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Abstract 

Agricultural systems are very complicated mechanisms of 

connections between plants, animals, and the biochemical 

processes in a way that they provide the main source of crop 

production, ecosystem stability, and environmental sustainability. 

Soil is the foundation on which farming rests, with plants growing 

efficiently and ecosystems functioning. Therefore, there is a need 

for the assessment of soil quality so as to ensure that agriculture is 

fruitful, stable, and sustainable. Soil gastric enzymes operate as key 

catalysts in chemical reactions and nutrient cycling, organic matter 

decay process, and soil fertility. This survey discusses the two main 

enzymes, amylase and urease, that play an essential role in nutrient 

absorption by breaking down starch and improving the nitrogen 

cycle. Soil physicochemical properties, land use, and weather 

conditions provide stability of the enzyme activity. Regression 

analysis techniques like multiple linear regression (MLR) and 

random forest (RF) machine learning classifiers use large amounts 

of data to explore enzymatic activity in the soil and investigate its 

associations with soil properties and management practices. 

Regression analysis additionally descends over soil enzymology to 

crop yield forecasting, greenhouse gas emissions accounting, and 

environmental degradation evaluation, among other things.  
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INTRODUCTION: 

Agricultural ecosystems make up a vast network 

of inactive interactions among elements, including 

plants, organisms and biochemical and 

biophysical processes, which tend to utilize all 

these activities in the growth of crops, the 

maintenance of ecological function and the 

protection of environmental integrity. Soil is a 

significant part of an agricultural system [1,2], 

which is the supporting agent of plant growth as 

well as comprehensive or ecological system 

functioning [3]. The soil quality [4], which means 

a variety of attitudes from the physicochemical 

process to biological, is contained in the 

assessment of agricultural production [5], 

resilience, and sustainability. Biological gastric 

enzymes occupied on the soil are the key to 

sustainable soil health[6]; they operate as the 

biological catalysts that direct the unpretentious 

chemical reaction, the nutrient cycle[7], organic 

matter turnover[8], and the fertility of the soil[9]. 

Amylase and urease are enzymes that carry out 

two important functions necessary for the 

nutritious diet of plants and the functioning of the 

soil ecosystem. They are among the many 

enzymes the soil contains [10], which makes them 

a major one. An enzyme called amylase, in a way, 

accelerates the depolymerization of starch into 

simpler sugars that aid the uptake of nutrients for 

both plants and microbial communities [11]. 

However, urease catalyzes the conversion of urea 

into ammonium and carbon dioxide, thereby 

contributing to the cycling of nitrogen, which in 

turn enhances soil fertility.  

Soil physicochemical properties [12], land 

management zoning, and given environment all 

determine the activity of these enzymes. The 

improvement of the soil's physico-chemical 

features is one of the most imperative steps for 

bringing about the best enzymatic activity and 

general healthiness of the soil. Major types of 

parameters are soil pH, electrical conductivity, 

bulk density, organic matter content, and nutrient 

availability [13,14], which play key roles in 

enzyme activities. Such parameters dictate the 

chemical structure of soils used for farming, and 

they determine how well soils support agriculture 

and other environmental processes. Successful 

determination of the intricate relationships 

between soil content biophysical attributes and 

enzyme activities requires a complete 

understanding in order to guide the establishment 

of sustainable land utilization methods and 

enhance crop productivity. The regression 

analysis models give us valuable tools that assist 

in exposing the inner intricacy of the interrelations 

among soil features[15], land management 

methods, and enzyme dynamics. In recent years, 

there has been an increasing popularity of multi-

linear regression (MLR) and more sophisticated 

machine learning methods[16], including random 

forest (RF), which are applied to the analysis of 

large data sets of multiple samples and the 

investigation of electronic soil enzymatic activity.  

What has already been mentioned helps us see the 

delicate and nuanced links between the fertility of 

the soil and the activity of enzymes. These tools 

yield valuable information regarding how 

enzymatic behavior in soil functions, thereby 

allowing researchers to identify important 

precursors and key factors for enzyme dynamics. 

