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ABSTRACT

The promising properties of lipid nanoparticles (LNPs) as drug carriers have been attracting

significant attention in the field of drug delivery. However, further research is still required for a
better understanding of their integration in the pharmaceutical industry. The Quality by Design
(QbD) approach aims at ensuring the safety and efficiency in the development of new drugs,
through an holistic, risk-based approach that gathers all sources of knowledge available about the
system under analysis. One key resource of the QbD framework is the rich toolkit of Design of
Experiments (DOE), to deepen the understanding of how the synthesis of LNPs by microfluidics
can be effectively conducted and controlled. This study aimed to explore and understand the ef-
fectiveness of different DOE strategies, through an in silico study focused on the impact of factors
related to the LNPs synthesis, namely the molar ratio of each lipid component in the lipidic mixture
and the N/P ratio, while also considering potential economic constraints without disregarding the
need for a statistically valid analysis. A simulation model of the LNP synthesis derived from real
experiments was adopted as a basis to assess the potential efficacy of estimated models with
different levels of complexity, to extract useful insights in future DOEs in these types of systems,
given the high cost of each experimental run. The statistical metrics used were the coefficient of
determination (R?) and the Root Mean Squared Error (RMSE). With the results obtained, it was
possible to verify that different responses from the same system could require quite different
model structures, namely, the models developed for potency and for size of the LNPs differed
significantly in their complexity. Furthermore, a number of experiments of the order of 30 can be
anticipated as necessary for a DOE in a real process, involving similar factors.
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INTRODUCTION

Lipid nanoparticles (LNPs) have recently attracted
considerable interest, particularly for their role in the de-
velopment of COVID-19 mRNA vaccines by Pfizer-BioN-
Tech and Moderna. Their ability to efficiently encapsulate
nucleic acids, while simultaneously ensuring effective in-
tracellular delivery and endosomal escape, has sparked
increasing interest from both the industrial and research
communities for exploring their unique properties as
promising drug carriers.

A widely used technique for the synthesis of these
LNPs, is microfluidics. This method allows for the effi-
cient mixing of an organic solution, which contains the
necessary lipid components dissolved in ethanol, with an
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aqueous solution that contains the intended payload (nu-
cleic acid).

To ensure the successful and safe synthesis of
these LNPs attributes, the pharmaceutical industry typi-
cally recommends following a Quality by Design (QbD)
approach. This approach aims to guarantee that manu-
facturing is able to deliver the expected quality of the
drugs, rather than relying solely on testing the final prod-
uct and reject any lot that is non-conforming. QbD can
also reduce costs associated with product optimization
and ensure that patients receive higher-quality drugs in
a shorter time frame [1]. One of the key aspects of the
QbD approach is the use of Design of Experiments (DOE)
to establish the Design Space that guarantees the quality
requirements of the LNPs are met [1]. However, before

2548


https://doi.org/10.69997/sct.163183

defining a design space, several DOE stages may be nec-
essary for screening the important factors, modelling the
system’s behaviour accurately, and finding the optimal
operational conditions.

GOLDEN STANDARD MODEL

As previously highlighted, one of the key aspects of
the QbD approach is the use of the DOE. However, the
employment of this statistical method can greatly benefit
from a preliminary simulated in silico study approach, es-
pecially when economic constraints play a significant
role. This is especially true in the case of LNPs’ synthesis
by microfluidics, where each experiment is expensive
due to the high cost of the formulation components.
Therefore, there is a justified interest in making this pro-
cess as efficient and informative as possible.

In light of this information, we have adopted an in
silico system, using a model that was developed from real
experimental data collected in a closely related experi-
mental and technological scenario. This in silico study
provides a suitable test bed to analyse and compare the
different DOE strategies that may be adopted and collect
insights about a reasonable number of experiments to
accommodate within a designated budget, while ensur-
ing a statistically valid analysis.

Therefore, we have conducted a systematic study
based on the work developed by Karl et al. [2], who pro-
vided a simulation model of the LNP synthesis, referred
to as the Golden Standard (GS) Model. This model was
derived from 23 real experiments and codified in the
JMP Pro software using a recently proposed methodol-
ogy called self-validated ensemble model (SVEM).

The GS Model considers the molar ratio of individual
lipid components in the lipid mixture (lonizable lipid (IL),
Structural lipid (SL), Helper lipid (HL) and PEG lipid), the
ionizable lipid type, the molar N/P ratio (ionizable amine
from ionizable lipids to phosphate from nucleic acid ratio)
and the total flow rate (TFR). These factors were estab-
lished within the ranges, shown in Table 1.

Table 1: Ranges of the factors in the GS Model.

