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ABSTRACT 

Research aims to systematically acquire knowledge through data collection, analysis, and interpretation to answer questions and 

enhance understanding. Therefore, this study seeks to provide insight into the use of regression in social science research, 

extending beyond linear models. Social research in agricultural extension aims to understand the dynamics, behaviours, and felt 

needs of rural communities to improve resource distribution and innovation, ultimately increasing agricultural productivity and 

informing policy decisions. A robust methodology was employed to establish a clear research framework, sampling methods, 

and data analysis techniques, ensuring the reliability and validity of the results. Social science research outcomes established 

relationships between dependent and independent variables, focusing on estimating or predicting outcomes as well as managing 

the effects of independent variables. Regression analysiss is useful and powerful for interpreting, validating, reporting, and 

explaining covariates. This study highlights the uniqueness of regression compared to other test tools, and the study outlines the 

basic criteria for selecting appropriate regression models. In conclusion, it underscores the assumptions behind both linear and 

nonlinear regression and emphasizes the advantages of regression analysis over other testing tools in social science research. 

Additionally, the study provides insight into various types of nonlinear regression, including their strengths and limitations. 

Therefore the study recommends that researchers should strive to thoroughly understand test tools, seek further understanding, 

and employ both linear and nonlinear regression techniques for accurate data interpretation.  
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INTRODUCTION 

Research is an intensive and purposeful search for 

knowledge and understanding of social and physical 

phenomena. This systematic process involves collecting, 

analyzing, and interpreting data to answer unresolved 

questions, advance knowledge, promote progress, and 

foster effective relationships with the environment in order 

to solve scientific problems and achieve goals (Reed et al., 

2021). Research is a systematic, methodical process aimed 

at discovering, interpreting, and revising facts, theories, and 

applications in various fields to improve knowledge and 

understanding of the particular subject matter (Ghanad, 

2023). Social research is more essential than other types of 

research because it focuses on the scientific foundation for 

understanding human behavior, providing knowledge for 

social progress, policy relevance, and sustainable 

development, ensuring scientific advancements meet 

societal needs (Confraria et al., 2024).   

Social research is a scientific endeavour involving logical 

and systematic techniques to discover new facts, verify and 

test old ones, analyze their sequences, and develop new 

scientific tools for reliable and valid human behavior 

studies (Darlong, 2022). Social research in agricultural 

extension aims to understand farming community 

dynamics, behaviours, and needs to improve innovation 

dissemination, education, and resource provision for 

agricultural productivity and sustainability. Figure 1 

revealed the chains in research process and it shows the role 

of each components in the study. It involves formulating 

research questions, proving answers, developing 

hypotheses, conducting literature surveys, conducting 

methodological processes, analyzing data, presenting 

results, interpreting data, summarizing, concluding, and 

providing recommendations.. Furthermore, Creswell and 

Creswell (2018) emphasizes that objectives, a systematic 

approach, replicable, and critical analysis are the major 

characteristics of research. 

    Observes         Collection of data 

Person  Phenomena                                 Conclusion                        Recommendation 

         Again and again      Analysis of data 

Figure 1: Conceptual Illustration of Social Research  

Source: Zaid and Tsageem, 2022  
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Figure 1 illustrate the order in social research, regression is 

a fundamental technique or tool to analyze the data 

collected to promote decision making or policy. The 

techniques are ANOVA, correlation/unit weighting, 

classification methods, Structural Equation Modeling 

(SEM), and modern machine-learning approaches. 

Regression is a comprehensive framework for hypothesis 

testing, relationship quantification, and outcome prediction, 

applicable to continuous, binary, and count data. Regression 

demonstrate superior performance in prediction scenarios, 

especially when adjusted R² values are low, indicating 

greater robustness and interpretability. However, it has been 

observed that researchers misuse regression. Analysts often 

misunderstand the purpose of regression, whether 

descriptive, predictive, or causal. Researchers incorrectly 

interpret coefficients as causal effects. They advise 

selecting modeling approaches based on the substantive 

question, prioritizing this over data structure and 

assumptions. 

Key concepts in social science research  

Level of measurement: It is essential to understand the 

essence and importance of measuring variables, because it 

forms the basis for data analysis. Several literatures pointed 

to Steven's classification system of measurement, which 

consists of nominal, ordinal, interval, and ratio scales. 

Nominal scales are used to measure categorical data, while 

ordinal scales rank elements based on their grades or scores. 

