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Purpose: Cytokine data sets are increasing both in the number of different cytokines
measured and the number of samples assayed. Further, typically data from different groups
may be contrasted, eg, normal vs complication subjects. Many univariate and multivariate
statistical techniques exist to study such cytokine datasets, but the ability to implement these
techniques may be lacking for some practitioners, or may not be available quickly and
conveniently. Here, we introduce CytokineExplore, an online tool for multi-cytokine and
multi-group data analysis of user-provided Microsoft Excel data files.

Materials and Methods: In order to illustrate the tool features, we use data from intrau-
terine growth retardation (IUGR), a pregnancy complication, and normal healthy subjects as
a control. The dataset contains levels for 10 cytokines, namely: IL-4, IL-6, IL-8, IL-10,
IL-12, 1IL-13, IL-18, IL-23, interferon-gamma (IFN-y) and tumour necrosis-alpha (TNF-a),
obtained from 34 women with IUGR (further divided into 17 symmetric and 17 asymmetric
cases) and 24 gestationally age-matched normal controls.

Results: The online tool automatically generates box-plots, histograms, PCA and PLSDA
plots, #-tests and Mann—Whitney statistical tests, cytokine importance values for separating
two groups, heatmaps for comparing multiple groups, and other functionalities. Figures
generated can be directly downloaded for use in presentations or journal articles.
Conclusion: The tool facilitates quick and easy numerical exploration and multivariate
analysis of cytokine datasets, to aid basic understanding and hypothesis generation.
Keywords: cytokines, data analysis, multivariate statistics, diagnostics, pregnancy

complications, intrauterine growth retardation

Introduction

Cytokines are small protein signaling molecules produced by a variety of cells that
have specific effects on interactions and communications. Within the immune
system, cytokines play a pivotal role in the type and degree of immune response
both in health and disease.' Cytokines have also been proposed as potential
biomarkers, with a lot of interest focused on finding their clinical cutoff levels.?
While it is known that cytokines are essential in many physiological processes such
as pregnancy, a misbalance in their levels may contribute to a wide range of
pathological conditions. Indeed, the range of pathological conditions reported
with cytokine misbalances keeps expanding, with conditions ranging from rheuma-
toid arthritis, cancer, several pregnancy complications and many more.' Thus
cytokines have been proposed to be promising therapeutic agents. In fact, cytokines
have been validated as being an effective and safe treatment method for several

autoimmune diseases such as rheumatoid arthritis, inflammatory bowel diseases,
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multiple sclerosis, etc.>® It has also been suggested that
cytokines can serve as disease markers or may be used to
follow up on progression of the disease/therapy.”>*!°
Accordingly, there is enormous number of reports and
studies that focuses on the level of single cytokines in
a wide range of diseases.' >0

Th1 and Th2, the two major subsets of CD4+T helper
cells have different patterns of cytokine production and
different roles in immune responses.'> Thl cells secrete
interleukin-2 (IL-2), IL-6, IL-8, IL-12, IL-18, IL-23, inter-
feron-gamma (IFN-y), and tumour necrosis alpha (TNF-a);
these inflammatory cytokines activate macrophages and
cell-mediated immunologic reactions. Th2 cells secrete
IL-4, IL-5, IL-10, and IL-13 which are predominantly anti-
inflammatory cytokines and augment humoral immunity.'”

Pregnancy is often referred to as “an immunological
paradox” because tissue allograft are generally rejected by
an immunocompetent host, while the conceptus in success-
ful pregnancy, the so-called “fetal allograft”, is not only
not rejected but further nourished by the maternal immune
system.'®!’

To ascertain the possible roles of cytokines in pregnancy,
we and others have compared cytokine balances in unex-
plained pregnancy complications such as recurrent sponta-
neous miscarriage (RSM), pregnancy-induced hypertension
(PIH), and intrauterine growth restriction IUGR), to gesta-
tional-age-matched healthy normal pregnant women that
ended with normal spontaneous vaginal delivery. Data both
from human subjects as well as studies on animal models of
pregnancy have led to the proposition that successful preg-
nancy is a T helper 2 phenomenon, while several unexplained
pregnancy complications are associated with an elevated
Thl-type cytokine profile.'' 3182

