodology.

The success of stacking models is not a matter of chance but rather

arises from the selection and fusion of base learners. In this way,

the proposed ESL model not only leverages the most robust pre-

diction capabilities but also preserves the diversity of prediction

results for optimal performance.

3.2. Model refinement

We have collected a new lipid dataset, named LipidDB, which

contains the chemical structural formulas of ionizable lipids in

LNPs and their corresponding mRNA expression efficiencies.

However, machine learning models are unable to directly use

chemical structural formulas as input. Therefore, the RDKit li-

brary in Python is utilized to calculate the chemical structures of

these ionizable lipids, and then we transform these ionizable lipids

into 209 molecular descriptors. After eliminating feature elements

that are consistently zero, the final feature set is reduced to 174

features.

However, introducing too many potentially irrelevant features

not only complicates the model training but also hampers the

generalization capability of machine learning models. To ensure

high prediction performance, it is crucial to maintain the impor-

tant feature subset of input features for machine learning models.

Hence, we need to eliminate nearly redundant features from the

original feature set to refine machine learning models. To under-

score the importance of model refinement, Fig. 2F presents the

Spearman correlation heatmap for the top 20 features out of 174.

Interestingly, the heatmap reveals strong correlations between

some features. For example, there is an extremely strong corre-

lation (1.00) among MolWt, HeavyAtomMolWt, ExactMolWt,

and NumValenceElectrons, which suggests that they provide

almost identical information. The results of Fig. 2F reveal that the

previously mentioned examples are not isolated cases. Conse-

quently, it is very crucial to select a feature subset for model

refinement.

Specifically, we utilize a farthest neighbor clustering algorithm

to organize input features into a hierarchical cluster structure. For

assigning features to different clusters, a set of thresholds is

established based on linkage distances. As shown in Fig. 2C, the

flexibility to adjust these thresholds allows us to divide the orig-

inal feature set into different feature subsets with varying sizes and

characteristics. Following this, the performance of the feature

subset is assessed through 10 rounds of cross-validation.

As reported in Table 5, the model trained with the subset of

109 features achieves a prediction accuracy that is comparable to

the stacking model using the entire feature set. This observation

prompts us to embrace the streamlined 109-subset as the new

training feature set. Subsequently, we examine the performance of

the base learners trained with this subset in the rows corre-

sponding to the 109-subset in Table 3. Given different feature sets

from the original model, a re-implementation of nested cross-

validation for all base learner models is conducted to meticu-

lously optimize the model parameters. The optimized KNN model

achieves an accuracy of 0.7236. Consistent with the previous

approach to select base learners, the KNN model is incorporated

into the base learners for stacking. Moreover, to further enhance

the model’s performance, the meta-learner’s parameters are opti-

mized, resulting in an increased prediction accuracy of 0.7488.

After the last refinement, the stacking model trained using the

109-subset is further optimized. Table 6 presents the top 10 feature

subsets ranked by accuracy post-refinement. Notably, the subset

comprising 74 features has the highest classification accuracies,

surpassing the 109-subset while utilizing fewer features. Conse-

quently, we adopt it as the new training feature set for subsequent

model training. The 74-subset row in Table 3 depicts the accuracy

of the model trained with this subset. The results reveal that,

despite feature refinement efforts, there don’t exist new models

that exceed an accuracy of 0.7. Additionally, despite conducting a

new round of random parameter search on the model’s base and

meta learners, there is no improvement in the stacking model’s

accuracy. The results of the third and final round reveal that a

slight decrease in accuracy even for the most effective subset

compared to the preceding iteration. Consequently, this observa-

tion leads us to postulate that the model’s performance has

Table 3 Model accuracies following 10-fold cross-validation on the augmented dataset.

