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FEATURE ARTICLE

® ROBERT A. COOPER

ABSTRACT

Statistical methods are indispensable to the practice of science. But statistical
hypothesis testing can seem daunting, with P-values, null hypotheses, and the
concept of statistical significance. This article explains the concepts associated
with statistical hypothesis testing using the story of “the lady tasting tea,” then
walks the reader through an application of the independent-samples t-test
using data from Peter and Rosemary Grant’s investigations of Darwin’s
finches. Understanding how scientists use statistics is an important component
of scientific literacy, and students should have opportunities to use statistical
methods like this in their science classes.

Key Words: AP Biology; college science; data analysis; data interpretation; IB

Biology; inquiry instruction; secondary school science; statistical analysis; statistics

O Introduction

Statistical methods are indispensable to
the practice of science, and understanding
science includes understanding the role
statistics play in its practice. Students
must be given opportunities to analyze
data in their science classes, using statisti-
cal methods that are suited to the data and
Middle
students should be able to construct and

age-appropriate. school science
interpret graphs, understand variation,
calculate a mean, and understand what
standard deviation tells us about a distri-
bution. High school and college biology
students should be able to construct and
interpret error bars, and perform and
interpret statistical hypothesis tests like chi-square*and the inde-
pendent-samples t-test. Here, I explain the meaning of statistical
significance and related terms associated with hypothesis testing,

Students must be
given opportunities to
analyze data in their
science classes, using

statistical methods
that are suited to the

data and age-
appropriate.
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using an application of the independent-samples t-test as an
example.

O Variation & Sampling

As we engage students with inquiry labs, situations arise where stu-
dents must make decisions based on data. Statistics allow us to orga-
nize data for interpretation and deal with variation in the data. There
are many sources of variation. Some variation, like the genotypic and
phenotypic differences between organisms, is characteristic of the sys-
tems we study. But some of the variation we see is induced by data
collection (Wild, 2006). Figure 1 distinguishes the sources of induced
variation from the real variation in which we are interested. Measure-
ment error can arise {from mistakes made by the person making the
measurements or from limitations or flaws in the measuring devices.
Other errors can occur during the collection and processing of data.
For example, a number could be entered in the wrong column on a
data table or spreadsheet. Finally, there is always
sampling error. Sampling error results when a sam-
ple that is intended to represent the entire popula-
tion does not adequately do so.

Being meticulous in your data collection and
sampling methods may reduce or eliminate many
of these sources of induced variation. For example,
careful attention to detail can reduce or eliminate
the chance of measurement errors or accidents
occurring during data collection and processing.
But measuring devices will always have limitations
resulting in some degree of variation and uncer-
tainty, however small. And unless we only deal with
cases where populations are very small and we can
measure every individual, there will always be some
sampling error. Statistical methods help us filter out any real variation
in sample data from the surrounding noise caused by induced variation
so that we can learn something about our population of interest.
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THE AMERICAN BIOLOGY TEACHER

MAKING DECISIONS WITH DATA @



REAL

(characteristic
of the system)
VARIATION - Measurers
In data T Measurement
™ inouceo T Devices
(by data “Sampling”
collection) Collaction
> ol
Accident =]
oy Processing
Figure 1. Sources of variation in data (Wild, 2006).
O. Th.e Lady Tasting Tea & Statistical Probability Distribution
S|gn|ficance Lady choosing 4 cups out of 8
06
A common situation that arises in inquiry labs involves determining & 0514
whether the difference between two groups, for example a treatment
and a control group, is statistically significant. But statistical methods % =
can seem daunting, with their P-values and null hypotheses. And for g 03 0.229 0.229
that matter, what does “statistical significance” actually mean? Many & 02
instructors and students struggle to understand these concepts. 01
A story from the history of statistics about a lady tasting tea should o '_0.0_14 _0'0“_,
make significance testing and related concepts more accessible. 0 1 2 3 4
The idea of a test of significance was conceived by Ronald Number of cups correctly identified
Fisher (1890-1962). He played a major role in developing experi-

mental designs and statistical methods that helped to revolutionize
the practice of science in the twentieth century (Salsburg, 2001). In
his book The Design of Experiments (1971, first published in 1935),
Fisher introduced the concept of a test of significance by recount-
ing the following story. One summer afternoon in the late 1920s,
Fisher and several colleagues were having tea. When Fisher handed
Lady Muriel Bristol a cup, she declined because Fisher had poured
the tea into the cup first. Lady Bristol declared that tea tasted differ-
ent depending on whether the milk was poured into the tea or the
tea poured into the milk. Fisher and the other scientists were skep-
tical and began to discuss how they could test Lady Bristol’s claim.

