


Impact of Statistical Software and Separation Methods for Bio-oil extraction from Yellow Oleander Seeds: Review (2011-2023)
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The utilization of inedible agricultural seeds to make bio-oil is not new, but accelerating its usefulness via potential options is ideal. Therefore, studies showing that inedible seeds are superior to edible seeds were examined from 2011 to 2023. For additional research, an ideal inedible seeds known as yellow oleander seeds were selected. From the review: ANN performed better in the best extraction of bio-oil than the D-Optimal Design of RSM. This is because artificial neural networks (ANNs) have a great deal of strength when it comes to modeling the production of biofuel and bio-oil because of their diverse network topology, quick learning algorithm, high error tolerance for non-linear processes, and flexible learning method. Nonetheless, both are effective modeling and optimization instruments for extracting oil from yellow oleander seeds.  Furthermore, it has been established that the Soxhlet extraction method outperforms non-conventional approaches like enzyme-assisted extraction, supercritical fluid extraction, ultrasound, and microwaves, as well as the traditional approach of mechanical extraction. These novel non-conventional methods can increase oil extraction rates, decrease oil quality degradation, and shorten extraction timeframes. Additionally, they have been effectively employed to mitigate certain disadvantages linked to traditional techniques for extracting oil; yet, Soxhlet extraction continues to produce the highest output. Since the use of the machine learning model of Jupyter NoteBook and RStudios has not yet been documented, further research is required to determine whether these programs can be used to model and optimize the extraction of yellow oleander oil. Hence, this will help the optimizing industry to generate more income for the Country.
1.1 Background of the Study
Energy propels every industrial hub needed for societal growth. Additionally, using special biomass waste seed oil could increase how well it cools rotating components and produces green fuel. Pollution from fossil fuels and waste management have been global problems that have led to health problems, especially in rural areas of developing countries like Nigeria and impoverished countries. Thus, in order to fulfill the aims of sustainable development, it is vital to investigate the best strategies for managing biowaste and turning it into wealth. (Iweka and Owuama, 2020; Iweka et al., 2021; Iweka et al., 2023a; Singh et al., 2023). Both renewable and non-renewable resources can be used to generate oil, but over the past year, the use of non-renewable resources has been causing problems worldwide due to the hazardous emissions it produces.
In addition to its source being depleting, and knowing fully well that the “International Energy Agency (IEA) have declared that the global world will need more 50% energy in 2030 as against 2019 demands, with an estimated 45% to be accounted for by China and India due to rapid technological and population growth” (Shahid and Jamal, 2011; Zubairu et al., 2021). Thus the need to review the outlook of renewable source that is readily available and eco-friendly especially in developing countries like Nigeria, Togo, republic of Niger, republic of Benin etc from 2011 – 2023 publications, in order to find a better way of accelerating oil extraction from potential feedstock and to avoid over reliance on developed countries for energy.
Reviewed literature indicates that green oil, also known as renewable oil, can be produced from a variety of edible and inedible plant and animal species (Iweka et al., 2023a; Mishra and Solanki, 2016; Zubairu et al., 2021; Etim, 2022). These feedstocks are classified as first, second, and third generation, in that order (Baloch et al., 2021; Eyibio et al., 2022; Singh et al., 2019; Shaah et al., 2021). The dilemma of food vs fuel arises from the development of first generational feedstock from edible seeds (Falowo and Betiku 2022, Fadara et al., 2021). Therefore, it is not fit for usage. Second generation feedstocks are made from poisonous, inedible oil that is harmful to human health. While they have been utilized in the pharmaceutical, cosmetic, and other related industries, they are preferred over all other feedstocks because they do not compete with the food chain (Falowo and Betiku 2022; Anwar et al., 2018).
Despite being produced from algae, the third generation is separated into two primary groups: multicellular seaweeds, or macroalgae, and unicellular microalgae (Shaah et al., 2021; Gómez and Huovinen, 2020). Additionally, the culinary, pharmaceutical, and cosmetics industries (Shaah et al., 2021) may find use for it. Algae generally offer benefits like a high lipid content (about 70%) and great photosynthetic efficiency, which helps to slow down global warming. Additionally, the equipment required for biodiesel extraction and conversion is pricy and unfit for usage (Dong et al., 2016; Shaah et al., 2021).
As shown in Table 1, inedible feedstocks are highly desirable on a global scale since they are non-competitive with food and are renewable, clean, sustainable, lubricant, and environmentally friendly (Sanjid et al., 2014; Falowo and Betiku, 2022). A variety of inedible oil sources, such as rubber, neem, yellow oleander, and jatropha seeds, have been employed (Shaah et al., 2021; Etim, 2022); Table 2 lists these along with their oil content. However, the amount of oil extracted as well as the feedstock's accessibility and availability matter in a study project. Yellow oleander trees are commonly seen in schools, streets, residences, and by the side of the road in Nigeria, particularly in Ozoro and the neighboring towns. They provide as a natural shade for people during periods of intense sunlight. Additionally, the bio-oil that is extracted from its seeds can be utilized in the agricultural, pharmaceutical, cosmetic, cooling, heating, cooking, transportation, and making biodiesel, among other uses (Iweka et al., 2023a; 2023b; Zubairu et al., 2021).
