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  Abstract 
Regression analysis is a fundamental statistical method widely employed in clinical 
research to explore the quantitative relationships between exposure variables and 
various outcomes. By using regression models, researchers can identify key associ-
ations between predictors and outcomes, which is essential for making data-driven 
clinical decisions. The main types of regression models include linear regression, 
logistic regression, Cox proportional hazards regression, Poisson regression, and 
negative binomial regression. These models are tailored to different types of de-
pendent variables, such as continuous outcomes, binary outcomes, survival times, 
and event counts. Each regression model has its own assumptions and limitations, 
which must be carefully considered to ensure valid results. This study provides an 
in-depth overview of these regression models, their application characteristics, and 
common assumptions in clinical research. Additionally, it evaluates their potential 
contributions to precision medicine and discusses the challenges and solutions in 
clinical practice, aiming to provide theoretical and application reference for clinical 
researchers and biostatisticians. 
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1. Introduction 

Regression analysis is a type of method in statistics used to explore the relationship between a dependent variable 
and one or more independent variables, and can also identify risk factors related to prognosis and calculate the risk 
score of an individual's prognosis [1]. With the accumulation of clinical research, especially a large number of elec-
tronic health records and multi-center randomized trial data, the importance of regression models in disease risk 
prediction, treatment effect evaluation, prognosis analysis, and other aspects is increasing day by day [2-5]. Through 
regression analysis, researchers can adjust confounding factors, extract true associations between variables, estimate 
effect indicators, and transform individual risks into decision support, which is conducive to promoting the develop-
ment of precision medicine [6]. This study introduces multiple regression analysis methods, with a focus on selecting 
the appropriate regression analysis approach for specific clinical research. 

2. The Basic Principles and Methods of Regression Analysis 

2.1 Linear Regression Model 

Linear regression is used to explore the linear relationship between the dependent variable and the independent vari-
able. It can be divided into simple linear regression and multiple linear regression. In clinical research, linear regres-
sion is widely applied in fields such as disease risk prediction, treatment effect evaluation, and health indicator anal-
ysis [7]. Chen et al. used multiple linear regression to explore the clinical and psychological factors influencing the 
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sleep quality of patients with chronic migraine [8]. The advantage of the linear regression model lies in its intuitive 
parameter interpretation, which can effectively estimate the influence of the independent variable on the dependent 
variable [9]. However, when using a linear regression model, certain assumptions must be met, including the linear 
relationship between the dependent variable and the independent variable, the normal distribution of the error term, 
and the homogeneity of the variance of the residuals etc. If these assumptions do not hold true, it may be necessary 
to make model adjustments or use other, more complex regression methods. 

2.2 Logistic Regression Model 

Logistic regression is a regression analysis method often used for binary or multi-classification problems. When the 
dependent variable is a categorical variable and linear regression is not applicable, Logistic regression is used to 
model the probability of the dependent variable through the log-odds function. In clinical research, Logistic regres-
sion is widely applied in disease prediction, patient risk assessment, and the analysis of treatment effects, etc. [10]. 
Ma et al. used Logistic regression to analyze the risk of diabetes in middle-aged and elderly adults and found that 
factors such as smoking, drinking, hypertension, and mental illness were independent predictors of diabetes [11]. One 
significant advantage of the Logistic regression model is that it can directly output the probability that the dependent 
variable is of a certain category, which is convenient for clinical decision-making and risk assessment. In addition, 
Logistic regression is particularly effective for non-normally distributed data and categorical dependent variables 
[12]. However, the application of Logistic regression also has certain limitations. It is necessary to check whether the 
model assumption that the relationship between the independent variable and the dependent variable is a linear rela-
tionship of logarithmic probability is met. If the sample size is small or the number of a certain category in the sample 
is too small, the estimation results of Logistic regression may be unstable. 

2.3 Cox Proportional Hazards Regression Model 

Cox Proportional Hazards Regression is a widely used statistical method in survival analysis, especially suitable for 
studying the relationship between time-event data (such as patient survival period, event occurrence time, etc.) and a 
set of independent variables. The Cox regression model does not require a specific distribution of dependent variables. 
It measures the impact on the risk of event occurrence by estimating the Hazard Ratio (HR) of each independent 
variable. In clinical research, Cox regression is widely used to evaluate clinical factors, treatment effects, and other 
related variables that affect patients' survival period. In a chronic kidney disease cohort study, the Cox proportional 
hazards model was used to assess the time-event relationship between 24-hour urinary calcium excretion and the risk 
of cardiovascular disease (CVD) and all-cause mortality. The model adjusted for multiple confounding factors and 
revealed the association between different urinary calcium levels and the risk of endpoint events [13]. The advantage 
of the Cox regression model lies in its flexibility, which allows for the handling of deleted data and does not require 
specific assumptions about the baseline risk function. Cox regression can handle the time-dependent and right-cen-
soring issues of survival data and is widely applied in fields such as cardiology and chronic disease management [14]. 
However, Cox regression also has certain limitations. The most important assumption is the proportional risk as-
sumption, that is, the risk ratio between different groups should remain constant. If the proportional hazards assump-
tion does not hold, other methods need to be adopted, such as the Accelerated Failure Time model (AFT) or the Cox 
regression model with time-dependent covariates. 