The scientists decided to arrange eight cups, four with the milk
poured into the tea and four with the tea poured into the milk. The
cups were presented to Lady Bristol for tasting one at a time in ran-
dom order, and she was told that she had to identify the four milk-first
cups. In his book, Fisher explains how to determine the probabilities
associated with having the lady evaluate eight cups of tea. Figure 2
shows the probabilities he calculated for each number of milk-first
cups the lady could potentially identify correctly (Fisher, 1971; Gor-
roochurn, 2012). With eight cups of tea presented in random order,
the probability of the lady correctly identifying all four milk-first cups
by guessing is 1 in 70, or 0.014. Assuming that she is unable to distin-
guish the cups, the most likely outcome will be that she guesses two
out of four cups correctly. In repeated experiments, this will happen
by chance 51.4% of the time. If she cannot really tell the difference,
the probability of Fisher being fooled by a random occurrence where
the lady happens to guess all four of the cups correctly is 0.014, or
1.4%. So if Fisher puts her to the test and she evaluates all the cups
correctly — an outcome of the experiment that is unlikely to have

Figure 2. Possible outcomes of the “lady tasting tea”
experiment.

occurred by chance — he can tentatively conclude that she can tell
which liquid was poured first.

While Fisher described the experimental design for the lady
tasting tea, he did not tell us the outcome. However, Salsburg
(2001) has it from a reliable source that the lady correctly identified
all the cups. It is important to understand that by setting up this
experiment and having her demonstrate her talent on one occasion,
Fisher has not proved that the lady can make the necessary distinc-
tion. Even if she can't tell the difference, there is still a 1.4% chance
that the outcome of the experiment was a random occurrence,
albeit a very unlikely one. However, getting an unlikely result in
an experiment like this is good evidence that Fisher’s initial
assumption, that she cannot tell the difference, may not be true.
So, we can be reasonably safe in rejecting the idea that her success
is just by chance and conclude, based on the result of this experi-
ment, that she can tell the difference.

Fisher termed outcomes of well-designed experiments that are
unlikely to have occurred by chance statistically significant outcomes,
and a test designed to demonstrate this is a test of significance. Methods
of inference commonly used in science to support or reject claims
based on data, like the chi-square test or the independent-samples
t-test, are also tests of significance (Moore et al., 2009).

One key point to remember from the story of Fisher and the
lady is that before performing an experiment, we should consider
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all possible outcomes and how to interpret them. Fisher used the
distribution in Figure 2 to forecast all possible results of the lady
tasting tea because that was an appropriate distribution to model
an experiment in which a series of random events occurred, with
each event having one of two possible outcomes (Gorroochumn,
2012). In The Design of Experiments, he wrote:

In considening the appropriateness of any proposed
experimental design, it 15 always needful to forecast all
possible results of the experiment, and to have decided
without ambiguity what interpretation shall be placed
on each one of them. (Fisher, 1971, p. 12)

Fisher called the distribution of all possible random outcomes the
null distribution. In evaluating the outcome of an experiment, a scien-
tist is testing whether or not the actual outcome conforms to one of
the most likely outcomes predicted by the null distribution. In other
words, he is testing the assumption that the result of the experiment
is a highly probable outcome and is therefore likely governed mainly
by chance. This assumption is called the null hypothesis. If the out-
come of an experiment deviates significantly from the most likely
outcomes predicted by the null distribution, then the result is statis-
tically significant.

