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Abstract
Background: The number of subjects that can be recruited in immunological studies and the
number of immunological parameters that can be measured has increased rapidly over the past
decade and is likely to continue to expand. Large and complex immunological datasets can now be
used to investigate complex scientific questions, but to make the most of the potential in such data
and to get the right answers sophisticated statistical approaches are necessary. Such approaches
are used in many other scientific disciplines, but immunological studies on the whole still use simple
statistical techniques for data analysis.
Results: The paper provides an overview of the range of statistical methods that can be used to
answer different immunological study questions. We discuss specific aspects of immunological
studies and give examples of typical scientific questions related to immunological data. We review
classical bivariate and multivariate statistical techniques (factor analysis, cluster analysis,
discriminant analysis) and more advanced methods aimed to explore causal relationships (path
analysis/structural equation modelling) and illustrate their application to immunological data. We
show the main features of each method, the type of study question they can answer, the type of
data they can be applied to, the assumptions required for each method and the software that can
be used.
Conclusion: This paper will help the immunologist to choose the correct statistical approach for
a particular research question.

Background
The understanding of the importance of immunological
mechanisms underlying human disease and the identification of associated immunological markers have grown
enormously over the past ten years and the number of
published immunological studies that investigate the rela-

tionships between human disease and cytokines and
other immunological parameters has increased rapidly.
Technical developments in sample processing and sophisticated immunological techniques permit the analysis of
more immunological parameters in larger samples of
human subjects, containing information that allows not
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only the measurement of simple associations between
two parameters but also the exploration of the complex
relationships between immunity, disease, environmental,
social and genetic factors. The potential complexity of the
possible relationships between large numbers of immunological parameters poses a special challenge for the
applied immunologist: how to select the appropriate statistical techniques to extract the maximum relevant information from complex datasets and avoid spurious
findings.
Immunologists tend to use simple statistical approaches
even when multiple relationships between immunological parameters are expected, [1,2] instead of multivariate
statistical approaches that can analyse simultaneously
multiple measurements on the same individual. Multivariate statistical analysis techniques are being widely
applied in other scientific fields and numerous books and
articles have been published that describe these techniques in detail. Unfortunately, this literature is not easily
accessible to the applied immunologist without a detailed
knowledge of statistics and few articles have been written
demonstrating the application of statistical techniques to
immunological data [3,4].
This paper provides an overview of statistical analysis
techniques that may be considered for the analysis of
immunological data. We discuss specific aspects of immunological studies, give examples of typical scientific questions related to immunological data and present a
statistical framework to help the immunologist to choose
the correct statistical approach for a particular research
questions. Although we have focused on cytokine data in
the examples provided, the methods presented are applicable to most other immunological parameters.

Specific aspects of immunological studies
relevant for statistical analysis
In the following section we discuss specific aspects of
immunological studies that are relevant for statistical
analysis.
Structure of immunological data
Before analysing immunological data it is very important
to examine the structure of the data because most statistical methods will only give the correct answer if the data
has the characteristics required for the use of that method
("satisfy the data assumptions"). For example, common
data assumptions are that the observations are approximately normally distributed or that the variances are similar across different subpopulations. Unfortunately,
immunological data very frequently do not meet these
assumptions and investigators are obliged to either apply
data transformations (e.g. a logarithmic transformation to
make skewed data approximately normally distributed),
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or to choose an alternative statistical techniques with less
stringent data assumptions (e.g. using a non-parametric
statistical approach that does not require the data to be
normally distributed [5] instead of a parametric statistical
technique that does). A further important aspect of immunological data is that different immunological parameters
measured in the same study subject are frequently highly
correlated ("multicollinearity"). Hence the application of
statistical techniques that assume independence among
the observations is often not valid and in such situations
a method should be used that takes into account the fact
that study variables may be the result of a common underlying biological mechanism. Examples of underlying biological mechanisms that can not be directly observed but
will influence that value of more than one immunological
variable are: "immune maturation," "down regulation" or
"Th2 shift."
Complexity of the relationships in immunological
parameters
Immunological parameters are often involved in complex
immunological mechanisms; and relationships between
immunological parameters may be changeable. For example, a specific parameter (e.g. a cytokine) may have different effects in different cell populations, at different times
and in the presence (or absence) of other immunological
parameters. We often aim to explain the complete causal
pathway from a non-immunological factor (e.g. exposure
to an allergen) to an outcome (e.g. atopy or asthma).
Clearly simple univariate statistical analysis would not be
able to identify such inter-relationships among several
study variables and the underlying immunological mechanisms that cannot be measured; multivariate statistical
techniques are required that can examine multiple parameters simultaneously. A fundamental step to guide statistical analysis is to make the hypothesis explicit in a
conceptual framework [6]. Conceptual frameworks present
the proposed inter-relationships among the study variables and define any larger underlying immunological
mechanisms assumed to influence their values. Conceptual frameworks should be detailed and explicit as they
are used to guide the analysis.

Two further important aspects of immunological data that
are not the focus of this paper but should be mentioned
are:
Reproducibility of the measurement of an immunological
parameter
Reproducibility reflects how often we obtain the same result
using the same laboratory test and sample. Some variation
is expected for any measurement and statistical analysis
must take into account the degree of variation. Although
reproducibility of immunologic measurements is well
defined for some immunological outcomes, particularly
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those used for diagnostic purposes, such as antibody levels associated with vaccine protection (e.g. levels >10 IU/
mL for anti-HBS for vaccine response to hepatitis B vaccine), and for phenotypic characterization (CD4 counts or
CD4/CD8 ratio for evaluation of immune status in HIV),
reproducibility is not well defined for most immunological parameters. This is independent of the separate but
important issue of repeatability between centres in multicentre studies that measure the same immunological
parameters in different laboratories or even the measurement of the same parameter between different studies.
Multiple testing
The problem of multiple testing is becoming increasingly
relevant in immunological studies as the number of
immunological parameters that can be measured
increases and investigators conduct a large number of statistical tests on the same study data [7]. A specific concern
in statistical analysis is to separate associations that occur
by chance (because of "random variation" or "noise")
from those reflecting true biological relationships ("systematic variation," often assumed to be a causal relationship). Most researchers use a statistical significance level
("type I error," for example P = 0.05) to decide whether
the result of an analysis is likely to be due to chance. Conducting multiple hypothesis testing may result in substantial inflation of type I errors (depending on the degree of
dependence between the tests). For example, if the value
p < 0.05 is used, conducting twenty independent significance tests within a data set is likely to result in one comparison being significant just by chance. There are
numerous multiple comparison procedures to adjust statistical analysis for type I error inflation, for example
simultaneous test procedures, such as the approaches by
Bonferroni, Tukey, Scheffé or Dunnet or more sophisticated step-wise procedures, such as the techniques by
Newman-Keuls or Ryan. A good overview about the most
important multiple comparison techniques is given by
Toothaker [8].

