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Just tea for two and two for tea,
Just me for you
And you for me alone.

Vincent Youmans and Irving Caeser,  
from Tea for Two (1925)

Research in anesthesia, perioperative medicine, critical 
care, and pain medicine commonly relies on inferen-
tial statistics. Inferential statistics essentially allows 

investigators to make a valid inference about an associa-
tion of interest for a specific population that is based on 
data collected from a random sample of that population. An 
unknown population parameter representing the clinical 
association or treatment effect of interest can thus be esti-
mated from the study sample.1

As previously discussed in this series of statistical tutori-
als, hypothesis testing involves posing both a null hypoth-
esis and an alternative hypothesis.1 In this basic statistical 
tutorial, we discuss the appropriate use—including their so-
called assumptions—of the following, common unadjusted 
bivariate tests for hypothesis testing2 and thus comparing 
study sample data for a difference or association:

• Unpaired t test
• Paired t test
• Chi-square test for association
• Chi-square single sample goodness of fit test
• Wilcoxon-Mann-Whitney test
• Wilcoxon signed-rank test

We also highlight how the appropriate choice of a statistical 
test is predicated on the type of data being analyzed and 
compared. Hence, the reader is referred to a previous tuto-
rial in this series on the types of data.3 These unadjusted 
bivariate tests will serve as the basis for the next tutorial in 
this series on type I error (α), type II error (β), sample size, 
power analysis, and effect size.

UNPAIRED t TEST
The unpaired or independent samples t test is used to test 
and possibly to reject the null hypothesis that the 2 popu-
lation means are equal (Ho: µ1 = µ2), thereby accepting the 
alternative hypothesis that the 2 population means are not 
equal (Ha: µ1 ≠ µ2).1,4–6
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Operationally, the 2-sample unpaired t test compares the 
random sample means from 2 independent groups ( x 1 and 
x 2) to assess whether the underlying population means (µ1 
and µ2) are significantly different (Table).4

The unpaired or independent samples t test is a paramet-
ric test.7 The unpaired t test has several primary assump-
tions or requirements4,8 that should be met:

 1. Independent variable is categorical (ie, 2 study 
groups).

 2. Dependent variable is continuous (ie, interval or 
ratio data).

 3. Values are independent within each of the 2 samples.
 4. Two samples are independent of each other.
 5. There is approximately normal distribution of the 

dependent variable data for each group.
 6. There are approximately equal (homogeneous) vari-

ances of the data across the 2 groups.

Levene test can be used to assess for the equality (homogene-
ity) of variances of data for a continuous variable calculated 
for 2 (or more) groups.9 A violation of this t test assumption 
of equality (homogeneity) of variance is a greater concern 
with small sample sizes of <30.4

The unpaired t test is intended for comparing depen-
dent continuous (interval or ratio) from 2 study groups. A 
common mistake is to apply several unpaired t tests when 
comparing data from 3 or more study groups (eg, A, B, and 
C): Group A versus group B, group B versus group C, and 
group A versus group C.10 As will be discussed in a future 
tutorial in this series, in this situation, an analysis of vari-
ance (ANOVA) with post hoc (posttest) intragroup compar-
isons should instead be applied.4,10,11

Another common mistake is to apply a series of unpaired 
t tests when comparing sequentially collected data from 2 
study groups (eg, blood pressure measurements at 5, 10, 
15, 20, 25, and 30 minutes after anesthetic induction or pain 
intensity scores at 1, 4, 8, 12, 24, 48, and 72 hours after sur-
gery). As will be discussed in a future tutorial in this series, 
in this situation, a repeated-measures ANOVA, with tests 
for group-by-time interaction and post hoc comparisons, as 
appropriate, should instead be applied in analyzing data 
from sequential collection points.10

Mayell et al12 applied an unpaired t test in assessing 
the effect of a single preoperative dose of gabapentin on 
the postoperative mean opioid consumption and mean 
pain scores in adolescents undergoing idiopathic scolio-
sis surgery. However, Mayell et al12 undertook a series of 
unpaired t tests across 7 sequential data collection points 

rather than an ANOVA with repeated measures. In their 
similar study of the postoperative effect of a single pre-
operative dose of gabapentin in pediatric idiopathic sco-
liosis surgery patients, Rusy et al13 also applied a series 
of unpaired t tests across 5 sequential data collection time 
points for morphine consumption, but more appropriately 
used a repeated-measures ANOVA, with Bonferroni post 
hoc comparisons, for the sequentially obtained pain inten-
sity scores.