Thevetia peruviana, also known as the yellow oleander, is a tiny tree or evergreen decorative dicotyledonous shrub that falls under the families Apocyanaceae and Apocynales (Suwari et al., 2018; Dallatu et al., 2017; Zubairu et al., 2021; Adebowale et al., 2012). As seen in Fig. 1, it is widely distributed throughout the American, Asian, and African continents and is mostly accessible in North-East India. Depending on the climate and age of the tree, a yellow oleander tree can output 400–800 fruits year. The fruits are typically green in color and turn black as they develop, as shown in Fig. 2. The kernel containing the seeds can be extracted by removing the green/black back, as illustrated in Figure 3. Each fruit has one to four seeds in its kernel; these seeds have an oil content of roughly 60–65%, making them an excellent natural source of renewable inedible oil (Kannan and Mohan, 2017; Oyekunle and Oyekunle, 2018).
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   Fig. 1: Yellow Oleander Tree
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Fig 2: Yellow oleander fruits					Fig. 3: 	Yellow oleander Kernel	   
Research on its usefulness on making biodiesel have been conducted by Adebowale et al. (2012), Yarkasuwa et al. (2013), and Betiku and Ajala (2014). Over fifty years ago, Thevetia peruviana arrived in Nigeria and has since been grown as an ornamental plant in residences, public spaces, and green spaces (Oyekunle and Oyekunle, 2018). It grows well throughout Nigeria and is a drought-resistant shrub with yellow trumpet-like flowers. It can be planted on ground with little soil cover, in greater rainfall zones, and in desert regions as well. Ecological circumstances as long as the soil has enough drainage and is exposed to sunlight. Actually, it's a well-liked hedge that requires little maintenance after it's established, save for yearly pruning.
According to reports, yellow oleander can give up to 64.7% oil, which is considered a high output (Dallatu et al., 2017; Oyekunle and Oyekunle, 2018). This was corroborated by other publishers who reported 60–65% oil production (Bora et al., 2014; Basumatary, 2014; Oyekunle and Oyekunle, 2018; Zubairu et al., 2021; Deka and Basumatary, 2011). Unlike jatropha oil, yellow oleander oil do have constraints of high viscosity and cloud point (Dallatu et al., 2017; Oyekunle and Oyekunle, 2018; Dallatu et al., 2017; Zubairu et al., 2021). Thus, it is appropriate for comparison with all other easily accessible inedible seeds in Nigeria, particularly in Ozoro and the neighboring cities. Particle size is another important component in oil extraction, therefore grinding the seeds to a powered state will increase their surface area and improve extraction (Iweka et al. 2023a; Zubairu et al., 2021). 
Given that both are easily found in Ozoro, Table 3 explains why jatropha seeds are not as suited as yellow oleander seeds. Furthermore, the oils from Jatropha curcas and yellow oleander seeds have relatively high saponification values (196.77 and 193.55 mg/g, respectively); this is likely due to the oils' high free fatty acid content (Zubairu et al., 2021). These results, however, are within the range of 182.5–260 mg/g for oils derived from plant types as reported by Minzangi et al. (2011) and Zubairu et al. (2021). A greater amount of short chain fatty acid molecules with a lower molecular weight are indicated by the higher saponification values seen in both seed oil triglycerides, which in turn consumes a greater number of moles of KOH (Zubairu et al., 2021).
According to Zubairu et al., 2021, high concentration of unsaturated fatty acids, the iodine values of Jatropha curcas (101.83g/g) and yellow oleander seed oil (74.6g/g) showed stability to oxidation and indicated that the products can be kept for an extended amount of time without going rancid (Dallatu et al., 2017; Zubairu et al., 2021). Both boi-oils consequently, are good feedstock in biodiesel production (Zubairu et al., 2021). Table 3 confirms that yellow oleander seeds produce superior bio-oil.
In addition to being used for cooling, lubrication, cosmetics, pharmaceuticals, and vaccinations, bio-oil can also be combined with other biowaste to produce biodiesel, a clean, green fuel (Ahmad et al., 2011; Zubairu et al. 2021; Etim et al., 2020). And the setting up of bio-oil and biodiesel companies in host communities can jump-start mass development and minimize rural-urban transition (Iweka et al., 2023b). According to publications, biodiesel would account for 60–80% of all fuel used in African transportation by 2030. Furthermore, because edible oil supplies cannot be sustained, focus has been directed on inedible oil resources, which can be used as a safety net for sustainable biodiesel production to boost energy while preserving food security (Yang et al., 2014).
Varied agricultural districts (Derkyi al., 2014; Keneni et al., 2020) and geological regions may have varied oil contents in seeds (Beemnet et al., 2016; Keneni et al., 2020). Numerous studies shown that genetic changes and variations in environmental parameters including temperature, rainfall, light availability, and soil nutrients might cause variations in jatropha performance with regard to oil content and quality (Singer et al., 2016; Keneni et al., 2020). Accordingly, mechanical and Soxhlet approach are the two most widely used oil extraction approach (Atabani et al., 2013; Keneni et al., 2020). In addition to this, there are still unconventional approach that are widely employed, such as supercritical fluid extraction with ultrasound assistance, enzymatic extraction and microwave assistance (Danlami et al., 2014; Keneni et al., 2020; Shaah et al., 2021; Doan et al., 2020). Every technique for extracting oil has benefits and drawbacks of its own. When extracting oil from jatropha and yellow oleander seeds, for example, n-hexane is the solvent that outputs the highest percentage of oil when compared to mechanical and enzymatic extraction methods. Hexane as an extraction solvent, however, has detrimental effects on the environment (Atabani et al., 2013; Keneni et al., 2020). Because microwave-assisted extraction is inexpensive, requires less time and solvent, has low-cost equipment, and is easy to use, it is comparable to other alternative current extraction procedures. However, the demerits of this extraction method, particularly in developing nations like Nigeria, include the need for additional processing of the oil (filtration or centrifugation) to remove the biomass residues and the possibility of lipid burning due to its higher energy, in addition to availability and accessibility in labs (Danlami et al., 2014; Keneni et al., 2020).
 