Factors Ranges
IL [0,1; 0,6]
HL [0,1; 0,6]
SL [0,1; 0,6]

PEG [0,01; 0,05]

lonizable lipid type H101 or H102 or H103

N/P ratio [6,14]

TFR [1,3] mL/min
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It is important to note that the GS model is quite
complex in its structure and it was considered, for all
practical purposes, unknown throughout this study.
Moreover, it has terms that were not included in the DOEs
strategies considered. This structural mismatch brings
more realism to the in silico study carried out, which will
be lay down in the next section.

Finally, this model considered as responses the “po-
tency in vivo” and “size of the LNP”, with the goal being
to maximize potency and minimize size.

METHODOLOGY

The study conducted is based on the GS Model, and
followed a methodology that is schematicaly illustrated in
Figure 1. This figure that depicts the principal steps of the
study, organized into two distinct phases: 1) Initial setup;
2) Comparison study.

GS Model

&
{i]

Estimated Model

'
Estimated Model I
'

GS Model

Figure 1: Methodology for the in silico study.

Initial Setup

Firstly, the DOE levels (Xpot) for the factors selected,
need to be established. For such, an interval of accepta-
bility for each factor was established while respecting the
ranges established by the GS model, as shown in Table 1.
The ranges established and the chosen factors are
shown below in Table 2.
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Table 2: Ranges for the factors considered in Xpoe.

Factors Ranges
IL [0,3;0,6]
HL [0,1;0,28]
SL [0,185;0,555]
PEG [0,01;0,045]
N/P ratio [6,14]

Taking into account the constraints in Table 2, the
Xpoe was generated by a D-optimal design approach for
different model structures, spanning different levels of
modeling complexity. These model structures present an
increasing number of terms (complexity), by considering
more effects to be estimated from data. Consequently,
more experiments were necessary to estimate them. The
models were designated as Model 1 (M1), Model 2 (M2),
and Model 3 (M3), with M3 being the most complex in
terms of considered effects. In M1 only the main effects
associated with the factors were considered. On the
other hand, M2 considered the same effects as M1, ex-
cept for the main effect associated with the N/P ratio. Ad-
ditionally, M2 considered the effects related to the non-
linear blending of two mixture components and the inter-
actions of mixture components with the process factor
(N/P ratio). Finally, M3 incorporated the same effects as
M2, along with some third-order terms, considering the
Scheffé cubic model effects, such as the non-linear
blending associated with three components. The effects
considered for each model are presented in Table 3.

With regard to the number of experiments, between
10 to 30 experiments were considered, in accordance
with the corresponding minimum limits suggested by op-
timal design software (JMP Pro), that increase according
to the increment of their complexity. Therefore, a desig-
nation of the number of experiments was explicitly in-
cluded together with that for the corresponding model.
For example, M1-10 represents the model M1 that was
generated considering a total of 10 experiments.

Next, the Xpoe's elaborated were introduced in the
GS Model to obtain the simulated responses with additive
noise (¥). Note that, when introducing the levels for the
selected factors in the model (Xooe), the levels for the
other factors not considered in the designs have also to
be set to run the simulation; therefore, the following fac-
tors were established as constants for the GS Model to
run: a TFR of 2 mL/min and H103 as the ionizable lipid
type.

Moreover, three levels of noise in the response
were considered: the originally estimated noise level
Batista et al. / LAPSE:2025.0561
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(during the development of the GS model) and two addi-
tional levels corresponding to an increase of 10% or 20%.
This alternative is indicated by a dashed arrow in Figure 1
and was implemented in an effort to better reflect the re-
ality of having different levels of reproducibility of the
measured responses.

Based on the Xpoe's and the corresponding outputs,
¥, with or without additive noise, a linear regression
model was estimated for each model structure, as men-
tioned above, by fitting these models using the least
square method. These models will be collectively re-
ferred throughout this article, as Estimated Models (EM).

Comparison study

In the second part of the study, a new input space
of 1000 points (Xi00) was generated at random for the
mixture components and the N/P ratio. The new input
space was generated to guarantee a proper assessment
of the predictive capability of the different models and,
therefore, the comparison between the GS Model and the
EM Models. In other words, this new dataset is not used
for conducting any estimation task, but simply to com-
pare the GS Model responses with and without noise
(¥®S1000 @and y©S1000) with the EM Models responses (¥1000).

One of the metrics used for this comparison was the
coefficient of determination, R?, which measures the
quality of fit of the EM Model in relation to the GS Model
responses (with or without noise). A higher R? value indi-
cates a superior fit to the GS data, i.e., a higher proportion
of variation that is explained by each EM Model.

