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Abstract 22 

Cancer is one of the major causes of death in the modern world, and the incidence varies 23 

considerably based on race, ethnicity, and region. Novel cancer treatments, such as surgery and 24 

immunotherapy, are ineffective and expensive. In this situation, ion channels responsible for 25 

cell migration have appeared to be the most promising targets for cancer treatment. This 26 

research presents findings on the organic compounds present in Albizia lebbeck ethanolic 27 

extracts (ALEE), as well as their impact on the anti-migratory, anti-proliferative and cytotoxic 28 

potentials on MDA-MB 231 and MCF-7 human breast cancer cell lines. In addition, artificial 29 

intelligence (AI) based models, multilayer perceptron (MLP), extreme gradient boosting 30 

(XGB), and extreme learning machine (ELM) were performed to predict in vitro cancer cell 31 

migration on both cell lines, based on our experimental data. The organic compounds 32 

composition of the ALEE was studied using gas chromatography-mass spectrometry (GC-MS) 33 

analysis. Cytotoxicity, anti-proliferations, and anti-migratory activity of the extract using 34 

Tryphan Blue, MTT, and Wound Heal assay, respectively. Among the various concentrations 35 

(2.5~200 μg/mL) of the ALLE that were used in our study, 2.5~10 μg/mL revealed anti-36 

migratory potential with increased concentrations, and they did not show any effect on the 37 

proliferation of the cells (P < 0.05; n ≥ 3). Furthermore, the three data-driven models, Multi-38 

layer perceptron (MLP), Extreme gradient boosting (XGB), and Extreme learning machine 39 

(ELM), predict the potential migration ability of the extract on the treated cells based on our 40 



experimental data. Overall, the concentrations of the plant extract that does not affect the 41 

proliferation of the type cells used demonstrated promising effects in reducing cell migration. 42 

XGB outperformed the MLP and ELM models and increased their performance efficiency by 43 

up to 3% and 1% for MCF and 1% and 2% for MDA-MB231, respectively, in the testing phase. 44 

Keywords: Cell Migration; Cytotoxicity; Multilayer Perceptron; Extreme Gradient Boosting; 45 

Extreme Learning Machine. 46 

 47 

Introduction 48 

Cancer is a primary cause of death in the modern world, and the incidence varies considerably 49 

based on race, ethnicity, and region. Several studies revealed metastases responsible for 90% 50 

of cancer deaths [1,2,3,4]. Breast cancer (BCa) is among the leading causes of death in the 51 

United States and other parts of the world [5]. A recent report by the WHO (2018) shows that 52 

breast cancer accounts for about 0.627 million women’s mortality. However, BCa patients’ 53 

mortality rate increases from systematic metastases to distant organs [5]. 54 

Therefore, there is a need for effective chemo-preventive agents with fewer side effects to 55 

suppress tumour metastasis. BCa metastasis involves complex processes established by various 56 

pathways and factors. It starts with cell motility in the primary affected site to other distant 57 

tissue, blood, or lymph vessels [6,7]. Metastasis involves exiting cancerous cells from the 58 

primary site to invade various organs and tissues, facilitating cellular migration, invasion, and 59 

adhesion mediated by the Ca2+ signalling process [8]. Metastasis maintained primary tumour-60 

differentiated characteristics such as cell-to-cell contact, signalling, and behaviour. 61 

Transforming Growth Factor (TGF) and Epidermal Growth Factor (EGF) signalling can trigger 62 

breast cancer tumour motility [9,10]. Consequently, understanding the mechanisms behind 63 

BCa metastasis and combatting it is paramount in defeating the war against BCa [11]. 64 

Therapies and drugs are available to cure cancer, but still, there is a need for effective therapies 65 

and targeted plant-based drugs with fewer side effects [12]. Various chemotherapeutic 66 

treatments with paclitaxel and anthracyclines might induce apoptosis, inhibit cell proliferation, 67 

and affect cellular activity [13]. Natural products such as plants, marine organisms, and 68 

microorganisms have revealed potential in cancer treatments [14]. There is a continuous search 69 

for anticancer drugs by scientists which will have low toxicity and side effects but high 70 

efficacy. One such approach is targeting apoptotic cells, usually targeted as a step during 71 



therapy. Novel cancer treatments such as surgery and immunotherapy are not obligatory and 72 

quite expensive. In this situation, ion channels responsible for cell migration (metastasis) have 73 

appeared to be the most promising targets in the last two decades [15,14].  74 

Albizia lebbeck leaves are among those natural products rich in flavonoids and demonstrate 75 

antitumor activity against HepG2 hepatoma cells. Zinc oxide nanoparticles synthesized using 76 

plant stem bark revealed cytotoxic activity against highly and weakly metastatic human BCa 77 

cells [15,16]. Quercetin is one such flavonoid that is not toxic, and it demonstrates many 78 

biological actions, including anticancer, anti-inflammatory, and antioxidant activity [4,18,19]. 79 

Quercetin has also induced cell circle arrest and apoptosis through signalling pathways and 80 

FOXO3a modification in breast cancer cells [20]. 81 

Modelling cancer cell migration in vitro has been a venerable challenge due to various 82 

complexities in cellular and molecular regulatory mechanisms in the system [21]. 83 

