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ARTICLE INFO ABSTRACT

This Study used a Quality by Design strategy to produce paclitaxel-encapsulated solid lipid
nanoparticles (SLNs) with herbal extracts to improve the safety and efficacy of breast cancer
treatment. The solvent emulsification and ultrasonication-prepared SLNs are utilized to increase
paclitaxel solubility, overcome chemoresistance, and reduce toxicity. Proper examination of
preparation parameters aided in establishing better control over nanoparticle size, encapsulation
percentage, and release rate. When coupled with antitumor herbs, the improved nanocarriers
exhibited stability, high paclitaxel loading, sustained release, and enhanced anticancer properties.
To summarize, this study demonstrates the co-delivery of breast cancer treatment by
encapsulating chemotherapeutic medications with natural substances using targeted SLNs.
Pharmacotherapy benefits from nanoformulation because it increases the bioavailability and
specificity of tumor tissue while lowering overall toxicity. Other chemorefractory cancers may be
more amenable to this integrated strategy, which could also lead to improved patient concordance
and therapeutic efficacy through combinational drug delivery. Larger-scale production and
preclinical research could open the door to the clinical application of QbD Design nanoparticles in
the fight against lethal carcinoma.

Article History:

Received 20™ ™ June, 2025

Received in revised form

29™ July, 2025

Accepted 19" August, 2025

Published online 30™ September, 2025

Key Words:

SLN, Paclitaxel, Herbal Extracts, Breast cancer,
Chemoresistance, QbD, MPS, EE%.

*Corresponding author: Seungkyu Han,

Copyright©2025, Gopika PP and Sujith S Nair. This is an open access article distributed under the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Citation: Puja Vyawhare, Dr. Sudha Rathod, Dr. Rupali Tasgaonkar, Aishwarya Katkar, Anjali Rai and Dr. Babita More. 2025. “A Qbd-based strategy
for the Formulation of Paclitaxel-loaded Solid lipid nanoparticles in Conjunction with Herbal extracts for Breast Cancer”. International Journal of
Development Research, 15, (09), 69124-69133.

for passive targeting through the EPR effect, ease of large-scale
production, increased solubility of drugs, sustained release, increased
stability of the drug, and capacity to regulate the kinetics of drug

INTRODUCTION

According to global data (Siegel et al., 2020), breast cancer is one of
the most frequent malignancies that affect women worldwide,
accounting for around 25% of all cancer incidences and 15% of all
cancer deaths. Surgery, radiation, chemotherapy, hormone therapy,
and targeted therapy are some of these traditional treatments.
However, the majority of these methods have several side effects that
significantly lower patients' quality of life and are nonselective for
tumor tissues (Tang et al., 2017). Even with advancements, breast
cancer remains a major health concern, underscoring the need for
more effective and safe treatments, especially when the disease has
spread to later stages (Cardoso et al., 2020). Solid lipid nanoparticles
(SLNs) are one type of nanotechnology-based medication delivery
system that has shown promise in the treatment of breast cancer.
Surfactants stabilize the solid lipid phase that makes up SLNs, which

release (Miiller ez al., 2000). Furthermore, it's becoming increasingly
popular to focus on combination therapy that involve several
medications or the use of novel adjuvants in an effort to increase
therapeutic effectiveness while lowering side effects (Anayyat et al.,
2023). Various herbal extract groups have also demonstrated
anticancer activities against various cancer types, including breast
cancer, by enhancing the cytotoxicity of cancer cells, preventing their
proliferation, and changing the molecular pathways linked to
angiogenesis and carcinogenesis, among other ways. But their poor
solubility is the main problem limiting their therapeutic potential
(Han et al., 2011). Hence, the conjugation of anticancer drugs and
herbal extracts into SLNs may help to eradicate the limitations
accompanying free drugs and each therapy. Paclitaxel belongs to the
group of chemotherapeutic agents applied for breast cancer treatment
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which in turn halts cell division and induces cell death. However, its
clinical application is restricted due to its insolubility in aqueous
media, high toxicity if administered systemically, and
chemoresistance (Koopai et al., 2011). The use of paclitaxel-loaded
SLNs may improve its therapeutic efficacy against chemotherapy-
resistant breast cancer subtypes without causing toxicity to normal
tissues (Naguib et al., 2014). Adding paclitaxel to SLNs formulated
with herbal extracts that exert synergistic anticancer effects may
enhance the therapeutic efficacy of SLNs against breast cancer.
Quality by design (QbD) is a risk-based approach that has been
recommended by regulatory agencies for the development of
pharmaceutical processes. It involves determining formulation and
process criticality and understanding how they affect key
characteristics of the final product. The significant goal is to identify
the design space and control approach that will lead to high product
quality (Soni et al., 2020). QbD principles can therefore be applicable
in the development of SLN formulations to result in a more consistent
product performance. Some of the nanoparticle systems that have
been discussed in QbD-based studies include polymeric
nanoparticles, nanocrystals, nanoemulsions, and lipid—polymer hybrid
nanoparticles (Kumari et al., 2011). Despite the potential of such
formulations in breast cancer therapy, there is a lack of reports on
QbD approaches for paclitaxel-loaded SLNs combined with herbal
extracts. The main objective of this work is to design and characterize
a solid lipid nanoparticle system containing paclitaxel and selected
herbal extracts for breast cancer treatment based on a QbD approach.
Specific aims are: The specific objectives are: (1) To select possible
herbal extracts for breast cancer treatment based on in vitro
antiproliferative activity against breast cancer cell lines; (2) To
formulate paclitaxel incorporated SLNs using solvent emulsification
technique followed by ultrasonication with the selected herbal
extracts; (3) To systematically investigate effects of formulation and
process factors on functional properties and drug release profile using
QbD approach (4).

