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4. Statistics for Researchers

‘The goal of this programme is to strengthen your ability to use statistics when conducting your research work. It
teaches how to plan and execute a strategy for data analysis which explores and answers specific example
research questions.

This programme is also deliberately designed so that the key statistical skills leamed here are transferable to
other areas for use in your subsequent career.

e vlop

https://www.ucc.ie/en/hr/research/devhub/elearning/
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Statistics for Researchers Workshop

Suit of 7 Modules

1. Getting Started

2. Thinking Statistically Describing Data Well

4. Statistics for Researchers
3. Thinking Statistically Making Good Generalisations

The goal of this programme is to strengthen your ability to use statistics when conducting your research work. It

and Teachi

The American Mathematical Monthly, Vol. 104, No. 9. (Nov., 1997), pp. 801-823.

g

George W. Cobb and David S. Moore

4. Which Hypothesis Test Should | Use
5. Statistical Modelling
6. Analysis of Categorical Data

7. Conclusion Putting Your Skills into Practice

teaches how to plan and execute a strategy for data analysis which explores and answers specific example
research questions

This programme is also deliberately designed so that the key statistical skills learned here are transferable to
other areas for use in your subsequent career.

o

V4

Strengthen your ability to use statistics

L<

Teaches how to plan and execute a strategy for data analysis
Programme is designed so that statistical skills learned are transferable to other areas
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1.1. The role of context. The focus on variability naturally gives statistics a particu-
lar content that sets it apart from mathematics itself and from other mathematical
sciences, but there is more than just content that distinguishes statistical thinking
from mathematics. Statistics requires a different kind of thinking, because data are
\ not just numbers, they are numbers with a context.

: AN OVERVIEW OF THINKING.

is a methodological discipline. It exists not for itsclf but rather 1o offer| 3L
fields of study a coherent set of ideas and t0ols for dealing with data. The
such a discipline arises from the omnipresence of variabiliy. Tndivid
Repeated measurements on the same individual vary. In some circumsta
want to find unusual individuals in an overwhelming mass of data. In ot
focus is on the variation of measurements. In yet others, we want 10
systemati effects against the background noisc of individual variation.

provides means for dealing with data that take into account the omniprescnce of
variability.

How does statistical thinking differ from mathematical thinking? What
of mathematics in statistics? If you purge statistics of its mathematical
‘what intellectual substance remains?

Tn what follows, we offer some answers to these questions and relate
sequence of examples that provide an overview of current statistical
Along the way, and especially toward the end, we point to some impli
the teaching of statstics.

1.1, The role of context. The focus on variability naturally gives statistics a particu-
lar content that sets it apart from mathematics tself and from other mathematical
sciences, but there is more than just content that distinguishes statistical thinking
from mathematics. Statistics requires a different kind of thinking, because data are
not just numbers, they are mumbers with a contest
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Big Idea Data Analysis Conclusions

C‘a Statistics is about common sense and good design \

A well-designed study, poorly analysed, can be rescued by a

\
e MK reanalysis but a poorly designed study is beyond the redemption of |
[ISTICS even sophisticated statistical manipulation. Many experimenters

@
®

consult the medical statistician only at the end of the study when the
data have been collected. They believe that the job of the statistician

=

is simply to analyse the data, and with powerful computers available,

even complex studies with many variables can be easily processed.

- | @
However, analysis is only part of a statistician’s job, and calculation Research question \ /

of the final ‘p-value’ a minor one at that!

