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Objectives
1. Recognize and explain the 

differences between linear and 
logistic regression. 

2. Identify how to interpret linear and 
logistic regression results in clinical 
studies.  

3. Explain the role of regression in 
minimizing bias due to confounding 
variables.

D etermining the strength 
and direction of the 
relationship between 
independent (i.e., 
exposure) and dependent 

(i.e., outcome) variables is vital when 
interpreting the results of study data. There 
are a number of statistical tools that can 
quantify the strength of this correlation 
and guide the reader to appropriate 
interpretation and application of results. 
This article builds off of the previous article 
in this series (Part 10 on causality and 
confounding). Regression is the standard 
statistical technique used to understand 
how independent variables affect outcome 
variables, and is used widely in published 
literature. This article reviews two main 
types of regression, linear and logistic 
regression, the interpretation of regression 
results in clinical studies, and gives 
examples that illustrate the appropriate 
application of each approach. It is 
important to reiterate that a statistically 
significant correlation between the 
independent and dependent variables does 
not imply causation.

At the outset, it is important to be able 
to determine when it is appropriate to use 
linear or logistic regression. The key is to 
correctly identify the type of dependent 
variable present. Linear regression is used 
in situations where the dependent variable 
is continuous and logistic regression is used 

in situations where the dependent variable 
is binary. 

Both approaches help researchers 
control and account for the impact of 
confounding variables. Estimates obtained 
in a study may be biased because of 
potential measured and unmeasured factors.  
These extraneous variables can obscure the 
clear relationship between variables and 
cause variability in responses.1  Regression 
techniques enable researchers to account 
for measured potential confounders. Of 
note, unmeasured confounders cannot 
be accounted for using simple regression 
techniques. Researchers can account for 
unmeasured confounders effects through 
randomization, literature evaluation, or by 
using advanced statistical methods that are 
beyond the scope of this article. 

Linear Regression
Linear regression attempts to fit 

a straight line to the data that best 
approximates the relationship between 
the independent and dependent variables. 
Linear regression analysis can be used to 
quantify the strength of the relationship 
between two variables to help understand 
how changes in the independent (or input) 
variable(s) affect the dependent (or output) 

variable. In other words, for every “x unit” 
increase in the independent variable, there 
is a “y unit” change (decrease or increase) 
in the dependent variable. This relationship 
is linear and has a defined, constant rate 
of change and is often identified as a 
regression line, estimate, or fit line.

The r2 is a dimensionless measure (i.e., 
it lacks units such as milligrams) that 
provides a sense of how well the data fit 
a statistical model (also called “goodness 
of fit”). That is, it tells you how well the 
regression line fits the data points on a scale 
from 0 to 1. An r2 of 1 indicates that the 
regression line perfectly fits the data. 

Consider an example where there is one 
independent variable and one dependent 
variable, such as the relationship between 
salt intake and blood pressure. It is well 
known that excessive salt intake can 
increase blood pressure.2  In simple linear 
regression, the amount of salt consumed 
would positively correlate with a rise 
in blood pressure, meaning individual 
blood pressure readings would increase in 
proportion to salt intake. The data points 
would fit to a straight line with a positive 
slope. If you estimated the association 
between salt intake and blood pressure and 
found an r2 value of 0.81, this would mean 
the regression model explained 81% of the 

TABLE 1.  Multiple Linear Regression Results of Factors Related to LDL Levels

Variable Effect Size 95% Confidence Interval P-value

Age -2.5 (-5.5, 0.5) 0.08

BMI

        <30 -12.5 (-22.5, -2.5) 0.04

        30-40 reference reference reference

        >40 30 (37, 23) 0.002

Moderate Intensity Statin -53 (-44, -62) 0.000

High Intensity Statin -82 (-74, -90) 0.000



www.pswi.org                                                                                                                                                                     May/June 2015   The Journal  37 

total variance and represents an excellent 
fit.3 However, often times the r2 values seen 
in clinical studies are considerably lower, 
as there are many different factors that can 
influence a patient’s health or behavior.

Linear regression can also be used 
when there is more than one independent 
variable that may affect a single dependent 
variable. This is one approach that can be 
used to control for potential confounding 
variables that may bias the results. Referred 
to as multiple linear regression, it is able 
to account for the effects of multiple 
independent variables at one time by 
measuring the separate effect of each 
independent variable while holding all 
other independent variables constant. 
Multiple linear regression attempts to fit 
a linear equation to the observed data (as 
in single variable regression) but this time 
there are multiple relationships that may 
explain the variability of the data.4 