Research objectives of immunological studies
In this section we list typical research questions from
immunological studies.
Common objectives of immunological studies can be
grouped into four overall categories:
i) Those that investigate patterns of associations between several immunological parameters, without assuming any
causal relationship (and therefore not classifying study
variables as dependent variables (i.e. outcomes) and independent variables (i.e. explanatory variables or covariates).
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For example, typical research questions of such studies
are:
• To assess the magnitude of the correlation between different
cytokines or to quantify the balance between levels of
cytokine expression. For example, the research question
might be to measure the correlation between pro-inflammatory and anti-inflammatory cytokines (e.g. correlation
between TNF-α and IL-10) or to quantify the "balance"
between pro-inflammatory and anti-inflammatory
cytokines (e.g. by calculating the ratio TNF-α/IL-10).
• To identify highly correlated cytokines and to place them into
groups which reflect an unobserved underlying mechanism. For example, Th1-related immune responses such
as IFN-γ and TNF-α may mediate an inflammatory disease. Depending on the question being investigated, it
may be more appropriate to first use a statistical analysis
approach to "reduce the data", i.e., to aggregate the correlated Th1 related cytokines to form a "summarising variable" that reflects the underlying immunological
mechanism (e.g. "degree of Th1 immune response") and
use that summary variable in the analysis rather than
using all the variables with the original cytokine levels.
• To identify individuals with similar profiles of immunological
parameters and to place them into groups (so called "clusters"). For example, patients with a clinical outcome
might be defined as "atopics" or "non-atopics" based on
the values of skin prick tests; or subjects with a specific
infection may be classified into groups (eg, active,
chronic, or past) defined by the overall elevation in antibodies (e.g. IgE, IgA, IgM or IgG subclasses). However,
within the same group of patients, clusters with distinct or
overlapping profiles might be distinguishable and subsequent analyses might show associations between distinct
clusters and disease (or some other outcome).
ii) The second group of research objectives investigates
causal relationships between one or more immunological
parameters (e.g. different cytokines, or summary measures) and other study variables (e.g. an outcome such as
asthma). To guide the investigation of causation it is
important to have developed an a priori causal pathway
model. This will allow the appropriate definition of variables, i.e. defining which variables are dependent variables
(outcomes), intervening variables (mediating the effect)
or independent variables (exposures, confounding factors
and effect modifiers) and will determine the choice of statistical approach.
Possible research objectives for causality include:
• Identification of determinants of immunological profiles. The
objective may be to compare the expression of cytokines
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between two or more groups defined by an exposure, e.g.
people infected or not infected with helminths, or people
vaccinated and non-vaccinated in a vaccine trial where the
vaccine exposure is assumed to influence the levels of the
immunological parameter to be measured. For example,
the question may be to determine if BCG vaccination
influences the levels of IFN-γ secreted by mononuclear
cells stimulated in vitro with a mycobacterial antigen. The
immunological parameter is the outcome or dependent variable.
• Identification of clinical consequences of immunological profiles, (immunological parameter as the risk factor) or, in
other words to identify associations between an immunological parameter and clinical (or other) outcomes. For
example, immunologists are interested in predicting the
probability of a disease occurrence by measurement of
cytokine levels. For example, whether elevated TNF-α levels are associated with active disease in rheumatoid arthritis? The immunological parameter is the risk factor (often
called "exposure") or independent variable.
iii) The third group consists of more complex research questions that may include two or more of the objectives
described above. Such questions may examine the role of
cytokines in larger causal constructs, including more than
one risk factor, intervening variables that mediate and
modify an effect, and outcomes; and inter relationships
between them. An example will be to investigate the
causal inter relationships between early life infections,
level of expression of pattern recognition receptors (such
as Nods), activity of pro-inflammatory cytokines (IFN-γ
and TNF-α) and the development of inflammatory bowel
disease.
iv) The field of in silico immunology (computer analysis
generally in conjunction with informatics or immunoinformatics) is a rapidly developing and expanding field
and has been used to address several types of study questions, such as:
• The prediction of immunogenic sequences from microbial genomes to predict potential vaccine candidates [9].
• The prediction of protein sequences in therapeutic antibodies that may be associated with adverse reactions [10].
• Identification of regulatory molecules in the innate
immune system [11].
These approaches are generally high-throughput analyses
of large data sets (e.g. microbial genomes, human
genome, etc) using available software (e.g. EpiMatrix) to
either generate or test hypotheses and have been reviewed
in detail elsewhere [12-15].
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In silico statistical analyses use many of the multivariate
statistical techniques discussed later in this review (e.g.
cluster analysis). Because this is a highly specialised field
for which there are many computational tools available
[9], in silico immunology will not be discussed further in
this review.

Statistical methods for analysis of
immunological data
We conducted a systematic literature search in the database MEDLINE (1980–2005) to review statistical methods that have been previously applied to cytokine data.
Because the objective was to get a crude overview rather
than to reveal the exact number of papers published in
this area we defined quite sensitive search criteria using
the following key words: "cytokine$" or terms to identify
specific cytokines (e.g. among others "IL$," "interleukin$,"
IF$, interferon$, TNF$, etc.) and common univariate and
multivariate statistical techniques (e.g. among others "linear regression,""analysis of variance,""cluster analysis,""factor
analysis" etc.).
Table 1 shows the results of our search. The most widely
used methods found were simple statistical approaches
that investigate the relationship between two variables (so
called bivariate methods – also called univariate methods
when variables are classified as dependent and independent variables). We frequently found standard methods to
compare means of immunological parameters between
independent groups (e.g. t-test, analysis of variance or
their non-parametric equivalents), bivariate correlation
analysis (Pearson's or Spearman's correlation coefficients)
and univariate linear regression. By contrast, multivariate
techniques ( i.e. statistical approaches that consider three
or more study variables simultaneously) were less frequently applied to cytokine data. Several studies used factor analysis (to identify groups of correlated
immunological parameters) or cluster analysis (to identify groups of individuals with similar immunological
profiles) or discrimination techniques such as logistic
regression, discriminant analysis (to identify causes or
consequences of immunological profiles). We also found
a few examples of advanced modelling techniques (path
analysis/structural equation modelling) that simultaneously model multiple relationships between the study variables.
In the following section we provide an overview of statistical methods that can be considered for analysing immunological data that should help the applied
immunologists without a detailed knowledge of statistics
to select the appropriate statistical technique for each particular research question. The definition of which method
is the most appropriate is strongly dependent on the
research objective, the type of data collected, whether data
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Table 1: Results of a literature review conducted in the medical database MEDLINE (1980–2006) about statistical methods found in
immunological studies investigating cytokine expressions.

