
Assessing Variance Homogeneity

Recommendations:  

• Visualize data using scatterplots

• Use the Rule of Thumb: Variance Ratio             
(with 2 or more groups; compare largest / smallest)

VR = Largest variance / Smallest variance

If VR < 2, can assume homogeneity

• Levene’s Test OR Bartlett’s Test:

Significant = Variances are not equal

Non-Significant = Variances are equal



Use to determine which of the 
two variances is larger; not just 
whether they are the same. 

var.test(exam ~ uni, 
alternative= 'two.sided’, 
conf.level=.95, data=rexam)

F test to compare 2 variances 
data: exam by uni           F = 1.5217, 
num df = 49, denom df = 49, p = 0.1452

alternative h: ratio of variances not equal to 1 

95 % confidence interval:0.8635 - 2.681583 
sample estimate: ratio of variances 1.5217 

Variance Homogeneity- F Test



Two–sample F test, allows user 
to perform a directional or 
non-directional test, and to 
calculate a C.I. for the ratio
var.test(numeracy ~ uni, 
alternative= 'two.sided’, 
conf.level=.95, data=rexam)

F test to compare 2 variances 
data: numeracy by uni       F = 0.45281, 
num df = 49, denom df = 49, p-value = 0.006446 

alternative h: ratio of variances not equal to 1 
95 % confidence interval: 0.2569 - 0.7979 
sample estimate: ratio of variances 0.4528 

When To Use the F Test



Assessing Variance Homogeneity

Bartlett’s Test:   

The Bartlett's test is used to test if k samples have 
equal variances (homogeneity of variances). 

The Bartlett's test is sensitive to departures from 
normality. That is, if your samples come from non-
normal distributions, then a significant Bartlett's test 
may simply reflect the lack of normality (typeI error) 

Dixon, W. J. and Massey, F.J. (1969). Introduction to 
Statistical Analysis, McGraw-Hill, New York.



Variance Homogeneity –Bartlett’s Test

bartlett.test(exam ~ uni, data=rexam)

Bartlett test of homogeneity of variances 
data:   exam by uni Bartlett’s 
K-squared = 2.122, df = 1, p-value = 0.1452

Bartlett test of homogeneity of variances 
data: numeracy by uni Bartlett's K-squared = 
7.4206, df = 1, p-value = 0.006448

bartlett.test(numeracy ~ uni, data=rexam)



Assessing Variance Homogeneity

Levene’s Test:   

The Levene's test is used to test if k samples have equal 
variances (homogeneity of variances). 

The Levene’s test is less sensitive than the Bartlett’s 
test to departures from normality. If you have strong 
evidence that your data do in fact come from a normal, 
distribution, then Bartlett's test has more power.

Levene, H. (1960). In Contributions to Probability and 
Statistics: Essays in Honor of Harold Hotelling, I. Olkin 
et al. eds., Stanford University Press, pp. 278-292.



Variance Homogeneity - Test

Levene's Test for 
Homogeneity of Variance 
(center = median) 

Df   Fvalue  Pr(>F) 
group  1 2.0886 0.1516 

98 

Total Degrees 
of Freedom =  100 -1     
(N – 1) 

Exam                             Numeracy                  

Levene's Test for 
Homogeneity of Variance 
(center = median) 

Df Fvalue  Pr(>F) 
group 1  5.366  0.02262 *    

98 

--- Signif. codes: 
0 '***’ 
0.001 '**’ 
0.01 '*’ 
0.05 '.’ 



So, the Data are not Normal…              

Now What ? 

Transform …                       and Verify



Monotonic Data Transformations

Monotonic: Data values are changed but                               
value ranks are not changed 

Non-monotonic: Data values are changed and 

value ranks are also changed 

NOTE: non-monotonic transformations 
change the signal in the data.  Only use 
monotonic transformations, if possible.  



Logarithmic transformation fx = ln(x)   OR  log(x)

➢This transformation is useful when:
• High degree of variation within samples (e.g., Chl Conc.)
• Large outliers (tails) and lots of zeros

➢ Note: to log-transform data containing zeros, a 
small number should be added to all data points.