ENVIRONMENTAL

A far more important task for the medical statistician is to ensure that What types of data to collect? —
results are comparable and generalisable. How much data to gather? Stat‘SF‘C?l Tools
How to collect the data? Descriptive
/' Inferential
VWILEY : i Experimental/Study Design - obtaining data
Descriptive statistics - exploring, summarising and presenting data
Statistical inference - assessing uncertainties and drawing conclusions
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. — : - Data
Big Idea ¢ Descriptive questions Types
< Study designed to describe what . . . 2 ! <
\ is going on or what exists Negotiation in Evl based icot? g .
i + Do not usually involve Lok . Kioda an Joan . Bartt 2 Qualitative/Categorical Quantitative/Numeric
experimental manipulation g @
. . Amract: Objetive: This 1 s the dife cton formlation stractures proposed i the licramee =]
+ Difference questions S o condcan o s e 4nd G g adat d i & ) ) . .
q e iy of e Nominal Ordinal Discrete Continuous
< s there a difference? s i e of e ==
< Comparison between groups on a — o e i, oy s e oaran
. e L I ey T e 1 B e b
Research question dependent variable B iy ot oyt i i G N o st v bk st e
s ey e, e e
. : . e ot ks, ot e ol T ok on qeton oDl
¢ Relationship questions e e o ey e
: i i ey e L GRS ey What types of data to collect?
Ask a question-clearly # Study is designed to look at the e iy by o Qoo B o T e S s e How much data to sather? Classify members Classify members Counting; Measuring;
d relationship between two or T it s o o e il opevedel s gt rahr i sal S : . . X .
state ) e e componcts T ks e e How to collect the data? into categories; into categories; Record numbers; Record numbers;
more variables Asking a question o otk o s, of ot el W ? . 3 A :
Relationship between two or Tt ot e pton s s B o 1 G, Record categories; Record categories; Integer values; Any value in a given
more variables - difference :m:ﬂ‘dlz‘ﬁrgﬁmgxmwjz T rm‘;m%”:;ﬁ‘?“ N.° order or i O'rder but no ) Order a_nd distance |interval; )
and relationship questions B I R Dt e qon (1) B o b 4 distance properties; | distance properties; | properties; Order and distance
‘sions of information needs that have been given much  yet. The second level of question (Q2) is an acknowledged 1 1 il 1 1 .
Measurable - capable of el o e s B e il s st i o - - E.g. marital status, | E.g. education level, | E.g. Family size, cell | properties;
i p v v Experimental/Study Design - residence severity level count E.g. Age, BMI
empirical testing e L i e L R btaining dat
PR—— oo Ko, o obtaining data
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Independent samples

¢ Uncorrelated samples

< Two or more unrelated samples
of items

& Two or more distinct groups
& No matching of cases

& “Between-subjects” factor
& Examples

< First years versus third years

< Two groups of animals given
different diets
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Dependent samples

& Observations are correlated

% Two or more related samples of
items

& “Within-subjects” factor
% Measurements for each item:
Two: paired data;
Multiple: repeated measures
& Examples

< Before and after experiments

88358555

£5388385

% Matched pairs
% Twins
Kathleen O’Sullivan, Statistics, School of Mathematical Sciences, UCC; UCC Post Doc Development Hub; Sept 10, 2021 9

Analysis

Statistical Tools

Descriptive
Inferential

~

Descriptive statistics - exploring,
summarising and presenting data
Statistical inference - assessing
uncertainties and drawing conclusions

& What is your hypothesis or research question?
& How many variables?

& Is the data nominal, ordinal or numeric ?

¢ How many groups?

& Are the groups independent?

& s the data distribution Normal?
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Data distribution

Normal distribution?

* 6 6 o o

Bell-shaped

Uni-modal

Symmetric

Asymptotic to the x-axis

Defined by two parameters p
and o

p=centre and oc=spread
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Descriptive statistic, graphical display or statistical (parametric) test

& What is its name?

¢ What will it tell you?

& What are its requirements? - data type, number of groups

Statistical test

& What are its underlying assumptions?

& What is the alternative nonparametric test?
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& Parametric tests

¢ Nonparametric tests

< Assumption that data are Normally %
distributed >
< Numeric data - compute means and £

standard deviations
» No extreme scores

< Assumption of homogeneity of variance K
(ANOVA)

< Robust for large samples K

< Check associated assumptions s

<+ More powerful than non-parametric

procedures
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Distribution-free
Ranks

Assumptions behind parametric tests are

invalid
Ordinal variable

Values are “off the scale” that is, too high

or low

Usually used with small samples

Statistical significance is more difficult to

reach
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Descriptor

What will it tell me?