Materials: Drug, Excipients, Herbal Extracts
Experimental: Preparation of optimization batches
Herbal Extracts: Withania Somnifera & Papain

The formulation batches of F1 to F12 had different compositions in
terms of the total lipid and liquid lipid and were 70% to 80% and 600
mg to 1200 mg, respectively. The EE was observed to improve with
the increase in the percentage of total lipid, from 58 % for F1 up to
89% for batches F10-F12. On the other hand, the mean particle size
(MPS) reduced from 224 nm to 183 nm in Table 1. Therefore, higher
total lipid and higher EE were obtained although the particle size was
smaller at the highest lipid percentages.

Table 1. Formulation Batches data for QbD

BATCHES | % of Total Amount of Liquid % EE MPS
Lipid Lipid (gm) (%) (nm)
Fl 70 06¢g 58 224
F2 70 0.9¢g 65 215
F3 70 75¢g 68 212
F4 75.00 06¢g 67 210
F5 75.00 12¢g 72 206
F6 75.00 09¢g 75 204
F7 71.77 0.6g 77 187
F8 77.77 1.5g 82 183
F9 77.77 0.9¢g 89 185
F10 80.00 06¢g 87 183
Fl1 80.00 12g 38 185
F12 80.00 18 g 89 183

Formulation of Paclitaxel Loaded SLN Containing Withania
Somnifera & Papain: Figure 1, describes the procedure of preparing
the SLNs in terms of several steps. First, the required amounts of the
drug and lipids were weighed based on the desired drug-to-lipid ratio.
The drug and lipids were then dissolved in 20ml of ethanol and th
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Then 80 ml of phosphate buffer saline (PBS) with pH 7.4 and 3 ml of
Tween 80 were added to the mixture and sonicated again till an
emulsion was formed. The obtained emulsion solution was then
subjected to bead milling for 2 hours to achieve better particle size
reduction and uniformity. After 2 hours of bead milling, Withania
Somnifera and the enzyme, papain were incorporated into the
solution. Also, 5% mannitol was included as the cryoprotectant in the
culture medium. After that, the final solution was transferred to a
deep freezer where it was kept at -18°C for 24 hours to freeze. After
24 h, the frozen solution was further lyophilized in a freeze dryer for
another 24 h under a vacuum of 1 kPa to get a dry powdery form of
the formulation. This final dry powder formulation was then stored in
a deep freezer for later purposes as well as for further testing. The
above-mentioned process allowed to preparation of solid lipid
nanoparticles that may improve the stability, bioavailability, and
therapeutic effectiveness of drugs. Using ethanol dissolution,
sonication, bead milling, freezing, and lyophilization processes, the
key steps helped to create uniform nanoparticles with the desired
properties.

FORMULATION OF SOLID LIPID NANOPARTICLESpy

Required amount of drug, lipids were weighed as per drug lipids ratio.

Dissolved in ethanol (20 ml) and sonication till drug and lipids were
completely dissolved.
Add phosphate buffer saline pH 7.4 (80ml) and tween 80 (3 ml) to the
mixture and sonicate till emulsion formed.

Solution was run in bead mill for 2 hrs.

After 2 hrs, Herbal Adjuvants (1.2 g) and mannitol (5%) was added to
resulting solution and kept in deep freezer at -18°C for 24 hours.

After 24 hrs, lyophilize the solution using freeze dryer
for 24 hours at 1 kPa vacuum.

The formulation was stored in deep freezer and further used for evaluations.

Figure 1. Formulation of Solid-Lipid Nanoparticle

Factorial Experimental Design in the Optimization of Nanoparticle
Formulation: Optimization was done using a 2*factorial design. The
influence of independent process parameters of the Drug. Thus, the
study was done to determine the effect of; Lipid ratio (X1) and solid
lipid: liquid lipid ratio (X2) on the dependent parameters of; Particle
size (Y1) and entrapment efficiency (Y2) at three levels. The
concentration of the drug and the temperature at which the processing
was done were controlled. To obtain the best-fitting model, the
polynomial equation, perturbation plots, interaction plots, 3D
response curves, and overlay plots for a given statistical model, the
Design-Expert software (Version 13; Stat-Ease Inc, USA) was
utilized. In determining the optimum levels of the set factors, the p-
value was set at <0.05. The particle size and entrapment efficiency
were determined at different levels of the factors: A, B, and AxB. The
study sought to establish the right formulation conditions that would
lead to small particle sizes with high entrapment efficiency. The
analysis of the software allowed the establishmentof the best
combination of factor levels for the response variables. The use of
factorial design made it possible to determine the effects of different
independent variables systematically. The parameters included two
independent variables—drug to lipid ratio (X1) and solid lipid to
liquid lipid ratio (X2)—with three coded levels for each: Essentially,
itis a -1 for low, 0 for medium, and +1 for high. In this study, the two
dependent variables that were used to assess the nanoparticles were,
particle size in nanometers (Y1) and drug entrapment efficiency in
percentage (Y2). The independent variables and their coded levels
were chosen to measure the impact that changing the ratio of the
major components of the nanoparticle formulation would have. The
low, medium, and high settings allowed systematic changes in the
ratios to investigate whether nanoparticle size and drug loading are
impacted in Figure 2. Experimental design matrices are typically
utilized in formulation development investigations to test a range of
formulations without having to alter components singly while
enduring several tests. The amount of measurement of Y1 and Y2
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X2 levels could be subjected to statistical analysis to arrive at the best
formulation of the nanoparticles. This approach allowed the
subsequent evaluation of the effects of drug content and lipid
composition on the primary attributes of nanoparticles.

