Resource

Mass Cytometry and Topological Data Analysis
Reveal Immune Parameters Associated with
Complications after Allogeneic Stem Cell
Transplantation
Graphical Abstract

Authors
Tadepally Lakshmikanth, Axel Olin,
Yang Chen, ..., Mats Remberger,
Brigitta Omazic, Petter Brodin

Correspondence
petter.brodin@ki.se

In Brief
Lakshmikanth et al. conduct a systems
analysis of immune reconstitution after
stem cell transplantation. Using
topological data analysis, combinations
of cells and proteins associated with CMV
and graft-versus-host disease were
revealed and illustrate the potential of
systems immunomonitoring to improve
the development and evaluation of
cancer immunotherapies.

Highlights
d

Mass cytometry data analysis after allogeneic stem cell
transplantation

d

Perturbed co-regulation patterns of cells and proteins are
associated with complications

d

Topological data analyses allow for the integration of cell,
protein, and metadata

d

Cytomegalovirus has a profound impact on the regenerating
immune system

Lakshmikanth et al., 2017, Cell Reports 20, 1–13
August 29, 2017 ª 2017 The Author(s).
http://dx.doi.org/10.1016/j.celrep.2017.08.021

Please cite this article in press as: Lakshmikanth et al., Mass Cytometry and Topological Data Analysis Reveal Immune Parameters Associated with
Complications after Allogeneic Stem Cell Transplantation, Cell Reports (2017), http://dx.doi.org/10.1016/j.celrep.2017.08.021

Cell Reports

Resource
Mass Cytometry and Topological Data Analysis Reveal
Immune Parameters Associated with Complications
after Allogeneic Stem Cell Transplantation
Tadepally Lakshmikanth,1,2,8 Axel Olin,1,2,8 Yang Chen,1,2,8 Jaromir Mikes,1,2 Erik Fredlund,3 Mats Remberger,4,5
Brigitta Omazic,4,6 and Petter Brodin1,2,7,9,*
1Science

for Life Laboratory, Department of Medicine Solna, Karolinska Institutet, 17176 Stockholm, Sweden
of Infectious Diseases, Karolinska University Hospital, 17176 Stockholm, Sweden
3Science for Life Laboratory, Department of Oncology-Pathology, Karolinska Institutet, 17177, Stockholm, Sweden
4Department of Oncology-Pathology, Karolinska Institutet, 17177, Stockholm, Sweden
5Center for Allogeneic Stem Cell Transplantation, Karolinska University Hospital, 14186 Stockholm, Sweden
6Department of Clinical Immunology and Transfusion Medicine, Karolinska University Laboratory, Karolinska University Hospital,
14186 Stockholm, Sweden
7Department of Neonatology, Karolinska University Hospital, 17176 Stockholm, Sweden
8These authors contributed equally
9Lead Contact
*Correspondence: petter.brodin@ki.se
http://dx.doi.org/10.1016/j.celrep.2017.08.021
2Unit

SUMMARY

Human immune systems are variable, and immune
responses are often unpredictable. Systems-level
analyses offer increased power to sort patients on
the basis of coordinated changes across immune
cells and proteins. Allogeneic stem cell transplantation is a well-established form of immunotherapy
whereby a donor immune system induces a graftversus-leukemia response. This fails when the donor
immune system regenerates improperly, leaving the
patient susceptible to infections and leukemia
relapse. We present a systems-level analysis by
mass cytometry and serum profiling in 26 patients
sampled 1, 2, 3, 6, and 12 months after transplantation. Using a combination of machine learning and
topological data analyses, we show that global
immune signatures associated with clinical outcome
can be revealed, even when patients are few and heterogeneous. This high-resolution systems immune
monitoring approach holds the potential for
improving the development and evaluation of immunotherapies in the future.
INTRODUCTION
In patients with leukemia undergoing allogeneic stem cell transplantation, survival depends on the regeneration of a competent
immune system able to protect the individual from infectious diseases and elicit graft-versus-leukemia responses necessary
for cure. It is well established that the number of CD34+ stem
cells infused is positively correlated with the speed of recovery
across multiple cell lineages (Storek et al., 2008). The speed of
immune engraftment and recovery differs between immune cell