Another metric used was the Root Mean Squared Er-
ror (RMSE), which describes the average difference be-
tween the GS values (with or without noise) and the esti-
mated values, as shown below in Equation (1) and Equa-
tion (2).

2
RMSEw/o noise — \/% X 2?:1 (ylGosoo(i) - 371000 (l)) (1)

2
RMSEw/noise = \/i X Z?=1 ()71%500 (l) - 91000(0) (2)

Note that the metrics mentioned above were com-
puted for the test set. Therefore, they are actually
measures of quality of prediction (prediction metrics).

ANALYSIS AND DISCUSSION OF THE
RESULTS

Figure 2 summarizes the R? and RMSE for each re-
sponse (potency and size) that were computed for each
EM Model by comparison with the GS Model with or with-
out noise.

Firstly, it is important to note that the R? and
RMSE trends of the different EM Models remained
2550



Table 3: Effects considered for models M1, M2 and M3.

Models Effects
M1 PEG, HL,IL, SL and N/P ratio
PEG, HL, IL, SL,
M2 PEGxIL, PEGxHL, PEGXSL, PEGxN/P ratio, HLxIL,
HLxSL, HLxN/P ratio, ILxSL, ILxN/P ratio and SLxN/P ratio
PEG, HL, IL, SL,
PEGXxIL, PEGxHL, PEGxSL, PEGxN/P ratio, HLxIL, HLxSL, HLxN/P ratio,
M3 ILxSL, ILxN/P ratio, SLxN/P ratio, PEGXHLxIL, PEGXHLxSL, PEGXILXSL,

HLXILxSL, PEGxHLx(PEG-HL),PEGXILx(PEG-IL), HLxILx(HL-IL),
PEGxSLx(HL-SL),HLxSLx(HL-SL) and ILxSLx(IL-SL)

consistent regardless of the presence of noise in GS
Models outputs, as well as considering additional levels
of noise. The only difference occurs when considering
the various levels of noise, where the values reported
were lower and higher for R? and RMSE, respectively.

The R? for the EM Models differed for potency and
size. For size, it was reported a better fit of the EM Mod-
els to the GS Model with values typically around between
0,97 and 0,99. Moreover, when compared to potency,
the shift in the behaviour of the R? values in accordance
with the models was slightly less significant; see Fig-
ure 2 (b).

For potency, the R? values displayed a general in-
creasing trend, Figure 2 (a), as the complexity of EM
Models and the number of experiments increased, with
the exception of M3, which exhibited a slightly lower R?
value compared to M2. On the other hand, the RMSE val-
ues displayed a general decreasing trend, Figure 2 (c),
as the complexity and the number of experiments in-
creased, with the exception of M3 which exhibited a
slightly higher RMSE value compared to M2.

According to these findings, M2-30 appears to
be the most effective alternative due to its high R? and a
low RMSE. However, if a reduced number of experiments
was necessary, M2-20 would still be a viable option, as it
presented a slightly lower R?, but a lower RMSE in com-
parison with M2-30.

On the other hand, regarding size, the R? and
RMSE values showed different trends across the number
of experiments and models’ complexity. In the case of the
R? values, an increment in the number of experiments did
not necessarily lead to an increase in R?, Figure 2 (b). In
fact, there was a slight decrease in R? values from M1-10
to M1-20, and an increase in M1-30. Following the se-
quence in this figure, there is then a decrease in M2-20
and an increase in M2-30 and M3-30, with M3-30 show-
ing the highest value.

With regard to RMSE, Figure 2 (d), an increase in the
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number of experiments and complexity from M1-10 to
M2-10 resulted in a decrease in values similar to the pre-
vious case. However, there was an increase in RMSE at
M2-20, and a subsequent decrease until M3-30, which
corresponds to the lowest RMSE value.

According to these findings, the M3-30 would likely
be a viable option as it reported the highest R? and lowest
RMSE value. It is important to note, that for size the R?
values reported generally only showed changes around
their 3rd or 4th decimal place. Therefore, M2-30, would
also be a viable option, despite being the 3rd highest R?
value. Moreover, it had the lowest RMSE value.

Based on these findings, in both cases, rather sur-
prisingly, the M2-30 model was considered a good pos-
sibility, although it was not the first choice for size.
Therefore, using the same model is still a viable option.

Nevertheless. the most effective EM Model for po-
tency and size differed: M2-30 for potency and M3-30
for size. Thus, itis also likely that different responses may
not necessarily require the same EM Model. Still, the sug-
gested number of experiments is the same, which is in-
formative for future studies involving similar factors.

