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Learning Objectives: 

At the completion of this activity the participant will be able to: 

1. Define statistical regression. 

2. Identify an appropriate regression model for a given outcome. 

3. Define confounding and identify confounding variables. 

 

Introduction 
Given the rapid publication of drug studies today, evidence-based pharmacy practice requires 

pharmacists to have advanced critical appraisal skills.1 An important aspect of critical appraisal is the 

assessment of statistical techniques. Increasing numbers of drug studies compare patient groups with 

imbalances in prognostic factors, requiring the use of advanced statistical methods to adjust for 

confounding variables. Regression is a commonly applied method to adjust for confounding variables2 

which will be discussed in detail in this article. In this activity, we provide an overview of regression and 

confounding, describe the most common regression models, and provide applied examples of regression 

methods. 

 



Confounding and Reasons for Use of Adjustment Methods in Drug Studies 
In an ideal drug study, the patient groups being compared would have similar characteristics for all 

factors that affect the outcome, except the drug or intervention being studied. For example, a “perfect” 

study investigating the effects of metoprolol on hospitalization rates for heart failure would compare 

two groups (e.g., patients taking metoprolol versus patients taking placebo) which are identical, on 

average, for all factors related to the outcome, including age, sex, stage of heart failure, comorbidities 

(e.g., diabetes mellitus), and concurrent medications. The groups would also need to be identical on 

potentially unmeasured prognostic factors, such as genetic factors or patient adherence. This scenario 

does not occur for most studies. 

Randomization minimizes imbalances of known or unknown factors between groups.3,4 However, 

randomization is not always ethical or feasible, so many studies use “real-life” data, like pharmacy 

claims or electronic medical records. Because “real-life” treatment decisions like initiating a drug may be 

influenced by prognostic factors, those who receive a drug may have a different risk of developing the 

outcome versus those who do not.5,6 It therefore becomes unclear if a face-value (unadjusted) 

measurement of a drug’s effect is due to these differences in prognostic factors,  a situation referred to 

as “confounding.” Confounding necessitates an adjusted analysis to obtain an unbiased measure of a 

drug’s effect. It is important to note that if a factor is balanced between groups or if it has no effect on 

the outcome, it is not a confounding factor. 

For example, observational studies show that patients taking antioxidant supplements have lower rates 

of mortality than those not taking supplements.7 However, it was found that patients taking 

supplements in these studies were generally healthier than those not taking supplements.2 The 

differences between groups can be viewed as confounding. Subsequent prospective studies which 

ensured prognostic balance showed no difference in outcomes between supplement and placebo 

groups.8,9 

 

What is Regression? 
Regression is a widely-used adjustment method to reduce the effects of confounding factors on the 

measurement of the effect of a drug (or any other intervention). Regression, otherwise known as 

regression modeling, creates an equation (model) which represents the relationship between the drug 

and an outcome. To accomplish this, regression models estimate a line of “best fit” using existing data. 

From this line, we obtain one number which summarizes how the outcome changes based on exposure 

to the drug (e.g., a risk ratio, odds ratio, etc.). Regression modeling can control for many confounding 

factors simultaneously and is easily conducted via statistical software programs.2  

 

An Example of Simple Linear Regression 
We show here a simple example of regression between a continuous outcome (systolic blood pressure) 

and continuous predictor (age). A regression model estimated for a continuous outcome is the simplest 

form of regression, known as linear regression. Suppose we collect the following data for 10 participants 

using a survey: 



Table 1. Data from 10 Participants on Age, SBP, and Antihypertensive Use. 

Participant Age SBP (mmHg) Antihypertensive Drug Use 

1 25 112 0 

2 30 122 0 

3 35 118 1 

4 40 135 0 

5 45 140 0 

6 50 135 1 

7 55 154 0 

8 60 157 0 

9 65 160 0 

10 70 150 1 

 

As a first step, we can visualize the data on age and systolic blood pressure on a scatterplot: 

Figure 1. Scatterplot of Systolic Blood Pressure by Age for 10 Participants. 
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We see there is a positive correlation between age and systolic blood pressure on the scatterplot, but 

we need more advanced methods to estimate the degree to which blood pressure is affected by age. 