Although the enzymatic method of oil extraction is more environmentally benign, it requires more time to complete due to its comparatively sluggish rate of oil extraction when compared to soxhlet/solvent extraction methods (Keneni et al. 2020; Shaah et al., 2021). Furthermore, oil generated in supercritical fluid and ultrasound-assisted extractions has very high purity and requires very little time; nevertheless, as Table 3 illustrates, operational and investment costs are greater (Keneni et al., 2020).
Soxhlet/solvent processing and mechanical pressing are the two most often utilized techniques in commercial oil extraction (Atabani et al., 2013; Keneni et al. 2020), but soxhlet extraction is more effective in terms of oil recovery (Keneni et al., 2020; Shaah et al., 2021). The soxhlet extraction process involves a number of factors that can impact the percentage output of bio-oil. These factors include the type of solvent used, biomass particle sizes, extraction temperature, solvent to biomass ratio, extraction time (Sulaiman et al., 2016; Keneni et al., 2020), and moisture content of the biomass to be extracted (Sulaiman et al., 2016; Keneni et al., 2020).
Oil can be processed from plant seeds using varities of chemicals, including inedible ones like yellow oleander seeds. Some of the most widely used and documented chemicals for oil extraction were diethyl ether, ethyl acetate, n-Hexane, ethanol, n-heptane, isopropanol, methanol, petroleum ether, acetone, 1-butanol and chloroform, (Straccia et al., 2012; Bhargavi et al., 2018; Keneni et al., 2020). There can be differences in the effectiveness of oil extraction, based on the effects of the environment, and the renewability of various extraction solvents. Additionally, it has been noted that various solvents extract different natural components from a particular substance; as a result, the content of the extract might vary throughout solvents (Bhargavi et al., 2018; Keneni et al., 2020). As a result, one of the most crucial phases in the extraction of oil using soxhlet or chemical procedures is choosing an ideal solvent (Keneni et al., 2020).
Unlike ethanol and petroleum ether, which are non-toxic, the solvent n-hexane is highly volatile, poisonous, and outputs maximum output (Keneni et al. 2020). Although, ethanol use is a renewable source and eco-friendly but its outputs in oil extraction procedures are always poor compared to n-hexane. Since most bio-oils are soluble in n-hexane, it is generally preferred due to its higher oil content, availability, low boiling temperature, higher output, and ease of recovery from the extract (Danlami et al., 2014; Keneni et al., 2020). And with precautions, n-hexane can be utilized safely. The most popular solid-liquid extraction method still in use today is soxhlet extraction, which is also one of the oldest methods available. It is a well-liked approach that serves as a model for a number of contemporary extraction methods (keneni et al., 2020). Its temperature is limited by the boiling point of the chosen chemical, and it has several drawbacks when compared to the recently developed modern oil extraction approach like ultrasound-assisted, supercritical fluid and microwave-assisted extractions (Hibbert et al., 2019, Keneni et al., 2020; Shaah et al., 2021). Additionally, it has lengthy extraction times and significant solvent losses yet it is still widely used. By drying the seeds at the proper temperature and utilizing various solvents, Keneni and Marchetti, (2019) experimented on oil extraction from jatropha seeds from different sections of Ethiopia using hexane and petroleum ether. They reported that the outputs from the different locations were not the same. According to Iweka et al. (2023b) on the soxhlet extraction of pawpaw seeds with n-hexane, a seed's organic composition can therefore be influenced by its location. Furthermore, this information was corroborated by Ibiyemi et al. (2002), who indicated that four places in Nigeria (Zaria, Enugu, Edidi, and Lorin) were used to gather yellow oleander seed varieties. However, the Zaria 2-seed varieties produced the most oil and outperformed the 4-seed varieties as well.
"Comparison Of Soxhlet, Microwave-Assisted and Ultrasonic Extractions for the Determination of PCBS Congeners in Spiked Soils by Transformer Oil (Askarel)" was the title of a 2013 study by HALFADJI et al. The Soxhlet, Microwave-Assisted, and Ultra-Sound extractions procedures yielded total concentrations of PCB congeners (Σ PCBs) of 943.17–513.41 ng/g, 727.30–470.84 ng/g, and 505.4–382.92 ng/g, respectively. Indicating, that although microwave-assisted extraction can be an ideal substitute, Soxhlet extraction is still preferable. The list of inedible oil crops, their yearly production per hector land (kg per ht per year), and their percentage oil output (wt%) are displayed in Table 1. The primary barrier to producing biodiesel is the cost of raw resources. According to reports, between 70 and 90 percent of the total amount of biodiesel produced is produced at a cost for the raw materials. There are many inedible oil crops that grow, including sea mango (1900–2500 kg per ht per year), jatropha (2500 kg per ht per year), candlenut (1600 kg per ht per year), neem (2670 kg per ht per year), karanja (900–9000 kg per ht per year) (Patel and Sankhavara, 2017), yellow oleander (5200 kg per ht per year) (Yadav et al., 2017), and jatropha (2500 kg per ht per year). These plants can grow practically anywhere with little cultivation work, even in saline and sandy soils that are unsuitable for growing food crops (Durairaj et al., 2017; Shaah et al., 2021). Thus, the utilization of the inedible oil as biomaterials would lower the making of biodiesel cost due to the cheaper raw materials source. In general, inedible oil crops have substantially lower plantation costs than edible crops. This is because maintaining soil moisture and nutrients during the production of an edible crop necessitates high soil nutrition, an effective irrigation system, and incentive maintenance. The weight percentage (wt%) of inedible oil is another crucial factor to consider when evaluating its viability as a substitute feedstock for the synthesis of biodiesel. In comparison to edible oil crops like rapeseed (37–50 wt%), soybean (20 wt%), and palm (20 wt%), the percentage oil content in inedible seeds like Jatropha seed (40–60 wt%), rubber seed (40–50 wt%), see mango seed (40–50 wt%), candlenut (60–65 wt%), polanga (60–70 wt%), and yellow oleander (60–65 wt%) is significantly higher. (Shaah et al., 2021).

