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Abstract: Central composite design (CCD) and machine learning (ML) strategies through the aid of
response surface methodology (RSM) and k-nearest neighbor (KNN) were employed to forecast the in-
vitro decontamination of Zn(ii) from blood plasma-protein (BPP) using a decontaminating agent,
Opuntia fragalis leaf (OFL). The blood plasma-protein (BBP) was characterised by the presence of
Zn(ii). After that, spiking with known concentrations of Zn(ii) ions was performed to ensure optimal
decontamination efficacy of the biosorbent (OFL). This study employed three responses and generated
models to capture the simultaneous interactive effects of the independent process factors as they
influence the responses based on the residual Zn(ii) ions concentration in the BPP (Qi), the
concentration of Zn(ii) ion decontaminated by OFL biosorbent-removal efficiency (Q2), and OFL
biosorbent recovery efficacy-desorption (Qs). The functionality of the KNN models was contrasted with
RSM models using the full dataset (KNN1) and partitioned data (KNN2) criteria, with the correlation
coefficient (R2) and root mean square error (RMSE) as metrics. Parameter tuning was performed to
optimize the performance of the developed KNN models. It was found to be significantly influenced by
the nearest neighbour’s k-parameter, attributed to the disparity in the two approaches. The KNN1 model
showcased better performances characterised by higher R?=0.8190 - 0.9985 and lower RMSE = 0.1052
- 2.1291 against the RSM model of R?=0.7418-0.9564 and RMSE = 0.9105 - 1.250. As per the KNN2
models, although the performance was lower, the decontamination efficiency was higher than that of
the RSM models.

Keywords: Algorithm; artificial intelligence; biosorption; blood plasma; optimisation; machine
learning.
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1. Introduction

Hazardous heavy metals are biochemical elements that accumulate in ecosystems,
threatening the environment, waterways, and all living organisms, including plants and animals
[1,2]. These toxic substances are released into the atmosphere through natural and human-
induced activities, such as burning fossil fuels [3,4]. Once ingested, heavy metals can travel
throughout the body, accumulate in cells and tissues, bind to proteins and nucleic acids, and
cause significant cellular damage [5]. Toxic metals have far-reaching consequences for human
health, causing widespread damage to the central nervous system, lungs, kidneys, and other
vital organs [6]. Prolonged exposure can lead to neurological disorders, such as Parkinson's
and Alzheimer's diseases, as well as physical and muscular degeneration [7,8]. Furthermore,
long-term contact with certain heavy metals can alter nucleic acids, induce mutations, and
disrupt hormone function, ultimately increasing the risk of cancer [9]. Exposure to toxic metals
can also impair haemoglobin production, gastrointestinal health, and reproductive function,
leading to severe nervous system damage [10].

However, conventional methods for removing metals from water include flotation,
electrolysis, precipitation, ion exchange, ultrafiltration, and adsorption [11]. However,
traditional adsorbents such as activated carbon are often costly, operationally challenging, and
limited in their detoxification efficiency, making them less accessible, especially in developing
countries [12]. In contrast, abundant and environmentally friendly biological materials, such as
agricultural waste, can be repurposed as low-cost adsorbents [13]. Biological approaches,
including biosorption, mycoremediation, and phytoremediation, offer a viable and effective
alternative to physical and chemical methods for metal detoxification from industrial and
agricultural waste [3]. In contrast, biosorption refers to the process by which metal ions are
adsorbed from aqueous solutions onto biological materials [14]. This occurs when substances
on the biosorbent surface are trapped by biological materials such as algae, bacteria, and fungi
[15]. Over the past two decades, research has identified various biomass materials with
detoxifying properties, characterised by functional groups such as carboxyl, phosphate, and
amino groups [16]. Commonly used biomasses include waste products from microbial
production, sugar, crab shells, nut shells, and plant waste [6,17]. Compared to chemical
methods, biosorption is a cost-effective and efficient approach to mitigating environmental
pollution [18]. One promising biomaterial is Opuntia fragilis, a type of cactus with nutritional
and medicinal properties, making it a suitable candidate for detoxification studies [19].

Furthermore, the human blood system is comprised of three primary components: red
blood cells, white blood cells, and blood plasma. Notably, blood plasma, which accounts for
60 % of the total blood volume, serves as a transport medium for toxic substances [20]. Its
composition is largely water-based, supplemented with proteins, hormones, minerals, and other
substances. A key function of blood plasma is the conveyance of waste products. However,
when non-biodegradable, toxic metals are introduced into the body and transported through the
blood plasma, they can accumulate and pose significant health risks. Fortunately, biomass
offers a potential solution, as it can be employed to adsorb these toxic metals [9,20].

