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| ABSTRACT

Regression Analysis is one of a well-known statistical technique used to examine and determine the relationship
between two or more variables and to describe the variables in a mathematical equation that improves a crucial
dimension needed to make investment decisions and predictions. Researchers may forecast or explain changes
(variation) in one variable based on another using regression. Researchers across various disciplines, including
health sciences, frequently use regression analysis as a statistical approach to describe the nature of the relationship
between variables, which can be linear or non-linear, positive or negative. The study aimed to evaluate and assess
the importance and application of regression analysis in advanced health sciences research. This review article
systematically examines and synthesizes the existing literature on the importance and application of regression
analysis in advanced health sciences research. This statistical technique is globally used in engineering, business,
finance, health sciences, and other areas with the goal of determining the relationship between one dependent
variable and a number of other independent variables, and is also widely used in the literature for scientific
purposes, while its common methods include linear regression, multiple regression, logistic regression, and cox
regression. Regression analysis is essential to health sciences research because it allows researchers to look at
correlations between variables, pinpoint risk factors, and forecast health outcomes using data. In complicated
biological and social systems, it makes it possible to control confounding variables, which enhances the validity and
accuracy of results. It improves the capacity to convert data into useful insights, facilitating the formulation of
healthcare policies, treatment plans, and disease preventive initiatives.
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1. Introduction

Regression analysis is a method used in statistical modeling to determine the relationship between several variables,
which examines the effects of changing one independent variable while holding the other independent variables
constant on a dependent variable (Gupta et al., 2017). Regression analysis with a single independent variable is
referred to as univariate regression analysis, and the regression analysis with two or more independent variables is
referred to as multivariate regression analysis (Uyanik & Giiler, 2013).
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Regression analysis has three main advantages: it can generate predictions, show whether independent factors have
a significant relationship with a dependent variable, and show the relative intensity of the effects of several
independent variables on a dependent variable (Taylor, 2011). A researcher may obtain an equation for a graph
using regression analysis to forecast research data. Since this is the only way to assess the regression model in
scientific papers and hence appropriately interpret their conclusions (Goswami, 2018).

Regression analysis aims to find a relationship between a dependent variable and a set of independent variables.
There are several regression techniques used for research purposes, including linear regression, multiple regression,
logistic regression, cox regression, and power regression and each technique has its own advantages and
disadvantages (Igbal, 2021).

Regression analysis is employed in preventive healthcare research to identify risk factors, predict health outcomes,
and inform targeted interventions. This approach examines the significance of various regression techniques, such
as linear, logistic, Cox proportional hazards, quantile, linear mixed-effects, multilevel, and Poisson regression (Abdul
Raheem, 2025).

Furthermore, regression models are extensively utilized within the health sciences to evaluate the effectiveness of
therapies and to identify factors influencing patient outcomes. These models are also applied in the social sciences
to elucidate the relationships between diverse social attributes, including education and income, and associated
attitudes and behaviors (Akomodi, 2025). Both mathematicians and data scientists employ regression analysis for
forecasting and prediction where it entails selecting the appropriate model to fit the provided data set, then
utilizing that model to generate more predictions. The ideal model precisely depicts each relationship (Gupta et al.,
2017).

Model utility test is a hypothesis testing procedure in regression to verify if there is a useful relationship between
the dependent variable and the independent variable, and the effectiveness of the model utility test in testing the
significance of regression model is evaluated using simple linear regression model with the significance level a =
0.01, 0.025 and 0.05 (Foong et al., 2018). Many assumptions regarding the model are made during regression
analysis, including multicollinearity, nonconstant variance (non-homogeneity), linearity, and autocorrelation (Kang
et al.,, 2017).

Likewise, health sciences and social sciences, regression models are globally used for their key benefits in all the
fields of environmental sciences, economics and business, engineering and technology, education, clinical
psychology, developmental psychology, and cognitive psychology (Akomodi, 2025).

2. Purposes of Regression Analysis

The four main purposes of regression analysis are description, estimation, prediction, and control (Ali & Younas,
2021). Regression analysis is often used in a way that requires a clear description of its goals, usually in a single
sentence or a short paragraph. The following sections will outline different ways it can be used, and then connect
those uses to specific statistical methods (Werner, A., 2004).

Description: Finding "laws" and mechanisms to describe the facts that researchers see is one of the fundamental
objectives of the sciences. Researchers want to identify "explanatory" variables that influence the result of a certain
target variable as well as the functional shape of this connection (Werner, A., 2004). It can describe how dependent
and independent variables relate to one another (Ali & Younas, 2021).

