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Because statistics is, in a sense, the heart of the 
scientific method, and because the field of statis
tics, beginning with Karl Pearson and R. A. Fisher, 
has developed for the specific purpose of aiding the 
scientist to make valid inferences, a brief review of 
the scientific method, research, and the role of sta
tistics seems in order. When working in science one 
formulates an hypothesis based on an existing the
ory, performs some type of experiment or investi
gation, and uses the results to test or verify the 
hypothesis. If the data are consistent with the hy
pothesis, this validates the theory; if not, the theory 
must be modified to encompass the new facts and 
will be used to establish new hypotheses for future 
experimental verification. 

The scientific method consists in the formulation 
of a testable hypothesis, the design or conduct of 
an experiment and, using induction, the making of 
a generalization. Hypotheses cannot be proved, 
only disproved or said to be consistent with the 
data—i.e., accepted. The mere plausibility of an 
hypothesis cannot be accepted as evidence for or 
against it; the practice by psychiatrists of asserting 
reasons for a person's actions is an example of 
plausibility that cannot be used. 

Research in its broadest sense is the extension of 
knowledge. It very often applies some or all of the 
scientific method, but is not strictly limited to that; 
for example 'library research" is considered by 
some to be research. Applied research often in
volves the development of new methods or tech-
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niques, or of classification and description of phe
nomena. So-called pure research is generally 
another name for science and usually involves for
mulation or verification of theories. Research is 
sometimes thought of as the process or performing 
part of science, i.e., the actual conduct of experi
ments. 

In the broad field of nuclear medicine, most of 
the research is, by necessity, applied, and the prin
cipal motivation for most studies is the extension 
of knowledge: the development of better tracers, 
more precise or accurate measuring and imaging 
equipment, or faster and more efficient ways of 
doing things. The scientific method must be applied 
in these research efforts if drawing valid inferences 
from our data is the major consideration of a study. 
Induction is the process of generalization whereby 
we draw general conclusions from a particular set 
of events. In statistical use, induction means draw
ing inferences from a sample to the whole popula
tion from which the sample was drawn. An exper
iment done on a group of rats is not useful unless 
we can assume that the same results would apply 
to all rats and preferably to all mammals. The raison 
d'etre of statistical theory and methodology is the 
drawing of valid inferences, hence its central role 
in the scientific method and research. A necessary 
part of drawing inferences to the whole population 
is prediction and the estimation of uncertainties. 
This may be as simple as predicting that the mean 
of the whole population is the mean of our sample, 
or giving an interval within which we expect the 
mean to lie with a known degree of certainty, or it 
might be extrapolation of a dose-response relation
ship with a confidence envelope. 
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STATISTICS AND STATISTICIANS 

A statistic is a quantity that summarizes data. We 
believe that the word came from state at a time 
when the State gathered demographic data for tax 
or other purposes. The mean, median, standard 
error, standard deviation, range, and skewness are 
all statistics that summarize data. Often all that is 
required in a study is a summary of the data; for 
instance the clearance of a group of organs at a 
series of times often requires only the sample means 
with their standard errors. These are called descrip
tive statistics, and no application of the body of 
theory developed by statisticians is required. 

When the researcher wants to draw inferences— 
for example to compare two treatments and gen
eralize the results to more than just the observed 
sample—then inferential statistics are required. 
The purpose of this article and subsequent ones is 
to present some of the theory behind the usual 
statistical tests so that the researcher can determine 
the appropriate technique, understand the limita
tions of the data, and draw the appropriate infer
ences. 

A parameter is a quantity that describes a pop
ulation rather than a sample. Most sample statistics 
can be used to obtain estimates of parameters in a 
population. Certain symbols in mathematical equa
tions are also called parameters, e.g., in the equa
tion y = a + /3x, the a and /3 are said to be param
eters, whereas y and x are called variables. 

