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A show of hands 

• How many of you have taken a 

statistics course before? 

• In which discipline(s) was this 

course or were these courses? 



3 

Making sense of it all 

Most of us have taken at least one if 

not more courses in statistics during 

our undergraduate and graduate 

studies.  If you have participated in 

previous DLI Workshops, you will 

have also been introduced to aspects 

of statistics. 
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Making sense of it all 

• I suspect that you already have 

enough background in statistics to 

cope with the demands of providing 

library data services, even though 

you may question your statistical 

skills from time to time. 

• What you may need is a framework 

in which to organize your statistical 

training, i.e., a bigger picture to see 

how it all fits together. 
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Session outline 

• Assessment of statistics knowledge 
In pairs, work through the questions in the 
handout.  There are eight tables in an 
accompanying handout used in conjunction with 
these questions.  Do the best you can but don’t be 
overly concerned if an answer doesn’t come 
quickly. 

• Each of the eight tables has a story 
After working through the assessment, we’ll 
review the answers while using each table as an 
opportunity to share a story about some aspect of 
statistics.  

• Generalizing to a bigger picture 
From these stories, a general framework for 
thinking about statistics will be presented. 
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Start the assessment! 
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Stop the assessment! 
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Why these eight tables? 

• These eight represent four tables 

produced by Statistics Canada for our 

use and four tables created from public 

use microdata obtained through DLI. 

• The distinction between interpreting 

statistics that have been created by 

others and creating statistics is 

important.  

• There are choices made when creating 

statistics. 

• Interpreting statistics requires an ability to 

understand the choices that were made. 
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Why these eight tables? 

• Working with statistics is about 

communicating. 

• The more we understand the choices 

made in creating statistics: 

• The easier it should be to interpret statistics 

produced by others, and 

• The better we should be in communicating 

through the statistics we create. 
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Table 1 comments 

• Know your variables 
• The statistics in a table are framed by the variables 

upon which they were created.  Stop and review all of 
the variables included in a table and ask yourself: what 
geographic coverage is included in this table; what is 
the timeframe in this table; what are the social content 
variables in this table; and what is the unit of 
observation used to create these statistics. 

• NOIR [measurement at its darkest] 
• All variables employ one of four types of measurement.  

• Nominal (e.g., Discipline, Provinces, Full-time students) 

• Ordinal 

• Interval (e.g., Academic year) 

• Ratio (e.g., Tuition fees, years) 

• Knowing this is fundamental to understanding statistics. 
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Table 1 comments 

• Cell values & what they represent 
• In Table 1, these are the statistics formed by taking the 

mean of a third variable within each group defined by 
the categories in the rows and columns of the table.   

• Weighted averages 
• Average tuition is weighted by the number of full-time students 

in each university by discipline. (Measure of spread missing.) 

• Standardized categories 
• Some variables have standardized categories, which makes 

comparison easier across tables and data collections. 

• See http://www.statcan.ca/english/concepts/index.htm 

• Unit of Observation 
• The data are from post-secondary institutions, to which 

disciplines, number of students and tuitions all are attributes. 

• See http://www.statcan.ca/english/Pgdb/educ50d.htm  

http://www.statcan.ca/english/concepts/index.htm
http://www.statcan.ca/english/Pgdb/educ50d.htm
http://www.statcan.ca/english/Pgdb/educ50d.htm
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Table 2 comments 

• Indicators 
• Indicators are variables summarized using counts, 

sums, averages, proportions, percentages, rates, 

standardized counts or index numbers. 

• Richness of metadata 
• In this table, notice the convenient references to 

CANSIM table numbers. 

• See http://www.statcan.ca/english/Pgdb/indi02e.htm 

• Average weekly earnings is organized by industry 

groupings, which employs a standardized classification 

system: NAICS.  (Follow path to definitions for NAIC 

categories from CANSIM Table 281-0028.) 

http://www.statcan.ca/english/Pgdb/indi02e.htm
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Tables 3 & 4 comments 

• Rates 
• To make fair comparisons between groups, the statistic 

used to make the comparison needs a common 

baseline.  This almost always requires finding a 

common denominator to do the arithmetic.   

• So much of life depends on a shared, common 

denominator. [Editor] 

• Sources used in calculating rates 
• Rates don’t require microdata to be calculated. 

• It is important to know the source of the statistics or 

aggregate data used to calculate rates.  Metadata, 

metadata, metadata!  

