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Abstract: This study aims to enhance the sensory evalua-
tion of skin creams by using machine learning to predict
sensory attributes based on instrumental parameters, addres-
sing the limitations of conventional methods. Extensive instru-
mental parameters, including rheological, tribological, and
textural properties of ten different skin creams, were col-
lected, and 22 sensory attribute scores were obtained from
trained expert evaluations. Pearson’s correlation analyses
and multiple supervised learning algorithms were applied to
establish relationships between each sensory attribute and the
instrumental parameters, respectively. The results showed
that K-Nearest Neighbors, AdaBoost, and LightGBM were the
algorithms with the best performance for most sensory attri-
butes, and the overall model achieved over 95% prediction
accuracy for 80% of the sensory dimensions, demonstrating
strong reproducibility and accuracy in the verification test,
with predicted sensory scores closely aligning with actual
values. However, issues such as model overfitting, discrepan-
cies between training and testing data distributions, and
increased noise in the testing data, which result in the resi-
duals from the testing set exceeding those from the training
set, need to be further addressed in future research. In sum-
mary, this data-driven approach offers a more efficient, accu-
rate, and standardized method for sensory evaluations, with
the potential to support the development and optimization of
skincare products.
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1 Introduction

Skincare products are generally designed to maintain health
and improve the appearance of the skin through retaining
skin moisture, repairing the skin barrier, reducing melanin,
and alleviating signs of skin aging [1,2]. Equally important to
these benefits are the sensory attributes of the product, such
as texture, spreadability, and absorption, which directly
impact consumers’ satisfaction and willingness to use the
product [2,3]. Research has shown that skincare formulas
and key ingredients can trigger emotional changes, as eval-
uated through prosody, ethological, and electroencephalo-
graphy analyses [4,5]. Additionally, some studies have
revealed a relationship between the frequency use of pro-
ducts that reduce skin laxity and self-esteem, highlighting
the involvement of psychological factors in the cosmetic
field [6]. However, the evaluation of sensory attributes often
relies on panel sensory tests, which are not only time-con-
suming and expensive, but may also fluctuate due to indi-
vidual differences and environmental factors [7]. Therefore,
developing a faster, precise, and quantitative method to
predict the sensory attributes of cosmetics has broad pro-
spects. Quantitative data obtained through instrument
testing can be used to objectively analyze the physical char-
acteristics of cosmetics. Associating these results with the
sensory experience of actual product application can not
only improve the accuracy of product research, but also
predict the user’s experience during the early stages of pro-
duct development, thereby enhancing market competitive-
ness [8]. Currently, the advanced instrumental analysis
methods mostly used in the cosmetics industry include tex-
ture analyzers, rheometers, and tribometers. Texture analy-
zers measure the physical properties of cosmetics under
conditions of pressure, tension, or shear, which is closely
related to sensory attributes like thickness and density [9,10].
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Rheometers measure rheological parameters such as visc-
osity, elastic modulus, and shear stress by simulating the
flow and deformation behavior of cosmetics under different
patterns and conditions [11,12]. This helps predict the fluidity
and smoothness of the product during application. Friction
measurements evaluate the friction coefficient of cosmetics
on the skin surface, providing quantitative information
about the smoothness, lubricity, and absorption perfor-
mance [13].

Ahuja et al. investigated the correlation between rheo-
logical properties and sensory attributes of 33 commercial
moisturizers, finding that the instantaneous maximum
viscosity was the best predictor of most sensory attributes.
Additionally, the G′/G″ ratio was important for spreading
properties such as thickness and spreadability, indicating
that repeated finger rubbing actions can be simulated in a
rheometer through oscillatory testing [12]. Jiang et al.
attempted to establish the relationship between the rheo-
logical properties and melting sensation of oil-in-water
(O/W) cream cosmetics, and they found that lower values
for parameters such as viscosity in the first Newtonian zone,
the area of the hysteresis loop, and the viscoelastic modulus
correlated with higher melting sensation index and stronger
melting sensation overall [14]. Lin and Yu explored the
correlation between the sensory properties and texture
instrument test parameters of five foundation creams with
different thickening agent contents. Their results showed
that the softness of skin sensation during application was
strongly correlated with texture hardness and cohesiveness,
with correlation coefficients of 0.909 and 0.745, respectively.
They also found that cream spreadability was significantly
negatively correlated with texture hardness, with a correla-
tion coefficient of −0.512 [15]. Zhou et al. conducted Pearson’s
correlation analysis on the compression mode test para-
meters from a texture analyzer and skin feel indicators of
seven different creams. They found that texture hardness,
peak pressure, and viscosity were significantly negatively
correlated with a product pick up property, with correlation
coefficients ranging from −0.783 to −0.865 [16]. Timm et al.
prepared cosmetic powder suspensions of different particle
sizes and concentrations and explored the correlation between
the friction coefficient and skin feel under in vitro conditions.
They discovered that small powder particles with irre-
gular shapes provided better lubrication between the fin-
gertips and the skin surface, and as particle concentration
increased, skin sensations such as powdery, silky, and soft
were enhanced [17].

Considering that the prediction accuracy of a single
instrument for sensory attributes may not always meet
expectations, some studies have combined the parameters
of multiple instruments to improve predictions. For example,

Yarovaya et al. successfully established correlations between
sensory attributes and rheological and texture parameters of
sunscreen formulations using principal component analysis
and partial least square regression [18]. Although these tech-
niques are effective in addressing collinearity by identifying
latent variables, it is important to note that they do not estab-
lish causal correlations between the parameters and are
limited to describing nonlinear correlations between the vari-
ables. Cyriac et al. combined rheological and tribological eva-
luation methods, demonstrating that flow curves, oscillatory
strain sweeps (small amplitude oscillatory shear (SAOS) and
large amplitude oscillatory shear (LAOS)), and coefficient of
friction (CoF) measurements could be used for sensory
screening of a large number of prototype formulations [19].
Gilbert et al. conducted rheological property analysis on nine
O/W emulsions with different polymer contents, including
flow, creep, and oscillation tests, and used a texture analyzer
to determine the penetration, compression, stretching, and
spreadability of the emulsions. The results revealed that the
stress value (σ) obtained from oscillatory strain scanning,
the area value from the texture analyzer’s friction test, and
the fracture length from the compression/stretching test were
well correlated with the shape retention ability, spreadability,
and viscosity in the sensory evaluation of the products, with
Rp values of 0.974, 0.986, and 0.974, respectively [20]. Surpris-
ingly, most of these research studies only emphasized the
correlation between instrumental parameters and sensory
attributes from a qualitative perspective, which was not
clearly expressed through predictive models. Furthermore,
validation steps were often not performed, which limited
the reliability of using instrumental parameters to predict
the skin sensory properties of products.

Machine learning (ML) enables computers to learn
from data without being explicitly programmed, signifi-
cantly advancing the development of artificial intelligence
(AI) in recent years [21]. By using algorithms and statistical
models, ML systems identify patterns based on historical
data and make predictions or decisions for previously
unseen data. The central challenge in ML is to develop
adaptive models that address the parsimony problem-
finding the right balance between model complexity and gen-
eralizability. This involves creating models that are flexible
enough to capture underlying patterns in the data while
avoiding over-fitting, which would reduce their effectiveness
on new, unseen data. ML can address a variety of core pro-
blems, such as classification, regression, clustering, and reinfor-
cement-driven decision-making, which are applied across fields
like healthcare, finance, and customer service. Depending on
the type of algorithms used, ML can be divided into unsuper-
vised learning, supervised learning, and reinforcement learning
[22]. In unsupervised learning, the systemworkswith unlabeled
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data, identifying hidden patterns or structures without prede-
fined labels, and it is commonly used for clustering, anomaly
detection, and association rule learning. In contrast, supervised
learning involves training a model on labeled data, where the
system learns to map inputs to correct outputs, typically for
classification and regression tasks [22]. Reinforcement learning
trains a model through trial and error, with the system inter-
acting with its environment and learning from rewards or
penalties to optimize cumulative rewards, making it particu-
larly effective in decision-making tasks within dynamic envir-
onments, such as robotics, gaming, and autonomous systems
[22]. In the cosmetics industry, ML has demonstrated signifi-
cant potential beyond traditional applications. It can be used
to optimize formulations, assist in selecting ingredients such
as surfactants, polymers, preservatives, and fragrances, pre-
dict product performance, and analyze structure–property
relationships [23]. By facilitating the collection, classification,
and interpretation of large datasets during product develop-
ment, ML enhances efficiency, precision, and innovation.
Shim et al. established a model based on ML that can quickly,
cost-effectively, and efficiently predict the sun protection fac-
tors (SPF and PFA) of sunscreens. By incorporating additional
factors such as active ingredient information, pigment pre-
sence, pigment-grade titanium dioxide concentrations, for-
mulation types, and product types, the model significantly
improved its accuracy and showed a strong correlation
with actual clinical test results [24]. Goussard et al. used the
COSMO-RS σ-moment-based neural network and graph ML
methods to establish a model for quickly estimating the visc-
osity of pure liquids below 25°C, particularly for cosmetic oils.
They found that the graph machine method provided the
most accurate results in predicting the viscosity of a set of
independent cosmetic oils. Additionally, the results of the
σ-moment-based neural network and graph machine
methods can be easily reproduced through a demonstration
tool supported by Docker technology, allowing users to pre-
dict the viscosity of any medium-sized liquid (M < 600 Da)
containing C, H, O, or Si atoms at 25°C [25]. Ragno et al.
improved the quantitative structure–activity relationship of
complex mixtures using data enhancement technology based
on ML methods. They constructed a model with high statis-
tical coefficients and identified some clues related to the spe-
cific antibacterial effects of essential oil components through
model inspection [26]. Although much of the research
remains at the proof-of-concept stage, the future application
prospects of ML and AI are vast. These technologies could
simulate the complex interactions between cosmetic ingre-
dients, aid in designing new components, and pave the way
for groundbreaking advances in formulation science [27].