Also, interval scales measure values equidistant from 

adjacent attributes, allowing comparison of attributes and 

central tendency measures, and ratio scales possess all 

qualities of nominal, ordinal, and interval scales but have a 

"true zero" point indicating non-availability of the 

underlying construct (Matthews, 2018; Thomas, 2018; 

Williams, 2021). Literatures affirmed that the degree of 

variable measurement plays a critical role in the 

development of hypotheses and suitable statistical methods 

and in improving the validity and reliability of research 

findings (Sürücü and Maslak, 2020). Hypotheses guide data 

analysis by providing testable predictions, selecting 

statistical methods, and interpreting results, aligning with 

research objectives for valid conclusions (Ayre and Scally, 

2014). 

Data analysis: This is a systematic method of using 

statistical and logical techniques to describe, illustrate, and 

evaluate data, aiming to uncover useful information, 

suggest conclusions, and aid decision-making (Calzon, 

2023). The selection of statistical analysis in social sciences 

often relies on a classification of measures into continuous 

and discrete categories. 

Continuous and categorical variables: Continuous 

variables are quantitative measures that can take infinite 

values within a given range, are often measured rather than 

counted, and can assume any value along a continuum, 

while categorical variables are numerical values that can 

only take a finite number within a range and can be nominal, 

ordinal, or dichotomous (Thomas, 2022). 

Homoscedasticity and Heteroscedasticity:  McNeish and 

Silverman (2017) and Oscar et al. (2019) emphasizes the 

feature of a regression model where the variance of the 

residuals (errors) is constant across all levels of the 

independent variable, known as homoscedasticity, while 

heteroscedasticity is a statistical concept where the variance 

of residuals (errors) changes with the level of the 

independent variable (s), resulting in a systematic pattern or 

bias around the regression line. 

Over-fitting: It occurs when a model is too complex, has 

inadequate regularization, or has irrelevant interaction and 

learns the noise in the training data rather than underlying 

patterns. It results in unreliable predictions, increases the 

risk of overconfidence, and makes it difficult to interpret 

model results (Aliferis and Simon, 2024). 

In social science research, data analysis is an essential 

component, and regression modeling is among the data 

analysis methods that social scientists utilize the most 

frequently. Regression analysis is an important tool in social 

sciences research to analyze and express relationships 

between variables, assess association strength, and guide 

causality inference (Jilcha, 2020; Ali and Younas, 2021; 

Calzon, 2023). Regression analysis is very essential in 

social research, as it promotes understanding, quantifying, 

and predicting relationships between social variables. In 

addition, it offers more profound understanding of their 

influence on a dependent variable. When most scientists 

discuss regression, they typically think of the linear 

regression model. Field (2021) emphasized that 

independent variables, also known as predictors or 

explanatory variables, are manipulated to observe their 

effect on dependent variables, or regressed variables. 

Statistics is a vital tool for descriptive or inference purposes. 

RESEARCH METHODOLOGY  

There are different statistical tools used to analyze different 

hypotheses; in social science research and the major tools 

are Chi-square, Pearson Product Moment Correlation 

(PPMC), Spearman-rho, t-test, ANOVA, and regression 

(Poston et al. 2023). Literature for social scientists 

integrates several statistical methods such as regression, 

categorical predictors, polynomial and interaction terms, 

robust and symmetric regression, longitudinal and 

piecewise models, and dichotomous outcomes (Jocelyn, 

2023). Recent research studies focus on regression 

implementation, providing applied workflows for 

estimation, diagnostics, and presentation that align with 
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contemporary social research standards. Regression is a 

fundamental tool in statistics and seeks to improve Ordinary 

Least Squares (OLS) technique by engaging different 

methods to fit social-science data, address assumption 

violations, and enhance prediction and inference. It 

systematically solves research problems by developing 

indices and appropriate techniques. It enhances reliability, 

validity, replication, and critical evaluation of findings, 

especially for researchers lacking a strong statistical 

background (Mohajan, 2020; O’Connor and Joffe, 2020). A 

distinct methodology in regression studies provide clear 

research framework, sampling method, instruments, and 

data analysis techniques, ensuring consistency and validity 

of findings. A good methodology summarizes data sources, 

collection techniques, and analysis methods, ensuring 

transparency and credibility, aligning research objectives 

with appropriate techniques, and justifying research 

designs, instruments, and procedures. In addition, 

methodology is the engine room of any social science 

research (Mohajan, 2020).  It help design the research 

framework ad guides the choice of the most accurate and 

applicable statistical techniques, model specification and 

interpretation of result The level of measurement 

significantly influences research methodology, influencing 

statistical methods and data analysis approaches (Jilcha, 

2020; Calzon, 2023).  