By combining field research and theory and 

incorporating viewpoints from other disciplines, 

this review will aim to provide a full map of the 
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complex interplay of the physicochemical 

characteristics of soil and enzyme activity in 

agriculture. The recognition of the roles of factors 

that affect and the implications of soil enzyme 

dynamics in the formation of the basis and 

sustainability of agriculture can be completed by 

investigating the latest research findings and 

methods employed in the evaluation of amylase 

and urease activities. In addition to this, the study 

learns the variety of fields that regression model 

analysis can permeate in agricultural research 

beyond soil enzymology[17]. Regression analysis 

has proven its ability to be operated in a fair 

number of fields, such as determining crop yields, 

monitoring greenhouse gas emissions, and 

figuring out the cause of heavy metal pollution in 

agricultural soils[18]. It can help explain complex 

environmental processes and provide research-

based propositions, which in turn can facilitate 

sustainable land management methods[19]. The 

whole globe is faced with deadly climate changes, 

population increases, and environmental declines 

and sustainable agriculture presents an 

exceptionally pressing need for solutions. 

Through the use of multivariate statistical models 

and considering disciplinary approaches[20], 

scientists and professionals can make novel 

insights on soil enzymology and agricultural 

produce and the resilience of an ecosystem.  

This study will achieve its objectives by applying 

empirical facts and theoretical frameworks, which 

are an interdisciplinary approach. This study will 

thus contribute to the scholarly field of 

agricultural research with the aim of facilitating 

the transition toward a sustainable future for both 

agriculture and society at large. 

LITERATURE REVIEW: 

The restoration of the physicochemical parameters 

and soil structure are crucial as they determine 

how extracellular enzymes perform a wide range 

of biochemical processes that are vital for the 

whole ecosystem. This study is to evaluate the soil 

enzyme amylase and urease activities with the use 

of both multiple linear regressions (MLR) and 

random forest (RF). It is a combination of 

components, including pH, soil electrical 

conductivity, bulk density, total nitrogen, total 

phosphorus, soil organic carbon, and soil water 

content. The urease levels are higher in disturbed 

land, rape land, and fishponds than in other 

surrounding areas.  

Amylase, which is an enzyme of bacterial type, is 

an essential microorganism, giving high 

productivity in fish ponds. Nitrogen total and soil 

water level are considered to be indicator features 

by the machine learning model, which influence 

enzyme activity significantly following the 

comparison with those attributes that are less 

likely to influence enzymes. Interestingly, the 

random forest also gives confidence with regard 

to extrapolation of soil enzyme activity during 

land-use changes, pinpointing the nonlinear 

impacts better, this being stronger than MLR. 

SUMMARY TABLE: 

The table below reveals that a lot of studies have 

been done on using statistics and machine 

learning in agriculture. It looks at a number of 

things, from the type of soil (like enzyme activity 

and fertility) to the impact of farming methods in 

West Africa on CO2 levels. On the other hand, 

some studies watch the possibility of using photos 

from satellites to better control crops and whether 

the prices of agriculture futures and crude oil 

move together (whether they move in the same 

direction in lightning). It is not only in terms of 
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efficacy but also in health-based farming that 

phytoremediation is an exciting possibility. The 

results of the studies presented prove how fruitful 

the field of agricultural information is for 

increased output, environmental protection, and 

sustainable farming practices. 

Table 1: Summary of Related Works. 

Ref. Focus Methodology Key Findings 

[21] Influence of land use on 

soil enzyme activities   

MLR and RF models   Bean land, rappel land and fish pond enzyme assays 

reveal higher urease and amylase bacterial enzyme 

activity; these enzymes are conversed into 

environmentally toxic products. Enzymatic activity is 

principally regionalized in terms of the degree of 

water saturation and total nitrogen. The RF model 

goes on to appear above the MLR model in the matter 

of handling nonlinear phenomena quite clearly . 