In this study, we aim to establish a prediction model
for instrumental parameters and sensory attributes by

combining textural, tribological, and rheological data. We
collected extensive basic data on the physical properties of
ten skin creams with different formulations using a texture
analyzer, a friction and wear tester, and a rheometer.
Simultaneously, a team of trained experts conducted sen-
sory evaluations of the creams. For these data, we first
performed a Pearson’s correlation analysis to identify a
one-to-one linear relationship between the instrument para-
meters and sensory attributes at a qualitative level. Next, we
applied ML methods based on the characteristics and appli-
cation processes of different algorithms. By comparing the
fitting performance of various algorithms for different sen-
sory attributes, we selected the best-fitting algorithm for
each sensory attribute and integrated it into a sensory pre-
diction model. Finally, we tested the model with four addi-
tional samples, which were not used in the model-building
process, to evaluate the model’s generalization ability and
accuracy.

2 Materials and methods

2.1 Materials

Fourteen skin creams used in this study were commer-
cially available and provided by Proya Cosmetics Co., Ltd.
Among them, ten samples (labeled SC1–SC10) were randomly
selected as the training set for physical property analysis,
Pearson’s correlation analysis, and ML to establish the sen-
sory prediction model, while four samples (labeled YZ1–YZ4)
were used as the testing set for model evaluation.

2.2 Sensory evaluations

A panel of 12 trained experts was recruited to evaluate the
sensory performance of the samples. The sensory proper-
ties were classified into four categories: Appearance, Finger
contact for the first time, In-use sensory attributes, and
After-use sensory attributes. For each sample, an amount
of 0.05 mL was placed on the inner arm, and the panelist
smeared it slowly in circular motion with fingers. Each
attribute was scored on a scale of 0–15, and all samples were
evaluated twice to ensure accuracy. The detailed attributes
protocol is listed in Table S1 of the supplementary material.
The sensory evaluation environment adhered to the American
Society for Testing andMaterials standards and was conducted
in an environment maintained at a constant temperature of 23
± 2℃ and a relative humidity of 50 ± 10% RH.
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2.3 Texture analyzer measurements

The texture properties of products were measured using a
texture analyzer (iTexture, ThinkSenso&Senso, China) equipped
with a stainless steel plate probe of 15mm diameter. Briefly,
30–40 g sample was loaded into a small beaker to reach
equilibrium before measurements. The probe moved verti-
cally downward at a speed of 0.25mm/s until reaching a
trigger force of 0.02 N, at which point it penetrated the
sample at a speed of 0.5mm/s until a depth of 20mm was
achieved. After holding for 1 s at this position, the probe
withdrew vertically to its initial position at a speed of
0.5mm/s. This process was performed twice, with texture
parameters, except spreadability, provided directly by the
instrument. Texture spreadability was calculated as the inte-
gral of the area under the first downward movement. All
samples were tested in triplicate.

2.4 Friction measurements

Friction measurements were conducted using a friction and
wear tester (MPT-1, Limei Electromechanical Technology,
China) equipped with a spherical probe of 26mm diameter.
A sufficient amount of samples was placed on the 5-mm-
thick bio skin (Beaulax, Tokyo) substrate made of polyur-
ethane elastomer. The probe pressed the sample while
sliding back and forth at a velocity of 5 mm/s for 40min to
observe the friction change during the spreading process.
The test involved a reciprocating stroke of 100mm with a
normal load of 2 N.

2.5 Rheological measurements

Rheological measurements were carried out using a rhe-
ometer (Discovery HR-20, TA Instruments, USA) equipped
with a 40mm parallel plate geometry. An appropriate
amount of samples was loaded onto the lower plate, and
the upper plate was lowered to cover the sample with a
testing gap of 1 mm (except for compression measure-
ments). The experiment temperature was set at 25℃.

2.5.1 Steady-state flow measurements

The steady-state flow curve was obtained by setting the
shear rate between 10−5–102 s−1 with 10 pts dec−1. Based
on the yield stress of the sample obtained from the flow

curve test, the rheological destruction and recovery tests
were performed. The tests were divided into three stages,
with 15 min of testing time for each stage. In the first stage,
the shear rate was set within the yield stress of the sample.
In the second stage, the shear rate was set to ten times that
of the previous stage, resulting in a corresponding stress
that exceeded the yield stress. The shear rate in the third
stage was the same as that in the first stage, allowing the
sample to recover from the rheological destruction.

2.5.2 Oscillatory measurements

Oscillatory amplitude sweep measurements were performed
within a strain amplitude range of 0.01–1000% at a frequency
of 1 Hz and 10 pts dec−1. This process included traditional
SAOS testing and LAOS testing. Lissajous plots were generated
according to sinusoidal deformation at various strains and a
single frequency. Additionally, oscillatory frequency sweep
measurements were performed from 0.05 to 100 rad/s within
the linear viscoelastic region (LVR).

2.5.3 Creep and creep recovery

Creep and creep recovery measurements were carried out
in two steps to analyze the viscoelastic behaviors of the
sample. A stress within LVR (depending on the sample)
was applied for creep testing and maintained for 5 min.
Creep recovery testing followed for 10 min without any
applied stress.

2.5.4 Compression measurements

Compression measurements were conducted with an initial
gap of 2mm. The parallel plate moved vertically downward to
a gap of 0.5mm at a speed of 0.1mm/s over 15 s. Subsequently,
the parallel plate moved vertically upward to a gap of 3mm at
the same speed over 25 s.

2.6 Data processing and Pearson’s
correlation analysis

Themodel fitting was performed using Origin 2024 (OriginLab,
USA). Tukey’s honestly significant difference (HSD) tests were
used to determine the significant differences among the ten
skin creams (SC1–SC10) from sensory and instrumental texture
attributes. The results were presented as letters, where the
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same letter in a column indicated that the corresponding skin
creams were not significantly different for the attribute con-
sidered (p < 0.05). Pearson’s correlation analysis was conducted
to determine the linear correlation between sensory attributes
and instrumental parameters. All the statistical analysis was
performed using SPSS Statistics 27.0 (IBM, USA).

