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Note: While this section was written with COVID-19 vaccines in mind, many of the general principles 
apply to other vaccines as well. Individual vaccines may vary in their antigenic components or 
dosage forms, but the principles of human behavior and good communication skills transcend most 
differences between vaccines.

The Issue
Conversations about COVID-19 vaccines (and any vaccine) should include 
discussions of personal risk and vaccine effectiveness. Many people have 
difficulty interpreting and applying health-related data, especially if they 
have low numeracy skills or do not see themselves at risk. Pharmacists 
should be aware of and sensitive to the ways in which quantitative data may 
be misunderstood or misinterpreted.

What We Know
COVID-19 vaccines protect people from getting seriously ill, being hospitalized, and 
dying. The Centers for Disease Control and Prevention (CDC) issues recommendations to 
help people optimize their immunity against COVID-19.

As of summer 2024, only a small proportion of Americans had received the recommended vaccination.  
One strategy for improving COVID-19 vaccine uptake is to share quantitative data about COVID-19 disease risk 
and vaccine effectiveness. How those data are shared can make a big difference. Let’s face it, making sense of 
statistics is hard for a lot of people.

Risk Reduction: Relative vs. Absolute
News reports often describe the percent reduction in disease burden as a way of showing how well a vaccine 
works, like 50%, 75%, or 90%. Frequently, they report a relative reduction in risk, which tends to be a larger and 
more impressive number than the same effect described as an absolute reduction in risk.

Clinical trials for COVID-19 vaccines reported impressive efficacy in preventing symptomatic disease: 95% relative 
risk reduction for Pfizer-BioNTech’s vaccine and 94% for Moderna’s vaccine. But these values did not mean 
that 94% to 95% of people were protected from disease with these vaccines—a common misconception among 
patients and even some health care professionals.1 It means that the number of cases of COVID-19 disease would 
be reduced by 94% to 95% from what would happen without vaccination. 
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Applying Data
Let’s say a group was of the size that 100 COVID-19 cases would occur—vaccination would reduce the toll to  
5 or 6 cases instead of 100.

If you calculated the absolute risk reduction in the same clinical trial population, the absolute risk reduction 
provided by the vaccines might seem less impressive: 0.84% for Pfizer-BioNTech’s vaccine (0.88% in the 
placebo group minus 0.04% in the vaccinated group) and 1.23% for Moderna’s vaccine (1.31% minus 0.08%).2 
Unfortunately, vaccine skeptics seized on these absolute values as “proof” that the vaccines were not very 
effective and that the real rate of protection was much lower than authorities were claiming.2 Both sets of numbers 
shown above are real and accurate, it’s just that the big impressive numbers are measures of relative risk 
reduction, while the smaller numbers are measures of absolute risk reduction.

To give patients a complete picture and to be transparent, try giving them both sets of numbers.  
Say something like this:

“The updated COVID-19 vaccine reduces the risk of hospitalization by 59% [relative risk reduction]. So, the disease 
is happening at the rate of 11 cases per 100 people. With a reduction in risk of 59%, there would be 5 cases 
instead of 11 cases of people hospitalized [absolute risk reduction].” 

Show Your Math: Background
Event rates in populations (i.e., the number of people experiencing an event as a proportion of the number of 
people in the population) can be compared in two main ways. Absolute risk reduction is the arithmetic difference 
between two event rates.3 Relative risk reduction is the difference in event rates expressed in a proportional or 
relative manner in relation to the control event rate.3

If X is the rate of COVID-19 disease cases in a vaccinated population (number of cases/total population) per month 
and Y is the rate of COVID-19 disease cases in an unvaccinated population per month:

>	 Then the absolute risk reduction is Y – X, or 5 instead of 11 cases, in the example above.

>	 And the relative risk reduction is [Y – X]/Y (often shown as a percentage). For the example above, this would 
be (11 minus 5) divided by 11 = 59% (more or less, depending on number of decimal places). 