 

Regression model 

Regression analysis examines the relationship between 

dependent and independent variables, with an independent 

variable being an input or factor influencing the dependent 

variable (Ramdurg, 2020; Ali and Younas, 2021). 

Regression analysis has four primary purposes: description, 

estimation, prediction, and control (Ramdurg, 2020; 

Younas, 2023). It explains the relationship between 

dependent and independent variables, estimates dependent 

variable values using observed values, predicts outcomes, 

and controls the effect of one or more independent variables 

while investigating the relationship between them. It 

captures complex relationships and indicates the direction 

of influence (Reza et al., 2018; Algamal, 2020). It is an 

essential statistical method in social science research that 

reveals causal inference, predictive modeling, and 

influencing policy decisions, program evaluations, and 

theoretical understanding of social phenomena. Regression 

functions as an integrating language, connecting theory, 

various data types, complex structures, and causal inquiries 

within a unified framework, while requiring careful 

consideration of assumptions and interpretations. 

Ds et al. (2018) and Hama et al. (2020) affirmed that it is 

used for selecting, coding, interpreting, diagnosing, 

validating, revising, reporting, and explaining covariate 

differences. Shmueli (2010) categorized regression into 

linear and non-linear based on the nature of the variable, 

types of relationships, and number of regressed and 

repressor variables. Table 1 emphasized the uniqueness or 

advantages of regression over other statistical tools as 

shown below (Frost, 2020). 

Table 1: Uniqueness of Regression over other test tools in research  

Regression  Other research test tools 

It can control for multiple variables and explore causal 

relationships. 

Correlation analysis does not control for other variables or 

provide causal insights. 

It provides estimates of the strength and direction of these 

relationships. 

It does not provide the same level of detail about 

relationships between variables. 

It can handle both continuous and categorical variables. 

It quantifies the impact of predictors. 

Chi-square is mainly used for categorical data to test 

associations between variables. It does not quantify the 

strength or nature of relationships. 

It directly examines and quantifies relationships between 

variables. 

Factor Analysis: It is used for data reduction and 

identifying underlying structures, not for examining 

relationships between specific variables. 

 

Linear Regression  

Linear regression is a crucial statistical and machine 

learning tool for identifying relationships between variables 

and making informed predictions by fitting a linear equation 

to observed data and it is a powerful tool for understanding 

relationships and making predictions. It has various 

applications, including predictive modeling, trend analysis, 

forecasting, data visualization, and relationship 

identification (Petropoulos et al., 2022; Stevens, 2023). 

Linear regression can either be simple or multiple, 

depending on the number of independent variables. For 

example; a study testing the relationship between the cost 

of production of cassava and income. Maiwada et al. 

(2013); Maestrini et al. (2016) and Maxwell (2016) 

identified the five main assumptions underlying linear 

regression models that must be satisfied: there is a linear 
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relationship between the independent variables and the 

dependent variable, the value of the explanatory variables is 

decided by the researcher, explanatory variables should be 

measured without any experimental errors, the independent 

variables are normally distributed, the subpopulation of the 

dependent variable is homogeneous in nature, there is no 

multicollinearity, and the mean value of the subpopulation 

of ‘y’ is expected to lie on a straight line. 

Y = a + b1X1 + b2X2 + ... + bkXk + error 

Linear regression is frequently utilized by researchers due 

to its simplicity, interpretability and effectiveness. Despite 

potential violations of its assumptions, it cannot capture 

nonlinear relationships. It is sensitive to outliers, and 

heteroscedasticity can cause biased standard errors. 

Correlations and high multicollinearity can compromise 

statistical tests and confidence intervals. Failing to capture 

these complexities can result in a poorly represented data 

structure. Regression coefficient is not suitable for complex 

models, categorical variables with multiple levels, time 

series data, temporal dependencies, or large data sets due to 

overfitting. Researchers overuse or abuse some linear 

regression tools like Chi-square and Spearman Rho due to 

their simplicity but do not consider the assumptions, deeper 

interpretation, and sensitivity of the data quality, whereas 

non-linear regression has the capacity to perform the 

operation. 

Figure 2: 

Simple linear and Mulptiple regression 

Source: https://www.researchgate.net/figure/Simple-and-Multiple-Linear-Regression  

Non-linear regression used in social research  

Non-linear regression models the relationship between 

dependent and independent variables, as it is a powerful tool 

for modeling complex variables, requiring understanding of 

model fitting and parameter estimation techniques to 

uncover meaningful insights (James et al., 2021). 

