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Abstract  In this paper, we use simulated data to find out if larger samples support estimation of population 
parameters by examining whether or not higher samples give rise to more precise estimates of population parameters. 
We simulated a normally distributed dataset and randomly drew 73 samples from it. Some basic statistics, namely 
the mean, standard deviation, standard error of the mean, confidence interval and the one-sample t-test significance 
were computed under some conditions for all samples. The correlation between sample size and each of these 
statistics was computed, among other statistical treatments. Our analysis suggests that larger samples produce 
estimates that better approximate the population parameters. The correlation between sample size and standard error 
of the mean is even stronger. We therefore conclude that larger samples lead to more precise estimates. 
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1. Introduction 

Every research is characterised by a population, which 
is the entire group of people or objects, described by some 
characteristics, on which the researcher collects data [1,2]. 
Ultimately, the researcher would have to collect data on 
every person or object in the population to maximise the 
chance of reaching results that represent the population 
characteristics of interest. Unfortunately research 
conditions, such as unavailability of resources (e.g. time 
and funds) to collect data on the entire population, often 
compels researchers to resort to collecting data on a subset 
of the population often called a sample.  

Researchers have the freedom to use a sample instead 
of the entire population under the condition that they will 
be able to use the sample to reach results, called sample 
statistics, which exactly or closely represent the 
population characteristics of interest, generally referred to 
as parameters. The degree to which a sample statistic is 
equal to its parameter is termed precision [2,3]. Every 
researcher expects a high precision or a situation where 
the resulting statistics are equal or almost equal to their 
parameters.  

The best way to ensure that the use of a sample leads to 
precise results or an estimation of the parameter of interest 
is to make the sample representative [4,5]. A 
representative sample could be said to be a subset of the 
population which is large enough to lead to an estimation 
of the parameters of interest. Representative samples are 
more likely to yield results or statistics that at least 
approximate the parameters of interest.   

A strong consensus exists among researchers [1-7] 
regarding the idea that a sample’s representativeness 
improves as its size gets closer to the population size. 
Invariably the larger the sample, the higher the chance of 
the resulting statistics approximating population 
parameters, all other factors held constant. The statement 
“the larger the sample, the better” has therefore become a 
maxim among researchers, especially quantitative and 
objectivist researchers. Consequently many researchers 
and writers [1,7] have expended efforts to produce 
formulae and tables for determining representative sample 
sizes in research. 

Krejcie and Morgan [7] generated one of the earliest 
sample size determination tables and formulae. Their table 
was operationalized based on the principle behind the 
maxim earlier mentioned. Bartlett et al. [7], Eng [6], and 
other researchers were also motivated by this principle to 
generate sample size determination tables and formulae. A 
research work by Hanley and Moodie [3] indicates that 
efforts to determine these formulae and tables have been 
primarily fuelled by sampling theory, including the Law 
of Large Numbers (LLN) and related theories. As a result, 
the idea that larger samples better support estimation of 
population parameters is more theoretical and less 
empirical. 

While the foregoing school of thought is not necessarily 
unimportant, its existence is mocked by the absence of 
empirical evidences on it. It is logical to say that 
credibility and acceptability of the several sample size 
formulae and tables developed over the years are weak 
without empirical evidence to the idea of larger samples 
better supporting estimation of parameters. It is worth 
revealing that researchers like Brown [2] and Fiske et al. 
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[8] have tried to empirically demonstrate the effect of 
sample size on how well statistics approximate parameters. 
Yet we think their contributions, including those of other 
researchers, are not sufficient to back the vehemence with 
which researchers and people in the academic world apply 
the idea of higher samples better supporting estimation of 
population parameters. Our argument is based on these 
observations: 

(1) None of these researchers has been able to produce 
empirical evidence using all the statistics associated 
with statistical estimation. In other words, these 
researchers focused on one type of statistic or a 
limited number of statistics. For instance, Brown [2] 
focused on the effect of sample size on standard 
error of the mean (SEM) which is a measure of 
precision, whereas Springate [5] focused on the 
effect of sample size on the reliability of estimates 
of error. We are however of the view that the mean 
and median and their associated standard deviation 
(SD) are in almost all cases the basic parameters of 
interest in statistical estimation, whereas confidence 
interval (CI) and SEM are supporting statistics and 
indicators of statistical precision. Therefore the 
relationship between sample size and each of: (a) 
the sample mean and its SD and SEM; and (b) 
Median and its SD and SEM, is deemed better 
empirical evidence on whether or not larger samples 
support estimation of population parameters.  