populations, with innate cells such as neutrophils, monocytes,
and natural killer (NK) cells recovering during the first weeks
and months after transplantation, while adaptive T and B lymphocytes take many months and even years to regenerate functionally (Storek et al., 2008).
Moreover, the regeneration of a fully competent immune system is more complicated than simply the measurable reappearance of donor-derived cell populations in the peripheral blood. It
is a process during which different immune cell populations
communicate with one another through a rich network of serum
proteins and compete with one another for limited ligands,
growth factors, and space within the recipient. How this
balancing act among the many system components evolves
over time, and how it differs among patients, is not well understood. Charting out a complex process such as this one is intractable from observations of individual cell populations or proteins
alone. Instead, simultaneous measurements of the many
immune cell populations and serum proteins involved are
required to understand immune system regeneration and the
re-establishment of immune competence.
Recent technological and theoretical advances in the field of
systems biology are now guiding more systems-level analyses
of immune responses (Hagan et al., 2015). Such analyses are
particularly useful for studies in humans because of the enormous inter-individual variation (Brodin and Davis, 2017; Davis,
2008). One enabling technology is mass cytometry (CyTOF 2;
Fluidigm) (Bandura et al., 2009), which allows simultaneous
profiling of all the different immune cell populations present
in peripheral blood. This is particularly valuable when studying
patients with limited blood cell numbers such as young children
and leukopenic patients undergoing transplantation. The
development of multiplex protein measurements, such as the
proximity extension assay (PEA) (ProSeek; Olink AB), has
enabled many simultaneous measurements of proteins from
only a few microliters of serum (Lundberg et al., 2011). Novel
multi-parameter measurements have also inspired progress in
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Figure 1. Systems-Level Analysis of Immune System Reconstitution
(A) Overview of study design with samples drawn before and at 1, 2, 3, 6, and 12 months after allogeneic stem cell transplantation.
(B) Generation of detailed immune cell profiles by mass cytometry and serum profiles by proximity ligation assay (PEA) integrated with clinical parameters.
(C) Venn diagram showing patient groups and overlapping clinical complications.

high-dimensional data analysis to translate such data into biological understanding. Better visualization tools (Amir et al.,
2013) and data-driven classification of individual cells now allow
previously unknown cell populations to be defined (Levine et al.,
2015b; Shekhar et al., 2014). Together, these advances enable
analyses of the relationships between immune system components and a better understanding of the underlying mechanisms
that regulate immune responses in humans. The ability to understand relationships among system components is further
enhanced by performing longitudinal analyses during a perturbation of the system (Chuang et al., 2010). This key concept of
systems biology has been leveraged by several groups to understand immune responses induced by vaccines (Li et al., 2014;
Nakaya et al., 2011; Sobolev et al., 2016; Tsang et al., 2014).
The regeneration of the donor-derived immune system after
transplantation provides a unique opportunity to investigate dynamic changes in cell composition in humans. Here we present a
systems-level analysis in 26 patients monitored longitudinally
during immune regeneration by mass cytometry and serum protein profiling. By combining the multi-parameter measurements
with various high-dimensional data analysis tools, machine
learning, and in particular topological data analysis (TDA), we uncover patterns of immune cell evolution and collective states
across multiple immune parameters associated with clinical
outcome and complications such as acute graft-versus-host
disease (aGvHD) and cytomegalovirus (CMV) infection. This
proof-of-principle analysis illustrates that by focusing on systems-level analyses, instead of individual parameters analyzed
in isolation, biological insights can be obtained, even when the
cohort is small and heterogeneous. This suggests that systems-level analyses can also be applied more broadly in cancer