Conventionally, studies report the employment of rule-based greedy algorithms within agent-84 

based modelling (ABM) in the modelling of cell migration [22,23]. Zhang et al. describe 85 

metastasis as the primary cause of death in many breast cancer patients. The cancer cell 86 

migration behaviour was analyzed computationally by applying high-content imaging and 87 

microfluidic single-cell migration. Random forest decision and artificial neural network (ANN) 88 

were employed in the study. The results indicated higher accuracy regarding the prediction of 89 

cell movement [24]. Ravdin et al. described the application of artificial intelligence for 90 

predicting clinical results of node-positive breast cancer patients. The status of the hormone 91 

receptor, tumour size, age of the patient, as well as relapse status, were used as the input 92 

variables. The results prove a satisfactory neural network in predicting cancer status in patients 93 

[25]. Furthermore, Jerez et al. employed various machine learning and statistical methods that 94 

can be used in the simulation of the recurrence of breast cancer patients. The results prove the 95 

reliability of the machine learning data algorithms over the classical statistical processes in the 96 

simulation of breast cancer outcomes [26]. Based on the studies mentioned above from the 97 

technical literature, it can be observed that the applications of artificial intelligence are of 98 

paramount importance, which shows reliable and satisfactory results over the classical 99 

statistical methods. Moreover, since the developments of artificial intelligence-based models, 100 

this is the first work conducted in the technical literature depicting the application of these 101 

kinds of novel artificial intelligence models for the prediction of lateral motility in human BCa 102 

cells in the technical literature. 103 

In this present study, the organic compounds present in Albizia lebbeck ethanolic extracts 104 

(ALEE), as well as their impact on the  105 



on anti-migratory, antiproliferative and cytotoxic potential on MDA-MB 231 and MCF-7 106 

human BCa cell lines. In addition, the artificial intelligence (AI) based models, multilayer 107 

perceptron (MLP), extreme gradient boosting (XGB), and extreme learning machine (ELM), 108 

were performed to predict in vitro cancer cells migration on MDA-MB 231 and MCF-7cells, 109 

based on our experimental data. 110 

 111 

Materials and Methods 112 

2.1 Plant Material 113 

Fresh stem barks of A. lebbeck were collected from northern Nigeria, a town called Tabuli, part 114 

of Gaya Local Government, Kano State, during their flowering stage and dried at room 115 

temperature. The collection of A. lebbeck stem bark follows all the applicable international 116 

standards guidelines and laws. The plant specimen was authenticated and deposited with 117 

voucher specimen number BUKHAN187 at the herbarium Plant Biology Department, Faculty 118 

of Science, Bayero University Kano.   119 

 120 

2.2 Sample Preparation 121 

Dried Albizia lebbeck stem barks were pulverized to clear powder and subjected to flask 122 

extraction using 99.9% methanol as extraction solvent. Powdered A. lebbeck stem bark (50g) 123 

was soaked in an Erlenmeyer flask containing methanol (500 mL) and placed under continual 124 

shaking for 48 at room temperature [27]. Whatman filter paper No.1 was used to filter the 125 

extract and concentrate it under reduced pressure using a Rotary evaporator. The concentrated 126 

extract was dried completely at 40 °C in an oven and stored at 4 °C prior to the analysis. 127 

2.3 Phytochemical Analysis of the Extract 128 

The ALEE extracts were analyzed for their total flavonoid (TFC) and total phenolic content 129 

(TPC) using standard spectrophotometric methods [28,29]. To determine TFC determination, 130 

ALEE (1mg/mL) was mixed with NaNO2 solution (5%), 10% AlCl3, and 1 M NaOH, and 131 

absorbance was measured at 510 nm. Folin-Ciocalteu reagent was added to ALEE (10:1) for 132 

TPC, followed by incubation with Na2CO3 (7.5%) and measurement of absorbance at 760 nm. 133 

Results are presented as mg quercetin equivalent (QE)/g dry extract and gallic acid equivalents 134 

(µg GAEs/g dry extract). 135 

 136 



We utilized gas chromatography-mass spectrometry (GC-MS) to analyze the organic 137 

composition of ALEE. To begin, we created a crude extract in ethanol (1mg/mL) and filtered 138 

it via a 0.22µm syringe filter. Then, we injected it into a Shimadzu GC-MS-QP2010 plus 139 

analyzer with helium as the carrier gas at a steady flow rate of 1mL/min. The initial oven 140 

temperature was set at 50 ◦C for 2min and gradually increased by 7 ◦C/min. We conducted an 141 

assessment of the mass spectra at a scanning interval of 0.5 seconds, with a complete scan 142 

range from 25m/z to 1000m/z, employing a Quadrupole mass detector. Ultimately, we 143 

identified the existing compounds by scrutinizing the spectrum via the WILLEY7 MS library. 144 

 2.3 Cell Models and Culture Conditions 145 

MDA-MB 231 (strongly metastatic) and MCF-7 (weakly metastatic) BCa cell lines obtained 146 

as a gift from Imperial College London (UK) and stored at Biotechnology Research Centre 147 

(BCR) of Cyprus International University. The BCR ethical committee (BRCEC2011-01) 148 

approved the use of these cell lines in our study. We cultured the cells in Dulbecco's Modified 149 

Eagle's Medium (DMEM) (Gibco by Life Technology USA), supplemented with 2mM L-150 

glutamine, penicillin, and 10% fetal bovine serum (FBS), and maintained them in a sterile 151 

incubator at 37°C and 5% CO2. 152 

 153 

 Cell lines used in our study were approved by BCR ethical committee (BRCEC2011-01). The 154 

cells lines were cultured in Dulbecco’s Modified Eagle’s Medium (DMEM) (Gibco by Life 155 