Using any statistical software program, we can formulate a linear regression model to determine the 

average change in blood pressure for each additional year of age. The result provided is 1.03 mmHg 

(0.69, 1.39). In this case of simple (one variable) linear regression, this result (also known as a 

coefficient) is the average increase in the systolic blood pressure per 1-year age increase. We would 

interpret the results as follows: each additional year increase in age was associated, on average, with a 

1.03 mmHg increase in systolic blood pressure. For results obtained via linear regression, we can directly 

manipulate this value to be more interpretable. If we multiply the coefficient by 10, we can state that 

each 10-year increase in age was associated with a 10.3 mmHg increase in systolic blood pressure, on 

average.  

Regression models provide confidence intervals to quantify the precision of the coefficient. Simply put, 

we can say that with reasonable certainty that the true value of the relationship between age and blood 

pressure is between 0.69 and 1.39. Finally, a regression model may also provide a p-value to estimate 

the “statistical significance” of the result. We advise pharmacists to interpret the p-value with caution 

and instead rely on the confidence interval and their own clinical judgement to determine the statistical 

and clinical significance of the results. 

Finally, when our regression equation only contains one variable (the exposure), we can easily visualize 

the linear regression line (Figure 2, below). This simple regression is the unadjusted result and does not 

control for confounders. To control for confounding, other variables must be added to the model in a 

“multivariable” regression, which will be discussed in the following section. 

Figure 2. Observed and Predicted Systolic Blood Pressure by Age using Simple Linear Regression. 
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Multivariable Regression 
A regression equation can also include additional variables representing confounding factors (e.g., age, 

disease severity) or other factors of interest. When more than one term is included, the regression 

model is said to be multivariable, multiple, or adjusted regression. By including confounding variables, 

the model effectively holds these confounding factors constant, providing an adjusted result for the 

drug effect. Visualizing the line of “best fit” from multivariable regression is more complex than with one 

predictor.  

Suppose we now consider the effect of antihypertensive medication use (yes – 1; no – 0) on blood 

pressure. We can see that antihypertensive use may be a confounding variable, as more older patients 

use medication (factor is imbalanced between groups) and antihypertensive drugs lower blood pressure 

(factor affects the outcome). If we want to estimate the effect of age on systolic blood pressure, while 

accounting for use of blood pressure medications, we can conduct multivariable linear regression to 

determine the average increase in blood pressure with each additional year of age, holding 

antihypertensive use “constant.” Effectively, we are “adjusting away” the effect of blood pressure drug 

use from the effect of age on blood pressure. 

We obtain a coefficient estimating the average change in blood pressure with each 1-year age increase, 

adjusted for antihypertensive use (1.02 mmHg [ 0.72, 1.31]). From this output, we also obtain a value 

which denotes the average change in blood pressure when a person takes an antihypertensive 

medication (-15.1 mmHg [-24.4, 5.7]). There are only two possible values for antihypertensive use in this 

example (yes or no), so the change represents the absolute difference in blood pressure between those 

using versus not using the medication. Not surprisingly, the value is negative, signifying an average 

decrease in systolic blood pressure of 15 mmHg with antihypertensive use. Thus, regression equations 

can be utilized to obtain an adjusted measure of effect for the drug of interest while also obtaining 

adjusted measures of effect for all confounding variables or other variables of interest. 

Types of Regression Models  
There are several different regression models. The choice of regression model depends on the type of 

outcome variable. Each of these models is similar conceptually to the linear model, but is modified to 

better suit the different nature of the outcome variable. Likewise, each regression model provides a 

different measure of effect.  

Continuous Outcomes 

Continuous outcomes, such as body weight or quality-of-life scores, require adjustment using linear 

regression.2 As mentioned in the previous example, the effect estimate is an adjusted absolute change in 

the outcome between groups or with each 1-unit increase, depending upon whether the exposure is 

categorical or continuous.  

