
 
 
 
 
 
 

 

 

 
 

Red Flags in Workplace 
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Clearing up the Confusion  

The health promotion and workplace wellness industries are not shy about promoting the efficacy of their 

initiatives. Unfortunately, conflicting research can make it difficult to know what to believe and who to 

trust. Additionally, many health promotion and wellness professionals (and most people generally) do not 

have sufficient training and experience in statistical analysis or research methodology to be able to 

decipher for themselves what conclusions can genuinely be drawn from the scientific research.   

This paper will offer insight for thinking critically about claims made by study authors or others who 

promote research in these industries, through the lens of seven common “red flags.” These red flags are 

examples of flaws in research methodology or inaccuracies in the resulting claims that it is important for 

literature readers to understand. Health promotion and workplace wellness professionals can use this 

paper as a guide for objectively evaluating the literature and its associated claims.  

 

 

 

 

 

 

 

 

 

 

 



Red Flag #1: Comparing Participants to Non-Participants 

Imagine studying a group of 100 smokers with varying degrees of interest in quitting – half who express 

an interest in quitting by voluntarily signing up for a smoking cessation program, and half who opt not to 

join such a program. Then, imagine providing an intervention to these two groups of smokers and 

claiming that the invariably higher quit rate in the first group is due primarily to the program rather than 

the pre-existing desire to quit.  

This is an example of comparing participants to non-participants. It is extremely common methodology in 

workplace wellness, particularly in vendor-sponsored research. If you see it, consider it an indicator that 

the claims made from this research are likely to be questionable. This is because participants almost 

always do better than non-participants, so any stated benefits using such methodology cannot be 

attributed solely to the intervention. 

 For more on this red flag with examples of case studies, read Al Lewis’ article titled Do Wellness 

Outcomes Reports Dramatically and Systematically Overreport Savings? available at 

https://www.ajmc.com/contributor/al-lewis-jd/2017/01/do-wellness-outcomes-reports-systematically-

and-dramatically-overstate-savings

Participants Non-participants 

https://www.ajmc.com/contributor/al-lewis-jd/2017/01/do-wellness-outcomes-reports-systematically-and-dramatically-overstate-savings
https://www.ajmc.com/contributor/al-lewis-jd/2017/01/do-wellness-outcomes-reports-systematically-and-dramatically-overstate-savings


*This table is a screenshot from a website that no longer shows the table, thus the grainy nature of the photo. 

**Gratitude to Al Lewis for his contributions to our understanding of this red flag. 

Red Flag #2: Ignoring Regression to the Mean  

People’s risk factors can fluctuate in both directions even when no intervention is present. For example, 

research shows that almost half the people in a high-risk group will move to a lower-risk category on their 

own, even without being involved in a program.2 This is commonly referred to as “regression to the 

mean.” When evaluating the impact of an intervention, this natural ebb and flow of risk factors must be 

considered.  

As an example, the so-called “Sports Illustrated Jinx” posits that an athlete who appears on the cover of 

the magazine will be more likely to have a poor year (or few years) of performance or outcomes following 

their appearance in the magazine. But this “jinx” is really nothing more than regression to the mean. 

People on the cover of this prestigious publication are picked because they have an outstanding year or a 

great winning streak. Statistically then it is highly likely that they will have an average or less-than-average 

performance streak in the year(s) following. 

A research example of ignoring regression to the mean in workplace wellness can be found in the table 

below, which is a summary of data from a well-known wellness vendor trying to demonstrate program 

efficacy*. This table illustrates how, organically and without intervention, low-risk people tend to become 

riskier while high-risk people tend to become less risky. **



 

 

From the data summary, the vendor claimed that 85% of participants in their program (add yellow plus 

green) reduced their risk or stayed the same. While this sounds impressive, it’s important to note that the 

vendor failed to acknowledge an additional important data point, even though it is shown clearly on the 

graph, which is that almost as many participants (79.3%) got worse or stayed the same (add yellow plus 

red).  