A statistician is trained to be certain about noth
ing and uncertain about everything. Under most 
circumstances, however, he is willing to provide a 
measure of his uncertainty. There are three types 
of statisticians: a) one who tabulates data such as 
those concerning baseball teams, surveys, etc.; b) 
the applied statistician, who often specializes in an 
area of statistics such as experimental design, sto
chastic process, clinical trials, surveys, etc., and 
who always specializes in one or more subject areas 
(biology, medicine, engineering, psychology, me
teorology, etc.); and finally, c) the mathematical 
statistician, generally found at a university, who is 
concerned with the theoretical development of sta
tistical methods. His work is generally published in 
statistical journals rather than subject-matter jour
nals. The person most helpful in nuclear medicine 
is one who is strong in experimental design and 
regression analysis, and who has specialized in bi
ology or medicine; he or she is often called a bio-
statistician. The major deficiency in a statistician's 
training is that there is no equivalent of rotations 
or internship, and the applications that one gets 
from textbooks or at universities are not satisfac
tory substitutes. The process of gaining experience 

with a broad range of studies is therefore a slow 
one for the statistician: hence, an inexperienced 
biostatistician would be a valuable colleague. 

POPULATIONS AND SAMPLING 

There are no experiments in which there is no 
variability. The variability is often large in the biol
ogic world and small in the world of the physicist, 
but variability there is. If there were none, a sample 
of one would suffice and there would be no need 
for statistics of any kind. Because of this variability 
in the population, and because it is never possible 
to make measurements on every member of a pop
ulation, a sample must be selected in a way to 
ensure that it is representative of the population. 
The method for ensuring this is called random sam
pling, in which each member of the population has 
an equal and independent opportunity of being se
lected for inclusion in the sample. "Random'' 
means that the samples are obtained by chance in 
an unbiased manner. We can conceive of a lottery 
in which each person in the population is repre
sented by a ball in a container. Sampling randomly 
would be accomplished by thoroughly shaking the 
container and selecting (blindfolded) a ball, record
ing its number, and replacing it, more shaking, more 
selection, and so on until the required sample size 
is achieved. If the size, weight, and shape of the 
balls are identical, and if mixing has been thorough, 
the sample is called random and any measurements 
done on the sample elements corresponding to the 
balls should be representative of the whole popu
lation. In the real world, particularly the world of 
biologic science, this idealized case is virtually un
known. A person conducting a poll might possibly 
select a truly random sample, but this is unlikely 
because part of the sample selected would be un
beatable, which could lead to bias because their 
reasons for not being found might bear on the out
come of the poll. 

The researcher's sample of rats can hardly be 
considered a random sample of the population of 
all rats. It is usually part of a shipment of a partic
ular strain, in a limited age category, and of one 
sex. The sample has been subjected to psycholog
ical, physical, bacteriological, and viral stresses pe
culiar to that shipment that may cause experimental 
results to be dependent on time of year. Is it nec
essary to draw reference to the population of all 
rats past (previous research), present, and future, 
as well as to all strains and to both sexes? Probably 
not! It may only be necessary to show that one 
radiotracer clears the liver faster than a second if 
we are certain that livers of all adult rats function 
the same. 
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Drawing references to human populations in 
medical studies is fraught with pitfalls. Humans are 
a very heterogeneous species and random sampling 
is impossible. A sample of humans usually consists 
of all persons who enter a particular hospital or 
department of a hospital with a specific complaint 
between certain dates. Often we cannot assign 
treatments at random because of ethical consider
ations and because informed consent means that 
some persons will refuse a new treatment. In spite 
of our inability to sample randomly, we would like 
to draw inferences to a larger population in most 
instances. 

Eugene Edgington (/) draws a distinction be
tween what he calls statistical inference, which re
sults from truly random sampling of measurable in
dividuals, and nonslatistical inference, which must 
be made when true random sampling cannot be 
carried out or when extrapolations must be made 
to different conditions or to other populations— 
e.g., inferences to healthy people from tests made 
on cancer cases or from tests on dogs to humans. 
Rigorous statistical inferences depend mostly on 
the random sampling technique to ensure validity, 
whereas nonstatistical inference (which is more ap
propriately called restricted inference) is highly de
pendent on the skill of the investigator and his 
knowledge of the subject matter, of the character
istics of the population, and of the factors that could 
influence the outcome of the experiment. 

Epidemiologists are in the worst possible position 
to make statistical inferences because they examine 
incomplete records after the facts. Not only are 
they unable to control the sampling, the conditions 
during the experiment, and the type of treatment, 
but they are also often unable to obtain valid final 
diagnoses for the cases examined. The sample size 
may often be quite large because they need only 
work with records; the tests and diagnoses 
almost always have been made by a variety of in
dividuals who possibly have different biases. In 
spite of all these obstacles—which seem insur
mountable to a statistician—epidemiologists have 
provided the scientific community with valuable 
knowledge that would not be obtainable by other 
methods. Their findings have withstood the close 
scrutiny of other scientists and have often been 
validated by subsequent biologic experiments that 
were suggested by their findings—e.g., smoking 
and cancer. The epidemiologist's major efforts are 
to determine which cases meet the criteria for in
clusion in the sample and what the restricted pop
ulation is to which inferences can be applied. Often 
two or more different 'control" groups are selected 
because the epidemiologist is unable to determine 
which population is more appropriate. 