In recent times, artificial intelligence (Al) modelling has emerged as a powerful tool
across various sectors, outperforming response surface methodology (RSM) predictions
[21,22]. Al's exceptional learning capabilities, fueled by its ability to analyse historical data,
enable it to deliver accurate and reliable results. Unlike RSM, Al can utilise specialised
mathematical functions and fitting, making it a more robust approach [23]. Moreover, Al excels
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in extrapolating target responses with high accuracy, revolutionising data mining and analysis
across all fields. Machine learning, a subset of Al, plays a crucial role in classification,
providing valuable insights into population groups and driving data-driven decision-making
[24]. Similarly, the use of categorisation techniques offers a significant advantage in
understanding the underlying rules governing different data types. Various data mining
techniques have been employed, including support vector machines (SVM) [25], artificial
neural networks (ANN) [26], ensemble classifiers [27], k-nearest neighbour (KNN) [28], and
Bayesian classifiers [26]. Notably, the KNN approach stands out for its exceptional
performance, robustness to local noise, low sensitivity, and simplicity. These features make
KNN algorithms highly effective in tackling complex classification tasks in real-world
scenarios, providing accurate and generalised results [29]. The KNN technigque has expanded
its applications across various fields, including social science [28], engineering, and medicine
[29], with notable contributions in areas such as breast cancer detection [30], power distribution
monitoring [28], protein inhibitor classification [31], and environmental monitoring [32].
Given Al's significant impact on multiple sectors, its role in removing toxic metals from human
blood plasma has garnered substantial attention [30]. Interestingly, despite KNN's potential for
modelling biosorption processes, especially with limited data, there is a notable knowledge gap
in comparing RSM and KNN for predicting heavy metal detoxification from blood plasma
using untreated green plants, such as Opuntia fragilis leaves.

This study seeks to develop Al-powered predictive models using KNN algorithms to
forecast the removal of Zn(ii) ions from contaminated blood plasma proteins (BPP) using
unmodified Opuntia fragilis leaves as an eco-friendly biosorbent. Additionally, it aims to
investigate the biochemical mechanisms underlying Zn(ii) ion toxicity, including protein and
enzyme binding, activity alteration, and damage. Notably, this research introduces a novel
comparison between KNN and RSM models, evaluating their performance and desorption
models using full and partitioned datasets, with assessments based on correlation coefficients
(R?) and root mean square errors (RMSE).

2. Materials and Methods

2.1. Experimental design.

The response surface methodology (RSM) was designed to investigate the influence of
biosorbent dose (0.5 - 1.0 g), initial concentration (10-50 mg/L), pH (2-11), and agitation time
(10-120 mins) on Zn(ii) ion decontamination effectiveness at physiological temperature
(37°C). As a consequence, the required thirty (30) batch experimental trials were carried out in
triplicate. The values of the relevant experimental variables are presented in Table 1. A known
quantity of OFL biomass was put into a solution containing BPP and a spiking concentration
of Zn(ii) ions, and the pH was adjusted using HCI, which was stirred by a mechanical shaker
to enable biosorption equilibrium in a suitable period. The mixture was then filtered using filter
paper, and the filtrate was tested for the presence of Zn(ii) ions using atomic absorption
spectroscopy (AAS). The optimized influence of experimental conditions of Zn(ii) ions
decontamination in terms of three (3) responses were, residual Zn(ii) ions concentration in the
BPP, the concentration of Zn(ii) ions decontaminated into OFL (removal efficiency), and OFL
biosorbent recovery efficacy (desorption), which also are designated as Q1, Q2, and Qs captured
in equations 1, 2, and 3, respectively [32].
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where C, is the initial Zn(ii) ions concentration, Ce is the final Zn(ii) ions concentration
after decontamination, V is the volume of BPP, and M is the mass of the decontaminating
agent.

Table 1. Process factors design template.

. Levels of factors
Process factors Symbol/unit o 1 0 ) o
Biosorbent dose Al(g) 0.10 0.30 0.60 0.80 1.00
Initial concentration B/(mg/L) 10.00 32.50 55.00 77.50 100.00
pH C 2.00 4.25 6.50 8.75 11.00
Agitation time D/(min.) 10.00 37.50 65.00 92.50 120.00

2.2. Desorption inquiry of Zn(ii) ions.

Desorption studies were conducted using HCI as the desorbing agent to assess the
reusability of OFL biomass. Fresh OFL (0.5 g) was accurately added to 50 mL of BPP
containing 10 mg/L of Zn(ii) ions solution and shaken for 1 hour. The Zn(ii) ions adsorbed
onto biomass were then separated using centrifugation. The Zn(ii) ions loaded onto OFL
biomass were gently rinsed with water to remove any unadsorbed Zn(ii) ions before being
dried. The desorption process was carried out by altering the process parameters shown in
Table 2. After shaking the mixture for a set amount of time, the concentration of desorbed
Zn(ii) ions was measured by atomic absorption spectroscopy (AAS). Finally, the desorption

percentage of zinc ions was calculated as given in Equation 3 [33].

Table 2. CCD experimental operational condition design for Q1, Q2, and Qs.