It is important to note that, as previously stated,
there was a notable disparity between size and potency
in R? values, with R? values for size being consistently
higher (around 0,97 to 0,99), in comparison to those for
potency (around 0,30 to 0,88). The reason behind these
results was also object of analysis.

This discrepancy could be attributed to the fact that
not all the responses, as previously stated, behave
necessarily equally, and may follow different
mechanisms, which may differ in their inner complexity.

Furthermore, the measurement systems may also
be more limited in some cases, inputting more uncer-
tainty in data, which is transferred to the model develop-
ment stage; this also may affect more extensively one
type of model than the other.

Moreover, the fact that

the models being
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Figure 2: Results of R? and RMSE according to the Estimated Models: (a) R? of potency (P) with and without noise;
(b) R? of size (S) with and without noise; (c) RMSE of potency (P) (units not referred in the original article [2]) with
and without noise (d); RMSE of size (S) with and without noise.
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considered in the RZmetric (EM Model and GS Model) are
structurally different could also be a possibility for this
discrepancy. This mismatch between them is due to the
fact, that the GS Model for potency was generated con-
sidering additional effects (e.g. PEGXPEGxN/P ratio,
HLXHLXPEG, emphasized in bold in Equation 3) along
with an intercept term, the same occurring in size for GS
Model. A portion of the equation of GS Model for potency
is shown below in Equation 3:

Potencygs = —4,6532 + 1,0608 X <69,134-3 +

0,3518 x (%) +0,0697 x (%) —1,8941 x
(IL-0,1) (SL-0,1) . ..
(O,T) +0,1734 x (O,T) + Ionizable lipid type +

N F—
0,0005 x (M) — 66,0252 X

(2o (220 () 757

(EE (e (00 g1,

() (555=) (s +

(PEG-0,01) ((PEG—0,01) . -
( 050 )( 050 )Iomzablellpldtype—164,3110><
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(PEG—0,01) ((PEG—0,01)\ [(N/pratio-10)

( 0,69 ) ( 0,69 ) ( 4 ) —103,2265 X
(PEG—0,01)\ ((PEG-0,01)

(BRSO (BEEDOD) (TFR - 2) - 1,1640

(722 (585 (2 s a5

() (o (o) .

1,3789 ((lL—O,l)) ((SL—O,l)) ((lL—O.l) B (SL—O,l))) 3)

0,69 0,69 0,69 0,69

As previously shown in Table 1 and Table 2, the GS
Model factors’ ranges differed from the ones considered
for the EM Model.

These conjectures were further analyzed and cor-
roborated through a comparison of the prediction profiles
of the GS Model for potency and size, with the prediction
profiles of the EM Models (M2-30 for potency and M3-
30 for size).

The predicted behaviour for size in the profiles for
the GS Model did not differ much when compared to the
M3-30. However, when comparing for potency between
the GS Model and M2-30, the M2-30 was not capable of
capturing completely the impact that certain factors held
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on the response behaviour (e.g. PEG and N/P ratio). Such
profiles for potency are shown below in Figure 3.

Potency GS
—

Potency M2-30

Nj’;ra;\c
Figure 3: Prediction profiles for potency in GS Model and
M2-30.

PEG HL IL SL

According to the findings, the proposed methodol-
ogy provides a better understanding of the number of ex-
periments and complexity of the models required for
each response, thereby preventing unnecessary ex-
penses. Furthermore, given that distinct results for each
response were obtained, our approach also points out to
the need to carefully tailor the DOE model case-by-case.
In summary, this approach has demonstrated potential in
addressing upfront challenges associated with the de-
sign space through in silico experiments to streamline the
development of the design space in real systems while
balancing cost-effectiveness and quality effectiveness.

CONCLUSIONS

In the preliminary study conducted to test the ef-
fectiveness of different DOE strategies, considering the
selected metrics (R? and RMSE), it was found that the re-
sponses (potency and size) were modelled with different
levels of accuracy according to the EM Models obtained.
From our findings, the main viable options considered
were M2-30 for potency and M3-30 for size. Therefore,
it is expected that for exploring the formulation space
with a similar number of factors, a number of experiments
of the order of 30 may be anticipated.

In the future, further research using different models
with varying factors, will be conducted, such as incorpo-
rating only the lipidic composition of three components
as factors, as it could substantially contribute to advanc-
ing the understanding of the models’ effectiveness,
thereby facilitating the future experimental application of
the DOE, and consequently pave the way for a more com-
prehensive QbD approach. Furthermore, the DOE meth-
odologies adopted in this study (optimal DOE) will be
compared with other Active Learning methods, such as
Bayesian Optimization, on their ability to efficiently reach
optimal values for the properties, or optimal compromises
between them.
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