(2) Some statistical treatments that we think should 
have been used to provide evidences on the 
relationship between sample size and statistical 
precision have not been applied by these 
researchers. One way to produce this evidence is to 
relate a distribution of varying sample sizes to their 
corresponding probability values (i.e. p-values) in 
terms of a one-sample t-test that tests the difference 
between a mean statistic and its population 
parameter. In this case, the p-value gets larger than 
its theoretical value as the sample mean better 
approximates the population parameter.   

In this paper therefore, we tried to know if the use of 
larger samples really lead to statistics that better 
approximate parameters by assessing the correlation 
between sample size and the sample mean and median, 
and their respective SD, SEM and CI. We focused on the 
mean and median because statistical estimation and 
inference is largely based on them. It is hoped that this 
study will contribute to knowledge on whether or not 
larger samples support estimation of population 
parameters by using a more robust technique. We also 
attempted to provide the empirical rationale for using 
representative samples by quantitative researchers.  

Statistical inference is one of the most commonly used 
terms among researchers. This situation is however not an 
oddity because statistical inference is the essence of all 
quantitative researches. The term, often also used as 
Inferential Statistics, is the process of deducing properties 
of an underlying population or distribution by analysis of 
data [9,10]. The properties of interest are the population 
characteristics one wants to deduce such mean, median 
and standard deviation. In statistical inference, the 
researcher infers characteristics about a population 
through statistical estimation or/and hypotheses testing. 

This paper focuses on statistical estimation, which is the 
basis of statistical inference. 

Statistical estimation is basically the process of 
deducing the property of a distribution or population using 
some data [[9], p. 375]. There are two main forms of 
statistical estimation. Point estimation is one of the main 
forms of statistical estimation concerned with deducing a 
precise or particular value that best approximates a 
population parameter of interest [[10], p. 99]. For example, 
the average salary of the population of employees in a 
company is 566.90 USD, a value which is a point estimate. 
An interval estimate is an interval developed using a 
dataset drawn from a population so that under repeated 
sampling of these datasets the interval would contain the 
true parameter based on the probability representing the 
confidence level [9,10]. With reference to the first cited 
example, the average salary of the population of 
employees in the company falls in the interval of values 
from 456.21 USD to 643.32 USD.  

Confidence intervals are constructed based primarily on 
a level of confidence, which is the percentage of all 
possible samples that can be expected to include the true 
population parameter [[11], p. 153]. The most commonly 
used confidence level is 95%, though 99% and other 
levels could be used. A confidence interval could be 
mathematically expressed as: 

 ( )CI sample mean SEM x 1.96 .= ±  (1) 

In equation 1, SEM is the standard error of the mean 
and 1.96 is the 0.975 quintile of the normal distribution. 
The CI is even more important from the point of view of 
its lower and upper limits. With respect to equation 1, the 
lower limit is given as: 

 ( )CI sample mean SEM x 1.96 .= −  (2) 

The upper limit is given by: 

 ( )CI sample mean SEM x 1.96 .= +  (3) 

The confidence interval represented by equation 1 is 
therefore given by: 

 
( )
( )

sample mean SEM x 1.96 ,
CI .

sample mean SEM x 1.96

− 
=  

+  
 (4) 

In the above equations, SEM is the standard deviation 
of the sampling distribution of the sample mean. It is 
generally used as a measure of the precision of an estimate, 
and its size affects the confidence interval [2,10]. Apart 
from its influence on the confidence interval, SEM is often 
considered alongside the sample statistic to known how 
well the statistic approximates the population parameter. 
As a result, SEM is a basic indicator of whether or not a 
point or interval estimate approximates the population 
mean well. It is worth noting that the standard error of the 
mean could be based on other statistics, not only the mean.  

