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ABSTRACT

Response surface methodology (RSM) serves as a valuable tool in pharmaceutical formulation development, facilitating the optimization of drug 
formulations by systematically exploring the effects of multiple variables on desired responses. This methodology involves the design of experiments 
to generate mathematical models that predict the relationship between formulation parameters and critical quality attributes. By utilizing statistical 
techniques such as factorial design, central composite design, and Box-Behnken design, RSM enables the identification of optimal formulation 
conditions while minimizing the number of experimental trials. Across iterative experimentation and model refinement, RSM assists in understanding 
the complex interactions between formulation components, process variables, and product characteristics. In this review, we discuss the application 
of RSM in pharmaceutical formulation studies, highlighting its efficacy in optimizing drug delivery systems, enhancing product stability, and ensuring 
quality control. In addition, we explore recent advancements in RSM-driven approaches, including its integration with computational modeling and 
artificial intelligence techniques for enhanced formulation design and process optimization. Overall, RSM offers a systematic and efficient approach 
for developing robust pharmaceutical formulations, thereby accelerating the drug development process and improving therapeutic outcomes.
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INTRODUCTION

Response Surface Methodology (RSM) is a widely utilized statistical 
technique that finds application in various scientific and engineering 
fields, such as pharmaceutical formulation, chemical process 
improvement, and food technology [1]. This methodology provides a 
structured approach to investigating the interactions between several 
input variables and the target outcome, allowing researchers to 
efficiently optimize processes, formulations, and products, ultimately 
conserving both time and resources [2]. At the core of RSM are 
experimental designs, such as the central composite design (CCD) 
and the box-behnken design (BBD). These designs allow researchers 
to methodically investigate the response surface, aiding in the 
identification of optimal process conditions. CCD and BBD involve 
choosing experimental runs based on factors, such as the number of 
variables, the required level of precision, and the presence of curvature 
in the response surface [3].

The CCD is a key design in RSM, recognized for integrating factorial 
design with axial and center points to construct a quadratic response 
surface model. This design enables the estimation of linear, quadratic, 
and occasionally interaction effects, which provides deep insights into 
the connections between input variables and the response. CCD is 
particularly valuable for determining optimal operating conditions and 
exploring curvature in the response surface [4]. Conversely, the BBD 
is a three-level fractional factorial design that offers efficiency in the 
number of experimental runs compared to CCD. The BBD is particularly 
advantageous when dealing with a large number of factors, as it allows 
for the estimation of main effects and two-factor interactions while 
minimizing the number of experiments needed [5]. By adjusting the 
levels of input variables within set ranges, BBD allows researchers to 
explore the response surface systematically and identify the best process 
conditions. This introduction provides an in-depth exploration of RSM, 
discussing its theoretical basis, essential components, and practical 
applications across various fields. The CCD and BBD are thoroughly 

analyzed, emphasizing their benefits, drawbacks, and significance in 
process optimization, formulation development, and product design. 
In addition, statistical techniques integral to RSM, such as regression 
analysis, analysis of variance (ANOVA), and model validation, are 
scrutinized to ensure the reliability and robustness of the results [6]. 
A comprehensive understanding of RSM and its experimental designs 
enables researchers to fully exploit this methodology’s potential in 
optimizing processes, enhancing product quality, and driving innovation. 
Successful application of RSM frequently requires the use of dedicated 
software tools that streamline experimental design, data analysis, and 
model optimization. These software tools provide features tailored to the 
specific needs of RSM, including design of experiments (DOE), regression 
analysis, response surface visualization, and model validation [7].