• See http://www.statcan.ca/english/Pgdb/demo04a.htm 

[Follow path of “Find Information] 

http://www.statcan.ca/english/Pgdb/demo04a.htm
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Tables 3 & 4 comments 

• Calculating Rates 
• Nfld births 2003-2004 = 4,553 

• PEI births 2003-2004 = 1,325 

• Nfld population 2003 = 519,570 

• PEI population 2003 = 137,781 

 

• 4553 ÷ 519570 x 1000 = 8.8 

• 1325 ÷ 137781 x 1000 = 9.6 

 

• PEI birth rate per 1000 in 2003-2004 is 9.6 

• Nfld birth rate per 1000 in 2003-2004 is 8.8 
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Table 5 comments 

• Descriptive statistics : analytic 
• The statistics associated with variables measured with 

a metric (i.e., interval or ratio levels of measurement) 
are the ones commonly taught as part of “descriptive 
statistics.”  I’ll refer to them as “analytic variables.” 

• Location and spread 
• The two primary descriptive statistics for analytic 

variables are location and spread.  Location is a single 
value that best summarizes the distribution; spread 
indicates the dispersion of values within the distribution. 

• The virtue of symmetry 
• The more a distribution is symmetric, the better it 

‘behaves’ in a variety of analyses and the more it seems 
to fit the assumptions of inferential tests. 

• Being balanced, helps in analysis as well as life. [Editor] 
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Table 6 comments 

• Descriptive statistics : categorical 
• The statistics associated with variables in which the 

information consists of membership in categories is 
associated with nominal levels of measurement.  I’ll 
refer to them as “categorical variables.” 

• Not always a loss 
• There is a bias learned in many introductory statistics 

courses that analytic variables are preferred over 
categorical variables.  There is a loss of information 
moving from an analytic to a categorical variable.  For 
one thing, the metric is lost.  However, there are special 
cases where categorical variables can be transformed 
into analytic variables, for example, “dummy” variables.  
Furthermore, there are a variety of techniques to 
analyze categorical variables.   

• This bias really isn’t justified. [Editor] 
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Table 6 comments 

• Expected versus observed 
• One fundamental step in all statistical tests is to 

examine the relationship between observed and 
expected distributions.  For example, taking the 
observed and subtracting the expected is basic to the 
chi-square test with tables. 

• Looking at influential cells 
• One can find influential cells in a table by subtracting 

the observed count from the expected count.  Large 
differences are cells that deviate from the expected. 

• What is expected?  Depends on the assumed 
distribution used as the standard.  With chi-square, the 
expected value is calculated by multiplying all 
combinations of the column marginals by the row 
marginals making up the table and dividing by the table 
total. 



18 

Calculating expected values 

Nfld PEI NS NB Total 

Worse 

297 

Same 

1214 

Better 

1134 

Total 

674 304 918 749 2645 
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Calculating expected values 

Nfld PEI NS NB Total 

Worse 

297 

Same 

1214 

Better 

1134 

Total 

674 304 918 749 2645 

Marginal Frequencies 

for the Provinces (the 

column marginals) 
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Calculating expected values 

Nfld PEI NS NB Total 

Worse 

297 

Same 

1214 

Better 

1134 

Total 

674 304 918 749 2645 

Marginal Frequencies 

for Financial Situation 

(the row marginals) 
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Calculating expected values 

Nfld PEI NS NB Total 

Worse 

297 

Same 

1214 

Better 

1134 

Total 

674 304 918 749 2645 

Table Total 
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Calculating expected values 

Nfld PEI NS NB Total 

Worse 

297 

Same 

1214 

Better 

1134 

Total 

674 304 918 749 2645 

To calculate the expected 

value for the cell, “Nfld and 

Same,” multiply the row 

marginal for “Same” by the 

column marginal for “Nfld” and 

divide by “Total – Total”.  
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Calculating expected values 

Nfld PEI NS NB Total 

Worse 

297 

Same 

1214 

Better 

1134 

Total 

674 304 918 749 2645 

674 * 1214 / 2645 = 

309.4 
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Calculating expected values 

Nfld PEI NS NB Total 

Worse 

297 

Same 

1214 

Better 

1134 

Total 

674 304 918 749 2645 

The observed count is 

356. The expected is 

309.4. The difference is 

46.6.  
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Table 7 comments 

• Making comparisons 
• Typically, this involves one analytic variable and one or 

more categorical variables used to define groups, 

although comparisons can also be done with two or 

more categorical variables. 

• Fair comparisons  
• To make fair comparisons using an analytic variable, 

the spread of the distributions across groups can’t be 

widely different. Comparing boxplots is a way of 

visualizing the similarity of the spreads.  In particular, 

does the spread of the boxes, which is the middle 50 

percent of the data, look to be closely the same? 