Table 1: Annual production and oil output of inedible oil seeds
	Inedible oil 
	Scientific name
	Plant type
	Major crop
	Output (kg per ha per year)
	Crops Oil content (wt%)

	Jatropha  
	Jatropha curcas
	Tree
	Seed
	2500
	40–60

	Rubber 
	Hevea brasiliensis
	Tree
	Seed
	100 - 150
	40–50

	Yellow oleander 
	Cascabela/ peruviana thevetia
	Tree
	Seed
	52 000
	60–65

	Candlenut 
	Aleurites moluccanus
	Tree
	Seed
	16 000
	60–65

	Tobacco  
	Nicotiana tabacum
	Herb
	Seed
	1170
	35–49

	Neem 
	Azadirachta indica
	Tree
	Seed
	2670
	25–45

	Castor   
	Ricinus communis
	Tree/shrub
	Seed
	450
	45–50

	Cotton 
	Gossypium
	Tree
	Seed
	649
	17–23

	Sea mango 
	Cerbera odollam
	Tree
	Seed
	1900–2500
	40–50

	Bottle tree 
	Brachychiton rupestris
	Tree
	Seed
	250–300
	50–60


Source: (Shaah et al., 2021)

Table 2: Comparison among first, second and third generation feedstocks for biodiesel production
	Biofuels
	Feedstock source
	Advantages
	Disadvantages

	1st generation
	Edible oil

	Simple conversation process
	Relative low oil output.
Food vs. biofuel debate.
Causes deforestation and destroying ecosystem

	2nd generation
	inedible oil
	Abundance availability number of inedible crops globally.
No debate between food vs. fuel economy
	Intractable structure of the feedstock

	3rd generation

	Algal biomass
	High lipids content.
High growth rate.
Its cultivation reduces global warming.
	It requires advance technology for biodiesel conversion.
It has other application in food.
Pharmaceutical and cosmetics industries.