Statistical methods

Number of references

Univariate techniques
Analysis of variance
T-test
Mann-Whitney U-test
Wilcoxon/McNemar test
Univariate linear regression
Bivariate correlation analysis
Kruskal-Wallis H-test
Repeated measures analysis of variance
Friedman test
Non linear regression

2908
420
316
193
163
157
95
31
7
5

Multivariate techniques
Logistic regression
Cluster analysis
Multivariate analysis of variance
Multiple linear regression
Factor analysis/Principal components analysis
Analysis of covariance
Linear discriminant analysis
Partial correlation coefficient
Multinomial logistic regression
Multivariate analysis of covariance
Path analysis/Structural equation modelling

629
192
144
91
80
56
51
24
9
7
4

assumptions are fulfilled and whether the sample size is
sufficient. We begin with a short introduction to these
topics.
Exploratory Data Analysis
An important first step in analysing immunological data
is exploring and describing the data. Whatever the
research question investigators should first explore the
data in tables showing summary statistics (e.g. means,
standard deviations, etc.) and apply graphical methods
such as bar charts, histograms, Box and Whisker plots, or
scatter plots. For multivariate data, scatter plot matrices
are a powerful tool to examine associations among several
immunological parameters [16]. A good overview of statistical methods for Exploratory Data Analysis is provided
by Tukey [17].
Data Assumptions
The next thing investigators have to consider when selecting a statistical method is whether their data meet a
number of data assumptions. The first assumption is the
scale of measurement of the data, i.e. whether the data type
is categorical (e.g. groups like male and female), ordinal
(e.g. groups with a logical order, like order of birth) or
continuous (also called metric [measured on a defined
scale]). This restricts the statistical methods that can be
used. When the investigator has to deal with continuous

data the second assumption to test is whether the data follow a theoretical distribution (e.g. normal distribution).
Distributional assumptions can be tested graphically by
diagnostic plots or by applying a statistical test that compares the distribution of the data with a theoretical distribution. When the original data do not meet distributional
assumptions required for a particular statistical technique
(e.g. normal distribution to apply a t-test) a common
approach is transforming the data to meet the data
assumptions, for example to use the logarithm of the values [4]. However, immunological data frequently do not
meet data assumptions even after applying different data
transformations. In such cases it may be more appropriate
to use an alternative statistical approach that requires
fewer data assumptions (e.g. applying a non parametric
Wilcoxon test instead of a t-test) [5]. Another approach for
continuous variables that do not fulfil distributional
assumptions is "categorising" the measurements by biological meaningful cut-off values (e.g. level >= 2.5: "positive", level < 2.5: "negative") or using centiles, and then
apply a statistical test that is appropriate for categorical
data. A less frequently applied strategy that allows for the
use of a parametric approach even when data assumptions
are violated is the "robust resampling variance estimator
[18]." The concept behind this approach is to draw
repeated random samples from the data, and then to estimate the parameter of interest (e.g. the mean) from each
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sample and finally to obtain an estimate of the variance by
calculating the variance of the parameter across the samples. "Robust estimation" means the approach will provide valid estimations even when data assumptions (e.g.
normal distribution) are violated [3]. For example, in a
hypothetical immunological study IL-10 measurements
have been obtained from a sample of 100 individuals. By
drawing 500 random samples from these 100 individuals
each including 50 subjects, a robust estimate of the variance of the parameter of interest (the population mean)
can be calculated from the mean of each sample and from
the variance of the mean (across the samples).
Sample size issues
A second major issue that immunologist frequently face
and that also substantially affects the statistical approach
to be used is to estimate the appropriate sample size for a
statistical analysis. Whereas for univariate techniques (e.g.
t-test, ANOVA etc.) sample size can be determined by conducting a power analysis [19], sample size formulae are
available only for a couple of multivariate techniques.
Cohen's Power analysis guide is a useful review for calculating sample sizes for common univariate and some multivariate techniques (analysis of covariance and multiple
regression) [20]. Unfortunately, the theory underlying
sample size estimation for other multivariate techniques
is less developed. Recommendations for sample size for
studies using factor analysis are that more subjects should
be included than the number of unique correlations
present in the correlation matrix [21,22]. Authors suggest
that for cluster analysis sample size calculations are
dependent on how the investigator believes the study
population is clustered. If some small clusters (say less
than 10) are expected, then sufficient subjects will be
required to sample at least 5 to 10 people in the smallest
cluster [23]. There is a statistical framework and software
available for sample size calculation for advanced techniques such as structural equation modelling and path
analysis [24,25].

Selecting the appropriate statistical method for
each particular research question
In this section we provide an overview of statistical methods that we consider useful for statistical analysis of
immunological data. Our guide for data analysis was written with the "classical statistical approach" in mind, i.e.
we provide statistical techniques to extract the maximum
information from the present data. We do not discuss
Bayesian statistical methods that also might be useful for
application to immunological data seeking to combine a
priori information with the information captured in the
present data; a good overview is provided by Lee [26].
Moreover, statistical methods are important also for
standardising immunological techniques and this is discussed elsewhere [27]. We have prepared a summary table
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(Table 2) that lists the most important univariate and
multivariate methods and links them to typical immunological research questions. In addition, we provide a flowchart that will help the immunologist to select the
appropriate statistical analysis according to the research
objective and the number and type of study variables to be
analysed (Figure 1). Most examples refer to cytokine data
but the application to other continuous immunological
data is straightforward.
Inter-dependence techniques
The first group embraces so called inter-dependence techniques, i.e. statistical methods aimed to explore relationships between study variables without assuming any
causal relationship. These techniques are appropriate
when the investigator cannot define (or may not wish to
define) which variable is the independent variable (cause,
exposure) and which is the dependent variable (effect,
outcome). For example, inter-dependence techniques
might be very useful in immunological studies to examine
relationships between different cytokines measured in the
same individual.
Correlation analysis
One commonly applied inter-dependence approach is
bivariate correlation analysis that aims to assess the magnitude of the linear relationship between two continuous
variables (e.g. two cytokines, or a cytokine and another
continuous variable. For example, Hartel et al conducted
an observational, cross-sectional study in children aged
between 1 and 96 months and in adults to investigate agerelated changes in cytokine production [2]. The association between cytokine levels and age was analyzed using
non-parametric rank correlation coefficients.

If there are more than two immunological parameters of
interest and one finds several significant bivariate correlations, a multivariate correlation analysis should be conducted to examine the degree of multicollinearity in the
data, i.e. whether multiple relationships are present
between three or more study variables. A simple but useful approach to examine associations between three variables is to conduct stratified bivariate correlation analysis
across strata defined by levels of a third variable. For
example, to examine the association between a Th1related and a Th2-related cytokine could be examined
after stratifying by low and high levels of expression of IL10.
Data reduction techniques
Datasets with several highly correlated immunological
parameters can be simplified using "data reduction techniques." These methods are especially appropriate when it
is assumed that many variables reflect aspects of an underlying process which is not directly measured. The most

Page 6 of 15
(page number not for citation purposes)

BMC Immunology 2007, 8:27

http://www.biomedcentral.com/1471-2172/8/27

To investigate associations between different immunological parameters
(e.g. cytokines) without assuming causality:

To study causal relationships between
immunological parameters and other variables
(risk factors, clinical outcomes, etc.):

What is the research
question of interest?

Inter-dependence technique

Dependence technique

Bivariate Correlation Analysis

How many variables are
involved in the relationship?

Are there several
bivariate associations?

Two

Three or more

Univariate technique

Multivariate technique

Multivariate technique

Are there highly
correlated variables?