• With count data, add one, so that: fx = log(0+1) =0
• With density data, add constant smaller than smallest 

possible sample, so that: fx = log(0+0.001) = -3

Log Transformation

(x)                         f(x)



Log Transformation

Before After

Log Transformation (log(Xi)): Reduces positive skew



Monotonic Data Transformations

Power exponents:

½ power (square root)

Square root transform deals with positive 
skew, by bringing in large tails.
Special treatment of zeros not necessary.

(x)                         f(x)

MONOTONIC 

TRANSFORMATIONS



Square Root Transformation

Square Root Transformation (√Xi):
Reduces positive skew. Useful for stabilizing variance

Before After



Data Transformations – For Proportions
Arcsine / Arcsine-squareroot transformation 

➢This transformation is useful when dealing with 
proportional data (e.g., Percent Cover)

➢ Note: data must range between 0 and 1, inclusive. 

The constant 2 / pi scales the result of arcsin(x) [in 
radians] to range from 0 to 1, assuming that 0 < x < 1.



Non-monotonic Data Transformations

(x)                         f(x)

P / A

Note: 0 power transformation is NOT monotonic

It recodes data as Presence / Absence (0 / 1)

NONMONOTONIC 

TRANSFORMATIONS



Reciprocal Transformation

Before After

(1 / Xi):  Dividing 1 by each value reduces the impact 
of large scores. 

Beware:  This transformation is non-monotonic, 
because it reverses the scores.



So, the Data   
are not Normal…              
Now What ? 

Transform the 
Data to Fix the 

Problems…

in
Rcmdr

OR

in R  

Data
Manage variables in active data set

Compute New Variable



Numeracy: 

positive 
skew

Log (Numeracy): 
> Summary

Min: 1

Max = 14



Numeracy: 

skewness        skew.2SE 

0.93271513942  1.93204903727

kurtosis        kurt.2SE 
0.76349270501  0.79807966944

S-W test (p < 0.001)

Log (Numeracy):

skewness        skew.2SE 

0.401220988    -0.831099004

kurtosis        kurt.2SE 
-0.275254548   -0.287723848

S-W test (p = 0.003)



Take-home Lessons  

Data transformations are one of the most difficult 
issues in parametric statistics:

- Conflicting advice:  transform or not

- Conflicting results: various normality tests

Recommendation: 

Select one approach that provides multiple evidence 
and come up with criteria before starting analysis

Be as strict as you wish:  one or more criteria

But, if a test significant… cannot back-track 



• Parametric tests are more powerful, but are based          
on assumption of normally distributed data

• Determine normality criteria and undertake data 
transformations, if needed 

• If you are unsure, data transformations can always               
be attempted to compare the same test results,                  
using transformed  and un-transformed data

• Test normality before / after data transformations

• If transformations do not work… 
use non-parametric tests

Take-home Lessons  



To Transform or Not ?

• Tricky to achieve normality with small samples  
(often impossible when n < 20)

• Transforming data does not always work                        
(e.g., fix skew / kurtosis) 

• Transforming data affects hypothesis being tested

E.g. when using a log transformation and comparing 
means you are switching from comparing 
arithmetic means to comparing geometric means



Rules for Data Transformations

Most Important Rule:  Do not Reverse the Order of the 
Values (larger remains larger… smaller remains smaller)

Monotonic: change values but retain ranks

Non-monotonic: change values and ranks

(For example:  Add random number, Multiply by (-1) )

Summary



http://www.pelagicos.net/classes_biometry_fa18.htm

From Data Exploration to 
Statistical Modelling

( )
ii

errorModelOutcome +=



Reading - Field: Chapters 1 & 2

AIMS

• Understand what are statistical                
models and why we use them.

• Know what the ‘fit’ of a model 

is and why it is important.

• Understand how to quantify                              
the ‘fit’ and statistical                                  
significance of models.  



Modeling in the Research Process

Statistics



Step 1 – Generate Ideas 

• Observations (reading the literature,  going           
in the field, studying previous ecological 
theories, ...) help to generate hypotheses

• Predictions needed to test these hypotheses



Step 2 – Sample the Population

Sampling is needed to collect the data for 
comparing predictions with observations  

• Population: The collection of units (people, plants, ...) to              
which we want to generalize findings or statistical model

• Sample: A smaller (but representative) collection of           
units used to estimate parameters from that population 



Step 3 – Model Fitting

• Models are a simplified description or 
representation of a certain aspect of a                    
real process, phenomenon or object

• Model fitting balances the accuracy of                       
the model (how well predictions match 
observations) and the interpretation of                     
the results (simplicity of the model)

• This entails penalizing models with more 
parameters (more later on … in the class)



Measure the “Fit” of a Model

Fitting models to the data teaches us about 
patterns and mechanisms  (i.e. we use models to 
represent what is happening in the real world).