Estimation: It is the process of determining the value of the dependent variable using the observed values of the
independent variables (Ali & Younas, 2021). Regression analysis is a crucial subject in statistics because it may
forecast future data behavior based on known data in addition to estimating the relationship between the x-values
and y-values of the data points on a graph (Luo, 2016).
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Prediction: Based on the interactions between dependent and independent variables, regression analysis can be
beneficial for forecasting outcomes and changes in dependent variables (Ali & Younas, 2021). Learning from data
and forecasting the results of a random process based on a small number of observations constitute prediction; the
name "predictor" might be deceptive if it is understood to mean the capacity to forecast even outside the bounds
of the data (Vogt & Johnson, 2015). With or without pretending that the model represents an underlying
mechanism, the model can be used to forecast the value of the target variable from known values of the
explanatory variables (Werner, A., 2004).

Control: Finally, when exploring the link between one independent variable and the dependent variable, regression
allows for the control of the effect of one or more independent variables (Ali & Younas, 2021). Regression analyses
use control variables to determine how a treatment affects an outcome, however, because even valid controls may
be endogenous and represent a combination of multiple causal mechanisms acting jointly on the outcome, which is
difficult to interpret theoretically, the estimated effect sizes of controls themselves are unlikely to have a causal
interpretation (Hinermund & Louw, 2025).

3. Common Types of Regression Analysis

3.1 Simple Linear Regression

The concept and the term “regression” was first introduced by Sir Francis Galton in the 1880s in his work on
hereditary stature and pea experiments, where he visualized and interpreted an approximately straight regression
line, today we known as simple linear regression (Stanton, J., 2001, & Qu, K., 2024). Simple linear regression is an
advanced and basic statistical technique used to examine and model the relationship between one independent i.e.
predictor variable and one dependent i.e. outcome variable, that fits a straight line to observed data to describe
how changes in the independent variable are associated with changes in the dependent variable (Schober & Vetter,
20217).

The technique is referred to as a simple linear regression analysis when there is only one continuous dependent
variable and one independent variable, as these two variables are assumed to have a linear relationship in the study
(Vogt & Johnson, 2015).

Simple linear regression is widely used in health sciences research to describe and predict how one continuous
variable, for example, age relates to another such as blood pressure, it is intuitive and powerful, but is often
misapplied or poorly reported, which can mislead clinical decisions, and models a linear relationship between one
predictor X and one outcome Y, estimating how much Y changes on average for each 1-unit increase in X (Schober,
P., & Vetter, T., 2021, Roustaei, N., 2024, Jones, L., et al., 2024).

A single dependent variable (Y) and a single independent variable (X) that are linearly connected to one another
constitute simple linear regression, the most basic type of regression which goals are to demonstrate the
relationship between X and Y in order to forecast Y for a given value of X and to look for a broad underlying pattern
linking two variables (Roustaei, 2024). According to Starbuck (2023), the mathematical formula for simple linear
regression is usually written as;

Y=BO+B1X+¢

= Y = dependent (outcome) variable

» X = independent (predictor) variable

» B0 = intercept (value of Y when X=0)

= B1 =slope (change in Y for one-unit change in X)
= ¢ =random error (Starbuck, 2023).

According to Md Rasel Uddin (2023), the diagram for simple regression for variables on “Y” and “X" axis is as
follows;
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[Simple Linear Regression Structure, (Md Rasel Uddin, 2023)]

To find out a better set of variables, independent variables are added to the regression model using a variety of
techniques for which some of the most popular techniques are enter, forward, reverse, and sequential selection. The
"enter method" involves simultaneously entering each independent variable into the regression model. Finding the
impact of an independent variable (X) on a dependent variable (Y) is the aim of this approach (Roustaei, 2024).

3.1.1 Advantages of Linear Regression Analysis

A highly manageable optimization algorithm that can produce a solid answer is the linear regression technique. As
opposed to sophisticated algorithms, models produced by linear regression approaches can be implemented
quickly and effectively on systems with little computational power (Igbal, 2021).

Linear regression is widely used because it provides a straightforward method for modeling relationships between
variables and making predictions. Their work emphasizes that regression models are easy to construct and interpret
in applied research (Douglas C. Montgomery et al. 2012).

The anticipated value (Y') and the observed (Y) data values differ since regression is a model and only approximates
values; this discrepancy is known as the residuals, or prediction errors. The regression line with the lowest sum of
squared errors of prediction is the one that fits the data the very best (Bazdaric et al., 2021).