2.7 ML modeling

Considering the complexity of the sensory attribute evalua-
tion data, we employed supervised learning regression
models with multiple regression and multi-feature input
to perform separate fitting and training for each dimension
of the sensory attribute. This approach more accurately
establishes the mappings between the data input and
each sensory attribute dimension, thereby improving the
model’s prediction accuracy. The process schematic diagram
of a model for predicting sensory attributes using instrument
parameters based onML is shown in Figure 1. In brief, we first
used the obtained instrument parameters as the independent
variable X and standardized the data to eliminate the impact
of dimension, thereby accelerating the model convergence and
improving the stability of the model. Simultaneously, we used
the sensory evaluation data as the dependent variable Y, which

contains 22 dimensions in total. All data of X and Y include
error ranges due to measurement errors, calculation errors,
and individual differences among subjects. Therefore, we use
the Monte Carlo simulation method to simulate the dataset,
simulating 1,000 sets of data for each sensory dimension.
Next, we divided the prepared data into a training set (80%)
and a validation set (20%) as the model’s input data. The
training set was used to train the model to learn the relation-
ship between the input features and the target data, while the
validation set was used tomonitor themodel performance and
prevent over-fitting. Then, we selected algorithms with good
predictive performance for discrete data, including Linear
Regression, Least Absolute Shrinkage and Selection Operator,
Ridge, ElasticNet, AdaBoost (Ada), Extreme Gradient Boosting
(XGBoost), Random Forest (RF), K-Nearest Neighbors (KNN),
Bayesian Ridge Regression (BR), Light Gradient Boosting
Machin (LightGBM), and Gaussian Process Regression.
Each dimension of Y was trained separately, and residual
analysis was performed to set rules for selecting the optimal
algorithm for each dimension of Y. The screening rules were
as follows: (1) the coefficient of determination (R-Square, R2)
must be greater than 0.7; and (2) algorithms were ranked
according to the priority of mean absolute percentage error
(MAPE), mean absolute error (MAE), and root mean square
error (RMSE), from smallest to largest, and the algorithm
with the smallest residual was selected. Finally, the best

Figure 1: Process schematic diagram of a model for predicting sensory attributes using instrument parameters based on ML.
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algorithm for each dimension of Y was integrated into a
sensory property prediction model. The same physical and
sensory property data of four additional samples were col-
lected and processed. These data were input into the model
to obtain the sensory prediction values of the products,
which were then compared with the actual sensory test
values to evaluate the accuracy and usability of the model.

3 Results and discussion

3.1 Sensory analysis

The skin feel of products provides a unique sensory experi-
ence for consumers, both physically and mentally. It is
crucial for cosmetic formulation engineers to consider
skin feel when designing their formulations. Sensory eva-
luations carried out by professional panelists can provide
relatively objective sensation results regardless of some
personal preference, which is a useful tool to study sensa-
tion-related research and to develop cosmetic products.
The average sensory scores of SC1–SC10 were presented
in Table S2, where Tukey’s HSD tests were performed to
confirm differences among the products. The results indi-
cated that most sensory attributes were significantly dif-
ferent among the samples, as evidenced by the varying
scores and HSD tests. However, some sensory attributes
showed similar scores, such as Skin stickiness (2 min) and
Skin watery (2 min). This similarity may be attributed to the
evaporation of volatile compounds, thereby leading to a
comparable after-feel among the skin creams. In terms of
appearance, SC5 and SC6 exhibited the highest values of
Fineness of texture (10.8 ± 1.0 and 11.2 ± 0.9, respectively) and
Reflection of product (10.5 ± 0.9 and 10.8 ± 0.9, respectively).

The Pick up attribute describes the initial sensation when
the finger first contacts the skin cream. SC9 had the lowest
Bounce (5.4 ± 1.3) and was softer than other skin creams,
making it relatively difficult to pick up (6.9 ± 1.2), with the
lower Peaking (2.5 ± 0.7). Notably, the Skin watery decreased
to some extent in all samples after 2min of application,
likely due to water evaporation from the surface of skin.

3.2 Instrumental texture analysis

The texture analyzer is widely used in the food industry to
test the physical properties related to human sensory eva-
luation. As the instrument’s functions diversify and inter-
disciplinary integration advances, the texture analyzer has
also become a valuable tool in the pharmaceutical, mate-
rial, and cosmetic industries. As shown in Table 1, texture
parameters such as hardness, fracturability, adhesiveness,
springiness, cohesiveness, and resilience were obtained
through compression tests on the texture analyzer. Figure 2
illustrates the texture plot of SC1, depicting the force and time
relationship during the compression of the sample by the
plate probe. Texture springiness reflected the initial skin
feel of the cream, of which SC7 exhibited the highest value,
positively influencing consumer preference in a positive way,
while SC5 had the lowest springiness. Texture hardness quan-
tified the deformation of the cream before application. SC10,
SC4, and SC1 had relatively higher hardness, suggesting that
consumers require a larger force to apply these creams. HSD
multiple comparison tests categorized the ten skin creams
into several groups based on their texture properties. For
example, all samples could be divided into seven groups
according to texture adhesiveness, indicating differences in
user experience, particularly regarding spreadability and
wateriness. Nevertheless, some characteristics lacked clear

Table 1: Average values (± standard deviation) of texture properties with Tukey’s post hoc test

Skin
creams

Hardness (g) Fracturability (g) Adhesiveness (g s) Springiness Cohesiveness Resilience Spreadability (g s)

SC1 16.2446 ± 0.29b 2.5568 ± 0.29ab 274.5315 ± 6.16c 0.9463 ± 0.02abc 0.9202 ± 0.02ab 0.0677 ± 0.08b 403.35 ± 11.80b

SC2 9.7280 ± 0.34d 2.3816 ± 0.30ab 137.6232 ± 14.37e 0.9556 ± 0.01abc 0.8606 ± 0.02ab 0.0603 ± 0.06b 246.96 ± 8.93c

SC3 11.5831 ± 0.31c 2.2934 ± 0.06ab 197.4645 ± 9.42d 0.9682 ± 0.01ab 0.8901 ± 0.02ab 0.0517 ± 0.02b 269.20 ± 4.21c

SC4 16.2886 ± 0.51b 2.3081 ± 0.21ab 321.5973 ± 15.71b 0.9679 ± 0.01ab 0.8167 ± 0.02b 0.0460 ± 0.01b 181.61 ± 16.30e

SC5 9.1201 ± 0.04d 2.0942 ± 0.16ab 132.0061 ± 7.82e 0.9146 ± 0.02c 0.8697 ± 0.07ab 0.0720 ± 0.01b 206.69 ± 4.21d

SC6 6.3787 ± 0.15e 1.8789 ± 0.08b 51.2315 ± 2.06f 0.9441 ± 0.01bc 0.8953 ± 0.03ab 0.1034 ± 0.01ab 157.52 ± 5.10f

SC7 5.1185 ± 0.16f 1.8287 ± 0.27b 12.8417 ± 2.80g 0.9908 ± 0.02a 0.9060 ± 0.03ab 0.1356 ± 0.05a 129.27 ± 2.98g

SC8 5.9094 ± 0.21ef 2.0696 ± 0.16ab 45.9744 ± 11.20f 0.9759 ± 0.03ab 0.8616 ± 0.03ab 0.0975 ± 0.04ab 145.71 ± 3.17fg

SC9 6.2866 ± 0.33e 1.9071 ± 0.26b 43.5501 ± 6.55f 0.9637 ± 0.01ab 0.9243 ± 0.06a 0.0829 ± 0.02ab 148.16 ± 4.07fg

SC10 18.1896 ± 0.15a 3.1678 ± 1.08a 366.2281 ± 14.53a 0.9567 ± 0.01abc 0.9163 ± 0.01ab 0.0455 ± 0.01b 449.38 ± 6.34a

The same letter in a column indicated that the corresponding skin creams were not significantly different for the attribute considered (p < 0.05).
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distinctions, as observed in terms of texture fracturability,
cohesiveness, or resilience, suggesting that the skin creams
had similar initiate contact attributes to some extent.

3.3 Friction analysis

Friction measurements provide a macroscopic simulation
that effectively describes the changes in CoF during the
skin cream spreading process, which corresponds to sen-
sory changes. Skin creams can be viewed as lubricants
when applied onto human skin. The lubrication process can
be divided into three regimes as film thickness decreases:
hydrodynamic, mixed, and boundary [2]. The hydrodynamic
regime occurs when the skin cream is initially spread on the
skin or substrate, and the lubrication layer is thick enough. In
this stage, the perception of the skin cream primarily depends
on the formulation’s characteristics, particularly the ingredi-
ents in the oil phase (such as plant oils, silicones, and fatty
alcohols) and the emulsifiers used. These components influ-
ence the texture, smoothness, spreadability, and initial skin
feel, while the characteristics of the skin or substrate have
less impact at this stage. As the spreading action continues
and the film between the finger and the skin or substrate
becomes thinner, the perception of the skin cream is mainly
influenced by the film. In the mixed regime, the CoF usually
increases, which may be attributed to the evaporation of
compounds and the hydration of moisturizers. The boundary
regime occurs when the residue film continues to thin during
spreading. At this point, the CoF is stabilized, and the percep-
tion of the skin cream is dominant by the surface of the skin
or substrate [13,28]. Figure 3 illustrates the unidirectional CoF