immunotherapy and improve the development of treatments in
the future.
RESULTS
Systems-Level Analysis of Immune Regeneration in
Human Patients
To understand the coordinated behavior of the many different
immune cell populations and serum proteins involved in immune
reconstitution, we developed a systems immunology analysis
framework in which detailed immune profiles could be obtained
even in leukopenic patients with low cell counts. Using mass
cytometry and a panel of 40 different probes targeting surface
antigens, and the intracellular marker of proliferation Ki-67, we
profiled the different immune cell populations present in blood
(Experimental Procedures and Table S1). This is made possible
using antibodies coupled to unique mass tags, detectable at single-cell resolution in an inductively coupled plasma-mass spectrometer (ICP-MS) (Bandura et al., 2009; Bendall et al., 2011).
The combination of such cellular analyses with high-dimensional
serum protein profiles by PEA provides a comprehensive view of
a patient’s immune system at a given time point (Figure 1B). The
PEA analysis allows for the quantification of 92 cytokines, chemokines, and growth factors simultaneously (Table S2), using
only a few microliters of serum. This is accomplished by the
simultaneous recognition of each serum protein by two different
antibody clones carrying cDNA-oligos that ligate only when
brought into proximity by their target, allowing extension by a
polymerase and detection by qPCR (Biomark HD; Fluidigm)
(Experimental Procedures) (Lundberg et al., 2011). We analyzed
blood samples drawn at 1, 2, 3, 6, and 12 months after
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transplantation in 26 patients treated at the Center for Allogeneic
Stem Cell Transplantation (CAST) at the Karolinska University
Hospital (Experimental Procedures). These patients underwent
transplantation as a treatment for acute leukemia and/or myelodysplastic syndrome (Table S3). They all received peripheral
blood stem cell grafts harvested from donors pre-conditioned
with granulocyte-macrophage colony-stimulating factor (GMCSF), and were treated with immunosuppressive regimens on
the basis of calcineurin inhibitors post-transplantation (Table
S3). Clinical, biomedical, and anthropometric parameters were
also collected and taken into account in our analyses. The
patients belonged to two broad categories. The first group
(n = 10) of patients were successfully treated and cured, without
suffering any major complications and regenerating a fully functional donor immune system. The second group (n = 16) consisted of patients with an unfavorable immune reconstitution
leading to multiple, often fatal complications caused by immune
dysfunction (Figure 1C).
Dynamics of Bone Marrow Output and Engraftment
The kinetics of bone marrow output are indicated by the frequency of circulating reticulocytes, which was found to peak at
50–100 days post-transplantation in our cohort (Figure S1A).
Reconstitution of platelets is an early event during engraftment
and occurred in the first weeks, while hemoglobin levels
increased more gradually to normal levels at about 200 days
post-transplantation (Figure S1A). Allogeneic stem cell transplantation and the drugs used during pre-conditioning have
broad implications for the entire organism, but liver function (Figure S1B) and kidney function tests remained stable during the
study period (Figure S1C).
Co-regulated Serum Proteins Suggest Distinct Phases
of Immune Regeneration
The concentrations of 92 serum proteins were monitored during
immune regeneration by PEA. The 79 most broadly abundant
proteins (detected in >50% of samples) followed four principal
patterns: (1) a transiently increased concentration around
3 months, (2) a conversely decreased concentration at 3 months,
(3) a gradual increase or, (4) a gradually decreased concentration
during the first year after transplantation (Figure 2A). We considered proteins following the same pattern as likely co-regulated,
and/or functionally related, and performed a functional annotation analysis by comparing these four sets of proteins with
all gene sets in the Molecular Signatures Database (http://
software.broadinstitute.org/gsea/msigdb/). Although many of
the enriched processes were shared across all proteins analyzed,
some processes were strongly enriched in one of the serum protein groups but not in the others. The ‘‘3 month burst’’ proteins
displayed an overrepresentation of proteins involved in ‘‘cell proliferation,’’ ‘‘IL-2 signaling upregulated,’’ and ‘‘allograft rejection’’
suggesting that these processes are particularly active during
this phase of immune regeneration (Figure 2B). Conversely, the
‘‘3 month decay’’ group of proteins represented responses to
stressors, wounding, and inflammatory responses, indicating
decreased activity of such immune processes in this same phase
(Figure 2B). Proteins gradually increasing in concentration were
involved in ‘‘defense responses’’ and ‘‘responses to external

stimuli’’ as well as the ‘‘hallmark TNF signaling via NFkB’’ gene
set, suggesting a gradual normalization of microbial defenses in
general, and the key TNF pathway involved in several homeostatic functions including proliferation, apoptosis, metabolism,
and coagulation, in particular (Figure 2B). Finally, leucocyte
migration and chemotactic proteins showed a gradual decrease
over time, illustrating the important roles of different proteins during different phases of immune regeneration.
Serum Protein Patterns in Complicated and
Uncomplicated Cases
Serum protein concentrations were also compared between
complicated and uncomplicated cases using a principal-component analysis (PCA) (Pearson, 1901). In a subset of eight patients,
serum samples were available already prior to transplantation
during conditioning with cytostatic drugs. The serum protein
profiles from four patients who would later suffer from complications were separated along principal component 1 from four
patients who would not suffer such complications after transplantation. This sample was drawn weeks to months prior to
the occurrence of such complications. Although preliminary
given the very small number of samples, this finding suggests
a possible predictive potential of pre-transplantation serum protein signatures involving proteins such as CCL23, TNF-b, TRAIL,
and MIP1a associated with complications and CX3CL1 correlating with a uncomplicated outcome (Figure S2). We also monitored serum protein patterns between complicated and uncomplicated cases at 1, 2, 3, 6, and 12 months after transplantation.
This analysis revealed a gradient along PC2 partially separating
the two groups of patients after transplantation (Figure 2C), with
TNF-b and TRAIL associated with complications at early time
points, in line with the pre-transplantation situation (Figure S2).
We conclude that serum protein profiles alone do provide
some valuable information, but these profiles alone cannot
distinguish patient groups robustly.
Engraftment of 89 Immune Cell Populations after
Transplantation
White blood cells come in many different shapes and sizes.
Different cell populations are specialized to perform distinct
functions in the immune system, and in order to understand
when and how specific cell populations re-emerge and the balance between these cell populations during the process of
regeneration, we analyzed peripheral blood mononuclear cell
(PBMC) samples by mass cytometry as described above. We
manually gated 89 immune cell populations (Figure S3) involving
all canonical lymphoid and myeloid cell populations (Figure S3).
These subpopulations represent different maturation stages
within lineages and activation-induced phenotypes. Using clinical measurements of total white blood cell counts, we recalculated relative immune cell populations to absolute cell counts
(107 cells/L of blood) (Figure S4).
Inter- and Intra-individual Variation in Immune Cell
Populations
Immune cell composition within healthy individuals is stable over
time but highly variable among individuals (Carr et al., 2016;
Tsang et al., 2014). Upon infection or other perturbations,
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Figure 2. Patterns of Serum Protein Concentrations during Regeneration
(A) Spark lines illustrate loess-smoothened protein concentrations for all patients over time after transplantation.
(B) Enriched gene sets from MSigDB for each of the four canonical patterns of serum protein development are shown with their indicated p values.
(C) PCA of 78 serum proteins detectable in at least one sample from eight subjects with available samples prior to transplantation during conditioning therapy.
(D) PCA at follow-up after transplantation: n = 89 (1 month), n = 85 (2 months), n = 91 (3 months), n = 82 (6 months), and n = 86 (12 months).