Exp Experimental RSM KNN
run A B (o D Q1 Q2 Q3 Q1 Q2 Q3 Q1 Q2 Q3
(mg/L) | (%) (%) | (mg/L) | (%) (%) | (mg/L) | (%) (%)
1 -o 0 0 0 1.23 97.76 96.93 1.87 96.76 97.49 1.42 96.93 97.76
2 -1 +1 -1 -1 1.12 98.55 99.70 0.97 99.03 100.05 0.82 99.69 98.55
3 1 +1 +1 -1 3.12 95.97 96.50 3.21 96.55 97.10 3.03 96.50 95.97
4 1 -1 -1 -1 1.74 94.65 93.47 1.94 94.15 93.96 1.79 93.47 94.64
5 0 -0, 0 0 0.21 97.90 85.19 0.22 96.76 84.83 0.44 85.19 97.83
6 -o 0 0 0 1.21 97.80 98.79 1.57 97.40 98.11 141 98.79 97.72
7 -1 +1 -1 +1 1.61 97.92 98.26 1.59 98.20 98.07 141 98.26 97.92
8 0 0 -1 0 3.12 94.33 98.77 1.87 96.76 97.49 2.92 98.77 94.33
9 -1 +1 +1 -1 2.42 96.88 98.22 2.53 97.38 98.01 2.02 98.22 96.88
10 -1 -1 +1 -1 1.83 94.37 94.65 1.90 93.87 95.21 1.79 94.66 94.37
11 | +1 0 0 0 2.62 95.24 96.54 1.87 96.76 97.49 2.67 96.54 95.24
12 +0l 0 0 0 2.01 96.35 98.36 2.17 96.12 96.88 2.07 98.36 96.35
13 | +1 +1 0 +1 2.75 96.45 95.96 2.69 95.87 96.17 2.84 95.97 96.45
14 -1 +1 +1 +1 2.93 96.22 96.37 2.76 96.32 96.49 3.03 96.37 96.23
15 -1 -1 +1 +1 1.76 94.58 96.84 1.95 94.26 96.80 1.82 96.85 94.58
16 0 0 0 - 271 95.07 97.44 2.57 95.54 97.49 2.67 97.44 95.07
17 0 0 -0 0 2.12 96.15 98.39 1.87 95.99 98.31 2.07 98.39 96.14
18 | +1 +1 -1 -1 2.88 96.28 97.39 2.95 96.69 97.36 2.38 97.38 96.28
19 | +1 -1 +1 -1 1.87 94.25 96.83 1.73 94.49 96.67 1.82 96.83 94.25
20 | +1 +1 -1 +1 0.14 99.82 98.95 0.21 99.26 99.54 0.33 98.95 99.82
21 -1 -1 -1 +1 1.54 95.26 92.54 1.26 95.67 92.76 1.64 92.54 95.26
22 0 0 +0, 0 1.96 96.44 96.76 1.87 95.99 96.68 2.45 96.76 96.44
23 0 0 0 +a 1.87 96.6 97.52 2.04 95.54 97.49 2.38 97.52 96.67
24 0 0 0 1 2.23 95.95 96.04 1.87 96.76 97.49 2.68 96.04 95.95
25 0 +a 0 0 2.65 97.35 99.78 2.66 96.76 99.42 1.93 99.78 97.35
26 | +1 -1 +1 +1 2.87 91.17 93.73 2.73 92.35 94.10 2.35 93.72 91.17
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Exp Experimental RSM KNN

un | A B C D Q1 Q2 Qs Q Q2 Qs Q Q2 Qs
(mg/L) | (%) (%) | (mglL) | (%) (%) | (mglL) | (%) (%)

27 +1 -1 -1 +1 0.67 97.94 91.67 0.72 98.18 91.85 0.74 91.67 97.94

28 0 0 -1 0 1.61 97.07 98.17 1.87 96.76 97.49 2.02 98.16 97.07

29 -1 -1 -1 +1 0.81 97.51 94.45 0.81 97.95 94.28 1.78 94.45 97.51

30 0 0 -1 0 0.52 99.05 98.42 1.87 96.76 97.49 0.33 98.42 99.05

2.3. Description of RSM tactics.

RSM is referred to as a multivariate strategy because it leverages fewer data points for
analysis and can incorporate numerous factors into consideration while displaying synchronous
and single-interacting effects of independent variables [33,34]. Moreover, RSM works by
fitting a data set to a second-order model (equation 4), which reveals ANOVA as a major
method for displaying 3D and contour graphs to identify relationships between dependent and
independent variables [33].

Y = o + XiL, biXi+ (XiL, biiXi)® + XI5 XLy, bijXiXj + € 4)

Where Y denotes the model’s prediction, o is the model constant, bi is the linear
coefficient, bij is the 2-way interaction coefficient, bii is the quadratic coefficient, Xi and X]
are independent variables, n is the number of independent variables, and € is the error term.

2.4. Description of K-nearest neighbour tactics.

K-NN is one of the most user-friendly learning algorithms that is readily
understandable. It is acknowledged as a decently priced and effective algorithm for deployment
and execution [26]. Furthermore, it is classified as a non-parametric lazy algorithm since it
makes no assumptions about the functional form Y = F(X) [24,26]. This method is capable of
handling both classification and regression issues. In terms of classification technique, dataset
segmentation is performed by considering the k-nearest neighbors with the highest frequency
among the training points. Similarly, with the regression strategy, the mean values of k are
used. KNN functionality is based on the correlation of supplied training data with the test case
[24]. Nevertheless, the training data quantifies the n attributes, and KNN then searches for the
training data pattern that appears to be closest to the test data. As a result, the training data are
labelled as the test data's k-nearest neighbour. The Euclidean distance is a measure of the
proximity between the training and test data [26]. Equation 5 is used to calculate Euclidean
distance.

dist(X;X2) =2, (X1 — X21)? (5)

Where X1 and X: are the two points, X1 = (X11, X12 ..., X1n) and Xz = (X21, X22,..., X2n).