Although linear regression is easier to use, analyze, and workout, it can be over-becoming. However, this can be
avoided by using cross-validation, regularization techniques, and a few dimensionality discount algorithms (Anandhi
& Nathiya, 2023).

In diagnostic and therapeutic investigations where the result depends on multiple factors, as well as in medical
research, linear regression is used to model observational data (Marill, 2004).

3.1.2 Dis-advantages of Linear Regression Analysis

Linear regression method assumes that the relevant variables are independent and because the majority of naturally
occurring phenomena are non-linear, the linear regression technique cannot adequately fit complicated data sets
because it assumes that the input and output variables have a linear relationship (Igbal, 2021).

The concept of linearity between the established variable and the impartial variables is the primary issue with linear
regression and the facts are rarely linearly separable in the real world which makes the false assumption that there
may be a straight-line connection between the identified and unbiased factors (Anandhi & Nathiya, 2023).

Because there are usually several pertinent predictor variables, simple linear regression has limited applications in
medical research. One predictor variable is used in univariate statistical procedures, like basic linear regression,
which are frequently clinically deceptive despite being technically sound (Marill, 2004).

Multipurpose software like Microsoft Excel can be used to compute a basic linear regression. Regretfully, while the
algorithms are capable of computing a regression, they are unable to perform the further actions required to assess
the method's suitability (Bazdaric et al., 2021).
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3.2 Multiple Linear Regression

Multiple linear regression was first used by Galton with the core idea of multiple causes in his heredity studies, in
1880s, later on, Karl Pearson extended Galton's ideas, developing multiple correlation and multiple regression, using
determinantal matrix algebra and linking regression to the multivariate normal distribution, and Yule in 1899, used
the first widely recognized complete multiple regression analysis (Stanton, J., 2001).

Multiple linear regression is an advanced method in statistics, used to describe the simultaneous association of
several variables with one continuous outcome and to make inferences and predictions based on these
relationships (Eberly, L.E.,2007). This statistical technique permits other factors to join the study independently, in
order to evaluate the impact of each item, as it is useful for measuring how different concurrent influences affect a
single dependent variable, even when the researcher is only interested in the effects of one of the independent
variables, multiple regression is frequently necessary due to the bias caused by omitted factors in simple regression
(Sykes & Sykes, 1993).

In health sciences research, multiple linear regression is a helpful method for modeling a variety of events as it
provides estimates of the predictor variable coefficients and their Standard Error or uncertainty for data sets that
satisfy the required assumptions and it is typically possible to solve this well-developed model exactly (Marill, 2004).

Simple linear regression is expanded further by multiple regression as it is employed when we wish to forecast a
dependent variable's value (also known as a target or criterion variable) by using the values of two or more
independent variables (also known as predictor or explanatory variables) as multiple regression estimates how
changes in several predictors simultaneously influence a single continuous outcome variable (Vogt & Johnson,
2015). Multiple regression represents the relationship between a dependent variable and a weighted linear
combination of independent variables, and it can be used to describe relationships, test hypotheses, and predict
outcomes. (Aiken, L. S. & West, S. G., 2003).

According to Muda et al., 2020, general equation for multiple linear regression is:
Y=B0 + B1X1 + B2X2 + -+ + Bk Xk + €
Where:

= Y = Dependent variable

= X1, X2, .., Xk = Independent variables
* B0 = Intercept

= B1, B2, .., Bk = Regression coefficients
= ¢ =Errorterm

The above equation shows how several predictors combine linearly to estimate or predict the outcome variable
(Muda et al., 2020).

According to Md Rasel Uddin (2023), the diagram for multiple regression for different variables on “Y" and “X" axis
is as follows;
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[Multiple Linear Regression Structure, (Md Rasel Uddin, 2023)]

3.2.1 Advantages of Multiple Regression Analysis

Multiple regression analysis is especially valuable in social science and health research, domains
characterized by the influence of numerous factors, as it allows for the simultaneous examination of multiple
independent variables' effects on a single dependent variable, thereby offering a more accurate representation of
intricate occurrences (Fletcher J., 2009).

Furthermore, multiple regression facilitates the estimation of individual predictor effects as it furnishes distinct
regression coefficients for each independent variable, enabling researchers to ascertain the unique contribution of
each predictor while controlling for the influence of others (Kundu, P. et al,, 2019).

Multiple regression generally improve prediction accuracy as it produces more accurate predictions than simple
regression because it incorporates more relevant variables into the model (Bloniarz et al., 2016).