[22] Factors affecting CO2 

emissions in West 

Africa  

Panel quantile regression 

with non-additive fixed 

effects   

The practice of traditional farming kindles a drop-off 

in the emission of CO2 from the liquids. In spite of 

the fact that intensive rain and crop production 

intensified the total emission rate. Divergence in CO2 

emissions in West Africa depends on the economic 

level of the people living there. 

 

 

[23] Quantification of crop 

traits using EnMAP 

satellite data  

Hybrid Retrieval 

Approach with machine 

learning algorithms   

I modeled with high accuracy for biochemical and 

biophysical characteristics. Of various approaches, 

ANN weighs in on top for all metrics, namely the 

accuracy, model size and execution speed. Capable of 

producing Cab and LAI predictions . 

 

[24] Source identification of 

heavy metal(loid)s in 

agricultural soils 

PMF model, regression 

modeling, geospatial 

mapping 

Soil contamination with heavy metals(loids) is mostly 

due to lithogenic and anthropogenic sources. 

Although the PMF model is helpful in identifying the 

sources, for an improvement in precision, other 

models have to be integrated. 

 

[25] Prediction of soil GHG 

emissions using ML 

models 

ML regression models 

(graphical, shallow, deep 

learning) 

The LSTM model seems to be quite competent as far 

as CO2 and N2O emissions estimation is concerned, 

which is kind of an indication of the potential of ML 

algorithms to improve environmental science 

research. 
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REVIEW: 

Restoration and reclamation of the coastal tidal 

land influence the soil structure through which 

physicochemical conditions vary tremendously. In 

addition, they affect soil extracellular enzymes, 

the enzymes needed for the soil ecosystem to 

function and take part in a lot of biochemical 

processes. For an estimation of soil amylase and 

urease activities, [21] utilizes multiple linear 

regressions (MLR) and random forest (RF) 

models with such parameters as pH, electrical 

conductivity, bulk density, total nitrogen, total 

phosphorus, soil organic carbon and soil water 

content. Releases indicate that bacterial enzyme 

activity of amylase is many times higher in 

fishponds. In contrast, urease activity turns out to 

be especially high in rape land, broad bean land, 

and fishponds. The total nitrogen content in soils 

and the soil water content emerge as the key 

determinants of urease and amylase activity 

according to the random forest model. 

Importantly, the R^2 value and the error index 

grow smaller, and so does the random forest 

model's performance compare to the MLR model. 

The model development stands out in excellence 

in handling nonlinear effects and protecting 

against noise and overfit. It is a robust technique 

to extrapolate soil enzyme activity against land 

use changes. The leading industry in West African 

economies, which is cultivation, makes up a 

[26] Estimation of crop 

canopy cover from 

NDVI data 

Meta-analysis Even though CC may be assessed with a small 

quantity of accuracy based on the data of NDVI, it is 

still necessary to confirm it locally. A simple equation 

between the proposed drought index and the 

calibration of the AquaCrop model converts NDVI 

into a good parameter. 

 

[27] Soil fertility evaluation 

for precision agriculture 

Partial least squares 

regression 

High accuracy analysis is needed to find the features 

of the soil that are vital for agricultural purposes. The 

audience will get a glimpse of ways in which past 

farming data and machine learning can invent new 

kinds of agriculture methods . 

 

[28] Groundwater suitability 

assessment for 

irrigation 

PLSR model and GIS 

software 

Due to the integration of physicochemical 

characteristics, water quality markers, PLSR model, 

and GIS, understanding the water quality status for 

irrigation turned out to be an easier task. 

[29] Impact of crude oil 

price on agricultural 

futures in China 

Quantile-on-quantile 

statistics, stochastic 

volatility model 

Crude oil and farm futures are not equally dependent 

on volatility. This shows how important it is to make 

smart decisions in policy and finance. 

[30] Metal absorption 

efficiency in Forage 

Sorghum 

Prediction systems The roots of a plant take in more metals than any 

other part. For some metals, BAF readings are higher 

than 1, which means that phytoremediation might be 

possible. 
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substantial proportion of the region's greenhouse 

gas emissions mission accomplished. [22] 

highlights the major factors that lead West Africa 

to have low CO2 emissions, intermediate CO2 

emissions or high CO2 emissions in order to 

realize the level of environmental degradation. 

