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G Wells predicted that ‘statistical

thinking will one day be as neces-

sary as the ability to read and write.

Statistical thinking and quantitative

research aims to analyse data empir-
ically. Anyone undertaking research needs to under-
stand quantitative research for three reasons. First,
they need to be able to properly present and
describe information (ie descriptive statistics). Sec-
ond, they need to understand how to make esti-
mates about the characteristics of a population and
generate decisions about a given population based
on sample results (ie inferential statistics). Third,
they need to be able to predict some phenomenon
into the future (ie ﬂ)rccasling}_

Inferential statistics and forecasting are more
important than descriptive statistics. Descriptive
statistics can be rather subjective, and inferential
statistics are considered to be more objective. Vol-
umes of academic studies have been dedicated to
the study of quantitative research. Of course, many
textbooks and courses on the subject still compli-
cate statistical analysis. A current search on Google
for quantitative help turns up 38 million websites.
But despite the vast amounts of literature and
online resources, the lack of expertise on the sub-
ject matter has produced a crisis in the field.

The Economist reported in 2004 that: ‘Emili Garcia-
Berthou and Carles Alcaraz, two researchers at the
University of Girona in Spain, have found that 38
per cent of a sample of papers in Nature and a quar-
ter of those sampled in the British Medical Journal con-
tained one or more statistical errors.’ In the social
sciences, the number of quantitative research mis-
takes made by economists is much higher. Accord-
ing to The Economist, researchers Deirdre McCloskey
and Stephen Ziliak of Roosevelt University
found that four-fifths of economists
during the 1990s ‘failed to dis-
tinguish between economic
and statistical signifi-
cance. They relied too
much on numbers,
and too little on

economic rea-

Bl soning’.
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should not despair. By taking control of research
projects, cutting waste, and practising continual
improvement techniques, fewer mistakes will be
made. Here are several ways to make your quantita-
tive research more effective.

Quantitative research involves gathering data and
this has effects upon the objects of research. A
recent judgment against Merck & Co serves as a
prime example of why greater ethical care must be
taken when compiling and conducting research.
Merck produced a drug called Vioxx. Allegedly, the
company failed to release findings that the short
term use of Vioxx could potentially produce car
diovascular problems. The company was ordered to
pay US$47.5m in damages.

The act of gathering, maintaining, and analysing
data should be approached with the best of ethical
intentions. Research should be conducted where
the benefits outweigh the harm. Data needs to be
protected in a safe and secure database which is free
from potential hacking attempts. Computers and
hardware also need to be protected. Today, the theft
or loss of personal computers and laptops from
companies and government organisations is stag-
gering. Over 800,000 laptops alone are stolen in
the US each year.

Also, when conducting analysis, be honest in
reporting the findings, even if they counter your
initial theory. And, of course, keep impeccable
re.‘iea]’ch notes at EVETY };lagc Uf your TL‘S{‘&T'CIT PrC }}
ect. The ability to refer to notes and demonstrate
that high ethical standards were followed might
help to overcome the pitfalls of litigation.

The next step in forming a quantitative research
project is to spend time developing a strong
methodology. The development of research design
is used to investigate the association of variables
and involves forming testable statistical hypotheses.