The null distribution we use depends on the design of our
experiment and the type of data we collect. For example, biology
teachers are familiar with chi-square distributions as they are used
in classical genetics. Chi-square distributions (Figure 3) provide
models of discrete data (that is, data derived from counting) where
each datum randomly falls into one of two or more categories.
Another imponant family of distributions are normal distributions
that model continuous data where the measurements, like the
heights of a group of people, can be meaningfully subdivided into
smaller and smaller increments. Data that fit 2 normal distribution
fall randomly around an average value, the mean, but tend to cluster
near the mean and tail off to either side. To use the normal distribu-
tion, we need a large sample size and we need to know the standard
deviation of the population, but this is usually not the case. The
t-distribution, which we will use here in a case related 10 Darwin's
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3. Distribution of chi-square values with different
rees of freedom. Modified from Engineering 360 (https//
globalspec.com/reference/69568/203279/11-8-the-chi-
istribution).

finches, is a null distribution used as a stand-in for the normal distri-
bution when we have a small sample. The t-distribution more closely
resembles the normal distribution as sample size approaches 30.

O Using the t-Test to Make Inferences
from Data

McDonald (2014, p. 14) summarizes the logic of inferential statisti-
cal procedures as follows:

The basic idea of a statistical test is to identify a null
hypothesis, collect some data, then estimate the probabil-
ity of getting the observed data if the null hypothesis were
true. If the probability of getting a result like the observed
one is low under the null hypothesis, you conclude that
the null hypothesis is probably not true.

In the following, 1 use data on the morphological characteristics of
Darwin’s finches to illustrate the logic of inferential statistics described
by McDonald. The appropriate statistical test to analyze the finch data
1s the independent-samples t-test (referred to hereafter as the t-test). In
the concluding section, 1 explain the parallels between Fisher's tea
experiment and the t-test.

The activity provided by HHMI Biolnteractive (2014) includes
a spreadsheet with data from a randomized sample of 100 medium
ground finches collected and measured by Peter and Rosemary
Grant in the Galiapagos; 50 of the birds survived the 1977 drought
on Daphne Major, and the other 50 died as a result of the drought.
The spreadsheet records data on a number of the birds’ traits,
among them beak depth. We want to know whether the birds’ beak
depth made a difference in their survival during the drought. We
will use the (-test to compare the mean beak depths of survivors
and nonsurvivors, to see if there is a statistically significant differ-
ence between them.

The assumption we begin with is our null hypothesis, that beak
depth made no difference in the survival of the birds. If that is the
case, then we expect that the group of survivors will have a very
similar mean beak depth to that of the nonsurvivors, and that
any difference we see between the survivor and the nonsurvivor
group is due to sampling error. (To understand this expectation,
it helps 10 look at HHMI Biolnteractive [2017]. Readers are encour-
aged to experiment with this interactive activity. The related stu-
dent worksheet provides guided instruction in some foundational
statistics concepts.)

Figure 4, an image captured from HHMI Biolnteractive (2017),
shows two graphs plotting means of random samples drawn from
a large population. In each case, 500 samples were selected at ran-
dom, their means were calculated, and the means were plotted on
the graphs to produce the distributions shown. Each of the
500 sample means provides an estimate of the actual mean of the
population, which is 50 kg. The key point here is that we can
expect any two random samples taken from the same population
to have similar means. If you compare distribution A, consisting
of 500 samples of 25 individuals each, with distribution B, consist-
ing of 500 samples of 100 individuals each, you can see that the
estimates cluster around the population mean of 50 kg in each case,
but more tightly so in B. So, if we could take 500 random samples
of 50 birds from our finch population and plot them, what would
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Figure 4. Means of random samples drawn from a large population. Image captured from HHMI Biolnteractive (2017; copyright
2015 Howard Hughes Medical Institute, used with permission; https//www.Biointeractive.org).

we expect to see? We should see a similar normal distribution as in
A and B, but with a range intermediate between A and B. So, if
beak depth had no bearing on survival, our two samples should
have very similar means, just as any two random samples drawn
from the same population should have.

It is possible to get two random samples that have a statistically
significant difference just by chance, but it is unlikely. Figure 5
shows two groups randomly selected from a large population that,
by chance, have a statistically significant difference between their
means as determined by a t-test. If these two samples were selected
for an experiment, one as a control and the other as a treatment
group, and the independent variable actually had no effect, a t-test
would incorrectly result in the rejection of the null hypothesis. Sta-
tisticians call this a Type 1 error.

From the data provided in HHMI Biolnteractive (2017), the
nonsurviving finches have a mean beak depth of 9.11 mm, with a
standard deviation of 0.88 mm. The surviving finches have a mean
beak depth of 9.67 mm, with a standard deviation of 0.84 mm. Is
this difference between the groups large enough to be considered
statistically significant, or are they just random samples from the
same population that, due to sampling error, have a difference in
their means? To answer this question, we perform a t-test on our
data. Inferential statistical procedures like the t-test have five basic
steps. The steps in the t-test are applied to the finch data as follows.

