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Handling the Impact of Uncertainties on

Predicting the Quality Aspects of Doogh

Mohammad Amini Hoshiar?, Sara Jafarian*!, Ramezan Rezaian? , and Mahdi Sharifi Soltani®

Abstract-- Support Vector Machines (SVMs) are valuable tools
in the food industry due to their capability to handle complex,
nonlinear relationships between variables, even with limited
datasets, high-dimensional data, and noisy data. This makes SVMs
well-suited for applications such as food quality and safety
assessment, sensory evaluation, process optimization, and food
authentication among others. Accordingly, a new approach is
introduced to predict different features of a traditional yogurt
drink, also called doogh. The proposed model combines the
principles of Support Vector Regression with fuzzy logic to handle
uncertainty and approximately complex relationships between
inputs (retentate, xanthan, and shelf-life) and target variables
including viscosity, syneresis, color values, and total acceptability.
The implemented approach is particularly advantageous when
dealing with problems where the relationships are not easily
captured by traditional mathematical models due to their non-
linearity or imprecision. Also, it mitigates the limitations of data
availability. The predictive ability of the proposed model has been
evaluated in terms of MSE, R*, RMSE, and MAE when adding
different noise levels. Additionally, the conditions necessary to
attain optimized metric values have been found. At the optimum
point, the viscosity, syneresis, L*, a*, b*, and total acceptability are
19.70 mPa.s, 11.30%, 97.04, - 1.43, 8.13, and 5.00, respectively.
Besides, the findings indicate that samples containing 0.8%
retentate, 0.4% xanthan, and a 31-day shelf-life exhibit the highest
viscosity, while those with 0.6% retentate, 0.4% xanthan, and a 31-
day shelf-life show the lowest syneresis. Moreover, samples with
0.7% retentate, 0.2% xanthan, and a 13-day shelf-life demonstrate
the highest total acceptability.

Index Terms- Doogh, Fuzzy theory; Support Vector Regression
(SVR); Syneresis; Uncertainty.

I. INTRODUCTION

D oogh, a refreshing fermented drink from Iran, is made with
yogurt, water, salt, and herbs [1]. This traditional product

is also called "Aryan" in Turkey and "lassi" in India. This
beverage is also produced in some regions of Eastern Europe
and the Balkans [2].

Physical instability and syneresis are major problems of this
product during shelf-life, which occurs due to the low viscosity
of doogh [3]. Physical instability refers to the tendency of
doogh ingredients to separate during storage. This separation
can manifest as sedimentation (settling of solid particles (yogurt
curds) at the bottom of the container), creaming (rising of
lighter components (fat or whey) to the top), and flocculation
(clumping of yogurt proteins). Syneresis refers to a particular
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form of physical instability where a liquid segregates from a
gel. In the context of doogh, syneresis manifests as the
expulsion of whey (the liquid component) from the yogurt gel.
This results in an unappealing watery stratum on the surface and
a denser yogurt layer at the bottom, which adversely affects the
product's natural appearance and marketability [4]. One
approach to prevent or delay the syneresis of doogh involves
the use of hydrocolloid stabilizers [5,6]. Hydrocolloids enhance
viscosity and establish a spatial barrier between colloidal
particles, thereby stabilizing the fermented dairy beverage [7].
However, it's essential to determine the optimal hydrocolloid
quantity. An insufficient amount may not effectively inhibit
syneresis, while an excess can escalate overall costs and result
in an overly thick or slimy texture, negatively affecting
consumer preference. Consequently, numerous research studies
have focused on establishing the optimal conditions for
maximum stability with minimal stabilizer usage [8,9].

In doogh, xanthan gum can augment viscosity, enhance
stability, and avert phase separation [12]. Rahmati et al. [2]
investigated how adding xanthan gum, gelatin, or a mix of both
impacted low-fat yogurt. They found that yogurts with a
combination of 0.2% xanthan gum and 0.2% gelatin received
the best scores for taste and texture (acceptability) and showed
the least amount of liquid separation (syneresis). In another
study, Gorji et al. [14] studied the influence of three types of
Iranian tragacanth gum on the flow properties (rheology) and
stability of non-fat yogurt. The results show that the yogurt with
0.3% Astragalus gossypinus tragacanth gum exhibited the
greatest stability over a 30-day period.