Model “Fit” quantifies the agreement between 
the model predictions and the observations. 

Different models make specific assumptions 
about the relationships between the different 
variables (e.g. linear vs non-linear regression) 
and the frequency distribution of the errors. 



Model “Fit” – A Simple Example

• The mean is a hypothetical central tendency 
value (i.e. it does not have to be a value that 
actually exists in the data set).

• As such, the mean is simple statistical model.

• It is not a perfect representation of the data.

• How well does the mean represent reality ?



The Mean - A Simple Example
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The mean is the value from 
which the sum of squares 
scores deviates the least.
It has the least error.

• Collect data (5 random samples): 1, 3, 4, 3, 2

• Add them up:

• Divide by number of scores, n:
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The Mean - A Simple Model

For Example: For our data: 1, 3, 4, 3, 2

( ) ii errorModelOutcome +=

( )

1

11

error6.21

errorOutcome

lecturer

lecturerlecturer X

+=

+=

6.1error 1 −=lecturer



Each Observation Has Error

• A deviation is the difference between        
the mean and an actual data point.

• Deviations are calculated by subtracting 
the mean from each observation:

xxi −= Deviation 

NOTE: More generically, deviations                          
are calculated between any model                   
predictions  and the observations.



Calculating the Deviations

Plot shows the 
difference 
between the 
observations 
(number of 
friends five 
lecturers have) 
and the model 
estimate  
(mean number 
of friends)

NOTE:  Deviations are  
positive or negative. 

MEAN



What is the Total Error?
• If we calculate the error between the  

mean and each observation and add them.

 =− 0)( XX
Score Mean Deviation

1 2.6 -1.6

2 2.6 -0.6

3 2.6 0.4

3 2.6 0.4

4 2.6 1.4

Total = 0

NOTE:  The sum of
all the deviations                              
always adds to “zero”



Statistical Modeling:                
Inference & Reliability

• We square each deviation because it  
does not matter if the observations               
are larger / smaller than the mean.  

• The larger the difference from the 
mean, the larger the total deviation.

• If we add these squared deviations we 
get the Sum of Squared Errors (SS).



Sum of Squares

NOTE:  Note the similarity between                       
the variance and the Sum of Squares 

 =−= 20.5)( 2XXSS

Score Mean Deviation
Squared 

Deviation

1 2.6 -1.6 2.56

2 2.6 -0.6 0.36

3 2.6 0.4 0.16

3 2.6 0.4 0.16

4 2.6 1.4 1.96

Total 5.20



Sum of Squares

• The sum of squares is a good measure                
of overall variability, but is dependent                
on the overall number of scores.  

• We calculate the average variability by 
dividing by the degrees of freedom (n -1).

• Remember: This  is called the variance (s 2)



Side Note: Degrees of Freedom

6.2=X
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Note: Because calculating the variance requires a mean …                 
once three values are free, the fifth observation is fixed.
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n = 5                                            df = 4 



So What Does this All Mean ?

Sum of Squares provides a robust measure           
to assess the deviation between observations 
(data) and predictions (model).  

Dividing the Sum of Squares by the Degrees 
of Freedom yields the Mean Square Error.  

The simplest example of the MS Error is the 
use of the variance to assess the fit of the 
observations to their mean.



Summary

We fit models to the data to learn about 
patterns and mechanisms.  Because there              
often are competing explanations for the               
data, we want to assess how well different 
models describe the observations. 

Model “Fit” quantifies the agreement between 
the model predictions and the observations.

We use Sum of Squares to assess deviation.

Mean Squares terms are Sum of Squares 
standardized by the degrees of Freedom.



Summary

Assessing model performance involves comparing  
proportion the total variance they explain  (R 2)

Statistical testing of models involves comparing 
the Mean Square ratio, F = MS Model / MS Error

This ratio balances the magnitude of the signal 
(variation described by the model) and the noise 
(unresolved variation inherent in the system)