Requirements

Numerical Summaries

Mean and standard

Provides a measure of centrality and

Numeric variable;

interquartile range

deviation or spread Symmetric distribution
standard error
Median and Provides a measure of centrality and | Numeric variable;

spread

Skewed distributions

Range

Provides a measure of spread

Numeric variable

Proportion

Provides the rate for a specific
characteristic

Categorical variable;
Grouped numeric variable

Frequency table

Details the number and % in each
category (group)

Categorical variable;
Grouped numeric variable

Kathleen O’Sullivan, Statistics, School of Mathematical Sciences, UCC; UCC Post Doc Development Hub; Sept 10, 2021
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Descriptor What will it tell me? Requirements
Graphical Display
Histogram Describes the distribution of the Numeric variable
data
Box plot Describes centrality and spread of | Numeric variable
data;
Identifies potential outliers
(modified box plot)
Bar chart Graphical display of frequency Categorical variable;
table Grouped numeric variable
Scatter plot Gives a 2-D plot Numeric variables

Kathleen O’Sullivan, Statistics, School of Mathematical Sciences, UCC; UCC Post Doc Development Hub; Sept 10, 2021
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Mean=Median
Median  Mean
Symmetric .
Positively skewed
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Negatively skewed
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Lower adjacent value

Observation > Q;-(1.5xIQR)

Upper adjacent value

Observation < Q;+(1.5xIQR)

Outliers are extreme

values that fall far

below or above the bulk

of the data
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Comparing

Parametric | What will it Requirements Assumptions | Non-
test tell me? parametric
equivalent
Independent | Isthere a Numeric variable; Normality; Mann-Whitney U
two-samplet | difference wo groups to be Data within test/
test between two compared; each group are | Wilcoxon rank
means? Groups are Normally sum test
independent; distributed
Independent
observations within
groups
Paired t test Is the mean Numeric variable; Normality; Sign test/
difference zero? | Two matched samples | Paired Wilcoxon
or paired samples differences are | matched-pairs
(dependent groups); Normally signed rank test
Independent distributed
observations within
group
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Comparing

Parametric | What will it Requirements Assumptions | Non-
test tell me? parametric
equivalent
One-way Isthere a Numeric variable; Checks focuson | Kruskal-Wallis
analysis of difference Three or more residual test
variance among three or | groups to be diagnostics:
(ANOVA) more means? compared; Normality;
Independent Homogeneity
[ ;roués- of variance

Independent
observations within
groups
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Comparing

[F‘ost-hoc test]

What will it tell me?

Requirements

onferroni tes: Where did differences | Following ANOVA where
occuramong means? | the F test was significant
Tukey’s test Where did differences | Following ANOVA where
occur among means? the F test was significant
Dunnett’s test Do the other groups Following ANOVA where
differ to the control the F test was significant

group?
Scheffé’s test Where did differences | Following ANOVA where

occuramong means?

the F test was significant

Fisher’s Least
Significant Difference

Where did differences
occur among means?

Following ANOVA where
the F test was significant
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Proportions
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Non-parametric test

What will it tell me?

Requirements

Assumptions

Chi-squareltest
2 x 2 table)

Is there a difference between two
proportions?

Categorical variables;

Independent groups

Expected cell frequencies = 5

Yates's continuity corrected
Chi-square test
(2 x 2 table)

Is there a difference between two
proportions?

Categorical variables;
Independent groups

Improves the approximation
provided by the Chi-square test

Fisher’s Exact test (2 x 2 table)

Is there a difference between two
proportions?

Categorical variables;
Independent groups

Expected cell frequencies < 5

Chi-square test
(2 xrtable)

Is there a difference between three or more

proportions?

Categorical variables;
Independent groups

Expected cell frequencies = 1

McNemar's test

Avre the proportions from two matched
samples (a paired sample) the same?

Cateqorical variables;
Two matched samples o
paired samples

l Cochran’s Q test

Are the proportions from three or more

matched samples the same?

Cateqorical variables;
Three or more matched
samples

Measures of

Non-parametric
test

What will it tell me?

Requirements

Assumptions

Chi-squarﬁtestof
independence

Is there an association
between two
categorical variables?

Categorical]variables

Expected cell
frequencies must be
approx. 1

Parametric What will it tell Requirements Non-parametric
measure me? measure

Pearson'4 correlation || What is the strength of | | Numeric variable Spearman’s rank
coefficient the linear relationshi Linearity correlation coefficient

between two
variables?

Kathleen O’Sullivan, Statistics, School of Mathematical Sciences, UCC; UCC Post Doc Development Hub; Sept 10, 2021
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Linear || PUBLIC HEALTHTHEN AND NOW
Associations
STATISTICALI .
Parametric What will it | Requirements Assumptions | gpeakmg
tell me?
Simple linear Can | predict | | Continuous Independent observations; Multivariate or ultivariable Regression?
regression one variable | | dependent variable |/Linearity; s mw;m =
analysis based on Checks focus on residual Tmatoman o
another? diagnostics:
Normality; S
Homoscedasticity e e
Multiple Can |l predict | Continuous Independent observations; e i sy ok S 1 iy
(multivariable) | one variable | dependent variable; | Linearity; 1 M‘m
linear based on Categorical/numeric | Checks focus on residual -~ e
regression others? al independent diagnostics: s s vl el o o e e
variables Normality; e e B

Homoscedasticity

e ———

Vi e v assod. o mulivariat, o prooricelhaart
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Term

What will it tell me?