Absolute risk reduction is sensitive to the background risk. Holding relative risk reduction values steady, absolute 
risk reduction values will be higher when the infection rate is higher. In other words, absolute risk reduction values 
will seem higher for more frequent diseases than they will for rare diseases.2,3

Guidelines for evidence-based risk communication recommend providing both absolute risk reduction and relative 
risk reduction data in assessments of treatment or vaccine efficacy.4 Relative risk reduction often is larger and 
more impressive than absolute risk reduction; both patients and health care professionals view interventions more 
favorably when information is presented in this format. Omitting information about absolute risk reduction can be 
considered a form of outcome reporting bias.2,5
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100 – 10 = 90%
RELATIVE RISK REDUCTION

RELATIVE RISK REDUCTION

Vaccine Study

1 ______
10

= 10%
A

10 ______
10

= 100%
B

Relative Risk Example

Escherichia coli?
Pink (rare) hamburger? Yes No Total
Yes 23 (a) 10 (b) 33
No 7 (c) 60 (d) 67
Total 30 70 100

RR =	 =	 = 6.67
a / (a + b) ___________
c / (c + d)

23 / 33 ___________
7 / 67

10 – 1 = 9%
ABSOLUTE RISK REDUCTION

ABSOLUTE RISK REDUCTION

Vaccine Study

1 ______
100

= 1%
A

10 ______
100

= 10%
B

A = Vaccinated population
B = Unvaccinated population
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In the example above, people who ate undercooked hamburgers were 6.67 times more likely to develop an E. coli 
infection than those whose hamburgers were not pink when they ate them. Mathematically, the relative risk (RR) was 
6.67 for this picnic. You can see from the cells in the table that some people who ate undercooked hamburgers did 
just fine, and some well-done burger eaters got E. coli infection anyway, maybe from something else they ate. 

Key Points
1. 	 Relative reductions in risk (e.g., 95% fewer infections) seem more impressive than absolute reductions in risk 

(e.g., the infection rate fell by 0.84%), even when they are mathematically equivalent. 

2. 	 To be transparent, use both approaches. Example: Among a group of vaccinated people, vaccination reduced 
infections by 60%, so there were 4 infections instead of the 10 infections expected in unvaccinated people  
[(10 – 4 ) ÷ 10 = 60%]. 

>	 Relative risk reduction: 60%. Absolute risk reduction: 6 (i.e., 4 rather than 10). 

3.	 Ratio bias: People may believe 20 in 100 is more likely than 2 in 10, despite being equivalent. In this case, 
people are more focused on the numerator than the denominator.

4. 	 Frequencies (1 in X):

>	 People may believe 1 in 200 is more likely than 5 in 1,000 for reasons unknown.

>	 Try to avoid two 1 in X values, as some people mistakenly believe (for example) that 1 in 60 is riskier than  
1 in 40. 

>	 People may find 1 in 1,000 easier to interpret than 0.1%. Decimals are hard for many people to comprehend.

5. 	 Gains or Losses: With vaccination, it is unclear whether gain framing seems more desirable than loss framing. 
Try both:

>	 Gain Framing: Vaccination reduced the risk of infection and hospitalization by X%. Alternately, vaccination 
improved chances of staying out of the hospital by X%.

>	 Loss Framing: Compared to vaccinated people, unvaccinated people were X% more likely to be infected 
and hospitalized.

6. 	 Always check for individual understanding. 
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Interpretation of Natural Frequency vs. Percentages
Here’s another example of how data presentation affects people’s perceptions, using actual data from an early 
analysis of bivalent mRNA vaccine effectiveness in preventing COVID-19–associated emergency department or 
urgent care encounters and hospitalizations among immunocompetent adults6:

>	 11% of unvaccinated people were hospitalized due to COVID-19 disease, compared with 6% of people  
who had received a bivalent booster vaccine.

>	 About 11 in 100 unvaccinated people were hospitalized due to COVID-19 disease, compared with  
6 in 100 people who had received a bivalent booster vaccine.

>	 About 1 in 9 unvaccinated people were hospitalized due to COVID-19 disease, compared with  
1 in 16 people who had received a bivalent booster vaccine.

Each sentence conveys the same information about the likelihood of being hospitalized due to COVID-19 disease. 
And each illustrates potential benefits and drawbacks to how information is conveyed.