transient changes occur, but then immune cell frequencies stabilize and return to their baseline values (Brodin and Davis,
2017). Allogeneic stem cell transplantation represents a unique
opportunity to study dynamical changes in immune cell composition over time in humans. We calculated overall variation (coef-

ficient of variance [CV]) across all samples collected (Figure 3A).
All cell populations (except total PBMCs) showed a great deal of
total variation (CVs > 0.5) between samples. The least variable
populations apart from the total PBMC population were
CD161+ T cells and central memory phenotype T cells, while
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Figure 3. Immune Cell Populations Evolve over Time
(A) Coefficient of variance (CV) for each gated cell population across all samples.
(B) Fraction of explained variance attributed to graft CD34 count, patient ID, time point (months post-transplantation), and graft total nucleated cell (TNC) count.

the most variable cells were neutrophils and populations of activated and effector T cells (Figure 3A).
For each of the 89 immune cell populations, we estimated the
fraction of explained variance attributable to patient ID (individual) and time point after transplantation (Experimental Procedures). We found that both CD4+ and CD8+ T cells with central
memory phenotypes showed the greatest contribution of patient
ID, meaning that they were the individual cell types with greatest
variation between patients (Figure 3B). Previous results have
suggested that such cells are key players in immune reconstitution, able to repopulate other T cell populations and provide
long-term graft-versus-leukemia effects (Berger et al., 2008).
Also, memory B cell populations, both class-switched and
non-switched, as well as plasmablasts varied more within individuals over time after transplantation than among patients (Figure 3B). We also included information about graft cell count in our
analysis and estimated the amount of variation explained by graft
CD34 count, and graft total nuclear cell (TNC) count for each of
the 89 cell populations analyzed. A general pattern was that cells
whose variation was best explained by total TNC count had very
marginal contribution of graft CD34+ cell count and vice versa.
This suggests that both of these factors contribute to immune
reconstitution, but in different ways, such that a graft rich in
CD34+ stem cells, but not in total cell count, would favor the
reconstitution of specific cell populations, while other cell types
would be more sensitive to the overall cell count in the graft. The
neutrophil count varied strongly with the total cell count of the
graft, as did other myeloid cell populations such as most monocyte subpopulations and plasmacytoid dendritic cells (Figure 3B). CD4+ T cell populations were found to vary more
strongly in relation to graft CD34+ count, suggesting that optimization of CD4+ T cell reconstitution should be focused on
increasing graft CD34+ cell count and not only total graft cell