Feature set Parameter setting LightGBM DT KNN RF SVM XGBoost GBDT LR

174-set Default 0.7145 0.6919 0.6893 0.7009 0.6739 0.7154 0.7145 0.6794

Optimal 0.7235 0.7010 0.6964 0.7199 0.6983 0.7299 0.7190 0.6865

109-subset Default 0.7136 0.6919 0.6938 0.7037 0.6776 0.7199 0.7217 0.6658

Optimal 0.7335 0.7146 0.7236 0.7380 0.6983 0.7335 0.7325 0.6793

74-subset Default 0.7136 0.6901 0.6802 0.7091 0.6685 0.7127 0.7280 0.6640

Optimal 0.7398 0.7028 0.7200 0.7443 0.6893 0.7407 0.7344 0.6649

Table 4 The accuracies of models with different stacking

methods. The models in Table 3 are denoted by numbers 1 to

16 in consecutive order.

Number of

base learners

Selected base learner Accuracy

16 1‒16 0.7399

8 9‒16 0.7236

5 9, 10, 12, 14, 15 0.7181

9 1, 4, 6, 7, 9, 10, 12, 14, 15 0.7479
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plateaued at a relatively stable and optimized level. Accordingly, it

is deduced that further reductions in features may not yield the

anticipated performance enhancements but could lead to a loss of

valuable information.

As illustrated in Fig. 3A and B, the confusion matrix and ROC

curves reveal that the proposed model can obtain excellent pre-

diction performance. Specifically, the area under the ROC curve

(AUC) is 0.94 for class A and 0.92 for class C, so the proposed

ESL model achieves high true positive rates and low false positive

rates. The micro-average area under the ROC curve is 0.91,

suggesting that the model performs well for all categories. Fig. 3C

also shows the values of various metrics obtained from 10-fold

cross-validation. These results demonstrate the efficiency and

reliability of the proposed ESL model for predicting mRNA

expression efficiency.

3.3. Model interpretation

Ionizable lipids, with their key features, play a pivotal role in

determining the efficacy of LNPs delivery systems, a fact

Table 5 Summary of each feature subset after the first round of model refinement. The prediction accuracy is calculated through 10-fold

cross-validation with the stacking model.

Subset Number of features Accuracy Standard deviation Wards linkage distance

1 109 0.7479 0.0454 0.1551

2 109 0.7479 0.0454 0.1609

3 98 0.7470 0.0420 0.2126

4 98 0.7470 0.0420 0.2183

5 98 0.7470 0.0420 0.2241

6 98 0.7470 0.0420 0.2298

7 170 0.7460 0.0491 0

8 112 0.7452 0.0399 0.1436

9 104 0.7443 0.0484 0.1781

10 121 0.7443 0.0492 0.0919

Table 6 Summary of each feature subset after the second round of model refinement. Where the accuracy is determined through 10-fold

cross-validation using the best stacking model from the prior refinement round.

Subset Number of features Accuracy Standard deviation Wards linkage distance

1 74 0.7579 0.0440 0.3761

2 74 0.7579 0.0440 0.3853

3 99 0.7569 0.0503 0.1926

4 82 0.7515 0.0432 0.3027

5 95 0.7506 0.0433 0.2201

6 67 0.7506 0.0546 0.4403

7 102 0.7506 0.0482 0.1651

8 102 0.7506 0.0482 0.1743

9 102 0.7506 0.0482 0.1834

10 109 0.7488 0.0443 0

Figure 3 The performance of ESL on a randomly split test set. ESL shows strong prediction performance with a micro-average AUC of 0.91.

(A) Confusion matrix. (B) ROC curve. (C) Key performance metrics.
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underscored by et al.’s innovative application of a random forest

regression model23. This model was adeptly employed to analyze

an extensive dataset comprising 314 features of 213 LNPs, leading

to the construction of novel compounds predicated on these

insightful features. The implications of feature assays in the

development of ionizable lipids are profound, as they not only

enhance our understanding of these lipids’ characteristics but also

significantly expedite the design process. The model, grounded in

this study, offers a wealth of data for analysis, sparking new av-

enues of thought for the subsequent design of ionizable lipids.