Steps 1 & 2: Choose the Appropriate Statistical Test &
State the Hypotheses

The t-test is appropriate for comparing the mean beak depths of
two small samples of continuous data points. The null hypothesis
states that any differences between the two groups will be small
and attributable mainly to chance factors, in this case primarily
genetic variation and sampling error. The alternative hypothesis
states that some factor caused a difference between the two groups;
in this case, differences in the mean beak depths of the survivors
and nonsurvivors influenced their survival. The formal statements
of the hypotheses are as follows.

* Null hypothesis (Hy): There is no significant difference in mean
beak depth between the nonsurviving finches and finches that
survived the drought.

* Alternative hypothesis (H,): There is a significant difference in
mean beak depth between the nonsurviving finches and finches
that survived the drought.

Step 3: Choose the Decision Criterion

Next we determine what criterion to use in deciding whether the
difference between means is large enough to be statistically signifi-
cant. As Fisher wrote, we must “forecast all possible results of the
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Figure 5. Two groups, G(n, = 25, % = 51 kg, 5; = 8 kg) and G{n; = 25, X, = 46 kg, 5, = 8 kg), were randomly selected from a
large population, yet they still have a statistically significant difference in their means. This is a Type | error. The probability of
getting a difference this large between these two random samples by chance is P = 0032 (P < 0.05). Image captured from HHMI
Biolnteractive (2017; copyright 2015 Howard Hughes Medical Institute, used with permission; https//www Biolnteractive.org).

experiment, and [decide] what interpretation shall be placed on
each one of them” (1971, p. 12). The selection of the t-distribution
as our null distribution forecasts all possible results. In order to
interpret each of them, we need two numbers - a significance level
and the degrees of freedom. The significance level, designated by
the Greek letter alpha (), is a choice you make as the scientist con-
ducting the research. It represents the probability of incorrectly
rejecting the null hypothesis, so it plays a similar role as Fisher's
1.4% probability that the lady guesses all the cups correctly by
chance.

In other words, we are deciding how tolerant we will be of get-
ting two random samples with a large difference just by chance and
incorrectly rejecting the null hypothesis — a Type | error. The null
assumes that any differences between the two groups will be small
and attributable primarily to sampling error. It is customary to use
@ = 0.05. This means that even if there really is no significant dif-
ference between the two groups, 5% of the time when we perform
this experiment, we will get a result that indicates that there is a sig-
nificant difference. We will reject the null hypothesis, but we will
have been fooled by randomness (as in Figure 5).

Why is it customary 10 use @ = 0.05? Why not choose a smaller
alpha level, like 0.01 or 0.001, to make it even less likely that we
will incorrectly reject the null hypothesis and commit a Type |
error? The reason is that a smaller alpha level will increase the
probability of a Type 11 error, failing to reject the null hypothesis
when there actually is a significant difference between the sample
means. Choosing @ = 0.05 allows us 1o sirike a balance between
the risks of Type 1 and Type 11 errors. .

The second number we need to set the decision criterion is
the degrees of freedom — the number of values in the final calcu-
lation of a statistic that are free to vary. For the independent-
samples t-test, the degrees of freedom equals the sum of the
number of measurements in the two groups minus 2. There are
50 birds in each of the two groups, so the degrees of freedom
(dD =50+ 50 -2 =098

Now we take @ = 0.05 and df = 98 10 a table of critical t-values
like Table 1. Notice that df = 98 is not on our table. When this is
the case, we choose the critical (-value associated with the next low-
est level on the table, in this case df = 80, with a critical t-value of
1.990. If you examine the table, you will see that the lower the
degrees of freedom, the higher the critical t-value. The higher the
critical value, the harder it is to achieve statistical significance. So,
by choosing the next lower value for degrees of freedom, we make
it less likely that we will commit a Type | error and reject the null
hypothesis when we should not do so. We want to avoid being
fooled by a random occurrence if possible.