• Alternatively, a comparison of the standard deviations 

of the analytic variable across groups can also be used 

to judge closeness of spreads. 
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Table 7 comments 

• Overlapping confidence intervals 
• There are a number of parametric and nonparametric 

tests to help determine if the differences in the sample 

occur in the population, too. 

• The confidence interval of the mean from the output of 

a oneway analysis of variance (ANOVA) can be used to 

judge group differences, too.  If the confidence intervals 

overlap between groups, there is a chance that the 

population mean could be the same for both groups.  

Therefore, these groups are not treated as being 

different on the analytic variable being tested.  A variety 

of group comparison tests will demonstrate this, also.   

• However, if the confidence interval of one group does 

not overlap with another group, the two groups likely 

differ on the analytic variable, i.e., given that the 

variances of the two groups are similar. 
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Table 7 comments 
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Table 7 comments 
Overlap Groups: 

Nfld & PEI 

PEI & NB 

NS & NB 

 

Non-overlap Groups: 

NB & Nfld 

NS & Nfld 

NS & PEI 



29 

Table 8 comments 
• It’s about relationships 

• Relationships come in many flavours.  There are 
associations, correlations, predictions, trends and 
causation.  Associations, correlations, predictions and 
trends do not demonstrate causation, although they are 
useful in identifying possible causal variables. 

• Deterministic but not necessarily causal  
• Linear regression is a deterministic method: values are 

plugged into the variables and a prediction is made. 
Regression equations are also compensatory.  
Different combinations of values can be plugged into 
the model and yet derive the same predicted value. 

• Size doesn’t always matter in regression 
• A large R-square isn’t necessarily the most important 

outcome in a regression.  The right combination of 
predictors, though forming a looser fit, may be more 
important than a tight fitting line. 
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Table 8 comments 

• Using regression to tell stories 
• One useful way of communicating the results of a 

regression analysis is to make hypothetical cases 

based on values that tell a specific story. Plug these 

values into the equation and discuss what the model 

predicts.  The equations can be easily set up in Excel 

to produce the predicted cases. 

Case 1 = 45 year old who feels the family’s financial 

situation will be better, has $50,000 after-tax income 

and a house mortgage.  Predicted total debt: $67,664. 

Case 2 = 65 year old who feels the family’s financial 

situation will be the same, has $40,000 after-tax 

income and no house mortgage.  Predicted total debt: 

$4,248. 
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A statistics collage 

Let’s make some generalizations about 

the discussion from these eight tables.  

We can also draw upon the chapter that 

was distributed prior to the workshop. 

• Statistics are summaries of data. 

• Statistics present a view of data. 

• Consequently, data are very 

important in understanding 

statistics. 
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The origins of data 

• The origins of data are tied to a mix of 
research methods, including social 
surveys, experimental designs and 
simulations. 

• The diversity of theoretic and applied 
statistics programs in universities is 
related to the approaches that different 
disciplines take in collecting and creating 
data. 

• If one is trained in experimental design, 
inferential statistics will be your dominant 
approach to statistics. 
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Social survey approach 

• What is the dominant approach to 
statistics for those with a background in 
social surveys? 

• Sampling in surveys is closely aligned 
with inferential statistics.  These 
influences are particularly noticeable in 
the user guides of public use microdata 
under discussions about the sample, 
analysis guidelines, and the use of 
Coefficient of Variation tables and weight 
variables. 
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Social survey approach 

• There is, however, an interesting 
contradiction in the reliance on inferential 
statistics with large social surveys, 
especially as one moves from sampling 
into analysis. 

• Sample sizes of 40 are considered large 
in some circles of inferential statistics.   
The sample size of the 2001 Census 
public use microdata file for individuals is 
801,055.  A sample this large makes 
many inferential statistical tests 
irrelevant.  
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Social survey approach 

• I anticipate that new statistical methods 
developed in conjunction with data 
mining -- the search for patterns in 
extremely large databases -- will be 
applicable to large social surveys.  While 
sampling may still have its roots in 
inferential statistics, analysis will begin to 
incorporate techniques from disciplines 
accustomed to working with very large 
data files. 

• For example, the following quote from 
Statistics New Zealand suggests a 
perspective beyond inferential statistics. 
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Statistical analysis 

Statistical analysis includes: 
• Exploratory Data Analysis (EDA), an 

important part of any preliminary analysis of 
data.  

• Time series analysis, mainly seasonal 
adjustment and trend estimation.  

• Multivariate analysis, such as multivariate 
regression and principal component 
analysis.  

• Longitudinal data analysis, which has 
become important with current development 
of longitudinal surveys. 

Source: Statistics New Zealand 
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Statistical analysis 

• The Statistics New Zealand summary 
demonstrates our previous observation 
about the relationship between the origins 
of data and statistical analysis. 