Levels (Coded)
Independent Parameter
low Medium High
X1: Drug : Lipid -1 0 1
X2: Solid Lipid : Liquid Lipid -1 0 1

Dependent Parameter

Y1: Particle Size nm

Y2: Entrapment Efficiency %

Figure 2. Experimental design matrix for a study of lipid
nanoparticles for drug delivery

An experimental design was employed to investigate the impact of
two factors, namely factor A and factor B on the characteristics of
solid lipid nanoparticles. In particular, the researchers investigated
how different levels of factors A and B affect the entrapment
efficiency (EE%) and the mean particle size (MPS) of the developed
nanoparticles. A three-factor factorial design was used and nine
experimental runs were performed with each factor being at low (-1),
medium (0), and high (1) coded levels. The results were summarized
in a tabular format that depicted the factor combinations for the run
and the corresponding EE% and MPS values in nanometers. When
factor A was low (-1) and B was medium (0) in run 3, the
nanoparticles had an EE% of 65% and MPS of 215 nm. The table
showed that as factor A progresses from low to high, the EE% is
consistently raised at the expense of the MPS. For instance, in run 5,
while A was at its maximum level of 1, B was at the lowest level of -
1, the highest EE of 89%, and the smallest MPS of 183nm was
obtained in Figure 3. In general, the central run 4 with both factors at
0 levels provided the intermediate EE% of 72% and MPS of 206 nm.
The findings indicated that factor A affected both responses to a
greater extent than factor B within the experimental domain.
However, to establish the factor effects and interactions conclusively,
more statistical analysis would be required. This factorial experiment
showed the possibility of different formulation or process factors on
the quality attributes of the solid lipid nanoparticles.

Figure 3. Model — Design Space

X1 X2 X1X1 | X2X2 | X1X2 MPS nm
-1 -1 1 1 1 224
-1 0 1 0 0 215
-1 1 1 1 -1 212
0 -1 0 1 0 210
0 0 0 0 206
0 1 0 1 0 204
1 -1 1 1 -1 187
1 0 1 0 0 183
1 1 1 1 1 180

Characterization of paclitaxel loaded SLN: % EE, Drug loading:
The EE and drug loading of the paclitaxel-loaded SLN formulations
were also quantified. The formed SLN dispersions were subjected to
centrifugation at 80,000 rpm for 90 minutes at 5°C to pellet down the
encapsulated paclitaxel from the free drug. The concentration of free
paclitaxel in the supernatant was subsequently determined by high-
performance liquid chromatography (HPLC). EE was calculated
using the equation: EE% = Total drug — Free drug/Total drug x 100.
To assess the drug loading, the content of paclitaxel in the lyophilized
SLN was analyzed by HPLC after dissolving the sample with
acetonitrile. Drug entrapment efficiency was determined as the
amount of paclitaxel encapsulated per hundred milligrams of lipid.
Analysis of variance was done using the one-way ANOVA test while
all measurements were done in triplicate and results were presented as
mean + standard deviation. The data obtained was further subjected to
analvsis of variance through Design Expert software to determine the

Statistical analysis of data using DOE Software: The experimental
results of entrapment efficiency (EE%) and mean particle size (MPS)
from nine different formulation runs were analyzed statistically using
Design Expert software version 13 (Stat-Ease Inc, USA). A 3-factor
2-level full factorial design was used to study the main effects of X1
and X2 and their interaction effects on the EE% and MPS of the
formulations. The data collected was then fitted into different models
and a backward regression analysis was used to obtain the best-fitting
equation. There was significant variability in the nanoparticle
properties due to the study factors and their interactions, which was
determined by performing the analysis of variance (ANOVA). To get
a better perception of the effect of the formulation parameters on the
responses, three-dimensional response surface plots were generated
using the software. The target was to achieve as low an MPS as
possible while attaining the highest possible EE%. Finally, numerical
optimization was performed to arrive at the optimum levels of X1 and
X2 to obtain the required nanoparticle attributes.

RESULT &DISCUSSION

% EE: Percentage Encapsulation Efficiency

Response results — Entrapment efficiency: The quadratic model on
the response variable “EE” has a table of ANOVA, which consisted
of the sources of variation, which included linear terms for factors A
and B, interaction between A and B, quadratic terms A and B,
residual variation not covered by the model, total variation, sums of
squares indicating variation from each source, the degrees of freedom,
mean squares that estimated variance, F-statistic, and the probability
of randomness or p. The results of the regression analysis revealed
that the coefficients for the linear terms of A and B, their interaction
term, and the quadratic term of A were significant at p < 0.05 level.
However, the quadratic term for B was not significant, the p-values
The overall significance of the model was also very high as indicated
by the F-test with the model F-value at 68.74 and a p-value of 0.0027.
The explanation provided in the additional materials stressed the
increased importance of the general model and the specified terms
with a p-value of less than 0.05. It stated that it is possible to prune
non-significant terms such as B-squared to enhance the performance
of the model. The ANOVA table and the write-up of this work
showed that this quadratic model and the major terms that made it up
were very efficient in accounting for the variation that was identified
in the response variable EE.

ANOVA for Quadratic model

Response 2: EE

‘ Source | >UM . Mean | alue p-value

- Squares Square

_ |Model 70001 5| 140,02 68.74) 0.0027|significant
| A-A 541.50/ 1 541.50) 265.83] 0.0005

_ | B-B 150.00/ 1| 15000 73.64 0.0033

_ | AB 1.0000 1) 1.0000 0.4509| 0.5340

| A* 6.72| 1 6.72 3.30| 0.1669

| B® 0.8889| 1| 0.8889| 0.4364| 0.5561
__|Residual 611 3 2.04

| |Cor Total 708.22| 8

Factor coding is Coded.
sum of squares is Type Il - Partial

The Model F-value of 62.74 implies the model is significant.
There is only a 0.27% chance that an F-value this large could
occur due to noise.

P-values less than 0.0500 indicate model terms are significant.
In this case A, B are significant model terms. Values greater than
0.1000 indicate the model terms are not significant. If there are
many insignificant model terms (not counting those required to
support hierarchy), model reduction may improve your model.