Input**: It contains these important items, like 

industrialization, agriculture, the use of renewable 

energy, and economic growth. The piece 

incorporates quintile decomposition analyzing 

panel data for fifteen ECOWAS countries from 90 

to 2015 by using panel quantile regression with 

non-additive fixed effects. On the one hand, the 

outcomes demonstrated that agricultural 

production results in significant emissions 

reduction from liquid sources. On the other hand, 

it turned out that the production implies an overall 

rise in emissions, signaling the trend of the 

transformation of farming practices into the 

direction of classical methods and biomass 

utilization from agricultural waste for energy 

production. The analysis demonstrates the diverse 

nature of these impacts by pointing out significant 

variations in the environmental conditioning 

factors in different CO2 emitter categories. As a 

result, the quantile decomposition data explains 

the detailed CO2 emissions by mainly segregating 

income groups in Western Africa, including a 

higher emission level between lower-middle 

income and lower-income economies at higher 

quantiles. Sophisticated processing tools are 

required to separate valuable information at the 

image spectroscopical level, particularly in 

simultaneous operations nowadays. It researches 

the possible utilization of an advanced scientific 

onboard processor accompanying the next-

generation EnMAP satellite in the quantification 

of spectroradiometric images, which are bio-

physical and bio-chemical. Quick and effective 

pre-trained learning models based on the lookup 

database of spectra of synthetic vegetation and the 

radiative transfer model, PROSAIL, are applied 

together using the Hybrid Retrieval Approach. 

The widely-used model offers space information 

on key crop traits such as Canopy Chlorophyll 

Content, Canopy Leaf Area Index, and Crops’ 

Leaf Angle of Inclination. In this way, the 

approach is relevant to any site without having to 

collect data specific to that site. High-performance 

estimations for biophysical and biochemical 

variables were shown by four machine learning 

algorithms: artificial neural networks (ANN), 

random forest regression (RFR), support vector 

machine (SVM), and Gaussian process regression 

(GPR). When it comes to ANNs, the accuracy, 

model size, and execution time were the highest 

among other types of algorithms. Functional 

characterization, including LAI and Cab, to a 

great extent, was shown to be strong enough, as 

validated with the SPARC03 dataset of Barrax. 

The ANN model showed an RMSE of 0.81 m² 

m−2 and 6.2 µg cm−2, respectively. After the 

simultaneous expression of crop traits in EnMAP-

simulating conditions, realistic within-field 

geometry could be observed. Compliance of the 

LAI result estimated in the SNAP biophysical 

process with the required accuracy confirms the 

applicability of ANN models for developing 

hybrid crop trait detection systems in the future 

based on the satellite imaging spectroscopy data 

faithful for practical crop monitoring missions, 

especially for grassland and vegetative phases of 

maize[23]. Figuring out where the origin of heavy 

metals (loids), natural elements of the Earth crust 

find their way to the soils, is not an easy task 

either. Because the positive matrix factorization 
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(PMF) model in combination with regression 

modeling and geospatial mapping is applied for 

the purpose of finding heavy metal(loid) sources 

in agricultural soils of Handan which is larger 

than 12,000 km^{2}, [24]aims to find out if PMF 

model is applicable for such large area. Moreover, 

surface soils had a significant increase of Cd, Cu, 

Pb and Zn; of these, the highest proportion of the 

total potential risks was accounted by Cd at 

73%. The PMF model showed that lithogenic 

sources were the main source of Fe (71.8%), Cr 

(60.0%), V (52.9%), Cu (50.7%), Ni (42.2%) and 

Mn (41.4%) whereas industrial sources were the 

major lead (47.8%) and Cd (56.9%) sources in 

agricultural so The results of this investigation 

established a combined input of Co (54.1%), As 

(42.9%), and Zn (40.0%) from natural 

background, agriculture, and vehicle 

emissions. Uncertainty analysis revealed to be 

decisive as the levels of heavy metal(loids) 