• The data for time series, multivariate and 
longitudinal analyses represent the mix of 
aggregate data (such as found in 
CANSIM) and large social surveys that 
an agency such as Statistics New 
Zealand collects. 

• EDA is an interesting inclusion on their 
list and a deviation from inferential 
statistics. 
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Statistical analysis 

Statistical analysis supports three general 
purposes. 

• Descriptions: a numeric summary of 
something about its size, occurrence, 
prevalence, or distribution. 

• Comparisons: a numeric indicator of 
similarity or difference, distance or 
change. 

• Relationships: a numeric estimate of 
association, correlation, prediction or 
causation.  
Reference: see the discussion in the included chapter. 
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A Framework 

• The next three slides present commonly 
used SPSS statistical procedures for 
summarizing descriptions, comparisons 
and relationships. 

• None of these lists is comprehensive but 
each is illustrative of the choices that 
exist. 

• The level of measurement has been 
collapsed into two types: categorical and 
analytic, which we used above. 

• The next slide introduces this section by 
showing the variety of SPSS procedures. 
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Descriptions 

Univariate Multivariate 

Categorical 

Variables 

Descriptive 

Statistics:   

Frequencies;  

Graphs: bar and 

pie 

Descriptive 

Statistics: 

Crosstabs; 

Graphs: multiple 

bar 

Analytic 

Variables 

Descriptive 

Statistics: 

Descriptives & 

Explore; 

Graphs: Boxplot, 

Histogram   

Correlate: bivariate; 

Data reduction: 

Factor; 

Scale: Reliability 

analysis; 

Graphs: Scatter/dot 
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Comparisons 

Compare  

2 Groups 

Compare 

3 or More Groups 

Categorical 

Variables 

Nonparametric tests; 

Graphs: multiple bar 

Nonparametric tests; 

Graphs: multiple bar 

1 Analytic 

Variable 

Compare means: t-

tests;  

Nonparametric tests; 

Graphs: error bar 

Compare means: one-

way ANOVA; 

Nonparametric tests; 

Graphs: error bar 

2 or more 

Analytic 

Variables 

General linear 

model: multivariate, 

repeated measures 

General linear model: 

multivariate, repeated 

measures 
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Comparisons 

• The next slide shows a slightly different 

framework to help identify statistical 

procedures for making comparisons.  While 

it isn’t comprehensive either of the 

combinations of measurement types, 

number of groups and samples, it serves as 

a helpful model for making certain choices. 

• Source: Liwen Vaughan. Statistical Methods 

for the Information Professional.  

Medford,NJ: ASIST Mongraph Series, 2001. 
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Paired t Test Independent 

t Test 

Hypothesis of Difference 

Ordinal Data Interval or Ratio Data 

2 groups 3 or more groups 3 or more groups 2 groups 

Independent Related Independent Related 

ANOVA Kruskal-

Wallis 

Test 

Mann-

Whitney 

Test 

Wilcoxon 

Signed 

Ranks 

Test 
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Relationships 

Association, 

Correlation, 

Trend, Prediction 

Causation 

Categorical 

Variables 

Descriptive 

Statistics: 

Crosstabs; 

Loglinear: 

Descriptive 

Statistics: 

Crosstabs; 

Analytic 

Variables 

Correlate: bivariate; 

Regression: linear, 

nonlinear; 

Time series 

[Structural 

Equation models] 

AMOS in SPSS 

or LISREL 



46 

Relationships 

• The next slide shows Liwen Vaughan’s 

decision tree for determining 

associations.  This too is a partial model 

and does not cover techniques dealing 

with predictions or trends. 
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Hypothesis of Association 

Nominal or Ordinal Data Interval or Ratio Data 

Skewed Not Skewed 

Spearman rs Pearson rp Chi-square Test 

Source: Liwen Vaughan. Statistical Methods for the Information Professional.  Medford,NJ: 

ASIST Mongraph Series, 2001. 
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Reading list 

Agresti, A. and G. Finlay (1997).  Statistical methods 
for the social sciences, 3rd ed.  

Black, K. (1994). Business statistics: contemporary 
decision making. 

Erickson, B.H. and T.A. Nosanchuck (1992). 
Understanding data, 2nd ed. 

Knoke, D.G.W. (2002). Statistics for social data 
analysis, 4th ed. 

McClave, J.T.,  P.G. Benson and T. Sincich (2005).  
Statistics for business and economics, 9th ed. 

Vaughan, Liwen (2001). Statistical methods for the 
information professional. 

See also the Sage university papers series on 
quantitative application in the social sciences for 
concise and readable introductory texts to a variety 
of statistical techniques. 


