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Abstract. Identification of the connections between the various functional components of the immune system is
a crucial task in modern immunology. It is key to implementing the systems biology approach to understand the
mechanisms of dynamic changes and outcomes of infectious and oncological diseases. The data characterizing an
individual’'s immune status typically have a high-dimensional state space and a small sample size. To study the net-
work topology of the immune system, we utilized previously published original data from Toptygina et al. (2023),
which included measurements of the immune status in 19 healthy individuals (children, 9 boys and 10 girls, aged 1 to
2 years), i.e., the immune cells (42 subpopulations) obtained by flow cytometry; cytokine levels (13 types) obtained
by multiplex analysis; and antibody levels (4 types) determined by using enzyme immunoassay. To correctly identify
statistically significant correlations between the measured variables and construct the respective network graph, it
is necessary to use an approach that takes into account the small size of the dataset. In this study, we implemented
and analyzed an approach based on the regularized debiased sparse partial correlation (DSPC) algorithm to evalu-
ate sparse partial correlations and identify the network structure of relationships in the immune system of healthy
individuals (children) based on immune status data, which includes a set of indicators for subpopulations of immune
cells, cytokine levels, and antibodies. For different levels of statistical significance, heatmaps of the partial correla-
tions were constructed. The graph visualization of the DSPC networks was performed, and their topological charac-
teristics were analyzed. It is found that with a limited measurements sample, the choice of a statistical significance
threshold critically affects the structure of the partial correlations matrix. The final verification of the immunologically
correct structure of the correlation-based network requires both an increase in the sample size and consideration
of a priori mechanistic views and models of the functioning of the immune system components. The results of this
analysis can be used to select the therapy targets and design combination therapies.
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cnctemHo-6ronornyeckoro noaxopa. MapameTpsbl, xapakTepusyoLme NMMYHHbIA CTaTyC YenoBeKa, OTIMYaloTCA
60/1bLLON Pa3MEPHOCTbIO NPOCTPAHCTBA COCTOAHMI NPV Manon MOLWHOCTN BbIGOPKU. 1A U3yyeHns ceTeBon To-
NonorMn MMMYHHOW CUCTEMbBI HAaMK MCMOJIb30BaHbl paHee onybnKoBaHHbIe opurMHanbHble faHHble (Toptygina
et al, 2023) n3mepeHunin NokKasaTenen MMMyHHOro cTaTyca y 19 340pOBbIX UHANBUAYYMOB — AeTEl, 9 ManbYyMKOB 1
10 peBoYek, B BO3pacTe OT OAHOro A0 ABYX NET: NOMyAALNA UMMYHHBIX KNeTOK (42 cybrionynaumm), nonyyeHHbIX
C MOMOLLbIO MPOTOYHOW LIUTOMETPUN; YPOBHEN LUTOKMHOB (13 TMMOB), MOMTyUYEHHbIX METOAaMMN MybTUMIEKCHOrO
aHann3a; ypoBHsA aHTUTeN (4 Tvna), onpeAeNieHHbIX C MOMOLLbI UMMYHOPEPMEHTHOrO aHanu3a. [Ana KoppeKTHo-
ro (CTaTUCTMYECKM 3HAUMMOro) onpeaeneHna KOPPENALMOHHbIX CBA3EN MEXAY M3MepAeMbIMU NepemMeHHbIMA 1
NnocTpoeHna rpada ceTeBOW TOMONOrN MOXKeT OblTb UCMOMb30BaH MOAXOA, KOTOPbIN YUUTbIBAET Masblil pasmep
MHOXeCTBa AaHHbIX. B Hawew paboTe 6bin peann3oBaH 1 UCCNEAOBaH MOLXOA, B OCHOBE KOTOPOrO NIEXUT pery-
NAPU3MPOBAHHbIN aNrOPUTM CKOPPEKTVPOBaHHbIX Pa3peKeHHbIX YacTHbIX koppenaunii (DSPC) oueHnBaHuAa pas-
PEXEHHbIX YaCTHbIX KOPPENALNA N naeHTUdUKaLMM CETEBOW CTPYKTYPbl B3aMMOCBA3EN B UMMYHHOW cucTeme no
[aHHbIM IMMYHHOTO CTaTyca 3[J0POBbIX I€TEN, BKIOUaloLero Habop nokasatesniel Cyononynauuin KNeTok MMMyH-
HOW CUCTEMbI, YPOBHA LIUTOKMHOB U aHTUTEN. [111A pasHbIX YPOBHEN CTaTUCTNYECKOW 3HAUMMOCTM OblIN MOCTPOEHbI
TennoBble KapTbl YaCTHbIX KOPPENALMIA, BbINONHEHa BM3yanv3auma ceTeil YacTHbIX Koppenauun B Buae rpados 1
NpPoBeAEH aHanM3 X TOMOJIOTMYECKNX XapaKTepUCTUK. MonyyeHo, YTo NpU orpaHUYeHHON BbIOOPKE U3MepPeHUii
BbI6GOP Mopora AnsA YPOBHA CTAaTUCTUYECKOWN 3HAUMMOCTM NMEET NPUHLUMMMaNbHOE 3HaueHre Ansa GopmrpoBaHua
MaTpuLbl YacTHbIX Koppenaunii. OKoHuaTenbHaa BepuduKaLma MMMYHOSTOTNYECK KOPPEKTHOW CTPYKTYpbl CBA-
3el TpebyeT KaK yBeNimyeHna pasmepa BbIOOPKH, Tak U COMPAXKEHUA C anprOPHbIMU MeEXaHN3MEHHbIMUN NPeACTaB-
NEeHNAMN N MOAENAMUN GYHKLMOHNPOBAHNA KOMMOHEHT UMMYHHOW cUCTeMbI. Pe3ynbTaTbl MOTyT ObiTb MCMONb30Ba-
Hbl A5 BbI6Opa MULLeHel Tepanun 1 GopmMrpoBaHna KOMOVMHNPOBAHHbIX BO3LENCTBUIN.