Source: (Shaah et al., 2021)









Table 3: Physicochemical Properties of Yellow Oleander Seed and Jatropha Curcas Oils
	Properties
	Yellow oleander oil
	Jatropha curcas oil

	Oil Output (%)
	62.8
	53.97

	Acid value (mg KOH/g) before acid pretreatment
	3.46
	8.55

	Acid value (mg KOH/g) after acid pretreatment
	1.34
	2.62

	Density(g/m3)
	0.870
	0.920

	Specific Gravity
	0.905
	0.924

	Free Fatty Acid (%FFA)
	1.30
	1.49

	Iodine Value (g/g)
	74.6
	101.84

	Saponification Value (mg/g)
	196.77
	193.55



Table 4: Yellow Oleander Seed Locations, Processing details and Optimization methods (2011-2023)
	Region/
Country
	Oil content
	Solvent used
	Input Parameters
	Extractor/
Temperature
	Optimization
	Reference

	Gauhati, Jalukbari, Guwahati, Assam/ India
	61.7%
	Petroleum ether
	(40–60 ◦C), 
	Soxhlet/45oC
	
	Bora et al. 2014

	Ile Ife, Nigeria
	44.4%
	n-hexane
	100g, 3hrs, 60oC, 250ml
	Soxhlet/60oC
	
	Oyekunle and Oyekunle, 2018

	ABU main Campus, Zaria, Nigeria
	64.7%
	
	
	Oil press
machine
	
	Dallatu et al., 2017

	Gauhati University Campus, Guwahati, Assam, India
	61%
	Petroleum ether
	3 h, 45oC
	Soxhlet
	
	Deka and Basumatary, 2011

	NARICT Zaria, Nigeria
	62.8%
	n-hexane
	100g, 6hrs, 60oC, 150ml
	Soxhlet/60oC
	
	Zubairu et al. 2021

	University of Ibadan, Nigeria
	62.10 #%
	n-hexane
	10 hr
	Soxhlet
	
	Adebowale et al. 2012

	China and Pakistan
	48-62%
	Petroleum ether
	150 mL, 7 hrs
	Soxhlet
	
	Khan et al. 2023

	West Bengal, India
	56.29%
	n-hexane
	
	Soxhlet
	
	Bhattacharyya 2022

	
	52.37%
	Mixture of
toluene and
ethanol (7:3)
	
	Soxhlet
	
	

	Gombe State University, Nigeria
	67%
	n-hexane
	100 g, 70oC, 4 hrs
	Soxhlet
	
	Yarkasuwa et al. 2013

	Soba Village, Indonesia
	51.8%
	Petroleum ether and methanol
	4.5h, 65oC
	Soxhlet
	
	Suwari et al. 2017

	Obafemi Awolowo University, Ile Ife, Nigeria
	77.63%



76.64%
	Petroleum ether
	20g, 3h, ML
	Soxhlet
	ANN


RSM
	Ajala and Betiku, 2014

	Logo (II) Village, Benue Satte, Nigeria
	68%
	Petroleum ether
	40oC, 4h
	Soxhlet
	
	Ikyenge
et al. 2012

	IIT campus, New Delhi, India
	62%
	Petroleum ether
	
	Soxhlet
	
	Sahoo et al. 2009

	Zaria, Nigeria
	63%
	n-hexane
	
	Soxhlet
	
	Ibiyemi et al. 2002

	Merida, Yucatan, Mexico
	70%

	
	
	Supercritical CO2
	
	Rubio-Rodríguez et al. 2012

	
	62%
	Petroleum ether
	
	Soxhlet
	
	

	
	60%
	n-hexane
	
	Soxhlet
	
	

	
	40%
	
	
	Mechanical extraction
	
	



Several studies have been reported on yellow oleander seeds oil extraction using different techniques. For example, Sahoo et al. (2009) reported yellow oleander seeds oil output to be 62% using petroleum ether as the extraction reagent. Also, 68% output was reported by Ikyenge et al. (2012) using the same chemical while Ibiyemi et al. (2002) observed 60% output using n-hexane. Also, Rubio-Rodríguez et al. (2012) reported 70% output via supercritical CO2 extraction, and Ajala and Betiku, (2014) documented yellow oleander seeds oil output to be 40% using mechanical press. Nevertheless, none of the authors used other statistical design approach in their work such as Machine learning model and RStudios (a modern day technology), which means optimization of the extraction condition is not yet fully established. Additionally, Ibrahim et al. (2019) reported the uses of Microwave –assisted method in the extraction of sandbox with three solvents and recorded; ethyl acetate 72% as the highestoutput, followed by acetone 58% and n-hexane 56% oil outputs. Hence, the need to investigate the impact of statistical software and separation methods for bio-oil extraction from yellow oleander seeds: review (2011-2023) in order to substantiate findings. 