PAIRED t TEST
As its name implies, the paired t test is used to assess the 
difference in the means of 2 study groups ( x 1 and x 2) when 
the sample observations have been obtained in pairs.5,14,15 
The null hypothesis with a paired t test is that the expected 
difference in the population means is zero (Ho: µ1 – µ2 = 0), 
or equivalently, that the mean of the within-pair differences 
is zero (Ho: µD = 0).14

Such a paired analysis is appropriate, for example: (1) 
when the dependent outcome variable is measured in each 
study subject before and after a treatment or other interven-
tion; or (2) when study subjects are recruited as pairs who 
are matched for important demographic and/or clinical 
characteristics.16

The paired or matched t test is a parametric test.7 The 
paired t test has a few primary assumptions or require-
ments14,16 that should be met:

 1. The paired values are randomly sampled from or are 
at least representative of the underlying population 
of paired samples.

 2. Each pair of values is selected independently of the 
other pairs.

 3. The differences between the paired or matched val-
ues are normally distributed (Gaussian distribution).

CHI-SQUARE TEST FOR ASSOCIATION
Chi-square for R × C Tables
Perhaps the most common statistical test is the Pearson chi-
square test for association, named after famous statistician 
and philosopher Karl Pearson.17–19

The Pearson chi-square test is widely used to test the null 
hypothesis that 2 unpaired categorical variables, each with 
2 or more nominal levels (values), are independent of each 
other (Table). If they are found to not be statistically inde-
pendent, the null hypothesis is rejected, and 1 concludes that 
there is a probable association between the 2 unpaired cat-
egorical variables.18–21

Table. Common Bivariate Statistical Tests by Type of Observation (Independence), Number of Groups, and 
Type of Data

Type of Observations
Number  

of Groups

Type of Data
Continuous  

(Interval or Ratio)a Categorical Ordinalb

Independent 2 Unpaired t test Chi-square Wilcoxon-Mann-Whitney test
 (Different groups) >2 ANOVA Chi-square Kruskal-Wallis test
Dependent 2 Paired t test McNemar test Wilcoxon signed-rank test
 (Same or paired subjects) >2 GEE test Cochran Q test Jonckheere-Terpstra test

Abbreviations: ANOVA, analysis of variance; GEE, generalized estimating equation model adjusting for within-unit correlation.
aDrawn from a normally distributed population.
bOr continuous (interval or ratio) data that are not normally distributed.
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The term “R × C tables” indicates that there may be 
multiple (>2) levels or categories for each of the 2 vari-
ables being compared and thus the cross-tabulation of the 
2 variables can contain multiple number of rows (R) and 
columns (C).18,22

For example, in a clinical trial, investigators might test 
whether the intervention (eg, 2 anesthetic regimens) is 
associated with the incidence of postoperative nausea and 
vomiting (yes/no)—generating 2 rows and 2 columns, or 
investigators might assess whether race (eg, 4 categories) 
is associated with disposition immediately after hospital 
discharge (eg, home, skilled nursing facility, or inpatient 
rehabilitation unit)—generating 4 rows and 3 columns in 
the cross-tabulation.

The main requirements for the Pearson chi-square 
test19,23,24 are as follows:

 1. Two independent categorical variables, each mea-
sured on a set of subjects.

 2. Each variable can have 2 or more categories.
 3. Each variable should be nominal, such that there is 

no natural ordering of its levels or values.
 4. There is a sufficient number of observations in each 

cell of the R × C table.

The categorical variables being compared would not be 
independent, for example, if the same variable was mea-
sured on the same patients before and after surgery. In such 
a setting, tests such as McNemar tests for paired propor-
tions or a generalized estimating equation model to account 
for within-subject correlation would be used instead of 
Pearson chi-square test (Table).20

If the observed frequency is <5 in more than 20% of the cells, 
a Fisher exact test may be more appropriate than a Pearson chi-
square test.20–22 However, Fisher exact test is quite conservative 
and should only be used if truly needed.23 In many cases, inves-
tigators can combine levels or categories of one or both of the 
variables of interest to remove the problem of very small cell 
sizes in an R × C table before conducting the chi-square test.

Abd-Elsayed et al25 applied a Pearson chi-square test in 
their randomized controlled study that assessed patients’ 
understanding of and consenting for clinical trials using 2 
different consent form presentations. These authors con-
cluded that consent forms presented in an enhanced format 
(ie, printed on fine paper and presented in a folio) did not 
improve patients’ understanding or willingness to consent 
to participate in clinical trials.25

An article by McHugh26 provides a more detailed yet 
user-friendly explanation of the Pearson chi-square test, 
including its usages, assumptions, and how to actually 
calculate the test. The so-inclined reader can use the data 
reported by Abd-Elsayed et al25 for this latter exercise.