Researchers from many fields including health sciences, can use multiple regression to test hypotheses about
relationships between variables, including statistical significance and direction of effects (Montgomery et al., 2012).

Multiple regression has the ability to control the confounding variables, which help researchers to isolate the true
relationship between predictors and the outcome as this improves the internal validity of research findings
(Fletcher J., 2009).

Multiple regression has the also the ability to examine the complex relationship between the variables as it allows
researchers to study interactions and combined effects among variables, providing deeper insights into complex
systems (Kundu, P., et al., 2019).

3.2.2 Dis-advantages of Multiple Regression Analysis

Linearity, proper model specification, independent errors, homoscedasticity, no or limited multicollinearity, and a
sufficient sample size are all necessary for multiple regression; failure to meet these requirements results in
inaccurate or biased estimates and conclusions (Duncan, G. M., 1986, Grant, S. et al., 2018, Venter, A., & Maxwell, S.,
2000).

Small samples reduce power and generalizability, raising Type-Il errors, and nonlinearity, heteroscedasticity, and
autocorrelation can significantly skew results if they are not identified and addressed in multiple regression analysis
(Venter, A., & Maxwell, S., 2000, Seabrook, J., 2025).

Even at low correlations for example r = 0.3, multicollinearity (correlated predictors) results in unstable coefficients,
large confidence ranges, reduced power, and deceptive sign/magnitude of effects in multiple regression analysis
and predictor connections have the potential to “confound” parameters, making meaningful interpretation such as
determining which variable is truly important is questionable while using multiple regression analysis (Venter, A, &
Maxwell, S., 2000, Graham, M., 2003, Ellsworth, S. et al., 2023, Seabrook, J., 2025).
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Inappropriate causal assertions from correlational models result from the frequent use of regression because there
are several independent variables, without making a clear distinction between prediction and explanation/causality.
When theory of variable relations is poor, high-order partial coefficients can be extremely deceptive (also known as
the "partialling fallacy"), because they can incorrectly rank predictors when they are correlated, standardized betas
are sometimes abused as importance indices (Yoshida, T., & Murai, J., 2021, Mizumoto, A., 2022, Groenwold, R, &
Dekkers, O., 2023).

Stepwise techniques frequently result in contradicting models across samples by inflating Type | error, producing
biased parameters, and creating unstable "best models" and the outcomes of many meta-regression studies are
often deceptive due to ecological fallacy, overfitting, and improper regressing of effects on baseline risk
(Whittingham, M. et al., 2006, Ray-Mukherjee, J. et al.,, 2014, Geissbuhler, M. et al., 2021).

3.3 Logistic Regression

Logistic regression curve was first introduced by Pierre-Francois Verhulst in 1838 to the model population growth,
and has grown in popularity as a statistical tool in health sciences research, particularly in the last 20 years as it is
commonly considered the preferred statistic when one or more independent (predicting) variables are used to
predict the occurrence of a binary (dichotomous) outcome variable (Boateng & Abaye, 2019).

Logistic regression is a type of regression analysis, used for categorical outcomes, most commonly used when the
dependent variable is binary for example, male vs. female, diseased vs. healthy, yes vs. no, dead vs. alive (Sperandei,
S., 2014, Boateng & Abaye, 2019, Schober, P., & Vetter, T., 2021). This method has become a standard multivariable
tool in social, educational, and health sciences research for modeling the relationship between one or more
predictors and the probability that an event occurs (Peng, C., et al, 2002, Bewick, V., et al., 2005, Boateng, E., &
Abaye, D., 2019).

Unlike linear regression, which assumes a continuous outcome and a straight-line relationship, logistic regression
assumes a binary outcome and models the logit i.e. natural log of the odds, of the outcome as a linear function of
the predictors, if (P) is the probability that an event occurs for example, disease present (Hosmer, D., et al,, 2005,
Stoltzfus, J. 2011, Schober, P., & Vetter, T., 2021). Logistic regression formula and figure according to Shah & Patel
(2022), is given in a diagram below;

% — o (Bp+6,X+...+6,.X)

[Logistic Regression equation and diagram, (Shah & Patel, 2022)]

The above formulation guarantees that predicted probabilities lie between 0 and 1 and yields an S-shaped
(sigmoid) relationship between predictors and probability (Bewick, V., et al., 2005, Stoltzfus, J. 2011, Schober, P., &
Vetter, T., 2021). Exponentiating coefficients gives odds ratios (ORs), which express how the odds of the event
change for a one-unit increase in a predictor, holding other variables constant (Bewick, V., et al., 2005, Ranganathan,
P. et al, 2017, Boateng, E., & Abaye, D., 2019).
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3.3.1 Advantages of Logistic Regression Analysis

Logistic regression is well-suited for binary and categorical outcomes because it is specifically built for binary results
like disease presence or absence, or success versus failure. In situations where, linear regression assumptions are
not met, logistic regression and its variations, such as multinomial and ordinal logistic regression, can effectively
model outcomes with multiple categories (LaValley, M., 2008, Boateng, E., & Abaye, D., 2019, Yay, M., 2023).