Intrauterine growth restriction (IUGR) refers to the
condition where the fetus fails to grow normally during
pregnancy (less than the 10th percentile of comparable
normal gestational age as per the population growth
charts). Such a condition puts the child under risk of
many acute neonatal problems as well as many other long-
term complications.”® Intrauterine growth restriction can
be further classified as symmetric [IUGR (without placental
insufficiency) or asymmetric [IUGR (with placental insuf-
ficiency). In symmetric IUGR, the antenatal scan shows
head circumference, abdominal circumference, biparietal
diameter and femur length all proportionally reduced,
while in asymmetric [IUGR only the abdominal circumfer-
ence decreased while others are normal.?® The period of
harm in symmetric [IUGR is early in the gestation, with

etiology proposed to be from a genetic disorder or infec-
tion intrinsic to the foetus, with placentas of such preg-
nancies usually small by weight, but having no other
pathologies.”” On the other hand, asymmetric TUGR
occurs later in gestation with uteroplacental insufficiency
and significant placental pathological findings.*® It is
further reported that a definite cause of IUGR is not
identified in 40-50% of all cases,”® leaving a broad margin
to search for immunological causes such as cytokine
imbalance to be potential contributor in [UGR.*!":!3

Cytokine networks are among the densest and most
complex networks studied in biology, which keep getting
ever more complex as we discover new ones. Cytokines
interact with one another via their signal transduction
pathways with effects ranging from synergy to inhibitory
actions. These cytokine connections and balances deter-
mine the immune response as well as its biological con-
sequences. Efforts to uncover the underlying network
architecture of the balance, therefore, remain ongoing.
The number of studies that have reported levels of indivi-
dual cytokines in different conditions is enormous, but
may be insufficient unless data are further analysed to
describe the full architecture as a “signed” by the profiles
of the several cytokines produced simultaneously.'%*%

Until recently, measuring multiple cytokines was both
expensive and required analyzing relatively large volumes
of biological fluid. Nowadays, however, multiplex arrays
have made measuring tens and even hundreds of cytokines
at the same time less expensive and easier. Due to these
factors, increasingly in the literature, concentration values
for many different cytokines are reported, and also for
different groups. Despite this, analyzing and understanding
these huge and complex datasets still requires much work,
and in some cases a significant level of computational and
statistical ability.

Despite the importance of cytokine data analysis, and
frequency with which medical practitioners and research-
ers are required to implement such analysis, to our knowl-
edge, there does not exist a convenient and freely available
platform for quickly implementing these statistical techni-
ques. Further, while many software packages have in-built
functions for the kinds of techniques relevant to immunol-
ogy, some practitioners may not be familiar with how to
use these, via writing computer code programs.

With these points in mind, here we introduce a user-
friendly statistical tool that can provide univariate and
multivariate analysis to aid researchers in quantitative
analysis of cytokine datasets. The online tool is called
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CytokineExplore and can be accessed via http://exabx.
com/apps/cytokineexplore/, free of charge.

CytokineExplore automatically generates box-plots,
histograms, PCA and PLSDA plots, t-tests and Mann—
Whitney statistical tests, cytokine importance values for
separating groups, heatmaps for comparing multiple
groups, and other functionalities. After uploading a user-
provided Microsoft Excel file of cytokine data, users can
select the cytokines and groups they wish to analyse.
Which graphs and calculations are implemented by the
tool depends partly on how many groups are selected, ie,
whether studying only one group, contrasting two groups,
or comparing several groups at once.

We illustrate the use of the tool by using some pre-
viously published data relating to intrauterine growth
retardation (IUGR) patients as an example dataset,'!
and provide some example output figures also. This
data is used here only for demonstration of some of the
tool functionalities and features, hence we are not
attempting to make any novel biological/medical
research claims in relation to IUGR. In total, the example
dataset comprises concentration values of 10 cytokines
(IL-4, IL-6, IL-8, IL-10, IL-12, IL-13, IL-18, IL-23,
interferon-gamma (IFN-y) and tumour necrosis-alpha
(TNF-a)) for 34 cases of IUGR pregnancies and
24 cases of gestationally age-matched normal pregnant
women (controls). We use the normal and TUGR (com-
bined cases) to illustrate two-group results. In order to
illustrate multi-group comparisons, the ITUGR samples
are further divided into two groups, corresponding to
17 symmetric and 17 asymmetric IUGR case samples.
Hence, normal, symmetric, and asymmetric groups are
contrasted simultaneously.