Table 5: Merits and drawbacks of the inedible oil extraction technologies
	Technology 
	Advantages
	Demerit

	Mechanical press

	Higher output
Easy to operate
	High maintain cost, Requires moisture reduction in oil seeds,  Requires further oil refining and degumming processes, Not suitable for inedible seed oil extraction

	Soxhlet extraction

	Low cost
Easy to operate
Higher output
	Utilize volatile organic solvent, Long operating time, High operating temperature, Requires solvent separation process, Requires refining process

	Microwave extraction
	Enhance oil extraction output, Minimize solvent uses, Shorter extraction time than solvent extraction, 
	Operating temperature vary with solvent boiling temperature, Generally utilized as a pretreatment for solvent extraction, 

	Enzymatic oil
extraction
	Organic solvent free technology, Environmentally friendly
	Requires prolonged extraction time

	scCO2 extraction
	Green technology, Does not require toxic organic solvent, Does not require any refining and oil separation
technology, Low temperature technology, Higher selectivity and diffusivity to fatty acids
	High cost of the equipment


Source: Shaah et al., 2021

2. Methods of Optimization for Yellow Oleander Oil Extraction
The majority of optimization approaches entail utilizing statistical software to optimize the control factors (extraction time, sample weight, solvent volume, type of solvent, variability of seeds, particle size, etc.) in an effort to minimize product quality degradation while simultaneously reducing costs and maximizing performance (Nde and Foncha, 2020). Two fundamental methods of applying optimization for oil processing have been identified in the literature: the traditional or conventional method, sometimes known as single parameter optimization, which involves changing one factor at a time rather than all at once to account for potential interactions between the factors; and the method known as design of experiments, which involves changing multiple factorss at once to address potential interactions between the factors (Masime et al., 2017).

2.1. Single Parameter Optimization
By altering one parameter at a time while maintaining the stability of other parameters, the optimal conditions for bio-oil extraction can be ascertained (Nde and Foncha, 2020). In this instance, the optimal level for a parameter that outputs the best result is identified. The optimal level of one parameter is calculated dependent on particular values of other parameters, therefore this approach is not only time-consuming but incorrect as well because it ignores interactions. If various values of the constant parameters are taken into account, these optimal levels may vary (Nde and Foncha, 2020). The need for additional experimental runs without compromising precision, limits the method's capacity to estimate factor interactions. Owing to these drawbacks of single-parameter optimization, the main focus of this review is on optimization techniques that enable assessment of the interaction effect of process factors on the output under investigation.

2.2. Design of Experiments for Oil Extraction from Plant Seeds
2.2.1. Response Surface Methodology (RSM)
Response Surface Methodology (RSM) uses an array of mathematical and statistical methods which are employed to simulate and analyze issues involving two or more process factors that have an impact on the intended response [Iweka et al. 2021; Alev et al., 2019; Faiznur et al., 2016; Nde and Foncha, 2020) and the objective is to pinpoint the ideal conditions for operation for a system under study (Ovando-Chacón et al., 2018; Nde and Foncha, 2020; Sarrai et al., 2016) . Regression equations describing the interrelationships between input factors and product qualities are the foundation of RSM (Panchal, 2014; Nde and Foncha, 2020).
To have the substantial effects of the analytical method, a crucial stage in optimization is screening the factors evaluated (Nde and Foncha, 2020). RSM decreases the number of experimental runs but retains the desired accuracy and in addition calculates responses for the interacting influence of multiple factors (Savic et al., 2015; Nde and Foncha, 2020).
The RSM has a demerit in that all systems with curvature could not be compatible with a second-order polynomial model, even when the data is fitted to a polynomial at the second level (Nde and Foncha, 2020). The central composite design (CCD), the Box-Behnken design (BBD), and the D-optimal have been widely utilized for oil extraction operations among the various RSM designs that are available.

2.2.1.1 Central Composite Design (CCD
One of the designs that is most frequently utilized in oil extraction procedures is CCD. According to Olaoye and Busari (2017), this approach is recommended when fitting a quadratic surface since it minimizes the number of experimental runs needed to maximize the factors and accounts for their interactions. According to Nde and Foncha (2020), Ogunleye et al. (2016) carried out a total of 20 experiments, including eight factorial, six axial, and six center points, to optimize the mechanical extraction of castor oil from its seeds. The experiments were conducted using a CCD with three independent parameters (extraction temperature, compression force, and mass of seed) at five levels.
The scientific research has also discussed rotatable designs (CCRD) and face-centered composite designs (FCCD) for bio-oil extraction procedures, but not for the extraction of yellow oleander seeds.

2.2.1.1.1 Central Composite Rotatable Designs (CCRD)
For example, Olaoye and Busari (2017) optimized the mechanical expression of castor seed oil using CCRD, taking into account the effects of temperature, time, and moisture content on oil output. A maximum output of 26.5% was obtained at moisture content, temperature, and time of 6.68%, 100 °C, and 15 min, respectively. The CCRD is mainly utilized for multi-factor optimization. The selected model's resulting R2 and R2Adj values of 0.9883 and 0.9778, respectively, showed that the equation was a good fit for the collected data. It was evident from the extremely low p-value of less than 0.0001 moisture content that it had the biggest impact on the procedure. According to Nde and Foncha (2020), Badwaik et al. (2012) also employed the CCRD to assess the appropriateness of several solvents for the oil extraction from defatted peanuts. With an R2 value of 0.900 for the created model, hexane was the preferred solvent when compared to acetone, benzene, chloroform, and petroleum ether under the reaction conditions of solvent/solute ratio and extraction time of 1:6 and 5 h, respectively. A three-factor five-level CCRD was utilized by Jiyane et al. (2018) to study Croton gratissimus seeds’ oil extraction. Using n-hexane and ethyl acetate as extraction solvents, the impact of extraction temperature, duration, and solvent-to-feed ratio on the oil output was examined. There has been no publication on the extraction of yellow oleander using CCRD, however the R2 values of the models produced were 0.98 and 0.97 for n-hexane and ethyl acetate extraction, respectively, indicating that the models adequately described the processes tested.