RANDOMIZATION 

Because true random sample is the unattainable 
goal of the researcher, we must take a lesson from 
the epidemiologist and pay particular attention to 
the population that we are sampling from and must 
use great care to determine from what population 
we can draw valid inferences. We do have the tre
mendous advantage over the epidemiologist of se
lecting our population in advance, particularly with 
animal experiments, and we can usually randomize. 
The simple procedure of randomly allocating ex
perimental units to different treatment groups (ran
domization) removes any bias that could be intro
duced by the researcher, environmental conditions, 
etc. It assures us that observed differences between 
treatment groups can be attributed to the treatment 
itself or to chance imbalance in the randomized 
groups and not to an artifact of the method. 

The most common method of randomization is to 
assign consecutive numbers to all members of the 
sample. If animals are studied, often the ears are 
tagged. Next, a table of random numbers or a deck 
of cards with consecutive numbers, turned face 
down and thoroughly shuffled, is used. We then go 
down a column of the random-number table, start
ing at any point, or start cutting the cards, and 
assign the animal corresponding to the first number 
to the first group, the second animal to the second 
group, and so on. Random-number tables (2-4) gen
erally consist of columns of four- or five-digit num
bers that have been produced by a pseudorandom 
process and then tested to determine whether they 
have the desired properties—such as approximately 
equal frequency of all numbers, no large runs of 
particular numbers, etc. Since a five-digit number 
is too large, use only the rightmost one or two 
digits. If, for example, you want to randomize 30 
animals into three groups, you can write the num
bers 1-30 in a column and as you go down the 
random-number table write group number 1, 2, 3, 
1,2, . . . next to the numbers in your column as 
you come across them in the random-number col
umn, ignoring, of course, any number greater than 
30 or any repeat of a number already assigned. The 
group designation can then be tranferred from the 
column to the animal by a daub of paint, notching 
ears, clipping tails, etc., and the animals placed in 
cages for the experiment. 

The practice of assigning animals by reaching into 
a box or cage and assigning the first ten animals 
grabbed to the first group could result in the most 
agile animals, perhaps the strongest or healthiest, 
being selected last. Even less satisfactory is the 
assignment of the first box or cage to the first group, 
etc., because all the animals in a particular box 
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could have some common illness that would only 
show up under stress or under the microscope. If 
you cannot avoid mixing animals of different ages, 
weights, sex, breeds, etc., by all means randomize 
them into the experiment to avoid bias. 

It is much easier to follow an experimental pro
cedure on one group at a time: controls first, then 
treatment No. 1, and so on, but this is bad practice. 
Experiments often take hours or days to run, and 
it is far too easy for conditions to change, solutions 
to warm, calibrations to drift, technicians to tire, 
etc., which could bias the results if the groups are 
worked on one at a time. To avoid bias randomize 
the order in which the animals are treated. It may 
be more difficult to keep track of syringes with 
several types of material in them, but randomiza
tion will defend you against unsuspected factors 
that would affect the outcome. If the animals are 
still in random order from the selection procedure, 
they can be treated in that order. 

PRECISION VERSUS ACCURACY 

When repeated measurements are made on the 
same sample, assuming no changes, decays, etc., 
during the run, the measurements will still differ 
from each other. This is called measurement error 
by the statistician, who knows that it will be part 
of the biologic variability in the final data from any 
experiment. A major effort by all researchers is 
keeping this measurement error to a minimum. 
Measurements with large inherent variability are 
called imprecise, and those with small variability 
are called precise. The standard deviation is a meas
ure of imprecision—a large s.d. associated with im
precise measurements and vice versa. 

Accuracy refers to closeness to the truth, lack of 
bias, or agreement with calibrated results, and is 
independent of precision. If we think of throwing 
darts at a dart board, an accurate group (sample) 
would have its center close to the bull's eye. A 
precise group would have a small spread and an 
imprecise group would form a large cluster. Meas
urements too can be accurate but imprecise—or 
even inaccurate but precise. When one is testing 
and calibrating equipment, it is common practice to 
make repeat measurements on the same material or 
on aliquots of the same fluid. The standard devia
tion of those measurements can tell us what pro
portion of the total experimental variation can be 
attributed to the measurement process. 