KnioueBble cnoBa: UMMyHHasA CMCTEMA; UMMYHHBbI CTaTyC; KOPPENALMOHHbIN aHanu3; YacTHble Koppenaumu; cete-

Ban Tonosnorus; rpadsbl; anroputv DSPC

Introduction

The human immune system functions to maintain the antigenic
homeostasis of the body’s internal environment. It is a system
with distributed parameters reflecting the spatial organization,
phenotypic and clonal structure of its constituent cell popula-
tions. The cells of the immune system continuously interact
with each other, and the balance of processes increasing or
decreasing their activity underlies the development of pro-
ductive or abortive reactions (Ng et al., 2013). Implemen-
tation of a systems biology approach to the investigation of
the mechanisms determining the dynamics and outcome of
infectious and oncological diseases requires identification
of the structure of cellular interconnection networks in the
immune system. An example of studying the connections
network (network topology) between populations of cellular
components of the immune system is provided in (Rieckmann
et al., 2017), where the quantitative proteomics data were
used for identification of the social architecture of immune
cell interactions. The description of the network topology is
associated with construction of a graph, with the vertices cor-
responding to specific cell populations of the immune system,
and the edges representing connections of a diverse nature
between the corresponding vertices.

To date, a large number (about 100 documented) of methods
have been developed for analyzing the structural organization
of intercellular interactions based on data of a diverse nature,
including spatial and cellular transcriptomics, expression of
ligand receptors, as well as intracellular signalling components
(Armingol et al., 2024). They are used for the assessment of
the connectivity indices or communication structures between
cells, which provide the basis for building the graphs of con-
nectivity networks. Both the biophysical and biochemical
principles, and statistical data analysis methods in combination
with machine learning, can be used to assess the strength of
the intercellular connections.