contributed by different pollution sources strongly 

differed, according to the PMF model. Although 

PMF helped ascribe qualitative sources to their 

spatial distributions, the authors call upon its 

integration with reacting transport models and 

emission databases are crucial to getting more 

precise and conclusive results on the provenance 

of heavy metal(loids) in the soil. Big temporal and 

spatial issues of complex events render machine 

learning (ML) models quite attractive of late. [25] 

looks at the prediction of soil greenhouse gas 

(GHG) emissions from an agricultural field in 

Quebec, Canada, using three different types of 

machine learning (ML) regression models: 

graphical or statistical regression, shallow 

learning, and deep learning. The location is a 

nitrous oxide (N2O) and carbon dioxide (CO2) 

flux recorder by collecting data over a course of 

five years with the addition of a multitude of 

environmental, agronomic, and soil data. The 

outcome of the experiment which compared flow 

estimates and cross-validation with statistical data 

revealed that LSTM (Long Short Term Memory) 

model performed the best for machine learning 

application. Being the model which had the 

greatest correlation coefficient and which had the 

lowest root mean square error value for both CO2 

(R = 0.87, RMSE = 30.3 mg ·m−2·hr−1) and 

N2O flow predictions (R = 0.86, RMSE = 0.19 

mg ·m−2·hr−1), LSTM became the one Even 

more unexpectedly, the Root Mean Square (R2) 

from the LSTM, which was a neural-network 

based model, was more effective than RZWQM2 

which was a biophysics-based model employed in 

a previous study. While the proposed classical 

regression models (RF, SVM and LASSO) might 

efficient to predict fluctuations in CO2 fluxes that 

are cyclical and seasonal, the forecast of the N2O 

peak values prove to be more difficult. The 

overparameterization issue could be improved 

with optimized hyperparameter search and so was 

the error susceptibility in forecasting GHG 

emissions. Through such exhaustive study, the 

LSTM model becomes clear for simulating 

greenhouse gas emissions from soils of 

agricultural fields. This comparison also opens the 

door to the possible use of ML algorithms in 

predicting GHG release into the atmosphere for 

environmental scientists. Vegetation cover 

calculated in terms of crop canopy cover (CC) is a 

critical factor upon which crop development and 

model calibrations depend. However, the CC can 

be derived from normalized difference vegetation 

index (NDVI) data collected by satellites. [26] 

elucidates a puzzling but must-solve matter of 

calculating CC. By employing 19 studies 
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subjecting to 1397 observations, a complete meta-

analysis is conducted and proposes generic 

models for 13 specified crops. The research 

discloses uncertainties with their range from 6% 

to 18% and indicates the possible incorrect 

estimation of actual CC. Very often, the r2 values 

between 0.75 and 1 are interpreted as the 

relationships being widely acknowledged and 

considered satisfactory. Coefficient estimates not 

only assure us of the presence of properly 

estimated relationships but also make the equation 

multilinear, thereby canceling out underfitting or 

overfitting. Potential non-sampling mistakes must 

be considered when overlooking the situations 

that were not investigated in the research. This 

note on validation at the local level also 

accentuates the reasonableness of taking into 

account the natural differences that exist across 

the different parts of the research area. The 

suitability of NDVI as an estimate of drought 

index and calibration of the AquaCrop model is 

demonstrated, while the case study results for 

wheat are referred to as an example. The 

simulation outcome employed reference data from 

three cultivating seasons to validate the model 

functionality, which indicated good potential for 

utilizing NDVI-CC for research. On the other 

hand, local validation remains necessary for 

extrapolation. The overall potential for modeling 

applications is shown by acceptable Root Mean 

Squared Errors (RMSE) for sensitive analysis that 

equals the predetermined levels. With the 

development of precise farming technologies, 

nowadays, the level of adoption of precision 

agriculture is getting higher and higher. It applies 

fascinating sensors to determine the nutrient level 

of the soil as well as to define the requirements of 

the plants. Machine learning algorithms are 

employed to shape the framework of prediction 

using the model. Sustainable measures aim to 

achieve the highest possible productivity of 

agriculture while minimizing the environmental 

footprint. In [27], a partial least squares approach 

is proposed in order to lead the soil fertility 

evaluation that takes context into 

account.Moreover, the analysis offers yield data 

for a specific location by using the climate events 

that occurred between 2001 and 2015. The 

analysis reveals the Pearson correlation 

coefficient (R2) of 0.9189, the mean square error 

of cross-validation of 0.54 T/ha, and the mean 

square error of calibration (RMSEC) of 0.20 T/ha. 