Furthermore, if you look at the people who reduced their risk (green), most were moderate to high to 

begin with, so regression to the mean would suggest that this group would be more likely to go down 

anyway; whereas most people whose risk went up (red) were lower risk to begin with so the expectation 

would be for their risk level to increase naturally over time.3 

The bottom line with this example is that the vendor can legitimately only claim a net risk reduction of 

5.7% (85-79.3) of active participants – not the 85% for which they claimed success. And the eight-figure 

cost of the program means it cost about 50,000 dollars per each risk reduced!4 After their fallacy was 

exposed in The Wall Street Journal, the vendor removed it from their website without owning the 

discrepancy, thus the grainy nature of the table, which is included as a screenshot taken before the 

webpage was removed.   

 

  Red Flag #3: Not Including Dropouts in the Data 

This problem occurs when study authors include measurements only on people who complete 

consecutive years of an assessment, screening or other intervention. When data is handled in this fashion, 

it can result in only a minority of the originally participating population being meaningfully evaluated, 

while others who dropped out or were unavailable for data collection at the end are not represented. This 

is a red flag because a self-selected, highly persistent population is not reflective of the whole and the 

likelihood is that those who dropped out were less successful. 

This methodology is especially common in weight loss research. For ease of thinking, imagine a 2-year 

weight loss study that claims that 25% of participants kept off at least 10 pounds. This would be an earth-

shattering result, as research consistently finds that rarely more than 5% of participants are able to



*No reference is available for these claims because both were                                                                                                       

previously posted on web pages that have since been removed.                                                                                                                               

For screenshots, contact Jon@SalveoPartners.com                                                                          

achieve such significant lasting weight loss. However, in this example, the reality might be starkly different 

than the 25% success claim. Reading between the lines, you might discover that, of the initial 1,000 

participants, only 100 were still available for the 2-year weigh-in, as the rest dropped out or could not be 

reached. So, the claim that 25% (25/100) succeeded in the weight loss goal is not correct. The correct 

statistic is 25/1,000 or 2.5%!  

This flawed research methodology of not including dropouts is also called the call the “Last Man Standing 

Fallacy.” Further discussion on this topic can be found here: https://www.linkedin.com/pulse/last-man-

standing-fallacy-why-its-nice-play-jon-robison/. 4 

To avoid this research flaw, the key is to make sure that the denominator, the bottom number in a 

fraction, is the same at the beginning and the end of the study – or as close as possible.  

 

Red Flag #4: Claiming Impossible Outcomes   

Although it may be hard to believe, some wellness promoters have made claims about their programs 

that are just not mathematically possible. For example, one well-known wellness vendor claimed that its 

program participants were “300% less likely to be absent due to illness.” Another case study for an 

employer’s wellness program suggested that “there was a 230% decline in people on disability.”* The 

problem with claims like this is that, no matter how powerful your intervention, it is mathematically 

impossible to decrease a number by more than 100%!  

In addition to claims that are mathematically impossible, it’s important to be on the lookout for claims 

that don’t intuitively make sense, such as one seen by one of this paper’s authors some years ago that 

“just filling out an HRA can lead to a 25% decrease in healthcare costs.”  

 

 

 

 

https://www.linkedin.com/pulse/last-man-standing-fallacy-why-its-nice-play-jon-robison/
https://www.linkedin.com/pulse/last-man-standing-fallacy-why-its-nice-play-jon-robison/


 

        Red Flag #5: Drawing Conclusions about Humans from Animal Research 

Despite the obvious differences between mice and humans, it’s still common practice for research done 

on mice to be inaccurately parlayed into conclusions about human behavior and health outcomes. One 

example of this is a recent headline of a post on LinkedIn which read “Cannabis-like Molecules in the Gut 

Make Your Body Overeat.” 5 Upon reading this headline, you might assume that the research studied 

humans and reached definitive conclusions about one cause of overeating. But this was not the case. 