In developing this tool, two avenues of use are envi-
sioned: Firstly, it can be employed for exploratory analysis
of small data sets (eg, in a pilot study), because the tool
returns a large variety of different computations and fig-
ures, which may alert the user to some noteworthy aspect
of the data. By viewing many different perspectives of the
data, hypotheses may be generated, to be tested later with
more data (which should be a different independent data
set, to avoid “overfitting” or “p-hacking™*). Secondly, the
tool may be used simply as a quick and convenient way to
generate graphs and perform some basic statistical calcu-
lations, testing previously proposed hypotheses, thereby
alleviating the need for the user to perform these time-

consuming activities themselves.

Materials and Methods
IUGR Data

This is a repost of a previously published dataset,'' in which
supernatants of mitogen-stimulated peripheral blood lym-
phocytes were analyzed for a selected panel of cytokines.
The panel included Thl-type (IL-6, IL-8, IL-12, IL-18,
IL-23, IFN-y and TNF-a) and Th2-type (IL-4, IL-10, and
IL-13) cytokines.

Data Analysis
The statistical analyses aspect of the underlying code of
the tool was written using Python, and the Python machine

learning library scikit-learn.>

Results
Data Files

On accessing CytokineExplore via the website, users are
prompted to upload a file of numerical cytokine concen-
tration data, which must be a Microsoft Excel file. Data in
the file should be formatted such that the first column
contains the group names (eg, “Normal”), and the follow-
ing columns should contain the cytokine concentration
values (assumed as pg/mL). The first row of each column
should state the cytokine name, eg, “IL-6”. The rows of
the file correspond to each data sample/subject. An exam-
ple Excel data file is downloadable from the website,
which can help the user to arrange their data appropriately.
Also, a user guide is provided on the site for added
instructions. Missing data values and zero/undetectable
concentration values can also be handled (see below) in
the uploaded file.

Selecting Cytokines and Groups
After submitting the file, users are prompted to select
which of the cytokines in the file they wish to include in
the statistical analysis. Typically, all would be included,
but if the user already knows which cytokines are relevant
to some given medical condition/investigation, then it
would be better to reduce the number of cytokines in the
analysis to only those. In general, even with sophisticated
multivariate techniques, including fewer relevant variables
increases the accuracy of statistical calculations, as com-
pared to including a large range of mainly irrelevant vari-
ables, which can introduce unwanted “noise” into the
results.

Additionally, either one, two, or multiple groups can be
selected out of possibly many different groups in the
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dataset. This facilitates either studying one group, or con-
trasting two or more groups. After analyzing the data,
users can select different cytokines and/or groups using
the “change parameters” button at the top of the results
page. Alternatively, a new file of data can be submitted via
the “upload new file” button also on the results page.

Data Pre-Processing
The data is pre-processed in several ways before statistical
analysis is performed and figures are generated:

If any negative (ie, mistaken/impossible values) con-
centration values are detected, then these are excluded, and
the relevant row and value are displayed on the right side
of the results page, so that the user can identify the
erroneous value. Any non-numerical values (eg, text) are
also excluded and similarly highlighted on the results
page. If any values are missing, these are imputed with
the median value of the relevant cytokine values of the
relevant group.

Users can choose whether to perform calculations and
display graphs for concentration values either in a logl0
transformed scale, or a simple linear scale. We suggest that
the log10 scale should be used, because it is a more natural
scale on which to study concentrations which vary over
many orders of magnitude. Log scales are also common in
the literature. Despite these points, some users may be
more familiar with a linear scale, and hence it is given as
an option.

Due to the use of logarithms, zero concentration values
cannot be handled. So, any concentration value recorded
as zero (ie, below detectable level) is replaced with the
minimum non-zero value for that cytokine within the
dataset, which is quite common both in medicine and
other areas of science.’®*’ In principle, there can be
cases in which replacing by minimum detectable levels
may cause strong distortions to the data.*® However, this is
very unlikely in our cytokine concentration datasets,
because the range of concentration values is far larger
than the minimum detectable levels, and hence only
a very small perturbation to the data will result from
replacing zeros. For example, in our IUGR data set for
IL-4, the non-zero values range from 0.79 to 63.46, and so
replacing 0 values with 0.79 is a very small modification
of the data. For other cytokines, the concentration ranges
are even larger, in the >1000 pg/mL or more, and hence
the replacement is even less problematic.