SHAP analysis is renowned for its robust interpretative capabil-

ities and is widely applied across various domains. For instance, it

is instrumental in deciphering predictions from machine learning

models, assessing the pivotal influence of key features on drug

release forecasts, and steering the development of innovative long-

acting injectable drug formulations74. In this study, we utilize the

SHAP analysis to investigate the impact of 74 refined features on

the prediction capacity for mRNA expression efficacy. To eluci-

date the significance of individual features, the contribution of

each feature to the model prediction is quantified by the SHAP

analysis. The SHAP values of all test set samples are projected

into the probability space to enhance the interpretability of the

model predictions. Since the prediction of mRNA expression ef-

ficiency belongs to a three-category problem, SHAP values are

calculated separately for each category. This approach facilitates a

comprehensive analysis of the model’s prediction performance

across different categories.

Fig. 4A‒C illustrates the 20 most influential features in the ESL

prediction process, providing crucial insights into the key variables

that affect prediction outcomes. Each subgraph corresponds to one

of the three categories in the triple classification. Upon examining

these subgraphs, it becomes evident that BCUT2D_LOGPHI is the

most significant factor in the ESL prediction process.

Fig. 4D‒F presents the SHAP summary plot that offers a

comprehensive overview of how each feature contributes to the

model prediction. Features are ranked on the vertical axis based on

the sum of their SHAP values across all samples, reflecting their

importance in prediction. The horizontal axis represents the SHAP

value, illustrating how each feature influences the model predic-

tion. Points farther away from the center line (zero) indicate a

greater impact on the model prediction. Positive SHAP values

signify a positive contribution, while negative values suggest a

negative impact. The graph displays the SHAP value for each

sample, with the varying color shade indicating the magnitude of

the feature’s value. This allows for a more precise interpretation of

the influence exerted by the feature.

From a macroscopic perspective, we can identify several key

features, such as BCUT2D_LOGPHI, PEOE_VSA8, and

EState_VSA4. Therefore, we can understand the specific mecha-

nisms by which these features operate in various scenarios. For

example, the distribution of BCUT2D_LOGPHI values plays a

crucial role in model predictions, as illustrated in Fig. 4D. Notably,

the blue points cluster predominantly on the right side of the axis. In

contrast, the red points are concentrated on the left side. Simulta-

neously, it is observed that the red points with brighter colors are

distributed further away from the axis. This distribution reveals that

elevated BCUT2D_LOGPHI values significantly hinder the

model’s prediction performance when classifying samples as class

A. That is, a higher BCUT2D_LOGPHI value suggests a reduced

probability of the sample being classified as class A. Conversely, as

depicted in Fig. 4F, an inverse distribution is observed, with blue

dots primarily on the left side and red dots on the right side. Here,

high values of BCUT2D_LOGPHI positively impact the model’s

predictions when categorizing samples as class C. This reversal

emphasizes the pivotal role of BCUT2D_LOGPHI in determining

whether a sample is classified as class A or C, with its influence

manifesting distinct effects across various prediction scenarios.

Through SHAP analysis, we can understand the predictive

behavior of the model at both macro and micro levels, enabling us

to gain insights into how individual features contribute to pre-

dicting a specific category for a single sample. The LNPs’

chemical structure of the selected test sample, representing a class

B drug expression efficacy, is depicted in Fig. 4G. Microscopic

interpretation for this sample is achieved via the SHAP force plot

(Fig. 4H‒J). The SHAP force diagram includes a “base_value”

reflecting the model’s default prediction for the category in the

absence of feature information. By mapping SHAP values to a

probability space, this base value approximates the category’s

relative frequency in the test set. Conversely, “f(x)” denotes the

model’s predicted output, calculated as the sum of the benchmark

value and SHAP contributions from all features. In the probability

space, “f(x)” signifies the model’s probability assessment for the

sample’s category membership. The force diagram’s horizontal

bars are color-coded to show features’ positive (red) or negative

(blue) influences on the model’s prediction. Longer bar lengths

indicate greater feature impact on predictions. For instance,

Fig. 4H highlights BCUT2D_MRLOW’s negative influence on

prediction, with the most extended bar length among features,

making it pivotal in class A determinations. Comparing the force

diagrams reveals Fig. 4I with the largest “f(x)” output of 0.82,

indicating an 82% likelihood that the sample belongs to class B.