The SEM is mathematically linked to the sample 
standard deviation (an estimator of the variability in the 
population) and sample size, assuming statistical 
independence of the values in the sample. The 
mathematical relationship is expressed as: 

 / .SEM = s n  (5) 
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The sample mean is also mathematically expressed as:  

 iMean / .x n= Σ  (6) 

The population mean the sample mean is expected to 
approximate is given by: 

 iMean / .X N= Σ  (7) 

In equations 5, xi stands for the distribution of sample 
observations and n stands for the number of sample 
observations, or sample size. The true population mean is 
represented by equation 7. With respect to equation 7, Xi 
stands for the distribution of population observations and 
N stands for the number of population observations, or 
population size. Moreover in equations 5 and 6, the 
sample size, n, makes a major influence on SEM and 
sample mean. Equation 5 therefore reflects the dependence of 
interval estimates on sample size, whereas equation 6 
reveals the influence of sample size on a point estimate, 
which is the sample mean. For normally distributed data, 
the mean approximate the median [1,11]. Therefore, 
sample size influences the sample median as much as its 
influences the sample mean for normally distributed data.  

Another important statistical component of an interval 
estimate is the sample standard deviation, s, which is 
related to SEM and n in equation 5. The standard 
deviation is theoretically a measure of the spread of data 
from the mean. The LLN suggests that the standard 
deviation of sampled dataset gets closer to the population 
standard deviation as the sample size increases. 
Probability theory also suggests that there is a higher 
likelihood of the sample statistic approximating the 
population parameter as the sample randomly drawn from 
the population increases in size. Thus the larger the 
sample size relative to the population size, the higher the 
probability of the sample statistic approximating the 
population parameter of interest. On the basis of this 
theory and the LLN, it could additionally be said that the 
estimation of all population parameters yields more 
precise results as sample size increases.  

Some researchers [2,8] have confirmed a positive 
correlation between sample size and statistical precision in 
terms of SEM. Some have also observed empirically that 
sample size is correlated (negatively) to statistical power. 
In this paper, we enhance the scope of the empirical 
evidence by testing the correlation between sample size 
and each of all the basic statistics associated with 
statistical estimation, namely the mean and median and 
their respective SD, SEM and CI. Since the mean is equal 
to the median for normal distributions and all distributions 
simulated in this study are normal distributions (See Table 8), 
we do not directly include the median and its SD, SEM 
and CI. We hypothesize that the larger the sample drawn 
randomly from a population, the better the sample statistic 
approximates the population parameter.  

Let us assume that a researcher’s interest is to use a 
sample to estimate the population mean (which we 
represent with X) of a normal distribution. The mean 
statistic obtained is represented as x. In statistical 
estimation, the researcher expects that X = x, or x 
approximates X so that he can infer to the population. The 
researcher can conduct a statistical test for a difference 
between X and x and make a decision regarding the 
difference between them based on the resulting probability 

value (i.e. p-value or significance level). In probability 
theory, the probability value is the probability of getting a 
result (such as a mean statistic) equal to or more extreme 
than what was actually observed, assuming that the 
hypothesis under consideration is true [[12], p. 886]. The 
rule of thumb is that the p-value, which is based on the 
observed data, must be greater than the level of 
significance (α), the theoretical p-value, if x = X, or if x 
approximates X. Therefore the closer x is to X, the more 
the calculated p-value becomes greater than the theoretical 
significance level, which is often 95%. In view of our 
hypothesis, we expect that the calculated significance 
level increases as sample size increases. Invariably, x gets 
more equal to X with increasing sample size so that the  
p-value increases towards the maximum possible value. In 
this paper therefore, we demonstrate the robustness of our 
statistical treatments by examining the extent to which the 
calculated p-value changes with increasing sample size 
relative to the theoretical p-value. The research methodology 
adopted is explained in the next section. 

2. Materials and Methods 

We used simulation to generate data that met all 
necessary conditions, namely: (a) normality of each drawn 
sample; (b) randomness of all samples; and (c) 
exhaustiveness of the population, which means that 
several samples of different sizes were drawn from the 
population so that the distribution of sample sizes spanned 
the lower, middle and upper sections of the distribution of 
the population items. Each of these conditions is of special 
importance. Normality of each simulated sample made 
way for equating the mean to the median. Randomness of 
the sampling process made it possible to draw normally 
distributed samples from a normal distribution of data. 
Moreover, randomness of the sample is a requirement in 
statistical estimation. Exhaustiveness of the population 
was a condition required to avoid using sample sizes 
clustered at one part of the population distribution. This 
third condition therefore rendered our distribution of 
sample sizes appreciably uniform.  