Ratio bias is the tendency for people to judge a low probability event as more likely when presented as a ratio 
of larger numbers (e.g., 20 in 100) than smaller numbers (e.g., 2 in 10).7,8 For example, Yamagishi showed that 
participants rated cancer as riskier when it was described as “kills 1,286 out of 10,000 people” (12.86% mortality) 
than when it was described as “kills 24.14 out of 100 people” (24.14% mortality).9

In a classic experiment, participants could try to draw a winning red jellybean from a jar that contained 100 
jellybeans (10 red and 90 white) or a jar that contained 10 jellybeans (1 red and 9 white).10 A significantly larger 
percentage (76.9%) chose the large bowl, despite the equivalent odds of winning.10

Ratio bias is attributed to the tendency to focus on the numerator of the ratio, rather than the overall proportion.7,8 

The larger numerator in “20 in 100” makes that event seem more likely than “2 in 10.” Participants in the jellybean 
study who chose the large bowl reported feeling more of a chance of winning because there were more red 
jellybeans in the bowl.

The 1 in X format is an interesting exception. Pighin et al. found that a ratio with 1 as the numerator (e.g., 1 in 200) 
was subjectively perceived as “bigger and more alarming” than an equivalent ratio with a different numerator (e.g., 
5 in 1,000).11 This “1-in-X effect” applies to multiple populations, probabilities, and medical conditions. People 
have a harder time comparing ratios with a fixed numerator but different denominators (e.g., 1 in 27 vs. 1 in 80), 
in part because a larger denominator is associated with smaller probability/lower risk.12,13 Experts increasingly 
recommend avoiding the 1 in X format whenever possible.13

It is unclear whether percentage formats or frequency formats are preferable. There is some evidence that 
comprehension may be higher when data are presented as percentages rather than frequency ratios, possibly 
because of the more succinct format.14,15 However, there also is evidence that people find percentages less than 
1% (e.g., 0.1%) more difficult to understand than the equivalent frequency (e.g., 1 in 1,000).15 This may have more 
to do with difficulty manipulating decimal points than with comprehension per se.
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Gain and Loss Framing
Probabilities and the relationships between them can be framed as a gain (e.g., longer survival, more benefits) or a 
loss (e.g., shorter life, costs).12 The framing effect is a type of cognitive bias that occurs when different descriptions 
of the same problem or outcome lead to different responses.16 In a seminal study by McNeil et al., participants 
(patients, graduate students, and physicians) were asked to choose between surgery and radiation therapy for 
operable lung cancer based on simple descriptions of the possible consequences. If participants were told they 
had a 90% probability of surviving the perioperative period (gain frame), they chose surgery 42% of the time. But if 
participants were told they had a 10% probability of dying during the perioperative period (loss frame), they chose 
surgery only 25% of the time. The authors speculated that the risk of perioperative death loomed larger when 
presented in terms of mortality than in terms of survival.17

In general, gain-framed messages that emphasize the desirable and pleasant consequences of complying with a 
recommended behavior are more effective when the target behavior is prevention (e.g., regular physical exercise) 
or in situations where the outcomes are certain (e.g., using car seats decreases child injuries and deaths).4 
Loss-framed messages that emphasize the unpleasant consequences or disadvantages of not complying with 
a recommended behavior are more effective in settings of uncertainty and risky outcomes (e.g., whether a 
mammogram will result in a cancer diagnosis).4

The existing literature does not clearly support either gain-framed or loss-framed messages as more effective for 
promoting COVID-19 vaccine acceptance.18,19 Experts recommend describing the benefits and risks using both 
frames whenever possible.12 For example:

“The COVID-19 vaccine cut the risk of being hospitalized due to COVID-19 disease by more than half. Compared 
with people who had received a vaccine, unvaccinated persons were more than twice as likely to be hospitalized 
due to COVID-19 disease.”

Use of Visual Aids
Guidelines for evidence-based risk communication recommend using graphs or other visual aids (e.g., 
pictograms) to make numeric information easier to understand.12 One novel patient-directed option is the 
interactive online tool that allows users to adjust age, vaccine status, and health background to predict the 
risks of illness from the virus and COVID-19 vaccination compared with familiar existing risks (e.g., dying in a 
car crash, being struck by lightning). Results are displayed as a bar graph, allowing easy visualization of the 
different risk levels.
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