This phenomenon confirms the model’s accuracy and the effec-

tiveness of the SHAP analysis. By pinpointing influential features

and understanding their roles across categories, this analysis offers

critical insights for model refinement and interpretation.

Through a systematic investigation that integrates SHAP inter-

pretable machine learning with domain-specific structural insights,

this study elucidates how the top five determinants across SHAP

hierarchies (classes A‒C) govern the biodistribution patterns of

ionizable lipids. These computational-structural synergies reveal

critical structure-distribution relationships that dictate in vivo fate.

Class A lipids exhibit optimized delivery performance due to

their synergistic molecular features. The high-charge surface area

represented by PEOE_VSA8 indicates that the molecule has both a

large surface area available for protonation and a low-charge state

group represented by MinEStateIndex, indicating that the molecule

has specific functional groups that are easily protonated. The

combination of these two descriptors may facilitate the molecule’s

easy protonation in the acidic endosomal environment, resulting in

a positively charged surface and promoting fusion with the nega-

tively charged endosomal membrane. BCUT2D_LOGPHI ensures

the stability of the hydrophobic core, and the hydrophobic region

also enhances the ability of the molecule to cross the biological

membrane, thereby improving the delivery efficiency. The balance

between the medium polar region represented by EState_VSA4 and

the low polar region represented by BCUT2D_MRLOW maintains

the molecule’s stability in blood circulation. This balance may help

avoid excessive aggregation or degradation during circulation,

while maintaining the ability of the molecule to undergo structural

changes under low pH conditions and release the loaded mRNA.

Class B lipids demonstrate constrained protonation behavior

governed by Balaban-J-quantified topological complexity from

intricate ring systems or branched architectures, which impart

structural rigidity that reduces conformational adaptability in
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endosomal environments and delays pH-responsive charge con-

version. BCUT2D_CHGLO represents regions of low intra-

molecular charge density, typically hydrophobic or non-polar, while

PEOE_VSA8 quantifies regions of high surface charge density,

which are polar or ionizable. This combination suggests an uneven

charge distribution across the molecule, which may limit the uni-

formity of protonation. While MinEStateIndex identifies low-

electronegativity groups with protonation capability, their limited

ionization potential (indicated by MinAbsEStateIndex) and steric

occlusion from topological complexity collectively restrict proton

accessibility, resulting in suboptimal charge uniformity across the

molecular framework. While class B demonstrates equivalent

PEOE_VSA8 and MinEStateIndex values to class A, its reduced

parameter significance, combined with BCUT2D_CHGLO-

associated charge heterogeneity, leads to suboptimal efficacy rela-

tive to class A.

Class C lipids face delivery limitations primarily arising from

VSA_EState8-quantified high-electronegativity surfaces, which are

typically polar or strongly electron-withdrawing. This leads to

intense dipole moments and hydrogen bonding capabilities.

PEOE_VSA4 represents regions of medium charge density. The

combination of high electronegative surface areas and medium

Figure 4 SHAP analysis for the ESL model trained using the 74-subset. (A‒C) Analysis of the feature importance plot. (D‒F) Analysis of the

summary plot. (G) The SMILES code for the initial sample in the test set corresponds to an expression rating of B. (H‒J) Analysis of the force

plot.
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charge regions results in molecules with excessive polarity. This

excessive polarity may destabilize the positive charge after pro-

tonation under acidic conditions, reducing the molecule’s ability to

be effectively protonated and hindering membrane fusion and

mRNA release. This electrostatic imbalance is compounded by

HallKierAlpha-characterized topological complexity, where

branched/three-dimensional architectures introduce steric conges-

tion that simultaneously impedes membrane engagement and

payload accessibility. Additionally, the conflict between the hy-

drophobicity of BCUT2D_LOGPHI and the medium polarity as

represented by EState_VSA4 prevents the molecule from effec-

tively coordinating the dynamic switching between the hydrophobic

core and the polar surface. Together, these factors reduce the

molecule’s stability, responsiveness, and overall delivery efficiency.