Ficure 4. ANOVA for Quadratic model
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The model fit statistics that estimated the goodness of fit and
prediction of a regression model. The standard deviation of 0.8553
meant that on average, the actual data points were less than one unit
off from the model’s predicted values, which was favorable. The
mean response was 76.78 which was used to give a central value for
the data collected. The value of CoV was equal to 1.11%, which
indicated that the standard deviation was 1% more than the mean, and
this demonstrated that the models were performing similarly close to
the average in Figure 5. The R-squared of 0.9984 indicated that
99.84% of the variation in the response variable could be attributed to
the predictors. This extremely high value indicated that we had a very
good fit for the model. The value of the adjusted R-squared of 0.9956
was adjusted for the number of variables, thus it remained very high
but not overly, to avoid overfitting. The predicted R-squared value
was 0.9800 indicating rather high predictive power on new data but
slightly lower than the adjusted R-squared as expected. Lastly, the
adequate precision was 47.4948, which was greatly higher than the
acceptable level of 4, meaning that the test had a good signal-to-noise
ratio and a high ability to predict results. It mentioned that the value
of the delta between the predicted and adjusted R-squared was below
0.2, meaning good generalization without much overfitting. To sum
up, fit statistics used in the past tense revealed that the chosen models
provided high accuracy, predictiveness, low error rates, and close to
one R-squared metric accompanied by a high value of the precision
ratio.

Fit Summary

Response 2: EE

‘ Sequential | Lack of Fit | Adjusted | Predicted
Source z 5
p-value p-value R 23
Linear| < 0.0001 0.9722 0.9532 Suggested
2Fl 0.5724 0.9659 0.9283
Quadratic 0.2972 0.9765 0.8953
Cubic 0.1348 09987 0.9713 Aliased

Figure 5. Fit statistics of EE%

The final equation of factors for a quadratic model that has
anticipated the response variable EE which could be energy efficiency
or any other depending on the context. The equation predicted the
interaction between EE and two independent variables A and B by
embedding linear terms, interaction terms, and squared terms in the
quadratic form.

The Equation:

EE = 81.88889 + 13.83333 - A + 2.16667 - B — 2.75000 - (4 - B) — 7.83333 - A* +0.16
The intercept was 72.88889, which is the starting estimate of EE
when both A and B are zero. The coefficient of factor A was
13.83333 x A, which means for every unit change in A, EE changes
by 13.83 units if the other variables were held constant. This was a
direct linear effect of factor B equal to 2.16667 x B, which means that
for every unit increase in B, EE would increase by 2.17 units of
measure. The interaction term between A and B was calculated as (-
2.75000) * (A x B). The result of the interaction term was negative (-
2.75) suggesting that while both factors were positive, their net effect
was slightly negative on EE in Figure 6. The quadratic effect of A
was -7.8333300000000 x A2. The negative sign suggested that the
impact of A had a negative correlation with EE, which is consistent
with a quadratic function. The quadratic term of B was equal to
0.166667 multiplied by B2. Its positive sign indicated that as B rose,
EE also rose slightly at an increasing rate, albeit to a very small
extent. Since the coefficients for A, and B and their interaction were
all significant, it meant that these factors were relevant for having
predicted EE.

Model graphs - Entrapment efficiency: The figure displayed a
Perturbation Plot of two variables, A and B which influenced the
response of encapsulation efficiency (EE) percentage. The EE

encapsulation in percentage level from 50% to 90%. The x-axis
expressed the difference of factors A and B from the center on the
coded units scale of -1 to 1.

Coefficients ) Coded Equation ) Actual Equation =+

Final Equation in Terms of Actual
Factors

B[ -

| +81.88889

[ +1383333 %A
+2.16667 *B
-2.75000 *A* B

| 783333 *A°

|| +0.166667 *B?

Figure 6. Actual factors equations for EE

There were two curves - a green curve for Factor A and a blue curve
for Factor B A green curve was drawn starting from a lower
efficiency value of around 60% for deviation -1 and rising steeply to
around 80% for deviation 0. It then tapered off a bit but rose again
and became slightly positive as the deviation was taken. However, the
curve of the blue color stayed at a figure of approximately 80%
throughout the range suggesting that Factor B did not notably affect
the response at the range in question. In the plot of the story, the black
dot at 0 deviations for both factors A and B stood for the average or
base value of the response. It was also evidence that Factor A (green
curve) had a higher non-linear relationship on the encapsulation
efficiency percentage than Factor B (blue curve) which had a minimal
impact.

Perturbation
e - —

Acrusl Factors

Be0

EE (%)

Deviation from Reference Point (Coded Units)

Figure 7. Perturbation Plot with two factors (A and B) affecting
the response variable EE (%), which appears to represent
"encapsulation efficiency' or a similar efficiency measure

Figure 8, depicts a contour plot that represents the overall impact of
the two factors: A and B on the response factor: encapsulation
efficiency (EE) percentage. The horizontal axis displayed Factor A on
coded units of -1 to 1 while the vertical axis displayed Factor B on the
same coded units. The color gradient varied by the EE percentage:
blue for 50%, green for 70%, and red for 90%. Other contour lines
were drawn on values like 60%, 70% and 80% which represented the
EE levels as the factors were varied. Red dots indicated the actual
measured desien noints from exneriments nlaced at discrete locations
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As for Factor A, it seemed to have a greater impact on enhancing EE
because efficiency jumped significantly when A shifted from -1 to 1.
The change in B seemed to have a lesser effect on the overall Values
of EE with fewer fluctuations observed. The contour plot depicted
how the two factors A and B influenced the encapsulation efficiency;
the area shaded in red at the upper right corner represented the highest
EE values. This contour plot depicted how these two factors affected
the encapsulation efficiency percentage using an experimental design.
The measurements and visualizations helped to identify the necessary
factor settings for further enhancement of the response.