changes during the probe sliding on the bio-skin with SC1. The
sliding process could be divided into three stages. The CoF
was relatively low initially but increased after 5min, indi-
cating a brief hydrodynamic regime, followed by the mixed
regime. The CoF continued to increase and stabilized within
15min, transitioning to the boundary regime. Overall, the CoF
during the sliding process remained below that of the bare
substrate (0.0673, dotted line), indicating that SC1 provided a
lubricating effect. Additionally, the fluctuations at the edges of
the stroke were due to the machine's instability and could be
disregarded. Figure 4 demonstrates the CoF of SC1–SC10 at
different sliding times. The CoF of SC2, SC4, SC5, SC7, SC8, and
SC9 showed slight changes (always below the bare bio-skin)
over 40min of sliding, indicating good lubrication effects,
which might be relevant to certain sensory attributes, such
as thickness, watery, greasiness, and smoothness. SC10 exhib-
ited a higher CoF than that of the bare bio-skin after 10min,
indicating increased stickiness and residue. On the contrary,
SC3 and SC6 displayed a similar trend of the CoF change,
which exhibited a decrease at the beginning and an increase
at the end of the friction test. This suggested that SC3 and
SC6 experienced a prolonged hydrodynamic regime, and the
mixed regime occurred much later than SC1 and SC10. The
possible reason was that the involatile squalene in SC3
and the stronger interactions caused by a higher content
of ammonium acryloyldimethyltaurate/VP copolymer in SC6
hindered the volatilization process. In contrast, the volatile
decamethylcyclopentasiloxan in SC1 and isocetane in SC10 led
to relatively quick volatilization. Overall, friction situations
vary based on usage conditions such as spreading strength,
speed, and direction, and human skin absorbs substances in
the formulations, thereby leading to changes in the friction
coefficient. Although sliding on the bio-skin was a simulation
scenario, it provides insights into tribological changes and
potential relationships between the CoF and sensory attributes.

Figure 2: Force–time plot of SC1 obtained from the texture analyzer.

Figure 3: Unidirectional CoF changes of SC1 after different time intervals.
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3.4 Rheological analysis

3.4.1 Flow curve measurements

Continuous shear rate testing captured the shear rates
encountered during the application of skin creams, pro-
viding a practical reference for simulating their sensory
characteristics in daily use. For example, a shear rate of
100 s−1 represents the terminal rate of pouring semisolid
products and the starting rate of spreading on the skin [29],
while 200 s−1 is the typical rate of spreading [18]. To analyze
the transition from a solid-like bulk state to a fluid-like flow
state, viscosity versus shear rate and shear stress versus
shear rate were plotted separately (Figure 5a and b). A high
viscosity plateau was observed under a low shear rate, and
viscosity decreased as the shear rate increased, demon-
strating shear thinning behavior (Figure 5a). High shear
rates disrupted the polymer structure and intermolecular
force, resulting in viscosity decline. This shear-thinning
behavior was consistent across all tested skin creams. Fit-
ting the experimental data to rheology flow models pro-
vided additional parameters to describe the fluid flow
behavior. The viscosity curves were fitted to the Cross
model (Figure 5c), and the stress curves were fitted to the
Herschel–Bulkley model (Figure 5d). From the Cross model,
the zero shear rate viscosity η0, power law exponent m,
and the critical shear rate at which a fluid transitions from
Newton’s law to power law behavior γc were obtained.
Yield stress σy (the longitudinal intercept of fitting curves at
zero shear rates), consistency index k, and shear thinning
coefficient nwere obtained from the Herschel–Bulkley model.
As can be seen from Table 2, η0 and σy of the skin creams were
between 965–1,1391 Pa s and 8.43–74.31 Pa, respectively, indi-
cating good stability against spontaneous flow caused by
gravity. The difference in η0 and σy of the creamswas attributed

to intermolecular interactions of the formulations, which might
influence the sensory attributes, like the initial spreadability.
SC4 and SC10 exhibited relatively high η0 and σy, indicating a
heavy texture and poor spreadability. Moreover, all samples
showed n < 1, confirming shear thinning behaviors.

3.4.2 Rheodestruction and recovery measurements

Figure 6 presents the rheodestruction and recovery mea-
surements of SC7. The viscosity of the formulation remark-
ably declined under high shear rates (the second stage),
indicating interior structure destruction. However, the
viscosity recovered to a certain extent during the third
stage, where the shear rate was within the LVR. Similar
results were obtained for other skin creams. The percen-
tages of destruction and recovery could be calculated using
the following equations:

( )= − ×η η η% Destruction / 100,
1 2 1

(1)

( ) ( )= − − ×η η η η% Recovery / 100,
3 2 1 2

(2)

where η1, η2, and η3 represent the viscosity of the three
stages, respectively. The calculated destruction and recovery
percentages for SC1–SC10 are presented in Table 3. All skin
creams exhibited destruction percentages exceeding 90%,
indicating that outside the LVR, interior interactions were
disrupted, allowing the creams to flow. Notably, SC1, SC3,
SC6, SC7, SC8, and SC9 showed destruction percentages of
over 99%, indicating excellent spreadability. The recovery
percentage reflects the degree of the sample returning to its
original structure after removing the high shear rate. A
lower recovery percentage meant more irreversible struc-
ture destruction at the second stage, which could lead to
issues such as self-dripping if consumers removed the action

Figure 4: (a) CoF of SC1–SC10 at different sliding times and (b) the enlarged details.
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in the middle of smearing. SC6 had a recovery percentage of
only 33.53%, while the remaining skin creams had recovery
percentages of over 60%. Interestingly, SC8 exhibited a

recovery percentage of 108.51%, which was possibly due to
the macromolecule rearrangement or the intermolecular
structure rebuilt [30,31].

Figure 5: (a) Viscosity versus shear rate, (b) shear stress versus shear rate, (c) cross model fitting curve, and (d) Herschel–Bulkley model fitting curve of
SC6 were plotted from continuous shear rate testing.

Table 2: Fitting model data of experimental flow curves

Skin creams Cross model Herschel–Bulkley model

η0 (Pa s) m γc (s−1) σy (Pa) k (Pa sn) n

SC1 6378.69 ± 1245.74 0.90 ± 0.23 0.019 ± 0.010 48.45 ± 3.43 110.27 ± 3.49 0.64 ± 0.05
SC2 3577.95 ± 220.53 0.90 ± 0.14 0.030 ± 0.006 8.43 ± 6.92 62.82 ± 7.14 0.37 ± 0.05
SC3 7700.45 ± 1003.54 0.90 ± 0.21 0.012 ± 0.005 24.61 ± 3.82 69.52 ± 4.07 0.59 ± 0.06
SC4 11391.40 ± 1966.78 0.90 ± 0.24 0.022 ± 0.010 74.31 ± 12.36 76.94 ± 13.02 0.28 ± 0.05
SC5 2364.82 ± 226.59 0.90 ± 0.15 0.036 ± 0.009 43.80 ± 1.23 19.61 ± 1.26 0.38 ± 0.01
SC6 1265.40 ± 97.96 0.90 ± 0.14 0.035 ± 0.008 26.51 ± 0.34 12.53 ± 0.33 0.40 ± 0.01
SC7 965.33 ± 91.44 0.90 ± 0.16 0.022 ± 0.006 13.07 ± 0.24 6.53 ± 0.23 0.45 ± 0.01
SC8 1455.78 ± 147.85 0.90 ± 0.18 0.025 ± 0.008 20.58 ± 0.24 10.36 ± 0.23 0.43 ± 0.00
SC9 1821.45 ± 270.94 0.90 ± 0.18 0.028 ± 0.011 25.66 ± 0.70 9.08 ± 0.69 0.46 ± 0.02
SC10 8239.87 ± 1407.66 0.90 ± 0.22 0.019 ± 0.009 52.42 ± 4.36 203.88 ± 3.61 0.50 ± 0.04
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3.4.3 Oscillatory amplitude sweep measurements

The mechanical properties of samples under varying defor-
mation can be assessed through oscillatory amplitude sweeps,
especially regarding the extreme extent to which the sample
can endure. A larger LVR and higher yield force indicate
greater extreme deformation capacity and better mechanical
stability. At a fixed frequency, applying a strain ranging from
0.01 to 1,000% will initially result in a SAOS response, which
provides information on the LVR. As the strain increases
beyond this range, an LAOS response occurs, during which
the microstructure may undergo irreversible changes. Key
formulation parameters, such as storage modulus (G′), loss
modulus (G″), loss factor (tan δ = G″/G′), complex viscosity
(η*), and yield stress (σy, the inflection point of the stress–
strain curve), can be obtained fromSAOS. As shown in Figure 7a,
the sample initially displayed a linear elastic response

(G′ > G″). As the strain increased, both G′ and G″ decreased,
with G″ gradually dominating. When the stress exceeded the
intersection point of G′ and G″ (σcross), the response of
the sample was dominated by viscous shear, resulting
in the loss of cohesive structural interaction. σy was consid-
ered the transition stress of the sample from viscoelasticity
to viscoplasticity. Below σy, the sample exhibited elastic
deformation, at which point stress and deformation were
linearly related. σVE-V was calculated as σcross minus σy,
which quantified the required stress that transferred the
sample from viscoelasticity to viscous flow.

