Simple Statistical Analysis
Once you have collected quantitative data, you will have a lot of numbers. It’s now time to carry out some statistical analysis to make sense of, and draw some inferences from, your data.
There is a wide range of possible techniques that you can use.
This page provides a brief summary of some of the most common techniques for summarising your data, and explains when you would use each one.
Summarising Data: Grouping and Visualising
The first thing to do with any data is to summarise it, which means to present it in a way that best tells the story.
The starting point is usually to group the raw data into categories, and/or to visualise it. For example, if you think you may be interested in differences by age, the first thing to do is probably to group your data in age categories, perhaps ten- or five-year chunks.
One of the most common techniques used for summarising is using graphs, particularly bar charts, which show every data point in order, or histograms, which are bar charts grouped into broader categories.
An example is shown below, which uses three sets of data, grouped by four categories. This might, for example, be men, women, and ‘no gender specified’, grouped by age categories 20–29, 30–39, 40–49 and 50–59.
[image: Example histogram]


An alternative to a histogram is a line chart, which plots each data point and joins them up with a line. The same data as in the bar chart are displayed in a line graph below.
[image: Example line chart]


It is not hard to draw a histogram or a line graph by hand, as you may remember from school, but spreadsheets will draw one quickly and easily once you have input the data into a table, saving you any trouble. They will even walk you through the process.
Visualise Your Data

The important thing about drawing a graph is that it gives you an immediate ‘picture’ of the data. This is important because it shows you straight away whether your data are grouped together, spread about, tending towards high or low values, or clustered around a central point. It will also show you whether you have any ‘outliers’, that is, very high or very low data values, which you may want to exclude from the analysis, or at least revisit to check that they are correct.
It is always worth drawing a graph before you start any further analysis, just to have a look at your data.


You can also display grouped data in a pie chart, such as this one.
[image: Example pie chart]


Pie charts are best used when you are interested in the relative size of each group, and what proportion of the total fits into each category, as they illustrate very clearly which groups are bigger.
See our page: Charts and Graphs for more information on different types of graphs and charts.
Measures of Location: Averages
The average gives you information about the size of the effect of whatever you are testing, in other words, whether it is large or small. There are three measures of average: mean, median and mode.
See our page on Averages for more about calculating each one, and for a quick calculator.
When most people say average, they are talking about the mean. It has the advantage that it uses all the data values obtained and can be used for further statistical analysis. However, it can be skewed by ‘outliers’, values which are atypically large or small.
As a result, researchers sometimes use the median instead. This is the mid-point of all the data. The median is not skewed by extreme values, but it is harder to use for further statistical analysis.
The mode is the most common value in a data set. It cannot be used for further statistical analysis.
The values of mean, median and mode are not the same, which is why it is really important to be clear which ‘average’ you are talking about.
Measures of Spread: Range, Variance and Standard Deviation
Researchers often want to look at the spread of the data, that is, how widely the data are spread across the whole possible measurement scale.
There are three measures which are often used for this:
The range is the difference between the largest and smallest values. Researchers often quote the interquartile range, which is the range of the middle half of the data, from 25%, the lower quartile, up to 75%, the upper quartile, of the values (the median is the 50% value). To find the quartiles, use the same procedure as for the median, but take the quarter- and three-quarter-point instead of the mid-point.
The standard deviation measures the average spread around the mean, and therefore gives a sense of the ‘typical’ distance from the mean.
The variance is the square of the standard deviation. They are calculated by:
1. calculating the difference of each value from the mean;
2. squaring each one (to eliminate any difference between those above and below the mean);
3. summing the squared differences;
4. dividing by the number of items minus one.
This gives the variance.
To calculate the standard deviation, take the square root of the variance.
Skew
The skew measures how symmetrical the data set is, or whether it has more high values, or more low values. A sample with more low values is described as negatively skewed and a sample with more high values as positively skewed.
Generally speaking, the more skewed the sample, the less the mean, median and mode will coincide.
Statistical Analysis: Identifying Patterns
More advanced statistical analysis aims to identify patterns in data, for example, whether there is a link between two variables, or whether certain groups are more likely to show certain attributes. This is in order to draw lessons from the sample that can be generalised to the wider population.
Relationships vs Differences

Research hypotheses can be expressed in terms of differences between groups, or relationships between variables. However, these are two sides of the same coin: almost any hypothesis could be set out in either way.
For example:
There is a relationship between gender and liking ice cream OR
Men are more likely to like ice cream than women.