Yes: Data reduction

No: Analyzing original variables

Factor Analysis/ Principal
Components Analysis

Partial Correlation Analysis
Canonical Correlation Analysis

Role of cytokines in
the relationship?

Independent variables

Two or more,
multiple relationship
Scale of the
other variable?

How many
outcomes?

Path Analysis
SEM
Continuous

Categorical

Two or more in a
single relationship

Scale of the
outcome?
Continuous and/or
categorical

One

Grouping subjects by
cytokine patterns?

Bivariate Correlation Analysis
Univariate Regression

Dependent Variables

Canonical correlation
analysis, Hotelling`s T

How many
cytokines?
Two or more in a
single relationship

Two or more in
multiple relationships

One

Continuous

Path Analysis
SEM

Multivariate Analysis of
Variance (MANOVA)

How many groups?

Two

Three or more

Independent
groups?

Independent
groups?

Cluster Analysis

Scale of the
indep.var?

Scale of the
outcome?

Yes

No

Yes

No

t-test
Mann-Whitney U-test

Paired t-test
Wilcoxon rank sum test

One-Way ANOVA
Kruskal Wallis H-test

Repeated Measures ANOVA
Friedman test

Categorical

Discriminant Analysis
Logistic Regression
Multinomial Logistic Regression

Continuous

Continuous

Partial correlation analysis
Multiple regression
Partial least square regression

Continuous or categorical

Analysis of Covariance
(ANCOVA)

Categorical

Multi-way ANOVA

Figure 1the appropriate statistical technique for analysis of immunological data
Selecting
Selecting the appropriate statistical technique for analysis of immunological data.

common technique is Principal Component Analysis (PCA)
[28], which is a special type of Factor Analysis [29]. The
idea behind this approach is to create summary variables
(called "principal components"), that capture most of the
information of the original data. For example, the technique can be used to derive two principal components
from several correlated cytokines. After using this technique it is essential to consider whether the components
identified are biologically plausible (e.g. it would be
important to observe that the classification of cytokines
grouped into two groups is consistent with the findings of
published literature).
A useful feature of factor analysis and especially PCA is
that the weights (the "factor loadings") for each variable
within the components can be interpreted as correlation
measures between the observed variable and the underlying unobservable component. Data assumptions in factor
analysis are more conceptual than statistical. From a statistical point of view, normality is only necessary if a statistical test is applied to measure the significance of the
factors, but these tests are rarely used in practice. The more
important conceptual assumptions are that some underlying structure does exist in the set of selected variables and
that results in some degree of multicollinearity.

In immunological studies factor analysis or PCA could be
applied to extract information on the Th1- or Th2-related
immune response from a set of cytokines or the ratio of a
Th1- and Th2-score could be calculated to quantify the
degree of "Th1/Th2 bias [30,31]." For example, Turner et
al [31] derived summary variables (called "principal components") from 11 different cytokines that were believed
to better reflect the underlying mechanism and that were
used in further analyses [32] instead of the original
parameters. Data reduction techniques should be used
when the objective of the study is not to investigate the
role of each parameter but the role of the underlying
mechanism.
Cluster Analysis
Cluster Analysis (CA) is the appropriate statistical
approach when the researcher seeks to group individuals
(not variables) according to their values of study variables
(e.g. cytokine levels) [23]. CA groups individuals so that
subjects in the same cluster have similar profiles of the
parameters being studied (i.e. a high "within-cluster
homogeneity") and subjects from different clusters have
quite different immunological profiles (i.e. a high
"between-cluster heterogeneity"). To perform CA the
researcher has to define the variables on which the cluster-
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Table 2: Selection of important statistical methods suitable for the analysis of immunological data.

Example of research question

Univariate techniques
Univariate group mean comparison techniques
Compare expression of a cytokine between
two independent groups (e.g. treatment vs.
control)

Compare expression of a cytokine between
two related groups (e.g. before and after
treatment)

Compare expression of a cytokine between
three or more independent groups defined by
one factor (e.g. treatments A, B, C)

Compare expression of a cytokine between
three or more related groups (e.g.
measurements 1, 2, and 3 weeks after
treatment)

Type of data
[D: dependent, I: independent]

Other data assumptions

Statistical method1

D: continuous
I: categorical

Normal distribution
homogeneity of variances

t-test

D: continuous or ordinal
I: categorical
D: continuous
I: categorical
D: continuous or ordinal
I: categorical
D: continuous
I: categorical
D: continuous or ordinal
I: categorical
D: continuous
I: categorical

Mann Whitney-U test
Normal distribution,
homogeneity of variances

Paired t-test

Wilcoxon rank sum test
Normal distribution,
homogeneity of variances

One-way analysis of variance

Kruskal Wallis – H test
Multivariate normal
distribution, assumptions
about covariance

Repeated measurements
analysis of variance

D: continuous or ordinal
I: categorical
Correlation and regression analysis
Quantify association between two cytokines or
a cytokine and another continuous variable

Predicting expression of a cytokine by a
continuous independent variable

Multivariate techniques
Multivariate correlation and regression techniques
Quantify associations between two cytokines
adjusted for the effect of a third continuous
variable
Predicting a continuous outcome (e.g. a
cytokine) by several continuous or categorical
independent variables

Quantifying the magnitude of correlation
between two groups of continuous variables
(e.g. Th1 and Th2 related cytokines)
Multivariate group mean comparison procedures
Compare cytokine expressions between three
or more independent groups defined by two or
more factors (e.g. treatment and gender)
Simultaneously compare expressions of two or
more cytokines between three or more
independent groups defined by two or more
factors
Compare cytokine expressions between three
or more related groups defined by two or
more factors (e.g. measurements at different
time points during a study and treatment)
Grouping set of correlated cytokines to
summary variables ("principal components")

D: continuous
I: continuous
D: continuous or ordinal
I: continuous or ordinal
D: continuous
I: continuous

Friedman's ANOVA

Linear relationship, normality

Pearson correlation coefficient

Linear relationship

Spearman rank correlation
coefficient
Univariate regression

Specified relationship (e.g.
linearity for linear regression),
normal distribution (for
parametric regression)

All variables: continuous

Linear relationship, normality

Partial correlation coefficient

D: continuous
I: continuous, ordinal or
categorical

Specified relationship (e.g.
linearity for linear regression),
normal distribution for
parametric regression, No
multi-collinearity
Specified relationship, multicollinearity

Multiple regression

All variables: continuous

Partial least squares regression
Canonical correlation analysis

D: continuous
I: categorical

Normal distribution,
homogeneity of variances

Multi-way analysis of variance
(ANOVA)

D: continuous
I: categorical

Multivariate normal
distribution, homogeneity of
covariance matrices

Multivariate analysis of
variance (MANOVA)

D: continuous
I: categorical

Multivariate normality,
homogeneity of covariance
matrices

Multi-way repeated
measurements analysis of
variance

All variables: continuous

High degree of
multicollinearity

Factor analysis/Principal
components analysis
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Table 2: Selection of important statistical methods suitable for the analysis of immunological data. (Continued)