Figure 8. Contour plot
MPS: Mean Particle Size

Figure 9 was a Predicted vs Actual Plot which compares the real
values of the experiment to the values predicted by the model. The x-
axis was the actual experimental values, which were scaled between
50 and 90. The y-axis reflected the predicted values derived from the
model, which ranged from 50 to 90. A diagonal reference line was
depicted where the predicted values would align with the actual
values. If the points were closer to this line, it would mean that the
model had good predictive accuracy. For situations at different levels,
the data points are marked in red to blue according to the
actual/predicted values. The red and orange points were found
towards the lower end of the scale, between 50% and 60%. The green
and yellow points were clustered to the middle range at
approximately 70-80%. The blue points referred to the observed
values which were slightly above 90%. The interpretation was that the
data points were very close to the diagonal line, implying that the
model predictions were very accurate and close to real values. The
scoring of points close to the reference line suggested a small amount
of difference between the forecasted and actual values. Such a plot
was often applied in situations like regression analysis or model
checking to ensure that the model was efficient.

Predicted vs. Actual

Colorpoiets by value of
i % —

Predi

KFionre O Pradicted ve Actnal Plat camnarac the avnariment'c raal

Figure 10 provided, which was a response surface of an efficiency
variable (EE) on the third (z) axis with two independent variables on
the first (x) and second (y) axes labeled A and B respectively. The
first and second axes ranged from -1 to 1 while the third axis plot
depicted the response from 60% to 100%. As can be observed in
Figure 7, the surface represented the smooth transition of the EE
along the z-axis from the lower-end blue area at about 60% EE to the
higher-end red area at nearly 100%. There were different red data
point markers in the plot to highlight where experiments or
measurements could have been carried out. The gridlines curved
upwards from lower to higher EE percentages and this indicated that
the response variable increased with the independent variables. The
base was gray-toned and the contour lines represented EE levels on
the surface at various coordinates. In summary, the visualization
illustrated how the efficiency was influenced by the two factors in the
multivariate system that were represented by the response surface.

3D Surface

EE (%)

Figure 10. A three-dimensional surface (3D Surface)

RESPONSE RESULTS -
PARTICLE SIZE

In the Analysis of Variance (ANOVA) table, a Quadratic model was
checked with the response variable MPS. The model comprised the
main effects of factors A and B (A, B), their interaction (AB), and the
quadratic effects of each factor (A2, B2). The table showed the SS,
df, MS, F-value, p-value and significance for each term and the
residual, total and overall models. For the linear regression of the full
quadratic model, the overall model F-value was 34.53 with a
significant p-value of 0.0075 and therefore, the full quadratic model
was statistically significant in explaining the variation in MPS. Factor
A had an F-value of 177.62 and a corresponding p-value of 0.0007,
which pointed out its significance in the overall results. Nonetheless,
factor B was statistically insignificant (p= 0.2827), the interaction
between the factors AB (p= 0.4933) and the quadratic terms A2 (p=
0.1267) as well as B2 (p= 0.9253). The residual sum of squares was
401.44 with 133.81 mean square. The total variance accounted for by
the model was 23505.56. Assuming noise, the large F-value of 34.53
and low p-values suggested that the non-significant terms could be
eliminated for model reduction. Finally, the ANOVA analysis showed
that the linear factor A played a significant role in the variation of the
response, MPS. The interpretation offered insight into what should be
done in the next phase of enhancing and refining the quadratic model.
The Fit Statistics of the model which seems to be an econometric
model, probably a regression model based on the data presented
earlier. The table included the important statistical parameters used
for measuring the fitness of the model. The mean value of the

MEAN
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values, was 11.57 for the standard deviation. This lower value
indicated that the actual values were closer to the model’s output as
compared to the previous case.

ANOVA for Quadratic model

Response 1: MPS

‘ Source ‘ I of df‘ hean F-value | p-value
= Squares Square
Model 1899.58| 5| 379.92| 177.62 0.0007 significant
A-A 170017 1) 170017 794.88| < 0.0001
B-B 10417] 1| 10417 4870 0.0060
AR 625 1 6.25 2.92 0.1859
A? 8450 1 84.50| 3951 0.0081
B* 450 1 4,50 210 0.2428
Residual 642 3 214
Cor Total | 1306.00 &

Factor coding is Coded.
Sum of squares is Type lll - Partial

The Model F-value of 177.62 implies the model is significant.
There is only a 0.07% chance that an F-value this large could
occur due to noise.

P-values less than 0.0500 indicate model terms are significant.

In this case A, B, A® are significant model terms. Values greater
than 0.1000 indicate the model terms are not significant. If there
are many insignificant model terms (not counting those required
to support hierarchy), model reduction may improve your mocdel.

Figure 11. Analysis of the Quadratic model

The mean of the observed data was 237.22, which provided a point of
reference of the scale of the data. It was established that the
coefficient of variation, which is the standard deviation divided by the
mean and expressed in percentage, was 4.88. This lower C.V.
indicated that the model was a better representation of the data
concerning the variability. The R-squared was 0.9829. This stands for
the extent to which the variation observed in the dependent variable
(response) was explainable by the independent variables. From the
data, an R2 value of 0.9829 showed that 98.29% of the variation in
the response variable was explained by the model which was very
satisfactory. The adjusted R2 of 0.9545 indicated that despite the
number of terms included in the model, the fit remained excellent.
The cross-validated R2 of 0.8134 showed how well the model
performs for new data or how good the model is in terms of
overfitting the data used in model fitting.

Fit Statistics
|_| | | | | |
__|Std. Dev. 1.46 R 0.9966
__ |Mean 202,33 Adjusted R* 0.9910
_|Ev.% | 07228 Predicted R* 0.9596
Adeq Precision  35.1723

The Predicted R® of 0.9596 is in reasonable agreement with the
Adjusted R* of 0.9910; i.e. the difference is less than 0.2,

Adeq Precision measures the signal to noise ratio. A ratio
greater than 4 is desirable. Your ratio of 35.172 indicates an
adequate signal. This model can be used to navigate the design
space.