Comparing Groups
Your first step is to identify your two or more groups. This will obviously depend on your research question or hypothesis.
So if your hypothesis was that men are more likely to like ice cream than women, your two groups are men and women, and your data is likely to be something like self-expressed liking for ice cream on a scale of 1 to 5, or perhaps the number of times that ice creams are consumed each week in the summer months.
You then need to produce summary data for each group, usually mean and standard deviation. These may or may not look quite similar.
In order to decide whether there is a genuine difference between the two groups, you have to use a reference distribution against which to measure the values from the two groups.
The most common source of reference distributions is a standard distribution such as the normal distribution or t- distribution. These two are the same except that the standard deviation of the t-distribution is estimated from the sample, and that of the normal distribution is known.
You then compare the summary data from the two groups and decide the probability of achieving that difference by chance. The lower the probability, the more likely it is that your result is correct. This is referred to as statistical significance.
Types of Error

There are four possible outcomes from statistical testing:
· The groups are different, and you conclude that they are different (correct result)
· The groups are different, but you conclude that they are not (Type II error)
· The groups are the same, but you conclude that they are different (Type I error)
· The groups are the same, and you conclude that they are the same (correct result).
Type I errors are generally considered more important than Type II, because they have the potential to change the status quo.
For example, if you wrongly conclude that a new medical treatment is effective, doctors are likely to move to providing that treatment. Patients may receive the treatment instead of an alternative that could have fewer side effects, and pharmaceutical companies may stop looking for an alternative treatment.

Choosing the Right Test
The test that you use to compare your groups will depend on how many groups you have, the type of data that you have collected, and also how good it is. In general, different tests are used for comparing two groups, and for comparing three or more.
Our page Surveys and Survey Design explains that there are two types of answer scale, continuous and categorical. Age, for example, is a continuous scale, although it can also be grouped into categories.
Gender is a category scale.
· For a continuous scale, you can use the means of the two groups that you are comparing.
· For a category scale, you need to use the medians.
Warning!

If you are not very confident about the quality of the data collected, for example because the inputting was done quickly and cheaply, or because the data have not been checked, then you may prefer to use the median even if the data are continuous to avoid any problems with outliers. This makes the tests more robust, and you can rely on the results more.

What Test?
	Purpose
	Data Scale
	Average
	Test
	Test Statistic
	Reference Distribution

	Compare two groups
	Continuous
	Mean
	t-test
	t
	t

	
	Category
	Median
	Mann-Whitney U test
	U statistic
	All combination of ranks

	Compare three or more groups
	Continuous
	Mean
	Analysis of Variance (ANOVA)
	F-ratio
	F

	
	Category
	Median
	Kruskal-Wallis Test
	W statistic
	All combination of ranks


Source: Easterby-Smith, Thorpe and Jackson, Management Research 4th Edition
One- or Two-Tailed Test
The other thing that you have to decide is whether you are confident of the direction of the distance. In practice, this boils down to whether your research hypothesis is expressed as ‘x is likely to be more than y’, or ‘x is likely to be different from y’. If you are confident of the direction of the distance, then your test will be one-tailed. If not, it will be two-tailed.
Calculating the Test Statistic
For each type of test, there is a standard formula for the test statistic. For example, for the t-test, it is:
(M1-M2)/SE(diff)
M1 is the mean of the first group
M2 is the mean of the second group
SE (diff) is the standard error of the difference, which is calculated from the standard deviation and the sample size of each group.
The final part of the test is to compare the test statistic to that required to meet the desired level of significance (usually 5% or 1%). This value is available from published statistical tables. If the test statistic is that value or more, then the difference between groups is said to be statistically significant at the 5% or 1% level.
NOTE: the significance level is sometimes called the p value, and expressed as p < 0.05 or p < 0.01.
Comparing Variables
Sometimes, you may want to know if there is a link between two variables. If so, you can predict someone’s response to one variable by their response to the other.
· A positive association means that high scores for one variable tend to occur with high scores for the other.
· A negative association means that high scores for one variable tend to occur with low scores for the other.
· There is no association when the score for one variable does not predict the score for the other.
Such associations are also called correlations.
Seeing an Association

One of the best ways of checking for an association is to draw a line graph of the data with the two variables on the x and y axes. Broadly speaking, if there is an association, you will see it from the graph.
Drawing a graph will also help you identify if there is a peculiar relationship, such as a positive association for part of the data and a negative for the rest, as shown below. This will show in a test as no correlation, but there is clearly some sort of a relationship in this case.
[image: Example histogram]

Statistical Tests for Associations
Again, there are specific tests depending on whether you are using continuous, categorical or ranked data.
· For categorical data, you use the chi-squared test (also written χ2)
· For continuous data it is the Pearson product-moment correlation
· For ranks, use the Kendall rank order correlation.
Again, you need to work out the test statistic, and compare that with the value needed to obtain the desired level of significance.
Warning! The Difference Between Correlation and Causation

A correlation is an association between two variables. It does not necessarily imply that one causes the other. Both could be caused by something completely different, or it could simply be that people who show one characteristic often show the other.
For example, it could be that people who shop for groceries online buy more ready-made meals than those who shop in store. However, it is unlikely that the act of buying online causes the purchase of more ready-meals. It is more likely that those who shop online are short of time, and so buy more convenience food, or possibly simply that younger people are both more likely to shop online and more likely to buy convenience food.