count (Figure 3B). We conclude that in contrast to healthy individuals, the variations in immune cell composition over time in
patients undergoing stem cell transplantation are profound yet
highly variable among cell populations. This underscores the
importance of systems-level analyses adept at capturing
changes not only in individual cell populations but also in combinations of cell populations.
Global Perturbations in Cell and Protein Networks
Associated with Clinical Outcome
After focusing on individual system components and their
changes over time, we wanted to analyze the collective state
across immune system components during regeneration. Our
aim was to investigate differences in global immune regulation
between patients suffering complications and their healthy
counterparts. The different complications occurred at different
time points during regeneration. Herpes simplex virus (HSV)
infections occurred early, at an average of 1.2 months posttransplantation, aGvHD at 1.4 months on average (Figure 4A).
Reactivation of CMV occurred at an average of 2.4 months
post-transplantation, and in patients with more than 1,000
viral copies/mL of blood, valganciclovir treatment was administered. Leukemia relapse occurred after our follow-up time
!12.4 months post-transplantation (Figure 4A). We analyzed
global correlation patterns for serum proteins between uncomplicated (n = 10) and complicated (n = 16) cases. Uncomplicated
cases were used as reference, and drastically different correlation patterns were found in patients suffering complications (Figure 4B). The ten strongest correlations (positive or negative) in
healthy patients with the greatest change in complicated patients revealed specific proteins that was altered at specific
time points during regeneration (Figure 4C). For example, the
T cell and monocyte chemotactic protein CCL23 (Patel et al.,
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1997) was altered early (1–2 months) and soluble IL-10RB and
IL-18 later (6–12 months) during regeneration. These findings
suggest global imbalances between serum proteins possibly underlying the immune dysregulation associated with complications after transplantation.
Cell population correlation networks showed similar differences between uncomplicated and complicated cases across
all time points analyzed (Figure 4D). At early time points, total
PBMC counts correlated strongly with several quite small cell
populations in the complicated patients but not in healthy
patients, possibly reflecting the overall slower recovery of
PBMC counts in complicated cases but not in healthy patients
(Figure 4E). By 3 months post-transplantation, strong positive
correlations involving central memory T cells, naive T cells, and
CD22+ B cells were seen in healthy patients but not in patients
suffering complications (Figure 4C). Later during regeneration,
the complicated patients showed strong positive correlations
between T cells with activated (e.g., HLA-DR+), exhausted
(2B4+), and senescent (CD57+) phenotypes (Wherry and Kurachi,
2015), possibly related to the chronic stimulation from persistent
viruses and other complications these patients’ immune systems
fail to control (Figure 4E). These perturbations across immune
system components indicate global immune dysregulation
in patients suffering complications but also provide examples
of specific factors important at specific time points after
transplantation.
TDA Allows for Integrative Analyses of Immune Cells and
Proteins
The analyses above suggest that no individual measurement can
account for the complexity during the process of immune regeneration or capture differences between patients that correlate
clearly with clinical outcome. To maximize our ability in distinguishing such patients, we integrated all measurements using
TDA (Lum et al., 2013). TDA is ideal for this purpose given its ability to identify geometric summaries of the data set independent
of the underlying coordinate systems in which the different data
types are measured; additionally, by focusing on geometrical
shapes that are invariant under minor perturbations, the
approach is robust against measurement of noise (Lum et al.,
2013). The workflow involves binning a point cloud of data on
the basis of one of several filter functions and generating a
network summary representation of the high-dimensional data
that can be further inspected and network regions associated
with clinical outcome identified (Figure 5A).
For TDA, we merged all 89 cell population frequencies and
92 serum proteins, across all 121 samples, yielding a total of

21,901 immune measurements during immune regeneration.
Each type of measurement was scaled to unit variance, and
TDA was applied using correlation as distance metric and
principal component 1 as well as an L1 centrality measure as
filter functions (Experimental Procedures). This resulted in a
network summary of the data in which nodes represent sets
of samples with correlated measurements and edges connecting nodes that share at least one sample (Figure 5B). Using
this approach, we aimed to provide a global overview of
the complex data set that would not only allow us to
analyze individual measurements types (cells and proteins)
separately but also provide a means for integrated analyses
across such data types and hopefully increased biological
understanding.
Combinations of Immune Cells and Proteins Associated
with Clinical Outcome
By coloring nodes in the topological summary on the basis of
clinical outcome, we identified one branch of nodes consisting
exclusively of samples from patients with uncomplicated outcomes, one larger mixed group of samples associated with
both good and bad outcomes, and finally one branch exclusively consisting of samples from patients with poor immune
reconstitution suffering from infections and other complications
(Figure 5B). We analyzed features enriched in the branch of
samples from only uncomplicated cases compared with remaining nodes in the network using the Kolmogorov-Smirnov
(KS) test. The result showed that this branch indicative of health
had 13 significantly over-represented immune cells and proteins (KS test, p < 0.05) (Figure 5C; Table S4). These markers
of healthy immune reconstitution included multiple CD4+
T cell subpopulations with central memory phenotypes, naive
and transitional B cell populations, as well as both NK cells
and T cells expressing the receptor CD161 (Figure 5C).
Conversely, underrepresented features (n = 17) included neutrophils and pro-inflammatory cytokines IL-6 and IL-8 (Figure 5C). The most strongly underrepresented parameter in
the group of uncomplicated samples was hepatocyte growth
factor (HGF). This protein, released upon liver injury, showed
a marked reduction in expression in the uncomplicated parameter branch compared with the mixed and complicated
branches of the network (Figure S5). We conclude that TDA
and its resulting topological network summary offers sufficient
resolution to distinguish groups of samples and patients,
even when sample size is small, and reveals combinations of
immune cells and proteins collectively associated with patient
outcome.