Table 4 presents the rheological parameters obtained
from oscillatory amplitude sweeps. G′ of SC1, SC3, SC4, and
SC10 were relatively high, indicating stronger structural
rigidity and integrity. Nevertheless, formulation rigidity
is not in direct proportion to mechanical stability. For
instance, SC3 showed high G′ but low σy, suggesting strong
rigidity but sensitivity to mechanical deformation during
oscillatory. In contrast, SC4 exhibited a relatively high σy,
resulting in better mechanical stability. Furthermore, SC1
and SC10 required more energy to turn into viscous flow

Figure 6: Rheodestruction and recovery curve of SC7.

Table 3: Percentage of rheodestruction and recovery of SC1–SC10

Skin creams % Destruction % Recovery

SC1 99.17 ± 11.81 62.44 ± 6.41
SC2 94.83 ± 7.59 81.45 ± 6.59
SC3 99.87 ± 5.49 77.43 ± 3.22
SC4 91.78 ± 4.97 86.18 ± 12.52
SC5 98.58 ± 6.35 62.09 ± 3.80
SC6 99.60 ± 5.72 33.53 ± 1.62
SC7 99.72 ± 14.41 94.25 ± 8.20
SC8 99.58 ± 12.24 108.51 ± 10.18
SC9 99.86 ± 16.31 89.54 ± 13.04
SC10 97.59 ± 4.83 76.41 ± 3.93

Figure 7: (a) Oscillatory amplitude sweep curve of SC10 and (b) oscillatory frequency sweep curve of SC5.
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according to σVE-V. Typical oscillatory frequency sweep
curves are shown in Figure 7b. In the frequency range of
0.05–100 rad/s, all samples exhibited G′ > G″, further con-
firming good storage stability while the skin creams were
in a static state.

However, information from SAOS and LVR primarily
reflect the relatively static spatial conformation of the micro-
structure in the formulation, which cannot fully explain the
skin feel associated with large and rapid deformations during
the daily application of skin creams. Fortunately, Lissajous
plots can help engineers comprehend the skin feel change
during the application process. It serves as a valuable tool
to understand the structural change of formulations under
LAOS, effectively illustrating the relationship between stress
and strain or shear rate. Given a specific strain amplitude,
Lissajous curves for linear viscoelastic materials are ellipses,
ideal elastic materials are diagonal lines, and Newtonian
materials are circles. In plots of stress versus shear rate,
Lissajous curves of elastic materials and Newtonianmaterials
will reverse [32,33]. Figure 8 presents the Lissajous plots of
SC4 and SC6. As illustrated in Figure 8a and c, both SC4 and
SC6 exhibited greater elasticity (more resembling a diagonal
line) at small strains, and the curves became irregular ellipses
with the strain increasing, indicating increased viscous flow.
Correspondingly, SC6 behaved very elastically (displaying
elliptical rings) at low shear rates (Figure 8d). This elastic
behavior was associatedwith high-stress values and generally
indicated that the sample had strong buffering properties
during the initial pick-up process in sensory testing. As the
shear rate increased, SC6 transitioned from a symmetrical
ellipse to a distorted ellipse with a thin Lissajous tail, ulti-
mately exhibiting Newtonian characteristics in the high shear
region. This transformation indicated that the microstructure
of the sample was disrupted and demonstrated a shear-thin-
ning behavior. Additionally, SC4 exhibited a superposition
of stress curves at high shear rates (Figure 8b), and similar
phenomena were also observed in SC2 and SC10. This

phenomenon may be attributed to similarities in their emul-
sification systems, thickeners, oil phase components, and
emulsion droplet size distribution. These products likely
use similar emulsifiers (such as PEG-based or phospholipid
emulsifiers), rheology modifiers (such as carbomer and
xanthan gum), and oil phase ingredients like silicone oil
and squalane, resulting in comparable viscoelasticity and
shear-thinning behavior at high rates. Additionally, they
may exhibit similar thixotropy properties, which originate
from a nonlinear stress response and the stress lagging
behind the shear rate. SC4, SC2, and SC10 possess less thix-
otropy than other samples, as a larger thixotropic ring area
indicates greater thixotropy. This means that the structure
breakdown and recovery due to shear in SC4, SC2, and SC10
are less dependent on time.

A batch of parameters could be obtained from Lissajous
plots. The zero strain tangent modulus ′GM is the slope value
at zero strain and the secant modulus of amplitude strain ′GL

is the slope value of the straight line formed by the max-
imum strain and the origin in the elastic Lissajous plots. The
zero rate tangent viscosity ′η

M
is the slope value at the zero

shear rate and the secant viscosity of amplitude rate η′L is
the slope value of the straight line formed by the maximum
shear rate and the origin in the viscous Lissajous plots. The
strain stiffening index ΔStiff is defined as ( ′GL – ′GM )/ ′GL, and
the shear thickening index ΔThick is defined as ( ′η

L
– ′η

M
)/ ′η

L
.

ΔStiff > 0 represents strain stiffening, ΔStiff = 0 represents
linear elasticity, and ΔStiff < 0 represents strain softening.
ΔThick > 0 represents shear thickening, ΔThick = 0 represents
linear viscosity, and ΔThick < 0 represents shear thinning. In
addition, e3 = ( ′GL – ′GM )/4 and ν3 = ( ′η

L
– ′η

M
)/4 are the elasticity

coefficient and viscosity coefficient of the third term in
Chebyshev’s expansion term. The nonlinear viscoelastic
parameters of SC1–SC10 under strain amplitudes of 180,
450, 700, and 1,000% are shown in Table 5. All samples exhib-
ited e3, ΔStiff > 0 and ν3, ΔThick < 0, indicating strain stiffening
and shear thinning behaviors. Interesting connections might

Table 4: Rheological parameters obtained from oscillatory amplitude sweep

Skin creams G′ (Pa) G″ (Pa) tan δ η* (Pa s) σy (Pa) σcross (Pa) σVE-V (Pa)

SC1 1348.0 ± 20.6 205.0 ± 0.3 0.20 217.0 ± 3.2 15.73 ± 0.07 138.6 ± 3.1 122.87
SC2 834.0 ± 2.3 314.0 ± 5.5 0.40 142.0 ± 0.5 13.15 ± 0.07 19.8 ± 0.6 6.65
SC3 2554.0 ± 25 768.0 ± 15 0.30 424.0 ± 4.0 6.36 ± 0.03 89.8 ± 2.2 83.44
SC4 4358.0 ± 24.2 1372.0 ± 19.5 0.30 727.0 ± 3.6 21.29 ± 0.16 29.4 ± 0.5 8.11
SC5 320.0 ± 0.8 24.0 ± 0.3 0.10 51.0 ± 0.1 14.76 ± 0.06 49.6 ± 2.6 34.84
SC6 197.0 ± 0.9 20.0 ± 0.7 0.10 31.0 ± 0.1 10.64 ± 0.08 47.3 ± 2.8 36.66
SC7 194.0 ± 1.1 30.0 ± 1.0 0.20 31.0 ± 0.2 5.37 ± 0.05 20.2 ± 0.9 14.83
SC8 316.0 ± 2.1 51.0 ± 1.0 0.16 51.0 ± 0.3 7.13 ± 0.05 31.8 ± 1.3 24.67
SC9 764.0 ± 10.6 168.0 ± 7.7 0.20 124.0 ± 1.8 5.91 ± 0.04 30.0 ± 0.9 24.09
SC10 2400.0 ± 7.2 750.0 ± 6.7 0.31 400.0 ± 1.2 15.68 ± 0.02 192.8 ± 1.9 177.12
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be established between the parameters obtained from Lissa-
jous plots and sensory attributes, as large deformation and
high shear rates were typically involved in the application of
skin creams.