Sequel to the distinct advantages captured previously, KNN exhibits the capacity to
work with complex classes, achieve better accuracy, and ensure consistent implementation of
KNN techniques, due to its straightforward simplicity, which has earned it a reputation and
popularity in machine learning [35].
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2.5. Appraisal of the design models’ performance.

The RSM and KNN models' effectiveness was evaluated using the coefficient of
regression and root mean square error (RMSE) from equations 6 and 7, respectively.

2 _ (Yi-YP)2 _ _SSR
R®= (Y;i-Y®)2 ~ ~ SST (6)
RMSE =~ 37, (¥; — ¥})2 =~ XL, SST (7)

Where Y;, Y and Y° represent the experimental, predicted, and mean responses,
respectively. SST denotes the total sum of squares, and SSR is the estimated error sum of
squares.

2.6. WEKA simulation niche.

For the computational intelligence (CI) experiment, the Waikato Environment
Knowledge Analysis (WEKA) modelling environment was used to design KNN models in two
steps. First designated as KNN1, KNN was used in the same manner as RSM modelling. This
encompasses the full data set generated by the laboratory work on Zn(ii) ion removal from
BPP, detailed in section 2.1, and it was used for both WEKA niche training and validation.
Similarly, the second modelling in the WEKA environment is designated KNN2, and the data
set was subdivided into 75 % for training the KNN model and 25 % for validating the trained
KNN model. Taking into cognisance the smaller amount of data set employed for the
experiment, KNN could only be used since RSM lacks the capability and property of data
splitting (modelling). This lends to KNN modelling's benefits over RSM. According to RSM,
the data sets were coded before modelling, whereas data normalisation was performed in the
KNN models (KNN1 and KNN2). This prompt was introduced to enhance calculations and the
model's prediction capabilities [31].

2.7. Optimisation tactics.

In KNN, optimisation involves tuning the k parameter, which specifies the number of
neighbours used to predict the best test instances. Moreover, for each k value used, the
experiment was repeated to attain the best performance for the KNN models. Although
computing KNN is relatively expensive, especially when the dataset is large, it is necessary to
compute the distance between the new data and each data point in the training set [31]. The
dataset for this research is limited, and such a challenge does not suffice. Additionally, KNN
is vulnerable to dimensionality concerns owing to the computation of all dataset characteristics
as a function of priority similarity in approaches [25]. However, the dataset attributes in this
study are not large, so the challenge does not arise in the suggested model [32].

3. Results and Discussion

3.1. FTIR approach to the biochemical mechanistic interaction of OFL and Zn(ii) ions.

When Zn(ii) ions enter the body through water and food, they are acidified by the
stomach's (acidic medium) hydrochloric acid, resulting in a variety of oxidation states (Zn?* or
Zn") that can easily chelate with biological molecules such as proteins and enzymes found in
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blood plasma, resulting in the formation of strong and stable biotoxic compounds. Figure 1a
and 1b demonstrate the functional groups found in OFL biomass as well as the molecules
responsible for Zn(ii) ions cleanup following contact with the BPP. The band frequencies
1340.57-1440.56 cm™, 1637.62-1650.12 cm™, and 2550.21-262042 cm™ correspond to
symmetric R-N-O stretch, R-NH bend, R-C=C- stretch, and extremely weak R-SH bonds.
Moreover, heavy metals have long been known to bind to the R-SH group, leading to
the formation of SCH3 on methionine and SH on cysteine. In vitro experiments demonstrated
that Zn(ii) ions inhibit the synthesis of SH-transferases such as glutathione reductase,
thioreductase, and the pore active sites are responsible for chelating cysteine residues [36]. The
interactions between Zn(ii) ions and proteins are represented by Equations 8 and 9. The
replacement of hydrogen in the R-SH and SCHj3 groups by oxidised zinc (Zn?*) inhibits protein

functions or enzyme activity.
SH

s
P or E n Zn2+ » >ZnZ‘r + 2H*
SH s (8)
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SCHs s—zn s (9)
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Figure 1. FTIR of (a) unloaded OFL biosorbent; (b) loaded OFL biosorbent with Zn(ii) ions.

However, a zinc-protein bond can form as a substrate to enzymes, resulting in an
enzyme-substrate complex that cannot bind with other substances until it interacts with a
substrate that can chelate Zn(ii) ions to its pores and binding sites; otherwise, the substrate's
outcome is not produced because the zinc ions are bound to the protein or enzymes [37]. As a
result, the Zn(ii) ions are chelated to the tissue (see equations 8 and 9), causing organ
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dysfunctions, abnormalities, and damage. Additionally, the addition of a decontaminating
agent, such as OFL biomass, which contains several functional groups (Figure 1b), will serve
as a chelating agent with active pore sites capable of binding zinc ions.