Based on the chemical structural characteristics of ionizable

lipids reported in the literature, several key findings have

emerged, highlighting the importance of specific structural ele-

ments in optimizing delivery efficiency. The squaramide group at

the head of the lipid molecule has been shown to interact spe-

cifically with mRNA, resulting in the formation of particles with

enhanced structural stability and improved expression effi-

ciency66. Additionally, the use of amide bonds as connecting

units enables selective delivery of mRNA to the lungs of mice,

suggesting a potential strategy for tissue-specific targeting25.

Furthermore, even minor alterations in the tail structure can

significantly impact delivery performance, with liposomes con-

taining branched tails demonstrating notably high expression

levels in vivo43.

Figure 5 Statistics of structures and validation results of ionizable lipids. (A) Structure of ionizable lipids in intravenously administered LNPs.

(B) Quantitative analysis of biodistribution and luciferase expression in mice by IVIS imaging system 6 h after intravenous injection of LNPs. (C)

Luciferase expression histogram of ALC-0315, SM-102, MC3, and E1-9. (D) Prediction results and experimental verification of 12 ionizable

lipids. (E) Pie chart of prediction results.
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Moreover, we also searched the literature that the in vivo fate

of ionizable lipids may be significantly different in different

species, underscoring the importance of species-specific consid-

erations in lipid nanoparticle (LNP) design. Ouyang Defang and

colleagues employed advanced modeling techniques, including

physiologically based pharmacokinetic (PBPK) and quantum

mechanics (QM) approaches, to simulate RNA-LNP delivery in a

range of models, from HeLa cells to rats, mice, and humans86.

Their research revealed that the metabolic fate of ionizable lipids

within these systems is primarily governed by the degradation

kinetics of the LNP carrier itself, rather than by the hydrolysis of

the ionizable lipids.

These comprehensive findings not only deepen our under-

standing of the structural and mechanistic determinants of ioniz-

able lipid performance but also offer valuable insights for the

rational design and optimization of RNA-LNPs. By incorporating

these insights into future research and development endeavors,

scientists may effectively address current limitations and propel

the advancement of nucleic acid-based therapies.

3.4. In vivo biodistribution validation results

Machine learning has emerged as a potent tool for forecasting

mRNA expression outcomes, with the majority of models relying

on in vitro cell-level transfection data for their training data-

sets21,22,85,87. Pioneering researchers like Daniel G. Anderson

and Bowen Li have merged the realms of combinatorial chem-

istry and cellular transfection to devise sophisticated machine

learning models, which are poised to inform the design of

ionizable lipids21,19. Despite the notable strides in advancing the

field of ionizable lipids, a critical challenge persists: the

discrepancy between in vitro-based models and the accuracy of

in vivo mRNA expression predictions. This inconsistency arises

from the pronounced differences in mRNA expression efficiency

when transitioning from in vitro to in vivo conditions. Conse-

quently, the development of a machine learning model capable of

accurately predicting in vivo mRNA expression effects holds

significant practical value.

Twelve ionizable lipids were selected for subsequent verification

experiments, and their structures are shown in Fig. 5A. The in vivo

biodistribution and luciferase expression of LNPs were observed in

mice 6 h after tail vein injection (Fig. 5B and C). The predicted

results of the 12 ionizable lipids were compared with the experi-

mental results, and the prediction accuracy was intuitively observed

from the prediction result pie chart (Fig. 5D and E). In the exper-

imental validation of in vivo biodistribution for 12 distinct ionizable

lipids, we achieved an overall prediction accuracy of 75 percent.

Our results demonstrate a high degree of concordance between the

predictive outcomes for class A ionizable lipids and their experi-

mental data. Notably, the validation process involving commercially

accessible ionizable lipids has yielded outstanding predictive re-

sults, with particular emphasis on ALC-0315, SM-102, and MC3.