During ultrafiltration, the casein proteins are retained by the
membrane, while the lactose, minerals, and water pass through
the membrane as permeate [17]. This results in a retentate that
is enriched in casein proteins and has a higher viscosity than the
original milk. The retentate can be used as a stabilizer in
beverages, such as acidic beverages, to improve their texture
and stability.

Despite complexities in quality, production, and logistics,
the food industry is revolutionized by machine learning's
efficient solutions, replacing traditional, time-consuming
parameter acquisition [19]. Support Vector Machine (SVM)-
based approaches are versatile machine learning algorithms
capable of analyzing complex datasets and identifying patterns,
making them invaluable for various applications in the food

3. Department of Veterinary, Chalous Branch, Islamic Azad University,
Chalous, Iran.


mailto:mail:%20drsjafarian@yahoo.com

54

Volume 3, Number 4, February 2024

industry [20,21]. Also, SVM's robustness to noise and outliers
in the data is essential in food engineering, where data can be
noisy due to variability in raw materials, processing conditions,
and measurement errors. Neural networks are the other well-
known machine learning approaches that play a crucial role in
the food industry, enhancing processes, safety, and overall
quality. These approaches are capable of analyzing sensory data
to assess food quality objectively, predict microbial growth, and
estimate physical and chemical properties [22-24].

Uncertainty is a significant challenge in the food industry,
and it can have various impacts on the quality, safety, and
efficiency of food production. Some of the sources of
uncertainty in the food industry include ingredient variability,
environmental factors, process variability, equipment
performance, human factors, supply chain dynamics, and
consumer preferences. Managing and mitigating these
uncertainties requires robust quality control measures,
predictive modeling techniques, and continuous process
improvement initiatives [25,26].

As mentioned above, machine learning-based approaches
can have a significant impact on the food industry by improving
the accuracy and efficiency of various processes, such as quality

control, predictive modeling, and process optimization.
However, methods proposed for predicting doogh
characteristics  (viscosity, syneresis, color, and total

acceptability) lack uncertainty awareness, hindering accurate
assessments [27,28]. The objective of this paper is to develop a
predictive model for the quality attributes of doogh, taking into
account process parameters and ingredient properties. This is
achieved through the integration of support vector-based
method with fuzzy theory. To ensure the effectiveness of the
experimental conditions, the Taguchi method is utilized,
enabling a methodical exploration of different factors. This
approach optimizes the experimental arrangement by
employing an appropriate Orthogonal Array (OA), which
ensures thorough coverage of the parameter space while
minimizing the number of experimental trials needed. Next, the
experiments are conducted by the proposed model, and the
values for syneresis, color values, and total acceptability are
recorded.

The contribution of the present paper is as follows:

e The proposed model can predict values for syneresis, color,
and total acceptability. Utilizing this model reduces testing
costs and saves time.

e Due to data limitations, a support vector-based model
integrated with the fuzzy theory is utilized during the
training phase. This strategy proves beneficial when
handling insufficient and imprecise data.

The remainder of the present paper is as follows. Section 2
reviews different applications of SVM in food processing.
Section 3 presents materials and methods in detail. Section 4
discusses experiments. Finally, Section 5 describes the
conclusions.

Il.RELATED WORK

The attribute that makes SVM applicable in food engineering
is its ability to handle complex, non-linear relationships
between variables. In food engineering, there are often complex
relationships between the physicochemical properties of food
and their sensory, nutritional, and functional qualities [29,30].

SVM's kernel trick allows it to transform the input data into a
higher-dimensional feature space, where it can capture these
non-linear relationships and make accurate predictions.
Moreover, SVM's ability to handle small sample sizes and high-
dimensional data is also beneficial in food engineering, where
data collection can be time-consuming and expensive [31].
SVM's sparsity property, which uses only a subset of the
training data (support vectors) to define the decision boundary,
makes it computationally efficient and scalable to large datasets
[32]. Additionally, SVM's robustness to noise and outliers in the
data is essential in food engineering, where data can be noisy
due to variability in raw materials, processing conditions, and
measurement errors [33]. SVM's maximal margin classification
and soft margin classification properties make it less sensitive
to noise and outliers, improving its generalization performance.
Regarding these features, this section reviews different SVM
applications in food processing, including rheology,
fermentation, and shelf-life estimation.

