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Abstract
In this article, a method for determining the sample size based on the confidence level selected by the user is
developed. Outliers leverage, and influential data points are presented. Also, an alternative form of Cook’s
Distance formula involving the user selected standard error and confidence level is also presented.
Introduction
Sample size plays a significant role is data analysis. A small sample size may results in an unreliable
estimate. A large sample size on the other hand might be impossible or too costly to collect. Therefore, it is
very important to have at least a rough idea about the sample size needed in any situation where there is a
need to estimate a parameter.
Determining the proper sample size:
Formulas have been developed to determine the required sample size for estimating parameters. To estimate
a population mean with Sampling Error (SE) and 100(1- α) % confidence the required sample size can be
estimated using the following formula:
n= ((Zα/2)2 σ 2 N)/ ((N-1)*SE2+ (Zα/2)2 σ 2)
(1)
where N is population size. If N is not known but large enough, then (1) is reduced to
(2)
n= (Zα/2)2 σ 2/ (SE 2).
In the absence of σ, the value of R/4 where, R=Range=largest data point-smallest data point can be used.
This is a very conservative estimate for the standard deviation and generally produces a high sample size.
The answer in (1) or (2) is always rounded up to the nearest whole number. We use the latter formula here to
get a rough idea about how large of a sample size we need depending on the desired level of confidence and
the standard error selected by the user. The following table represents the results of the sample size needed
based randomly generated 1000 data points.
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Table 1: Partial list of sample size for different SE and Z α/2 values
SE*
σ known** σ unknown
Required sample Required sample size(σ
100(1-α)% Z α/2
size(σ known)
unknown)
confidence
99%
2.576 0.025
0.151626 0.370713
244
1459
95%
1.96
0.03
0.151626 0.370713
98
587
90%
1.645 0.04
0.151626 0.370713
39
232
85%
1.44
0.05
0.151626 0.370713
19
114
80%
1.282 0.06
0.151626 0.370713
10
63
(*)Formal polls such as political polls usually use 3% or 4% in determining sample size they need
(**)Data set used here consists of 1000 records which was large enough to estimate standard deviation and
assumed that it was the population standard deviation.
For the purpose of further analysis, a few values for the sample size were selected and the following table
was generated.
Table 2: ANOVA performed using different sample sizes
Sample F-Value
Pr>F
RIntercept
size
Square
Value
t-value Pr >|t|
20
2.12
0.1620
0.1002
0.1727
1.00
0.3285
100

68.14

<.0001

0.4077

-.55452

300

671.93

<.0001

0.6920

500

1893.43

<.0001

700

3616.92

1000

7453.61

-4.63

<.0001

X
Value
t-value Pr>|t|
0.22542 1.45
0.1620
0.82572 8.25

<.0001

-1.21076 -18.53 <.0001

1.37178 25.92

<.0001

0.7914

-1.45217 -32.22

<.0001

1.56832 43.51

<.0001

<.0001

0.8380

-1.57122 -45.24

<.0001

1.66314 60.14

<.0001

<.0001

0.8819

-1.68556 -65.87

<.0001

1.7536

<.0001

86.33

Going back to Table (1), the sample size 100 is roughly equivalent to 95% confidence (σ known) and
standard error of 0.03. In case of σ unknown, the sample size 100 is equivalent to 85% confidence and
standard error of 0.05.
Outliers, leverage and influential data points
In general, unusual data points will impact the model and need to be identified. We want the model to be a
representative of the whole population. Therefore it is important to identify the data points which impact the
model significantly. Some outliers are valid data points whereas others might be due to errors such as
reading or entering incorrect values. Regardless, unusual data points need to be addressed. For
demonstration purposes, in the following sections, without loss of generality, it is assumed that the model
consists of only one continuous predictor. That is:
y=f(x)
(2)
The generated data set used above does not have any unusual data point. We add one outlier, one leverage,
and one influential point to this data set. We consider three cases:
a. Outlier: An observation with a large(positive or negative) residual
b. Leverage: An observation with a large predictor
c. Influential: An observation with a large (positive or negative) predictor and residual (some call it the
product of a and b.
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Figure 2: Outlier, Leverage and influential points
Figure 2 shows these points. To identify each unusual data point, methods have been proposed and we
present each briefly below:
a. Outlier:
There are several methods one can use to locate outliers. The following method appears in most introductory
books in statistics. For a random variable X with probability distribution function F(X) =Pr (X≤ x) the τ-th
quartile of X is defined as the inverse function (τ)=inf{x :F(x)≥τ}where 0< τ <1. In particular, the first (Q1),
the second (median, Q2), and the third (Q3) quartiles are Q(1/4), Q (1/2), and Q(3/4) respectively. Data
points outside the interval (Q1-k *IQR, Q3+k*IQR) are considered outliers, where k is a chosen any value
between 1.5 and 3, and IQR=Q3-Q1 is the abbreviation for Inter Quartile Range. Here, the value k=3 for
locating outliers in the data set is used. The only outlier is the one we intentionally added to the data set
(0,15).
b: Leverage:
Leverage points are unusually large predictors. They do not depend on the response variable. To locate a
leverage point, the so called ‘Hat Matrix’ H=X(X’X) -1X’ is used. If X is of dimension n x k, then H is
square matrix of dimension n x n. Consider the j-th row of this matrix Xj=(Xj1, Xj2, Xj3,…, Xjn). The i-the
diagonal element in this matrix hii= 1/n+(Xii- )/Ʃ(Xi2) represents a leverage if it is unusually large. That is,
if hii is unusually large, the i-th predictor has a large predictor (Xj1, Xj2, Xj3,…, Xjn). The cutoff value we
use here for a large data set and k predictors is: 2(k+1)/n=2(k+1)SE2/ (Zα/2)2 σ 2 . That is, any predictor
greater than this value is considered a leverage point and needs to be reviewed. For the given data set again
point (12,1) is a leverage point.
c: Influential:
Again, several methods have been proposed to deal with influential points. Here, we use the Cook’s formula
and attempt to identify the influential points (if any) in the data set.
Di=∑

−

/

,

(3)

Or equivalently,
Di =((n-p)/k) ∑

−

2

/ ∑

−

)2

(4)

where inside parenthesis
is the difference between the predicted values for the response
variable with and without the i-th observation, k is the number of predictors and MSE is the mean square
error from the ANOVA table. Clearly, the point (6, 9) is an influential point.
85

International Journal of Arts and Commerce

ISSN 1929-7106

www.ijac.org.uk

Figure 3: Leverage, influential and outliers
Without loss of generality, assume that there is only one influential point in the given data set and it is the
first data point. Formula (3) can be written as:
Di=[

1− 1

2

+∑

−

2

]/kMSE

(5)

The sum in (5) consists of some values close to each other. We could assume that they are roughly equal to a
common value, say, a. Also, for simplicity, assume the first quantity is b. The (5) is reduced to:
(6)
Di=[(b+(n-1)a]/kMSE
We represented n in terms of confidence level and standard error in (2). Substituting for n will result in the
following:
(7)
Di=[(b-a+a(Zα/2)2 σ 2/ (SE 2)]/kMSE
The formula in (7) represents an approximate value for the Cook’s distance in terms of confidence level and
standard error. The average values of residuals squared is a possible value for b in (7).
Conclusion:
In this article, the impact of confidence level on the sample size was presented. Unusual data points and an
alternative form of Cook’s distance formula involving the confidence level was also presented.
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