The population distribution was a simulated set of 
counting numbers up to 500. This set of data was created 
in MS Excel version 2010. We transported this 
distribution into SPSS version 21 and named it the 
population, with a mean of 250.5. In the SPSS 
environment, we used the random sampling function to 
select 73 random samples of varying sizes. The first 
sample drawn contained 10 items. Several other samples 
were drawn under the population exhaustiveness condition. 
The final sample drawn therefore contained 499 items.  

Our analytical approach was quantitative in nature. The 
independent variable (IV) is Sample Size (SS). The 
dependent variables (DVs) are the Mean and its SD, SEM, 
and CI. Another DV is the calculated p-value or 
significance (Sig.) of a one-sample t-test for a difference 
between the population Mean and the distribution of 
sampling Means. The SD and SEM were computed in the 
SPSS in the estimation of the Means of all samples (see 
Table 7). The dependent variable CI was measured in 
terms of the difference between the lower and upper limits 
of the confidence interval associated with the one-sample 
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t-test of significance. All variables were entered into SPSS 
as continuous variables so as to be able to use Pearson’s 
correlation in the light of data normality.  

The analysis of data involved several statistical 
treatments. Firstly, we conducted a Pearson’s correlation 
test between SS and each of the outcome variables. To 
better demonstrate the value of this test, we rerun it for the 
lower and upper half-splits of the entire data. In addition, 
we computed some supplementary statistics which depict 
the sum of all values less and greater than the population 
mean of 250.50 for the first and last 50% of the dataset. 
Finally, graphs were generated to visualise results of the 
correlation tests. All tests and computations were done in 
SPSS, but graphs were generated in MS Excel 2010. 
Results are presented as follows.  

3. Results 

Table 6 shows the population Mean and the Means of 
all samples drawn. The smallest sample produces a Mean 
(M = 338.00) quite larger than the population Mean of 
250.50. At the extreme end of Table 6 (i.e. its bottom half-
split), the sample mean, SD and SEM get closer to their 
respective population parameters as the sample size 
increases towards the population size. However, this 
situation is not consistent in the table. Invariably, higher 
samples do not necessarily give rise to larger Means, SD, 
SEM and CI as we move down Table 6. This situation 
could be the reason why Table 1 shows a weak-negative 
and insignificant correlation between SS and Mean (r = -
0.048, p = .690), and SS and SD (r = -0.077, p = .517) 
with respect to the complete data. Nonetheless, there is a 
strong-negative and significant correlation between SS 
and SEM (r = -0.737, p = .000), and SS and CI (r = -0.709, 
p = .000). This means that the standard error of the mean 
and confidence interval decreases as sample size increases. 
The correlation between SS and CI implies that 
confidence intervals get narrower (indicating better 
precision) with increasing sample size. Also the 
correlation between SS and SEM suggests that the degree 
to which the sample mean approximates its parameter 
increases with increasing sample size. 

Table 1. Correlation between Sample Size and Mean and Its SD, 
SEM and CI 

 SS Mean SD SEM CI 

SS 

Pearson R 1 -.048 -.077 -.737** -.709** 

Sig. (2-tailed)  .690 .517 .000 .000 

N 73 73 73 73 73 

**. Correlation is significant at the 0.01 level (2-tailed). 

Table 2. Correlation between Sample Size and Selected Statistics for 
the First 37 Samples 

 SS Mean SD SEM CI 

SS 

Pearson R 1 -.205 -.129 -.835** -.812** 

Sig. (2-tailed)  .224 .447 .000 .000 

N 37 37 37 37 37 

**. Correlation is significant at the 0.01 level (2-tailed). 

Table 3. Correlation between Sample Size and Selected Statistics for 
the Last 37 Samples 

 SS Mean SD SEM CI 

SS 

Pearson R 1 .220 .196 -.979** -.979** 

Sig. (2-tailed)  .198 .252 .000 .000 

N 37 37 37 37 37 

**. Correlation is significant at the 0.01 level (2-tailed). 

Table 4. Correlation between Sample Size and Significance of the 
Difference 

 SS Sig. (mean) 

SS 

Pearson R 1 .252* 

Sig. (2-tailed)  .032 

N 73 73 

*. Correlation is significant at the 0.05 level (2-tailed). 