3.2. Build-up of regression model equations and statistical analysis.

The final empirical regression equations for the Q1, Q2, and Q3 responses are presented
in equations 10, 11, and 12, respectively. The positive and negative signs preceding the
coefficients represent the target factors' synergistic and antagonistic influence. The existence
of a single factor in the term infers a univariate impact, two variables infer a bivariate effect,
three variables infer a trivariate effect, and a second-order term of the variable present infers a
quadratic effect [25]. Therefore, an analysis of variance (ANOVA) was performed to ensure a
thorough examination of personalised interaction as a result of quadratic effects of the process
factors influencing Q1, Q2, and Q3 for Zn(ii) ions removal from BPP. Tables 3, 4, and 5 show
the mean square and sum of squares of each component, as well as the F-value and p-values,
respectively. Significant model terms are those with p-values less than 0.05 [38]. As a reference
to Q1, Q2, and Qs data, see Tables 3, 4, and 5. For Q1, the significant model terms are B, AD,
ACD, A%C; for Q2, they are ACD, A?B, A’C; and for Qs, they are A, B, BC, B?, ABD, ACD,
A’B, A’D. Additionally, the statistical findings indicated that the models successfully predicted
the detoxification of Zn(I1) ions from BPP for Q1, Q2, and Qs.

Q, = +1.87 + 0.1508A + 0.61B — 0.1333D — 0.3025AD + 0.1187BC — 0.1688BD +
0.2288CD — 0.1061B2 + 0.1089D? — 0.2112ABD + 0.3263ACD — 0.367A?B + 0.5650A%C  (10)

Q, = +96.76 — 0.3199A + 0.4718AD + 0.2454BC — 0.4370CD — 0.1918C? + 0.3055D? —
0.7414ACD + 1.15A?B — 1.13A%C + 0.3624ABCD (12)

Q3 = +97.49 — 0.3079A4 + 3.65B — 0.4089C — 1.07BC + 0.1470BD — 1.34B? + 0.5934ABD —
0.4449ACD — 0.3313BCD — 1.95A%B + 0.5760A4?C — 0.4302A42D (12)

3.3. Interaction factors' effects on Q1, Qz, and Q.

The experimental data used to forecast and create RSM and KNN models are
summarised in Table 2. These lab results represent the average values for each of the 30
samples, which were each tested three times. Compared with RSM predictions, KNN
predictions are more in line with experimental or laboratory data, with negligible residual errors
for Q1, Q2, and Qs. Figure 2a—c depicts various 3D, cubic, and contour plots to show the
correlation between the interaction factors and the relevant responses [28]. The interaction
condition modification induced by the biosorption of Zn(ii) ions onto the biosorbent under
investigation resulted in responses with varying degrees of impact [31].

3.4. Effects of statistics and models on interaction parameters in Q1, Q2, and Qs.

As it relates to the responses (Q1, Q2, and Q3z), analysis of variance (ANOVA) was
utilised to determine the significance or influence of the process factors on the biosorption of
Zn(ii) ions from BBP, as shown in Tables 3, 4, and 5, respectively. However, independent
factors with p-values less than 0.05 are termed significant with high F-values. Hence, it can be
established that the lower the p-value, the higher the F-value, which insinuates a higher impact
on the responses. The model’s p-values of 0.0061, 0.0008, and < 0.0001 appear to be significant
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with corresponding F-values of 3.88, 5.46, and 31.06 for Q1, Q2, and Qs, respectively [26,32].
It can be observed that the lack of fit (LOF) for all ANOVA models (Tables 2, 3, and 4) is non-
significant, as the p-values are greater than 0.05, indicating that the models adequately fit the
biosorption process and can navigate the design space by predicting the experimental data. The
quadratic model equations expressed in equations 10, 11, and 12 were used to determine the
single, double, and quadratic interaction effects of the process factors on the responses. The
negative and positive signs in the RSM equations indicate the antagonistic and synergistic
effects of the process factors on the responses, respectively [37].
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Figure 2. 3D, cube, and contour plots showing combined effects of (a) Factor A vs B; (b) Factor A vs B vs C;

(c) Factor A vs B on Q1, Qz, and Qs.

Table 3. ANOVA for the response surface quadratic model for Q;.

Source Sum of squares df | Meansquare | F-value | p-value Verdict
Model 16.14 13 1.24 3.88 0.0061 significant
A-Biosorbent dose 0.5460 1 0.5460 1.71 0.2100
B-Initial concentration 2.98 1 2.98 9.30 0.0076
D-Agitation time 0.4267 1 0.4267 1.33 0.2652
AD 1.46 1 1.46 4.57 0.0482
BC 0.2256 1 0.2256 0.7049 0.4135
BD 0.4556 1 0.4556 1.42 0.2502
CD 0.8372 1 0.8372 2.62 0.1254
B2 0.3202 1 0.3202 1.00 0.3321
D? 0.3374 1 0.3374 1.05 0.3199
ABD 0.7140 1 0.7140 2.23 0.1548
ACD 1.70 1 1.70 5.32 0.0348
A2B 0.7203 1 0.7203 2.25 0.1531
AC 5.11 1 5.11 15.96 0.0010
Residual 5.12 16 0.3201
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Source Sum of squares df | Meansquare | F-value | p-value Verdict
Lack of Fit 0.5693 11 0.0518 0.0568 0.9999 not significant
Pure Error 4.55 5 0.9105
Cor Total 21.26 29

Table 4. ANOVA for the response surface quadratic model for Q..