Figure 4. Global Correlation Structures Are Perturbed in Patients Suffering Complications
(A) Average time at which the specified complication occurs in the cohort.
(B) Pearson’s correlation coefficients in the 92 serum proteins at each individual time point after transplantation. The uncomplicated patients used as references
and the proteins in the complicated patients are ordered accordingly.
(C) Top ten strongly correlated protein pairs in uncomplicated (positive or negative correlation) with the greatest absolute change in correlation in complicated
patients.
(D) Pearson’s correlation coefficients between 89 most variable immune cell populations at each individual time point after transplantation. The uncomplicated
patients used as references and the proteins in the complicated patients are ordered accordingly.
(E) Top ten strongly correlated cell population pairs in uncomplicated (positive or negative correlation) with the greatest absolute change in correlation in
complicated patients.
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Global Perturbations to the Parameter Landscape Prior
to Diagnosis of aGvHD
To investigate in detail the immune components associated with
one major nemesis of allogeneic stem cell transplantation,
aGvHD, we performed additional topological analyses and generated a network summary using aGvHD status (none, pre-diagnostic, or post-diagnostic) as a filter function. In this way, the
parameter landscape is generated such that distinguishing features associated with aGvHD status are highlighted more clearly.
The network revealed one region exclusive to samples from patients without any aGvHD at any time during regeneration, one
region exclusively containing samples taken after aGvHD diagnosis, and one region enriched for samples taken prior to aGvHD
diagnosis (Figure 6A). None of the parameters were significantly
different between pre- and post-aGvHD regions (Table S6A). In
contrast, when comparing the pre-aGvHD region with the region
of samples drawn from patients without aGvHD at any time during
follow-up, we identified 13 significantly differentially regulated
proteins (Figure 6B; Table S6B). These proteins included OPG,
IL-6, and IL-18R1, which were all higher in the pre-diagnostic
aGvHD samples compared with the healthy, non-aGvHD group,
suggesting a role of these factors in this condition.
CMV Induced Immune Perturbation during Immune
Regeneration
CMV is a common problem in patients undergoing allogeneic
stem cell transplantation, contributing significantly to morbidity
and mortality. Also, in healthy individuals, CMV has been shown
to influence a large fraction of all immune cells and proteins (Brodin et al., 2015; Rölle and Brodin, 2016). We analyzed CMV reactivation in our patients and used this CMV status (pre/post and
no diagnosis) as a filter function in the network generation
(Experimental Procedures). One region stood out as particularly
enriched in samples taken post-CMV diagnosis (Figure 6C), and
when comparing features in this region with the remaining
nodes, we found 31 significant (p < 0.05) differentially regulated
immune cells and proteins (Figure 6D; Table S6C). The postCMV reactivation node was positively correlated with the occurrence of aGvHD, in line with previous results (Cantoni et al.,
2010). T cells, both CD4+ and CD8+ expressing the ATPase
CD39 (Kaczmarek et al., 1996), were underrepresented in the
region of the parameter landscape representing post-CMV samples. Such a decrease in CD39 expressing T cells upon CMV reactivation could be due to the expansion of CD39-negative,
CMV-reactive cells. CD39-negative effector cells have recently
been shown to be more long-lived than their CD39 expressing
counterparts (Fang et al., 2016), suggesting a possible explanation for the observations that CMV-specific T cells often constitute a very large proportion of the entire T cell repertoire in CMV+
individuals (Sylwester et al., 2005).
In conclusion, multi-parametric immune profiling involving
many simultaneous cell populations and proteins, in combina-

tion with TDA, allows the detection of perturbed balances in
specific immune system components correlating with specific
clinical outcomes. Given the sensitivity of this approach, even
when the numbers of patients are small and conditions heterogeneous, this system-level immunomonitoring holds the potential
for improving immunotherapy regimens in the future, both in
the context of stem cell transplantation and beyond.
DISCUSSION
Here we present a systems-level analysis of immune system
regeneration after allogeneic stem cell transplantation. We reveal
the overall variation over time and between individual patients for
89 different immune cell populations and 92 serum proteins,
providing a detailed view of immune system regeneration. We
also show how the overall regulatory patterns differ between patients with complications compared with healthy patients, suggesting that diverse complications are not due to individual cell
populations or proteins being absent but rather a global immune
dysregulation. We also take advantage of TDA and its unique
ability to robustly integrate heterogeneous data sets such as
serum protein concentrations and immune cell counts (Lum
et al., 2013). These integrative analyses reveal that even with a
small and heterogeneous patient cohort, important differences
across many cell populations and serum proteins can be revealed in relation to clinical outcome and complications.
Transplantation is a well-established, powerful treatment for a
growing number of conditions, but the underlying mechanisms
of success or failure are incompletely understood. Although
impressive progress has been made in the past decade to
reduce transplantation-related mortality and improve outcomes,
some patients still fail to regenerate a healthy and fully competent donor immune system (Remberger et al., 2011). Understanding the mechanisms of such failures is essential for further
improving treatment regimens and survival rates. We also need
better metrics to predict the risk for specific complications in
individual patients. Elegant studies have shown that specific
serum protein concentrations differ between patients with
aGvHD and those without GvHD after allogeneic stem cell
transplantation (Paczesny et al., 2009). In a follow-up multicenter trial, the most predictive of these biomarkers were also
shown to allow accurate risk stratification of patients and guide
clinical management of aGvHD (Levine et al., 2015a). This
illustrates how an initial high-dimensional analysis can provide
leads, both mechanistically and as biomarkers that can be validated in larger cohorts and their predictive power tested with
the ultimate goal of guiding clinical management of patients toward better outcomes. Our study serves as a proof of principle
for the application of systems-level immune profiling during cancer immunotherapy in general and allogeneic stem cell transplantation in particular. By following the actions of the immune
system at this level of detail and integrating diverse types of