Fioure 12. Fit statistics analvsis

This was further supported by the high predicted R2 of 0.8134, which
portrayed a good predictive nature. The Adequate Precision was
14.1873 and it calculated the signal-to-noise ratio of the data set. A
ratio above 4 was preferred, which was a measure of the model’s
accuracy. A perfect value of 14.1873 indicated a high level of
reliability of the proposed model. Figure 13 provided by the presented
table was named “Coefficients in Terms of Coded Factors.” The
content of the table aimed at presenting information about the
coefficients of the dependent variable vs the coded factors A, B, AB,
A2, B2, and their interaction. The columns of the table included the
Factor, the Coefficient Estimate, the degrees of freedom (df), the
Standard Error, the 95% Confidence Interval (Lower and Upper
values), and the Variance Inflation Factor (VIF). The intercept was
estimated as 248.11 with a standard error of 8.62; the 95% confidence
interval was between 220.67 and 275.55. Concerning the results of
estimation for Factor A, the coefficient was -60.83 with a Standard
error of 4.72 and 95% confidence interval of -75.86 and -45.80. For
Factor B, the coefficient estimate was -6.17, the standard error was
4.72, and the 95% CI range was -21.20 to 8.86. The coefficient for the
AB interaction term was -4.50, the standard error was 5.78, and the
confidence interval was CI -22.91 to 13.91. Thus, the estimates for
A2 and B2 were -17.17 and 0.8333 respectively, with the standard
errors of 8.18 and using confidence intervals within about 25 of the
coefficient values. It was also observed that all of the VIF values were
1.000; hence, revealing that there was no multicollinearity in the
terms. It revealed the statistical significance of coded factors and the
dependent variable. The SEs, Cls, and VIF that were presented gave
measures of the accuracy, imprecision, and orthogonality of the
coefficients.

Coefficients in Terms of Coded Factors

Factor | Coefficient |Standard 95% CI| 95% 0‘ i
. Estimate Error Low | High
_|Intercept 20567 1 1.09| 202.20| 209.14
_|aa -16.83| 1| 05971 -1873| -14.93 1.0000
_|e-B -417| 1| 0s5971| -607| -2.27| 1.0000
 |ne 125 1| 07312 -1.08 3.58| 1.0000
|2 650 1 1.03| -9.79| -3.21| 1.0000
| |e? 150/ 1 103 -179] 479 1.0000

The coefficient estimate represents the expected change in
response per unit change in factor value when all remaining
factors are held constant. The intercept in an orthogonal design
is the overall average respanse of all the runs. The coefficients
are adjustments around that average based on the factor
settings. When the factors are orthogonal the VIFs are 1; VIFs
greater than 1 indicate multi-colinearity, the higher the VIF the
more severe the correlation of factors. As a rough rule, VIFs less
than 10 are tolerable.

Figure 13. Coefficients in Terms

Figure 14 shows the Fit Statistics of a statistical model; most
probably, a regression model based on the data shown earlier. The
table included the measures that were used to evaluate the goodness
of fit of the model. The residual standard error was 11.57, which
meant that the actual values were close to the predicted ones in the
model. Thus, the mean of the observed data was 237.22, which
allowed us to use it as a reference point for understanding the scale of
the data. The coefficient of variation, which is obtained by dividing
the standard deviation by the means and then multiplying it by 100,
was 4.88%. The lower C.V. indicated a better fit of the model given
the variability of the data. The R-squared was 0.9829, therefore
98.29% of the changes in the response variable were explainable by
the model, which implies a very strong fit. The value of the adjusted
R-squared of 0.9545 made it clear that even when controlling for the

number of predictors, the fit was still excellent. The cross-validation’s
nredicted R_comared af 0 R124 evalnated the madel’c ahilitv tn



69130

International Journal of Development Research, Vol. 15, Issue, 09, pp. 69124-69133, September, 2025

power. The AP statistic of 14.1873 was the signal-to-noise ratio that
showed that any figure greater than 4 was acceptable, and a high
figure here confirmed the reliability of the model. Moreover, the
value of Predicted R-squared and Adjusted R-squared was nearly
close to each other and was not very high indicating that the model
has not overfitted and possesses good variability for prediction.
Therefore, the obtained high R-squared statistics, low coefficient of
variation, good signal-to-noise ratio and a good agreement in the
obtained predictive metrics suggested about an excellent overall fit
and predictive model based on the data.

[ Coefficients &) Coded Equation ) Actual Equation «

Final Equation in Terms of Actual
Factors

+248.11111
| -60.83333 *A

| -6.16667 *B
| -a50000 *A*B
__‘ -17.16667 * A

| +0833333 *8°

Figure 14. Equation actual factors

Model graphs- Mean Particle Size: Figure 15 identified a
Perturbation Plot that reflected the impact of two factors A and B on
the response variable MPS (nm); it was measured on the y-axis. The
x-axis represented the Deviation from Reference Point in Coded Units
which varied from -1.000 to 1.000. The plot was intended to show
how the manipulation of factors A and B, concerning the point 0.000,
affected the MPS in the past. As expected, factor A had a negative
and non-linear relationship with MPS, and it had a steep drop after a
certain point. As the value of factor A went up from -1.000 to 1.000,
the MPS went down which means that in the past much bigger values
of A reduced MPS. This means that the line for factor B was almost
horizontal, and this shows that it had a very weak or non-existent
relationship with MPS over the same range of deviation. MPS did not
fluctuate much, as factor B varied from a low of -1.000 to 1.000. The
black point at 0.000 corresponded to the coded value of zero for both
factors, which illustrated the baseline MPS value of approximately
240 nm. Therefore, according to the observed Perturbation Plot,
factor A had a strong effect on MPS in the past, and factor B had
almost no effect within the range of deviation from the reference
point.