2.2.1.1.2 Faced Centered Composite Design (FCCD)
Another type of CCD that has also been employed in the simulation oil extraction processes is the Faced Centered Composite Design (FCCD) which is less robust than CCRD. In the SFE of sunflower oil, Amit et al. (2016) used a FCCD to obtain R2, R2adj, and predicted R2 values of 0.9998, 0.9989, and 0.3848, respectively, for the selected quadratic model. The very low value for predicted R2 was explained by the presence of many insignificant values in the model, but no report on utilization of FCCD for yellow oleander oil extraction.

2.2.1.1.3 Box-Behnken Design (BBD)
BBD is not appropriate for tests conducted under extreme circumstances because it excludes experimental runs for which the upper and lower limits of the factors are assessed concurrently (Nde and Foncha, 2020). This poses a constraint on experiments that require the outcomes for these severe scenarios. Iweka et al. (2023b) used Box-Behnken Design from Response Surface Methodology and Machine Learning (Python code) methodologies to model and optimize the oil extracted from pawpaw seeds (Ripe Carica papaya seeds) by soxhlet extraction. While the highest value of the bio-oil output from the Machine Learning approach is 23.97 wt.%, which is closely related to the value (23.93 wt.%) obtained from Box-Behnken Design, the highest output obtained at 55 g of Sample weight, 50 minutes of Extraction time, and 250 ml of Solvent volume was found using Box-Behnken Design. The Box-Behnken Design model's R2 was 0.9786, but the Machine Learning model's R2 was 1.0. Furthermore, compared to Box-Behnken Design, the Machine Learning depiction was aesthetically pleasing.  Therefore, in terms of bio-oil production forecast and accuracy, Machine Learning using Python Coding proved to be more dependable and efficient than Box-Behnken Design. On the other hand, both models produced a dependable response in the examined operating conditions. Furthermore, Olivera et al. (2018) compared BBD, FCCD, and Full Factorial Designs (FFD) using the extraction of hemp seed oil (HSO). The main goal of this comparison was to determine whether the less sophisticated and costly FFD might be replaced by the simpler BBD and FCCD. A 95% confidence level indicated that every tested model was significant. In comparison to FCCD, which had an R2 of 0.742, BBD's R2 was 0.942, indicating that it had the best value. Despite having different R2 values, all of them provided the same ideal temperature. FFD models defined a lower chemical-to-seed ratio and a slightly degraded extraction time than the BBD and FCCD-based models. The best HSO outputs were forecasted by all the models, and they were nearly identical to the experimental outputs attained under the same ideal extraction circumstances (about 30 g/100 g). Other domains have demonstrated that CCRD is more resilient than BBD (Iweka et al., 2023a).
2.2.1.1.4 D-Optimal Design
Ajala and Betiku (2014) used this additional RSM design package to do a statistical analysis of the extraction of yellow oleander oil. When compared to other response surface methods, the method has a few advantages. D-optimal approach delivers a lesser number of experiments with regard to response surface method, and may tackle categorical factors contained in the design of the experiment (Ajala and Betiku, 2014). Three factors were used in the study: solvent type, extraction time [h], and sample weight [g]. Thus, using ANN and the D-optimal method of RSM, the impacts of sample weight, time, and solvent type on the oil production of yellow oleander seeds were assessed. The forecasted optimal condition for the extraction process was found to be closely similar for the ANN and RSM models developed: sample weight of 20 g, time of 3 h and petroleum ether. The models predictions of yellow oleander seeds oil output was 77.63% from ANN and 76.64% from D-optimal. Additionally, evaluation of the models by R2 showed that the ANN model has a better R2 of 1.00 than D-Optimal whose R2 is 0.98.

