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Definition of Statistical Terms

Standard Deviation

WHAT IS STANDARD DEVIATION? The standard deviation is the most frequently calculated measure of variability or dispersion in a set of data points. The standard deviation value represents the average distance of a set of scores from the mean or average score. 

Standard deviation and the normal curve 
Knowing the standard deviation helps create a more accurate picture of the distribution along the normal curve. A smaller standard deviation represents a data set where scores are very close to the mean score (a smaller range). A data set with a larger standard deviation has scores with more variance (a larger range).  For example, if the average score on a test was 80 and the standard deviation was 2, the scores would be more clustered around the mean than if the standard deviation was 10. 

	




	Figure 1. The normal curve. Standard deviation is a constant interval from the mean. Roll the mouse over the curve to discover the percentage each portion represents. 


Calculating the standard deviation 
The figure below displays the formula for calculating the standard deviation. (It is much easier than it looks!)
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	S = standard deviation
Σ = sum of
X = individual score
M = mean of all scores
n = sample size (number of scores)


The best method to calculate the standard deviation by hand is to create a organized chart to perform necessary equations. It is necessary first to compute the mean. 

	X
	M
	(X-M)
	(X-M)2

	1
	3
	-2
	4

	2
	3
	-1
	1

	3
	3
	0
	0

	4
	3
	1
	1

	5
	3
	2
	4

	Total (Σ)
	0
	10


Take notice of several key points regarding the calculation of the standard deviation. First, the score minus the mean grand total (third column) should ALWAYS equal zero. This is a good cross-check to ensure that the mean has been correctly calculated. Second, the purpose of squaring the deviations is to eliminate the negative values so that their grand total does not equal zero. Finally, the reason the denominator is n-1 is because the standard deviation is being calculated for a sample. Should the standard deviation be calculated for a population, the denominator would simply be n. 
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	Completing the calculation. 
Divide total squared deviations by n-1. 
That leaves 10/4.
Take the square root of 2.5.
The standard deviation equals 1.58.
(Refresh browser if calculation remains static.) 




Kathleen Barlo
SDSU Educational Technology

Descriptive Statistics 

"True" Mean, Confidence Intervals and Levels of Significance

 Probably the most often used descriptive statistic is the mean or average score in a set of data. The mean is a particularly informative measure of the "central tendency" of the variable (set of scores) if it is reported along with its confidence intervals (related to the variability among the scores) . 
Usually we are interested in statistics (such as the mean) from our sample only when they can help us infer information about the population.  The confidence intervals for the mean give us a range of values around the mean where we expect to find the "true" (population) mean (with a given level of certainty).  For example, if the mean in a sample is 23, and the lower and upper limits of the p=.05 confidence interval are 19 and 27 respectively (2 standard deviations on either side of the mean under the “bell” curve), then you can conclude that there is a 95% probability that the population mean is greater than 19 and lower than 27. If you set the p-level to a smaller value, then the interval would become wider thereby increasing the "certainty" of the estimate, and vice versa.  This concept is also useful to understand researchers when they point to “levels of significance” between two or more means.

As we all know from the weather forecast, the more "vague" the prediction (i.e., wider the confidence interval), the more likely it will materialize. Note that the width of the confidence interval depends on the sample size and on the variation of data values. The larger the sample size, the more reliable the mean.  As the variation increases, the mean becomes less reliable.  The reporting of polling results is another example of a sample statistic that is meaningful in terms of inference to the population only when the confidence intervals are defined.  Once again, the larger sample will yield a more reliable mean score since the variation will be smaller.  A smaller polling sample will yield a less reliable mean due to the larger variation.  
Correlation Analysis
Correlation is a measure of the relation between two or more variables. Correlation coefficients can range from -1.00 to +1.00. The value of -1.00 represents a perfect negative correlation while a value of +1.00 represents a perfect positive correlation. A value of 0.00 represents a lack of correlation. 
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The most widely-used type of correlation coefficient is Pearson r, also called linear or product- moment correlation. 

Pearson correlation determines the extent to which values of the two variables are "proportional" to each other. The value of correlation (i.e., correlation coefficient) does not depend on the specific measurement units used; for example, the correlation between height and weight will be identical regardless of whether inches and pounds, or centimeters and kilograms are used as measurement units. Proportional means linearly related; that is, the correlation is high if it can be "summarized" by a straight line (sloped upwards or downwards). 
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This line is called the regression line or least squares line (related to Regression Analysis).

As mentioned above, the correlation coefficient (r) represents the linear relationship between two variables. If the correlation coefficient is squared, then the resulting r2  value (called  the coefficient of determination) will represent the proportion of common variation in the two variables (i.e., the "strength" or "magnitude" of the relationship).  