DOE is an essential component of RSM, enabling researchers to 
efficiently plan experiments and collect valuable data. By adjusting 
input variables using designs such as full factorial, CCD, or BBD, 
researchers can create dependable models. The chosen design impacts 
the precision, detection of interactions, and overall efficiency, guiding 
the optimization process. In RSM, regression analysis is used to 
develop mathematical models that represent the relationship between 
input variables and the response. This process involves applying a 
polynomial model to the data, which aids in identifying crucial factors, 
predicting outcomes, optimizing processes, and uncovering interaction 
effects. Response surface visualization graphically represents the 
relationship between variables and outcomes, using 3D graphs or 2D 
contour plots [7]. This approach assists researchers in pinpointing ideal 
conditions, comprehending system dynamics, and examining the impact 
of different factor levels. Model validation ensures that the regression 
model accurately reflects the real-world system. This entails comparing 
predicted outcomes with actual results through methods such as 
residual analysis and cross-validation, which ensures the model’s 
accuracy for effective optimization and decision-making. Widely used 
software packages in RSM include Design-Expert, JMP, Minitab, RStudio, 
and MATLAB [8]. These tools offer user-friendly interfaces, robust 
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statistical algorithms, and extensive data analysis capabilities, allowing 
users to design experiments effectively, manage complex datasets, 
and accurately interpret results. Moreover, many of these software 
packages provide advanced optimization methods and graphical tools 
for visualizing response surfaces and determining optimal process 
conditions. In the modern, technology-driven landscape, the availability 
of specialized software has significantly advanced the use of RSM across 
diverse fields, including pharmaceuticals, manufacturing, engineering, 
and biotechnology. By leveraging these software tools, researchers can 
simplify their experimental procedures, accelerate optimization, and 
attain better results in their RSM analyses.

HISTORICAL DEVELOPMENT

The roots of RSM date back to the early 20th century, with foundational 
principles of experimental design being developed by trailblazing 
statisticians such as Sir Ronald Fisher and George E. P. Box [9]. These 
early efforts laid the groundwork for the systematic design and analysis 
of experiments, which eventually developed into what is now known 
as RSM. The methodology gained significant attention in the 1950s 
and 1960s through the influential work of George E. P. Box, who 
introduced RSM as a robust statistical approach for optimizing complex 
processes and systems [10]. In their groundbreaking 1951 paper, Box 
and Wilson presented the concept of the response surface, providing a 
structured method for optimizing processes with multiple variables [11]. 
In the 1970s and 1980s, RSM saw widespread adoption in pharmaceutical 
formulation development, where it was utilized to enhance drug delivery 
systems and dosage forms [12]. Researchers saw the value in using RSM 
to systematically explore the influence of formulation variables on drug 
release, bioavailability, and stability. The progress of RSM in pharmaceutical 
formulation was marked by a series of notable milestones throughout 
the 20th century [13]. These advancements include the development 
of experimental designs such as the CCD, factorial designs, and mixture 
designs, which allowed researchers to effectively explore the response 
surface and identify optimal formulations [14]. The late 20th century 
saw a further boost in RSM’s application in pharmaceutical formulation 
development with the rise of computers and sophisticated statistical 
software. These technological advancements allowed researchers to 
conduct complex data analyses, regression modeling, and optimization 
with increased precision and efficiency [15]. RSM has played a crucial 
role in developing innovative drug delivery systems, such as liposomes, 
nanoparticles, microspheres, and transdermal patches [16]. Across 
the optimization of formulation variables such as drug concentration, 
polymer composition, and processing parameters, RSM has greatly 
advanced the development of drug delivery systems, improving their 
efficacy, safety, and patient adherence [17]. Acknowledging the value 
of RSM, regulatory bodies such as the United States Food and Drug 
Administration and the European Medicines Agency have integrated RSM 
into their guidelines and regulatory frameworks to aid in formulation 
optimization, quality by design, and process validation [18]. Over the 
years, RSM has continued to evolve alongside technological advances, 
leading to the integration of artificial intelligence, machine learning 
algorithms, and mathematical modeling to further refine pharmaceutical 
formulation optimization [19,20].

PRINCIPLES OF RSM

RSM employs experimental designs, response surface modeling, and 
optimization techniques to explore the response surface efficiently and 
identify optimal process conditions.

Experimental design
RSM is grounded in carefully structured experimental designs that 
systematically investigate the effects of multiple factors on response 
variables [21]. Commonly used designs in RSM include CCD, BBD, and 
Doehlert Design [22]. These designs allow researchers to efficiently 
explore the experimental space while reducing the number of 
experiments needed. Within the experimental framework, factors are 
typically adjusted at various levels (such as low, medium, and high) to 
identify potential non-linear relationships [23].

The CCD includes factorial, axial, and center points (Fig. 1a), allowing 
for the evaluation of linear, quadratic, and interaction effects [24]. For 
instance, when optimizing baking conditions for a cake, CCD might 
vary factors such as baking temperature, time, flour amount, and 
sugar content to find the ideal texture and taste [25]. Factorial points 
represent the combinations of factors at extreme levels, helping assess 
the main effects and their interactions [26]. Center points, placed 
at the design space center, represent average factor values and are 
used to estimate pure error and curvature [27]. Axial points, located 
at a specific distance from the center along each factor axis, assist in 
estimating quadratic effects and surface curvature [28].