Diagnostic

“Diagnostic” refers to studying whether a particular model is appropriate
for the data.

| Residual

“Residuals” of the model represent the difference between what we
observed and what we would predict based on the model. Leta
particular observation be denoted by y; and our predicted value of this
observation be denoted by V, (the “*hat” symbol will always be used to
denote an estimated value). Then the it residual is given by y;- J; .

Outliers

The occurrence of a particular large residual indicates the presence of an
“outlier”. That is, an extreme data point for which the model does not fit
the data well. The possibility that this point represents a mistake (e.g. in
either the measurement, recording, or retrieving of the data) should be
considered. If there is a strong possibility of an error, the observation
should be discarded. Inregression, the difficulty with extreme
observations is that they tend to pull the regression line
disproportionately off course, leading to poor estimation for the bulk of
the data.
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Assumption Method | What will it tell me? Explanation
Linearity Scatter Is the relationship Plot of the response variable (DV)
plot between the two numeric | against the predictor variable (IV)

variables linear?

would indicate if a linear model is
appropriate for describing the

relationship. A transformation may be
useful if the scatter plot indicates that
a non-linear relationship exists.
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Assumption | Method

What will it tell me? Explanation

Normality

Histogram

Is the Normality assumption valid? | The histogram should be fairly
symmetric and bell shaped. If the
Normality assumption is violated a
transformation of the data may be
used to remedy the problem. For
example, replacing the outcome y
with the logarithm of y may be
helpful.

Normality

Normal probability plot

Is the Normality assumption valid? | It plots the sample versus the values
we would get, on the average, if the
sample came from a Normal
distribution. This plot is
approximately a straight line if the
sample is from a Normal
distribution.

Normality

Kolmogorov-Smirnov
test;
Shapiro-Wilks test

Is the Normality assumption valid? | Formal tests for testing if the data
are Normally distributed;

These tests should provide
nonsignificant results (P > 0.05)
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Assumption

Method

What will it tell me?

Explanation

Homogeneity of
variance (HOV)

Box plots

Is the HOV assumption
valid?
(ANOVA)

Boxes should be roughly
similar in size

Homogeneity of
variance (HOV)

Levene's test

Is the HOV assumption
valid?
(ANOVA)

Formal test for testing if
variances differ;

Test should provide
nonsignificant result
(P>o0.05)

Homogeneity of
variance (HOV)/
Homoscedasticity

Plot of residual against
predicted values or
independent variable

Is the HOV assumption
valid? (ANOVA)

Is the homoscedasticity
assumption valid?
(Regression model)

Points should be
scattered around the x-
axis with no trends and
no variation in the extent
of the scatter
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Focus on: Contemporary Methods in Biostatistics (1)
Regression Modeling Strategies
Eduardo Ndfez*** Ewout W. Steyerberg,® and Julio Ninez*

=servcio de Cardiologi, Hosptal Cinko Universierio, NCLIVA, Universir de Valencia, Spein

Sith 81 Dt 2018532
tpa/idiorg/ 101186140537 91601436

Step away from stepwise

© Journal of Big Data

of Pullic Heath, s im The Nethertands GarySith'®
e histary: ABSTRACT
vl oaline 6 May 2011 minepomanias Abstract
“models are widely used in health sdence research, mainly for two purposes RonanaColege 5N Background:
o
ot " model
Overtirin model: a) use the right statistical method that matches the structure of the data: b) ensure an e Fndings:
mlmhsnfﬂlm per variable St gl ok b g ket oF S btk 0 bl o i o
aba
»
Disciminaion seecion procedures (such 2 sicpwise) ad o) s xzsﬁ\z\xrhmzmndr}uﬁl\zlmﬁl in et
I resources allow, ¥
e Condlusion:
2011 Sociedad Expafiols de Cirdialogis. Publizhad by Els v Exparia, SL Al righes reserved. -
viseregression