Ordinal Categories
The chi-square test assumes both variables have nominal 
levels or categories. If 1 or both of the variables of interest 
have >2 ordinal categories, the Pearson chi-square test is 
not appropriate because it ignores any natural ordering of 
the data, will be underpowered, and may also give invalid 
results. In such situations, the Mantel-Haenszel chi-square 
test for ordinal-by-ordinal data can instead be used.23

An example would be assessing the association 
between the number of years of postresidency clinical 
experience (<1, 1–3, 4–5, and >5) and the Cormack-Lehane 
airway classification system in which the grades range 
from 1 (full view of glottis) to 4 (neither glottis nor epi-
glottis seen).

In their study of the association between preoperative 
frailty and postoperative delirium after cardiac surgery, 
Brown et al27 initially applied a chi-square test to com-
pare the unadjusted incidence of delirium in frail versus 
nonfrail patients. In their sample of older patients, the 
overall observed incidence of postoperative delirium 
was significantly higher in the frail as compared with the 
nonfrail patients. These investigators then controlled for 
the potential confounding effect28 of age, previous stroke, 
depression, and quintile of the Charlson comorbidity 
score on the relative risk of postoperative delirium. After 
this statistical adjustment, the risk of delirium remained 
significantly increased in the frail compared with the non-
frail patients.27

z Test for 2-Group Proportions
For a 2 × 2 table, an equivalent test for association is derived 
using a z test comparing the proportion having the outcome 
(usually, the “column” variable) between the 2 groups rep-
resented by the 2 rows.29

The null hypothesis for this test is Ho: π1 – π2 = 0, where 
π1 and π2 are the population proportions of patients hav-
ing the outcome of interest in rows 1 and 2. The alterna-
tive hypothesis is Ha: π1 – π2 ≠ 0. The disadvantage of this z 
test for 2 proportions is that it is only useful when there are 
exactly 2 groups to compare and exactly 2 levels or catego-
ries of the other variable.

An analogous 1-sample z test can be conducted if the 
question of interest is whether a certain proportion was 
equal to a hypothesized or historical constant, testing the 
null hypothesis that Ho: π = c, where c was the hypothesized 
constant.

CHI-SQUARE SINGLE SAMPLE GOODNESS OF FIT 
TEST
Sometimes researchers want to test the null hypothesis that 
a single variable of interest follows a hypothesized distribu-
tion or not. A chi-square goodness of fit test can be used in 
this setting.20,23,24,30

Similar to the Pearson chi-square test, the goodness of 
fit chi-square test compares the observed frequency in each 
category to the frequency that would be observed, con-
ditional on the observed total sample size, if the variable 
did follow the hypothesized distribution. If the aggregate 
amount of discrepancies across the different categories is 
large, the null hypothesis will be rejected.20,30

In practical terms, goodness of fit chi-square test can also 
be used to compare the frequency observed in a sample with a 
predetermined value. In their study of arriving at a consensus 
regarding optimal care, Vetter et al31 performed a 1-sample 
chi-square test for goodness of fit on the observed frequency 
of agreement among clinicians about the optimal manage-
ment of high-risk coronary artery stent patients versus an 
ideal 95% agreement.
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WILCOXON-MANN-WHITNEY TEST (MANN-
WHITNEY U TEST, WILCOXON RANK SUM TEST)
When comparing 2 groups on an ordinal or nonnormally 
distributed continuous outcome variable, the 2-sample t test 
is usually not appropriate. The Wilcoxon-Mann-Whitney 
test is instead preferred.20,32–35 This test is akin to a t test on 
the ranks of the data.33 Data are ranked from smallest to 
largest while ignoring group assignment, then the groups 
are compared on the mean rank (accounting for ties).34 If we 
refer to the outcomes in group 1 as X and the outcomes for 
group 2 as Y, the null hypothesis for the Mann-Whitney test 
is Ho: P(X > Y) = .5. In other words, the probability that a 
randomly sampled patient from group 1 has a higher value 
than a randomly sampled patient from group 2 is equal to 
.50, or a coin flip. The alternative hypothesis is Ha: P(X > Y) 
≠ .5. Assumptions or requirements of the Wilcoxon-Mann-
Whitney test35 are as follows:

 1. Random samples are for 2 populations.
 2. Outcomes are independent within samples.
 3. Measurement scale is at least ordinal.
 4. Variance of outcome is the same for each group.