Figure 5. Topological Data Analysis Reveals Immune Measurements Associated with Immunocompetence and Clinical Outcome
(A) Illustration of TDA methodology.
(B) Network summary showing groups of correlated samples with similar immune measurements in nodes and edges between nodes sharing at least one such
sample. Nodes are sized by degree and colored by clinical outcome of the samples contained in the node.
(C) Differentially regulated parameters in the uncomplicated region versus the remaining nodes in the network (horizontal line: p = 0.05).
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measurements, we provide mechanistic leads for future followup studies and suggest previously unappreciated interdependencies between immune system components. Finally, using a
TDA approach, sets of parameters associated with clinical
outcome could be identified. Such parameters can now be
tested for prognostic use in larger cohorts with well-established
measurement modalities such as flow cytometry for cell populations and ELISA for serum protein measurements and with higher
cost-effectiveness. In this way, their potential use as prognostic
markers can be evaluated, allowing the identification of patients
with poor immune system regeneration requiring booster infusions, donor lymphocyte infusion (DLI), or other modifications
to their care for improved survival.
Apart from being a powerful treatment option for malignant
and non-malignant disorders, allogeneic stem cell transplantation also provides a unique opportunity for studies of immune
system ontogeny in humans. Impressive studies have been performed in murine model systems, unraveling the details of hematopoiesis, the biology of hematopoietic stem cells, and the
mechanisms of lineage commitment and differentiation (Spangrude et al., 1991).
One limitation of murine model systems is their inability to account for environmental influences unique to humans. This is
particularly important with studies of the immune system, given
this system’s continuous interaction with and adaptation to environmental influences (Brodin et al., 2015). CMV has been shown
to broadly influence the immune system of healthy individuals,
affecting nearly 60% of all cells and proteins in CMV-discordant
twins. In healthy individuals, CMV induces an aging of the immune system (Kaczorowski et al., 2017), and in patients undergoing allogeneic stem cell transplantation, CMV reactivation is
a common and dangerous problem. Here we show that CMV
reactivation affects immune regeneration broadly. CMV seropositivity of transplant recipients is associated with unfavorable
outcome (Ljungman et al., 2014), and the broad effects of this
virus on the developing immune system could be one of many
explanations for this.
The main limitation of our study is the small cohort size and our
inability to test the predictive values of our associations in additional patients analyzed prospectively. The broader applicability
of the specific immune system components identified in relation
to clinical outcome must be validated in additional studies of
larger patient cohorts.
Recent developments in the field of cancer immunotherapy
have shown impressive responses in selected patients. One
example is checkpoint blockade, in which anti-tumor immune
responses are potentiated by blocking one or more inhibitory
signaling pathways in effector cells (Hodi et al., 2003). A major
focus to advance such therapies is to improve our ability to predict responses in individual patients using individual or, more
realistically, combinations of measurements. On the basis of