Statistically Speaking

ds: Stepwis regression, Data mining, 8ig Data

Multivariate Regression: The Pitfalls of Automated

Variable Selection
Kristin L. Sainani, PhD

Medical researchers commonly use automatic model sdection procedures (including for-
ward, backward, and stepwise selection) (© build mulivasate regression models. These
algorithms neatly sift through a ple of potental predicior variables to come up with a

gle, compact model. Thr popularity is understandable. They are readily avaikible in
statstcal analysis packages, trivial to implement, educe the wark of model building to the
lkof s o, b el of vy, md o i seingy cxcong wulm

statstical problems. This el v e e, prokdes ¢ ghaple commepl that
illustrates how badly these methods can midead, and suggests akernative approaches to

Kathleen O’Sullivan, Statistics, School of Mathematical Sciences, UCC; UCC Post Doc Development Hub; Sept 10, 2021

@

28

A, e

Influential Observations, High Leverage

Points, and Outliers in Linear Regression

Samprit Chatterjee and Ali S. Hadi

Abstract. A bewilderingly large number of statistical quantities have been
proposed 1o study outliers and influence of individual observations in

icle we describe
exist among i proposed measures. An examination of these relationships.
feads s (o conchude dhat only three of theet measares alons
eraphicl displays can provide an analyst a complete picture of outlers
(major di and points the fitted
based on real data are pr
Ke Infl I el disgnosties,
residuals.
/r"\ JIST 2017, 22 (1): 61.65 ©10ST, Tribhuvan University
ISSN: 24699062 (), 2467-9240 (&) Research Aricle

DEALING WITH OUTLIERS AND INFLUENTIAL POINTS
‘WHILE FITTING REGRESSION

Chuda Prasad Dhakal
Tribhuowan University, Instinute of Agriculnure and Animal Sciences (IAAS), Rampur, Chinwan, Nepal
Corresponding E-mail: chuda studies@gmail.com

ABSTRACT
Dealing with outliers and inflvential points while fitting regression is recognizing them. identifying the
to the fited.
regression model. In this paper, before considering elimination of outlers and the influential poiats whille
fiting a regression. as they contain important information. issues why unusual observations (possible
i) Sppea 0 e £ e 1 Sty (i o ekt I e e gl Gt b o
discussed thoroughly. And, when detected as outliers and influential poiats, to investigate and eliminate
were carefully employed to optimize a niltple segression model for rice production forecasting in Nepal

setes s, ollected om Mty of Agiulee
2 Coopertives, Foud and Agicwe Orgaion Stisics Database, Itetoal Rice

p:m:mhmvsl.mﬂlpopdzﬁmnﬂmhnvsm

‘Where’s Waldo? Visualizing Collinearity Diagnostics

Michael FRIENDLY and Emest KWAN

Collincarity diagnostics are widely used, but the typical

tabular output used in almost all software makes it hard to tell

‘what 0 look for and how to understand the results. We describe
ph

rendition of the salient information as a “tableplot,” and
graphic displays designed to make the information in these
diagrostic methods more readily understandable. In addition,

pr
to collinearity through a *“collinearity biplot.” which s simul-
amcausly a biplot o the smallst dimensions of the corclaton

Later, David Belsley wrote “A Guide o Using the Col-
Eomiy Dl (iley 199, wiics mensd o
promise a solution for visualizing these diagnostics. For con-
e, it  worth quoting he sbsrct i al

The description of the collinearity diagnostics as
presented in Belsley, Kuh, and Welsch's, Regression
Diagnostics: Identifying Influential Data and Sources
of Collinearity, is principally formal, leaving it to
the user to implement the disgnostics and leam to
digest and interpret the diagnostic results. This paper
is designed o overcome this shortcoming by describ-
i ical dis beusedto

marix ictors, Ry, and the
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Peesent the. dinemotic information and. more imnar-

STATISTICAL CORNER

What You See May Not Be What You Get: A Brief, Nontechnical Introduction
to Overfitting In Regression-Type Models
MicigL. A BAsvax, PiD

survival anslyss, are

bjective:
o quetions i prycbesmnaic esarch, My o s s g, Foweer, apparenly fi o apprcite fulythe

S o s oM oy it B Al 7 Tl T bl s § ot
nd ying lovel The

a data se, ther i an upper imit {0 the complity of the model tha can be derived with any acceptable degroe of uncertandy.