Table 5. Supplementary Statistical Evidence 

 
Summation 

50% split (upward) 50% split (bottom) 

< 250.50 -121.33 -51.03 

> 250.50 228.69 109.25 

Overall sum 107.36 58.22 

Note: < 250.5 represents differences between population mean and 
sample means less than the population mean, and > 250.5 represents 
differences between population mean and sample means greater than the 
population mean. Hence < 250.5 and > 250.5 represent deviation of 
sample means from the population mean. 

 
Table 2 shows the correlation between SS and each of 

the mean, SD, SEM and CI for the first 37 samples, which 
represent the upper half of the data. Relative to results on 
the whole data in Table 1, Table 2 shows a stronger 
correlation between SS and Mean (r = -0.205, p = .224), 
and between SS and SD (r = -0.129, p = .447). Also the 
correlation between SS and SEM (r = -0.835, p = .000), 
and SS and CI (r = -0.812, p = .000) is stronger for the 
upper half-split data relative to results in Table 1. In Table 3, 
the correlation between SS and each of the Mean, SD, 
SEM and CI for the bottom-half of the data is shown. 
Relative to results on the whole data in Table 1, Table 3 
shows a stronger and positive correlation between SS and 
Mean (r = 0.220, p = .198), and between SS and SD  
(r = 0.196, p = .252). 

It is evident that the SS-Mean and SS-SD correlations 
for the upper-half data, and the SS-Mean and SS-SD 
correlations for the bottom-half data are in appositive 
directions and are nearly equal in strength. This situation 
resulted in a negligible correlation between SS and each of 
the Mean and SD in Table 1. This assertion is made because 
two opposite correlations of almost the same strength 
explained by the two halves of a dataset would cancel out. 
Hence the SS-Mean and SS-SD correlations in Table 1 are 
actually stronger and are considerable. With respect to the 
SS-Mean and SS-SD correlations in Table 2 and Table 3, their 
statistical insignificance is attributable to the small number of 
data points involved in the computation (i.e. N = 73). 

Table 4 shows a positive and significant correlation 
between SS and p-value or significance at 5% significance 
level (r = .252, p = .032). This evidence implies that the  
p-value increases as sample size increases. Since the  
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p-value is expected to be greater than the level of 
significance to confirm that the sample Mean 
approximates the population Mean, this correlation 
implies that the p-value increases towards a value that 
supports the equation X = x. 

In Table 5, deviation of the sample means from the 
population mean at the upper-half of the data is greater 
than deviation from the population mean at the bottom-
half of the data. It must be noted that the upper-half 
contains smaller samples whereas the bottom-half contains 
larger samples. The lesson of interest in Table 5 is that 
though there are sample mean values which deviate from 
the population mean at both halves of the data, the 
deviation is higher at the upper-half of the data. Thus 
sample means at the bottom-half are closer to 250.50. 
Hence, larger samples (at the bottom-half) better approximate 
the population parameter. 

 
Figure 1. Sample Size vs. Mean 

Table 6. One Sample Descriptive Statistics 

First half-split Second half-split 
Sample N Mean SD SEM Sample N Mean SD SEM 

1 10 338.00 129.00 40.79 38 240 246.86 147.18 9.50 
2 20 241.10 166.29 37.18 39 245 250.04 143.44 9.16 
3 30 247.53 139.57 25.48 40 250 253.19 148.98 9.42 
4 40 267.45 152.65 24.14 41 255 252.68 148.64 9.31 
5 50 237.86 159.32 22.53 42 260 258.90 139.93 8.68 
6 60 256.18 147.59 19.05 43 265 250.04 149.70 9.20 
7 70 241.54 141.84 16.95 44 270 258.39 146.05 8.89 
8 80 228.20 147.41 16.48 45 275 257.18 144.70 8.73 
9 90 258.89 151.25 15.94 46 280 262.11 145.06 8.67 