 

Types of non-linear regression commonly use in social 

research   

Binominal regression: It is known as binary logistic 

regression, is a statistical method use to predict the outcome 

of a dichotomous dependent variable. Figure 3 illustrated 

the binary outcome variables, offers insights into predictor 

relationships handle continuous and categorical predictors, 

and calculates easy-to-interpret odds ratios. Example: 

testing a relationship between accessibility of extension 

services and utilization of extension services (utilized and 

not utilized). Adjei and Karim (2016) highlighted three (3) 

main assumptions of binominal aggression, as binary 

regression model assumes a dependent variable with two 

possible values, a large sample size, and no 

multicollinearity between explanatory variables. 

https://www.researchgate.net/figure/Simple-and-Multiple-Linear-Regression
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Figure 3: Binominal regression 

Source: https://en.m.wikipedia.org/wiki/File:Exam_pass_logistic_curve.svg 

Polynomial regression: It is modified, even though it uses a linear model as an initial estimator. According to Pistol and Bucea-

Manea-Tonis (2017), polynomial regression can be used in nonlinear analysis that involves separable data. It shows the 

connection between independent and dependent variables, but they are identified by the nth degree. The polynomial models can 

be used in those situations where the relationship between dependent and explanatory variables is curvilinear and consists of the 

power function features of the explanatory variables that are usually more than one variable. It is a crucial tool for modeling non-

linear data relationships, providing valuable insights and predictions in various fields by understanding its key concepts and 

analysis steps (James et al., 2021). For example: testing a relationship between labour contribution and arable crop production. 

Helwig (2017) identified the assumption of polynomial regression that the dependent variable can be interpreted by a set of k 

independent variables (xi, i = 1 to k), the relationship between the dependent variable and any independent variable is linear or 

curvilinear, independent variables are independent of each other, the errors are independent, normally distributed with a mean 

zero and a constant variance.

 
Figure 4 Polynomial Regression 

Source: https://en.wikipedia.org/wiki/Polynomial_regression#/media/File:Polyreg_scheffe.svg 

 

Ridge regression: It is also known as Tikhonov regularization, or machine learning analysis. According to Hastie (2009), it is a 

method used to analyze multiple regression data that exhibits multicollinearity. This means that as one independent variable 

changes, others can change with it. Ridge regression effectively manages multicollinearity and prevents overfitting in regression 

models by adding a regularization term to the ordinary least squares objective for more reliable coefficient estimates. Example: 

relationship between multiple predictors (age, income, education level, hours worked) and a continuous outcome variable 

(average income or production). James et al. (2021) indicated the assumption of Ridge regression models that high-correlated 

https://en.m.wikipedia.org/wiki/File:Exam_pass_logistic_curve.svg
https://en.wikipedia.org/wiki/Polynomial_regression#/media/File:Polyreg_scheffe.svg
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independent variables exist, over-fitting due to complexity, high-dimensional datasets, and regularization parameter (lambda-λ) 

for irregularities. 

 

 
Figure 5: Ridge regression. Source: https://www.statology.org/ridge-regression-in-r/ 

 

Multinomial regression: This is known as multinomial logistic regression. It is a statistical method used to predict outcomes of 

categorical dependent variables, particularly in fields like social sciences, healthcare, and marketing. It is applicable when the 

dependent variable is categorical with more than two levels with continuous and categorical predictors (Hosmer et al., 2013). 

For example: testing a relationship between socio-economic characteristics of artisanal fishers' and livelihood diversification 

(categorical). Agresti (2018) identified that the dependent variable is categorical with more than two categories, the independent 

variable can be continuous or categorical, and independent variables have the capacity to predict the probabilities of the different 

outcomes as the main assumption of multinomial regression. 

Log (P (P(Y=K) / P (Y= reference) = β0k+β1kX1+β2kX2+…+βpkXp 

Where: YYY is the categorical dependent variable with k categories. 

β0k is the intercept for category k. 

β1k,β2k,…,  are the coefficients for the predictors for category k 

P(Y=k) is the probability of the outcome being in category k. 

P (Y=reference) is the probability of the outcome being in the reference category. 

 

 
Figure 6: Multinomial regression. 