Of particular importance is the model's result, 

which displays high accuracy with the R2 0.9345 

and RMSECV 0.54% for the prediction of organic 

matter and R2 0.9239 and RMSECV 5.28% for 

the prediction of clay. This complete method 

exhibits the possibility to use historical context 

and new modeling strategies to correctly analyze 

and predict baseline soil properties that are of 

much importance to boosting agricultural 

capability. The excellent performance of the 

proposed model conveys how valuable it is for the 

purpose of making farming methods that are both 

economical and environmentally friendly, thus 

keeping in line with the main theme of precision 

agriculture. The trial employed a group of IWQIs, 

(IWQIs), (TDS, SAR, PS, MH, and RSC) as 

indicators for assessing the agricultural suitability 

of the alluvial aquifer of Makkah Al-Mukarramah 

Province, Saudi Arabia. Different cation and 

anion contents, Ca–HCO3, Na–Cl, and Ca–Mg–

Cl–SO4 facies, inferred to be a result of 

evaporation, saltwater intrusion, and the reverse 

ion-exchange phenomena, were pointed out in 114 

groundwater wells after detailed investigation. 
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The computerized IWQI model managed how I 

should choose the possible crops by labeling the 

soil samples into nil, low to moderate, and high to 

severe classes of irrigation limitations. Moreover, 

a partial least squares regression model with 

strong R2 values varying from 0.72 to 1.00 in the 

validation datasets proved the estimation of the 

six classes of water quality with success. The 

research design is based on the objective of 

completely evaluating groundwater suitability for 

irrigation and understanding the factors 

influencing the chemical-water quality in the arid-

semiarid regions by combining the application of 

physicochemical properties, water quality indices, 

PLSR model and GIS software[28].  The present 

work explores the response of rice and soybeans 

futures in China to the crude oil price, which is 

measured by quantile-on-quantile statistics. The 

paper considers the stochastic volatility model as 

the mean of conditional variance, but the time-

varying parameters are employed to assess the 

potentially fluctuating volatility and the varied 

types of dependency among quantiles. The data 

provide the growing trend toward the absolute 

volatility spillover of the agricultural volatility 

with the quantiles (numbers of quotations or 

ranges of figures) greater and greater variability 

degrees of dependency between the crude oil 

volatility from and storm in the Chinese 

agricultural futures. Under the financial market's 

sudden changes as well as stable market 

conditions, it can be seen that the volatility 

dependency is asymmetric. Surprisingly, it is 

significant that during a regular mode of crude oil 

market, no apparent effect of oil volatility is seen. 

So, there are very excessive or very small 

quantiles of oil volatility, which are the leading 

factors of agricultural volatility. The analysis as 

well discovers that the volatility exchange's 

behavior is deeply connected. The influence of 

volatility on returns also shows clear time 

variation. This draws a sign that tactful decision-

making facing the change in market situation has 

broad economic implications for portfolio 

managers and policymakers who act in various 

fields of finance and authority in the world[29]. 