Technology USA) supplemented with 2mM L-glutamine, penicillin and fetal bovine serum 156 

(FBS) (10%), and penicillin. The cells were maintained in the sterile incubator at 37 ºC and 5% 157 

CO2. 158 

2.4 Toxicity and Proliferation Assay 159 

We conducted a tryphan blue dye exclusion assay, following the guidelines provided by Fraser 160 

et al. [31], to measure the level of cytotoxicity in BCa cells. We administered various doses, 161 

ranging from 0 to 200 μg/mL, to the cells and observed them for 24, 48, and 72 hours. After 162 

this period, we replaced the medium with a diluted tryphan blue solution, formulated by mixing 163 

0.25 ml of the dye with 0.8 ml of medium. This assay accurately determined the extent of 164 

cytotoxicity present in the cells. Data are presented as averages of 3x30 measurements. 165 



The proliferation of MDA-MB 231 (strongly metastatic) and MCF-7 (weakly metastatic) BCa 166 

cells treated with ALE extracts were assessed using MTT (3-[4,5-dimethylthiazol-2-yl]-2,5-167 

diphenyltetrazolium bromide) reagent Sigma-Alderich) as described by Fraser et al. (1990) 168 

with some adjustments. BCa cells (3 × 104 cells/mL) cultured in tissue plates (12-well) were 169 

treated with 10, 5, 2.5, 0 μg/mL of ALM and ALE extracts and incubated for 24, 48, and 72 170 

hours. Treatments and culture medium (DMEM) were replaced every 24 hours. Microplate 171 

Reader (ELX 800TM) was used to measure the absorbance of the treated cell and control at 172 

570nm. All the experiment was performed at least thrice in triplicates (n ≥ 3). 173 

2.5 Wound Heal Assay  174 

A wound heal assay was carried out to evaluate the anti-metastatic potential of ALM and ALE 175 

extracts against highly metastatic (MDA-MB 231) and weakly metastatic (MCF-7) cells using 176 

the method of Fraser et al. with some modifications. Cells were plated in 35 mm culture dishes, 177 

and parallel and intersecting lines were drawn on the culture dishes [31]. Briefly, 1 x 106/mL 178 

and 5 x 105/mL cells per dish of MCF-7 and MDA-MB 231, respectively, were plated on 35 179 

mm culture dishes, and three scratch lines were made using pipette tips (200 μL) after the cell 180 

settled. The initial and subsequent wound made were captured using a camera (Leica, 181 

Germany) attached to an inverted microscope at x100 magnification, and image processing 182 

software (ImageJ) was used to analyse the recovery wound area (cell migration) by migrating 183 

cells using equation 1. 184 

Mo I= 1 − (  Wt W0)        (1) 185 

Mo I, motility index; Wt, the width of the wound at 24 or 48 h; W0, initial wound width at 0 h. 186 

2.6 Modelling Approach 187 

The study of the science of data is very important in any data driven-model. The accuracy of 188 

the data was tested using XGB, ELM, and MLP algorithms with MATLAB (R2021a). In this 189 

work, various models were proposed for modelling the in vitro cancer metastasis prediction in 190 

MDA-MB 231 and MCF-7 cells, respectively. The data was collected from our experimental 191 

data set (n ≥ 80) to reveal the accuracy of the algorithms. In this way, two parameters were 192 

used as input variables, i.e. the motility index on the cells and the concentration of the extract, 193 



respectively, though other variables can also be used in the simulation of in vitro cancer 194 

metastasis prediction in both cell lines. In addition, models provide details on the effectiveness 195 

of the treatment, and choosing a single model that can perform best in most circumstances is 196 

difficult for the predictors, but applying various ensemble models can reveal the best models 197 

that will fit the data. Determination of cell migration potentials in breast cancer cells treated 198 

with ALE extract using the motility index on the cells and the concentration of the extract as 199 

the input parameters were the main objective of our proposed method. The proposed flowchart 200 

of the models is shown in Figure 1. 201 

2.7 Extreme Gradient Boosting (XGB) 202 

The XGB algorithm is a commonly used model that is highly efficient with high reproducibility 203 

in analyzing and modelling data using various inputs and outputs. The method was first 204 

introduced and improved by Friedman et al. [32], and it plays an essential role in the 205 

classification and regression of data. Its application in extreme learning techniques is well-206 

known and the technique [33]. The technique uses a precise set up best complex decision tree 207 

algorithm to reveal good performance and speed faster than the normal gradient algorithm [34]. 208 

XGB is a machine learning ensemble technique that works similarly to Random Forest; and is 209 

recognized by its classification and regression trees (CART) set. Furthermore, it is not the same 210 

with the decision tree (DT), whereby every leave carries an actual score, which aids in 211 

enriching those interpretations which cannot be defined using the DT. Algorithms have been 212 

used in modelling and prediction of data, and it has shown promising results. Due to this 213 

ensemble technique's wide application and excellent features, we use it to model and predict 214 

the anti-migratory potential of the cells. Given that CART [(𝑥𝑖,  𝑦𝑖) … . . T𝐾(𝑥𝑖,  𝑦𝑖)] is the 215 

training data set of the treated cells motility index represented as xi to predict outcomes yi and 216 

determined using K classification, as shown in Equation (2) [35]: 217 



 𝑦̂ =  ∑ 𝑓𝑘𝐾
𝑘=1 (𝑥𝑖), 𝑓𝑘 ∈ 𝐹 (2) 

where  𝑓𝑘  represents independent tree structure with cells motility index scores  and F denotes 218 

the space of all CART. Optimization of the objective is given by Eq. 3 [35]: 219 

 𝑜𝑏𝑗(𝜃) =  ∑ 𝑙(𝑛
𝑖=1 𝑦𝑖, 𝑦̂𝑖) + ∑ Ω(𝑡

𝑖=1 𝑓𝑖)  (3) 