The BBD is ideal for systems with three factors, requiring fewer 
experimental runs than the CCD, while still accounting for linear and 
interaction effects [29]. BBD consists of center points and non-central 
points positioned at the midpoints of each edge of a cube, excluding 
the cube’s center, and lacks axial points (Fig. 1b) [30,31]. For example, 
BBD might be used in pharmaceutical formulation development to 
optimize tablet hardness, disintegration time, and drug release rate by 
adjusting variables, such as binder concentration, compression force, 
and lubricant type [32].

The Doehlert Design, also known as the Cuboctahedron Design (Fig. 1c), 
is another experimental design used in RSM [33]. It is especially 
beneficial for examining quadratic response surfaces that involve two 
or more factors. In this design, the experimental points are positioned 
at the vertices and midpoints of the edges of a cuboctahedron, a 
polyhedron featuring both triangular and square faces [34]. This 
arrangement ensures uniform distribution of experimental points 
throughout the design space, enabling efficient exploration of the 
response surface.

RESPONSE SURFACE MODELING

Once experimental data is gathered, response surface modeling is 
used to develop mathematical models that represent the observed 
responses. This modeling illustrates the relationship between factors 
and response variables in a multidimensional context. In this context, 
frequently used models include linear, quadratic, and higher-order 
polynomial models, along with other specialized forms tailored to the 
specific process [35,36].

These models illustrate how variations in factors influence response 
variables and assist in identifying optimal process conditions. For 
example, a pharmaceutical company might be developing a tablet 
formulation for a new medication. To attain the desired dissolution 
profile critical for the drug’s bioavailability and effectiveness, they 
examine various factors, including binder concentration (Factor A), 
disintegrant concentration (Factor B), and lubricant concentration 
(Factor C) [37]. In this scenario, the dissolution profile of the tablets is 
the response variable of interest. The company aims to understand how 
adjustments in the levels of the excipients (Factors A, B, and C) affect 
the dissolution behavior of the tablets [38]. The objective is to ensure 
that the tablets dissolve at the desired rate, optimizing drug release 
to achieve maximum bioavailability and therapeutic effectiveness. 
Therefore, the dissolution profile is evaluated and adjusted throughout 
the formulation development process [39].

Linear model
The linear model assumes a direct, proportional relationship between 
factors and the response variable(s) [40]. This model depicts a straight-
line relationship, where variations in factors lead to proportional 
changes in the response. The linear relationship can be expressed 
mathematically using the following equation:

Yi=β0+∑βiXi+εi (1)

In this equation, Yi represents the response variable, while β0 and βi are 
the coefficients to be estimated. The term εi represents the error term.
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Quadratic model
The quadratic model includes both linear and squared terms of the 
factors. It accommodates non-linear relationships between the factors 
and the response, capturing the curvature in the response surface [41]. 
The quadratic model is represented by the following equation:

β β β β β β β β
β β
= + + + + + + +

+ +

2 2 2
0 1 1 2 2 3 3 11 1 22 2 33 3 12 1 2

13 1 3 23 2 3

iY X X X X X X X X
X X X X  (2)

Higher-order polynomial models
Higher-order polynomial models extend beyond quadratic terms to 
incorporate cubic, quartic, and even higher-order terms. These models 
offer enhanced flexibility for capturing complex non-linear relationships 
and curvature within the response surface [42]. The following equation 
illustrates a higher-order polynomial model:

β β β β β β β β

β β β β β ε

= + + + + + + +

+ + + + + +

2 2 2
0 1 1 2 2 3 3 11 1 22 2 33 3 12 1 2

3 3 3
13 1 3 23 2 3 111 1 222 2 333 3

i

i

Y X X X X X X X X

X X X X X X X  (3)

Each of these models is designed to describe and predict how the 
response variable behaves in relation to the experimental factors. 
By applying these models to experimental data, researchers can gain 
insights into the relationship between factors and the response, and 
optimize process conditions to achieve desired results.