A Word of Advice
There are statistical packages available, such as SPSS, which will carry out all these tests for you. However, if you have never studied statistics, and you’re not very confident about what you’re doing, you are probably best off discussing it with a statistician or consulting a detailed statistical textbook.
Badly-done statistical analysis can invalidate very good research. It is much better to find someone to help you.

Multivariate Analysis
This page discusses some of the more advanced techniques, involving several variables and not just one or two. In real life, as opposed to laboratory research, you are likely to find that your data are affected by many things other than the variable that you wish to test. There are correlations between items that you’ve never considered, and the world is complex.
The purpose of advanced statistical analysis is to simplify some of the relationships, while making a more effective model of what you are seeing.

Multivariate Analysis includes many statistical methods that are designed to allow you to include multiple variables and examine the contribution of each.
The factors that you include in your multivariate analysis will still depend on what you want to study. Some studies will want to look at the contribution of certain factors, and other studies to control for those factors as (more or less) a nuisance.
Two types of variables
In multivariate analysis, the first thing to decide is the role of the variables.
There are two possibilities:
· The variable causes an effect: predictor variable
· The variable is affected: dependent variable
This is a function of your model, not of the variables themselves, and the same variable may be either in different studies.
The relationships between variables are usually represented by a picture with arrows:
[image: https://www.skillsyouneed.com/images/variables.png]


You can also observe variables directly, or infer them from what is happening these are known as latent variables.
Example: Success at School

It is hard to measure ‘success at school’: it is a latent variable.
You might decide that 'success at school' consists of academic success, together with some measure of social success (perhaps average duration of friendships, or size of ‘friendship group’) plus one of effort put in. These are your observed variables.
The measurement model examines the relationship between the observed and latent variables.


The idea behind such models is that there are correlations between the observed variables.
These correlations are assumed to be caused by common factors. The greater the influence of the common factors (the factor loading), the higher the correlations between the variables.
Cronbach’s alpha is used to measure the correlations between variables. A value of 0.70 or more gives a good level of reliability to the model.

Methods of Analysis
There are a variety of methods of analysis for measurement models like this. They include Confirmatory Factor Analysis and Exploratory Factor Analysis, and are usually carried out by computer.
The details of how to carry out each one are beyond the scope of this page, but the basic idea is that they measure how much of the variation seen in the overall construct is caused by each factor.
Causal Models
Causal models look at the way in which variables relate to each other. While it is not possible to prove causality beyond doubt, causal models allow you to say whether the suggested relationship fits the data, and how well.
The strength or weakness of any causal model is the selection of the variables. If you miss out a major causal factor, then your conclusions will be either limited or incorrect. It is therefore worth taking time on defining your model as carefully as possible.
There is a balance to be struck between simplicity and including more variables to obtain a better fit. Obviously you do not want to miss out a major causal variable, and including more variables will always give a better fit. But you need to consider whether the additional complexity is worth it for the gain in quality of the model.


Suitable analysis methods for causal models tend to be what is called generalised linear models, which include logistic regression analysis, multiple regression analysis, multivariate analysis of covariance (MANCOVA) and multivariate analysis of variance (MANOVA).
All these methods give you a measure of how much of the variation in the dependent variables is caused by the predictors, and thus whether your model is any good.
Again, there are computer packages, such as SPSS, which can do these analyses for you, but do make sure that you understand what you’re doing and are interpreting the results correctly.
Structural Equation Modelling brings together measurement models and causal models. It is a computer-modelling technique that fits a structural equation to the model. This technique is pretty complicated, but in essence compares possible models and identifies the one that best fits the data.
A Complex Area
The world is a complex place, and sometimes the only way to understand what’s going on is to use advanced statistical techniques for modelling.
However, these too are complex and you should not embark on them without understanding the basics. If you don’t, then it’s a good idea to consult someone who does, usually a statistician. Even if you’ve used the technique before, it’s still a good idea to get a statistician to have a look at what you’re planning to do and check your results afterwards in case of any glaring errors.
Poor analysis will undermine good research very quickly.
[bookmark: _GoBack]Source: https://www.skillsyouneed.com/num/multivariate-analysis.html
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