[30] modeled by utilizing prediction systems to 

evaluate the efficiency of the leaves, stems and 

roots of Forage Sorghum in absorbing nine metals 

(Cd, Co, Cr, Cu, Fe, Mn, Ni, Pb, and Zn) at 

different soil mixtures obtained by blending it 

with poultry manure (0, 10, 20, 30, and The 

researchers' results showed that the roots had 

more metals than others parts of the plant. Also, 

bioaccumulation factor (BAF) values were 

computed; BAF values for Cr, Fe, Ni, Pb, and Zn 

were less than 1, whereas BAF values for Co, Cu, 

Mn, and Cd were higher than 1. However, Co, Cr, 

and Ni were the only metals that outperformed the 

value of the translocation factor by less than one, 

which implies limited translocation to the leaves 

(or stems). Our results showed that the pH of the 

soil was negatively correlated with the metals 

extractable from plant parts but positively linked 

to EC and the amount of organic matter in the 

sample. The analysis showed that the predicted 

and experimentally observed metal contents of the 

three plant tissue components varied at the same 

level of precision, which denotes the high 

predictability of the models. Therefore, this 

modeling will offer more credence in estimating 

the potential risks of feeding sorghum hay 

supplemented with poultry fertilizer among 

human health effects. The study concludes by 

focusing on the significance of the land use 

changes for the activity of soil enzymes in the 
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tidal coastal zone. The random forest model 

efficiently predicts enzyme activity, and it is the 

best technique for handling complicated 

interactions. The understanding of these 

biochemical reactions is paramount for the 

assessment of ecosystem health and designing 

green technologies as shoreline management 

tools. The outcome adds information about the 

intricate mechanisms of enzyme enclosure in 

soils. Such knowledge will enable the 

stakeholders, like the land managers, 

environmental scientists and legislators, to make 

the right decisions concerning preservation and 

restoration of the coastal ecosystems. 

REGRESSION ANALYSIS MODELS FOR: 

CROP YIELD PREDICTION: 

Regression analysis models become ordinary tools 

used in agriculture as strong methods of crop 

yield forecasting[31], often based on multiple 

major parameters. The main task of the models is 

to find a linear relationship between an 

independent variable or group of variables, such 

as weather patterns, soil properties[32], and the 

farming methods employed, and the dependent 

variable, that is, crop yield. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Overview of Regression Analysis Models  

Linear Regression: Linear regression[33], a 

widely adopted simple method of predicting 

agricultural productivity, is used by many 

farmers. The hypothesis is that it is assumed that a 

relationship exists on the same line, connecting 

the independent factors to crop production. In this 

model, the expected yield is computed by adding 

the variables, which all have their multiplication 

by the appropriate coefficients. Linear regression 

is a simple statistical technique that can help to 

understand the direction of variation and the size 

of an association between variables. Nevertheless, 

we need to understand that it might stylize 

complex relationships. 

Polynomial Regression: Polynomial regression is 

an improvement of linear regression by the 

development of relationships, particularly 

between the independent and dependent variables. 

The regression equation includes polynomial 

terms, including squared and cubed terms, to 

interact with the data and fit to a curve. The 

capability of a polynomial regression model in 

dealing with complicated correlations hidden in 

agricultural data is due to the model̀ s 

adaptability. Holistically, using the higher-order 

polynomials may bring about model complexity 

and overfitting [34,35]. 

Random Forest Regression: The random forest 

regression technique [36], which is a machine 

learning technique based on an ensemble of 

decision trees, is being exploited to predict 

agricultural yields. Developing forests undergo 

what is referred to as the tree training process, 

which involves specific segments of the data 

being used to train individual trees within the 

forest. The final prediction is then made by 

combining all three predictions and producing a 

final output. The random forest regression [37], it 

is worth mentioning, is capable of dealing with 

non-linear correlation and a reasonable amount of 
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interaction among variables and, hence, is very 

efficient and indeed an ideal tool to use for 

complex agricultural datasets. Furthermore, it also 

lacks the overfitting problem and has the ability to 

handle abnormal values and drop-outs that are not 

useful. 

Support Vector Regression: Support vector 

regression (SVR) is a machine learning method 

applied for the forecasting of crop production. 

Support Vector Regression (SVR) also employs 

innovative yet intuitive vector transformation 

techniques that enable the mapping of input 

variables into a space with higher dimensions. 

The next step of the process is to construct the 

hyperplane, which is closer to the data and omits 

errors across the process. Support vector machines 

(SVR) are very effective when application data is 

high-dimensional and contains nonlinear 

relationships. The parameter setting of Support 

Vector Regression (SVR) may be challenging as 

the duration or type of the kernel function can 

play a role [38,39]. 