OPTIMIZATION TECHNIQUES

Optimization techniques are integral to RSM, a robust statistical and 
mathematical framework designed for analyzing and optimizing 
complex processes [43]. These techniques are applied to response 
surface models to identify the optimal factor settings that maximize 
or minimize the response variables of interest. The main goal of 
optimization in RSM is to determine the factor settings that achieve the 
desired responses while adhering to any constraints set by the process 
or experimental design [44]. This entails identifying the optimal 
combination of factor levels that result in the most advantageous 
outcome. Widely used optimization techniques include:

Gradient-based optimization
This method involves iteratively modifying factor settings toward the 
direction of the steepest ascent (to maximize) or descent (to minimize) 
to find the optimal solution [45]. It relies on the gradient of the response 
surface to guide the search toward the optimal point, making it effective 
for smooth and continuous response surfaces.

Desirability functions
Desirability functions enable researchers to specify target values 
or acceptable ranges for multiple responses, combining them into a 
single desirability score [46]. The goal is to determine factor settings 
that simultaneously optimize all responses, taking into account 

their relative importance and balancing trade-offs among conflicting 
objectives.

Numerical optimization algorithms
Algorithms such as the simplex method and genetic algorithms are 
commonly used in RSM [47]. These numerical methods use iterative 
search techniques to navigate the factor space and pinpoint the optimal 
solution, making them particularly valuable for complex, non-linear 
response surfaces where analytical solutions might be impractical.

Consideration of constraints
Optimization in RSM must consider any constraints imposed by the 
process or experimental design [48]. These may include limits on factor 
levels, physical or operational restrictions, or regulatory requirements. 
Optimization algorithms must navigate these constraints to identify 
feasible solutions that meet all specified criteria.

Sensitivity analysis
Sensitivity analysis is a vital part of optimization, employed to evaluate 
the stability and robustness of the optimal solutions. This process 
entails systematically altering factor levels or model parameters to 
observe their impact on the response variables [49]. Sensitivity analysis 
is crucial for evaluating the stability and reliability of the optimized 
process settings under varying conditions.

INTEGRATION WITH EXPERIMENTAL DESIGN AND RESPONSE 
SURFACE MODELING

Optimization techniques are essential in integrating experimental design 
and response surface modeling within RSM, enabling the systematic study 
and optimization of complex processes [50]. By leveraging these core 
principles, researchers can deepen their understanding of the relationships 
between factors and responses, ultimately enhancing process efficiency, 
product quality, and overall process comprehension [51].

In the context of RSM analysis, a 3D surface plot acts as a visual tool 
to depict the relationship between two input factors and a response 
variable [52]. For instance, consider two factors: Polymer quantity and 
Degree of Substitution (DS), with the response variable being the Area 
Under the Curve (AUC) of drug release (%mg-hr) (Fig. 2) [53].

After performing RSM analysis and optimizing the design, suppose 
the model reveals a linear relationship between the factors and the 
response variable. In this case, the 3D surface plot would show a plane, 
indicating a linear interaction between the factors and the response, 
instead of a curved surface [54]. To generate the 3D surface plot in RSM 
analysis:

Define factor levels
Determine the range of values for each factor (e.g., Polymer quantity 
and DS) to be utilized in the analysis [55].

Fig. 1: (a) Central composite design; (b) Box-Behnken design; (c) Doehlert design

cb
a
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Experimental design
Conduct experiments at various combinations of factor levels according 
to an appropriate experimental design, such as CCD or BBD [56].

Response variable measurement
For each experimental run, measure the response variable, which, in 
this case, is the AUC of drug release [57].

Model fitting
Fit a regression model to the experimental data to capture the 
relationship between the factors and the response variable [58].

Plotting the surface
Using statistical software, generate a 3D surface plot with the x-axis 
representing Polymer quantity, the y-axis representing DS, and the 
z-axis representing the AUC of drug release. Given that the model is 
linear, the surface plot will illustrate a flat plane [59].

Interpretation
Examine the 3D surface plot to understand how variations in Polymer 
quantity and DS impact the AUC of drug release. In a linear model, the 
slope of the plane reflects the degree to which each factor influences 
the response variable [60]. Utilizing a 3D surface plot to visualize 
the relationship between factors and the response variable allows 
researchers to obtain valuable insights for optimizing the formulation 
process, such as maximizing drug release while minimizing resource 
consumption.

DATA ANALYSIS TECHNIQUES

Data analysis techniques are integral to RSM, a robust statistical 
and mathematical framework for studying and optimizing complex 
processes [61]. Below is an overview of the key statistical tools and 
techniques commonly used in RSM data analysis:

Regression analysis
This statistical method describes the relationship between a 
dependent variable (response) and one or more independent variables 
(factors) [62]. In RSM, regression analysis is employed to fit response 
surface models to the experimental data. These models may be linear, 
quadratic, or higher-order polynomials, depending on the process’s 
complexity. Regression analysis helps estimate the coefficients in model 
equations, which represent the impact of individual factors and their 
interactions on the response variable [63].