The construction of a quantitative interactome of immune
cells based on receptor proteins expressed on their surface is
presented in (Shilts et al., 2022). It implements a number of
graphs based on a set of physical connections between cells
of the immune system in major human organs identified using
multiplex immune and transcriptomic analysis technologies,
genetic databases and biochemical methods for screening
interactions between cells. Visualization of the transcriptome
analysis data as a graph reflecting the genes co-expression is
an integrative part of modern systemic vaccinology studies
(Cortese et al., 2025).

The aim of our study was to implement a new approach
to identifying the network structure of relationships in the
immune system of a healthy individual based on the results
of a correlation analysis of previously published data on the
immune status of children aged one to two years. The data set
includes the measurements of the immune status parameters,
i. e. the subpopulations of immune cells, cytokine concentra-
tions and antibody levels (Toptygina et al., 2023). The research
objectives include the correlation analysis of children’s im-
mune status data to build heatmaps of partial correlations,
visualization of the partial correlations networks as graphs, and
analysis of the topological characteristics of the graph models.

The present work consists of four sections. The “Materials
and methods” section describes the specific features of the
source data, methods of correlation analysis, the correlation-
based approach to identifying a network structure of relation-
ships between the immune status parameters, and examines
the topological properties of the corresponding graphs.
Principal components analysis is performed. The “Results”
section presents the results of network construction for various
threshold levels of statistical significance of the correlations,
an immunological interpretation of the corresponding network
topologies, and a robustness analysis. The results of the work
are discussed in the “Discussion” section.
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Fig. 1. Data on immune status in healthy individuals - children aged one to two years (adapted from Toptygina et al., 2023).

Individual measurements, median sample values, and 25-75 % quartiles are presented. The abscissa shows the names of the immune status indicators.
The ordinate shows the percentage of cells (%), the levels of cytokines (pg/ml) and immunoglobulins A, M, G (g/1), IgE (IU/ml).

Materials and methods

Immune status data. To study the network topology of the
immune system, we used previously published original data
(Toptygina et al., 2023). The data are a set of measurements
of immune status indicators in 19 healthy individuals, i. e.,
children aged one to two years: populations of immune cells
(42 subpopulations) obtained by flow cytometry; cytokine
levels (13 types) obtained by multiplex analysis; antibody
levels (4 types) determined by enzyme immunoassay. The
data samples are summarized in Figure 1 as individual mea-
surements, median values, and 25 and 75 % quartiles. The
distribution of the indicators does not follow either the normal
or the log-normal behavior.

The data on the immune status of children are characterized
by a large dimensionality of the state space (59) and a small
sample size (19 patients), which is typical for systems biology
studies (Basu et al., 2017). If the sample size is large enough,
one can use the approach based on partial correlations in order
to determine the relationships between the immune status pa-
rameters. Otherwise, an approach that takes into account the
small size of the data set has to be implemented to correctly
determine statistically significantly correlations between the
measured variables and construct a network topology graph.
It should be noted that all the children belonged to the same
age group from one to two years old, which in medical practice
is not customary to subdivide further. Due to the small size of
the group (19 people), additional division by gender (10 girls
and 9 boys) would have reduced the statistical power below
the critical level required for the method used in our study.

Principal component analyses. The principal component
analysis (PCA) was performed using the prcomp function
in the R language, the factoextra R package (version 1.0.7)
was used for visualization. To perform the PCA, the data
were standardized, and the variables TGF-f, IL-17, and
CD3*CD45R0"CD4*CD161" were excluded from the analysis

due to missing data. The analysis of the principal components
(PCs) did not reveal the possibility of explaining the variance
of the data by a small number of the components (Fig. 2a),
and no correlation-based clusters of immune status variables
exist in the first two PCs (Fig. 2b).