The loss function is denoted 𝑙, and it estimates the difference between target 𝑦𝑖 and predicted 220 𝑦̂𝑖. The regularization function that penalizes the model to avoid over-fitting is denoted as Ω, 221 

and 𝑓𝑖 represents the simultaneous training loss function. Furthermore, the prediction value 222 

for 𝑡 at step 𝑦̂𝑖𝑡 [35]:  223 

Prediction 𝑦̂ at the t step can be expressed as 224 

 𝑦̂𝑖𝑡 = ∑ 𝑓𝑘𝑡
𝑘=1 (𝑥𝑖) = 𝑦̂𝑖𝑡−1 + 𝑓𝑡 (𝑥𝑖) (4) 

 

Substituting the predicted value in Eq. 4. Equation 3 can be expressed as [36]: 225 

 𝑜𝑏𝑗𝑡 =  ∑(𝑛
𝑖=1 𝑦𝑖 − (𝑦̂𝑖𝑡−1 + 𝑓𝑡  (𝑥𝑖)))2 + ∑ Ω(𝑡

𝑖=1 𝑓𝑖) (5) 

It can also be expressed as  226 

 𝑜𝑏𝑗𝑡 =  ∑[ 2( 𝑦̂𝑖𝑡−1 − 𝑦𝑖)𝑓𝑡 (𝑥𝑖)  + 𝑓𝑡  (𝑥𝑖)2𝑛
𝑖=1 + Ω(𝑓𝑡) + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 (6) 

 

Looking at Taylor’s expansion due to loss of function, it can be expressed in Eq. (7) [36]: 227 

 𝑜𝑏𝑗𝑡 =  ∑[ 𝑙(𝑦𝑖, 𝑦̂𝑖𝑡−1) + 𝑔𝑖 𝑓𝑡  (𝑥𝑖)  + 12 ℎ𝑖  𝑓𝑡 (𝑥𝑖)2𝑛
𝑖=1 + Ω(𝑓𝑡) + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 (7) 

where 𝑔𝑖 =  𝜕𝑦̂𝑖𝑡−1𝑙(𝑦𝑖 − 𝑦̂𝑖𝑡−1), and ℎ𝑖 =  𝜕𝑦̂𝑖𝑡−12 𝑙(𝑦𝑖 − 𝑦̂𝑖𝑡−1). Which was the described by 228 𝑓𝑡(𝑥) =  𝑤𝑞(𝑥), and  the normalized function is expressed as 229 



 Ω(𝑓) =  𝛾𝑇 + 12 𝜆 ∑ 𝑤𝑗2𝑇
𝑗=1  (8) 

Where 𝑇 represent the total number of trees and the objective function can rewritten as  230 

 

𝑜𝑏𝑗𝑡 ≈  ∑[𝑔𝑖 𝑤𝑞(𝑥𝑖)𝑛
𝑖=1 +  12 ℎ𝑖𝑤𝑞(𝑥𝑖)2 ] + 𝛾𝑇 + 12 𝜆 ∑ 𝑤𝑗2𝑇

𝑗=1  

= ∑ [𝑇𝑗=1 (∑ 𝑔𝑖𝑖∈𝐼𝑖 )𝑤𝑗 +  12 (∑ ℎ𝑖𝑖∈𝐼𝑖 + 𝜆)𝑤𝑗2 +  𝛾𝑇 

(9) 

where 𝐼𝑖 = {𝑖| 𝑞(𝑥𝑖) = 𝑗} refers to the 𝑗𝑡ℎ leaf data index. 𝐺𝑗 = ∑ 𝑔𝑖𝑖∈𝐼𝑖   and 𝐻𝑗 = ∑ ℎ𝑖𝑖∈𝐼𝑖 , the 231 

objective function can be written as  232 

 𝑜𝑏𝑗𝑡 =  ∑[𝑇
𝑗=1 𝐺𝑗𝑤𝑗 + 12 (𝐻𝑗 +  𝜆)𝑤𝑗2 + 𝛾𝑇    (10) 

Performance for 𝑞(𝑥), can be achieved by using the objective function and 𝑤𝑗 as you can see in 233 

Eq. 11 and 12. 234 

 𝑤𝑗∗ =  − 𝐺𝑗𝐻𝑗 +  𝜆 (11) 

  𝑜𝑏𝑗∗ =  − 12 ∑ 𝐺𝑗𝐻𝑗 +  𝜆𝑇
𝑗=1 + 𝛾𝑇  (12) 

In addition, Eq. (13) is for leaf node score during splitting, L and R are the left and right score, 235 

and the regularization of the additional leaf is denoted as 𝛾. 236 

 𝐺𝑎𝑖𝑛 =  12 [ 𝐺𝐿2𝐻𝐿 + 𝜆 +  𝐺𝑅2𝐻𝑅 + 𝜆 − (𝐺𝐿 + 𝐺𝑅)2𝐻𝐿 +  𝐻𝑅 +  𝜆 ] − 𝛾  (13) 