SIGNIFICANT DIGITS 

How many digits should be carried along? Gen
erally it is wise to record and carry all digits down 

to and including the one that is in error by no more 
than 0.1 unit. Some workers carry one additional 
digit throughout computation and round off later. If 
a balance is considered accurate to 0.1 g, then in 
repeatedly putting a 10.00-g weight on the balance, 
the values should not change in the tenths digit, but 
they would change if we estimate the 0.01-g posi
tion; in this case we should record only down to 0.1 
g. When data are summed and averaged, it is com
mon practice to retain one additional digit in the 
statistics. 

The counters in radiation-counting equipment 
often have six digits, and the question of how many 
digits to carry is a bit more complicated. A common 
rule of thumb is to calculate the square root of the 
indicated number of counts, which is its s.d., and 
record only the number of digits to the left of 
(higher order than) the s.d. If the data are to be 
used in subsequent calculation, record one extra 
digit—i.e., carry the equivalent of the high-order 
digit of the s.d. through computation and round to 
the appropriate digit at the end of the computation. 
The standard deviation is usually rounded to the 
nearest whole number. This rule of thumb, illus
trated in Table 1, is based on the concept of retain
ing as a significant digit the lowest order digit that 
changes by one-tenth or less. It is consistent with 
other types of noncounting measurements. 

MEASURES OF CENTRAL TENDENCY 

Regardless of whether the data that have been 
gathered are to be used for description (as in the 
case of many clearance studies) or for inference to 
a larger population (as in the case of comparison of 
toxic effects of two compounds), some statistic that 
characterizes middleness of a set of data is usually 
required. The most frequent measure of central 
tendency is the average or sample mean, usually 
written as x. The Greek letter p, is usually reserved 
for the population mean, although occasionally the 
sample mean is written as p. when it is referred to 
as an estimate of the population mean. If the sample 
mean is calculated on measurements from a random 
sample of a larger population, x is then a valid 
estimate of the population mean. Otherwise, the 
restrictions regarding what population it is appli
cable to must be included in any discussion. 

There are several instances (particularly if a sam
ple is small) when the sample average would be a 
misleading measure of central tendency. When 
there are a few outlying observations ("maver
icks") that cannot be discarded because of bad 
technique or faulty measurement, the median is a 
more appropriate statistic. Similarly, if a group of 
data appears to be highly skewed—e.g., if most of 

Volume 20, Number 6 553 



SHELDON G. LEVIN 

TABLE 1. 

Observed Retain for 
count CA additional Presentation of 

(N) s.d. s.d. calculation results 

4,358 66 1.5 4,360 4,400 ± 66 
59,682 244 0.4 59,700 60,000 ± 244 

204,836 453 0.2 204,800 205,000 ± 453 

the observations group around 25, there are none 
below 15, some at 40, fewer at 50, and perhaps one 
at 60—then certainly we can calculate an average, 
but it will be far from the "middle" of the data; in 
this case the median would again be a better statis
tic to use. The median is that point above (or below) 
which 50% of the observations lie; it splits the data 
into two halves. To calculate the median, order the 
data from low to high and if there is an odd number 
of observations, say nine, then the fifth observation 
(counting from either end) is the median. 

To illustrate, Garcia et al. (5) found the following 
technetium concentrations in bone-forming dimi-
neralized matrices often rats (in thousands of cpm/ 
g tissue): 

8.6, 12.8, 14.9, 15.1, 18.3, 30.9, 34.6, 45.0, 140.5, 
151.1. 

First consider the lowest nine measurements, de
leting for the moment the value 151.1. The fifth 
observation, 18.3, is the median; the average, which 
has been strongly influenced by the value 140.5, is 
35.60. 

Now, using the full set of ten observations, the 
median must be between the fifth and sixth obser
vations; we calculate it as (18.3 -f 30.9)/2 = 24.6. 
The average for the sample of ten is 47.18 which 
seems almost at the upper end of the series rather 
than in the middle. The median does not seem to 
be affected by the two large values and would there
fore be a good choice for presentation of the data. 