Source:https://www.statisticssolutions.com/free-resources/directory-of-statistical analyses/mlr/ 

 

Decision tree regression:  

It is a versatile method for handling diverse data types. Figure 2 affirms that decision tree regression is a non-parametric 

supervised learning method that partitions data into subsets based on input features, recursively modeling the relationship 

between input variables and outputs. Breiman et al. (1984) introduce decision trees for classification and regression tasks, 

discussing algorithmic details, splitting criteria, and applications in various fields. This method is particularly useful in showing 

non-linear relationships between variables or to capture interactions between predictors. Smith and Draper (2014) affirmed that 

https://www.statology.org/ridge-regression-in-r/
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the assumptions of decision tree are that they are non-parametric models that do not assume data distribution, the existence of 

homogeneity independent variables, handling missing data values and complex data, having the ability to over-fit trains, and 

possessing less sensitivity to outliers than linear regression models. 

 
Figure 7: Decision tree regression 

Source: https://towardsdatascience.com/https-medium-com-lorrli-classification-and-regression-analysis-with-decision-trees-

c43cdbc58054 

https://towardsdatascience.com/https-medium-com-lorrli-classification-and-regression-analysis-with-decision-trees-c43cdbc58054
https://towardsdatascience.com/https-medium-com-lorrli-classification-and-regression-analysis-with-decision-trees-c43cdbc58054
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Table 2: Strengths and limitation of different types of nonlinear regression in social science research 

Non-Linear 

Regression 

Strengths Limitations 

Binominal  It handles the non-linear relationship of the variables. 

It is easy to compute and implement the large datasets. 

It can be used in various fields (education, health and finance, etc.). 

It is not suitable for multivariable issues compared to multinomial. 

It needs a substantial sample size to generate accurate estimates. 

It results to unreliable result due to high multicollinearity  

Polynomial   It is easy to implement and compute 

It makes the interpretation of the coefficient easy to understand. 

It can be used for non-linear relationships of any degree  

It is not suitable for high-dimensional data. 

It is not suitable for data with complex relationships. 

It is expensive to compute a large data set. 

Ridge   It reduces overfitting and difficult to implement on large data sets.  

It handles multicollinearity better than ordinary least squares (OLS)  

It is flexible for both linear and nonlinear regression operations. 

It may not capture complex interactions. 

It may not be suitable for non-nominal data. 

It is not prone to overfitting and expensive to compute. 

Multinomial  It effectively predicts both continuous and categorical variables. 

The odd ratios and coefficients are easy to understand. 

The prediction outcome can be a decision-making process. 

It provides more flexibility in handling real-world data. 

It requires more processing power for numerous variables  

The interpretation of model coefficients becomes more difficult due to large 

variables  

It may suffer overfitting if the categories are large. 

Decision 

tree  

It is easy to understand and simple to explain the predict variable. 

It handles both numerical, categorical data. and missing values 

It captures non-linear relationships between variables. 

Not suitable for continuous outcomes   

It is not suitable for complex relationships. 

It is sensitive to hyper parameterss. 
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Table 3: Criteria for choosing appropriate regression models 

Types of regression  Dependent variable  Independent variable References  

Simple Linear regression One variable (continuous) One variable (continuous) Petropoulos et al., 2022; Stevens, 202 

Multiple linear regression  One variable (continuous)  It involves more than one variable (continuous and categorical) Maxwell, 2016 

Polynomial regression  One variable (outcome)  Indefinite (many) variables and not constant Ostertagová, 2012;  Helwig, 2017 

Ridge regression Continuous outcome variable 

(production, income) 

Continuous or categorical (multiple predictors that are highly 

correlated) 

Hastie, 2009;  James et al., 2021 

Multinomial regression Categorical variable Continuous and categorical (income, age, or sex) or both Hosmer et al., 2013;  Agresti, 2018 

Binomial regression It is binary in nature (yes or no or 

high or low) 

Continuous and categorical (income, age or sex) or both  Hosmer et al., 2013; Adjei and Karim, 

2016 

Decision tree regression Continuous variable (income, 

production) 

Continuous (years of experience) or categorical (types of livelihood 

activities). 

Smith and Draper, 2014 
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CONCLUSION AND RECOMMENDATIONS 

The study emphasizes the assumptions of linear and 

non-linear regression and highlights the advantages of 

regression over other test tools in social science 

research. The study seeks more insight on the different 

types of non-linear regression analysis, its strengths 

and limitations in social sciences research, revealing 

their significant roles in achieving non-questionable 

conclusions and highlighting its importance in 

achieving research outcomes. Therefore, the study 

recommends that researchers should seek deeper 

knowledge and utilize the nonlinear regression 

techniques when applicable for better and deeper 

interpretation of data for decision makers and address 

the limitations of linear regression 
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