Regardless of the “strength or magnitude” of a correlation, it is risky and inappropriate to infer a causal or cause-effect relationship between the two variables.  Sometimes a correlation may be “spurious;” that is, a correlation that is due mostly to the influences of "other" variables. For example, there is a correlation between the total amount of losses in a fire and the number of firemen that were putting out the fire.  If we were to infer a causal relationship, then one would say that fewer firemen would result in lower losses. However, there is a third variable (the initial size of the fire) that influences both the amount of losses and the number of firemen. If you "control" for this variable (e.g., consider only fires of a fixed size), then the correlation will either disappear or perhaps even change its sign. The main problem with spurious correlations is that we typically do not know what the "hidden" agent is. However, in cases when we do know, researchers can use partial correlations that control for (or partial out) the influence of specified variables.  In the KEYS research the effects of SES were accounted for in examining the correlations between the indicators and measures of student achievement.

. 

Factor Analysis
The purpose of factor analysis is to discover patterns of relationships among many variables. In particular, it seeks to discover if the observed variables can be explained largely or entirely in terms of a much smaller number of variables called factors.  It is a statistical procedure, involving correlation analysis, used to uncover relationships among many variables. This allows numerous inter-correlated variables to be condensed into fewer dimensions, called factors, or indicators as in KEYS 2.0.

Many statistical methods are used to study the relation between independent and dependent variables. Factor analysis is different; it is used to study the patterns of relationship among many dependent variables, with the goal of discovering something about the nature of the independent variables that affect them, even though those independent variables were not measured directly. Thus answers obtained by factor analysis are necessarily more hypothetical and tentative than is true when independent variables are observed directly. The inferred independent variables are called factors. A typical factor analysis suggests answers to four major questions: 

1. How many different factors are needed to explain the pattern of relationships among these variables? 

2. What is the nature of those factors? 

3. How well do the hypothesized factors explain the observed data?
 

4. How much purely random or unique variance does each observed variable 
include? 

Regression Analysis


The most common type of regression analysis is linear regression. There are two kinds of linear regression: 1) simple linear regression, and 2) multiple linear regressions (also known as multivariate linear regression). Simple linear regression is when you have one dependent variable (also known as an outcome, or response variable) and one independent variable (also known as a predictor or explanatory variable). Multiple linear regressions are when you have one dependent variable and two or more independent variables.

One purpose of linear regression analysis is to predict a dependent variable. Suppose you have a data set consisting of the gender, height and age of children between the ages of 5 and 10 years. In simple linear regression, your goal might be to predict the height of a child, given his or her age. In multiple linear regressions, you might want to predict the height of a child given age and gender.  In the KEYS 2.0 analysis, after the factor analysis that helped us identify the 42 indicators (factors), we ran a series of regression analyses to determine the extent to which each indicator was correlated to two different measures of student achievement. 

For those of you who would like to know a bit more about regression analysis, read on.


The linear regression model is a mathematical equation for a line.  The parameters of the equation are estimated using mathematical formulas that are applied to the data set of gender, height and age of the children ages 5-10.  In other words, the linear regression model is “fitted” to the sample data. This can be visualized as a scatter plot with a line running through it. The regression analysis procedure finds the line that best fits the data. 

The regression analysis procedure tests the null hypothesis that the slope parameter of the independent variable is 0 versus the alternative hypothesis that the slope parameter is different than 0. If the p-value for the test is less than 0.05 (level of significance), the null hypothesis is rejected and it is concluded that there is a statistically significant association between the dependent variable and the independent variable.  In that case, the model may be used to make predictions of the dependent variable.  

Also, the slope parameter can be interpreted as “the amount of change in the average of the dependent variable for a one-unit increase in the independent variable.”  Using the example above, suppose the slope parameter for age was 3.5, and assume height was measured in inches. The interpretation of the slope for age is: the average height of a child is expected to increase by 3.5 inches for each additional year of aging.
Frequency tables 

Frequency or one-way tables represent the simplest method for analyzing categorical data. They are often used as one of the exploratory procedures to review how different categories of values are distributed in the sample. For example, in a survey of parents interested in participating in a school event, we could summarize the respondents' interest  in a frequency table as follows: 

	STATISTICA
BASIC
STATS
	School Event: Interest in Participating

	Category
	Count
	Cumulatv
Count
	Percent
	Cumulatv
Percent

	ALWAYS : Always interested
USUALLY : Usually interested
SOMETIMS: Sometimes interested
NEVER : Never interested
Missing
	39
16
26
19
0
	39
55
81
100
100
	39.00000
16.00000
26.00000
19.00000
0.00000
	39.0000
55.0000
81.0000
100.0000
100.0000



The table above shows the number, proportion, and cumulative proportion of respondents who characterized their interest in watching football as either: (1) Always interested, (2) Usually interested, (3) Sometimes interested, or (4) Never interested. 

In practically every research (including action research conducted by school staff) project, a first "look" at the data usually includes frequency tables. For example, if we were to survey school parents, frequency tables can show the number of males and females who participated in the survey, the number of respondents from particular ethnic and racial backgrounds, and so on. Responses on some labeled attitude measurement scales (e.g., interest in volunteering in some school activity) can also be nicely summarized via the frequency table.  Customarily, if a data set includes any categorical data, then one of the first steps in the data analysis is to compute a frequency table for those categorical variables.
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