For the principal component analysis (PCA) and partial
least discriminant (PLSDA) plots

squares analysis

described below, the logl0 transformed data are also cen-
tered and scaled in the standard way, by subtracting the
mean value of each cytokine and dividing by the standard
deviation. Note that it is especially important that the PCA
and PLSDA plots should use logarithmically transformed
data, to reduce the skew in concentration values. Hence,
while other plots such as boxplots can be viewed on
a linear scale, the tool only displays the PCA and
PLSDA in a logarithmic transformed and scaled form.

Graphs Generated and Tool Features

The types of graphs generated and analyses performed by
CytokineExplore depend partly on the number of groups
which the user has chosen to study. We now outline the main
functionalities implemented for different numbers of groups.

Single Group Analysis

After uploading a Microsoft Excel file, if only one group is
selected for analysis, then the following are computed/
generated:

Boxplots and histograms of concentration values are
displayed, with summary statistics (mean, median, IQR,
etc.) of the logl0 or linear values. These plots can help to
identify features of the distributions of concentrations,
such as whether they look roughly uni- or multi-modal,
whether there are outliers in the data, and whether the
distributions are roughly normal or very skewed.

Correlation plots of pairs of cytokines are shown, with the
Pearson linear correlation coefficient displayed in the titles of
each plot. These can help to identify relations between cyto-
kines. Because there are n(n-1)/2 pairs for n cytokines, the
number of plots would become very large if n is large.
Hence, correlation plots are only displayed for at most 15
pairs, in particular those ones with the strongest correlations.

A Principal Component Analysis (PCA) plot is gener-
ated which shows a projection (or “shadow”) of multivari-
ate data onto only two axes/components, where the
projection is chosen by the PCA method to maximize the
variance in the data projection. The PCA plot may help to
visually reveal clusters/subgroups in the data, possible out-
liers, or other noteworthy qualitative features of the multi-
variate data. In addition to the PCA plot, also the actual
makeup of the first two components is given, ie, the con-
tribution of each cytokine to the components.

Two-Group Analysis
If two groups are selected for analysis, then the following
are computed/generated:
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As in the single group case, a Principal Component
Analysis (PCA) plot is made, showing the projection of
the multi-cytokine data onto only two axes/components,
with the two groups colored and symbolized differently.

A Partial Least
(PLSDA) plot is made, showing the projection of the

Squares Discriminant Analysis
multi-cytokine data onto only two axes/components, with
the two groups colored and symbolized differently.
PLSDA is used when partial least squares regression is
applied to problems with categorical outputs (eg, normal
vs sick). A PLSDA plot is quite similar to a PCA plot, but
differs in that the PLSDA plot projection is chosen by the
algorithm to maximize the difference between the two
groups (as opposed to maximizing the variance of the
projected data, like in PCA). The axes are labelled LV1
(latent variable 1) and LV2 (latent variable 2). Hence, two
groups may in principle look very similar in a PCA plot
with points overlapping strongly, but possibly very differ-
ent in a PLSDA plot with little overlap. Viewing this plot
can help to identify whether and to what extent two groups
differ: If the data points of the two groups overlap
strongly, then this would suggest that the two groups
have similar cytokine profiles. On the other hand, if the
data points barely overlap, then this would indicate that the
groups have very different profiles. As a cautionary note, if
the number of samples is very low and the number of
cytokines is large, then a PLSDA plot can tend to exagge-
rate the difference between the groups.

A variable/cytokine importance plot is also displayed
when two groups are selected, which gives a quantitative
measure of the relative contribution, or importance, of
each cytokine in discriminating/separating two contrasted
groups. Larger magnitude importance values indicate
a greater contribution, and the importances are signed +
or -, so that it is clear whether a cytokine is up or down
regulated in each group, relative to the other. Because the
importances are based on the PLSDA multivariate method,
if groups are distinguished by multi-cytokine combinations
of values and not simply individual value differences, then
these can also be detected.