Grouping subjects in homogenous subgroups
according to similar expression levels of two or
more cytokines
Classification procedures
Explaining or predicting group membership of
two or more independent groups by cytokine
levels
Explaining or predicting group membership of
two independent groups by cytokine levels
Explaining or predicting group membership of
three or more groups by cytokine levels
Advanced techniques for multiple relationships
Modelling multiple relationships between
several immunological parameters and one or
more outcome variables

All variables: continuous

Low degree of
multicollinearity

Cluster analysis

D: categorical
I: continuous

Multivariate normal
distribution, equal covariance
matrices, low degree of
multicollinearity

Linear discriminant analysis

D: categorical
I: continuous, ordinal or
categorical
D: categorical
I: continuous, ordinal or
categorical

Logistic regression

Multinomial logistic regression

All variables: categorical,
ordinal or continuous data

Conceptual framework
specifying the multiple
relationships among the study
variables

Path analysis/Structural
equation modelling

1All

univariate and multivariate statistical approaches listed above can be implemented in general purpose statistical packages, e.g. among others SPLUS® (Insightful Corporation, Seattle, WA), SAS® (SAS Institute Cary, NC, USA), SPSS® (Chicago: SPSS Inc.) or STATA® (StataCorp. Stata Statistical
Software. College Station, TX: StataCorp LP). Path analysis/structural equation modelling can be implemented in STATA and SPSS that provide the
extensions modules GLLAMM and AMOS, respectively, as well as in several special purpose software packages, e.g. among others LISREL® (Scientific
Software International, Inc, IL, USA) or MX® (MCV, Department of Psychiatry, Richmond, VA, USA).

ing is to be based and the type of cluster algorithm.
Agglomerative algorithms treat each observation as a cluster
and group similar individuals into clusters, while divisive
algorithms start with the whole study population as a single cluster and divide the population by identifying
homogeneous subgroups. The most appropriate clustering approach for a particular dataset depends on the type
of data collected and the research question. Agglomerative
clustering is preferable when there are extreme values in
the data (outliers).
CA has strong mathematical properties but not statistical
foundations. Data assumptions (e.g. normality and linearity) that are important in other multivariate techniques
are of little importance in cluster analysis. However, the
researcher is encouraged to examine the degree of multicollinearity in the data because each variable is weighted
and variables that are multi-collinear are implicitly more
heavily weighted in the clustering algorithm. For example,
a cluster solution derived from a dataset with five highly
correlated Th1-related cytokines and two correlated Th2cytokines would substantially overestimate the importance of the Th1-component in the clustering. This can be
avoided by first applying a data reduction technique (e.g.
PCA) to derive the "principal components" that quantify
the magnitude of Th1/Th2-immune response and afterwards clustering the individuals with respect to these
immunological components.
In immunological studies cluster analysis may be useful
to identify groups of individuals with similar immunological patterns (e.g. cytokine or antibody levels) that reflect

an unknown common underlying immunological mechanism. For example, Mutapi et al [16] sought to group
people infected with S. mansoni into clusters defined by
levels of parasite specific IgE, IgA, IgM and the IgG subclasses. The authors identified two clusters, a cluster with
high levels of IgM and low levels of all other antibodies
and a cluster with high IgM and IgG1 and medium IgG4
and low levels of all other antibodies. In further analyses
the authors investigated whether epidemiological features
of schistosomiasis were associated with cluster membership and whether treatment changed this.
Another useful technique to study associations among
immunological parameters without assuming any causal
relationship is Canonical Correlation Analysis (CCA) [33]
an approach that aims to quantify the correlation between
two predefined sets of variables. In our MEDLINE search
we did not find any previous applications of CCA to
immunological data but we suggest that this statistical
approach might be very useful to quantify the magnitude
of correlation between two different sets of immunological parameters. A hypothetical example is where the investigators were interested to quantify the correlation
between Th1- and Th2-related cytokines in individuals
with and without helminths infections, or in atopic or
non-atopic study subjects.
Dependence techniques
The second group of techniques are statistical dependence
techniques that are appropriate when the study investigates
causation, i.e. variables can be classified as independent
(cause, exposure) and dependent variables (effect, out-
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come), based on concrete a priori hypotheses about the
underlying biological mechanisms. For example, an
immunological parameter might be considered as an
independent variable when it is the proposed cause (e.g.
an autoantibody in an autoimmune disease) or the
dependent variable when it is considered to be an effect
(or outcome [e.g. the production of interferon gamma
produced by lymphocytes stimulated with mycobacterial
antigen following BCG vaccination]), or an intervening
variable or intermediate factor (mediating variable)
within a complex causal chain (e.g. the cytokine IL-13
would be an intermediate factor in studies that examine
the relationship between exposure to aeroallergens and
the development of atopic asthma). For example, Black et
al [34] studied the IFN-γ response to Mycobacterium tuberculosis (as the outcome variable) before and after receiving
BCG vaccination (the independent variable). Cooper et al
[35] studied the effect of cholera vaccine (the independent
variable) on the IL-2 response to recombinant cholera
toxin B (as the outcome). In both studies, the authors prespecified the classification of study variables before conducting statistical analysis. A more complex hypothetical
example is the investigation of the effect of the impact of
the intensity of infection with helminths on cytokine
expressions (e.g. using Th2-related cytokines as outcomes) in a study of the relationship between helminths
infections and atopy, and when the investigators may
wish to consider the same cytokines as determinants, or
risk factors, for atopy within the same study.
The choice of which statistical dependence technique is
most appropriate for a particular research question will
depend on the study design, the number and "scaling"
(i.e. continuous, ordinal or categorical) of the study variables and other data assumptions (see Figure 1).
Univariate dependence techniques
These methods are appropriate when there is only one
dependent and one independent variable. Common techniques are univariate group mean comparison procedures [36]
(aimed to compare the levels of a continuous variable
(e.g. cytokine expressions) between groups of individuals
pre-defined by an exposure that is considered to cause the
immunological profile (e.g. vaccinated or not). The
number of groups and whether the groups are independent or related will determine which approach is the most
appropriate for each situation (see overview in Table 2).

By contrast, univariate regression analysis [37] is the best
approach when the investigator seeks to model the relationship between two continuous variables and is able to
decide which one is the outcome variable. The most common approach is Linear Regression a technique with stringent data assumptions (linearity of the relationship and
normality of the error distribution). Robust alternatives

http://www.biomedcentral.com/1471-2172/8/27

when data assumptions are violated are non-parametric
or non-linear regression techniques. Examples of applications for regression analysis in immunological studies are
predicting the levels of expression of a continuous outcome variable (e.g. a cytokine) by a continuous variable
(e.g. age or another continuous immunological parameter) when a causal relationship can be assumed.
Multivariate dependence techniques are needed when there
are three or more variables involved and at least one variable can be considered the dependent variable.
Classification techniques
These methods are required when there are several independent variables (e.g. cytokines) and one categorical outcome (e.g. atopy). One classical approach is Linear
Discriminant Analysis (LDA), a method that derives linear
combinations of the independent variables (called discriminant functions) that best discriminate between the two
outcome groups (defined on the basis of the independent
variable) [38]. LDA requires continuous normally distributed independent variables. A flexible approach which
can be used with non normally distributed data and
involves categorical independent variables is Logistic
Regression [39].