MEASURES OF VARIABILITY 

The most commonly used measures of variability 
are the range and the standard deviation. The range 
is certainly the easiest to calculate and is often 
presented as a descriptive statistic for small sam
ples. The range has two shortcomings that obviate 
its use: a) it is not used in common statistical tests, 
so that the standard deviation must also be calcu
lated if significance tests are to be done; and b) of 
more importance is the dependence of the range on 
sample size. If we were to take two samples of four 
and 20 animals from the same population of rats, 
and if we were to perform the same tests or meas-
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urements on them, we would certainly expect the 
larger sample to have a greater range, because in it 
there are five times as many chances of selecting 
an animal with a large or very small measurement. 
Furthermore, since there is no averaging, a single 
very large or very small observation would make 
the range unrealistically large. The range for the 
foregoing example is 151.1 - 8.6 = 142.5. 

Standard deviation. The sample standard devia
tion is probably the most useful statistic that meas
ures spread, and although it is affected by a single 
outlier, it is not nearly as vulnerable to this as the 
range is. If, from each value in a sample, the av
erage is subtracted to fornra difference or devia
tion, then this difference is squared, then the 
squares are all added and the sum finally divided 
by one less than the number of observations, we 
would have the variance: 

n - 1 

The use of n - 1 rather than n in the denominator 
makes the same variance an unbiased estimate of 
a2. The sample s.d. is the square root of the vari
ance: s. d. = WAR. The variance itself is a very 
useful statistic in propagation of errors and in sta
tistical tests to compare the variability of two sam
ples. The s.d. is on a per-individual basis, i.e., the 
s.d. from a sample often would be expected to be 
about the same as from a sample of 15. It is also in 
the same units as the original sample values and the 
average, which makes it preferable to the variance, 
which is in squared.units. The s.d. is used as an 
estimate of the population s.d., or, and provides an 
estimate of the parameter o- in the Gaussian distri
bution, which facilitates the use of the Gaussian 
and t distributions in our significance tests. 

There is no point in illustrating calculation meth
ods for the s.d. because of the general availability 
of calculators that automatically calculate x and 
s.d. when one simply enters the data and depresses 
the appropriate button. In the previous example of 
ten observations, the s.d. = 53.24 for the sample. 

Coefficient of variation. Very often in dealing with 
biologic data we find that the s.d. is large for sam
ples with a large: x and vice versa. To cope with 
this type of problem, a quantity called either the 
"coefficient of variation" (CV), or the "relative 
s.d.," or the "percent s.d." is calculated as 

s.d. 
relative s.d. = CV = , 

x 

or 

100 (s.d.) 
% s.d. = . 

x 
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This is a unitless measure; e.g., in the previous 
example we calculate 

_ . . s.d. 53.24 cpm/mg 
c v = _ H s = 1.13 or 113% s.d., 

x 47.18 cpm/mg 

and we see that the units cancel. In this case, the 
s.d. is actually larger than the average, an indication 
of very large variability. 

Because the CV is a unitless statistic we can use 
it to compare our work with that of others to get a 
feel for how variable our experiment is. A CV of 
5-10% is excellent, 10-30% is usual, and 40% or 
more is excessive. More about this when we come 
to considerations of sample size. 

Standard error of the mean (or "standard error"). 
We randomly select a sample from a population and 
make measurements on the sampled items (e.g., 
animals) to obtain an estimate of the population 
mean, /x. The more variable the population, the 
larger the sample that must be taken in order to get 
the same precision for our estimate of /x. The stand
ard error of the mean is a statistic that describes 
the variability of the average of samples containing 
n items. It is written as 

Sx = - ^ = , 
Vn 

where we obtain our estimate of o- from the sample 
s.d. The Vn in the denominator tells us that for 
very large samples, Sx becomes very small and that 
it increases as the sample size gets smaller. This 
makes sense because when one collects several ob
servations to form a sample, the large and small 
observations are averaged; hence the sample mean 
tends to be less variable as we include more obser
vations in the sample. 

Figure I shows that as the sample size gets larger, 
the Sx gets smaller and the distribution narrower. 
In our example the standard error of the mean is 

s.d. 53.24 ^ OA 
Sx=—^= = —F= = 16.84. 

Vn >/l0 

If the same s.d. were obtained for a sample of five, 
the Sx would be 23.81; if n were 20, Sx would be 
11.91. Thus, going from n = 5 to n = 20 reduces 
the Sx from 23.81 to 11.91, and although our esti
mate of the sample mean is not changed, the pre
cision of our estimate of the true mean increases. 