Ultimately, the t-test comes down to comparing two numbers,
the critical t-value that we just determined (1.990) and the observed
t-value we will soon ‘calculate using the finch data. Figure 6 shows a
t-distribution centered on t = 0; this is the most likely outcome when
we compare the means of any two random samples taken from the
same population. (Recall the example distributions from HHMI Bio-
Interactive [2017] in Figure 4.) To calculate a t-value, we subtract
the means (%, - £, in Figure 7), so the t-value will equal zero when
the two means are identical, and the value will be close to zero when
their difference is small. The greater the difference between the two
means, the farther to the left or right of center the observed t-value
will fall. If £, in the formula shown in Figure 7 is significantly greater
than £,, then the calculated t-value will be greater than the critical
value of 1.990. If £, is significantly less than %,, then the calculated
t-value will be less than -1.990.

The critical values for the finch study are marked as vertical
lines on the graph in Figure 6. If the observed t-value is less than
~1.990 or greater than 1.990, we reject the null hypothesis and
conclude that the difference is statistically significant - that is, that
the difference is large enough that it is unlikely to have occurred
by chance. We used a = 0.05, so 95% of the area under the curve
falls in the center of the distribution between the two lines mark-
ing the critical values, and 5% of the area falls to the left and right
of those lines. We have effectively divided the distribution into
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Table 1. Partial table of critical t-values for
a = 0.05 (two-tailed t-test).

12.706

4303

3182

2776

257

2447

2.306

O 0 IN |||l s W |-

2228

ﬁ
o

. .
50 2009
60 2000
70 1.994
80 1.990
100 1.984

Infinity 1.960

Figure 6. The t-distribution, which assumes that the null is
true. Modified from Statistics By Jim (https://statisticsbyjim.
com/hypothesis-testing/t-tests-t-values-t-distributions-
probabilities/).

two regions: (1) the region under the center of the t-distribution,
representing a small difference between the sample means that is
compatible with the null hypothesis; and (2) the region under the
extreme tails of the t-distribution, representing large differences
between the sample means that are very unlikely to occur if the null
hypothesis is true.

Figure 7. Equation for calculating a t-value.

Medium
Variability

Figure 8. Examples of sample distributions with differing
degrees of variability (from Web Center for Social Research
Methods, http//www socialresearchmethods.net/kb/stat_t.php).

If we repeatedly take two random samples from the same
population that should have no differences between them and
compare their means with a t-test, 95% of the time the t-value
we calculate will fall in the 95% area of the distribution. Five
percent of the time, we will get a t-value that falls to the left or
right of the critical value indicating statistical significance (as in
Figure 5), even though both samples were chosen randomly
from the same population and there is no actual difference
between them

Step 4: Calculate the t-Statistic

The t-statistic can be thought of as a ratio of “signal to noise.” The
expression in the numerator, (%, - £,), the difference between the
two means, is the signal. The greater the difference, the stronger
the signal, the larger the t-value will be, and the more likely we will
achieve statistical significance.

But statistical significance also depends on the noise: the vari-
ability in the two sample datasets (Figure 8). The smaller the vari-
ability in the sample data, the more likely we are to find statistical
significance. The sample variances, the squares of the standard
deviations (s} and s}), represent the variability in the beak depth
daa: s} = (0.84mm)’ = 0.71mm? and ! = (0.88mm)’ =
0.77 mm*. Smaller variances make a smaller denominator, making
the t-value larger and making it more likely that we will achieve
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statistical significance. Sample size also influences the outcome of
the test. Smaller sample sizes will typically result in a larger denom-
inator and more noise, and make it less likely that we find a statis-
tically significant result, Larger sample sizes will increase the
likelihood of achieving statistical significance.

Using the formula for calculating the observed t-value in our
finch case, we get t = 3.26. The calculations are as follows (SQRT =
square root):

(%1=-%;) = 9.67mm—9.11 mm = 0.56 mm

st/n = 0.71 mm?/50 = 0.0142 mm*

s3/n; = 0.77 mm?/50 = 0.0154 mm*

st/ny + 53 /ny = 0.0142 mm? + 0.0154 mm? = 0.0296 mm’
SQRT(s?/n; + s3/ny) = SQRT(0.0296 mm?) = 0.172 mm
(%1-%2)/SQRT(s}/ny + s3/nz) = 0.56 mm/0.172 mm = 3.26

Step 5: Evaluate the Result

In the final step, we compare the calculated t-value of 3.26 with
the critical t-value of 1.990. If the calculated t-value falls in the
5% region we marked in Figure 6, we reject the null hypothesis
because it indicates that getting a difference between the two
means as large as we observed is unlikely to have occurred by
chance, assuming under the null that our two groups of finches
actually are just two random samples from the same population.