10 100 253.79 138.91 13.89 47 285 247.39 141.93 8.41 
11 105 250.55 148.14 14.46 48 290 244.36 149.45 8.78 
12 110 228.98 140.55 13.40 49 295 244.22 147.31 8.58 
13 115 249.13 135.03 12.59 50 300 248.69 143.48 8.28 
14 120 268.83 138.65 12.66 51 305 248.51 145.96 8.36 
15 125 258.04 143.29 12.82 52 310 245.42 142.41 8.09 
16 130 244.76 139.77 12.26 53 320 241.54 141.06 7.89 
17 135 257.89 151.93 13.08 54 330 249.58 149.25 8.22 
18 140 256.84 147.34 12.45 55 340 251.13 147.23 7.98 
19 145 253.63 147.70 12.27 56 350 252.54 147.62 7.89 
20 150 247.93 145.03 11.84 57 499 305.10 147.03 6.58 
21 155 251.81 151.04 12.13 58 370 250.29 144.08 7.49 
22 160 254.04 146.08 11.55 59 380 246.26 141.94 7.28 
23 165 260.06 141.32 11.00 60 390 248.88 144.87 7.34 
24 170 242.75 144.65 11.09 61 400 249.54 144.08 7.20 
25 175 250.86 145.38 10.99 62 410 254.44 142.30 7.03 
26 180 244.99 146.27 10.90 63 420 251.26 145.16 7.08 
27 185 257.81 137.72 10.13 64 430 248.18 144.90 6.99 
28 190 250.66 144.35 10.47 65 440 249.61 142.22 6.78 
29 195 253.89 142.73 10.22 66 450 252.38 144.23 6.80 
30 200 259.25 143.79 10.17 67 460 253.96 144.04 6.72 
31 205 258.39 147.85 10.33 68 470 251.74 144.50 6.67 
32 210 261.70 137.78 9.51 69 475 250.09 145.29 6.70 
33 215 261.13 148.30 10.11 70 480 251.75 145.40 6.64 
34 220 246.07 145.99 9.84 71 490 249.81 145.29 6.56 
35 225 245.66 143.94 9.60 72 495 249.71 144.26 6.48 
36 230 240.77 145.15 9.57 73 499 250.45 144.62 6.47 
37 235 248.90 147.96 9.65 Population 500 250.50 144.48 6.46 
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Table 7. Statistics of One-Sample Significance Test 

First half-split Second half-split 

Sample 

Test Value = 250.50 

Sample 

Test Value = 250.50 

t df Sig. (2-
tailed) 

Mean 
Difference 

95% Confidence 
Interval of the 

Difference t df Sig. (2-
tailed) 

Mean 
Difference 

95% Confidence 
Interval of the 

Difference 
Lower Upper Lower Upper 

1 2.145 9 .061 87.50 -4.78 179.78 38 -.383 239 .702 -3.64 -22.36 15.07 
2 -.253 19 .803 -9.40 -87.23 68.43 39 -.051 244 .960 -0.46 -18.51 17.59 
3 -.116 29 .908 -2.97 -55.08 49.15 40 .286 249 .775 2.69 -15.87 21.25 
4 .702 39 .487 16.95 -31.87 65.77 41 .234 254 .815 2.18 -16.15 20.51 
5 -.561 49 .577 -12.64 -57.92 32.64 42 .968 259 .334 8.40 -8.68 25.49 
6 .298 59 .767 5.68 -32.44 43.81 43 -.050 264 .960 -0.46 -18.57 17.65 
7 -.528 69 .599 -8.96 -42.78 24.86 44 .888 269 .375 7.89 -9.61 25.39 
8 -1.353 79 .180 -22.30 -55.10 10.50 45 .765 274 .445 6.68 -10.50 23.86 
9 .526 89 .600 8.39 -23.29 40.07 46 1.340 279 .181 11.61 -5.45 28.68 