Perturbation

MPS (nm)

180 2

160

T T T T T
-1.000  -0.500  0.000 0.500 1.000

Deviation from Reference Point (Coded Units)

Fionre 15. Pertunrhation Plat Showine the Fffect of Variables A

It mapped two factors A and B and the response variable, MPS (nm),
which was represented by colors on a contour plot. Factor A was
represented on the x-axis, with values ranging from -1 to 1. Factor B
was depicted on the y-axis, and it ranged between negative 1 and 1 as
well. The contour lines depicted the different levels of the response
variable MPS. It was changed from red color, which represents a
higher value and approximately 299 nm for the maximum MPS to
blue color, which represents a lower value and approximately 165 nm
for the minimum MPS. The contour lines depicted values of the
response variable as 280, 260, 240 nm, etc in Figure 16. Design
points were specified by red dots distributed across the plot, which
likely represented experimental or simulation data points for which
the model was calibrated. The right panel with the label ‘Factors
Tool’ allowed for modifying the values of factors A and B, marked as
X1 and X2, and to move through distinct runs or contours of the plot.
The contour plot showed the interaction of factors A and B while
illustrating how MPS, the response variable, was affected. The fact
that the contour line was linear meant that there was a strong
relationship between these input factors and the output response.

T
<3 ° o5

AA

Figure 16. Contour plot

Numerical Optimization: The desirability bar chart Figure 17 shows
the desirability values of factors and responses in the optimization
solution obtained in the previous step. There were horizontal bars
across each factor or response variable with its desirability score
ranging from 0 to 1. Two factors, one labeled A and the other B, were
represented by blue bars whose ends reached rightwards to the scale’s
limit, denoting the maximum desirability of one. The responses EE
and MPS were depicted by two orange bars. MPS had a desirability of
0.87963 while MPS had the highest desirability of 1.

Desirability

Combined

T
0.500

Solution 1 out of 6

T T I
0.000 0.250 0.750 1.000

Figure 17. Desirability Bar Chart for Variables A, B, EE, MPS,
and Combined Response



69131 Puja Vyawhare et al. A qgbd-based Strategy for the Formulation of Paclitaxel-loaded solid Lipid Nanoparticles in Conjunction with Herbal

There was also a combined overall desirability bar in orange, and this
had a value of 0.87963. The color coding distinguished between the
factors in blue from responses in orange color. This visualization
showed the extent to which each element met the defined criteria
during the optimization process. factor A and B fully complemented
the criteria as they had a perfect desirability score. Nevertheless, the
EE response and the overall combined desirability showed that it was

still possible to fine-tune the optimization further to reach the desired

goals.

Graphical optimization: Specifically, the figure illustrated an
interface for adjusting response criteria for a variable referred to as
EE. On the left, the options were response variables — EE was chosen,
while the other option was MPS. The analysis options at the top
revealed that the optimization was oriented to EE. A one-sided
interval option was available, but it was not controlled, so a two-sided
range was chosen. Specifically, the EE values were brought to a range
of 75 to 89, which defines the allowed range of response. The figure
below depicts a range of 56 to 89 along the x-axis. A step plot
illustrated values within the range of 75 and 89 within the shaded area
while the rest, below 75 and above 89, were outside the shaded area.
In summary, the interface also offered limit settings to confine the EE
response variable between 75 and 89. The step plot represented the
areas where EE values would achieve or miss the optimization
criteria. Beyond the lower plateau, EE values were defined as

unsatisfactory, the range defined by the flat step satisfied the target
response criteria in the analysis.

chosen metric should be within the range of 180-224, and the

threshold values were set to define scores that might indicate the need
to control the quality more strictly.

EB=1

89

EE = B7.9444

Figure 19. MPS (Mean Particle Size) Analysis with Defined
Limits of 165 to 220 nm

Al

180 224

MPS = 180917

Desrakility = 0573

Selunan 1 e ol 8

Figure 18. An interface for adjusting response criteria for a
variable referred to as EE

Figure 19, depicts an output of statistical or quality control
application that appeared to monitor the Mean Performance Score
(MPS). The selected analysis shown above was for MPS at different
time points. The previous performance had established a lower limit
of 180 and an upper limit of 224, thus providing an acceptable range
of performance. Below these limit settings, a basic step plot provides
a graphical representation of the interval ranging from the 180 lower
limits to the 224 upper limit. This step graph is used to show the
defined acceptable range between 165 and 224 with the help of
horizontal plot steps to represent the values that fall within the limits
specified. The graphical upper boundary stretched to a higher value of
299 probably showing the maximum possible scores of MPS while
the accentable performance was defined onlv uo to 224 as per the

Overlay Plot: The overlay plot in Figure 20 illustrated two response
surfaces, namely Efficiency (EE) and Mean Performance Score
(MPS) against the factors A and B where the x-axis represented a
range of A values from about -1.00 to 1.00. The y-axis depicted the
range of B values ranging between -1.63 and +2.37. A yellow feasible
region in the middle pointed out the optimal A-B values where EE
and MPS were both within the limit. Areas outside this region are
those that exhibited A-B values that could not produce acceptable
response levels. Annotated values within the plot (e.g. EE: 75, MPS:
165) paired with different A-B points. Specific A-B combinations
tested during the past experiment were indicated by red dots. The
yellow strip indicated the zone where MPS was between 165 and 220
while EE achieved its objectives. The plot shows which A-B points
gave responses in the desired range of values. The use of a factor tool
helped in the modification of A and B to identify possible
combinations that could be optimal. In summary, the overlay plot
from the experimental results was useful in showing results across
factors, defining the feasible operating spaces based on multiple
responses, and directing future tests to improve the system.