This preliminary observation validates the model’s strong predictive

power, particularly for lipids with superior performance.

Conversely, the predictive accuracy for class B ionizable lipids is

subpar, with only one-third of the predictions being correct. The

consistent misclassification from class B lipids to class C highlights

a persistent challenge in the model’s ability to discern subtle

structural differences. To elucidate this phenomenon, we conducted

a decorrelation analysis from the perspective of data distribution.

Figure 6 Distribution and data volume of origin and amplified data in the LipidDB database. (A) Distribution of origin data in LipidDB. (B)

Distribution of amplified data in LipidDB. (C) Data volume of LipidDB original data. (D) Volume of amplified data in LipidDB.

5066 Xing Duan et al.



After data amplification, the dataset comprised 472 class A sam-

ples, 447 class B samples, and 287 class C samples, as depicted in

Fig. 6A‒D. Since class B samples were not the least numerous,

their quantity did not negatively impact the overall prediction per-

formance. However, upon examining the features specific to class

B, we discovered that the coexistence of low-charge and high-

charge regions within class B structures might lead to an uneven

distribution of charges and lower protonation efficiency in certain

areas. These characteristics likely contributed to the challenges in

accurately predicting the behavior of class B ionizable lipids.

However, the absence of misclassifications as class A is encour-

aging, as it suggests that the model can effectively avoid mis-

identifying high-performing lipids. In the predictive analysis of

class C ionizable lipids, the model achieves an excellent prediction

accuracy, effectively distinguishing between lipids with less

favorable performance characteristics. This result highlights the

model’s capacity to identify lipids even under suboptimal condi-

tions accurately. The ESL model can accurately classify these

lipids, which further confirms the robust prediction capability of the

ESL model.

In summary, the model has a robust prediction capacity for the

lipid structures of classes A and C. However, when predicting class

B structures, there is potential room for optimizing the ESL model.

Interestingly, the model can accurately identify the lipid samples of

class A; Therefore, potentially high-performing ionizable lipids are

not overlooked. These observations highlight the model’s potential

in guiding the selection and development of ionizable lipids with

targeted performance, thereby enhancing its applicability for both

academic research and industrial applications.

3.5. Code availability

The codebase data and code used in this study are available in a

Github repository (https://github.com/yuhanchenzz/LipidAI)

under the MIT License.

4. Conclusions

In this study, we introduced LipidAI, a novel framework that

synergistically combined two pivotal components: MTA and ESL

algorithms. This integration aimed at elucidating the correlation

between the chemical structures of ionizable lipids and the effi-

ciency of mRNA expression in vivo. MTA enhanced the predictive

accuracy of LipidAI by nearly tripling the dataset size through

meticulous modifications to the methyl groups on lipid tail chains.

This approach effectively mitigated the previously encountered

scarcity of data within ionizable lipid libraries, which was a

limiting factor in prior studies. Concurrently, the ESL algorithm

leveraged the strengths of multiple learning algorithms, out-

performing the predictive accuracy of any single algorithm uti-

lized in previous research. This achievement was underscored by

an AUC score of 0.91, thereby establishing a new standard for

accuracy within this domain. Furthermore, the efficacy of LipidAI

in practical settings was substantiated through biological experi-

ments, which demonstrated a prediction accuracy of up to 75% for

ionizable lipids. To enhance the transparency and interpretability

of our machine learning methodology, we employed SHAP

analysis. This analysis delineated the individual contributions of

features to model predictions, enabling us to identify the lipid

properties that exerted the most significant influence on mRNA

expression efficacy. These insights offered valuable guidance for

the rational design of lipids. In summary, the ESL algorithm

developed in this study exhibited exceptionally robust predictive

performance. It had the potential to significantly reduce the costs,

time, and material consumption associated with ionizable lipid

research and development. Moreover, it provided a novel technical

strategy for the rational design of mRNA delivery vectors, thereby

accelerating the advancement of mRNA delivery system research.
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