Source Sum of squares df | Meansquare | F-value | p-value Verdict
Model 65.77 10 6.58 5.46 0.0008 significant
A-Biosorbent dose 2.46 1 2.46 2.04 0.1696
AD 3.56 1 3.56 2.96 0.1018
BC 0.9636 1 0.9636 0.8000 0.3823
CD 3.06 1 3.06 2.54 0.1278
C? 1.05 1 1.05 0.8690 0.3629
D? 2.65 1 2.65 2.20 0.1541
ACD 8.80 1 8.80 7.30 0.0141
AB 21.11 1 21.11 17.53 0.0005
AC 20.35 1 20.35 16.89 0.0006
ABCD 2.10 1 2.10 1.74 0.2023
Residual 22.89 19 1.20
Lack of Fit 7.84 14 0.5599 0.1860 0.9942 | not significant
Pure Error 15.05 5 3.01
Cor Total 88.65 29

Table 5. ANOVA for the response surface quadratic model for Qs.

Source Sum of squares df Mean square F-value p-value Verdict
Model 240.96 12 20.08 31.06 <0.0001 Significant
A-Biosorbent dose 2.28 1 2.28 3.52 0.0779
B-Initial 106,51 1 106,51 16477 | <0.0001
concentration
C-pH 1.34 1 1.34 2.07 0.1685
BC 18.45 1 18.45 28.54 <0.0001
BD 0.3455 1 0.3455 0.5345 0.4747
B2 51.94 1 51.94 80.35 <0.0001
ABD 5.63 1 5.63 8.72 0.0089
ACD 3.17 1 3.17 4.90 0.0408
BCD 1.76 1 1.76 2.72 0.1176
A?B 20.30 1 20.30 31.40 <0.0001
A2C 1.77 1 1.77 2.74 0.1164
A2D 2.96 1 2.96 4.58 0.0471
Residual 10.99 17 0.6464
Lack of Fit 4.73 12 0.3940 0.3146 0.9532 not significant
Pure Error 6.26 5 1.25
Cor Total 251.94 29

3.5. Implications of the generated KNN-based model's performance on the k value.

In Figure 3, for the Q1, Q2, and Q3 models, respectively, the effects of KNN parameters
on the performance of generated KNN-based models (KNN1 and KNNZ2) are captured. As
shown in Table 5, similar findings were used in other papers, primarily using different data for
training and validation. To enable comparison with RSM models, which are often constructed
on the latter, this research compares a well-known technique with one that uses the same
training data for validation [25,31]. The patterns shown in Figure 3 highlight the utility of the
data, and the nature of the experiment performed on the data set significantly impacts the value
of the k-parameter. Moreover, Figure 3 combines and compares the best performances of the
RSM, KNN1, and KNN2, based on the experimental findings that were confirmed versus the
anticipated outcomes, as well as their associated R? and RMSE for the Q1, Qz, and Qs models
[23,39].
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Figure 3. Tuning optimal k-value for KNN1 and KNN2 models for (a) Q1; (b) Q2; (c) Qs.

3.6. Effect of k-value on Q1, Q2 and Qs KNN based predictive models.

The patterns in Figure 3 highlight how the nature of the experiment conducted on the
dataset and the substantial influence of data type on the k-parameter value. Also, KNN2 for Q1
(Figure 2a and Figure 3c) shows lower model performance than KNN1; this might be due to
the strict methodology, which divided the data into training (75 %) and testing (25 %) groups
[40]. In this case, the model's performance was assessed by optimising the k parameter,
resulting in R2 = 0.8696 and RMSE = 0.9061 at k = 15. By raising the k value, this ideal value
was gradually attained; however, any further increases beyond 15 had a detrimental impact on
the model's performance [41].

Similarly, the KNN1-developed model performed better than the KNN2 models across
the tested k values within the designated range (Figure 2b-c and 3 b- ¢) for experiments
investigating the impact of experimental conditions on the removal and desorption efficiencies
of the OFL biosorbent [42]. For both Q2 and Qz3, the optimal KNN1 models’ performance was
also arrived at when k = 1, which yielded R? = 0.9985; RMSE = 0.1052 and R? = 0.9964;
RMSE = 0.1130, respectively. Therefore, both models’ performances decreased as k-values
were further increased from 2 to 20. Nevertheless, based on the same situation, R? values for
Q2 ranged from 0.9985 to 0.6713, while RMSE values for Q2 ranged from 0.1052 to 1.4735,
and Qs values ranged from 0.113 to 4.498. The prediction is consistent with the findings of
[42] and [43], which revealed improved accuracy at k = 13 (RMSE = 0.518) and k = 10 of
KNN models identified as the optimal, respectively, which have minimal influence as the k-
value was raised throughout a broad range of k-values 14 to 40 (Table 6). The best model
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performance for Q, and Qs for KNN2 was also found at k = 12 (R? = 0.8435 and RMSE =
2.0759) and k = 7 (R? = 0.7346 and RMSE = 2.3021), respectively.