When one is interested in average response to a 
particular treatment, which is the case unless one 
is concerned with the development of methods, the 
standard error is the appropriate measure to present 
in tables or graphs because it tells how good an 
estimate of the mean we have, whereas the s.d. 
describes the variability of the individual observa

tions. For this reason, the Sx is used in constructing 
confidence intervals for the mean and in signifi
cance tests of the differences between means. If, 
on the other hand, one wishes to describe the var
iability of a new method or to compare variabilities 
between methods, then the s.d. or the variance is 
appropriate rather than the standard error, Sx. 

DISTRIBUTIONS OF OBSERVATIONS 

When we want to use the data to make general
izations and inferences beyond the experimental 
data (sample) themselves, we must be concerned 
with the concept of distributions. Although there 
are statistical techniques, some of which will be 
described in later articles, that do not depend on 
assumptions about the distributions of observa
tions, many of the familiar tests do. Virtually all 
measurements that are made under stable condi
tions, where most of the factors that can influence 
our results are under control, come from an under
lying distribution of some kind. There are a number 
of factors that may contribute variability and irreg
ularity to the distribution—such as measurement 
errors, counting error, rater-to-rater or technician-
to-technician variability, and the biologic variability 
itself. There are also many factors that tend to make 
a distribution bimodal—such as mixing stressed and 
unstressed animals, sick and well persons, two 
batches of reagents, a shift in calibration, and so 
on—but a stable distribution will almost always 
emerge. If it were possible to obtain enough obser
vations (at least a hundred) made under conditions 
as uniform as possible, and a histogram were then 
made of the measurements, some consistent pattern 
should emerge. A histogram is made by dividing 
the range of the measurements into 10-15 equal-
sized, adjacent intervals and tallying the number of 
observations that fall in each interval. The number 
in each interval can then be divided by the total 
number in the sample to convert to percentages. 

FIG. 1. Frequency function of Gaussian-distributed popu
lation and of averages for samples of size 5 and 20 from that 
population. 
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The pattern might look like one pictured in Fig. 2. 
These histograms are typical of those found in the 
biologic field. The mathematical generalization of 
the histogram is called a frequency function. The 
frequency function describes an idealized popula
tion of measurements. 

Gaussian distribution. Three distributions often 
found in nuclear medicine are the Poisson, the 
Gaussian (also called the "normal'' distribution), 
and the Binomial. The log-Gaussian or log-nor
mal—which looks like Fig. 2A, above—becomes 
the Gaussian when the logarithms of the measure
ments are taken, so it will not be discussed sepa
rately. If we sample randomly from a population 
(e.g., rats) whose measurements (e.g., femur 
weight) are said to be Gaussian-distributed, then 
the statistics of the sample are used to estimate the 
parameters of the Gaussian distribution that are 
finally used to draw inferences to the whole popu
lation. The mathematical expression for the fre
quency function of the Gaussian distribution is 

p(x) = 
1TT(T 

l /2[( X - M W C T ] 2 

First we see that the parameters /* and cr appear in 
this expression and that given values of these pa
rameters, the expression can be evaluated for any 
value of x. Stated more formally. p(x) is the prob
ability of a measurement's having the value x for a 
Gaussian distribution with mean of /n and s.d. of o\ 
To obtain the probability of an event's being greater 
than x we must integrate the expression. The stand
ardized form of the Gaussian frequency function, 
in which jj. ~ 0 and o- = 1, is 

p(z) 

where z = 
x -/i 

The standardized form is used in 

the construction of statistical tables. 
Poisson distribution. The Poisson distribution 

arises out of the counting of discrete events. Most 
nuclear medicine applications arise from counting 
equipment used to measure radioactivity. For low 
numbers of counts it is skewed to the right (as in 
Fig. 2A). but for large numbers of counts (in the 

J ^ 
A. Skewed to right B. Symmetric 

FIG. 2. Typical histograms encountered in biologic appli
cations. 

hundreds or more) the form is almost symmetric 
(as in 2B) and is hardly discernible from the Gaus
sian. In most radioactivity applications, the number 
of counts obtained is a sample of all the possible 
disintegrations that could take place in the given 
time in the radioactive material. The frequency 
function 

p(x) = e nmx/x! 
(x = 0, 1,2, . 
( n > 0 ) 

• ) 

expresses the probability that the number of counts 
takes the specific value x given the mean n. Be
cause this is a distribution of discrete events—un
like the Gaussian distribution, which applies only 
to continuous measurable events—the function is 
summed, rather than integrated, to obtain the prob
ability that x is larger than some specified value. 
The sample mean is the number of counts, n, and 
the variance is also n, which makes the s.d. = 
VVAR = Vn. 

