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Logistic regression

Multiple parallel logistic regressions

Individuals Genetic markers Environmental variables





Nominal variable

• We use simple logistic regression when we 
have one nominal variable with two values 
(male/female, dead/alive, existing/non-
exsiting) and one measurement variable

• The nominal variable is the dependent 
variable, and the measurement variable is the 
independent variable 
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Probability

• Simple logistic regression is analogous to linear 
regression, except that the dependent variable is 
nominal, not a measurement

• One goal is to see whether the probability of 
getting a particular value of the nominal variable 
is associated with the measurement variable

• The other goal is to predict the probability of 
getting a particular value of the nominal variable, 
given the measurement variable 



Expected value

• In any regression, a key parameter is the 
conditional mean E(Y|x) (“the expected value 
of Y, given x”)

• This is the expected value of the Y variable 
given the value of the independent x variable 

• In a linear regression, this quantity is 
expressed as:  E(Y|x)= β0 + β1x

• This expression implies that E(Y|x) may take 
on any value between -∞ and +∞



Bernoulli distribution

• In the case of a binary variable the result of 
observations is either a «success» or a 
«failure» (1 or 0, Bernoulli distribution) 

• E(Y|x) is expressing a probability. The 
probability of success is p = P(Y=1)

• The probability of failure is P(Y=0) = 1-p 

• Whatever the value of x, the expected value 
will range between 0 and 1



Inadmissible values

• It is not possible to use standard linear regression 
to calculate a function expressing a relationship 
between a binomial dependent variable and a 
quantitative independent variable

• The first reason is that the predicted values will 
become greater than 1 and less than 0 when 
moving far enough on the x-axis (x ranges 
between - ∞ and + ∞) and such values are 
theoretically inadmissible



A range between 0 and 1
• Then one assumption of regression is that the 

variance of Y is constant across values of x what 
cannot be the case with a binary variable

• Finally, the error is not normally distributed as Y 
only takes «0» and «1» values

• We need to find a function that relates the 
independent variable x to the rolling mean of the 
bivariate dependent variable  P( ෠𝑌)

• … and which limits predicted values in a range 
between 0 and 1



Null hypothesis

• The null hypothesis is that the probability of a 
particular value of the nominal variable is not 
associated with the value of the measurement 
variable

• In other words, the curve describing the 
relationship between the measurement 
variable and the probability of the nominal 
variable has a slope of zero



Odds

• In our case, the Y variable is the probability for 
a maker to exist for given values of 
environmental variables

• This probability may take values from 0 to 1 

• The limited range of this probability would 
present problems if used directly in a linear 
regression

• So instead we use the odds 

= the likelihood that the event will take place 



Calculating odds

• The odds = 
𝑝

1−𝑝

• If the observed probability of marker M1 to be 
present is 0.6

• the odds of M1 is
0.6

(1 − 0.6)
= 1.5 

• This can be expressed as 
“1.5 to 1” odds for marker M1 to be present

ID M1 EnvVar

1 1 16

2 1 16

3 1 20

4 0 16

5 1 17

6 0 13

7 0 12

8 1 16

9 1 18

10 0 10



Natural log

• Odds = 

• Taking the natural log of the odds makes the 
variable more suitable for a regression, so the 
result of a logistic regression is an equation 
that looks like :

• ln
𝑝

(1−𝑝)
= x10  +

x10  +



Why natural log ?

• Let us consider a probability of 0.9 for the 
marker to exist

•
0.9

(1 − 0.9)
= 9, this is an odds of 9 to 1

• Now, the odds for the marker of not existing

•
0.1

(1 − 0.1)
= 0.11

• It should be the opposite odds, what the value 
of 0.11 does not express compared to 9



Properties of the natural logarithm

• This is where the properties of the natural 
logarithm are used, to express this asymmetry

• Indeed, ln(9) = 2.19 and ln(0.11) = -2.19

• It means that the ln odds for our marker to 
exist for a given value of x is exactly opposite 
to the ln odds of not existing



2.19

-2.19

1

0.11



Observations

• the natural logarithm is zero when x is 1

• when x is larger than 1, the natural logarithm 
curves up slowly

• when x is less than 1, the natural logarithm is 
less than 0, and decreases rapidly (vertical 
asymptote) as x approaches 0



Consequences

• if p = 0.5, the odds are 
0.5
0.5

= 1, 

and ln(1) = 0

• if p > 0.5, ln (
𝑝

1−𝑝
) is positive

• if p < 0.5, ln (
𝑝

1−𝑝
) is negative





Significance of the models

• The likelihood ratio (G) uses the difference between 
the probability of obtaining the observed results 
under the logistic model …

• … and the probability of obtaining the observed 
results in a model with no relationship between the 
independent and dependent variables
https://www.youtube.com/watch?v=Tn5y2i_MqQ8

• Wald test:

https://www.youtube.com/watch?v=TFKbyXAfr1M

https://www.youtube.com/watch?v=Tn5y2i_MqQ8
https://www.youtube.com/watch?v=TFKbyXAfr1M


Multiple comparisons

• The multiple comparisons or multiple testing 
problem occurs when one considers a set of 
statistical inferences simultaneously

• The more inferences are made, the more likely 
erroneous inferences are to occur. 