iyl el fou o the Tl of compie siion s st o denonste s prctial e

Guenes o overfiting wi

models. The dil

isalso discussed. of

correct for complexity, including shrinksge and pemalization, also are introduced. Key words: satsical models regression,

REVIEW ARTIGLE

Linear Regression Analysis

Part 14 of a Series on Evaluation of Scientific Pubiications

by Astrid Schneider, Gerhard Hommel, and Maria Blettner

v The
y-intersect a = ~133.18 is the value of the dependent
variable when X =0, but X cannot possibly take on

a persan
13 lRlﬂ.lugnm) Thertore. mepeationof e con-

egory
“The coeffcient of determination. 7, i 2 measure

of how well the regression model describes the ob-

served data (Box 2). In univariable regression analy-

sis, £ is simply the square of Pearson’s comelation
fricient.

L. cnly values within
e of Stion o e penins o
s Shold b wed 1 3 Hiear reesion model
prediction of the value of the dependent varible be.
comes incresingly maccunte the furher one goes
outside this range.
The regression coefficient of 1.16 means that, in
s model a person’s weight increases by 116 kg

scribed above, the coefficient of determination for the
relationship between height and weight is 0.785. This
‘means that 78.5% of the variance in weight i due o
beight. The remaining 21.5% is due to individual
variation and might be explained by other factors that
were not taken info account in the analysis, such as
eating habits, exercise, sex, or age.

Dacts et ol | Dich Azl 2010, 1074 522

selection, prtesting of

Correlation and Regression

Sybil L. Crawford, PhD

Alternatives to Least-Squares Estimation
leastsquares regresi used, in pant
because of it case of computation and also because it has
desirable properies when the assumpiions are met” Because
the regression line is cstimated by minimizing the squared
residuals, however, outlying values can exer a relatively
large impact on the estimated lne. With the advent of
computers,altemative methods have becn developed that are
computationally more demanding but are more robust to
outies. Some techniques reduce the influence of outlirs by
replacing squared residuals with other funcions of the resid.
uals or minimizing the median of th squared residual raher
than the sum (e Roussceuw and Leroy?. Other approaches
are nonparametric, such as Tukey's resistant lines® or Theil's

0 the setting with multple predictor variables, however.

Additional Considerations and Cautions
Extrapolation

Even when an estimal ion line provides  good fit to
the observed dala, it is important not to extrapolate beyond
the range of the sample, because the estimated line may not
be approprite. For example, as seen in Figure 1A, estimaes
of Y from the regression line may be invalid for extreme X
values. Alteratively. the relation between X and Y may
become nonlincar outside the range of the sample.

Study Design and Interpretation of Estimates
Estimates of corelation and &* depend not only on the
‘magnitude of the underlying true association but also on the
variabilty of the data included in the samele (sce Weisberg?).
In the preceding hs-CRP and BMI example. the estimated
Pearson correlation of log hs-CRP and log BMI in the full
sample is 0.62. If we restict the sample 1o the middle 2

@
log BMI from 023 to 0.08. the corresponding estimated
correltion is 031, an underestimate. Conversely, if we
include only women in the top and bottom log BMI quartiles
(which yields an SD of log BMI of 031); the estimated
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Categorical Versus Continuous Variables
bl s coninous, reaing i w ¢ coninons

Vaable typically et moee aormation thn colapsing
pegorical varble I some cuss, howenr,

the ltr v may be prfersble. Comider e exunple of

ohol consumption. In some populations, 4

large e wih o consompion,whic st rze
ket e vl :hence there may be o svghtoraard

lincar regression. Here, it may be more useful to categorize:
alcohol consumption as an ordinal variabe, eg. 7ero con-
sumption and quaries of nonzero consumplion, and to use
ANOVA e than st sgrssion. As st cxample.

. A difference of 1 year often has.
et mpact depending on hete e chaeacepoi
is. say, 11 years compared with 13 years. In this case, a
oo ool vy prods o bt i 1 e
data. Moreover,categorized variables may be more interpret-
able i clinical setings.’®

Confounding

Iy a single predi
variable of interest. The association between X and Y.
however, may be duc in part o the conlribution of additional
variables that are related to both X and Y, ie, confounding
variables. For example, the estimated association between
BMI and hs-CRP may be duc in part o age, because both
BMI and hs-CRP are themselves posiively relted to age.