 237 

2.8 Extreme Learning Machine 238 

The ELM model is a novel learning algorithm with a single hidden layer that works in a similar 239 

manner to a feed-forward neural network (FFNN) due to its approximation potential. And it was 240 

first introduced by Huang et al. [37]. Issues such as slower training speed and over-fitting present 241 



with FFNN have been addressed analytically by ELM through inversion and matrix 242 

multiplication [38]. In addition, ELM hidden biases and input layer are chosen randomly, and the 243 

Moore-Penrose generalized inverse function determines the output layer. The ELM revealed 244 

precision due to its robustness when applied to hydrological. 245 

Modelling [39]. 246 

The ELM was expressed by training dataset {(𝑥1, 𝑦1), … , (𝑥𝑡, 𝑦𝑡)}. Overall, the input are 247 

represented as 𝑥1, 𝑥2, … , 𝑥𝑡 and the output as 𝑦1, 𝑦2, … , 𝑦𝑡. 248 

The training dataset 𝑁 (𝑡 =  1, 2, … , 𝑁) where 𝑥𝑡  ∈ ℝ𝑑  and 𝑦𝑡 ∈ ℝ, with 𝐻 hidden nodes, 249 

is given by [37] as in Eq. 14:  250 

 ∑ 𝐵𝑖𝐻
𝑖=1 𝑔𝑖(𝛼𝑖. 𝑥𝑡 + 𝛽𝑖) =  𝑧𝑡, (14) 

From equation (14) 𝑖 represent index of the hidden layer node, 𝛽𝑖 and , 𝛼𝑖 denotes the bias and 251 

weight of the random layers and 𝑑 is the number of the inputs. Furthermore, the predicted weight 252 

of the output layer, model output and hidden layer neurons activation function, are 𝐵 ∈ ℝ𝐻, 253 𝑍(𝑧𝑡 ∈ ℝ) and 𝐺(𝛼, 𝛽, 𝑥) respectively. The best activation function is found to be the sigMoId 254 

function [40] as follows: 255 

 𝐺(𝑥) =  11+𝑒𝑥𝑝 (−𝑥), (15) 

In addition, The output layer utilizes a linear activation function, which is shown in the following 256 

equation: 257 

 ∑‖𝑧𝑡 − 𝑦𝑡‖𝑁
𝑡=1 = 0, (16) 

The value of 𝐵 is calculated using the system of linear equations as expressed in Eq. 17 and G in 258 

Eq. 18  259 

 𝑌 = 𝐺𝐵 (17) 

 260 



 𝐺(𝛼, 𝛽, 𝑥) =  [𝑔(𝑥1)⋮𝑔(𝑥𝑁)] =  [ 𝑔1(𝛼1. 𝑥1 + 𝛽1) ⋯ 𝑔𝐿(𝑤𝐻. 𝑥1 + 𝛽𝐻)⋮ ⋯ ⋮𝑔1(𝛼𝑁. 𝑥𝑁 + 𝛽1) ⋯ 𝑔𝐿(𝑤𝐻. 𝑥𝑁 + 𝛽𝐹)]𝑁 × 𝐻 (18) 

B is calculated in Eq. 19, and Y in Eq. 20. 261 

 𝐵 = [𝐵1𝑇⋮𝐵𝐻𝑇]𝐻 × 1 (19) 

 262 

 𝑌 = [𝑦1𝑇⋮𝑦𝑁𝑇]𝑁 × 1 (20) 

G is for the hidden layer. 𝐵̂ was calculated using “Moore-Penrose inverse function + by inverting 263 

the hidden-layer matrix” (see, Eq. 21). 264 

 𝐵̂ = 𝐺+𝑌 (21) 

Overall, estimated  𝑦̂ which denotes the predicted MoI of the cells which can achieved using 265 

Eq.22.  266 

𝑦̂ =  ∑ 𝐵̂𝑖𝐻
𝑖=1 𝑔𝑖(𝛼𝑖. 𝑥𝑡 + 𝛽𝑖) (22) 

2.9 Multilayer Perceptron 267 

MLP, as one of the commonly applied Artificial neural networks (ANNs) composed of 268 

information processing units together with an advanced tool used in simulation, motivated and 269 

mimicked the biological neurons. In this way, ANN, just like the human central nervous system 270 

(CNS), is capable of solving complex problems having a non-linear and linear behaviour 271 

through combining features such as parallel processing, generalization, learning power and 272 

decision making [41]. The general architecture of ANN consists of 3 layers with individual and 273 

different tasks: The input layer, which acts in distributing the data in the network, the hidden 274 

layers, which process the information and the outputs, which, in addition to processing each 275 

input vector, show its output. The neurons are regarded as the smallest unit that processes the 276 

networks. The basic characteristics of MLP include the use of interactive connections between 277 

the neurons without advanced mathematical design to complete the information processing. 278 



Furthermore, MLP is composed of input, one or more hidden and output layers in its 279 

architecture, similar to the ANN (Fig. 2) [40]. 280 

 281 

2.10 Performance objectives 282 

To evaluate the performance efficiency of the artificial intelligence based models used in the 283 

current study; two different metrics, where; Nash–Sutcliffe coefficient (NS) was used for 284 

understanding the fitness between the experimental and predicted values, while, Root mean 285 

square error (RMSE) was used in determining the errors depicted by each model. 286 