• If multiple hypotheses are tested, the chance 
of a rare event increases and the likelihood of 
incorrectly rejecting a null hypothesis 
increases (false positives)



Bonferroni

• The Bonferroni correction compensates for 
that increase by testing each individual
hypothesis at a significance level of α/m 

• Where α is the desired overall alpha level and 
m is the number of hypotheses

• E.g. if a trial is testing m = 20 hypotheses with
a desired α = 0.05, then the Bonferroni
correction would test each individual
hypothesis at α = 0.05 / 20 = 0.0025



False Discovery Rate (FDR)

• False discovery rate (FDR) is a method of 
addressing the rate of type I errors (false 
positives) in null hypothesis testing when 
conducting multiple comparisons

• FDR-controlling procedures provide less 
stringent control of Type I errors than 
Bonferroni



Q values

• Based on p-values

• The minimum false discovery rate at which the 
test may be significant

• FDR procedures by Benjamini, Hochberg, 
Storey and Tibshirani, and others…



Sambada

• Run Sambada from a shell

• E.g. Windows command console

• cmd in the start menu







Data format

• Sambada’s input consist of molecular and 
environmental data

• They can be provided as a single or two separate files

• Files may have any name and extension

• Each line provides information for an individual

• Each column contains an environmental variable or a 
binary molecular marker

• Information about data format and analysis

• Options are specified separately in the parameter file



Data organization

• The header line is optional
• The column separator is up to the user
• Sample names (identifiers) are optional,
• Some columns may be excluded from the analysis (for instance 

phenotypical information stored with the environmental data)
• If there is a single data file, environmental data must be provided in 

the first columns, and molecular data in the last ones
• Sample names and geographic coordinates are considered as 

environmental data
• If data is split between two files, samples must be in the same order 

in both files
• Missing data can be coded as any character string, for instance NaN 

or ?



Examples



Example



Parameter file

• The parameter file contains one line per 
parameter

• Parameters can be specified in any order

• Each line begins with the name of the current 
parameter followed by the values separated by 
spaces

• Some parameters are mandatory

• Any line beginning with a hash character (#) will 
be ignored



Parameter file for 
separate env and 
molecular data

Parameter file for 
a unique matrixc
with env and 
molecular data



Program launch

• The command changes slightly if there are two 
separated input files

– Sambada parameterFile envFile molecularFile
Sambada param.txt env-data.txt mol-data.txt

• Sambada is launched as follows if 
environmental and molecular data are stored 
in the same file

– Sambada parameterFile dataFile
Sambada param-combo.txt combo-data.txt



Note on program’s names

• The actual names of the compiled programs also contain 
the version number and the name of the target operating 
system

• When running the commands, please use the names of the 
programs found in the directory “Binaries”

• For instance:
• Sambada → Sambada-v0.5.3-Win64.exe

• Supervision → Supervision-v0.5.3-OSX

• RecodePLINK → RecodePlink-v0.5.3-Ubuntu

• Hint: Most terminal/console interpreters enable auto-
completion of names by hitting the “TAB” key.



Functions

• The first line shows the parameter name, 
whether it is mandatory, the list of possible 
values (or the expected type) and the default 
value. The paragraph is completed by a 
description of the option.



















Output

• Sambada produces several output files. To illustrate the naming 
scheme, let us assume that the molecular data file is named 
data.ext

• If the log is saved for future reference, the corresponding file is 
named data-log.ext

• For logistic regressions, there is one file for constant models, which 
are not sorted

• There is also one file per distinct number of parameters (univariate, 
bivariate, trivariate models and so on)

• In these files, models are sorted according to their Wald scores
• Results files are named as follows: constant models are saved in the 

file data-Out-0.ext, univariate models in the file data-Out-1.ext, 
bivariate models the file data-Out-2.ext, etc.



Constant models



Results for univariate models



Spatial autocorrelation results

• Results are stored separately for environmental 
data and molecular markers

• In each case, there are three output files
– The first one is named Data-AS-Env.ext (or Data-AS-

Mark.ext) and stores Moran’s I and local indicators of 
spatial association

– The second file is either named Data-AS-Env-Sim.ext
(or Data-AS-Mark-Sim.ext) and stores the simulated 
values of the global Moran’s I for each variable

– The third file is named Data-AS-Env-pVal.ext (or Data-
AS-Mark-pVal.ext) and stores the pseudo p-values for 
the permutations-based significance tests



List of possible errors



Soon: R-Sambada

The functions of the package include pre-processing, running of sambada and post-
processing.

Preprocessing
• Relying on the package SNPRelate it accepts various formats (plink bed, plink ped, 

vgf, gds). 
• According to user-defined thresholds the dataset is filtered for Minor Allele 

Frequency (MAF), Linkage Disiquilibrium (LD) and Missing Rate. 
• Pipeline to create an environmental dataset out of a file containing the sample 

location. The program will download climatic and altitudinal variables from global 
databases (wordclim, SRTM) choosing the required tiles according to the location 
of samples. 