3.4.4 Creep and creep recovery measurements

Creep and creep recovery measurements provide insights
into the elastic and viscous response of skin creams, which
are expected to connect with various sensory attributes. As
illustrated in Figure 9, the sample first underwent a rapid
instantaneous elastic response and then recovered immedi-
ately. This was followed by a delayed viscoelastic response,
where the resulting deformation gradually recovered over
time. Finally, a steady-state viscous response occurred,
resulting in permanent deformation that could not recov-
ered. Figure 10 shows the fitting curves of the experimental
data using the Burgers four-element model composed of the
Maxwell model and Kelvin model in series. From the fitting
model, the instantaneous elastic modulus (G1), the Kelvin
Voigt elastic modulus (G2), the steady-state viscosity (η1),

and the Kelvin viscosity (η2) were obtained, as listed in
Table 6. Additionally, the creep recovery parameters such
as the compliance at the end of the creep test (JMAX), the
compliance corresponding to irreversible deformation (J∞),
the elastic compliance corresponding to secondary recovery
(JKV), the instantaneous elastic compliance (JSM), the creep
recovery speed parameters (B and C) are listed in Table 7,
and the contribution of each model element to the max-
imum deformation (expressed as percentages, JSM%, JKV%,
and J∞%), are calculated using the following equations:

( ) ( )= + −∞J t J J Btexp ,C
KV

(3)

( )= − +∞J J J J ,
SM MAX KV

(4)

( )= ×J J J% / 100,
element MAX

(5)

[( ) ]= − ×∞R J J J% / 100.
MAX MAX

(6)

SC4 exhibited the largest G1, indicating stronger mole-
cular cohesion within the formulation. Meanwhile, SC4
showed a relatively high G2, demonstrating better resis-
tance to deformation. In addition, SC10, SC1, SC3, SC4,
and SC5 also displayed good abilities to resist deformation
caused by external stress, as evidenced by their η1 values

Figure 8: Lissajous plots of (a) and (b) SC4 and (c) and (d) SC6.
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being an order of magnitude higher than those of the other
skin creams. The ratio of η2/G2 represented the response
speed of the sample to instantaneous constant stress, with
smaller values indicating less response times, and SC6 pos-
sessed the fastest response speed. Notably, SC9 had the
lowest reversion rate (R% = 39.80%) among all the skin
creams, suggesting that the internal structure could be
easily disrupted under low stress, which was in agreement
with its relatively low σy value observed in the flow curve
and oscillatory amplitude sweep.

3.4.5 Compression measurements

Compression measurements on the rheometer provide an
alternative method for testing spreadability compared to
the texture analyzer. Similar curves (Figure 11a) to those
obtained with the texture analyzer can also be generated
using the rheometer, requiring less material. The spread-
ability obtained from the rheometer was calculated as the
integral of the downward compression of the parallel plate
on the force–time curve. Figure 11b shows that the

Table 5: Nonlinear viscoelastic parameters of SC1–SC10 obtained from Lissajous plots under the strain amplitudes of 180, 450, 700, and 1,000%

Skin creams γ (%) G′M (Pa) G′L (Pa) ΔStiff e3 (Pa) η′

M
(Pa s) η′

L
(Pa s) ΔThick ν3 (Pa s)

SC1 180 21.81 ± 0.11 56.49 ± 0.40 0.614 8.67 ± 0.13 15.43 ± 0.12 12.15 ± 0.05 −0.270 −0.82 ± 0.04
450 5.02 ± 0.09 24.78 ± 0.17 0.797 4.94 ± 0.07 11.22 ± 0.14 7.20 ± 0.21 −0.558 −1.01 ± 0.09
700 1.49 ± 0.08 17.07 ± 0.05 0.913 3.90 ± 0.03 10.41 ± 0.16 5.65 ± 0.17 −0.842 −1.19 ± 0.08
1,000 0.46 ± 0.06 10.81 ± 0.08 0.957 2.59 ± 0.04 8.43 ± 0.15 4.25 ± 0.05 −0.984 −1.05 ± 0.05

SC2 180 10.04 ± 0.16 35.27 ± 0.37 0.715 6.31 ± 0.13 18.41 ± 0.32 8.37 ± 0.08 −1.200 −2.51 ± 0.10
450 −0.06 ± 0.03 14.13 ± 0.15 1.004 3.55 ± 0.05 10.63 ± 0.36 2.93 ± 0.02 −2.628 −1.93 ± 0.10
700 −0.82 ± 0.02 8.24 ± 0.76 1.100 2.27 ± 0.20 5.91 ± 0.22 2.18 ± 0.20 −1.711 −0.93 ± 0.11
1,000 −0.16 ± 0.26 5.43 ± 0.08 1.029 1.40 ± 0.09 5.06 ± 0.19 1.49 ± 0.06 −2.396 −0.89 ± 0.06

SC3 180 16.36 ± 0.07 42.45 ± 0.40 0.615 6.52 ± 0.12 22.85 ± 0.33 9.37 ± 0.13 −1.439 −3.37 ± 0.12
450 3.51 ± 0.08 17.23 ± 0.16 0.796 3.43 ± 0.06 14.83 ± 0.30 5.83 ± 0.13 −1.544 −2.25 ± 0.11
700 0.52 ± 0.05 10.90 ± 0.02 0.952 2.60 ± 0.02 11.04 ± 0.26 4.17 ± 0.17 −1.647 −1.72 ± 0.11
1,000 −0.23 ± 0.03 6.93 ± 0.13 1.033 1.79 ± 0.04 8.60 ± 0.22 2.90 ± 0.03 −1.966 −1.43 ± 0.06

SC4 180 11.08 ± 0.15 59.48 ± 0.41 0.814 12.10 ± 0.14 29.19 ± 0.98 12.07 ± 0.15 −1.418 −4.28 ± 0.28
450 0.56 ± 0.06 23.10 ± 0.08 0.976 5.64 ± 0.04 16.47 ± 0.76 5.91 ± 0.10 −1.787 −2.64 ± 0.22
700 −1.02 ± 0.05 13.75 ± 0.21 1.074 3.69 ± 0.07 10.70 ± 0.53 4.03 ± 0.17 −1.655 −1.67 ± 0.18
1,000 −1.15 ± 0.02 8.09 ± 0.02 1.142 2.31 ± 0.01 8.70 ± 0.39 2.78 ± 0.05 −2.129 −1.48 ± 0.11

SC5 180 11.56 ± 0.10 33.68 ± 0.09 0.657 5.53 ± 0.05 6.71 ± 0.06 6.80 ± 0.19 0.013 0.02 ± 0.06
450 1.28 ± 0.04 13.92 ± 0.13 0.908 3.16 ± 0.04 4.88 ± 0.07 3.56 ± 0.01 −0.371 −0.33 ± 0.02
700 0.10 ± 0.02 8.94 ± 0.04 0.989 2.21 ± 0.02 4.08 ± 0.07 2.66 ± 0.30 −0.534 −0.36 ± 0.09
1,000 −0.27 ± 0.01 5.93 ± 0.06 1.046 1.55 ± 0.02 3.51 ± 0.07 1.93 ± 0.05 −0.819 −0.40 ± 0.03

SC6 180 8.44 ± 0.08 21.98 ± 0.05 0.616 3.39 ± 0.03 3.95 ± 0.04 4.44 ± 0.20 0.110 0.12 ± 0.06
450 0.81 ± 0.02 9.02 ± 0.06 0.910 2.05 ± 0.02 2.91 ± 0.03 2.34 ± 0.03 −0.244 −0.14 ± 0.02
700 0.06 ± 0.01 6.01 ± 0.03 0.990 1.49 ± 0.01 2.51 ± 0.04 1.86 ± 0.05 −0.349 −0.16 ± 0.02
1,000 −0.11 ± 0.00 4.01 ± 0.02 1.027 1.03 ± 0.01 2.07 ± 0.03 1.30 ± 0.08 −0.592 −0.19 ± 0.03

SC7 180 3.09 ± 0.03 10.11 ± 0.03 0.694 1.76 ± 0.02 2.96 ± 0.03 2.60 ± 0.21 −0.138 −0.09 ± 0.06
450 0.46 ± 0.01 4.46 ± 0.02 0.897 1.00 ± 0.01 2.16 ± 0.03 1.36 ± 0.04 −0.588 −0.20 ± 0.02
700 0.12 ± 0.01 2.89 ± 0.03 0.958 0.69 ± 0.01 1.75 ± 0.03 1.02 ± 0.18 −0.716 −0.18 ± 0.05
1,000 0.01 ± 0.01 1.91 ± 0.05 0.995 0.48 ± 0.02 1.57 ± 0.03 0.89 ± 0.12 −0.764 −0.17 ± 0.04