Hence, Root mean square error (RMSE) was expressed as: 287 

𝑹𝑴𝑺𝑬 = √𝟏𝑵 ∑ ((𝒀)𝒐𝒃𝒔,𝒋 − (𝒀)𝒄𝒐𝒎,𝒋)𝟐𝑵𝒋=𝟏    (23) 288 

Nash–Sutcliffe coefficient (NS), expressed as: 289 

NS = 1 − [∑𝑁𝑖=1 (𝑄𝑜𝑏𝑠,𝑖−𝑄𝑠𝑖𝑚,𝑖)2∑𝑁𝑖=1 (𝑄𝑜𝑏𝑠,𝑖−𝑄−𝑜𝑏𝑠,𝑖)2] ∞ ≤ 𝑁𝑆 ≤ 1   (2) 290 

 291 

3. Result and Discussion 292 

3.1 Experimental Results 293 

The study found that the ALEE contained TFC and TPC at levels of 2022.80 ± 17.83 QE µg/g 294 

and 6556.49 ± 22.52 GAE µg/g, respectively. Studies have shown that TPC is highly efficient 295 

in scavenging different oxidizing molecules, including free radicals produced during lipid 296 

peroxidation [42]. Moreover, research has revealed that flavonoids, which are present in 297 

various structures of phenolic compounds, possess medicinal properties. These compounds can 298 

be found in sources such as flowers, leaves, stem bark, roots, fruits and tea [43, 44]. 299 

The compounds found in ALEE are listed in Table 1, their corresponding chromatogram peaks 300 

are shown in Figure 3. We identified several major compounds in our extract that have 301 

biological potential; some of them are; Ethanol (88.55%), Silicic acid, diethyl 302 

bis(trimethylsilyl) ester (3.18%), 1-cyano-5-benzoyloxy-á-D-ribofuranose (1.67%), 1-(2-303 

trimethylsiloxy-1,1-dideuteriovinyl)-4-trimethyl siloxy-benzene (1.21%), Disiloxane, 1,3-304 



diethoxy-1,1,3,3-tetramethyl- (1.43%), 1,2-Dihydro-1,4-diphenylphthalazine (0.75 %), 3-(4'-305 

Methoxyphenyl)-1-acetyl-2-phenylindolizine (0.52%), 4H-3-(p-methylamino)1-306 

benzothiopyran-4-one 1-oxide (0.40%). The high percentage of ethanol might be from the 307 

extraction solvent, and it indicates that ethanol is not a suitable solvent for A. lebbeck 308 

extraction. Furthermore, the anti-proliferative and anti-migratory potential of the extract might 309 

be a result of the phytochemicals present in the extract, and ALEE could be a good cause that 310 

will prevent the metastasis of breast cancer.  311 

The effect of various concentrations (2.5~200 μg/mL) of ALEE on human BCa cells for 24h 312 

and 48 hours, and cytotoxicity and effect on proliferation were determined using tryphan blue 313 

assay and MTT, respectively (Figures 4 and 5). Various ALEE concentrations used in the study 314 

are 2.5, 5 and 10 μg/mL, and they demonstrated no effect on the viability of both cells, but 315 

treatment with a concentration between 25~200 μg/mL revealed significant changes (P < 0.05). 316 

Treatment of MDA-MB 231 with 2.5, 5 and 10 μg/mL ALEE did not significantly alter cell 317 

viability when compared with untreated cells (control). Similarly, treatment of MCF-7 with 318 

2.5, 5 and 10 μg/mL ALEE did not show significant changes compared with the control (P > 319 

0.05). Studies revealed in vitro anti-proliferative potential of Silicic acid, diethyl 320 

bis(trimethylsilyl) ester separated from Lorabthus parasiticus on breast cancer in a dose-321 

dependent manner, which is in agreement with our findings [49]. (S)-(E)-(-)-4-Acetoxy-1-322 

phenyl-2-dodecen-1-one (Quercetin) isolated from green tea revealed anti-proliferative effect 323 

against in PC-3 and LNCaP human prostate cancer cells [50]. Furthermore, studies revealed 324 

that quercetin isolated from plants inhibits proliferation, signal transduction and metastasis in 325 

cancer cell lines [51]. 326 

According to the study, the concentration of ALEE did not have a notable impact on the 327 

viability and growth of MDA-MB 231 and MCF-7 human BCa cells when compared to the 328 

control group. Nonetheless, the anti-migratory capacity of the cells was examined through the 329 

wound healing assay, and it was discovered that the lateral motility index (MOI) of MDA-MB 330 

231 decreased with an increase in ALEE concentration and incubation duration. Figure 6 331 

indicates that 10 μg/mL of ALEE had the most optimal motility index among the other 332 

concentrations. The MOI is more in MDA-MB 231 because the cells are powerfully metastatic 333 

and aggressive. In addition, all ALEE concentrations revealed significant differences relative 334 

to the control (P < 0.05) (Figure 6). Similarly, the MCF-7 MOI was reduced with increased 335 

ALEE concentration and incubation period, as shown in Figure 6 d-e, and 10 μg/mL revealed 336 

the lowest and best MOI when compared with the remaining ALEE concentrations. MCF-7 is 337 

a less aggressive and weakly metastatic cell, and that could be the reason for the lower MoI in 338 



comparison with MDA-MB 231 cells. The ALEE concentrations (2.5~10 μg/mL) revealed a 339 

decrease in the MOI of MCF-7 cells with increased concentrations and incubation time, and 10 340 

μg/mL revealed more effect on lateral motility followed by 5 μg/mL (Figure  d-e; n ≥ 3). 341 