Rheology is the study of the deformation and flow of matter
under the influence of stresses (temperature, shear rate, time,
moisture content, pressure, and density influence) and describes
the physical properties of food materials [34]. Rheological
measurements are essential for quality evaluation, viscosity
profiling, engineering calculations like stability in extruders
and mixers, process design, and standardizing dispersion
stability of food products [35], e.g., in [36]. SVM enhanced
plant-based cheese formulation through molecular docking and
dynamic simulation of tocopherol and retinol complexes with
zein, soy, and almond proteins.

Various studies suggest that SVM is an effective method for
dynamic modeling and regulation of fermentation process
parameters [40,41]. For instance, regarding chemical markers,
SVMs were employed to detect abnormal wine fermentation
[42,43]. In [44], some machine learning methods including
SVM, random forest, partial least squares discriminant analysis,
partial least squares regression, and neural networks
contributed electronic nose for aroma quality characterization
for Pixian broad bean paste fermentation. Besides, using SVM
and convolutional neural networks [45], an online system was
proposed for monitoring the degree of fermentation of oolong
tea.

In addition, SVM can be employed for shelf-life evaluation
of food products. In [48], an SVM strategy was introduced for
representing the moisture of glutinous rice. In [49], an
ensemble approach, which encompasses SVM, decision tree,
random forest, and Gradient Boosting Machine (GBM), was
proposed to develop a tomato ripeness and shelf-life prediction
system based on defects and color intensity. In [50], an
ensemble approach, which encompasses Linear Support Vector
Regression (SVR), MLP, kNN, and decision tree algorithms,
has been employed for gas sensor-based detection of salmon
freshness and shelf-life.

SVMs have also been used for sensory evaluation
applications such as modeling color parameters of cerasus
humilis during ripening [51], predicting consumer liking scores
of green tea beverages [52], and evaluating cheese texture
during the ripening phase [36].

I1l. MATERIALS AND METHODS

This section comprises the following subsections: Subsection
3.1 details the methods involved in doogh preparation.
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Subsection 3.2 explores the physicochemical analysis
techniques used to characterize doogh. Subsection 3.3 presents
the sensory evaluation process. Subsection 3.4 discusses the
experimental design, including the parameters investigated, the
levels considered, and the rationale behind the chosen
experimental conditions. Subsection 3.5 presents the pre-
processing step. Finally, Subsection 3.6 explains the proposed
model in detail.
A. Preparation of doogh

Pasteurized milk containing 0.5% fat and retentate with
32.50% dry matter was obtained from Zarrin-Laban-Pars
Company in Qazvin province in Iran. Xanthan gum was
purchased from Sigma Aldrich. The starter culture was CHI,
which includes Lactobacillus delbrueckii subspecies of
bulgaricus. Streptococcus thermophilus was purchased from
Christian Hansen in Denmark.

Samples of milk were heated in a viscobator until reaching
a temperature of 43°C, and then inoculated with 2% starter
culture. The retentate was added to the milk at the same
temperature in three concentrations (0, 0.5, and 1% w/v).
Fermentation ran at 42°C+1°C until reaching a pH of 4.5.

Xanthan gum was dissolved in distilled water at three levels
(0, 0.2, and 0.4% w/v) and 0.5% sodium chloride with a purity
of 99% w/v was added for 2 minutes. Doogh samples were
prepared by mixing yogurt and distilled water in a 50:50 ratio,
and homogenized at 50-60 bars pressure using a homogenizer
machine (Armfield, FT9 Homogenizer, England). The
treatments were then pasteurized in a viscobator at 85°C for 1
minute. A two-step cooling to 14 °C was applied, then the doogh
samples were filled in 250 ml plastic bottles and further cooled
to 5 °C. They were analyzed 24-h after the completion of
fermentation (day 0) and on days 15 and 30.
B. Physicochemical analysis of doogh

Chemical analyses: Physicochemical properties, such as fat
content, protein content, and pH, were measured using
established methods presented in [53] to chemically analyze the
yogurt samples.