10 .237 99 .813 3.29 -24.27 30.85 47 -.370 284 .712 -3.11 -19.66 13.44 
11 .004 104 .997 0.05 -28.62 28.72 48 -.700 289 .484 -6.14 -23.42 11.13 
12 -1.606 109 .111 -21.52 -48.08 5.04 49 -.733 294 .464 -6.28 -23.16 10.60 
13 -.109 114 .914 -1.37 -26.31 23.57 50 -.219 299 .827 -1.81 -18.11 14.49 
14 1.448 119 .150 18.33 -6.74 43.39 51 -.238 304 .812 -1.99 -18.44 14.45 
15 .588 124 .557 7.54 -17.83 32.91 52 -.628 309 .531 -5.08 -20.99 10.84 
16 -.468 129 .640 -5.74 -29.99 18.52 53 -1.136 319 .257 -8.96 -24.47 6.56 
17 .565 134 .573 7.39 -18.47 33.25 54 -.111 329 .911 -0.92 -17.08 15.25 
18 .509 139 .612 6.34 -18.28 30.96 55 .079 339 .937 0.63 -15.07 16.34 
19 .255 144 .799 3.13 -21.12 27.37 56 .259 349 .796 2.04 -13.48 17.56 
20 -.217 149 .829 -2.57 -25.97 20.83 57 8.295 498 .000 54.60 41.66 67.53 
21 .108 154 .914 1.31 -22.65 25.28 58 -.029 369 .977 -0.21 -14.94 14.52 
22 .306 159 .760 3.54 -19.27 26.35 59 -.582 379 .561 -4.24 -18.56 10.08 
23 .869 164 .386 9.56 -12.16 31.28 60 -.221 389 .826 -1.62 -16.04 12.80 
24 -.699 169 .486 -7.75 -29.65 14.15 61 -.133 399 .894 -0.96 -15.12 13.20 
25 .032 174 .974 0.36 -21.33 22.05 62 .561 409 .575 3.94 -9.88 17.75 
26 -.506 179 .614 -5.51 -27.02 16.00 63 .108 419 .914 0.76 -13.16 14.68 
27 .722 184 .471 7.31 -12.67 27.29 64 -.332 429 .740 -2.32 -16.06 11.41 
28 .016 189 .988 0.16 -20.49 20.82 65 -.131 439 .896 -0.89 -14.21 12.44 
29 .332 194 .740 3.39 -16.77 23.55 66 .276 449 .783 1.88 -11.48 15.24 
30 .861 199 .390 8.75 -11.30 28.80 67 .515 459 .607 3.46 -9.74 16.65 
31 .764 204 .446 7.89 -12.47 28.24 68 .186 469 .853 1.24 -11.86 14.34 
32 1.178 209 .240 11.20 -7.54 29.94 69 -.061 469 .951 -0.41 -13.58 12.76 
33 1.051 214 .294 10.63 -9.31 30.57 70 .189 479 .850 1.25 -11.79 14.29 
34 -.450 219 .653 -4.43 -23.83 14.97 71 -.106 489 .916 -0.69 -13.59 12.20 
35 -.504 224 .615 -4.84 -23.75 14.07 72 -.123 494 .902 -0.79 -13.53 11.95 
36 -1.017 229 .310 -9.73 -28.59 9.12 73 -.008 498 .994 -0.05 -12.77 12.67 
37 -.166 234 .869 -1.60 -20.61 17.42 Population 0.000 499 1.00 0.00 -12.69 12.69 

 

 
Figure 2. Sample Size vs. Standard Deviation 

 
Figure 3. Sample Size vs. Significance (p-value) 
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Table 8. Normality of Population and Samples 