Table 1 provides an example of how 
results may be presented in a theoretical 
study looking at the effect of age, body 
mass index (BMI), use of a moderate 
intensity statin, and use of a high intensity 
statin on low-density lipoprotein (LDL) 
levels.  In this fictitious example, there 
are continuous variables (i.e., age) and 
categorical variables (i.e., type of statin 
used, categories of BMI). The coefficient 
or effect size estimate of -2.5 for age means 
that for each additional year of age, LDL 
decreases by 2.5mg/dL, holding BMI 
and statin use constant. This effect is not 
statistically significant based on the a priori 
significance value of 5%. [For more on 
significance testing, refer to Part 4 of this 
series.] In contrast, the coefficient on BMI 
>40 suggest that a BMI greater than is 40 is 
associated with an LDL increase of 30 mg/
dL, holding the other variables constant, 
and constitutes a statistically significant 
result. Of note, researchers rarely, if ever, 
publish the results of a whole continuous 
regression model.  Instead, authors 
routinely present only the main findings of 
interest and a list of control variables; full 
regression models may be included only in 
appendices.

Logistic Regression
Logistic regression is used to predict the 

effect of one or more independent variables 
on a binary or dichotomous dependent 

variable (i.e., having one of two possible 
outcomes, such as 0=no, 1=yes). Although 
logistic regression uses a different statistical 
process than linear regression, it can still 
identify the effect of an independent 
variable on a dependent variable while 
controlling for potential confounders. One 
major difference from linear regression is 
that the effect sizes in logistic regression are 
reported in the form of an odds ratio (OR). 
An odds ratio is defined as the odds that 
an outcome will occur given an exposure, 
compared to the odds the outcome will 
occur in the absence of that exposure.5

For example, a research study by 
Farland et al. assessed the impact of 
β-blocker use on the incidence of 
exacerbations in patients  with chronic 
obstructive pulmonary disease (COPD).6 
These factors include beta-blocker use (OR:  
0.61, 95% CI: 0.40-0.93) and beta-blocker 
cardioselectivity (OR: 0.84, 95% CI: 0.38-
1.83). An OR value less than one indicates 
a reduced odds compared to placebo, 
meaning there is 39% reduced odds of 
a patient on a beta-blocker experiencing 
a COPD exacerbation controlling for 
covariates. Other covariates controlled for 
in the study were having diabetes, use of 
an aldosterone antagonist, use of inhaled 
corticosteroids, and provider type. This is 
a statistically significant difference because 
the OR does not include 1. However, it 
seems there is no statistically significant 
relationship between cardioselectivity 
and the odds of a patient experiencing 
a COPD exacerbation controlling for 
covariates. Although the researchers 

found a 16% reduction in the odds of a 
COPD exacerbation, this relationship was 
not statistically significant because the 
confidence interval included 1. 

Summary
Regression is a statistical tool used 

to understand the relationships between 
independent variables and their impact 
on dependent variables. Two commonly 
used types of regression models are linear 
and logistic regression. Linear regression is 
used for continuous dependent variables, 
whereas logistic regression is used when 
the dependent variable is dichotomous.  
Regardless of which type of regression 
is used, it is a statistical technique that 
enables researchers to account for measured 
potential confounders during data analysis. 

Practice Questions
1. What type of analysis would be most 

appropriate to analyze the relationship 
between the amount of time a person 
studies for an exam and whether or not 
the individual passes the exam?  

 a. Linear regression
 b. Logistic regression
 c. T-test
 d. Chi-square test

2. In a study examining the relationship 
between the number of medications a 
patient is taking and the likelihood of 
medication adherence, the r2 value for 
the regression line is 1.0.  What does this 
indicate?

 a. For each additional medication a  
 patient is taking, adherence   
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 increases by 1.0.
 b. Since r2 equals 1.0, this indicates there is no relationship   

 between the number of medications a person is taking and   
 medication adherence.

 c. Since r2 equals 1.0, the regression line perfectly fits the data.
 d. For each additional medication a patient is taking, there is no  

 effect on adherence.

3. Suppose a study examined the relationship between working in a 
coal mine and the risk of developing asthma. If the study found an 
increased risk of asthma in the group who worked in the coal mines 
(OR: 1.6, 95% CI: 1.3-1.8). What does this mean?

 a. Employees who worked in the coal mines were 1.60 times less  
 likely to develop asthma than those who did    
 not.

 b. Employees who worked in the coal mines had a 60% decreased  
 odds of developing asthma than those who did not.

 c. The results are significant because the confidence interval does  
 not contain 1.0.

 d. The results are not significant because the confidence interval  
 is >1.0.

 
Answers:

1. b  The amount of time the individual studies is the continuous 
independent variable. The dependent variable, whether or not the 
person passes the exam (yes or no), is dichotomous. Therefore, 
logistic regression is most appropriate. 

2. c  The r2 value gives you the “goodness of fit” between the 
regression line and data points. An r2 value of 1.0 indicates a 
perfect fit and that all data points fall on the regression line.

3. c  The only time the result becomes non-significant is if the CI 
contains 1.0.   
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