Because the Poisson distribution is so similar to 
the Gaussian for large values of n and because 
most statistical tests have been developed around 
the Gaussian distribution, when statistical tests of 
radioactive counts are required, the Gaussian is 
used instead of the Poisson, with (x estimated as n 
and a estimated as \ /n . 

The usual case in experiments in nuclear medi
cine is for a count to be used as a measure of 
radioactivity in a sample. The biologic variability 
of the samples (e.g., rat livers) is far greater than 
the variability caused by counting error. Thus, the 
variability, from observation to observation, of 
counts of activity level in tissue, and the distribu
tion of these counts, will not be Poisson but will 
depend on the underlying distribution of the tissue 
levels, which are determined by a complex physi
ologic process. In other words, when using count
ing equipment to obtain measurements of some 
biologic phenomenon, you can almost always ig
nore the fact that the measurements result from 
counts and use the methods appropriate to the dis
tribution of tissue values. 

The special Poisson statistical techniques used in 
the counting room are not generally applicable to 
biologic experimentation, and because they are de
scribed elsewhere—especially well in the text by 
Prince (6) and adequately in others (7) (8)—they 
will not be covered here. 

Binomial distribution. The binomial distribution, 
sometimes called the Bernoulli, applies to repeated 
trials on a dichotomous event. The distribution of 
these trials is said to be binomial when: a) each trial 
must result in one of two possible outcomes that 
can be called "success" or "failure;" b) the prob
ability of success remains constant during the 
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course of the experiment; and c) the n trials are 
independent—i.e., when the outcome of any trial is 
not dependent on the outcome of any other trial. 
Examples are: the repeated tossing of a coin, where 
the outcome is heads or tails; a series of exposures 
of individuals of a group of homogeneous animals 
to a fixed level of a toxic substance, where the 
outcome is live or die; a series of tissue grafts on 
a set of experimental animals where the outcome 
can be called success or failure. These examples 
should follow the binomial distribution. The fre
quency function is 

P(x) = Qpxq"-X (x = 0, 1, . . . , n), (0 < p < /; 
where 

q = I - p 
and 

C£ = n!/x!(n - x)! = . 
x!(n - x)! 

The mean of this distribution is np and the s.d. = 
%/mpq. The binomial distribution can be used to 
determine whether the particular set of outcomes 
from a sample is consistent with a conjectured or 
previously established value. One very useful ap
plication is in the case of determining whether a 
treatment is effective—i.e., whether a new treat
ment consistently results in a higher percentage 
than nontreated. A new treatment is administered 
to a random sample of 20 persons with the illness, 
and 15 recover; untreated cases consistently have 
50% recovery. Are the results of the new treatment 
sufficiently better than 50% to be called here p = 
0.5, n = 20, x = 15. Using tables of the binomial 
distribution, we can obtain the probability of ex
actly 15 successes, or of 15 or more successes, 
given that the expected proportion of successes is 
0.5. From tables [e.g., in (5) (9-11)] we find that 
the probability of exactly 15 successes is 0.0148. 
By adding the probabilities for 15 + 16 + . . . + 20 
successes—i.e., 0.0148 + 0.0046 + 0.0011 + 0.0001 
+ 0.0 + 0.0 = 0.0207—we can obtain the probabil
ity of at least 15 successes. Thus we can say that 
the chances of obtaining a result of 15 or more 
successes because of chance alone (random selec
tion) is about 2 in a hundred, or highly unlikely. 

For samples larger than 20, particularly for values 
of p between 0.30 and 0.70, the distribution is rea
sonably symmetric and the Gaussian distribution 
can be used in place of the binomial, with sample 
mean estimated as x = np and s.d. = Vnpq. 

DISTRIBUTIONS OF STATISTICS (SAMPLING DISTRIBUTIONS) 

The concept of the distribution of a statistic is a 
very esoteric one and development in this area has 
occupied mathematical statisticians for many years. 
A statistic is not always distributed the same way 

as the population of individuals. The simplest and 
most important case we usually encounter is the 
distribution of the sample mean, and it will there
fore be discussed in more detail than the distribu
tion of other statistics. If measurements on a pop
ulation from which the sample is randomly drawn 
are Gaussian-distributed, then regardless of the size 
of the sample selected, x will be Gaussian-distrib
uted, with mean = fx and s.d. = o-/\/n. Remember 
that we are talking about the distribution of x and 
the s.d. of x is called the standard error of the 
mean, Sx. Therefore, the distributions should look 
like those in Fig. 1 for n = 1, n = 5 and n = 20. 