ANOVA
ANOVA divides the total variation in the response variable into various 
sources, including factor effects, interactions, and experimental 
error [64]. In RSM, ANOVA evaluates the significance of model terms, 
including main effects, interaction terms, and quadratic terms. 
ANOVA assesses the relative significance of different factors and their 
interactions on the response variable by comparing the variation 
between groups (factors) to the variation within groups (experimental 
error) [65]. Significant terms indicate that certain factors or interactions 
significantly impact the response.

Model validation
Model validation ensures that the fitted response surface models 
accurately represent the underlying process [66]. Validation techniques 
assess the goodness-of-fit of models and evaluate their predictive 
performance. Common methods include:

Residual analysis
Analyzing residuals (differences between observed and predicted 
values) helps identify patterns or systematic deviations from model 
assumptions [67]. The absence of patterns suggests that the model fits 
the data well.

Lack-of-fit test
This test compares residual variation with pure error variation to 
evaluate whether the model adequately represents the process [68]. 
A non-significant lack-of-fit test indicates a good fit.

Cross-validation
The model is validated with a separate subset of data that was not 
used during the model fitting process [69]. Comparing predicted 
and observed values for this validation dataset assesses the model’s 
predictive accuracy.

These techniques provide researchers with insights into the underlying 
processes, enabling the optimization of process parameters and 
informed decision-making to enhance product quality and efficiency.

Fig. 3 outlines the RSM workflow, covering steps from selecting 
experimental designs and conducting experiments to response 
modeling, optimization, sensitivity analysis, and data analysis. It 
summarizes the key processes for refining formulations and achieving 
optimal, robust results.

APPLICATIONS IN PHARMACEUTICAL FORMULATION

RSM is widely utilized in pharmaceutical formulation development 
because of its capability to optimize complex processes and improve 
product quality [70]. Below is a detailed discussion of the various 
applications of RSM in this field:

Optimization of drug delivery systems
RSM is frequently employed to optimize drug delivery systems, 
enhancing drug efficacy, safety, and patient compliance [71]. By 
methodically examining the relationship between formulation variables 
(such as polymer concentration, drug loading, and particle size) and 
response outcomes (such as drug release kinetics and bioavailability), 
RSM helps in designing drug delivery systems with targeted properties. 
For instance, RSM can be utilized to develop sustained-release 
formulations, targeted drug delivery systems, and innovative drug 
carriers, such as nanoparticles, liposomes, and micelles [72]. The 
optimization of drug delivery systems using RSM results in formulations 
with controlled release profiles, improved stability, and enhanced 
therapeutic effects [73].

Optimization of dosage forms
The optimization of pharmaceutical dosage forms—including tablets, 
capsules, and topical formulations—is crucial to achieving optimal drug 
release, bioavailability, and patient acceptability. RSM supports this 
optimization by examining the effects of formulation variables (such 

Fig. 2: 3d Surface plot of response surface methodology
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as excipient composition and processing conditions) on critical quality 
attributes (such as dissolution rate, disintegration time, and physical 
properties) [74]. Across experimental design and response surface 
modeling, RSM identifies the best combination of factors to meet pre-
defined targets for dosage form performance. For example, RSM can 
be used to optimize tablet formulations for rapid disintegration, taste 
masking, or modified release characteristics, ultimately improving 
patient compliance and therapeutic outcomes.

Optimization of manufacturing processes
RSM is essential for optimizing pharmaceutical manufacturing processes 
to ensure product quality, consistency, and cost-effectiveness [75]. By 
exploring the effects of process parameters (such as mixing time, drying 
temperature, and compression force) on key performance indicators 
(such as content uniformity, particle size distribution, and yield), 
RSM assists in refining manufacturing processes for pharmaceutical 
formulations. Across experimental design and statistical modeling, 
RSM helps pinpoint the optimal process conditions that maximize 
product yield, minimize variability, and meet regulatory standards [76]. 
Optimizing processes with RSM leads to improved efficiency, lower 
manufacturing costs, and better product quality. RSM is extensively 
used in pharmaceutical formulation development, covering areas such 
as optimizing drug delivery systems, dosage forms, and manufacturing 
processes. By systematically exploring the relationships between 
formulation factors and response variables, RSM enables the design, 
development, and optimization of pharmaceutical formulations with 
improved performance, stability, and therapeutic efficacy [77]. These 
applications of RSM significantly contribute to the advancement of 
pharmaceutical science and the development of novel drug products 
that improve patient care.