• A csv file containing the ID of the sample, its location and the associated 
environmental variable is created. 

• The final “environmental file” is elaborated : redundant environmental variables 
are removed (according to a user-defined threshold). 

• Population structure is assessed using the PCA-based implementation in 
SNPRelate. Sambada deals with population variables in a similar way like 
environmental variables (independent, explanatory variables). 



R-Sambada

Running Sambada

• The C++ sambada code is included in the R 
package and invoked with an R function. 

• Supervision module is included to manage 
parallel processing (HPC) using the R-package 
Foreach and DoParallel. 



R-Sambada

Postprocessing

• q-values calculation based on Storey method and sorting out of 
models 

• manhattan plot of all environmental variables and list of the most 
significant markers. 

• connection to the ensemble database 
• Generation of geographic maps to show the distribution of the 

marker and associated environmental variables
• interactive interface to specify an environmental variables and a 

chromosome: opens a local web-browser displaying the manhattan
plot of the chosen region. The user can interactively click on a point, 
which will provide the name of the marker, its position and nearby 
genes. pvalue of the model marker x environmental variables is 
provided. 





804 individuals,

Illumina 50k beadchip, 41’215  SNPs

= 120’102 genotypes

23 Environmental variables:

- Worldclim

- DEM variables from SRTM

Example: Bos Taurus & Bos Indicus in Ouganda
FP7 NEXTGEN project



Results

2’699’510 models processed

Different significance thresolds
can be applied

With a bonferroni correction 
applied at α=0.01 : 

12’782 significant assocations Map of detected loci on chromosome 5

Examples of significant associations from univariate models in Sambada



Admixture

Maximum likelihood estimation of 
individual ancestries from SNP 
genotype datasets

User must define the estimated
number of populations (K)

Cross-validation procedure to 
estimate the best K

54K Data, 804 individuals, 4 populations

Group 1 (10ind.) Group 2 (334ind.)

Group 3 (438ind.) Group 4 (22ind.)

Maps of genetic cluster from Admixture



Compared analysis

BayEnv, LFMM, Sambada





Significance threshold

BayEnv provides a Bayes factor for each pair of SNP x environmental variable. No p value 
available. The empirical threshold (0.1%) is based on the 10th highest Bayes score among
10’000 of the neutral loci (method suggest by Graham Coop) .



Bayenv’s drawbacks

• Requires a defined population structure

• To assess associations between environmental 
variables and markers, a separate file has to 
be created for each SNP

• Computation time required is very long 

• Requires a defined set of neutral markers



Results Bayenv & Sambada





LFMM (LEA package)

• Expresses the genotype with a linear mixed 
model and includes latent factors 

• Latent factors represent the part of genetic 
variability that is not explained by the 
environment

• LFMM provides un z score and a p-value for 
each model 

• Easy to use and rather fast 





Results LFMM &  Sambada



AIC: LFMM & Sambada



Bivariate models with Sambada

Membership coefficients 
from Admixture are used
as co-variates

See details in
Stucki, S., Orozco-terWengel, P., Forester, B. R., Duruz, S., Colli, L., Masembe, C., … Joost, S. (2017). High performance 
computation of landscape genomic models including local indicators of spatial association. Molecular Ecology
Resources, 17(5), 1072–1089. 





Sambada and spatial autocorrelation

• Spatial autocorrelation indices to relativize
these many SNPs identified

• LISA = Local Indices of Spatial Association









Multivariate models with Sambada

• In the multivariate approach, several environmental variables can be used 
at the same time to model the presence of each genotype

• In this case, the selection procedure is similar to a forward stepwise 
regression (Dobson & Barnett 2008)

• Both G and Wald tests refer to a null model to build the null hypothesis. 
• The current model is compared to the constant model (the same as in the 

univariate case) using multivariate 2 statistics
• While rejecting the null hypothesis in this configuration would indicate 

that at least one parameter in the model is statistically significant, it would 
not provide information about which parameter is relevant to the model

• Therefore, SAMBADA assesses parameter significance in multivariate 
models with either a Wald test applied to each parameter separately 
(except the constant parameter) or with G tests excluding a parameter at a 
time: model selection is based on simpler models nested in the current 
one



Population structure

• Multivariate  models  allow  the  inclusion  of  preexisting 
knowledge, provided the data constitutes a continuous 
variable

• If population structure was analysed beforehand and can 
be represented as a coefficient of membership for each 
individual, this information can be included in the 
modelling

• For models involving both an environmental variable and 
this coefficient, the selection procedure will assess whether 
the environmental variable is associated with the genotype 
while taking into account the possible effect of admixture

• Like LFMM



Bivariate modelss

• The multivariate analysis to take population structure 
into account consists in bivariate models along with 
their corresponding univariate and constant models 

• To this end, a variable ‘population structure’ is defined 
by performing a principal component analysis (PCA) on 
the genetic data

• The univariate models involving the ‘population 
structure’ variable are used as ‘null models’

• They are used to assess the significance of bivariate 
models involving the ‘population structure’ variable + 
one environmental variable

• See pages 17-18 of the Sambada documentation