Nanoparticles synthesized using quercetin reached plant (Ficus ingens) revealed an effect on 342 

lateral motility of MDA-MB 231 [13]. Medicinal plants containing quercetin as an active 343 

ingredient showed anti-metastatic activity on strongly and weakly metastatic MatLYLu and 344 

AT-2 rat prostate cancer cell models, respectively [52]. 345 

 346 

3.2 Anti-migratory Potential Prediction Models 347 

The AI-based models (MLP, XGB, and ELM) were analysed to predict in vitro cancer 348 

migration prediction in cells treated with ALEE based on our experimental data. Before the 349 

model calibration, statistical data analysis was conducted, as shown in Table 2. Generally, 350 

statistical analysis is done to understand the dataset. Furthermore, The AI-based models (MLP, 351 

XGB, and ELM) were analysed to predict in vitro cancer migration prediction in the MDA-352 

MB 231 and MCF-7 human BCa, treated with ALEE based on our experimental data. The 353 

performance evaluation is checked by applying various criteria based on comparing the 354 

simulated and the experimental values. The distribution between the various parameters and 355 

the dataset used in the study was expressed in the form of visualised pie chart in Figure 7, and 356 

the data set is well distributed. Furthermore, the correlation matrix shows the correlation that 357 

exists between different parameters in a linear form. It can be seen from Figure 8 that there is 358 

a high correlation between all the parameters, whereby the highest correlation in this study is 359 

between MD-AMB231 and MCF-7 having R-value =0.98, and the lowest correlation exists 360 

between concentration and MCF-7 with R=0.75. Similarly, the correlation matrix proves to 361 

have shown a robust correlation between all the variables and is in conformity with the 362 

correlation revealed by Adun et al. [53]. 363 

The modelling performance of MLP, XGB, and ELM models, treated MDA-MB 231 and 364 

MCF-7, were compared to each other using RMSE and NSE, as shown in Table 2. Based on 365 



the predictive comparison of the models in Table 3, it can be shown clearly that all three data-366 

driven models (MLP, XGB and ELM) have the ability to simulate the in vitro cancer migration 367 

potential prediction in the human BCa cells. XGB depicted the superiority over the other two 368 

non-linear models in the testing and training stages for modelling the performance of the cells. 369 

In regards to their error values, XGB shows the lowest RMSE values, XGB-MCF-7= 0.0039 370 

and XGB-MDAMB231=0.0025 in the testing phase, and the NSE as a goodness of fits which 371 

shows that XGB equally outperformed all the other AI-based models MLP and ELM and 372 

increase their performance efficiency up to 3% and 1% for MCF and 1% and 2% for MDA-373 

MB231 respectively in the testing phase. The relative predictive accuracy regarding the relative 374 

error can also be demonstrated using a bar chart (Figure 9), which demonstrates the 375 

performance of in vitro cancer metastasis prediction in human BCa cells in a surface radar chart 376 

showing the scale of NSE in the training and testing phases. It has been reported that the scale 377 

of radar generally ranges between 0 and 1. The radar chart performance demonstrated that the 378 

performances in terms of NSE of treated BCa cells migration in highly and weakly metastatic 379 

human BCa cell lines follow the following order XGB>ELP>ML for MCF-7, and 380 

XGB>MLP>ELP for MDA-MB 231, respectively (Figure10). Similarly, the methanolic 381 

extract of A. lebbeck demonstrated good performance using other Al-based models [54]. 382 

Conclusion 383 

Our study has uncovered promising organic compounds in ALEE that possess medicinal 384 

properties, potentially aiding in the prevention of metastasis in human breast cancer. 385 

Interestingly, we observed that varied concentrations of the plant extract were non-toxic and 386 

had no impact on cell proliferation, but displayed significant anti-migratory potential in both 387 

MDA-MB 231 and MCF-7 cells, with increasing concentration. Furthermore, we found that 388 

AI models, including MLP, XGB, and ELM, were effective in predicting the anti-migratory 389 

potential of ALEE. XGB demonstrated the highest performance efficiency, outperforming 390 

MLP and ELM models by 3% and 1% for MCF and 1% and 2% for MDA-MB231, 391 

respectively, during the testing phase. However, further studies are required to validate the anti-392 

migratory potential of this plant, and additional computational models should be employed to 393 

improve performance. 394 



Data Availability 395 
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Table 1: Bioactive compounds identified from ALEE by GC-MS analysis and their biological 598 

activities. 599 

 600 

 601 

 602 

 603 

 604 

 605 

 606 

 607 

 608 

 609 

S/n RT Peak 

Area 

Area 

% 

Compound detected Biological Activity 

1 2.00 25065811
56 

88.55 Ethanol (CAS) Anti-microbial 45] 

2 3.08 2369689 0.08 (S)-(E)-(-)-4-Acetoxy-1-phenyl-2-dodecen-1-one Anti-cancer, DNA-binding 
and anti-microbial [46] 

3 3.77 13527363 0.48 Cyclotrisiloxane, hexamethyl- (CAS) Anti-cancer, anti-oxidant and 
anti-microbial [47] 

4 3.98 21342385 0.75 1,2-Dihydro-1,4-diphenylphthalazine Anticancer [46]. 