In immunological studies classification techniques can be
very useful to identify immunological profiles that best
discriminate two or more pre-defined groups of interest
(e.g. atopy vs. non atopy). For example, Gama et al [40]
used LDA aimed to identify an immunological marker
based on six cytokines (IL-2, IL-4, IL-10, IL-12, IFN-γ and
TNF-α) to discriminate between clinical and asymptomatic forms of visceral leishmaniasis. The authors found
that TNF-α, IL-10 and IL-4 were highly correlated with the
clinical form, while IL-2, IL-12 and IFN-γ were correlated
with the asymptomatic form. In another study, logistic
regression was used to explore the role of parasite induced
IL10 in decreasing the frequency of atopy: Van Biggelaar et
al [41] sought to predict positive skin prick tests to house
dust mite in children by mite-specific IgE, total IgE, IL-5
and IL-10 to worm and used logistic regression to show
that positive skin prick test was positively associated with
mite specific IgE but negatively associated with IL-10; and
the probability of a skin test positivity was a result of the
interaction between level of mite IgE and worm IL10.
Multivariate group mean comparison techniques
These techniques such as Multivariate Analysis of Variance
(MANOVA) or Multi-way Analysis of Variance (Multi-way
ANOVA), are used to compare the distributions of one or
more continuous variables between groups defined by
one ("one-way") or more ("multi-way") factors of interest
(see overview Table 2) [21]. In contrast to LDA, where the
groups are assumed to define a categorical outcome (e.g.
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asthmatic vs. non asthmatic) and the independent variables (e.g. cytokines) are used to discriminate between
groups, in (M)ANOVA the groups are defined by the
investigator considering one or more independent variables (e.g. treatments, vaccination status). A very useful
application of MANOVA in immunological studies is to
simultaneously compare the levels of two or more
cytokines (e.g. IFN-γ, TNF-α) between two groups (asthmatic vs. non asthmatic). By applying MANOVA instead
of repeated application of ANOVA the investigator can
avoid the problem of type I error inflation for the whole
experiment.
Multivariate Analysis of Covariance (MANCOVA) is an
extension of MANOVA that additionally allows to control
for the effect of an other continuous variable to be controlled (e.g. a confounder) [21]. An application of MANCOVA in immunological studies could be to
simultaneously compare the expression levels of different
cytokines (e.g. IF-γ, TNF-α, etc.) across groups defined by
one or more experimental factors (e.g. vaccinated or control) and adjusted for age.
Multiple Regression Techniques
Multiple Regression is appropriate when the research question is to predict a single continuous dependent variable
by a set of continuous and/or categorical independent variables [37]. The standard approach frequently used is multiple linear regression, however there are alternatives (e.g.
non-parametric, non-linear multiple regression) when
data assumptions are not met [42]. Regression analysis
could be applied in immunological studies to predict the
expression of a cytokine by explanatory variables (e.g. a
set of other cytokines or other immunological parameters) or to predict the values of a continuous outcome variable (e.g. intensity of parasitic infection) by the
expressions of one or more cytokines. For example,
Dodoo et al [43] used multiple linear regression to predict
malaria-related outcomes (fever, hemoglobin concentration) by levels of different cytokines (IFN-γ, TNF-α, IL-12,
IL-10, TGF-β).

Partial Least Squares (PLS) Regression [44] is an extension
of multiple linear regression for constructing predictive
models when the factors are many and highly collinear.
The approach could be very useful for analysis of immunological data, e.g. when the objective is to predict an outcome by a large set of highly correlated immunological
parameters. Technically, the approach is a combination
between principal components analysis and multiple linear regression, i.e. it produces factor scores as linear combinations of the original predictor variables so that there
is no correlation between the factor score variables used in
the predictive regression model.

http://www.biomedcentral.com/1471-2172/8/27

Advanced techniques
Path analysis and Structural Equation Modelling
All the multivariate statistical methods that have been
mentioned above have one common limitation: although
they may include many variables, they all assume the
presence of one single relationship between them. However, in modern immunological studies investigators
often assume multiple relationships among immunological
parameters and other study variables so that a simple multivariate approach might not be sufficient to reflect the
complexity of the underlying immunological process. For
example, in an immuno-epidemiological study conducted to study risk factors for asthma and allergy, investigators could define a conceptual framework that assumes
multiple relationships between risk factors (e.g. allergens,
vaccines, early life infections), immunological profiles
(e.g. cytokine expression levels) and the occurrence of
outcomes (e.g. asthma, atopy) (Fig 2). To model such
complex immunological processes it will be important to
simultaneously model all these multiple associations.
Path Analysis and Structural Equation Modelling (SEM) are
techniques developed by geneticists [45,46] and economists [47] that can handle multiple relationships among
study variables simultaneously and have been frequently
applied in other scientific fields (e.g. economics, social
sciences) [48]. SEM is an extension of path analysis that
allows also for so called "latent variables" (a conceptual
term for unobserved variables, see Appendix). A structural
equation model consists of two components: "a measurement model" that defines how the observed measurements (called indicators) are related to the unobserved
latent variables and a "structural model" that defines the
assumed relationships between the observed study variables and one or more latent variables.

The concept of latent variables and SEM is likely to be useful in immunological studies because immunologists frequently hypothesise that the measured immunological
parameters are the result of unobservable underlying
complex immunological processes. For example, imagine
a hypothetical immunological study where different
cytokines are measured to quantify two important immunological components. Figure 3 shows the path diagram of
the study in which multiple relationships are assumed
between the study variables. In this example we consider
that the cytokines IL-12, IFN-γ and TNF-α represent an
unobservable latent variable "Th1-related immune
response" and the cytokines IL-4, IL-9 and IL-13 represent
the latent variable "Th2-related immune response". Further, the structural model assumes relationships between
the two latent variables (c1) and the "effects" (c2, c3) of
these on an outcome variable (e.g. atopy, asthma). In SEM
the concept of the "measurement model" is similar to factor analysis in which a linear relationship between the
(observed) indicator variables and the (unobserved)
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Antibiotics
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Chronic
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Immune regulatory network:

Th1/Th2-Balance
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TNF-alpha

Th2-Response
IL-4, IL-5, IL-9, IL-13

IgG4

IL-10,
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Atopy
High specific/total IGE

Positive Skin Test

Outcomes: Atopic Diseases
Allergic Rhinitis

Allergic Eczema

Atopic Asthma

Figure(atopy
Conceptual
comes
2 framework
and asthma)
that specifies multiple associations between potential risk factors, immunological parameters and outConceptual framework that specifies multiple associations between potential risk factors, immunological parameters and outcomes (atopy and asthma).