The importance values are derived from a linear
PLSDA matrix model, via the equation Y=X*b +z, where
X is the data matrix (ie, a matrix whose rows correspond to
each subject, and whose columns represent the different
cytokines), b is a column vector of the model coefficients
(which represent the contribution of each cytokine to dis-
tinguishing the groups), and z the error term vector, which
accounts for errors in the binary classification model

predictions. The column vector Y of outputs represents
the groups (e.g. healthy and sick), so that Y contains
0 and 1 value binary outputs only. The model coefficients
vector b can be interpreted as variable importances,
because if one cytokine is up-regulated for the group
labelled *1’, then the corresponding element of 5 will be
positive, and negative if down-regulated. On the other
hand, the corresponding element of » will be close to
zero, in the case of a cytokine neither being up nor down-
regulated between the two groups.

Finally, side-by-side boxplots comparing individual
cytokines between the two groups are given to help visua-
lize which cytokines differ, and how strongly, between the
groups. Also displayed with each boxplot figure is the
p-value from either a #-test or a Mann—Whitney U two-
sided test, testing for a statistical difference between the
cytokine concentration values of the two groups. The tool
first performs a test to determine whether the concentration
values follow normal distributions or not, and hence
whether to use the #-test, or the non-parametric test
Mann—Whitney U-test.

Multi-Group Analysis
If three or more groups are selected for analysis, then the
following are computed/generated:

As in the previous group cases, a Principal Component
Analysis (PCA) plot is made, showing the projection of
the multi-cytokine data onto only two axes/components,
with the two groups colored differently.

Side-by-side boxplots comparing individual cytokines
between the groups are given to help visualize which
cytokines differ, and how strongly, between the groups.

A heatmap is displayed, which offers a way to compare
multiple groups simultaneously. In more detail, for each
cytokine, a heatmap is generated which shows how
strongly each group differs from all other groups in
terms of the mean logl0 concentration values in each
group. The concentration differences are shown as
a matrix of square panels, and colored such that the colors
indicate how different each group is from another. If there
are three groups, say, A, B and C, then the heatmap will
depict a 3 by 3 grid of panels showing the concentration
differences between all possible pairs, ie, A vs B, A vs
C, etc.

Downloading Figures
The tool generates many figures, and users may wish to
include some of these in presentations and/or journal
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articles, etc. Hence, figures can be downloaded in two
ways. Firstly, the figures displayed in the results page
can be downloaded directly via the “Download plot as
png” button (shown as a camera sign) above each figure
on the results page. Secondly, if journal publication-
quality figures are required, then a.zip file of high resolu-
tion/production.jpg figures can be downloaded via the
“Download analysis” button at the top of the results page.

Example Graphs and Output Using Some
Sample IUGR Data

We now give some example output from CytokineExplore,
illustrating some of the most noteworthy features only.
Because we are only illustrating some features, and because
this article is not attempting to make an immunological
investigation into [IUGR, we will examine only a small frac-
tion of the possible group combinations, cytokines choices,
and statistical results. Our choice of the groups, cytokines
and results is motivated only by how best to demonstrate the
tools features, not by biological/medical concerns. Alongside
the sample output, we also highlight some inferences which
can be made from the figures, and points which a user should
consider when examining their own plots.

In the following, we use a previously published dataset
for 10 cytokines (described above). We primarily look at
contrasting two groups, namely data from 24 normal
healthy pregnancies and from 34 women suffering [UGR
(ie, symmetric and asymmetric cases combined). We also
give an example of a heatmap which shows how to com-
pare three groups at once, namely IUGR (symmetric),
IUGR (asymmetric) and normal healthy pregnancies.

The following figures were obtained from the tool via
the “download analysis” button, mentioned above. We
used the logarithmic scaled data for these plots.

Example Contrasting IUGR and Normal Samples
Figure 1 shows a PCA plot of the combined IUGR and
normal data samples. Note that the axes values have been
centered, scaled, and loglO transformed (see Data pre-
processing), and hence the values can be negative. There
is no apparent evidence of clusters within the groups,
although even in this PCA plot it is very clear that the
two groups have different cytokine profiles, because their
projected data points barely overlap. Nor is there evidence
of any clear outliers, which might be identified as points
that sit far away from the others of their group.