SC8 180 5.37 ± 0.05 15.01 ± 0.06 0.642 2.41 ± 0.03 4.62 ± 0.05 3.45 ± 0.06 −0.339 −0.29 ± 0.03
450 1.02 ± 0.02 6.44 ± 0.04 0.842 1.36 ± 0.02 3.25 ± 0.05 2.02 ± 0.01 −0.609 −0.31 ± 0.02
700 0.24 ± 0.01 4.29 ± 0.03 0.944 1.01 ± 0.01 2.74 ± 0.05 1.57 ± 0.18 −0.745 −0.29 ± 0.06
1,000 0.01 ± 0.01 2.82 ± 0.03 0.996 0.70 ± 0.01 2.39 ± 0.05 1.28 ± 0.05 −0.867 −0.28 ± 0.03

SC9 180 6.47 ± 0.04 15.37 ± 0.14 0.579 2.23 ± 0.05 4.30 ± 0.06 3.19 ± 0.11 −0.348 −0.28 ± 0.04
450 1.62 ± 0.03 6.64 ± 0.04 0.756 1.26 ± 0.02 3.08 ± 0.04 2.02 ± 0.11 −0.525 −0.27 ± 0.04
700 0.51 ± 0.02 4.37 ± 0.03 0.883 0.97 ± 0.01 2.62 ± 0.05 1.57 ± 0.18 −0.669 −0.26 ± 0.06
1,000 0.20 ± 0.01 2.87 ± 0.03 0.930 0.67 ± 0.01 2.17 ± 0.04 1.27 ± 0.06 −0.709 −0.23 ± 0.03

SC10 180 24.10 ± 0.18 83.82 ± 1.16 0.712 14.93 ± 0.34 29.08 ± 0.58 15.46 ± 0.18 −0.881 −3.41 ± 0.19
450 2.73 ± 0.10 30.67 ± 4.31 0.911 6.99 ± 1.10 17.93 ± 0.39 8.30 ± 0.09 −1.160 −2.41 ± 0.12
700 −0.07 ± 0.06 20.95 ± 0.11 1.003 5.26 ± 0.04 14.45 ± 0.37 6.29 ± 0.10 −1.297 −2.04 ± 0.12
1,000 −1.04 ± 0.05 13.00 ± 0.21 1.080 3.51 ± 0.07 11.03 ± 0.30 4.44 ± 0.04 −1.484 −1.65 ± 0.09
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relationship between the CoF for 40min and the rheolo-
gical spreadability could be well-fitted using a quadratic
polynomial. Notably, the CoF for other time intervals could
also be well-fitted with a quadratic polynomial. It could be

inferred that a higher CoF corresponded to more work
required to spread the skin cream. However, it should
be emphasized that the absolute values of spreadability
obtained from the texture analyzer and the rheometer
may be different. In this study, spreadability obtained
from the texture analyzer was utilized for subsequent sta-
tistical analysis.

3.5 Pearson’s correlation analysis

Pearson’s correlation analyses between instrumental para-
meters and sensory attributes visualized by the heatmap
is shown in Figure 12, and Table S3 presents some typical
associations with detailed Pearson’s correlation coefficients
(PCC). PCC ranges from −1 to 1, indicating strong negative
and positive linear correlation, respectively. Several texture
parameters demonstrated strong associations with sensory
attributes. For example, texture adhesiveness was positively
correlated with Thickness, Firmness, Peaking, and Cushion,

Figure 9: Creep and creep recovery curve of SC2.

Figure 10: (a) and (b) Fitting curves of the experimental data obtained from the creep and creep recovery test of SC2 using the Burgers four-element
model.

Table 6: Creep parameters obtained from fitting the experimental data using the Burgers four-element model

Skin creams G1 (Pa) G2 (Pa) η1 (Pa s) η2 (Pa s) η2/G2 (s)

SC1 6.66 ± 0.03 6.34 ± 0.07 1922.17 ± 38.46 103.69 ± 2.17 16.35
SC2 5.58 ± 0.07 2.46 ± 0.03 424.02 ± 5.48 46.96 ± 1.09 19.09
SC3 15.13 ± 0.16 5.68 ± 0.06 1440.20 ± 22.94 128.14 ± 2.25 22.56
SC4 30.88 ± 0.43 7.20 ± 0.08 1361.62 ± 16.41 205.03 ± 3.09 28.48
SC5 2.18 ± 0.01 3.60 ± 0.03 1439.59 ± 31.75 43.40 ± 0.95 12.06
SC6 1.14 ± 0.00 2.14 ± 0.02 855.07 ± 19.03 20.84 ± 0.51 9.74
SC7 1.48 ± 0.01 1.85 ± 0.02 538.41 ± 10.64 29.62 ± 0.69 16.01
SC8 1.96 ± 0.01 1.51 ± 0.01 536.24 ± 11.24 24.36 ± 0.49 16.13
SC9 1.96 ± 0.02 0.96 ± 0.01 181.24 ± 2.47 21.93 ± 0.44 22.84
SC10 14.22 ± 0.15 7.36 ± 0.08 2163.34 ± 41.75 115.63 ± 2.63 15.71
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with PCCs of 0.947, 0.907, 0.922, and 0.936, respectively. Con-
versely, it was negatively correlated with Spreadability and
Product watery, with PCCs of −0.880 and −0.830. Addition-
ally, texture spreadability was positively correlated with
Thickness, Firmness, and Cushion, while being negatively
correlated with sensory Spreadability and Skin watery
(instant and 2min), with PCCs of 0.805, 0.745, 0.788, −0.788,
−0.747, and −0.810, respectively. The relationship between
friction and sensory attributes was also evident. The CoF
was positively correlated with Thickness, Firmness, Peaking,
and Cushion within 5–40min, and negatively correlated
with Spreadability and Skin watery (instant and 2min)
within 15–35min. Although previous studies have reported
that hydration from moisturizers could reduce smoothness
during sample application [2], but unfortunately, no signifi-
cant correlation between CoF and the skin smoothness of the
products was observed in this research.

Rheological testing simulated the actual application
process of skincare products to some extent, and this study

revealed that many rheological parameters were linearly
correlated with sensory attributes. Generally, the relevancy
between parameters obtained from LAOS (Lissajous plots)
and sensory attributes was stronger than that obtained from
SAOS (oscillatory amplitude sweep measurements), further
verifying that high shear strain was more representative
of the smearing application process. Notably, η0 obtained
from flow curve fitting showed significant correlations with
sensory attributes such as Thickness, Firmness, Peaking, Pick
up, Cushion, and Spreadability, indicating that it effectively
described the skin feel changes from a quiescent state
to initial product contact. These findings suggested that
steady-state parameters could effectively describe early skin
feel. Furthermore, sensory attributes including Thickness,
Firmness, Peaking, Pick up, and Cushion were positively corre-
lated with creep parameters, but negatively correlated with
creep recovery parameters. This is understandable, asmaterials
withweak interactions tend to exhibit fast creep and slow creep
recovery behavior.

Table 7: Creep recovery parameters obtained from fitting the experimental data using the equations

Skin creams JMAX (Pa−1) × 10−3 J∞ (Pa−1) × 10−3 JKV (Pa−1) × 10−3 JSM (Pa−1) × 10−3 B C JSM (%) JKV (%) J∞ (%) R (%)

SC1 4.44 1.59 1.79 1.06 0.15 0.37 23.87 40.32 35.81 64.19
SC2 12.32 6.51 3.88 1.93 0.10 0.52 15.67 31.49 52.84 47.16
SC3 4.30 1.97 1.96 0.37 0.09 0.51 8.60 45.58 45.81 54.19
SC4 3.76 1.52 2.01 0.23 0.09 0.55 6.12 53.46 40.43 59.57
SC5 9.14 3.55 2.05 3.54 0.16 0.37 38.73 22.43 38.84 61.16
SC6 16.41 6.97 2.26 7.18 0.06 0.51 43.75 13.77 42.47 57.53
SC7 17.04 6.09 5.78 5.17 0.15 0.41 30.34 33.92 35.74 64.26
SC8 16.56 7.39 5.31 3.86 0.20 0.44 23.31 32.07 44.63 55.37
SC9 30.68 18.47 10.05 2.16 0.14 0.46 7.04 32.76 60.20 39.80
SC10 3.27 1.24 1.28 0.75 0.10 0.49 22.94 39.14 37.92 62.08