Logistic regression simultaneously allows inclusion of many explanatory variables i.e. continuous or categorical,
estimating each variable's independent effect on the outcome (Stoltzfus, J., 2011, Sperandei, S., 2014, Yay, M., 2023).

Logistic regression offers a significant benefit by accounting for all variables simultaneously, thereby mitigating
confounding effects, in contrast to examining variables individually (Sperandei, S., 2014, Pal, A., 2021, Ezeonu, T. et
al, 2025).

Logistic regression accommodates continuous, categorical, or a combination of predictor variables because they are
not required to follow a normal distribution or exhibit homoscedasticity. This method models the logit of the
outcome, ensuring that predicted probabilities remain within the 0 to 1 range and circumventing issues
encountered when applying linear regression to binary data (Stoltzfus, J., 2011, Lever, J. et al,, 2016, Yay, M., 2023).

Logistic regression is extensively employed within the fields of epidemiology, clinical medicine, public health, and
meta-analysis for purposes of prediction, diagnosis, and evaluation of treatment efficacy, and is incorporated in all
principal statistical software packages, utilizing well-established regression diagnostic techniques and model
development methodologies (Boateng, E., & Abaye, D., 2019, Josephine, K. et al., 2024, Hua, Y. et al.,, 2025).

3.3.2 Dis-advantages of Logistic Regression Analysis

A key dis-advantage logistic regression is that it necessitates the independence of observations, a linear relationship
in the log-odds for continuous variables, the absence of multicollinearity, and the exclusion of influential outliers;
any violations of these assumptions may result in biased estimates and predictions (Stoltzfus, J., 2011, Harris, J.,
2021).

Logistic regression needs an adequate number of events per variable i.e. 10 — 20, to avoid overfitting and unstable
odds ratios and the separation (predictors perfectly classify outcomes) leads to infinite or unstable coefficients,
especially with rare events or sparse data (Park, H. 2013, Mansournia, M. et al,, 2018, Boateng, E., & Abaye, D.,
2019).

In logistic regression, odds ratios are on a log-odds scale, which is unintuitive; they are frequently misinterpreted as
risk or prevalence ratios, exaggerating the effects when outcomes are common (Niu, L, 2018 & Howell-Moroney,
M., 2023).

Another dis-advantage of logistic regression lies in its propensity to significantly overstate relative risks or
prevalence ratios for outcomes that occur frequently, specifically those exceeding 10%, which can result in
erroneous interpretations; thus, methodologies such as log-binomial or robust Poisson regression are frequently
considered more advantageous (Pinheiro-Guedes, L. et al., 2024).

A notable limitation of logistic regression is its characteristic of non-collapsibility; specifically, the odds ratios exhibit
variability when additional covariates are incorporated, even in the absence of confounding variables, thereby
rendering model comparisons across disparate samples or specifications invalid (Mood, C, 2010 &
Howell-Moroney, M., 2023).

Literature show the widespread poor practice of logistic regression such as, inadequate sample size, missing
diagnostics, no validation, and failure to account for complex survey design, dependence, outliers, or missing data,
all of which can bias results (Boateng, E., & Abaye, D., 2019 & Dey, D. et al., 2025).

Logistic regression, in complex surveys, ignoring weights, clustering, and stratification is common and leads to
biased estimates and standard errors (Dey, D. et al., 2025).
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3.4 Cox Regression (Multivariate Cox’s Proportional Hazards Regression)

Cox regression or proportional hazards regression, was first discovered and introduced by Sir David Cox in 1972, in
his paper “Regression Models and Life Tables” (Kalbfleisch, J., & Schaubel, D. (2022). This is a semiparametric model
for time-to-event (survival) data, widely used in clinical and epidemiologic research to estimate how covariates
affect the hazard i.e. instantaneous risk of an event over time (Christensen, E., 1987 & ElHafeez, S. et al., 2021).

