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abstract
Achieving equity in health research requires sub-groups to have meaningful, if not equal, explanatory power, ideally through similiar 
sample sizes. Obtaining equal sample size, though, is often not possible. Small sub-group sizes increase the risk of false conclusions 
being drawn, which may reinforce inequities if results are misinterpreted (e.g., saying there is a difference between study arms when 
there is not and, conversely, saying there is no difference when there is). Here we provide examples of common pitfalls and potential 
considerations to guide researchers, reviewers and editors when analysing and interpreting sub-group data. We propose that researchers 
focus on presenting effect sizes and confidence intervals rather than statistical significance.

Health research in Aotearoa New Zealand 
shows persistent inequities. Within the 
context of national health surveys, there 

has been recognition that for Māori this is at least 
in part due to sample size disparities of cohorts 
that did not give “equal explanatory power”. Equal 
explanatory power was defined as “Māori statistical  
needs as having equal status with those of the total 
New Zealand population”.1 Equal explanatory 
power is achieved by equal sample sizes for Māori 
and non-Māori and has been framed as a right 
for tangata whenua and a Te Tiriti o Waitangi/the 
Treaty of Waitangi obligation. The authors also 
identified equal explanatory power’s corollary 
“equal analytical power”: the power of definition, 
explanation and meaning. 

We believe the right for equal explanatory 
power and equal analytical power applies to all 
health research within New Zealand and for all 
cohorts based on sex, gender, ethnicity and age. 
Some journals have called for action to address 
demographic inequity by reducing enrolment 
imbalances or conducting sub-group analysis.2  
The recognition of sex- and ethnicity-based  
differences in pathophysiology, biochemistry and 
clinical outcomes highlights the importance of the 
inequity issue.3,4 

Researchers often face small or undercounted 
minority sub-groups,5 and equal explanatory power  
will not always be possible. Here we show that some 
common sub-group or small sample statistical  
analysis practices risk increasing inequities and 
provide practical steps to reduce them. 

How small sample sizes lead to 
inequity

Most healthcare studies use sampling methods 
that may result in p-values that fail to reflect the 

true difference between groups in a population.  
This includes the use of exclusion criteria that 
systematically exclude older people, pregnant 
women or other minority groups. Even if the 
cohorts were true random samples, they may mis-
represent the overall population due to chance, 
so any difference observed may be erroneous. 
This is more likely for small cohorts and sub- 
groups. Small cohorts are therefore less likely to 
represent the underlying population than large 
cohorts (i.e., less likely to be externally valid). 
The findings for small cohorts may erroneously 
support conclusions that lead to either over- or 
under-investigation or treatment of the sub-group 
involved.

The smaller the sample size, the less likely to 
observe a rare event (e.g., an adverse reaction). 
For example, for a sub-group comprising 20% of 
the overall sample, the likelihood of a rare event 
would be five times smaller than for the overall 
sample. The rare event rate in the small sub-group 
may truly be much higher than in all patients 
(e.g., two to three times), but it will still be more 
likely to be missed. In some cases, the size of a 
sub-group is determined by the chosen analytical  
methods, particularly where continuous variables  
are clustered into groups. Analysis by age group or 
by discretising a measurement like systolic blood 
pressure or a biomarker is common, seemingly to 
aid interpretation of results. Such discretisation 
is effectively extreme rounding. This causes loss 
of information, resulting in less power to detect 
real relationships and increased probability of 
false positives.6 Where appropriate, discretisation  
should be avoided and continuous variables 
should be treated as continuous. 