Figure 11: (a) Force–time curve of SC3 obtained from the compression measurement using the rheometer and (b) the fitting line of the experimental
data [CoF (40 min)-spreadability (obtained from the rheometer)] using a quadratic polynomial.
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Figure 12: Pearson’s correlation analyses between instrumental parameters and sensory attributes visualized by the heatmap. Blue and red colors
represent significant negative and positive correlations, respectively. Darker color represents stronger correlations.
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3.6 ML analysis

To further clarify the connection between instrumental
parameters and sensory attributes, we developed predic-
tive models for the sensory attributes of skin creams using
various ML algorithms, such as KNN, LightGBM, AdaBoost,
RF, CatBoost, and BR. The models were evaluated based on
R2, MAPE, MAE, and RMSE, with the goal of selecting the
best prediction algorithm for sensory attributes that are
suitable for different stages of product use. Accuracy was
calculated based on the formula for the probability of
landing points to conveniently evaluate the model fitting
results. The results are presented in Table 8, and the cor-
responding regression plots (with 95% confidence inter-
vals) are shown in Table S4. The overall performance of
the predictive models demonstrated a high level of accu-
racy across a wide range of sensory attributes. Notably,
KNN, AdaBoost, and LightGBM stood out as the best-per-
forming algorithms, achieving R2 values of 0.96 or higher
for most attributes, coupled with low MAPE, MAE, and
RMSE values. For instance, KNN consistently delivered per-
fect or near-perfect predictions for several texture and tac-
tile-related attributes, such as Fineness of texture (R2 = 0.99,
MAPE = 0.72%) and Spreadability (R2 = 1.00, MAPE = 0.33%),
highlighting its suitability for localized sensory attributes.
Similarly, AadBoost also showed significant success for

attributes like Firmness (R2 = 1.00, MAPE = 0.57%) and
Skin smoothness (instant) (R2 = 0.96, MAPE = 0.43%), empha-
sizing its ability to integrate weak learners into a strong
predictive framework. In addition, LightGBM also exhib-
ited outstanding performance, particularly for attributes
like Reflection of product and skin oiliness (instant), with
R² values of 1.00 and 0.98, respectively. These algorithms
effectively predicted both immediate and long-term sensory
experiences associated with skin creams, not only con-
firming the feasibility of using MLmodels to predict sensory
attributes with high accuracy but also underscoring the
importance of algorithm selection based on the specific
characteristics of each sensory attribute.

The predictive performance of the above-established
model was evaluated using four additional skin care pro-
ducts, with the outcomes depicted in Figure 13. Upon com-
paring the model’s prediction values (orange dots) with
actual measurements (blue dots with error bars), we found,
inmany instances, that the predicted values fell within those
ranges of actual sensory scores, affirming the model’s relia-
bility. The occasional deviations were likely due to sensory
evaluation errors and potential model limitations. The resi-
dual plots (Figure 14) presented provided a critical evalua-
tion of our model’s predictive capabilities by comparing the
residual from the training set (represented by blue points)
with those from the testing set (represented by red points).

Table 8: Optimal prediction algorithm for each sensory attribute dimension based on the screening criteria

Sensory attributes list Best fit algorithm R2 MAPE (%) MAE RMSE Accuracy (%)

Appearance Fineness of texture KNN 0.99 0.72 0.07 0.09 100
Reflection of product LightGBM 1.00 0.60 0.06 0.07 98.9
Thickness/Flow KNN 1.00 0.47 0.04 0.05 92.4

Finger contact for the first time Bounce KNN 0.97 1.05 0.06 0.08 100
Firmness AdaBoost 1.00 0.57 0.03 0.05 100
Peaking KNN 1.00 0.69 0.04 0.05 100
Pick up RF 0.99 0.48 0.04 0.04 100
Cushion KNN 1.00 0.70 0.05 0.06 92.8

In-use sensory attributes Spreadability KNN 1.00 0.33 0.03 0.04 100
Product watery AdaBoost 0.98 0.61 0.04 0.07 100
Product greasiness AdaBoost 0.99 0.41 0.03 0.04 98.9

After-use sensory attributes Cooling LightGBM 0.96 0.82 0.05 0.07 100
Skin smoothness (instant) AdaBoost 0.96 0.43 0.03 0.05 97.4
Skin stickiness (instant) AdaBoost 0.92 0.50 0.03 0.05 100
Skin residue (instant) BR 0.99 0.43 0.03 0.04 97.0
Skin watery (instant) KNN 0.96 1.00 0.07 0.08 100
Skin oiliness (instant) LightGBM 0.98 0.77 0.06 0.08 100
Skin smoothness (2 min) AdaBoost 0.97 0.44 0.03 0.04 100
Skin stickiness (2 min) KNN 0.91 0.61 0.04 0.05 100
Skin residue (2 min) AdaBoost 0.98 0.57 0.04 0.05 85.7
Skin watery (2 min) AdaBoost 0.98 0.39 0.02 0.03 100
Skin oiliness (2 min) KNN 0.99 0.82 0.05 0.07 89.4
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A random scatter of residuals around the zero line across
sensory attributes suggested that the model was well-cali-
brated, with no systematic prediction errors. However, any
discernible patterns or trends in the residuals could indicate
areas where the model’s assumption does not align with the
underlying structure of the data. Our analysis revealed that,
while there is generally randomness in the distribution of

residuals, there are instances where the residuals from the
testing set exceed those from the training set. This phenom-
enon could be attributed to the following reasons: (1) The
model may over-fit the training data, capturing noise or
specific patterns that do not generalize to the testing set;
(2) The training and testing sets may have different under-
lying distributions, causing the model to perform poorly on

Figure 13: Comparison plots of predicted and actual evaluation scores of sensory attributes for four skincare products.

Figure 14: Comparison plots of the training set residuals and the testing set residuals: (a) RMSE, (b) MAPE, and (c) MAE.
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the testing set; (3) A small testing set may not adequately
represent the overall data distribution, leading to higher
residuals and performance instability; (4) The testing set
might contain more noise, making it harder for the model
to fit the data. Additionally, the magnitude of residuals across
different sensory attributes should ideally remain consistent
for a model considered robust. Significant deviations suggest
that the model’s predictive performance varies across attri-
butes, potentially due to the difference in complexity or the
nature of the data associated with each attribute.

To address the above issues, we propose several future
strategies. First, simplifying the model to reduce the risk of
over-fitting or increasing its complexity if under-fitting is
suspected could be considered. Second, ensuring that both
the training and testing datasets are representative of the
same distribution could provide a more accurate assess-
ment of the model’s generalization capabilities. Third, a
reevaluation of the feature selection and engineering pro-
cesses may be necessary to ensure that the model is
informed by the most relevant data. Finally, exploring dif-
ferent modeling approaches could uncover methods better
suited to the data’s characteristics. Furthermore, future
work should also focus on addressing limitations such as
the variability introduced by individual skin types, experi-
mental conditions, and the dynamic and time-dependent
nature of certain attributes (e.g., Skin residue or Skin oiliness).
Incorporating a wider range of instrumental parameters,
temporal data, and user demographics, along with advanced
hyper-parameter optimization, further enhances model
robustness and generalizability. In conclusion, while the
established model demonstrated competent predictive per-
formance, there is much room for refinement to enhance
its reliability and consistency across sensory attributes. This
study lays the foundation for data-driven approaches in sen-
sory evaluation and product optimization, enablingmore effi-
cient and precise development of skincare products.

4 Conclusion

This study successfully established an ML-based model to
predict sensory attribute scores of skin creams using instru-
mental parameters derived from texture, tribological, and
rheological analyses. The results demonstrated that the
model achieved high predictive accuracy for the majority
of sensory dimensions, with 80% of the attributes achieving
over 95% accuracy, and KNN, AdaBoost, and LightGBM
turned out to be algorithms with better performance for
most sensory attributes. Additionally, the testing set con-
firmed the model’s stability and applicability, with predicted

sensory scores aligning closely with actual values. However,
it cannot be ignored that model overfitting, discrepancies
between training and testing data distributions, an unrepre-
sentative testing set, or increased noise in the testing data
may cause the residuals from the testing set to exceed those
from the training set. Therefore, further refinement is
needed to improve the model’s reliability and consistency
across all sensory attributes. This research highlights the
potential of data-driven approaches in enhancing sensory
evaluation processes and offers a more efficient, accurate,
and standardized method for product development and
optimization in the skincare industry.
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