the results presented herein, we argue that systems-level analyses involving many simultaneous immune cell populations
and serum proteins taking part in such immune responses, in
combination with integrative data analysis approaches, hold
the potential for identifying more such predictive signatures.
Hypotheses formed by such analyses will also provide unbiased
leads for mechanistic understanding of molecular pathways
involved that can become targets of future therapeutics. Also,
at the drug development stage, the use of systems-level analyses can provide important information about inter-individual
differences in responsiveness and therapeutic efficacy that can
improve the overall success rates for drug candidates.
EXPERIMENTAL PROCEDURES
Patients
This study involved 26 patients (14 women and 12 men aged 21–87 years;
mean age 51 years) with hematological malignancies undergoing allogeneic
stem cell transplantation at CAST, Karolinska University Hospital, between
2008 and 2013. All patients provided informed consent in writing prior to their
participation, in accordance with the Declaration of Helsinki and our ethical
permit (2010/760-31/1), approved by the local ethical review board in
Stockholm.
Immune Cell Phenotyping by Mass Cytometry
PBMCs were purified using density gradient separation and frozen in freeze
medium (90% FBS, 10% DMSO) and stored in liquid nitrogen. These cryopreserved PBMCs were thawed in RPMI medium supplemented with 10% FBS,
penicillin-streptomycin, and benzonase (Sigma-Aldrich). Briefly, for live-dead
cell distinction, cells were stained with 2.5 mM cisplatin (Fluidigm) in RPMI
without serum for 5 min at room temperature (RT) and quenched with RPMI
containing 10% FBS. Cells were then re-suspended in CyFACS buffer (PBS
with 0.1% BSA, 0.05% sodium azide, and 2 mM EDTA) and counted, and
approximately 1 million to 2 million live cells were used for staining in a 96deepwell round-bottom plate (Thermo Fisher Scientific). Next, cells were incubated for 30 min at 4" C with a 30 mL cocktail of metal-conjugated antibodies
targeting the surface antigens. Following wash with CyFACS buffer and overnight fixation using 1% formaldehyde made in PBS (Polysciences), cells were
permeabilized with cold methanol (Sigma-Aldrich) for 10 min at 4" C and
stained with 30 mL of intracellular Ab cocktail (Ki-67) for 60 min at RT. Cells
were washed and fixed in 4% formaldehyde at 4" C until acquisition. The antibodies used are listed in Table S1. On the day of acquisition (within a week
after staining), cells were stained with DNA intercalator (0.125 mM iridium191/193 or MaxPar Intercalator-Ir; Fluidigm) in 4% formaldehyde made in
PBS for 20 min at RT. After multiple washes with CyFACS, PBS, and Milli-Q
water, cells were filtered through a 35 mm nylon mesh and diluted to 500,000
cells/mL. Cells were acquired at a rate of 300–500 cells/s using a CyTOF 2
(Fluidigm) mass cytometer and CyTOF software version 6.0.626 with noise
reduction, a lower convolution threshold of 200, event length limits of 10–
150 pushes, a sigma value of 3, and a flow rate of 0.045 mL/min.
Antibodies and Reagents
Purified antibodies for mass cytometry were obtained in carrier/protein-free
buffer and then coupled to lanthanide metals using the MaxPar X8 antibody
conjugation kit (Fluidigm). After determining protein concentration by measurement of absorbance at 280 nm, the metal-labeled antibodies were diluted

Figure 6. aGvHD and CMV Infection Are Associated with Specific Global Perturbations to the Immune Network
(A) TDA network model generated with aGvHD status (none, pre-diagnostic, or post-diagnostic) as a filter function and colored by the same parameter. Encircled
regions enriched for no aGvHD, pre-diagnostic aGvHD, and post-diagnostic aGvHD.
(B) Differentially regulated parameters in the no-aGvHD region versus the pre-diagnostic aGvHD region in the network (horizontal line: p = 0.05).
(C) Network model generated with CMV status (no CMV, pre-diagnostic CMV, and post-diagnostic CMV) as a filter function and colored by the same parameter.
(D) Differentially regulated parameters in the post-diagnostic CMV region versus all other nodes in the network (horizontal line: p = 0.05).
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1:1 in Candor PBS Antibody Stabilization solution (Candor Bioscience) for
long-term storage at 4" C.
Mass Cytometry Data Analysis
FCS files were exported after removing default data randomization by the
CyTOF software (version 6.0.626). Files were normalized to bead standards
using our in-house implementation of previously described software (Finck
et al., 2013). Beads were removed and DNA double-positive events identified
using functions from the openCyto R library (Finak et al., 2014). Fcs files were
exported and manually gated in FlowJo (version 10.2; TreeStar). Raw data files
have been uploaded (https://flowrepository.org; ID: FR-FCM-ZY77).
Serum Protein Quantification
Whole blood was centrifuged and allowed to coagulate, and serum was stored
at #80" C in sterile tubes. For analysis, 20 mL was thawed and sent to Olink AB
for ProSeek Inflammation panel analysis (Table S2). In PEAs, serum proteins
are dually recognized by pairs of antibodies coupled to a cDNA-strand that
ligates when brought into proximity by its target, extended by a polymerase
and detected using a Biomark HD 96 3 96 dynamic PCR array (Fluidigm).
The Cq values from a DNA extension control are subtracted from the measurement Cq value, an interpolate control is corrected for, and finally a correction
factor is subtracted to yield a normalized protein expression (NPX) value,
which is log2-transformed.
TDA
Ninety-two serum protein measurements and 89 manually gated immune cell
population frequencies were merged into a matrix and scaled, measurementwise to unit variance ([x # SD]/mean) prior to TDA using the Ayasdi software
Platform (Ayasdi). Nodes in the network represent clusters of correlated
samples, and edges connect nodes that share individual samples. For TDA
analysis in Figure 5, norm correlation was used as the distance metric, and
metric PCA coordinate 1 and L1 centrality were used as filter functions (resolution 30, gain 3.0). We manually inspected the network and identified nodes
containing only samples from uncomplicated patients and compared these
with the remaining nodes of the network using the Kolmogorov-Smirnoff
test. For Figure 6A, norm correlation was used as distance metric, and neighborhood lens 1 and 2 (resolution 30, gain 3.0) as filter functions. For Figure 6C,
norm correlation was used as distance function and L-infinity centrality and
metric PCA coord 2 (resolution 30, gain 3.0). An illustration of the topological
data analyses is shown in Figure S6 and online at http://brodinlab.com/
precision-immunology/.
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