2.2.2 ANN modelling
ANN deals with the interconnection of a layer known as artificial neurons like biological neurons (Wenwei et al., 2018; Nde and Foncha, 2020). The principle behind ANNs is to mimic the functioning and learning process of a man brain using an artificial neuron. An artificial neuron is a computational approach that is inspired by biological neurons. Biological neurons consist of dendrites, soma, axon and synapses. The dendrites are used for receiving signals from other neurons and can also be referred to as chemical receptors. The actual structure and functioning of a biological neuron is far more intricate as compared to this simple design of an artificial neuron (Wenwei et al., 2018; Nde and Foncha, 2020). ANN composed of groups of interconnected processing elements known as neurons and the links between these neurons are known as weights and biases (Nde and Foncha, 2020). Furthermore, in contrast to a biological neuron, an artificial neuron receives a sequence of input information (xi) linked to a weight factor (wi-). ANNs are composed of multiple neurons, which replicate the biological neurons of humans. A typical neural network has at least three layers. The first layer is generally referred to as input layer and has input neurons which send data via synapses to the second or hidden layer neurons and then via more synapses to the output layer neurons. More complex systems may have more hidden layers of neurons. The synapses store parameters called ‘weights’ that manipulate the data in the calculations. Basically, the neuron adds the weighed inputs and forwards the outcome to a transfer function to produce an output. The output information is thereafter transmitted to an alternate neuron as an input or may be employed directly as a network result. The network architecture or topology refers to the pattern of interconnection among the neurons that make up a network (Nuraimi and Ida, 2017; Nde and Foncha, 2020)
Artificial neurons develop layers with different types of connections between them, i.e. a neuron of one layer can be linked with neurons of at least one other layer. There are different types of connections used between layers and are referred to as inter-layer connections. With regard to inter-layer connections, a neuron in one layer is linked with all the neurons in the subsequent layer, thus resulting in a completely connected network. However, if the neurons are connected to only some of the neurons in the next layer then the network is only partially connected. Usually, neurons in one layer send output information to the next layer, and they may get feedback or may not obtain information back from the next layer. Also, these neurons may or may not be linked with each other in the same layer.
ANNs are occasionally referred to as machine-learning algorithms, since changing their connection weights (training) causes the network to learn the solution to a problem. The strength of connection among the neurons is stored as a weight value for the specific connection. The system is able to learn new knowledge by adjusting these connection weights. The learning ability of an ANN is determined by its design and by the algorithmic method selected for training. This algorithm attempts to reduce the error that is computed by various methods depending on the specific technique used to adjust the connections that is; the learning algorithm (Nde and Foncha, 2020). And the main learning algorithm are supervised, unsupervised and reinforcement learning. During supervised training, both the inputs and the outputs are provided. The network then processes the inputs and compares its subsequent outputs against the desired outputs. Errors are then computed, causing the system to adjust the weights which control the network. This process is repeated over and over as the weights are constantly adjusted. On the contrary, with unsupervised training, the network is provided with inputs but without the desired outputs. The neural network system on its own then selects what characteristics it will use to classify the input data (Nde and Foncha, 2020). Reinforcement learning allows the ANN agents to automatically determine the ideal behaviour within a specific environment. Thus, the ANN learns its behavior based on the feedback from the environment. A reward feedback or reinforcement signal is required for the network to learn. If the problem is appropriately modelled, the reinforcement learning algorithms can converge to the global optimum. Finally, the input and target/actual information are both provided for the model's training in supervised learning but the reinforcement learning uses both input and some target/actual information to train the model, whereas unsupervised learning simply uses input information only (Fan et al., 2019).

3.0 Practical Applications
This study demonstrated modeling of yellow oleander seeds oil extraction and optimization of process parameters that are involved. The performance evaluation results showed that both the ANN and RSM could be used for modeling and optimization of yellow oleander seeds oil extraction process, but ANN performed better than D-optimal Design of RSM in the modeling and optimization of yellow oleander seeds oil extraction process. Also, the characterization of the oil showed that it could serve as raw material for many chemical industries such as biodiesel production, soap, cosmetic and pharmaceutical industrials. The results from this study can be successfully scaled up to pilot scale. Also, the results could be extended to the extraction of other oilseeds (Ajala and Betiku, 2014). 

4.0 Issues and Prospect
Although, with the use of ANN an artificial intelligence package which also under deep learning approach of machine learning, there is need to look towards current trends in technology as the world is evolving. These software include; Machine learning model and RStudios for the benefit of optimization Industries and compare with previous findings from other software. This prospect is already under study for bio-oil and biodiesel production by Iweka et al.

5.0 Conclusion
As reported by Ajala and Betiku (2014) in Table 4, depicts that ANN outperformed D-Optimal Design of RSM in the optimum extraction of oil. From review, ANN outperformed D-Optimal Design of RSM in the optimum extraction of yellow oleander seeds oil. This is because ANN approach are very powerful in simulating bio-oil and biofuel production due to its flexible learning algorithm, diverse network topology, fast learning algorithm and high error tolerance for non-linear processes. Although, both are good modelling and optimization tools for the extraction of yellow oleander seeds oil. Additionally, it was also reported that Soxhlet extraction method is better than the mechanical extraction (a convention method) and nonconventional methods such as supercritical fluid extraction, ultrasound, microwave, and enzyme assisted extraction. These nonconventional techniques are innovative and have potential to improve oil extraction rates, shorten extraction times, and minimize deterioration of the oil quality. And they have been used successfully to reduce some drawbacks associated with conventional methods of oil extraction, yet in terms of maximum output, Soxhlet processing remains the best. Thus, there is need to investigate the use of machine learning model of Jypyter Notebook and RStudios in modelling and optimization of yellow oleander oil extraction, since the use of these software have not been reported. And this will benefit optimization industries, thereby, creating more wealth for the Nation.
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