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Some notes on sampling statistics 

 

Inferential statistics has been known to be methods which allow us to make inferences and 

estimates from population parameters that are based on statistics calculated from sample data. 

Hence, our major goal of most studies is to use sample information to draw conclusions about a 

population; we are not really interested in about the obtained sample.  

In practice, we randomly select samples of predetermined size from a fixed population.  For 

inferences, we should examine every possible sample size that could occur, hypothetically.  Of 

course, this is only hypothetical; it would never be practical, and is usually impossible for us to 

actually draw all possible samples of a given size.  

In theory therefore, if this selection of all possible samples actually were to be drawn, and if a 

particular statistic of interest, such as the mean value of population, were to be computed for 

each sample, the distribution of these sample statistics would be referred to as a sampling 

distribution of the statistic.  

In this discussion, we will be concerned with the sampling distribution of the mean, and the 

central limit theorem enables us to develop such distribution. 

Generally the central limit theorem states that regardless of the shape of the underlying 

population of the continuous variable X having mean of sample means �̿�, and standard 

deviation x, the sampling distribution of the mean formed by taking all possible samples of a 

given size N will more and more closely approximate a normal distribution with mean 𝜇�̅� = �̿�, 

and standard error of the mean 𝜎�̅� = 𝜎𝑋/√𝑁 as the sample size N increases.  

In other words, for most population distributions, being them a normal, rectangular or positive 

skewed distribution, the sampling distribution of the mean is approximately normally 

distributed if random samples of some 30 or more observations are selected. 

Therefore, if X1, X2, … , XN are the N random samples drawn from a population and n replicates 

have been analyzed on each sample to give the sample mean �̅�𝑖, then the mean of the sample 

means is: 

�̿� =
1

𝑁
∑ �̅�𝑖  

Assuming the population satisfies normal probability distribution X~N(,2) and all samples 

have been drawn from the same population, the mean of the population �̿� satisfies 

�̿�~𝑁(𝜇,
𝜎2

𝑁
).  Therefore, we have by the central limit theorem:   
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𝑍 =
�̿� − 𝜇

𝜎/√𝑁
~𝑁(0,1) 

where  and  are the true mean and standard deviation of population, respectively and Z is 

the random variable of standardized normal distribution. 

But we cannot apply this theorem to estimate the population mean without having collected 

and analyzed a very large number of samples.  The current thinking is to have at least 30 or 

more random sample size drawn from the population in order to be reasonable.  You may ask 

why 30 and not 20 or any other sample size? 

To answer this, let us first discuss the Student’s t -distribution which is designed for use with 

small sample data sets for which the population variance is not known.  The t -distribution 

equation as shown below is very similar to that of a normal distribution but with t as its random 

variable, instead: 

𝜇 = �̿� ± 𝑡(𝛼=0.05,𝑣=𝑛−1)
𝑠

√𝑛
 

It approaches the normal distribution when the sample size gets larger. In fact, it is a perfect 

normal distribution when N is an infinity. This explains that estimating the variance from the 

sample leads to greater uncertainty and more spread out distribution, as can be seen by the t -

distributions ‘heavy tails’. The following table shows the values of t getting closer to the Z-

values when the degree of freedom, v increases. For an  = 0.025 for each tail of the normal 

curve, Z = 1.96. Their difference can be considered negligible for moderately larger sample sizes 

at 30 where t = 2.0.  

 (−)   = 0.05           

Z – value = 1.96           

v 1 2 3 4 5 6 10 20 30 50 500 

t-value 12.706 4.303 3.182 2.776 2.571 2.447 2.228 2.086 2.042 2.009 1.965 

 

Graphically, the trend of t -values with increasing degrees of freedom to converge towards a 

value of 1.96 is obvious. 



3 
 

 

Hence, we can apply the t -distribution concept as an approximate approach to estimate the population 

mean and its associated confidence intervals when we only randomly sample fewer test items for 

analysis.  

Furthermore, the central limit theorem has also highlighted a statistical characteristic in sampling 

theory, i.e. the average of all possible sample means is the population mean, as the confidence interval 

in the form of 𝑍 ×
𝜎

√𝑁
  gets narrower whilst the sample size N increases.  In other words, the overall 

mean of sample means is a good estimate of population mean. That is the purpose of carrying out 

sampling and analysis on population. 

Another interesting point to note is that if the population is very homogeneous in its constituents like 

potable water, we can expect comparable results by analyzing many random samples drawn from the 

population against carrying out several replicates on a single sample drawn from the same source. 
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