Methods of partial correlation analyses and recon-
struction of the connection network. An alternative to the
standard method of estimating partial correlations is an ap-
proach using regularization methods to estimate the matrix of
partial correlations (Epskamp, Fried, 2018). The principle of
regularization is based on the assumption that the number of
connections in the constructed model network is significantly
less than the number of observed variables, i.e. the real net-
work is sparse. Accordingly, the LASSO method (Epskamp,
Fried, 2018) is used as a regularizing correction that allows
zeroing out insignificant correlations between variables (the
number of edges in the graph). To analyze our data, we used
this approach for the estimation of debiased sparse partial
correlations matrix implemented in algorithm DSPC (Basu et
al., 2017), which provides additional correction of estimates
of the elements of the inverse covariance matrix, i. e. the ele-
ments of the partial correlations matrix. The estimates of the
correlation matrix elements were represented as heatmaps
and visualized as weighted networks, where the vertices
(nodes) represent the immune status variables and the edges
show correlations between them. The results of estimating
the correlation-based relationships depend significantly on
the algorithm parameters: 1) the value of the parameter A for
the regularization term in the form of ¢; norm of the inverse
covariance matrix; 2) the choice of the statistical significance
level p for the predicted correlation relationship. Below, we
study the effect of the p-value on the network topology of
connections in the immune system.

To calculate the sparse partial correlations using the DSPC
method, we used the Java application CorrelationCalculator

CUCTEMHAA KOMIMbIOTEPHAA BUOJTIOTUA / SYSTEMS COMPUTATIONAL BIOLOGY 1043
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(version 1.0.1) developed in (Basu et al., 2017). The origi-
nal data were normalized, i.e. logarithmically transformed
and standardized. A graphical representation of statistically
significant correlations (for p < 0.01; 0.05; 0.1; 0.15) in the
form of heatmaps and graphs of correlation networks was
performed using the R packages igraph (version 1.6.0) and
ggplot2 (version 3.5.2). The topological characteristics of the
correlation networks graphs were calculated using the igraph
package in R (version 1.6.0).

Results

In what follows, we study the effect of the p-value on the
network topology of connections in the immune system. The
conventionally considered statistical significance levels 0.01,
0.05, 0.1, 0.15 are analyzed.

Heatmap and connection graph for p = 0.01

The heatmap of partial correlations between immune status
parameters for healthy children at a statistical significance
threshold p = 0.01 is presented in Figure 3a. The correspond-
ing graph of the network is shown in Figure 3b. This graph
has 23 nodes and 12 edges (connections). In fact, connectivity
in the network is missing. Figure 3¢ shows the distribution
of immune response indicators with respect to the number of
identified links between them. The node with the maximum
number (2 in total) of correlations represents the CD4 T cell
population (CD3*CD4%).

Heatmap and connection graph for p = 0.05

The heatmap of correlations between immune status pa-
rameters for healthy children at a statistical significance
threshold p = 0.05 is presented in Figure 4a. The corre-

sponding network graph is shown in Figure 4b. This graph
has 53 nodes and 44 edges (connections). The cohesion of
individual network components is strengthened, but overall,
it is absent. Figure 4c shows the distribution of immune
response indicators with respect to the number of identified
links between them. The nodes with the maximum number
of correlations (called hubs) represent the proinflamma-
tory cytokines IL-8, IL-12, and central memory T cells
(CD4*CD45RACD62L*, CD8"CD45R0*CD62L"), Th17
(CD3*CD45R0*CD4*CD161%) and activated NK cells
(CD37CD8*CD122"). The maximum number of connections
increases to three.

Heatmap and connection graph for p = 0.1

The heatmap of correlations between immune status param-
eters for healthy children at a statistical significance threshold
p = 0.1 is presented in Figure 5a. The corresponding network
graph is shown in Figure 5b. This graph has 59 nodes and
69 edges (connections). Figure 5¢ shows the distribution
of immune response indicators with respect to the number
of identified links between them. The nodes with the maxi-
mum number of correlations (four in this case) represent the
cytokines IL-4, IL-12 inducing the cellular and humoral im-
munity, the terminally differentiated effector memory T cells
(CD4*CD45RA*CD62L", CD8*CD45RA*CD62L"), and
Th17 cells (CD3*CD45R0"CD4*CD1617).