Table 6. Recent findings on employing k-nearest neighbour in diverse niches of applications.

Application area Experimented k-value | Data processing Optimal k-value Ref.
Identification of protein kinase .
inhibitors 1-16 Split data 7 [30]
Predicting soil ca'tlon exchange 1-50 split data 10 [39]
capacity
Energy generation from biomass 14 Split data 3 [28]
Scent classification 3,5,and7 Split data No significant influence [24]
Zn ions from BPP 1-20 Unsplit data 1 This study
Zn ions from BPP 1-20 Split data 15 This study

According to Figures 3b-c, Q1's RMSE values were noticeably considerably lower than
Q2's and Qz's [44]. According to all of the findings for Q1 and Qs in Figures 3a—c and Table 6
for Zn ions removal utilising OFL from BPP, the lowest k-values (especially for k = 1)
produced better classification with the KNN1 approach for Q. and Qs, whereas k = 2 with
KNNZ1 for Qz. In contrast, they showed that greater k-values are required for optimality in the
circumstances of the KNN2 trials. This might be explained by differences between the two
methodologies, as there are fewer training and testing samples in KNN2 than in KNN1 [44].
Conversely, the impact of noise on data classification is reduced by high k-values, but this
reduces the distinctness of class boundaries [37], which affects model performance, as
demonstrated by the study's findings. The k-value that is chosen throughout the testing is
obviously what determines the KNN location. The importance of choosing a high k-value for
KNN classification cannot be overstated, as it provides rich probabilistic information while
remaining sensitive to findings in the decision region [35,41].

However, excessively large k-values might have an adverse effect by distorting the
estimated location and preventing decision-makers from accounting for additional data sets [5].
The test set is typically used to evaluate classification accuracy by applying various k-values
in the experiment, although the results indicate that the k-value is an odd number (Table 6).
Moreover, the results estimated from this study are consistent with those of [1,2], who used
partition data for training and searching using the KNN method. Because less data were used
in this study to split the data into training and validation (as in KNN2), the validation findings
are more likely to contain noise [31], which could give the appearance of higher k-values.

Nevertheless, if the search is carried out using a set of data used for both training and
validation (as in KNN1), then k = 1 is a suitable choice. It is crucial to note that in the KNN2
scenario, where the k-value was used at the lowest value of 1, the performance of the KNN
classifier is improved at higher k-values. In contrast, the KNN1 scenario depicts a different but
better performance when the k-value was used at the value of 1. This statement is consistent
with the research mentioned by [24,26]. To avoid weakening class boundaries, a large k-value
is used to assess a classifier during reduction [25]. This would imply, nevertheless, that the
KNN classification performed less well. This explains why there were a few k-values below
13 in the literature, whereas there were fewer reports of k-values above 20 [41].

3.7. RSM models vs k-nearest neighbour-based models: effect of operating parameters on Q1,

Q2, and Qs.

In contrast, Figure 4 shows the performance of RSM, KNN1, and KNN2 at their optimal
levels for Q1, Q2, and Q3, respectively, represented as experimental vs. expected, R?, and
RMSE. In general, the models (KKN1 and KNNZ2) demonstrated outstanding prediction
https://biointerfaceresearch.com/ 12 of 19
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capacity for the produced optimal k-values through parameter adjustment. This supports the
feasibility of using the CI model's closest neighbour in the context of the current investigation
[41].
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Figure 4. Optimal performance results for RSM, KNN1, and KNN2 models for (a) Q1; (b) Q2; (c) Qs in terms
of experimental vs predicted, R?, and RMSE.

3.8. RSM models vs KNN1-based models: effect of operating parameters on Qi, Qz, and Qs.

To address the data set, KNN1 was also used for RSM modelling. Figure 4b shows the
model's performance and predictability for Q1, Q2, and Qs [25]. As previously stated, the
literature analysis noted that many CI algorithms have been compared with RSM across various
application sectors, as shown in Table 7. This is a blend of back-propagation and fuzzy logic
[35,41], error back-propagation learning method [42], artificial neural network-particle swarm
optimisation (ANN-PSO) [38], and many more. Furthermore, no acknowledged research has
described KNN using these two different methods for transposing and processing the dataset,
despite the uniqueness of KNN in this field of study and RSM in terms of the transposing data
methodology adopted (Table 7) [44].

Furthermore, according to the data shown in Figure 4b, the KNN model performs better
than the RSM models shown in Figure 4a. This feature may be related to much lower RMSE
values and stronger correlation coefficients. On the other hand, for Q1, the RSM model had R?
=0.7591 and RSM of 0.9105 compared to the KNN1-based model's R? = 0.9162 and RMSE
of 0.2505. For responses Q2 and Qs, there was a difference between the RSM and KNN1-based
models (Figure 4b). While for Q2 and Qs, KNN1-based models achieved high R2 of 0.9985
and 0.9964, with corresponding RMSE of 0.1052 and 0.1130, respectively, the RSM models
for Q2 and Q3 underperformed, with R2 of 0.7418 and 0.9564, and corresponding RMSE of
3.010 and 1.25, respectively. It is conspicuous that KNN1 models learn and fit better into the
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experimental data than RSM models [35,44]. This is captured in the corresponding
experimentally optimised response plots for the KNN1 model in Figure 4b, which collapse
towards the lines of best fit [41].