Future directions in the use of RSM in pharmaceutical formulation 
development focus on several key areas of progress, including 
experimental design, data analysis techniques, and software tools. 
Below is an explanation of each aspect:

Advancements in experimental design
Future trends in experimental design for RSM focus on enhancing the 
efficiency, robustness, and adaptability of experimental protocols [78]. 
This could involve developing new experimental designs tailored 
to tackle specific challenges in formulation, such as complex drug 
delivery systems or multi-component dosage forms. Advanced 
designs such as mixture designs, factorial designs with categorical 
factors, and hybrid designs are expected to become increasingly 
common in RSM applications [79]. Moreover, there is an increasing 
emphasis on incorporating computer-aided design techniques, such 
as optimal design algorithms and sequential design strategies, to more 
effectively use experimental resources and reduce time and costs in 
pharmaceutical formulation development [80].

Advancements in data analysis techniques
Future trends in data analysis techniques for RSM are focused on 
enhancing the accuracy, reliability, and clarity of response surface 
models [81]. This involves creating more robust statistical methods 
for model selection, validation, and optimization. Techniques, such 
as ridge regression, partial least squares regression, and Bayesian 
methods are being investigated to improve the predictive capability 
of response surface models, especially in cases of multicollinearity or 
noisy data [82]. In addition, there is increasing interest in integrating 
machine learning algorithms, such as neural networks and support 
vector machines, with RSM to handle complex non-linear relationships 
and optimize formulation processes more effectively [83].

Advancements in software tools
Future directions in software tools for RSM are geared toward providing 
more user-friendly, comprehensive, and customizable platforms for 
experimental design, data analysis, and visualization [84]. There is 
increasing demand for integrated software packages that streamline 
the entire RSM process, from experimental planning to model building 
and optimization. Advanced software tools now offer features such as 
automated model fitting, sensitivity analysis, Monte Carlo simulations, 

Fig. 3: Response surface methodology workflow
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and graphical user interfaces for interactive data exploration and 
visualization [85]. Furthermore, cloud-based and collaborative 
software platforms are enabling real-time data sharing, collaborative 
analysis, and remote access to computational resources, thereby 
supporting interdisciplinary research and innovation in pharmaceutical 
formulation development [86].

By embracing these trends, researchers can fully leverage RSM to 
accelerate the creation of innovative drug delivery systems. They can 
also optimize dosage forms and enhance pharmaceutical manufacturing 
processes. Ultimately, this will lead to the development of safer and 
more effective medications for patient care.

CHALLENGES AND LIMITATIONS
Variability in experimental conditions, such as differences in equipment 
and environmental influences, can affect response measurements and 
subsequently impact the accuracy of response surface models [87]. 
RSM frequently involves developing intricate models that include 
non-linear relationships and interactions between factors, making 
both model construction and interpretation more challenging [88]. 
Interpreting results from response surface models, particularly those 
that include higher-order terms and interactions, demands expertise 
in statistical analysis and specific domain knowledge [89]. Overcoming 
these challenges necessitates meticulous experimental design, robust 
data analysis methods, and clear communication of the findings.

CONCLUSION

RSM offers a systematic and efficient approach for optimizing complex 
processes in various fields, including pharmaceutical formulation. By 
using experimental designs such as CCD and BBD, researchers can 
investigate the response surface and determine the optimal process 
conditions. These designs facilitate the assessment of linear, quadratic, 
and interaction effects, providing valuable insights into the relationship 
between input variables and response. RSM integrates experimental 
design, response surface modeling, and optimization techniques to 
systematically study and optimize processes. Optimization methods, 
including gradient-based optimization, desirability functions, and 
numerical optimization algorithms, are frequently employed to find 
the best factor settings while accounting for constraints imposed by 
the process or experimental design. Despite its benefits, RSM faces 
challenges such as experimental variability, model complexity, and 
interpretation of results. Addressing these challenges requires careful 
experimental design, rigorous data analysis techniques, and effective 
communication of results. However, by overcoming these challenges, 
researchers can gain valuable insights into the relationships between 
factors and responses, leading to improved process understanding, 
efficiency, and product quality in pharmaceutical formulation 
development.
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