Even where the estimated effect size is the 
same in all patients as in a sub-group, the p- 
values and confidence intervals will be larger in 
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the sub-group. The commonly applied notion of 
statistical significance, usually defined as p<0.05, 
along with the misinterpretation of the meaning  
of p-values, can lead to inequity. A common  
example is when a “statistically significant” asso-
ciation between two variables in the overall study  
population is re-analysed in a sub-group (e.g., 
Indigenous sub-population) giving a p-value >0.05, 
which results in a conclusion of “no association”.  
Using a p-value threshold of 0.05 as a prompt for 
interpretation of a sub-group analysis is based 
on two common mistakes. The first is to forget  
that the null hypothesis is being tested. The  
assumption of the null hypothesis is that there is “no 
association”. Therefore, one can never conclude  
“no association” but merely recognise the p-value 
along with the associated effect size as quantifying 
the evidence against the null hypothesis. A correct 
interpretation is that the p-value is the probability 
of observing the effect size or greater if the null 
hypothesis is true and given all the assumptions of 
the statistical methods used. The second mistake 
is assuming that the arbitrary threshold of 0.05  
represents a clinically significant difference, which 
results in the erroneous conclusion that there  
is “no difference”. This dichotomisation, simply,  
does not make sense. Indeed, the difference in 

probability between 0.055 and 0.045, say, could 
well be down to one or two patients when the sam-
ple size is small. The same mistakes are made by 
interpreting 95% confidence intervals by whether 
they cross the value representing the null (e.g., a 
hazard ratio of 1, or a difference in proportions 
of 0). A concomitant error is interpreting p-values 
slightly above 0.05 as demonstrating a “trend”; 
they do nothing of the sort.7 

Good practices for handling small 
sample sizes

There are no magic statistical bullets by which 
to handle small sample sizes, but there are better 
practices in study design and analysis that could at 
least reduce the possibility of drawing erroneous  
conclusions and introducing or perpetuating ineq-
uities and perhaps provide meaningful explanatory  
power where equal explanatory power is not  
possible. We have outlined some examples in 
Table 1. 

Collecting more data to achieve the ideal of 
samples with equal explanatory power may not 
always be possible, although co-design methods8 
to improve sample sizes for specific sub-groups 
may help overall numbers and/or ensure the 

Table 1: Practical tips to improve equitable interpretation of data in small cohorts or sub-groups. 

Do Do not

1. Determine a priori the necessary sample size for a 
meaningful clinical difference in the sub-group.

1. Artificially create small groups (e.g., age groups).

2. If possible, collect more data.
2. Use “statistical significance” or interpret based on a 
confidence interval “crossing” the null value.

3. If collecting more data is not feasible, ensure that 
important sub-groups are purposively over-sampled.

3. State “no difference” based on p-values (no difference 
is the null hypothesis assumption).

4. Work with sub-group populations to improve 
representation.

4. Interpret p-values slightly above 0.05 as demonstrating 
a “trend”.

5. Use single sided tests if the hypothesis is single sided 
(it commonly is!).

5. Adjust for covariates when n is small (overfitting).

6. Only look for differences between sub-groups if there 
are biologically/sociologically plausible reasons for 
differences.

6. Speculate when evidence is weak.

7. Report results with a measure of uncertainty (e.g., 
confidence interval).

8. Be realistic regarding at what point your sample size 
becomes too small to be informative. Consider  
qualitative over quantitative studies for small n.

9. Highlight the limitations of small n.
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sub-group is truly represented. This may include 
“over-sampling”, which means the targeted sub-
group will be represented beyond the proportion 
in the underlying population. Another method to 
improve explanatory power may be to use one-
tailed instead of two-tailed tests.9 Often, we are 
interested in only one side of the null hypothesis 
—“did the intervention help?”—rather than “did 
it help or hinder?”. The effect of using a one-tailed 
test instead of a two-tailed test for a given sample  
size is the equivalent of having a 20% larger sample  
size (at the same alpha and power for the sample 
size calculation). However, this is not a universal 
panacea, and there will be situations where two-
sided testing remains appropriate.

Consideration should be made at a study 
design stage of whether there is any biological or  
sociological plausibility for a difference between 
sub-groups. If so, this becomes a priority and 
should drive recruitment. On the other hand, if 
there is no a priori plausibility and the size of sub- 
groups is small, then one is only justified in doing 
a sub-group analysis if a very large difference 
in effect size would have major implications, as 
only a very large effect size difference could be 
detected. This does not preclude reporting on 
raw data from sub-groups that may aid future 
meta-analyses from multiple studies.