3.9. RSM models vs KNN2-based models: effect of operating parameters on Qi, Qz, and Qs.

The KNN2 model's predictions are shown in Figure 4c for Q1, Q2, and Q3, as a follow-
up to studies that previously cited and compared the performances of RSM and CI models
(Table 7). This study utilised k-nearest neighbour experimentation and data partitioning for
KNN2 (75 % for training and 25 % for validation). For instance, testing based on this
methodology appears to disregard the performance of k-nearest neighbours in KNN1 models,
particularly for Qs, where it performs worse than RSM models. This can be attributed to the
KNN2-based models for Q1, Q2, and Q3 having lower R2 values (0.8696-0.8435 and 0.819)
and higher RMSE values (0.823-1.6343 and 2.1291) than the other models, respectively
[43,45]. It is important to keep in mind that Qs (desorption efficiency) is also a useful
parameter, given that Q1's performance in removing zinc ions from the BPP has outpaced that
of the RSM maodels. Yet, when the disparity between the experimental methods is taken into
account, it is found that KNNZ2's model performance is better than RSM's. Several studies have
compared the effectiveness of RSM and ANN models, as shown in Table 7 [39]. More
specifically, Qz is a helpful indicator of the desorption effectiveness of adsorbents (Q3a) and
the adsorptive removal of zinc ions from BPP using a biosorbent (Q3b), both of which are
scantily discussed in the CI literature [28,32]. Moreover, k-nearest neighbour and other CI
modelling strategies are excellent suggestions for providing an alternative modelling niche for
severe zinc ion detoxification within the BPP experimental niche, functioning as a practical
method for reducing polluted biofluids [38,41].

Table 7. Recent findings contrasting Cl and RSM models on diverse niches of applications.

Types of Cl Application area Data processing | Model compared | Best model Ref.
KNN B'Osorpt'oné);g” fons from Split RSM vs KNN2 KNN2 | This study
KNN B'Osorpt'oné);g” fons from Unsplit RSM vs KNN1 KNN1 | Thisstudy
ANN Adsorption of dyes from water Split data RSM vs ANN ANN [21]

F;Sv;t:%e Efficient extraction of
L antioxidants from Vernonia Split data RSM, ANN ANN [46]
optimisation cinerea leaves

(ANN-PSO)

Back Extraction of Oleonolic Acid RSM, ANN, and
propagation - Split data ' ' ANN [39]
from Ocimum sanctum Fuzzy Logic

(ANN)

Error back-

propagation Production (_)f bioethanol from split data RSM ANN ANN [6]
learning pumpkin peel wastes

algorithm

4. Conclusion

In this study, a central composite design was utilised to build descriptive optimisation
and computational intelligence prediction models for the percentage removal and desorption
of zinc ions from BPP utilising an ecologically friendly biosorbent from Opuntia fragalis leaf.
The answers were based on the concentration of residual zinc ions (Qz1), the percentage removal
efficiency of zinc ions (Q), and the percentage desorption efficiency of zinc ions (Qs). By
using the entire data (KNN1) and split data (KNNZ2) strategies, the performance and capacity
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of models to learn from experimental data were evaluated between RSM and KNN models.
The correlation coefficient (R?) and root mean square error (RMSE) were used to evaluate the
models' performances. The created KNN-based model's best results were shown to be highly
influenced by the closest neighbour k-parameter, with ideal Q: values of k = 2 and 15; Q>
values of k = 1 and 12; and Qs values of k = 1 and 11 for KNN1 and KNN2, respectively. The
difference between the two methods' k-values may be related to the KNN2 models' use of less
training and validation data than the KNN1 models, compared with the RSM model, which had
R? = 0.7418-0.9564 and 0.9110-3.010, respectively. The KNN1 model performed better with
R? = 0.9162-0.9985 and a lower RMSE of 0.1052-0.2505. In addition, the KNN2 models
perform better than the RSM models for Q1 and Q2, but worse for Q3. KNN models have so
far demonstrated a clear dominance and advantage over the RSM for predictive modelling
strategy.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviation | Definition
Al Artificial Intelligence
Cl Computational Intelligence
KNN K-Nearest Neighbor
RSM Response Surface Methodology
CCD Central Composite Design
OFL Opuntia fragalis Leaf
BPP Blood Plasma Protein
RMSE Root Mean Square Error
R2 Correlation Regression
ML Machine Learning
Al Artificial Intelligence
SEM Scanning Electron Microscopy
SVM Support Vector Machine
ANN Acrtificial Neural Network
AAS Atomic Adsorption Spectroscopy
Q1 Residual Zn (ii) conc. in BPP
Q: Conc. Of Zn (ii) decontaminated into BPP
Qs OFL biosorbent recovery efficacy-desorption
PSO Particle Swarm Optimisation
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