In Figure 2, a PLSDA plot for the normal vs IUGR is
presented. It is visually clear that the two groups have very

PCA Plot
1.0 4 X
X X X
0.5 X X 5
i X X X
g X
g 0.0 X
5 X %
0.5 1 x X
_0. /« %
“101 X IUGR
Normal

-1.0 -0.5 0.0 0.5 1.0 1.5 2.0 2.5
Component 1

Figure 1 PCA plot of the IUGR and normal subjects’ data. There does not appear
to be evidence of clusters within the groups, nor strongly outlying data values.

PLSDA Plot
X X X IUGR
1.0 1 Normal
X X
0.5
X X;é
x xXx X
S 001 »" X
- X X X X
X X
_05-
X
X
_10_
X
25 20 -15 -10 -05 00 05 10
V1

Figure 2 PLSDA plot of the IUGR and normal subjects’ data. The groups have
strongly differing profiles, and the data samples barely overlap.

different cytokine profiles, as evidenced by the fact that the
data points of the two groups barely overlap. Indeed, except
for one or two IUGR points which appear close to the normal
points, the two groups are almost completely separable.
Having seen that the two groups are different, it is
natural to wonder which cytokines are most responsible
for the difference. By examining Figure 2, it is not clear
which cytokines, nor how many, differ between the
groups. For example, it may be that only one cytokine
differs strongly, or it may be that none are individually
very different, but the combined multi-cytokine profile of
all the cytokines yields the stark difference in Figure 2.
To address this question, we now turn to Figure 3 which
shows a variable/cytokine importance plot, quantifying the
contribution of each cytokine to separating the groups. It is
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clear that not all the cytokines contribute equally to separat-
ing the groups, but rather IL-23, IL-18 and IL-12 differ most
strongly between the two groups (as inferred from the fact
that they have the longest bars). Further, we can see that IL-
23 and IL-18 tend to upregulated in the normal group, as
compared to the [UGR group, while IL-12 is downregulated
in the IUGR group. Note that the user can obtain the exact
importance values themselves via the results page, by the
user hovering their mouse pointer over the relevant figure.

We just saw that, among other cytokines, IL-23 is an
important player in separating the groups. Hence, it will be
interesting to look more closely at this cytokine. While the
results page shows boxplots for all 10 cytokines included in
this analysis, for this example, we display only IL-23’s box-
plot in Figure 4. As expected from the variable importance
analysis, the boxplots in Figure 4 show very pronounced
differences for the two groups. Additionally, the tool returns
p-value = 0.00 from the Mann—Whitney two-tailed test for
IL-23, suggesting strong statistical significance for the differ-
ence in concentration values of this cytokine, between the two
groups. Note that the distributions failed a test for normal
distributions, and hence a #-test was not used.

Example Contrasting Symmetric, Asymmetric and
Normal Samples

If multiple groups are selected for comparison, several
graphs and generated, including a PCA plot and boxplots,
and heatmaps. Because we have already given a PCA and
boxplot example above, here we will only present an
example of a heatmap, obtained via comparing three
groups, namely IUGR symmetric, [IUGR asymmetric, and

IL-13 4

IL-23 4

IL-18 1

IL-12 4

IL-6 -

IFN

TNF

IL-8

IL-10 4

IL-4 1

T T T T T T
-0.3 -0.2 -0.1 0.0 0.1 0.2 0.3
Variable Importances [Positive means higher in Normal]

Figure 3 Variable/cytokine importance plot for IUGR and normal subjects’ data.
Cytokines differ in their degree of contribution to separating the groups.

IL-23
Normal - @ }-[H—{
IUGR A % —|
110 1.'5 2;0 2;5

Values of IL-23 (Log10 Scaled)

Figure 4 A boxplot for contrasting the logl0 concentration values of IL-23 for
normal and IUGR subjects.

normal pregnancies. From among the 10 cytokines, we
will choose IL-18 for the heatmap (chosen only for illus-
trative purposes). Figure 5 shows that for this cytokine, the
asymmetric and symmetric I[UGR groups have similar
values average values (indicated by the dull green colors),
while the normal group is very different to both the asym-
metric and symmetric [UGR groups (as indicated by the
strong bright yellow/green and very dark blue). In addition
to the colorings, the actual differences in average logl0
values are given in each panel. Note that the diagonal
panels in the heatmap will always be zero, simply due to

Heatmap of IL-18

Sym 1.0
0.5
Asym 0.0
-0.5
Normal -1.0

T

&

Figure 5 A heatmap for contrasting the mean logl0 concentration values of IL-18
for normal, symmetric and asymmetric IUGR subjects. It is clear that the symmetric
(Sym) and asymmetric (Asym) IUGR groups are similar for this cytokine, whereas
the normal group is very different to the two IUGR groups.
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computing the difference between a group with itself,
which is zero. As can be seen, the heatmap’s use of colors
and panels make for easy visual comparison, which is
especially beneficial if many groups are to be contrasted.