latent variable is assumed. For example, in Figure 3, the
"indicator loadings i1–i6" reflect the magnitude of association of each cytokine with the latent variable. However,
the distinction between the two analyses is that in factor
analysis the principal components are extracted to maximize the degree of variance explained by a specified
number of factors while in SEM the investigator has to
define a priory a path diagram that specifies which variables are the indicators of the underlying latent variables
and the correlations of the measurements with the latent
variables are derived that best reflect the whole conceptual
framework e.g. maximizing the correlation between all
latent and observed variables.
Application of these techniques to immunological data
should allow the inference of complex immunological
phenomena. For example, Chan et al [49] used SEM to
study the role of obesity-associated dyslipidaemia,
endothelial activation and two cytokines (IL-6 and TNFα) in a complex causal chain of the metabolic syndrome.
There are few applications of conceptual frameworks,
path analysis and SEM to immunological data in the literature. However, because of increasing sample size and

advancing knowledge about underlying complex immunological mechanisms, these approaches have a potentially important role in the analysis of data from modern
immunological studies. The concept of latent variables in
SEM will be especially useful because immunological
mechanism can rarely be observed directly and must
therefore be inferred through the measurement of different immunological indicators. Moreover, the unique feature of SEM that allows the analysis of multiple
relationships between the study variables would be
appropriate for the inference of causal chains of immunological processes.
Mixed Effects Models
The application of Random or Mixed Effects Models [50] for
statistical analysis of clustered or longitudinal data is
becoming a popular method in medicine. The basic idea
of the approach is to adjust data analysis for an effect of
the clustering by introducing a "random effect", i.e. an
unobserved random variable that is specific to the clustering unit. In immunological studies the application of
mixed effects models could be very useful when clustering
must be assumed in the data, e.g. measurements of differ-
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Example path diagram that specifies a structural equation model with two latent variables.

ent cytokines from the same patients, repeated measurements of the same cytokine in a longitudinal study or in
multi-centre studies where patients have been recruited
from different populations.

Conclusion
The aim of this paper is to provide a modern overview for
applied immunologists to explain and illustrate the statistical methods that can be employed for the analysis of
immunological data. Our review should help immunologists without a detailed knowledge of statistics that are
faced with the problem of statistical analysis of immunological data to select the appropriate statistical technique
that will allow the valid extraction of the maximum information from the data collected. However, the statistical
framework presented here should not be used as a substitute for an experienced biostatistician who should be
involved from the beginning of the study for advice on
study design, calculation of the sample size and planning
of the statistical analysis. The systematic literature review
illustrates the fact that most immunological studies still
employ simple statistical approaches to immunological
data even when multiple inter-relationships among several study variables are expected. We think it is important
that more sophisticated statistical techniques are used for
complex immunological data that will permit a better

understanding of complex underlying immunological
mechanism. Our focus has been on multivariate techniques that permit the analysis of multiple study variables
simultaneously and hope that our examples from both
real and hypothetical immunological studies will stimulate immunologists to make more use of these techniques.
Moreover, bearing in mind the complexity of research
questions addressed by modern immunological studies,
we have introduced the idea of conceptual frameworks,
latent variables and advanced statistical techniques (e.g.
path analysis, SEM), providing a toolbox that should help
the investigator to analyse multiple relationships among
several study variables simultaneously. Finally, it should
be pointed out that statistical techniques are a tool for the
inference of underlying mechanisms and can never substitute for a priori hypotheses that are based on a sound
knowledge of the scientific literature.

Authors' contributions
BG and LCR had the idea for the paper, conducted the literature review, developed the guide for statistical analysis
and wrote the manuscript. PJC and MY participated in
writing the sections about research objectives of immunological studies and specific aspects of immunological data
and evaluated the applicability of the proposed statistical
framework for data from modern immunological studies.

Page 13 of 15
(page number not for citation purposes)

BMC Immunology 2007, 8:27

MLB participated in developing the statistical framework
and helped to draft the manuscript. All authors have read
and approved the final manuscript.

http://www.biomedcentral.com/1471-2172/8/27

16.

17.

Additional material

18.
19.

Additional file 1
Appendix: Glossary of statistical and epidemiological terms.
Click here for file
[http://www.biomedcentral.com/content/supplementary/14712172-8-27-S1.doc]

20.
21.
22.
23.
24.

Acknowledgements
This research was funded by The Wellcome Trust, UK, HCPC Latin America Excellence Centre Program, Ref. 072405/Z/03/Z. PJC is supported also
by the Wellcome Trust, grant no. 074679. BG is supported also by the
Fundação de Amparo à Pesquisa do Estado da Bahia, Brazil (FAPESB), contract no. 1360/2006. The authors thank Dr Franca Hartgers and Dr Victoria
Wright for their useful comments on the manuscript.

25.

References

28.

1.

29.
30.

2.

3.
4.
5.
6.
7.
8.
9.
10.

11.

12.
13.
14.
15.

Geiger SM, Massara CL, Bethony J, Soboslay PT, Correa-Oliveira R:
Cellular responses and cytokine production in post-treatment hookworm patients from an endemic area in Brazil.
Clin Exp Immunol 2004, 136:334-40.
Hartel C, Adam N, Strunk T, Temming P, Muller-Steinhardt M,
Schultz C: Cytokine responses correlate differentially with
age in infancy and early childhood. Clin Exp Immunol 2005,
142:446-53.
McGuinness D, Bennett S, Riley E: Statistical analysis of highly
skewed immune response data. J Immunol Methods 1997,
201:99-114.
Bennett S, Riley EM: The statistical analysis of data from immunoepidemiological studies. J Immunol Methods 1992, 146:229-39.
Hollander M, Wolfe DA: Nonparametric Statistical Methods.
2nd edition. Wiley; 1999.
CG Victora, Huttly SR, Fuchs SC, Olinto MT: The role of conceptual frameworks in epidemiological analysis: a hierarchical
approach. Int J Epidemiol 1997, 26:224-7.
Hsu J: Multiple Comparisons. Chapman & Hall/CRC; 1996.
Toothaker L: Multiple Comparison Procedures. London: SAGE
University Paper; 1992.
De Groot AS, Sbai H, Aubin CS, McMurry J, Martin W: Immunoinformatics: Mining genomes for vaccine components. Immunol Cell Biol 2002, 80:255-69.
Koren E, De Groot AS, Jawa V, Beck KD, Boone T, Rivera D, Li L,
Mytych D, Koscec M, Weeraratne D, et al.: Clinical validation of
the "in silico" prediction of immunogenicity of a human
recombinant therapeutic protein.
Clin Immunol 2007,
124:26-32.
Gilchrist M, Thorsson V, Li B, Rust AG, Korb M, Kennedy K, Hai T,
Bolouri H, Aderem A: Systems biology approaches identify
ATF3 as a negative regulator of Toll-like receptor 4. Nature
2006, 441:173-8.
Chakraborty AK, Dustin ML, Shaw AS: In silico models for cellular
and molecular immunology: successes, promises and challenges. Nat Immunol 2003, 4:933-6.
De Groot AS, Moise L: Prediction of immunogenicity for therapeutic proteins: state of the art. Curr Opin Drug Discov Devel
2007, 10:332-40.
De Groot AS, Moise L: New tools, new approaches and new
ideas for vaccine development. Expert Rev Vaccines 2007,
6:125-7.
Hedeler C, Paton NW, Behnke JM, Bradley JE, Hamshere MG, Else KJ:
A classification of tasks for the systematic study of immune
response using functional genomics data. Parasitology 2006,
132:157-67.