5 6.46 90085996 3.18 Silicic acid, diethyl bis(trimethylsilyl) ester - 

6 6.74 34182822 
 

1.21 1-(2-trimethylsiloxy-1,1-dideuteriovinyl)-4-
trimethylsiloxy-benzene 

Anti-microbial [45] 

7 7.60 47188509 1.67 1-cyano-5-benzoyloxy-á-D-ribofuranose Anticancer [46] 

8 11.33 40503790 1.43 Disiloxane, 1,3-diethoxy-1,1,3,3-tetramethyl- (CAS) Anti-inflammatory, anti-
bacterial [48] 

9 13.47 3392203 0.12 (S)-(E)-(-)-4-Acetoxy-1-phenyl-2-dodecen-1-one Anti-cancer, DNA-binding 
and anti-microbial [46] 

10 13.76 15872886 0.56 Silicic acid, diethyl bis(trimethylsilyl) ester - 

11 15.69 5409162 0.19 Silicic acid, diethyl bis(trimethylsilyl) ester - 

12 16.67 8613439 0.30 2-(5-acetyl-2-thienyl)-1,4-naphthoquinone Anti-microbial, anti-tumor 
and antiproliferative [46] 

13 16.84 11375011 0.40 4H-3-(p-methylanilino)1-benzothiopyran-4-one 1-
oxide 

Anti-cancer [46]. 

14 17.29 3343231 0.12 Heptasiloxane,1,1,3,3,5,5,7,7,9,9,11,11,13,13-
tetradecamethyl- 

Anti-oxidant and anti-
inflammatory [48] 

15 18.70 14832408 0.52 3-(4'-Methoxyphenyl)-1-acetyl-2-phenylindolizine 
 

- 

16 23.31 3451675 0.12 Cyclooctasiloxane, hexadecamethyl- Anti-cancer, anti-oxidant and 
anti-microbial [47] 

17 25.33 6562803 0.23 4-Ethylbenzoic acid, 2-butyl ester Anti-cancer and Anti-
mibroabial [47] 

18 29.18 2201203 0.08 Cyclononasiloxane, octadecamethyl- Anti-cancer, anti-oxidant and 
anti-microbial [48] 

18 29.18 2201203 0.08 Cyclononasiloxane, octadecamethyl- Anti-cancer, anti-oxidant and 
anti-microbial [46] 



Table 2: Descriptive Statistic 610 

 611 

 612 

 613 

 614 

 615 

 616 

 617 

 618 

 619 

 620 

 621 

 622 

 623 

 624 

 625 

 626 

Variables Mean SE Median SD Kurtosis Skewness Min Max 

Conc. 4.375 0.48138 3.75 3.728753 -1.14951 0.445876 0 10 

MCF-7 0.405333 0.017451 0.47 0.135177 -0.5607 -1.10911 0.12 0.54 

MDA-MB 

231 

0.402167 0.010146 0.435 0.078591 -0.5463 -1.04085 0.24 0.49 



 627 

 628 

Table 3. Result of the ANN, ANFIS and MLR models. 629 

 630 

 

Calibration Verification 

 

NSE RMSE NSE RMSE 

MLP-MCF-7 0.9964 0.0263 0.9692 0.0302 

XGB-MCF-7 0.9999 0.0033 0.9975 0.0039 

ELM-MCF-7 0.9998 0.0052 0.9974 0.0064 

MLP-MDAMB231 0.9955 0.0181 0.9871 0.0356 

XGB-MDAMB231 0.9985 0.0018 0.9974 0.0025 

ELM-MDAMB231 0.9924 0.0232 0.9728 0.0432 

 631 

 632 



 633 

Figure 1. Proposed flowchart of experimental data-driven methods 634 

 635 

 636 

 637 

 638 

 639 



 640 

Figure 2. Schematic diagram of MLP network structure. 641 

 642 

 643 

 644 

 645 

 646 



 647 

Figure 3: GC-MS chromatogram of ALEE bioactive compounds. The numbered peaks 648 

correspond to the numbers and molecules in Table 1. 649 

 650 
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 660 

 661 

 662 

 663 

 664 

 665 

 666 

 667 

 668 

Figure 4. Cytotoxic Effect of various concentration of ALEE MDA-MB 231 and MCF-7 669 

breast cancer cell lines carried out using tryphan blue exclusion assay. The observaions were 670 

made after 24, 48 and 72 hours’ incubation period. The findings are presented as mean ± 671 

SEM of at least replicates experiments (n ≥ 3) and analysed using one-way ANOVA followed 672 

Newman-Keuls post hoc analysis. (*) P < 0.05; (**) P < 0.01 and (***) P < 0.0001. 673 
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 683 
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 685 

Figure 5. Effect of ALEE on proliferation of MDA-MB 231 and MCF.  MDA-MB 231 and 686 

MCF-7 were treated with various concentration of ALEE for (a) 24 h and (b) 48 h. Data are 687 

presented as mean ± SEM of at least replicates experiments (n ≥ 3). 688 
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 690 

 691 

Figure 6. Effect of Quercetin on Lateral Motility of MDA-MB 231 and MCF.  Data are 692 

presented as mean ± SEM of at least replicates experiments (n ≥ 3). 693 

 694 



695 

Figure 7.  Visualized pie-chart distribution 696 
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 707 

Figure 8. Correlation matrix between the raw data 708 
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 719 

 720 

Figure 9. Relative mean square error (RMSE) for predicting of MDA-MB 231 and MCF-7 721 

human Breast Cancer treated with ALEE in both the calibration and verification stages. 722 
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 732 

 733 

 734 

Figure 10. Radar chart for various variation determination and correlation coefficients (a) 735 

MCF-7 (b) MDA-MB 231. 736 
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