Measurement of apparent viscosity: For the measurement of
sample viscosity, a Brookfield DV-1I+Pro viscometer (made in
the USA) with the ULA spindle was used. The tests were
conducted at a temperature of 20°C. The apparent viscosity of
the samples was measured at a shear rate of 82.50 s7!. This shear
rate was close to the shear rate applied by the mouth on food
products [54].

Color measurement: The color of the yogurt sample was
measured using a Hunter Lab Flex Colorimeter (USA). The
colorimeter was calibrated using a black and white tile, and then
the samples were transferred to the device for testing. Color
indices including L* (lightness), a* (greenness), and b*
(yellowness) were measured and recorded based on the light
reflectance [55].

C. Sensory evaluation

Fifteen trained panelists evaluated the taste, flavor, aroma,
mouthfeel, and total acceptability of the product using a 5-point
hedonic scoring method [56]. Each score ranged from 1 (very
undesirable) to 5 (very desirable).

D. Experimental Design

As illustrated in Table I, the model focuses on three
independent parameters: retentate, xanthan, and shelf-life, each
with three distinct levels. To generate a training dataset for the

model, experiments need to be performed involving these
parameters, while recording viscosity, syneresis, color values,
and total acceptability. The obtained dataset is presented in
Table II. As can be seen, it contains both independent and target

factors.
TABLE 1
Independent Parameters and Levels

Level Retentate (w/v Xanthan Shelf-life
%) wiv %) (Day)
0 0 1
2 0.5 0.2 15
3 1 0.4 30

The Taguchi method utilizes a special experimental layout
called an orthogonal array. This array efficiently combines
various levels of multiple factors into individual experiments.
In this study, an L, orthogonal array has been chosen to match
the factors and their levels under investigation. Table II
presents the experimental layout based on this chosen array.
Each row in the table represents a unique trial condition,
specifying the specific levels of each independent factor used
in that experiment. Importantly, for each trial condition, the
response variable (target factor) is measured three times to
account for potential variations. Randomization of these trial
runs further ensures the data collected is not influenced by the
order of experiments.

E. Pre-processing
The input data should be normalized to be processed. The
standardization method is as follows:

X; — min x;
1<js<n

= max x; — min x; M
1<jsn 1<jsn

Now, the new data x; € [0,1] is dimensionless.
F. Fuzzy Support Vector Regression Model

The proposed model aims to predict the quality
characteristics of doogh. It is important to note that data
collected during food processing can be challenging to separate
accurately and are frequently contaminated with noise and
outliers, which impact the model's performance. To enhance the
model, Fuzzy Support Vector Regression (FSVR) is employed,
which offers control over the contribution of data points. FSVR
assigns fuzzy membership values to each data point, allowing
each point to influence the learning process differently, thereby
reducing the impact of noise and outliers. Consequently, some
data points are given more weight, while others lose their
degree of importance. The main principles of FSVR are as
follows:

Given the training sample T =
{(x1,¥1), (2, ¥2), ooy (e, ¥ )}, ¥ € R, the regression model
shaped as f(x) = wlx + b is the learning objective function.
Moreover, the model parameters which make f(x) as close as
possible to y,w and b are to be determined by minimizing Eq.
(2). SVR assumes that we can tolerate the maximum deviation
of & between f(x) and y. That is to say, the loss is only
calculated when the absolute value of the difference between
f(x) and y is greater than € (see Eq. (3)). As shown in Fig. 1,
this is equivalent to building a spacing band (i.e., the part
sandwiched between the two dashed lines in the figure) with a
width of € centered on f(x) (i.e., the solid line in the figure).
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TABLE II
Dataset: Taguchi Experiments Based on L, Orthogonal Array Design.
Independent factors Target factors
#Hexp Retentate Xanthan Shelf-life Visc. Syn. L* a* b* Total acceptability
1 0 0 1 5.99 30.21 | 89.11 | -1.55 | 6.12 3.89
2 0 0 1 6.81 30.05 | 89.24 | -159 | 6.32 3.97
3 0 0 1 9.22 29.88 | 89.17 | -1.53 | 6.27 4.03
4 0 0.2 15 1117 | 2434 | 9152 | -159 | 7.01 4.73
5 0 0.2 15 10.89 | 2392 | 91.32 | -1.67 | 7.08 4.59
6 0 0.2 15 11.42 245 9141 | -142 | 6.92 4.66
7 0 0.4 30 14.9 19.2 8352 | -1.82 | 7.14 3.29
8 0 0.4 30 14.01 18.79 | 84.02 | -1.75 | 7.29 3.37
9 0 0.4 30 14.22 19.11 | 83.79 | -1.89 | 7.19 3.32
10 0.5 15 10.27 | 20.55 | 9411 | -2.11 | 7.39 4.61
11 0.5 15 9.66 2113 | 9433 | -2.16 | 7.44 4.49
12 0.5 15 9.93 20.96 | 94.05 | -2.22 | 7.52 4.55
13 0.5 0.2 30 17.00 1439 | 9229 | -1.95 | 7.13 4.29
14 0.5 0.2 30 16.23 1446 | 92.17 | -1.89 | 7.24 4.33
15 0.5 0.2 30 16,50 | 14.27 | 91.99 | -1.93 | 7.06 4.37
16 0.5 0.4 1 14.75 16.37 | 87.11 | -2.48 | 6.97 3.99
17 0.5 0.4 1 1340 | 1591 | 87.24 | -2.59 | 6.89 3.96
18 0.5 0.4 1 18.51 16.11 | 87.04 | -233 | 7.04 4.05
19 1 0 30 11.19 | 23.67 | 9499 | -2.48 | 7.78 4.21
20 1 30 8.14 2401 | 9516 | -2.39 | 7.64 417
21 1 30 8.99 23.82 | 9485 | -251 | 7.69 4.25
22 1 0.2 1 13.11 1722 | 9293 | -2.73 | 7.62 4.59
23 1 0.2 1 14.02 16.97 | 93.35 -2.9 7.49 4.48
24 1 0.2 1 13.67 17.03 | 93.17 | -2.85 | 7.55 4.53
25 1 0.4 15 17.33 13.19 | 90.51 | -2.93 | 7.95 4.01
26 1 0.4 15 17.60 | 12.78 | 90.39 | -2.75 | 7.99 4.13
27 1 0.4 15 18.00 1295 | 90.17 | -2.82 | 8.03 3.92

Whereas if the training samples fall into this interval, they

are considered to be correctly predicted.
n
1 1 5
R() = Cx = LG f) +5 Wl @
i=1 .
Ls (yi' fL) .
={0 iflyvi—fil<e 3)
lyi — fil — ¢ otherwise
where C and ¢ are user-defined parameters. Eq. (2) can be re- X

formalized as follows: Fig. 1. A schematic for SVR
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In this manuscript, the Gaussian membership function
presented in (5) is used for calculating the membership function
Hi.

# of independent factors .

Jj_ .52
Z exp_u (3)

Ui = 20_]2

j=1

where c is the center of the Gaussian function and is ¢ the

standard deviation, which controls the width of the Gaussian

curve. The solution of FSVR can be obtained by Lagrange
multiplier method as follows:

n
1
L= W + € > (i + i)

i=1
n
= i+ i)
i;l

(6)

—Zai(e+fi_f(xi)+yl‘)

i=1
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Apply these conditions into the Lagrangian Eq. (6), Eq. (4)
can be transformed into

n
1
minz " (@ - a)) (@ — €K, 2)

ij=1
n
+eZ(ai+a;) (10)
i=1
n
- Z yila; —a;)
i=1
Subject to Y.i—;(a; —a]) =0
0<a;,a <Cu,i=12,..,n
The KKT conditions are defined as
ai(e+ &+ f(x) —y +b) (11)
=0
ai(e+& — flx) +yi—b)
=0
and
Cuj—a)—&=0 (12)
(Cui —a)) =i =0
So,
b=y — f(x;) — ¢ fora; € (0,Cy;) (13)

b = }’i — f(xi) + gi fOI' af € (O, C'l,ll)

Finally, the expression of the separation hyperplane becomes
l

) =) (@ —aDK (2 + b

i=1

(14)

where K(x;, x) = ¢(x;)T ¢p(x) is expressed as the Gaussian
kernel function where ¢ (.) is the mapping in a space where dot-
product can be expressed using the kernel property.

Here, adjusting the C (for penalty parameter of error term)
is done using grid search. Grid search optimization algorithm is
a kind of exhaustive search algorithm which optimizes the
parameters by cross validation, and then obtains the optimal
learning algorithm. The range of C is set {1,10,100,1000}.