Central limit theorem. The sample mean has a 
remarkable property that has most certainly saved 
many experimenters from embarassment. The cen
tral limit theorem tells us that, regardless of the 
distribution of observations in the population, the 
distribution of the sample means tends toward (be
comes) the Gaussian distribution when the samples 
are large. For smaller samples (n < 20), the central 
limit theorem still holds if the population from 
which we sample is unimodal and more or less 
symmetric. The theorem tells us that if we suspect 
the population distribution to be nonGaussian, but 
we want to use statistical tests requiring that the 
population be Gaussian distributed (e.g., the t test), 
then we'd better use a large sample size. 

The t distribution. Discussion of the distribution 
of the sample mean leads to the question of why we 
use the t distribution if the x is Gaussian-distrib
uted. The Gaussian distribution assumes that the 
mean /i and the population s.d. cr are known ex
actly—not just estimated from the sample value. In 
nuclear medicine applications this is never the case, 
and fx and cr must be estimated from our data. 
Therefore, we must have a distribution that takes 
into consideration the fact that cr is estimated from 
a sample s.d. and that the estimate of a improves 
as the sample size increases. William Gosset, who 
wrote under the name "Student," developed the t 
distribution to handle this type of problem, and it 
is probably the most widely used in statistical ap-

plications. The quantity y= is distributed as 
s.d./vn 

Student's t. 
For large samples (n > 100), the t distribution is 

virtually identical with the Gaussian distribution, 
and in the column called "degrees of freedom" in 
most t tables, the symbol <*> is the bottom entry. 
The row associated with that symbol has entries 
the same as in the Gaussian tables. 

Other sampling distributions. In many instances 
we would like to draw inferences about the variance 
or the s.d. There are statistics, and they have 
distributions that have been tabulated and are 
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generally available. These distributions have been 
derived mathematically assuming a Gaussian 
distribution of the population measurements, and 
their validity must be taken on faith by nonmathe-
maticians. The variance results from squares of de
viations, and its frequency function describes what 
is called the chi-squared (\2) distribution. The chi-
squared distribution is also used in statistical tests 
of dichotomous events, where it is an approxima
tion of the true distribution. The s.d. is not distrib
uted as x2 ' but for large sample sizes it approaches 
the Gaussian distribution. To compare the variabil
ity of two samples, we do not take the difference 
between two standard deviations, as we take the 
difference between two xs; instead we take the ratio 
of two variances, simply because statisticians have 
developed an exact distribution, Fisher's F, for that 
ratio, which is valid for all sample sizes. 

The major point to be remembered about these 
distributions is that the measurements must be in
dependent random samples from populations with 
stable distributions. The populations in nuclear 
medicine are most often found to have the Poisson, 
Gaussian, or binomial distribution. Statistics de
rived from samples of populations where measure
ments follow these distributions themselves have 
known and tabulated distributions that we under
stand and can utilize in making statistical tests of 
significance or in calculating confidence intervals. 
The use of the available tabulated values of the 
sampling distributions will be described in later ar
ticles dealing with specific statistical techniques. 

APPENDIX 

Subsequent articles wilt present, in detail, methods of calcu
lating and interpreting confidence intervals, t tests, and \2 tests, 
as well as distribution-free equivalents of some of these methods. 
To fully comprehend these techniques, arm yourself with a cal
culator, a statistical text with appropriate tables, and some of 

your own data; you will then be ready to apply them to your 
own experimental results. 

Although your data should meet criteria of independence, 
random sampling, etc.. for a do-it-yourself example, these re
strictions can be relaxed. Get two independent sets of data, with 
five to ten observations in each, for confidence intervals and t 
tests, and if there are occasional "mavericks" present, so much 
the better. A set of five to ten observations of the "before and 
after treatment" type will be perfect for the paired t-test. 

Most of the references included here are texts of applied 
statistics that are generally available: some should be found in 
medical libraries. References 10 and 13 have biologic applica
tions; references 3 .11, and 12 are good general texts that have 
excellent tables, including random number sequences, t, \2, F, 
and binomial distributions. References 2 and 9 are handbooks. 
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