Discussion and Conclusion

We have introduced a tool for statistical analysis of cytokine
data. The tool allows quick and easy calculations of a range
of statistical techniques for user-provided data. While we
used this tool for cytokines, the tool could be used for data
with similar situations where parameters and groups may be
studied via a comprehensive picture/balance of importance.
Hence, the tool or extensions of it could in principle be used
for other applications in quantitative medicine.

The example presented in this communication is intrauter-
ine growth retardation (IUGR). This data has been previously
published"" and is used here only for demonstration of some of
the tool functionalities and features. In the earlier published
communication,'’ focusing on the level of single cytokines,
we reported that IL-8 was produced at higher levels by blood
cells of the [UGR group than normal pregnant women, while
IL-13 and IL-23 were produced at lower levels."" Using the
CytokineExplore tool, several extra pieces of significant infor-
mation can be obtained and used for further analysis or
research. It worth highlighting that the findings from the
CytokineExplore tool are based on the multivariate analysis
of all cytokines studied rather than single ones. Also, we found
earlier that [IUGR vs normal samples were significantly differ-
ent, while for symmetric vs asymmetric [IUGR cases, we did
not find a significant difference.'' This earlier finding was
reflected in the heatmap multi-group comparison of normal,
symmetric vs asymmetric [UGR cases examined here.

The PCA plot shows no clusters within the IUGR and
normal delivery groups while showing clearly that the two
groups have very different cytokine profiles, with no outliers.
To further understand the use of this information, one may
refer to the data earlier published where the PCA analysis
showed cytokine profiles in pregnancy-induced hypertension
(PIH) were made up of two clusters, one with multivariate
cytokine profile that is similar to healthy controls, while the
other is quite distinct.'® This method of analysis and the
findings may help in explaining the long and wide contro-
versy in literature about the association of different cytokines
in different pregnancy complications or other conditions.
Again with PIH as an example, while there is substantial
evidence supporting a role of cytokines in the pathogenesis
of PIH, the underlying pathophysiologic mechanisms are still
unclear with several proposed pathways.*® In the example

ITUGR data used in this communication, the PCA plot shows
no subgroups present. In other words, PCA analysis would
help in further understanding if the group under study is
made of one or more subsets, where contributing factors to
the pathogenesis may be different.

Both the PCA and PLSDA show that the IUGR and
normal delivery groups are different in the cytokine as
a profile (Figure 2). In other datasets, it may be that
none of the cytokines are individually very different, but
the combined multi-cytokine profile of all the cytokines
yields some difference, which again is worth further study.

What is more, and looking to the possibility of clinical
applications, it would be interesting to uncover which of
the cytokines involved most contribute to the deviation
from the normal physiological cytokine balance. This
information is not clear when analyzing data based on
single cytokines. Figure 3 shows that IL-23, IL-18 and
IL-12 differ most strongly between the two groups in the
example data used. Such information may be valuable for
further pathophysiological, diagnostic or even immunomo-
dulation studies and may also suggest a pattern that can be
used as a predictive tool to follow the progression and
prognosis of the disease *!%!7-31-33:3

Some limitations of the tool are that it performs only
a battery of predetermined functions, whereas users may
require more bespoke operations for some given investiga-
tion. If these are required, then the user would need to
implement these themselves. There is also a risk of users
not being familiar with the best practices for interpreting
the results of the tool. However, this may be ameliorated
by some further statistical education.

We hope that the introduction of CytokineExplore will
motivate the development of other similar tools for other
computational tasks in immunology and biology. For exam-
ple, we recently showed®® that sophisticated multivariate
tools for outlier analysis could be directly applied to cytokine
data, detecting anomalous cytokine profiles, and developing
signatures. Nonetheless, the potential inability to implement
such tools would inhibit application of these findings. Hence,
a similar tool for such to ours, for such analysis — and other
analysis — would be beneficial to the immunological com-
munity, and medical researchers more generally.
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