adjust for these confounding factors can be estimated. Re-
wing to the hs-CRP and BMI example, a partal (age-
adjusted) comelation between hs-CRP and BMI can be
computed: for the Pearson correlation. this is done by
regressing hs-CRP on age, regressing BMI on age. and
‘computing the Pearson correlation of the 2 sets of residuals,
ie. the component of hs-CRP that is unrelated to age and the
component of BMI that i unrelated (o age. Slm-hﬂy a
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¢ Multiple Comparisons

< A one-way ANOVA indicates significant differences between groups
< Perform pairwise tests to locate where the difference lies

¢ Multiplicity of testing

< Probability of obtaining at least one
significant finding by chance increases
with the number of tests performed

* 1-(1-a)k, k tests

4 Bonferroni correction

< Adjusts the o level or P-value
< a/k; k tests

Statistics
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Abstrace

Common pitfalls in statistical analysis:
The perils of multiple testing
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‘This amplifies the probability of  false-positive finding. In this article, we look at the
explos

Key words: Biostatisi iplicity,
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P-value is the probability of obtaining a value of the test statistic at least as extreme
as the one computed from the sample data if the null hypothesis is true

5% level

& “If the probability of such an # NS p>0.05 no evidence against H,
event were sufficiently small - ‘non significant’
say 1 chance in 20 - then one
might regard the results as
significant” (Fisher)

Standard Reporting

& *0.01<p<0.05 evidence against
H, ‘significant’

& **0.001<p<0.01 strong evidence
against H, ‘highly significant’

& No sharp boundary between
significant and non significant;
there is no practical difference
between 0.049 and 0.051

¢ *** p<0.001 very strong evidence
against H, ‘extremely significant’

& Increasing evidence as P

decreases
Kathleen O’Sullivan, Statistics, School of Mathematical Sciences, UCC; UCC Post Doc Development Hub; Sept 10, 2021

i  The Diff es
Statistical Significance, Effect Size,
and Practical Importance

Interpreting Si

¢ Statistical significance is a phrase that is
commonly used in hypothesis testing

Pawel Kalinowski, BBSc and Fiona Fidler, PhD

& Decision: Reject the null hypothesis (e.g. null
hypothesis no difference between the mean systolic
blood pressure for smokers and non-smokers) then
the results are said to be statistically significant

< Data support rejection of the null hypothesis
< Data are inconsistent with the null hypothesis

< Statistical significance says nothing about clinical
(practical) importance; it does not say that the
difference is important
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& We can estimate the size of any effect (e.g. difference between mean
systolic blood pressure for smokers and non-smokers) along with a 95%
confidence interval for our estimate

¢ This allows us to assess the practical or clinical importance, implications
of the effect of interest

& The use of confidence intervals facilitates the distinction between
statistical significance and practical/clinical significance
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& Range of values that is expected to
contain the true value

# Single numerical value
& Computed from the sample data

. . & Confidence intervals
& Estimate of the population parameter

< Computed from the sample data

% Certain certainty (confidence level) that

Examples it will contain the true value
< Sample mean is a point estimate of the

population mean

< Sample standard deviation is a point
estimate of the population standard
deviation

< Sample proportion is a point estimate of
the population proportion

& Confidence levels
< 90%, 95%, 99%,

< Symmetric, centred about the sample
statistic
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8 Important
£
g ..........................................................
g
a
Null hypothesis
(2) (®) (©) (d) (©)
Significant Not significant
Definitely Possibly Not Inconclusive True negative
important important important result
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& Drawing conclusions consider:
< Sampling technique
< Statistical power/Sample size
< Use of appropriate statistical methods
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& Provide a description of statistical methods used, under Statistical Analysis
¢ What aspects of statistical analyses conducted are important to present?

¢ How to tabulate the required results?

¢ What is the best chart to illustrate the results?

4 Most importantly anyone reading your report should be able to replicate
your study and statistical analysis

% Sufficient detail should be provided so that this can be achieved
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Clarify your research question(s)

Choose an appropriate sampling method

Consider sample size

Examine peer-reviewed literature for statistical analyses conducted

Describe your data; begin with descriptive analysis of your data

Ensure that the statistical analyses conducted address your research questions and are correct
Check assumptions underpinning statistical techniques

Provide statistical evidence

Discuss practical/clinical significance by assessing 95% Cl

Consider multiplicity of testing - can find significant results by chance

L 2R K 2R JER JER JER JEE JEE JER JER 4

Comment on any statistical or methodological limitations
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