26.
27.

31.

32.

33.
34.

35.

36.
37.
38.
39.
40.
41.

42.

Mutapi F, Mduluza T, Roddam AW: Cluster analysis of schistosome-specific antibody responses partitions the population
into distinct epidemiological groups. Immunol Lett 2005,
96:231-40.
Tukey JW: Exporatory Data Analysis. Boston: Addison-Wesley;
1977.
Good PI: Resampling Methods: A Practical Guide to Data
Analysis. Birkhauser; 2005.
Chmura Kraemer H, Thiemann S: How many subjects? Statistical
Power Analysis in Research. Sage Publications; 1987.
Cohen J: Statistical Power Analysis for the Behavioral Sciences. Hillside, New Jersey: Lawrence Erlbaum Associates; 1988.
Hair JF, Tatham RL, Anderson RE, Black W: Multivariate Data
Analysis. 5th edition. Prentice Hall; 1998.
MacCallum RC, Widaman KF, Zhang S, Hong S: Sample size in factor analysis. Psychological Methods :84-99.
Everitt BS, Landau S, Leese M: Cluster Analysis. London: Arnold;
1993.
MacCallum RC, Browne MW, Sugawara HM: Power analysis and
determination of sample size for covariance structure modeling. Psychological Methods 1996:130-149.
MacCallum RC, Hong S: Power analysis in covariance structure
modeling using GFI and AGFI. Multivariate Behavioral Research
1997:193-210.
Lee PM: Bayesian Statistics: An Introduction. London: Arnold
Publisher; 2004.
Plikaytis BD, Carlone GM: Statistical considerations for vaccine
immunogenicity trials. Part 1: Introduction and bioassay
design and analysis. Vaccine 2005, 23:1596-605.
Jolliffe IT: Principal Component Analysis. 2nd edition. Springer;
2002.
Gorsuch RL: Factor Analysis. Lawrence Erlbaum; 1983.
Jackson JA, Turner JD, Kamal M, Wright V, Bickle Q, Else KJ, Ramsan
M, Bradley JE: Gastrointestinal nematode infection is associated with variation in innate immune responsiveness.
Microbes Infect 2005.
Turner JD, Faulkner H, Kamgno J, Cormont F, Van Snick J, Else KJ,
Grencis RK, Behnke JM, Boussinesq M, Bradley JE: Th2 cytokines
are associated with reduced worm burdens in a human intestinal helminth infection. J Infect Dis 2003, 188:1768-75.
Jackson JA, Turner JD, Rentoul L, Faulkner H, Behnke JM, Hoyle M,
Grencis RK, Else KJ, Kamgno J, Bradley JE, et al.: Cytokine response
profiles predict species-specific infection patterns in human
GI nematodes. Int J Parasitol 2004, 34:1237-44.
Thompson B: Canonical Correlation Analysis: Uses and Interpretation (Quantitative Applications in the Social Sciences).
Sage Publications; 1984.
Black GF, Weir RE, Floyd S, Bliss L, Warndorff DK, Crampin AC,
Ngwira B, Sichali L, Nazareth B, Blackwell JM, et al.: BCG-induced
increase in interferon-gamma response to mycobacterial
antigens and efficacy of BCG vaccination in Malawi and the
UK: two randomised controlled studies.
Lancet 2002,
359:1393-401.
Cooper PJ, Chico M, Sandoval C, Espinel I, Guevara A, Levine MM,
Griffin GE, Nutman TB: Human infection with Ascaris lumbricoides is associated with suppression of the interleukin-2
response to recombinant cholera toxin B subunit following
vaccination with the live oral cholera vaccine CVD 103-HgR.
Infect Immun 2001, 69:1574-80.
Montgomery DC: Design and Analysis of Experiments. 5th edition. Wiley; 2000.
Kleinbaum D, Kupper L, Muller KE, Nizam A: Applied Regression
Analysis and Multivariable Methods. Duxbury Press; 1997.
Huberty CJ: Applied Discriminant Analysis. Wiley; 1994.
Hosmer DW, Lemeshow S: Applied Logistic Regression. 2nd
edition. Wiley; 2000.
Gama ME, Costa JM, Pereira JC, Gomes CM, Corbett CE: Serum
cytokine profile in the subclinical form of visceral leishmaniasis. Braz J Med Biol Res 2004, 37:129-36.
van den Biggelaar AH, van Ree R, Rodrigues LC, Lell B, Deelder AM,
Kremsner PG, Yazdanbakhsh M: Decreased atopy in children
infected with Schistosoma haematobium: a role for parasiteinduced interleukin-10. Lancet 2000, 356:1723-7.
Takezawa K: Introduction to nonparametric regression.
Wiley; 2005.

Page 14 of 15
(page number not for citation purposes)

BMC Immunology 2007, 8:27

43.

44.
45.
46.
47.
48.
49.

50.

http://www.biomedcentral.com/1471-2172/8/27

Dodoo D, Omer FM, Todd J, Akanmori BD, Koram KA, Riley EM:
Absolute levels and ratios of proinflammatory and antiinflammatory cytokine production in vitro predict clinical
immunity to Plasmodium falciparum malaria. J Infect Dis 2002,
185:971-9.
Geladi P, Kowalski B: Partial least squares regression: A tutorial. Analytica Chimica Acta 1986, 185:1-17.
Wright S: Correlation and causation. Journal of Agricultural
Research 1921:557-85.
MacCallum RC, Austin JT: Applications of structural equation
modeling in psychological research. Annu Rev Psychol 2000,
51:201-26.
Haavelmo T: The statistical implications of a system of simultaneous equations. Econometrica 1943:1-12.
Skrondal A, Rabe-Hesketh S: Generalized Latent Variable Modeling. Multilevel, Longitudinal, and Structural Equation Models. Chapman & Hall/CRC; 2004.
Chan JC, Cheung JC, Stehouwer CD, Emeis JJ, Tong PC, Ko GT, Yudkin JS: The central roles of obesity-associated dyslipidaemia,
endothelial activation and cytokines in the Metabolic Syndrome – an analysis by structural equation modelling. Int J
Obes Relat Metab Disord 2002, 26:994-1008.
Brown H, Prescott R: Applied Mixed Models in Medicine. Chichester: John Wiley & Sons, Ltd; 1999.

Publish with Bio Med Central and every
scientist can read your work free of charge
"BioMed Central will be the most significant development for
disseminating the results of biomedical researc h in our lifetime."
Sir Paul Nurse, Cancer Research UK

Your research papers will be:
available free of charge to the entire biomedical community
peer reviewed and published immediately upon acceptance
cited in PubMed and archived on PubMed Central
yours — you keep the copyright

BioMedcentral

Submit your manuscript here:
http://www.biomedcentral.com/info/publishing_adv.asp

Page 15 of 15
(page number not for citation purposes)