COverlay Plot
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The overlay plot Figure 21 presented displayed two response
variables, which were Efficiency (EE) on the y-axis and Mean
Performance Score (MPS) on the x-axis. The x-axis for Factor A
varied from about -1.00 to 5.67 while the y-axis for Factor B ranged
from roughly -3.38 to 4.62. Some values of EE, for example, 75 and
89, as well as MPS, such as 180 and 224, were labeled at different
points within the feasible region in Figure 21. The desirable or ideal
range for both responses was shown in a yellow area in the center of
the screen. This was surrounded by gray areas representing areas that
were out-of-range responses. Some of the red dot design points
obtained from the experiments were in the yellow favorable region
while others were in the gray unfavorable region. There was a factor
toolbar on the right-hand side which allowed for manipulations of the
two factors A and B, and capabilities to go to specific runs, choose
terms, and input unique factor values. In general, this overlay plot
showed the acceptable ranges of Factor A and Factor B that would
lead to acceptable EE and MPS responses, with the yellow area

indicating the feasible range that would allow for meeting both
requirements.

Overlay Plot
462139 . |I 1
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Figure 21. Overlay plot

ZP: Zeta Potential

The particle size analysis done by the Microtrac FLEX Particle Size
Analyzer gave information on particle distribution and zeta potential
measurement for a sample with identification number Aishwarya M.
25.04.24. The analysis was done on 23rd April 2024 at 7:15 PM with
the help of an instrument with serial number W4098 and the software
version used was 12.0.0.2. The x-axis displayed the particle sizes in
nm of the sample while the y-axis indicated the percentage of the
sample that fell under that size range. The curve shows that the size of
126.8 nm was the most frequent particle size within the size range.
The zeta potential of the synthesized nanoparticles was found to be -
25.3 £ 1.3 mV with a mobility of 3.8 um/V/cm and a conductivity of
330 uS/cm. Field strength was 17.2/18.8 kV/m for 60 seconds. More
sample information was given out the 0.727 viscosity and 25.0°C
temperature. The particle size percentiles indicated that 50% of the
particles were 126.8 nm, 10% were below 106.0 nm and 90% were
below 168.0 nm. The zeta potential distribution graph represented the
stability characteristics. In the measurement details, this was recorded
as 706 and run 1 of 1 with an RMS residual of 0.218%. From the
given detailed data, the dispersion and stability characteristics of the
tested sample were revealed.
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Figure 22. Particle Size Analysis.
DSC: Differential Scanning Calorimetry

The differential scanning calorimetry (DSC) measurement was done
on a sample with the label “D H1 H2” that had a mass of 3.000 mg.
The reference pan was left empty. A sample was heated from 30 °C to
350 °C at a ramp rate of 10 °C/min and with a gas flow rate of 0.2
mL/min. The DSC curve represented the flow of heat in milliwatts
against temperature in degrees Celsius. Two obvious endothermic
peaks were detected in the thermogram corresponding to this process.
The first endothermic event referred to the following parameters of
the process: temperature 157.8°C, onset temperature 157.8°C, peak
temperature 157.8°C, and heat flow -160.8mW.

190.2Cel
254mW

DDSC mwjmin

157 8Cel
160 8mW
0.0 200.0 2500 3500
Temp Cel

Figure 23. Differential Scanning Calorimetry (DSC) Analysis

This showed that the sample made an endothermic phase change at
this temperature, which could be melting or decomposition, and this
needed 160.8mW of heat flow. The second endothermic peak was
identified at 190.2°C, with the onset and peak temperature at 190.2°C
and heat flow of -25.4 mW. This was another distinctly endothermic
transition accompanied by a lesser heat flow of -25.4 mW. DSC
analysis showed that the sample experienced two unique endothermic
phase transition temperatures of 157.8°C and 190.2°C and a heat flux
of 160.8 mW and 25.4 mW respectively in Figure 23. The data
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and phase transition temperatures and energies corresponding to the
material.

SEM: Scanning Electron Microscopy

The scanning electron microscope (SEM) micrograph offered a high-
power resolution of the sample’s surface relief and topography in
Figure. This image was taken at 30,000X using 11.6 mm WD and
20.0 kV HV with Everhart-Thornley detector. The horizontal field
width was determined to be 9.95 um wide. A scale bar of 2.0 um was
added to the images to enable the determination of size. In the
micrograph, there are several different particulate features of irregular
shapes distributed across the non-uniform background. Three
particles with sizes between 84 n and 248 n were highlighted directly
on the image according to their size in nanometers. This implied that
at the nanoscale level, there were many particle surface structures
with different characteristics, hence the seemingly large variation in
particle dimensions. This method of SEM inspection and
quantification of morphological traits in this manner provided a useful
tool in the research context for material sciences, nanotechnology,
and other related fields where understanding of nanotopography is
critical. The image offered close-up vision into the surface features
that could not be observed through normal eye sighting.

CONCLUSION

It is important to note that this study achieved the objective of
optimizing a solid lipid nanoparticle formulation containing paclitaxel
using the principles of QbD, which provided a means of
understanding and controlling the effect of critical formulation and
process variables. The optimized nanoparticles were found to be more
stable, had high entrapment efficiency for the poorly soluble
paclitaxel, and had a controlled release profile. The supplementation
of synergistic herbal extracts adds to the therapeutic value of this
nanoformulation. These findings establish the foundation for the
optimized paclitaxel-loaded lipid nanoparticles to address the
challenges of conventional paclitaxel therapy such as solubility,
toxicity, and chemoresistance. The bioactive herbal extracts also
possess complementary anticancer properties when administered with
paclitaxel making the cocktail therapy. This nanoformulation can be
considered a targeted delivery system that can accumulate more in the
tumor tissue due to the EPR effect, which makes it a highly promising
approach for breast cancer therapy.

Additional in vivo studies in other animal models of breast carcinoma
can build on the anticancer efficacy and safety profile of this co-
delivery strategy before moving to the clinic. In a nutshell, this
rational QbD-based design of a combination nano-drug delivery
system provides an effective, safe, and patient-centered approach to
targeted breast cancer treatment.
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