This is where the P-value comes into play. The P-value tells us
how much uncertainty we have when we conclude that two sam-
ples have a significant difference between them. In other words,
with a significance level of @ = 0.05, there is a 5% or lower prob-
ability that the difference we found is auributable to sampling
erTor.

Using a spreadsheet or statistical analysis software, we can get
the actual P-value (just as Fisher was able to calculate for the tea
experiment). For the finch data, P = 0.0015. As a reminder, the
null hypothesis is that beak depth had no bearing on survival of
the birds during the drought. So, if the null hypothesis is true,
and we repeatedly drew two random samples from the same finch
population 1o compare their means with a t-test, for every 1000
times we did this experiment we would get a significant difference
only about one or two times by chance — not a very likely out-
come. We conclude that the difference we observed between the
survivors and nonsurvivors is statistically significant. It is unlikely
to have occurred by chance and so, like Fisher in the tea experi-
ment, we reject the null hypothesis and tentatively conclude that
birds with larger beaks were, on average, better able to survive the
drought.

How do we know that this isn't just a rare chance occurrence,
like winning a lottery? How can we establish our conclusion with
greater certainty? We repeat the experiment. If the significant dif-
ference we found was just a chance occurrence, it is unlikely to be
repeated in subsequent experiments. The Grants have repeated
the experiment. They have observed similar fluctuations in beak
depth as droughts have alternated with rainy periods over multi-
ple years. Figure 9 shows the fluctuations in mean beak depth
of medium ground finches correlated with fluctuations in weather
over a period of eight years.

Figure 9. Fluctuations in mean beak depth of medium
ground finches correlated with fluctuations in weather over a
period of eight years, FREEMAN, SCOTT; HERRON, JON C,
EVOLUTIONARY ANALYSIS, 4th, ©2007, Reprinted by permission
of Pearson Education, Inc, New York, New York, (http://bodell.
mtchs.org/OnlineBio/BIOCD/text/chapter14/concept14.4.html).

O Conclusion

What do Fisher's test of the lady tasting tea and the t-test on the
Grants' finch data have in common? In both cases, we started by
assuming that there was no effect. The lady cannot tell the difference
between milk-first and tea-first; beak depth has no bearing on sur-
vival. These are null hypotheses. Given these assumptions, we selected
an appropriate null distribution to predict the outcomes of random
events we expect during the experiment: the distribution in Figure 2
for the tea experiment; t-distribution for the finches. Experiments
were carried out and data were collected and analyzed. In each case,
the outcome deviated from what the null distribution predicted, by
an amount that we previously determined in the design of the experi-
ment. Fisher arranged matters so that the lady had a 1.4% probability
of getting all cups correct by guessing, an outcome that was very
unlikely to occur by chance. This was the P-value for Fisher's experi-
ment. With the finches, we chose an alpha level of 0.05 as a decision
point, so that if the difference between the means, given the variation
in the samples, was great enough to produce a calculated t-value with
a probability less than or equal to 0.05, we could say that a difference
that large was unlikely 1o have occurred by chance. The actual P-value
was 0.0015. In each case the outcomes were very unlikely, so we
rejected the null hypothesis and concluded that there likely was a
causal relatonship.

Students in my AP Biology class performed the activity described
here as one part of a unit introducing evolution as a major theme of
biology. Emphasis in the unit was placed on understanding fundamen-
1al concepts, and constructing evidence-based arguments and explana-
tions. Student understanding of statistics was not directly assessed;
however, students did show improvement in their explanations of
natural selection as the cause of adaptive changes in populations, and
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their explanations were more likely to reference empirical evidence
Additional discussions of how HHMI resources were used in the unit
can be found in Cooper (2016) and in Lucci and Cooper (2019)

Scientists use statistics like those illustrated here 10 organize
and analyze data so that they can make inferences from the dataset
and use it as evidence (AAAS, 2011; NGSS Lead States, 2013;
College Board, 2019). Understanding how scientists use statistics
IS an important component of biological literacy, and students
should have opportunities to use statistical methods like this in
their science classes
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