Upper half-split Lower half-split 

 
Shapiro-Wilk 

 
Shapiro-Wilk 

Statistic df Sig. Statistic df Sig. 
Sample 1 .949 10 .655 Sample 38 .961 10 .798 
Sample 2 .952 10 .698 Sample 39 .945 10 .615 
Sample 3 .951 10 .681 Sample 40 .963 10 .821 
Sample 4 .941 10 .568 Sample 41 .915 10 .314 
Sample 5 .888 10 .160 Sample 42 .953 10 .703 
Sample 6 .944 10 .602 Sample 43 .970 10 .893 
Sample 7 .950 10 .663 Sample 44 .980 10 .963 
Sample 8 .954 10 .714 Sample 45 .956 10 .742 
Sample 9 .884 10 .145 Sample 46 .962 10 .814 
Sample 10 .876 10 .119 Sample 47 .935 10 .499 
Sample 11 .927 10 .419 Sample 48 .970 10 .892 
Sample 12 .957 10 .747 Sample 49 .956 10 .741 
Sample 13 .953 10 .709 Sample 50 .901 10 .225 
Sample 14 .946 10 .620 Sample 51 .954 10 .715 
Sample 15 .887 10 .158 Sample 52 .944 10 .595 
Sample 16 .871 10 .103 Sample 53 .942 10 .571 
Sample 17 .928 10 .426 Sample 54 .951 10 .677 
Sample 18 .898 10 .207 Sample 55 .953 10 .702 
Sample 19 .942 10 .570 Sample 56 .946 10 .624 
Sample 20 .902 10 .230 Sample 57 .951 10 .677 
Sample 21 .938 10 .529 Sample 58 .916 10 .322 
Sample 22 .888 10 .159 Sample 59 .953 10 .702 
Sample 23 .938 10 .534 Sample 60 .968 10 .871 
Sample 24 .959 10 .776 Sample 61 .977 10 .946 
Sample 25 .939 10 .538 Sample 62 .955 10 .722 
Sample 26 .924 10 .389 Sample 63 .968 10 .871 
Sample 27 .819 10 .025 Sample 64 .970 10 .892 
Sample 28 .849 10 .056 Sample 65 .969 10 .882 
Sample 29 .913 10 .303 Sample 66 .973 10 .921 
Sample 30 .955 10 .728 Sample 67 .965 10 .839 
Sample 31 .910 10 .282 Sample 68 .951 10 .676 
Sample 32 .889 10 .166 Sample 69 .970 10 .892 
Sample 33 .962 10 .810 Sample 70 .970 10 .892 
Sample 34 .901 10 .225 Sample 71 .970 10 .892 
Sample 35 .970 10 .888 Sample 72 .970 10 .892 
Sample 36 .948 10 .643 Sample 73 .970 10 .892 
Sample 37 .942 10 .578 Population .970 10 .892 

 

 
Figure 4. Sample Size vs. Standard Error Mean 

 
Figure 5. Sample Size vs. Confidence Interval 
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In each of Figure 1, Figure 2 and Figure 3, it is 
observed that the sample statistic substantially deviates 
from the parameter with respect to the smallest samples, 
but it converges to the parameter as the sample size 
increases. In Figure 4 and Figure 5, a stronger correlation 
between SS and SEM and between SS and CI is depicted, 
though these relationships are not linear. 

4. Discussion 

Data analysis shows a strong and significant negative 
correlation between SS and SEM, and SS and CI. Since 
SEM and CI are statistical indicators of precision, the 
result suggests that larger samples support estimation of 
more precise sample statistics. This finding is consistent 
with the study of Brown (2007) and supports the 
theoretical framework of Hanley and Moodie [3]. The 
strong correlation between SS and SEM, and SS and CI is 
theoretically as a result of the multiple-sampling condition 
on which SEM and CI are generated. Though not strong 
and significant, the negative correlation between SS and 
each of the mean and SD in Table 2, and the positive 
correlation between  SS and the mean and SD in Table 3 
are appreciable and suggests that these sample statistics 
better approximate their parameters as sample size 
increases. This result is supported by findings reached in 
some previous studies [8,9]. The significant correlation 
between the p-value and SS further suggests that larger 
samples support estimation of the population parameter, 
precisely the mean. A simulation study of Jackman [9] 
supports this empirical evidence. 

Considering the fact that the mean is equal to the 
median for normal distributions, it could be said that the 
correlation between SS and the mean statistic reflects the 
relationship between SS and the median. In harmony with 
results reached in some previous studies (Fiske et al., 
2009), larger samples also support estimation of 
population medians. It is however worth mentioning that 
the non-linear nature of the correlation between SS and 
SEM, and SS and CI is peculiar evidence that needs to be 
further investigated based on larger populations. 

On the basis of our results, the use of larger samples 
drawn randomly from a population gives rise to statistics 
that better approximate their respective population parameters. 
Invariably the larger the sample, the higher the chance that 
the resulting estimates will approximate the population 
parameter. It is therefore concluded that larger samples 
support estimation of population parameters. 

5. Conclusions  

The statistical evidences reached in this paper 
buttresses the need to use representative samples in 
quantitative researches or in studies involving statistical 
estimation and inference. Quantitative researchers in 
particular must endeavour to determine and use at least a 
representative sample based on sampling theory if they 
cannot collect data on the entire population. 

The number of samples generated in the simulation is 
small owing to the fact that a relatively small population 
was simulated. The small number of samples simulated makes 

it impossible to detect statistical significance for even 
considerably strong correlations (e.g. correlation between 
Mean and SS in Table 2 and Table 3). We therefore suggest 
that future researchers carry out similar studies using a 
larger population and possibly a higher number of samples. 
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