Perhaps the most important consideration for 
researchers, reviewers and editors is not to use the 
concept of statistical significance at all. While an α 
of 0.05 (usually offered with no justification!) along 
with a power (1-β) and clinically meaningful effect 
size is often used in power calculations, this does 
not mean one must define p<0.05 as “statistically  
significant”. Indeed, as many have noted, this 
has led to false interpretations of results,10 along 
with “p-hacking” and the failure to publish when 
p>0.05.11 Statistics is a young science and, as such, 
it changes. Because of the prevalence of using the 
arbitrary p=0.05 threshold, in 2016 the Ameri-
can Statistical Association released a statement 
on p-values that included: “The widespread use of 
‘statistical significance’ (generally interpreted as 
‘p≤0.05’) as a license for making a claim of a scientific  
finding (or implied truth) leads to considerable  
distortion of the scientific process.”12 New Zealand  
health statisticians have since argued that “We 
should be challenging ourselves to write and interpret 
results from studies without using the words ‘sta-
tistically’ or ‘significant.’”13 Leading members who 
formulated the American Statistical Association’s 
statement have taken the additional step of rec-

ommending abandonment of the term “statistical 
significance”.14 We believe that if New Zealand 
researchers and journals were to take that step, it 
would inhibit the perpetuation of some inequities  
and potentially prevent the emergence of new 
ones. This will require researchers to invest some 
time into better understanding and presenting  
the meaning of p-values and confidence intervals, 
particularly to avoid misinterpretations.15 

It is common to use analysis techniques that 
adjust for covariates. Such multivariable analysis  
is good practice. However, if sample sizes are 
small with few events, then there is danger of 
overfitting. The rules of thumb commonly used 
for binary outcome events are that 10 or 15 events 
in the sample per variable are needed. That is, if 
the sub-group has only 19 events, then one should 
not have any covariates in the model and stick to 
the simple univariate analysis. There are, though, 
more sophisticated methods being developed for 
determining the minimum number of events per 
variable for a variety of statistical models.16  

Two practices to aid interpretation and presen-
tation of results may reduce the risk of unintended 
conclusions being drawn from them: first, always 
present p-values in relation to the effect size; and 
second, preferably present the effect size with a 
confidence interval and provide an interpretation 
of the confidence interval. Thus, instead of stating 
(erroneously) “there was no difference between A 
and B, p=0.06”, state “the difference between A and 
B was 7% (95% CI [confidence interval]: −1% to 15%), 
indicating a plausible reduction in <the outcome>  
of 1% but equally plausible an increase in <the 
outcome> of 15%”. It is then helpful to the reader 
to indicate if either of these plausible values is 
clinically meaningful. Second, if p-values are to be 
used, and in particular if they are to be compared,  
then the concept of s-values (binary surprisals) 
may aid researchers’ interpretation of results.17 
An s-value is just the -log2(p-value), so for p=0.6 
s=4.1. Its beauty is that it can be interpreted as 
“how surprised would I be if a coin was fair to get 
s-value heads in a row?”, and that unlike the p- 
values, the difference between two s-values is  
consistently indicative of the difference in evidence  
against the null hypothesis (Box 1). 

In summary, significant inequity in health 
research exists, but this inequity could be reduced 
by adopting better interpretation of statistics, study 
design and analysis, which includes intentional  
decision making as to whether sub-group analyses  
should be performed or not.
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Box 1.  
Binary surprisals (s-values), calculated as -log2(p-value), can be used to compare the difference between p-values.  
For example, if p1=0.10 and p2=0.025 the difference Δp=0.075, wheras s1=-log2(0.1)=3.3 and s2=-log2(0.025)= 5.3 with 
Δs=2, or as much evidence as two heads in a row is against the coin being fair.  
But, if p3=0.15 and p4=0.075 then Δp=0.075 again, but s3=2.7 and s4=3.7 which is a Δs=1, or as much evidence as is 
contained in one correct called coin toss.

Box 1: A worked example of how to use s-values to better understand the evidence given by p-values. 
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