Heatmap and connection graph for p =0.15

The heatmap of correlations between immune status param-
eters for healthy children at a statistical significance threshold
p =0.15 is presented in Figure 6a. The corresponding network
graph is shown in Figure 6b. This graph has 59 nodes and
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Fig. 3. Heatmap and network graph of immunological parameters in healthy children at a statistical significance level of p =0.01:
a - heatmap of correlations between immune status indicators; b — graph of connections network at p = 0.01; ¢ - characteristics of the complexity of

the network of connections.

Here and in Figures 4-6: the node numbers correspond to the immune status parameters shown in c. The ordinate names the immune status indicators.
The abscissa shows the degrees of the graph nodes. Positive correlations (red lines), negative correlations (blue lines), the thickness of the edges is proportional
to the absolute values of the DSPC coefficients. The color of the nodes corresponds to the node index, i. e. the number of significant correlations.

106 edges (connections). Figure 6¢ shows the distribution of
immune response indicators with respect to the number of
identified links between them. The nodes with the maximum
number of correlations (hubs) represent the immunoglobulins
IgM, plasma cells (CD3"CD8 CD38*HLADRY), activated
T cells (CD3*CD8CD38*, CD8*CD122%), and the double-
positive activated cells (CD45RA*CD45R0") reflecting the
transition from naive to memory cells. The maximum number
of connections increases to six.

Analysis of the robustness of correlation estimates

To assess the stability of the obtained DSPC correlation
coefficients in relation to the sample size, a procedure was
performed for generating ten different subsamples accor-

ding to the vfold10 scheme. In most cases, it corresponds to
the selection of 17 out of 19 measurements. The coefficient
of variation (the ratio of the standard deviation to the mean
value) of the DSPC coefficients estimated from the generated
subsamples was chosen as a measure of stability (robust-
ness). The estimated coefficients of variation are shown
in Figure 7 for four levels of statistical significance in the
form of heatmaps. Importantly, their absolute values do not
exceed 0.1.

Comparative analysis of topological properties of graphs
of correlations between indicators of immune status

The Table shows the results of calculating the topological cha-
racteristics of the constructed graphs of correlation networks
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Fig. 4. Heatmap and network graph of immunological parameters in healthy children at a statistical significance level of p = 0.05:

a - heatmap of correlations between immune status indicators; b — graph of connections network at p = 0.05; ¢ — characteristics of the complexity of the network

of connections.

between immune status indicators for various thresholds of
statistical significance. The following basic characteristics
were considered: graph diameter, graph radius, girth of graph
(the length of the smallest cycle contained in the graph),
average path length, graph energy, spectral radius, edge
density, clustering coefficient, average graph diversity (deter-
mined through entropy calculated by the weights of incident
edges — the absolute values of the correlation coefficients
DSPC), the number of separators, and the number of uncon-
nected subgraphs.

The number of nodes, edges, and maximum node degrees
grows with increasing statistical significance threshold. Ho-
wever, the graph diameter, radius, girth and average path
length exhibit a non-monotonic dependence, initially increa-
sing and then decreasing, which indicates a transformation
of properties towards the “small world network” family. The
graph energy and spectral radius increase monotonically
with increasing threshold p. The clustering coefficient also
increases, indicating that the graph nodes tend to cluster to-
gether. Interestingly, the number of cutting nodes and edges
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Fig. 5. Heatmap and network graph of immunological parameters in healthy children at a statistical significance level of p =0.1:

a - heatmap of correlations between immune status indicators; b — graph of connections network at p = 0.1; ¢ - characteristics of the complexity of the network
of connections. Solid lines of the edges correspond to correlations with a significance level of p < 0.05, dashed lines, to p < 0.1.

decreases at p = 0.15, which may indicate an increase in the
robustness of the connections graph. As expected, the number
of disconnected subgraphs decreases.