Cox regression expresses the hazard for subject with covariates (z) as, A(t/z) = AO(t)exp(Bz), where exp(S) are hazard
ratios (HRs), and the continuous covariates for example age, biomarkers, and categorical covariates for example sex,
disease status, can be modeled simultaneously, allowing adjustment for confounding (Tsiatis, A., 1981, Christensen,
E., 1987, Zapf, A. et al., 2024).

In cox or Proportional hazards, the covariate effects are constant over time, i.e. the hazards for two individuals are
proportional at all times, as this model is often checked via Schoenfeld residuals, log-minus-log plots,

time-by-covariate interactions, or extended models (Dessai, S., & Patil, V., 2019; Kuitunen, |. et al,, 2021; Hua, K. et
al., 2025).

According to Taubert et al., (2007), multivariate Cox's proportional hazards regression model for overall survival of
cancer patients for different age groups is given below;

- Expression of risk
1.0 5 factors
risk group 1
n=10
risk group 2
0.8 n =40
risk group 3
n =235
— TESK group 4
= 0-6 1 n=19
=
<
>
“ 0.4 4
0.2 |
0.0 +

T T T T
0 20 40 60 80 100 120
Time (months)

[Multivariate Cox's proportional hazards regression model for overall survival of cancer patients for different age
groups, (Taubert et al,, 2007)]

3.4.1 Advantages of Multivariate Cox’s Proportional Hazards Regression Analysis

Multivariate Cox proportional hazards regression is widely used in health sciences research because it has several
important advantages than other regression methods.

A big advantages of cox regression is the simultaneous adjustment for multiple covariates i.e. control of
confounding, as it handles multiple predictors at once, estimating adjusted hazard ratios (HRs) while controlling for
confounders such as age, sex, and health conditions (diseases) and it allows more valid causal interpretation than
other regression analyses (Cioci et al., 2021; EIHafeez, S. et al.,, 2021 & Lee, S., 2023).

Cox regression is semi-parametric in nature as it does not assume a specific distribution for survival times, only
proportional hazards, making it robust across many settings and the baseline hazard is left unspecified, while

covariate effects are modelled via regression coefficients (McGregor, D. et al.,, 2019; Lee, S., 2023 & Hua, K. et al,
2025).

Another advantage of cox regression is that it appropriately accommodates right-censored data and uses full
time-to-event information, unlike binary outcome models that ignore timing and time-varying covariates can be

incorporated, improving dynamic risk prediction and triage decisions (EIHafeez, S. et al., 2021; Lee, S., 2023 & Blythe,
R. et al, 2024).
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Cox regression provides clinically interpretable hazard ratios for continuous and categorical variables, analogous to
relative risks but time-to-event based, and it facilitates prognostic modelling and individualized risk stratification in
clinical decision-making (Cioci et al., 2021; Lee, S., 2023 & Monikapreethi S.K. et al.,, 2024).

The Cox proportional hazards model possesses the capability of accommodating enhanced frameworks, such as
shared frailty models, marginal models, copula-based approaches, and multivariate joint models, which facilitate the
examination of recurrent events, clustered datasets, and various event types, all while preserving the fundamental
structure of the Cox model (Li, G. et al., 2020; Knafl, G., 2023 & Ben-Assuli, O. et al., 2023).

Cox regression has partial likelihood estimation which is computationally efficient, enabling large-scale and
high-dimensional applications, including omics-based web tools and Genome-wide Association Studies (GWAS)
time-to-event analyses (Lanczky, A., & Gydrffy, B, 2021; Li, Y. et al., 2025).

3.4.2 Dis-advantages of Multivariate Cox’s Proportional Hazards Regression Analysis

Multivariate Cox regression is widely used in health science, but its reliance on proportional hazards, sensitivity to
time-dependent covariates, small-sample bias, non-collapsibility, and frequent neglect of assumption checking
make it vulnerable to biased or misleading estimates if not applied and tested carefully.

The core proportional hazards (PHs) assumption i.e. constant hazard ratio over time, is often unrealistic in clinical
and epidemiologic data where violations can yield false models and misleading time-independent risk factors
(Babinska, M. et al,, 2015; Kuitunen, I. et al., 2021 & ElHafeez, S. et al.,, 2021).

Even with thorough adjustments, strong time dependent risk variables like smoking can skew hazard ratios for other
correlated covariates, and proportional hazards violations are frequent in high dimensional settings (Moolgavkar, S.
etal, 2018 & Zeng, Z. et al., 2022).

With small samples or many variables, multivariate Cox regression yields low power, exaggerated standard errors, a
nd skewed interaction estimates; penalization or firth correction is more effective, especially for treatment-
biomarker interactions (J6zwiak, K. et al., 2024).