IV. EXPERIMENTAL RESULTS

In this paper four error metrics including MSE, R?, RMSE,
and MAE are used for evaluating the performance of the
proposed model in predicting the viscosity, syneresis, color
values, and total acceptability. According to the findings
presented in Table I1I and Fig. 3, the proposed model gains high
R? value for syneresis, for L* has a high R? value, for a* has a
moderately low R? value but low error metrics. Besides, FSVR
for b* has the best performance with a very high R? value and
very low MSE, RMSE, and MAE. FSVR for Total acceptability
obtains a high R? value. The proposed model for b* seems to
perform the best, while for a* has room for improvement in
terms of variance explanation (R?).

Furthermore, the employed model has determined the
optimal values for viscosity, syneresis, L*, a*, b*, and total
acceptability. Moreover, it has been identified that these optimal
parameters correspond to specific conditions (retentate,
xanthan, and shelf-life). Table IV presents these findings in
detail.
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TABLE III
The Performance Evaluation of FSVR. The Ranks are Shown in Parentheses. The Best Results are Shown in Bold.
Metric Visc. Syn. L* a* b* Total acceptability

MSE 0.079 (3) 0.088 (4) 0.097 (5) 0.077 (2) 0.069 (1) 0.099 (6)

R? 0.890 (2) 0.989 (1) 0.989 (1) 0.668 (4) 0.974 (3) 0.899 (1)

RMSE 0.281 (3) 0.296 (4) 0.312 (5) 0.278 (2) 0.263 (1) 0.315 (6)

MAE 0.230 (3) 0.207 (2) 0.263 (5) 0.239 (4) 0.172 (1) 0.294 (6)

Average rank 2.750 2.750 4.000 3.000 1.500 4.750
(a) (b)
MSE R?

(©) ()
RMSE MAE

Fig. 3. The performance of the FSVR in terms of different error metrics. (a) MSE, (b) R?, (c) RMSE, and (d) MAE.
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TABLE IV

Predicted Optimized Parameters and Their Values Using FSVR.

Parameter Predicted retentate Predicted xanthan Predicted shelf-life Predicted value for
(wlv %) (wlv %) (Day) parameter
Visc. 0.8 0.4 31 19.70
Syn. 0.6 0.4 31 11.30
L* 1 0.1 18 97.04
a* 0.1 31 -1.43
b* 1 0 15 8.13
Total
acceptability 0.7 0.2 13 5.00

The findings indicate that the samples containing 0.8%
retentate, 0.4% xanthan, and a 31-day shelf-life exhibit the
highest viscosity, while those with 0.6% retentate, 0.4%
xanthan, and a 31-day shelf-life show the lowest syneresis.
Moreover, samples with 0.7% retentate, 0.2% xanthan, and
a 13-day shelf-life demonstrate the highest total
acceptability.

Referring to TablelV, the texture of doogh, particularly
influenced by 0.7% retentate, aligns with panelists’
preferences, potentially enhancing total acceptability, in
accordance with Rahmati et al. [2]. Moreover, xanthan likely
contributes to syneresis. Even though xanthan’s direct
impact on total acceptability has not been explicitly
mentioned [57], the results show it likely contributes to

syneresis. Xanthan also influences doogh's viscosity, leading
to a thicker consistency and slower phase separation
compared to treatment samples. According to [58], doogh
samples containing 0.25% ginger extract and 0.5% gum
arabic gained the highest total acceptability score compared
to other samples but in the present study, 0.2% xanthan
contributes to a pleasant total acceptability.
A. Noise study

To assess the robustness of the proposed model to noisy
data, random noise from a normal distribution is added to the
dataset at five noise levels: {5%, 10%, 15%, 20%, 25%}.
The model's performance is evaluated on these noisy
datasets. The results are summarized in Table V and Fig. 4.