Discussion

Identification of the connection structures between the
various functional components of the immune system is an
extremely urgent task of modern immunology. This is due to
an extremely high number of measured characteristics, with

a relatively small sample size, reflecting the situation in big
data biomathematics, called the “curse of dimensionality”.
To analyze the relationships between immune status param-
eters, we implemented and analyzed an approach based on a
regularized method for estimating sparse partial correlations
implemented in the DSPC algorithm (Basu et al., 2017), which
minimizes the number of false correlations. It is noted that the
results of applying the algorithm may depend on the sample
size, imputation of missing data, the nature of the true network
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Fig. 6. Heatmap and network graph of immunological parameters in healthy children at a statistical significance level of p =0.15:

a - heatmap of correlations between immune status indicators; b — graph of connections network at p = 0.15; ¢ — characteristics of the complexity of the network
of connections. Solid lines of the edges correspond to correlations with a significance level of p < 0.05, dashed lines, to p < 0.15.

structure and other aspects. Our work demonstrates that, given
a limited sample size of measurements, an a priori assignment
of the level of statistical significance is of fundamental im-
portance for the formation of a matrix of partial correlations.
Increasing the statistical significance threshold increases the
complexity of the network topology generated by the DSPC-
based approach. Final verification of the immunologically
correct structure of connections requires both an increase in
the sample size and conjugation with a priori mechanistic
views and models of the functioning of the immune system

components, i. e. the participation of clinical immunologists
(Qiao etal., 2025). An important step in this direction was the
development of the ImmunoGlobe tool for constructing and
analyzing the network of interactions in the immune system
(Atallah et al., 2020) using phenomenological information
from the fundamental textbook “Janeway’s Immunobiology”
(Murphy, Weaver, 2017).

The aim of this work is to implement and introduce a new
method for identifying relationships between cellular and
humoral components of the immune systems. Identification
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Fig. 7. Matrices of estimates of the variation coefficients for four significance levels: p < 0.01 (a); p < 0.05 (b); p < 0.1 (c); p < 0.15 (d).

of the network relationships between elements of immune
status is central to the systems immunology approach, but the
relevant analytical tools remain undeveloped. All currently
existing verified concepts of immune networks are limited to
schemes with no more than three or four components (antigen
presentation, differentiation pathways, paracrine and autocrine
interactions). For this reason, it is not possible to uniquely
select and verify one of the presented networks. If we adhere
to the generally accepted level of significance (p = 0.05), then
we should give preference to the network constructed in the
section “Heatmap and graph of connections for p = 0.05”.
Identifying the network structure of relationships between
components of cellular and humoral immunity is a necessary

element for the transition from a static description of immune
status to a systems dynamics consideration of the maintenance
of immune homeostasis.

Conclusion

The development of combination therapies for chronic
diseases associated with induction of several components of
the immune system requires understanding of the topology
and strength of the structural connections in the system. Our
study demonstrates for the first time that DSPC-based methods
can be used to obtain consistent estimates of significant partial
correlations for similar problems in a typical situation with
a large number of measured immune status parameters and
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Comparative analysis of topological properties of graphs of correlations between indicators of immune status

for various significance thresholds

Topological characteristics p <0.01
Number of nodes, n 23
Number of edges, m 12
Maximun digree, Ag 2
Diameter, D 2
Radius, r 1
Girth, g 0
Average path length, Ig 1.08
Energy, E,, 22.8
Spectral radius, p 1.4
Edge density, py 0.05
Clustering coefficient, C 0
Topological diversity of vertices, Dpspc 0.04
Number of node separator, n.,; 1
Number of edge separatrors, m¢,; 12
Number of unconnected subgraphs 11

a small number of patients. Translation of the results into
biomedical practice to address the challenges of personalized
treatment and prevention of immune-dependent pathological
processes requires an active participation of clinicians in
order to determine therapy targets and quantitatively predict
its effectiveness.
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