Mice, not humans were the subjects of the study. The mice were fed a diet high in sugar and fat for 60 

days and researchers found higher than expected levels of cannabis-like substances in their guts. (These 

substances limit the release of the gut chemical cholecystokinin which is responsible for dampening our 

hunger after we eat.) While this is an interesting study and may open avenues for further research, it 

doesn’t warrant such a misleading headline.  

 Stated most plainly, no matter what outcomes occur from research involving mice or other animals, we 

cannot assume or claim that these outcomes would be the same in humans.



 

Red Flag #6: Reporting Relative Risk without Absolute Risk 

This red flag may be less common in workplace wellness research, but it is very common in health-related 

research more generally so it’s an important one for health professionals to understand. 

Imagine you are given a gift certificate for 10% off a purchase at Walmart. How much is it worth and how 

excited might you be to get to the store and use it? The answer of course depends on what you buy. If 

you buy a candy bar that costs one dollar, the certificate is worth ten cents. If you buy a flat screen TV that 

costs one thousand dollars, the certificate is worth one hundred dollars. In both cases the certificate is 

worth 10% of what you buy (relative value) but its real worth (absolute value) changes dramatically 

depending on the price of the purchase. 

To transfer this thinking to health-related research, 

consider an intervention that claims to reduce the 

incidence of some disease by 50% (relative risk).   

How can we tell if this is significant or meaningful?   

In order to answer that question, as in the Walmart 

example, we need more information and context. 

Here are two different possibilities in which there is 

the same 50% reduction in the occurrence of the 

disease – but the significance of that 50% is very 

different.  

Case #1: The 50% reduction brings the occurrence of the disease from 20 out of every 100 people to 10 

out of every 100 people.  

Case #2: The 50% reduction brings the occurrence of the disease from 2 out of every 1 million people to 1 

out of every 1 million people.  

Clearly, though the relative reduction of risk of 50% is the same in both cases, the reduction in absolute 

risk is much more significant in the first case - meaning that, for any one individual, the chances of the 

intervention having a positive impact are much greater.



 

Red Flag #7: Inferring Causation from Correlation 

This is perhaps the most common methodological mistake in the health literature in general. To explain it 

for the purposes of this discussion, we start with the foundational idea that there are basically two general 

types of research designs: observational and experimental.  

In an observational design, there is no intervention. Researchers study collected data and try to discern 

patterns about the relationship between two or more variables. A common and relevant example in health 

promotion is the use of observational design to examine the relationship between various lifestyle 

behaviors and the prevalence of diseases in a population, such as in the Framingham Heart Study6 and 

the Nurses’ Health Study7.  

The important thing to remember about observational design is that, because there is no intervention, 

these studies cannot determine cause and effect. Instead, their conclusions produce correlations which 

merely tell us something about the strength of the relationship between two variables. 

For example, the graph below depicts the correlation between the divorce rate in Maine and the per 

capita consumption of margarine in the United States from 2000 to 2009.8 The two lines depicting these 

two variables change almost identically over time; thus, we say there is a strong correlation (relationship) 

between the variables. If the lines changed identically, the correlation would be 1. In this case because the 

lines change so closely but not identically, the correlation is a very strong 0.992558. 

 

 

 

 

 

http://tylervigen.com/spurious-correlations


 

Using this data as an example, a proper conclusion from observational data about the relationship 

between the divorce rate in Maine and the consumption of margarine in the United States would be that 

these two variables are very strongly correlated. However, it would not be appropriate to claim any kind of 

causal impact of one variable on the other. We cannot say that divorce in Maine causes increased 

consumption of margarine in the US, or vice versa. 

If this were a real study using observational data, researchers might use this correlation as grounds to 

create a hypothesis that they would then test in an experimental study design to see if there is a causal 

relationship. Of course, in this case that would be a waste of time because there is no possible causal 

connection. The correlation is just a coincidence!  