Penalized proportional hazards models may have high false positive rates and biased selection when proportional
hazards are violated, and cox regression cannot naturally accommodate many confounders in some applied
settings, where propensity score methods can include more covariates more stably (Martens, E. et al., 2008 &
Sheng, A., & Ghosh, S., 2020).

The Cox regression model is generally non-collapsible, meaning that even in the absence of confounding, the
marginal and adjusted hazard ratios differ, making the interpretation of causality more difficult (Samuelsen, S.,
2022).

Erroneous minor connections can arise in the Cox Regression model for correlated factors due to residual
confounding and inaccurate time varying covariate specification (Moolgavkar, S. et al,, 2018 & Jiang, N. et al., 2024).

Naive Cox implementations may violate assumptions or misread cause specific hazards in complicated
compositional or competing risk structures unless they are reformulated for example, log-ratio coordinates and
augmented data (Lunn, M., & McNeil, D., 1995 & McGregor, D. et al,, 2019).

4. Application of Regression Analysis in Health Sciences

Linear, multiple and cox regression is widely used in epidemiology to quantify relationships between exposures i.e.
risk factors and health outcomes, especially when the outcome variable is continuous e.g., blood pressure,
cholesterol level, body mass index (BMI), (Kenneth J. Rothman, 1998). Researchers in epidemiology, use both linear
and multiple regression to control for confounding variables such as age, sex, or socioeconomic status which allows
estimation of the independent effect of a risk factor (Bhattacharyya et al., 1979).

The observational research using linear regression analysis were the ones that made the connection between
smoking and mortality and illnesses as for instance, we have a linear regression model where the dependent
variable is a person's lifespan expressed in years and the explanatory variable is cigarette smoking (Igbal, 2021).
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Linear regression is often used to examine dose-response relationships, which are central in epidemiology for
example; cigarettes smoked per day vs lung function, alcohol intake vs liver enzyme levels, pollution exposure vs
respiratory symptoms where dose-response relationships strengthen the causal inference (Szklo, M., & Nieto, F. J.
2019).

Linear regression is used to examine trends in disease rates over time for example; trends in malaria incidence over
years, changes in mortality rates, increase or decrease in vaccination coverage. Regression can estimate whether
rates are increasing or decreasing and by how much annually (Gordis L., 2014). Linear and multiple regression is
used to predict future or unknown values of health-related variables based on known predictors, for example;
predicting hospital stay duration based on disease severity, estimating birth weight from maternal characteristics,
predicting patient recovery time after treatment and, predictive models assist healthcare professionals in planning
treatments and allocating resources efficiently (Kleinbaum, D et al., 2013).

Linear regression is applied to evaluate healthcare quality, efficiency, and outcomes for example; relationship
between nurse staffing and patient outcomes, hospital costs and length of stay, patient satisfaction and waiting
timea, as these analyses help improve healthcare delivery and policy decisions (Kutner et al. 2005). Linear regression
is commonly used to determine how one health-related variable changes with another. Researchers use it to
quantify relationships between biological and behavioral variables for example, linear regression can estimate how
much systolic blood pressure increases with each year of age (Bland, M. 2015).

In epidemiology, linear regression is used to analyze trends and relationships in population health data for example;
disease trends over time, nutritional factors and health outcomes, environmental exposures and disease rates.
Regression analysis helps to estimate relationships while controlling for the effects of other variables (WHO, 2020).
In clinical trials and intervention studies, multiple regression helps assess treatment effectiveness while controlling
for baseline characteristics for example; evaluating the effect of a new antihypertensive drug on blood pressure
while controlling for age, sex, and baseline blood pressure, measuring improvement in quality of life after therapy,
adjusting for socioeconomic status and comorbidities (Vittinghoff, E., et al. 2012).

Multiple regression helps assess relationships between psychological variables and health outcomes for example;
predicting depression scores from stress levels, social support, and income and, studying factors influencing
treatment adherence in psychiatric patients (Tabachnick, B. G., & Fidell, L. S., 2019). Logistic regression is commonly
used to identify factors associated with the presence or absence of disease while controlling for confounding
variables, for example; determining risk factors for diabetes i.e. obesity, age, and physical inactivity are all key
factors, and it's important to identify predictors of hypertension, such as smoking, diet, and stress, while also
evaluating factors related to infectious diseases. This approach also helps in calculating adjusted odds ratios, which
show how strongly risk factors are linked to disease outcomes (David W. Hosmer Jr. et al., 2013).