2.4 Poisson Regression Model 

The Poisson regression model is a generalized linear regression model used to analyze counting outcome variables, 
which is suitable for establishing the relationship between independent variables and outcomes when the dependent 
variable is the number of events (such as the number of hospitalizations, emergency department visits, and outpatient 
visits). Poisson regression assumes that the dependent variable follows a Poisson distribution and relates the inde-
pendent variable to the expected count of the outcome through a logarithmic link function. It is often used for risk 
estimation and prediction of count data in clinical studies, especially when the outcome variable is not a continuous 
value but a non-negative integer. In clinical research practice, Poisson regression is widely used to analyze count 
outcomes such as days of stay, number of hospitalizations, and health care utilization. Weaver et al. used Poisson 
regression to analyze the hospitalization days of dialysis patients and explored the influence of different treatment 
methods on hospitalization rates. At the same time, they compared the applicability of the Poisson model with other 
counting models and revealed the actual role of the Poisson model in the analysis of counting hospital indicators [15]. 
The advantage of the Poisson regression model is that it can effectively model the event-count outcome, and the 
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interpretation parameter is the Incidence Rate Ratio (IRR), which is convenient to describe the influence of inde-
pendent variables on the event rate [16]. However, the model needs to satisfy the assumptions of conditional variance 
equal to the mean and independence between events. If there is excessive dispersion or a large number of zero values 
in the data, more complex methods such as negative binomial regression or zero-inflation models need to be consid-
ered to improve the fitting effect. 

2.5 Negative Binomial Regression Model 

Negative Binomial Regression is a generalized linear model used for analyzing counting outcome data and is an 
extended form of the traditional Poisson regression. Compared with Poisson regression, which assumes that the var-
iance of the dependent variable is equal to the mean, when the count data shows excessive dispersion, that is, when 
the variance is significantly greater than the mean, Poisson models often produce biased estimation results. In this 
case, negative binomial regression introduces an additional dispersion parameter, enabling the model to better fit the 
distribution characteristics of the data, thereby enhancing the stability and accuracy of the estimation. Its model co-
efficients are usually linearly associated with covariates through logarithmic link functions and can be interpreted as 
IRR after exponential transformation. In clinical research, negative binomial regression models are widely used to 
analyze count-based outcome variables such as the number of hospitalizations, the frequency of cardiovascular events, 
and the utilization rate of medical resources [17]. In a study from the RESPOND multicenter cohort, researchers used 
multivariate negative binomial regression to evaluate the association between integrase strand-transfer inhibitors (IN-
STIs) exposure and the incidence of CVD events, and adjusted traditional cardiovascular risk factors in the model, 
showing that drug exposure at certain time periods was significantly associated with the incidence of cardiovascular 
events [18]. This study demonstrates the effectiveness and practical value of negative binomial regression in handling 
event count data and estimating IRR. The advantage of the negative binomial regression model lies in its flexibility 
and robustness, and it is especially suitable for overly discrete cases of counting data. It can provide more accurate 
coefficient estimates and standard errors, especially in cases where the event frequency is too high or the frequency 
distribution is uneven. However, although negative binomial regression has strong applicability, model diagnosis is 
still necessary when using this model. Especially when choosing covariates, too many or too few independent varia-
bles may lead to overfitting or underfitting of the model. In addition, researchers should also examine the degree of 
excessive dispersion of the data and ensure that the model Settings conform to the characteristics of the data.  

3. Conclusion 

Regression analysis methods have significant application value in clinical research, especially in areas such as disease 
risk prediction, treatment effect evaluation, and health indicator analysis [19]. By using different types of regression 
models, researchers can effectively reveal the relationship between independent variables and dependent variables, 
and provide quantitative risk assessment and treatment guidance for precision medicine. 

However, each regression model has certain assumptions in practical applications and faces challenges in data 
preprocessing, model diagnosis, and result interpretation. For instance, linear regression assumes a linear relationship 
between the dependent variable and the independent variable, while Cox regression requires verifying the propor-
tional hazards assumption. Poisson regression requires that the variance of the data be consistent with the mean, while 
negative binomial regression can address the issue of excessive discreteness. Facing these challenges, researchers 
should adjust the model based on the actual situation and select appropriate methods for hypothesis testing and model 
optimization. 

In the future, with the development of big data and artificial intelligence technologies, regression analysis methods 
will become more precise and diverse. Combining the advantages of machine learning and traditional regression 
models can provide more powerful analytical tools for clinical research. Further research should focus on how to 
handle high-dimensional data, how to optimize the hypothesis testing and result interpretation of regression models, 
and how to combine regression analysis with precision medicine strategies to promote the progress of personalized 
treatment and disease prevention. 
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