Choose the right methodology

First of all, determine whether you are attempting
to prove or explore some phenomenon. Experi-
mental and quasi-experimental studies are typically
used to show causality. For example, experimental
designs follow the scientific method and are set up
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statistics or other quantitative fields might poten T
Numbers of US public and private elementary Public tially reveal methods that can be employed to form inith
schools through selected years (1929-1970) ’ a testable hypothesis. One common mistake is to of 1
i create a series of hypotheses and collect data via rese:
400 questionnaires, interviews or experiments without tryit
any prior knowledge of statistical analysis. regr
grar
200 Choose the right analysis method ticia
» Recently, the author’s organisation was retained by a sma
_§ client who was conducting analysis on immigra take
f‘ tion. The client listed a series of nominal items. corr
_‘E 200 Nominal items represent names, labels and cate- intg
E gories. In this instance, the client used several cate- met
E gories with regard to whether people were
= - American, Asian, and Hispanic on a survey. The d
- client requested a series of regression models to Res
predict public internet usage at libraries for foreign ‘po
versus US-born subjects. nec
0 i | i | Regression models predict some type of phe- ring
1939-40 1949-50 1959-60 1969-70 nomenon. For example, whether different treat- ple
e ments for depression predict scores on a depression coll
scale. In this example, differing treatments for enc
depression serve as predicmr items and depression occ
scores serve as response variables. Correlation analy- hyt
sis, and in particular the regression equation, son
Figure 1. Enl to allow the greatest amount of control possible. express a relationship between x (the independent, stat
ed from They are often used to examine drug trials. They are  predictor or explanatory variable) and y (the ver
tested over time and include the elements to prove dependent or response variable).
cause and effect. The problem with the client’s request was that
Descriptive designs are not used to show causal- regression models require the use of numerical On
ity but, rather, aim to explore some phenomenon or  variables as predictors. Unfortunately for the client, the
lay the groundwork for future research. Descriptive  order is not implied with nominal variables. It is cot
designs are used to explore relationships between possible to transform nominal variables into nu
variables. A descriptive study may be used to dummy variables, but of course, this is data manip- ect
develop theory, identify problems with or justify ulation and could be questioned in experimental exi
current practice, make judgments or analyse the research. Dummy coding is where nominal cate- Ex
results of a pilot study to examine whether a main gories are represented using numerical values such dat
study is practical. There is no manipulation of vari- as zeros and ones in software such as SPSS (origi- Hc
ables and no attempt to establish causality with nally Statistical Package for Social Sciences). All the gri
descriptive designs. foreign-born subjects could have been recoded as the
Researchers need to phrase their research ques- ‘zeros’ and all US-born subjects could have been pe
tions to permit statistical analysis. The best way to recorded as ‘ones’. fie
do this is to browse the secondary sources or the lit- When forming1 the research hypotheses, the
erature on a given topic very closely. Always check client failed to anticipate this potental pitfall. The pr
to see if other researchers have standardised a client essentially wasted significant amounts of time an
research process. This would certainly inform a and was forced to redesign the project. This simple
researcher of whether a given hypothesis is statisti- mistake was due to a failure to research the defini-
cally testable. Even if a researcher ventures into a tions for different types of data (ie numerical, nom- W
totally new research area, secondary resources in inal and ordinal). re
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The lesson is that details are important. The def-
initions of data are usually listed in the first chapter
of basic statistics textbooks. However, novice
researchers fear statistics and spend valuable time
trying to understand complex formulas such as the
regression equation. Today, we have statistics pro-
grams to work out the formulae. As a novice statis-
tician, it is better to spend time getting to know
small details such as data definitions so that mis-
takes can be avoided when it comes to performing
complex analysis. Make sure that you do not jump
into design without first fully understanding what
method is appropriate for your type of research.

Understand power statistics

Researchers must employ advanced knowledge of
‘power statistics’ to calculate the size of a sample
necessary to represent some phenomenon occur-
ring in the population. Power analysis, such as sam-
ple size selection, should occur before the data is
collected. This ensures that a sample size is adequate
enough to prevent type II errors. Type II errors
occur when the researcher fails to reject a false null
hypothesis. Remember, a null hypothesis states that
some prediction is wrong. For example, there is no
statistically significant difference between middle
versus high income and school achievement.

Once you get methodology down to an art form
the real fun begins. Database development involves
coding variables or representing variables in
numeric form. Database development is a vital proj-
ect task that is sometimes neglected. Software now
exists in a variety of formats such as SPSS, SAS,
Excel, Access, ASCII, Minitab and numerous other
database packages to manage and analyse data.
However, misuses and disadvantages of these pro-
grams tend to crop up. Researchers sometimes use
them hoping that the results cannot be verified by
people. If experiments cannot be repeated or veri-
fied, the data is essentially useless.

Check data beforehand, follow proper database
procedures for inputting data and investigate
ambiguous findings.

With the advent of advanced statistical programs,
researchers can employ descriptive analysis.

Descriptive analysis is used to describe the data in
numerical, tabular or graphical formats. It involves
calculating averages, such as average yearly temper-
ature, average daily stock trades, average income
etc. These averages are then reported to show where
the data is clustering. However, descriptive tech-
niques can be ambiguous. For example, many mar-
ket research firms like to manipulate circle and bar
graphs and for retail purposes, this can be a useful
tactic. It is also very easy to accidentally include

Types of analysis

Kruskal-Wallis

Where the homogeneity of variances is violated with a tradi-
tional analysis of variance between groups (ANOVA),
researchers turn to non-parametric tests to further rule out

the possibility of significant differences between more than

two groups. The Kruskal-Wallis test measures statistically
icant differences for multivariate data

Mann Whitney

Where the homogeneity of variances is violated with tradi-
tional t-testing, researchers use non-parametric tests to fur-
ther rule out the possibility of significant differences between
two groups (bivariate data). This test relies on median com
parisons rather than mean comparisons to explore possible

differences when the data is not normally distributed.

t-test

The t-statistic estimates association between variables. For
example, it is used to examine statistically significant differ
ences between two groups (bivariate data), such as the way
males versus females might rate a given item question.

Parametric and non-parametric hypothesis testing
Parametric testing is used to examine association between
two or more variables when the data is normally distributed.
MNon-parametric testing is employed to explore association
between variables that are not normally distributed.

ANOVA

ANCVA, is similar to t-testing and permits analysts to decide
whether to reject a null hypothesis. It is used to examine sta
tistically significant differences between more than two groups
(rmultivariate data).

size effect

Measures of association only tell the researcher whether a dif
ference exists.Where a significance difference shows up, the
researcher needs to calculate the size effect in order to exam-
ine whether the difference is small or large.
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