Clinical Example – Linear Regression 

 

In a 2013 study, Kimmel et al. randomized patients initiating warfarin therapy to either a dosing 



algorithm based on clinical variables and genotype data or an algorithm based on only clinical data for 

the first five days of therapy.11 The primary outcome was percentage of time that the patient’s 

international normalized ratio (INR) was in the therapeutic range from day 4 or 5 through day 28 of 

therapy, measured as a continuous variable. Investigators used a multivariable linear regression model 

to estimate the difference in the outcome (percentage of therapeutic INR values) between patients 

assigned to the genotype/clinical versus clinical-only dosing algorithms, adjusting for confounders. 

Among African-American patients, the mean percentage of time in the therapeutic range was less in 

genotype/clinically-guided patients than the clinical-only guided patients (adjusted mean difference -

8.3% [-15.0 to -2.0]). We would interpret this result as meaning that the percentage of time in the 

therapeutic INR range for the genotype/clinical algorithm group was, on average, 8.3% lower than the 

clinical-only algorithm group after multivariable adjustment. We also should note that the confidence 

interval is wide, indicating an imprecise result. 

Dichotomous Outcomes 

Dichotomous, or binary, outcomes are either present or absent, like mortality or a myocardial infarction. 

These outcomes require use of a logistic regression model. Logistic regression provides the effect 

estimate as the odds ratio (OR) of the outcome between groups for categorical predictors or with each 

1-unit increase for continuous predictors. For example, an OR of 0.5 for men versus women means that 

the odds of stroke for men were half of that of women. Likewise, an OR of 2.3 for age (per 10-years) is 

interpreted that each 10-year age increase increases the odds of stroke by a factor of 2.3. 

Clinical Example – Dichotomous Outcome 

Therneau and colleagues compared nausea and vomiting after bariatric surgery between patients who 

received aprepitant plus triple anti-emetic prophylaxis (dexamethasone, droperidol, and ondansetron) 

and those who received triple anti-emetic prophylaxis alone (without aprepitant).12 A multivariable 

logistic regression model was used to estimate the effect of aprepitant on post-operative nausea and 

vomiting (PONV) in the first hour after surgery (yes or no). The odds ratio for developing PONV with 

aprepitant use versus no aprepitant use was 0.50 [0.30-0.80]. We would interpret this result to mean 

that the odds of experiencing PONV in the hour after surgery in the aprepitant group were half of those 

who did not receive aprepitant. 

Time-to-Event / Survival Outcomes 

When the outcome is time to an event, like time to death or time to transplant rejection, time-to-event 

regression, also known as survival analysis, is used. Time-to-event regression indicates whether a certain 

factor, like a drug treatment, delays event occurrence. Cox proportional hazards modeling is the most 

widely used survival regression technique. Results are provided in the form of hazard ratios, which are 

measures of risk which incorporate the amount of time at risk before an event occurred. 

Clinical Example – Time-to-Event Regression 

 

Bow et al. randomized leukemia patients treated with chemotherapy or undergoing hematopoietic stem 



cell transplant to piperacillin-tazobactam or cefepime for febrile neutropenia.13 A secondary outcome 

was estimating the effects of various factors on time to defervescence (absence of fever), estimated 

using Cox proportional hazards models, adjusted for many factors including age, sex, comorbidities, and 

treatment. Use of pipercillin-tazobactam was associated with faster time to defervescence versus 

cefepime use (HR 1.24; 95% confidence interval: 1.02-1.51). This hazard ratio is interpreted as follows: 

patients who received pipercillin-tazobactam experienced a 24% faster rate to defervescence compared 

to patients who received cefepime. 

Conclusion  
In this era of evidence-based medicine, it has become increasingly important for pharmacists to 

understand and evaluate clinical trials and statistical analyses. Regression is one of the methods to 

adjust for confounding variables. Linear regression with a continuous outcome is the simplest form of 

regression. If there are confounding variables, the regression model is adjusted or multivariable. There 

are different models that are best suited for different study outcomes. 
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