Cox regression is commonly used in clinical trials to evaluate the effect of treatments on patient survival while
adjusting for covariates for example; comparing survival time between patients receiving two different cancer
treatments, assessing the effect of a new drug on mortality while controlling for age and disease severity and cox
regression also estimates the hazard ratios (HRs), which indicates the relative risk of an event occurring at any time
point (Cox, 1972). Cox regression is used to study disease progression and prognosis by examining how patient
characteristics affect survival time for example; time to cancer recurrence after treatment, progression of HIV
infection to AIDS, and time to kidney failure in chronic kidney disease patients (Frank E. & Harrell, Jr., 2015).

5. Factors Affecting Regression Analysis

Regression analysis is susceptible to breaches of its underlying assumptions, multicollinearity, confounding
variables, the selection of variables, and the integrity or potential biases present within the data. Consequently, the
generation of valid and interpretable outcomes necessitates meticulous verification, judicious model construction,
and the appropriate management of collinearity, missing data, and bias.

Employing linear models when the actual relationship deviates from linearity will yield erroneous specifications,
thereby producing biased predictions and coefficients (Greenland, S., 1989 & Tamhane, A.C., 2020).
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Violations of normality, homoscedasticity, and independence can distort standard errors, statistical tests, and the R?
statistic, for example, in models of gross domestic product (GDP), correcting for these violations caused the R? value
to drop from 97% to 26%, which indicated a significant overestimation of the model's fit (Tamhane, A.C,, 2020 &
Alanazi, B., 2025).

Exceptions and significant points i.e. isolated or high leverage observations can distort coefficients and residual
variance therefore the diagnostics are essential (Tamhane, A.C.,, 2020 & Lapach, S., 2025).

Heterogeneity and huge dispersion i.e. change which estimation method performs best and can degrade are the
most model quality indicators (Lapach, S., 2025).

Sample size, missing data, and sample characteristics are all factors that have an impact on both linear and multiple
regression studies (Ali & Younas, 2021).

Correlation among predictors i.e. multicollinearity, inflates standard errors, reduces power, and can make important
variables appear nonsignificant, while also increasing parameter bias and Type-Il error (Daoud, J., 2017 & Kim, J,,
2019).

Multiple regression results are strongly shaped by data properties, assumption compliance, and modeling choices,
when there are poor coefficients, p-values, and R? can be badly misleading (Tamhane, A.C., 2020).

In multivariate models, confounding and shared variance between predictors change individual coefficients after
adjustment, so variables significant in unadjusted analyses may lose significance (Johnston, R, 2017; Kim, J., 2019 &
Andrade, C,, 2024).

6. Conclusion

Regression is an essential statistical tool in health sciences, used to examine relationships between variables,
identify risk factors, predict outcomes, evaluate treatments, and support public health decision-making. Its simplicity
and interpretability make it one of the most widely used methods in health sciences research. In respect to any
researched phenomenon, regression analysis helps researchers to characterize, forecast, estimate, and draw
plausible conclusions about the connected variables. When researchers want to look at the relationship between
particular factors, regression also enables controlling one or more variables. In regression analysis researchers may
find some of the important factors offered to be helpful, therefore they should consider the kind and number of
dependent and independent variables, as well as the nature and size of the sample, while planning and carrying out
regression analysis. Different regression models are employed in various contexts and their usability varies from
situation to situation and is typically based on the type of data and the relationships between the data.

6.1 Limitations of the Study

Regression analysis in health sciences research has a number of limitations that need to be recognized despite its
extensive use and significance. The use of underlying assumptions, such as linearity, independence,
homoscedasticity, and normalcy, which, if broken, can produce biased or deceptive results, is one significant
drawback. Additionally, multicollinearity, missing data, and outliers can all skew parameter estimate and make
regression models less interpretable. Furthermore, it is challenging to prove actual cause-and-effect without
complementing study designs because regression analysis mostly finds connections rather than causal links.
Overfitting also restricts generalizability to different populations or environments, particularly in intricate models
with several predictors.

6.2 Areas for Further Study

Future research should concentrate on creating more resilient and adaptable modeling techniques that can manage

the high-dimensional data and intricate, non-linear interactions that are frequently present in contemporary health

sciences. Additionally, better techniques are required to deal with confounding variables, measurement problems,

and missing data. Regression techniques can be combined with more sophisticated approaches like machine

learning and longitudinal data analysis to improve prediction accuracy and gain a deeper understanding of disease
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trends. Additionally, encouraging reproducibility, transparency, and appropriate model validation procedures will
increase the validity of regression-based results and broaden their use in clinical and public health decision-making.
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