DATA SOURCES AND CHALLENGES: 

Variables, specifically histrionic yield data, 

weather data, soil details and management 

practices, are being incorporated into the 

regression analysis models to foretell the crop 

yield. Two main difficulties linked to the 

construction of these models are scarcity of data 

actuators, concerns regarding data quality [40], 

the existence of multicollinearity among 

predictors, and up-to-date model updates to adapt 

to transforming environmental issues and the 

efficaciousness of management techniques. 

Eventually, regression analysis models will be 

outstanding for forecasting crop yields and 

providing relevant information for policy-related 

actions in the field of agriculture. Conditioning 

the suggestion of a model on the unique features 

of the dataset and the specific purpose of the 

research will enable one decision to be made over 

another, as the model of each type has its strong 

and weak points. In this context, researchers and 

practitioners can add considerable impetus to the 

accuracy of crop yield forecasting and thus shape 

the sustainability of the agricultural sector by 

executing the models properly and addressing the 

problems that may arise. 

RESULTS AND DISCUSSION: 

The soil’s amylase and urease activities were 

analyzed together with physicochemical 

attributes, which demonstrated potential 

correlations. It was that soil pH, electrical 

conductivity, bulk density, and organic matter 

content were the main variables affecting enzyme 

activities in both MLR and RF models. pH levels 

proved to be highly relevant with respect to both 

salivary amylase and urease activities, as well as 

the effects of soil salinity, which was represented 

by electrical conductivity, on urease activity. On 

the other side, the enzyme activities correlate with 

the bulk density negatively, indicating that in the 

cases of compacted soils, it is difficult for 

microorganisms to proliferate. It was noticed that 

the higher organic matter content resulted in 

higher enzyme activities, and this condition 

emphasizes the fact that organic matter is 

beneficial for maintaining healthy soils.  It was 

not unexpected that enzyme activities responded 

differently to land use types, and fishponds 

demonstrated an enhanced amylase activity, 

whereas other areas, such as land disturbances, 

rape plantation and fishponds, had higher urease 

activity levels. RF model had a better success rate 

in predicting enzyme activities due to its ability to 

handle nonlinear effects and extrapolation of the 
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changes during land use patterns. Soil nitrogen 

total content and water saturation achieved 

statistical significance as main contributors to 

enzyme activities. Both regression analysis and 

models were later used in agricultural research, 

among other things, in crop harvest prediction, 

soil fertility determination, and environmental 

impact assessment, where they exhibited 

versatility and effectiveness in addressing 

relatively complicated agricultural issues. 

CONCLUSION: 

In general, this review demonstrates the 

applicability of regression analysis models in 

different ways in agricultural studies. Following 

an examination of several research studies, it 

becomes obvious that regression analysis is a 

flexible tool that can be adopted to find solutions 

to complex agricultural problems .A combination 

of familiar conventional regression techniques 

with advanced machine learning algorithms, like 

random forest regression and support vector 

regression, promotes agriculture research through 

innovation. The models can help in better 

understanding of the complex scenarios, detect 

hidden and non-linear relationships as well as 

provide accurate forecasts of detailed 

environmental causes. Collecting information 

from various sources for future development and 

trying regression analysis models into farming 

decision-making processes may be proven to help 

increase production, reduce environmental 

hazards, and choose sustainable farming methods. 

Applying the regression analysis approach 

provided an opportunity for scholars and 

professionals to review agriculture production at 

different levels in terms of its complexity, hence 

boosting the performance of the whole food 

systems around the world. Thus, regression 

models have proved to be effective, and they are 

seen as a key solution for the challenges facing 

the agricultural sector of the modern world. The 

models that keep evolving with the help of studies 

and practical implementation are able to really 

change agricultural methodologies significantly. 

This is regarded as one of the most important 

features of these models – the next step is to 

create a resilient and sustainable future for both 

the agricultural sector and society at large. 
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