Conversely, in experimental research, the purpose of the study is to prove or disprove a hypothesis using 

an intervention, perhaps one discovered in an observational study. Experimental research involves 

applying some intervention to an experimental group that is not applied to a control group that is as 

similar to the experimental group as possible. Experimental research can determine cause in a way that 

observational research rarely can. 

One easy way to identify if correlational data is being misrepresented as causal data is to pay attention to 

the specific language used to describe the conclusions from the study.  If the study is observational (no 

intervention) and the researchers or others suggest that one variable “increases”, “decreases”, “affects”, 

“impacts”, “reduces”, or “protects”,  the other variable, consider this a sign of an inaccurate reading of the 

research or a misleading claim.   

Additionally, be aware of claims that suggest this type of research demonstrates “a link” between two 

variables. Go back and look at the graph above showing the very strong correlation between the divorce 

rate in Maine and the per capita consumption of margarine in the United States. It is unlikely you will ever 

see such a strong correlation in a real study and yet it would be ridiculous to claim there is a “link” 

between these two variables. It must be proven that a link exists; it cannot automatically be assumed to be 

true even if two variables are highly correlated.  



 

Summary 

Most health promotion and wellness professionals genuinely want to support and promote interventions 

and practices that are based on sound research and solid science. In some instances, we must make 

decisions based on inconclusive or conflicting science. In other cases, the real challenge is learning how to 

read the research and understand its conclusions objectively so as not to be at the mercy of those with an 

agenda towards one side of the issue. This paper has provided a review of the top seven red flags in 

workplace wellness research that health promotion and wellness professionals can become familiar with in 

order to better equip themselves to make accurate judgments about research and its claims.  

In review, the seven red flags are:   

Comparing participants to non-participants. We cannot assume that a difference in 

improvements between participants and non-participants is caused by the intervention, because 

people who opt-in for participation are generally more highly motivated and will improve or have 

better success even without an intervention. 

Ignoring regression to the mean. Risk factors can change in either direction with or without an 

intervention, so their natural ebb and flow cannot be ignored. Additionally, changes in both 

directions must be reported in the data (i.e. include changes with those moving from low risk to 

high risk as well as those that move in the opposite direction) for the full picture to emerge. 

Not including dropouts in the data. People who drop out of programs generally have poorer 

results and are not often included in the data which skews the numbers to make the success rate 

appear higher than it is.  

Claiming impossible outcomes. If results are mathematically impossible or seem too good to be 

true (i.e. claiming a reduction or improvement greater than 100%), they should not be reported as 

practically meaningful. 



 

Drawing conclusions about humans from animal studies. Results from animal studies may 

offer opportunity for similar research on humans, but we cannot draw definitive conclusions 

about human outcomes from animal research.  

Reporting relative risk but not absolute risk. Without knowing absolute risk, the relative risk 

that is often reported can be anywhere from very meaningful to almost useless. Whenever 

possible, absolute risk should be included for greater context. It’s absence should be a cause for 

concern. 

Claiming or inferring causality from observational research. Causality can rarely be 

determined or inferred by observational research. It is best proven by repetition of experimental 

studies. Beware of claims that suggest or infer a causal relationship when the findings are strictly 

correlational.  

As you begin to read the research and listen to claims made about scientific studies with these red flags in 

mind, you’ll likely notice many discrepancies between what you hear and what the literature truly 

supports. For a more in-depth exploration of these and related ideas, consider any of the following 

resources: 

▪ Why Nobody Believes the Numbers, by Al Lewis 

▪ Surviving Workplace Wellness with Your Dignity, Finances and Major Organs Intact, by Al Lewis 

▪ Statistics for Dummies, by Deborah Rumsey 

▪ Studying a Study and Testing a Test, by Richard Riegelman, et. al 

▪ Know Your Chances, by Steven Woloshin, et. al 
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