TABLE V
The Performance Evaluation of FSVR in the Presence of Different Levels of Noise.
Metric Noise level (%) Visc. Syn. L* a* b* Total acceptability

0 0.079 0.088 0.097 0.077 0.069 0.099

5 0.087 0.094 0.104 0.08 0.078 0.103

10 0.087 0.098 0.111 0.08 0.087 0.106

MSE 15 0.095 0.102 0.112 0.085 0.095 0.110
20 0.103 0.111 0.116 0.091 0.098 0.114

25 0.108 0.116 0.119 0.095 0.103 0.118

0 0.890 0.989 0.989 0.668 0.974 0.899

5 0.872 0.969 0.969 0.655 0.955 0.881

R? 10 0.855 0.950 0.950 0.642 0.936 0.863
15 0.838 0.931 0.931 0.629 0.917 0.846

20 0.821 0.912 0.912 0.616 0.899 0.829

25 0.805 0.894 0.894 0.604 0.881 0.812

0 0.281 0.297 0.311 0.277 0.263 0.315

5 0.295 0.307 0.322 0.283 0.279 0.321

10 0.295 0.313 0.333 0.283 0.295 0.326

RMSE 15 0.308 0.319 0.335 0.292 0.308 0.332
20 0.321 0.333 0.341 0.302 0.313 0.338

25 0.329 0.341 0.345 0.308 0.321 0.344

0 0.230 0.207 0.263 0.239 0.172 0.294

5 0.322 0.343 0.344 0.309 0.316 0.339

10 0.323 0.353 0.345 0.309 0.318 0.345

MAE 15 0.332 0.357 0.345 0.314 0.322 0.351
20 0.334 0.358 0.346 0.319 0.329 0.36

25 0.337 0.366 0.35 0.324 0.334 0.364
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As can be shown, the performance of the FSVR degrades as
the level of noise in the data increases. This is evident from the
increasing MSE, RMSE, and MAE values and the decreasing R?
values across all metrics. Table VI quantifies the magnitude of

these changes. Notably, b* and syneresis are more sensitive to
noise, showing a more significant performance decline
compared to a* and Total acceptability

TABLE VI
The Magnitude of Changes for Metrics. The Ranks are Shown in Parentheses. The Best Results are Shown in Bold.
Metric Visc. Syn. L* a* b* Total acceptability
MSE 0.029(5) | 0.028(4) | 0.022(3) 0.018 (1) 0.034 (6) 0.019 (2)
R? 0.069 (2) | 0.077(5) | 0.077(5) 0.052 (1) 0.075 (4) 0.070 (3)
RMSE 0.040 (5) | 0.036(4) | 0.030(3) 0.025 (2) 0.050 (6) 0.023 (1)
MAE 0.107(4) | 0.159(5) | 0.087(3) 0.085 (2) 0.162 (6) 0.070 (1)
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Fig. 4. The performance of the employed FSVR in terms of different error metrics when different levels of noisy data are added. (a) MSE, (b) R?, (c) RMSE,

and (d) MAE.

V. CONCLUSION

This study leverages the multifaceted role of Support
Vectors (SVs) to improve quality control, optimize parameters,
and enhance overall efficiency in the prediction of various
rheological, physicochemical, and sensorial properties of
doogh. To address the inevitable presence of uncertainty in
measured data, Fuzzy Support Vector Regression (FSVR) is
utilized, which assigns membership degrees to each data point,
allowing for individual weights of participation in the model.
The proposed model demonstrates superior performance in
predicting crucial properties related to the product's rheology,
physicochemistry, and sensory attributes, thereby reducing the
need for time-consuming and expensive experimental

procedures. The optimized parameters, including viscosity,
syneresis, L*, a*, b* and total acceptability, have been
calculated to provide insights into the optimal conditions for
achieving desired characteristics in doogh. The results indicate
that the optimum viscosity is 19.70 mPa.s, syneresis is 11.30%,
and the values for L*, a*, b*, and total acceptability are 97.04,
-1.43, 8.13, and 5.00, respectively. Furthermore, the findings
suggest that the samples containing 0.8% retentate, 0.4%
xanthan, and a 31-day shelf-life exhibit the highest viscosity,
while those with 0.6% retentate, 0.4% xanthan, and a 31-day
shelf-life show the lowest syneresis. Additionally, samples with
0.7% retentate, 0.2% xanthan, and a 13-day shelf-life
demonstrate the highest total acceptability. These findings have
practical implications for food product formulation and quality
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control, enabling manufacturers to optimize their formulations,
reduce testing costs, and enhance product stability by
leveraging this predictive model.
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