The Wilcoxon-Mann-Whitney test assesses whether there 
is a location or pattern shift between the 2 populations of 
interest.35 If the null is rejected, one concludes that val-
ues of one group tend to be higher than the other group. 
Exemplary uses of this test might be to compare random-
ized or propensity-matched groups on an ordinal outcome 
such a numerical rating scale pain score, or a skewed 
(nonnormally distributed) variable like opioid consump-
tion. An extension of the Wilcoxon-Mann-Whitney test 
for comparing more than 2 groups is the Kruskal-Wallis 
test.20,33,34 When reporting Wilcoxon-Mann-Whitney test 
results, it is important to avoid stating that a significant 
result implies that there is evidence that the medians dif-
fer or that they do not differ. The test does not explicitly 
compare medians, but rather a general location or pattern 
shift.35 In fact, it is quite possible to have a valid statis-
tically significant Wilcoxon-Mann-Whitney result when 
the observed medians are exactly the same. Results for 
the Wilcoxon-Mann-Whitney can be sufficiently reported 
as the median (interquartile range) for each group, along 
with the median difference between groups and its con-
fidence interval, calculated using the Hodges-Lehman 
estimator.36

It is also appropriate to report the observed Mann-
Whitney probability, P(X > Y), simply called “p.” It can be 
even more informative to report the odds for this probabil-
ity, or p/(1 − p), which is called the Wilcoxon-Mann-Whitney 
odds. A confidence interval for the Wilcoxon-Mann-Whitney 
odds should also be reported. Further details, including 
sample size calculations and full examples, are provided in 
the excellent article by Divine et al.37

In their study of the effect of intraoperative dexmedeto-
midine on postoperative opioid consumption or pain scores 
after multilevel deformity correction spine surgery, Naik  
et al38 analyzed their skewed (nonnormally distributed) con-
tinuous data using the Wilcoxon rank sum test (equivalent 
to the Wilcoxon-Mann-Whitney test and Mann-Whitney U 
test). The authors reported that compared to placebo, the 

median intraoperative opioid use was reduced in the dex-
medetomidine group but not at 24 hours postoperatively. As 
compared to placebo, no difference in median pain scores, 
as measured by an 11-point discrete scale, was observed at 
24 and at 48 hours postoperatively in the dexmedetomidine 
group.38

As mentioned above, while this was an appropriate use 
of the Wilcoxon-Mann-Whitney test, the correct interpre-
tation would be that values of intraoperative opioid use 
were reduced (not that the median per se was reduced) 
in 1 group versus the other. Naik et al38 could also have 
reported the median difference and its confidence interval, 
as well as the Wilcoxon-Mann-Whitney probability and 
odds.

WILCOXON SIGNED-RANK TEST
When making paired comparisons on data that are ordinal, 
or continuous but nonnormally distributed, the Wilcoxon 
signed-rank test can be used.20,33,34,39 It is an alternative to the 
paired t test when the paired differences do not appear to 
be normally distributed.34 Typical uses of this test would be 
comparing patients from before to after an intervention or 
procedure, such as surgery. Results could best be reported 
as the median difference and confidence interval for the dif-
ference. Technically, it is used to assess whether 2 depen-
dent samples were selected from the populations having the 
same distribution.

Assumptions for the Wilcoxon signed-rank test39 are as 
follows:

 1. Data are paired and come from the same population.
 2. Each pair is chosen randomly and independently.
 3. The data are at least ordinal.

In their study of the influence of nociceptive stimulation 
on the analgesia nociception index (ANI) during propo-
fol–remifentanil anesthesia, Gruenewald et al40 applied a 
Wilcoxon signed-rank test. Specifically, the primary out-
come variables of the ANI and the surgical pleth index were 
obtained in 25 patients before and after nociceptive stim-
ulation. Each study subject thus provided paired data for 
the Wilcoxon signed-rank test. The ANI and surgical pleth 
index were significantly changed by the insertion of a laryn-
geal mask airway and the delivery of neuromuscular tetanic 
stimulation.40

CONCLUSIONS
In analyzing their data, researchers should consider the 
continued merits of the simple yet equally valid unad-
justed bivariate statistical tests presented here. However, 
the appropriate use of any unadjusted bivariate test still 
requires a solid understanding of its utility, assumptions 
(requirements), and limitations. This understanding will 
mitigate the risk of misleading findings, interpretations, 
and conclusions. E
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