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Abstract 
 
Multiple sclerosis (MS) is a chronic inflammatory and demyelinating disease of the central 

nervous system. To date, there are no established biomarkers beyond magnetic resonance 

imaging that can predict either disease activity and severity in patients nor confirmed 

mechanisms for the first-line MS treatments. Likewise, there is no cure or effective treatment 

at late stages of the disease. Recent studies in mouse models of demyelination and 

neuroinflammation have pointed towards important roles of myeloid cells in the development 

of the disease. Despite this, the roles and impact of this cell population on human MS 

pathogenesis and disease progression remain obscure. Here we have used single-cell mass 

cytometry to study the phenotypes of myeloid cells from peripheral blood of early MS 

patients and from myeloid cells isolated from post-mortem brains of progressive MS (PMS) 

patients. We performed the characterization of PBMCs from drug naïve early MS patients as 

compared with healthy donors using two antibody panels comprising a total of 64 antibodies. 

Our results show increased abundance of several subsets of CD4+ and CD8+ T cells and only 

mild changes in the myeloid compartment. For the study on myeloid cells from late PMS we 

designed three antibody panels targeting a total of 74 markers which we used to compare 

between isolated myeloid cells from active lesions and normal-appearing white matter. In 

this case the results show high heterogeneity of myeloid phenotypes in the brains of PMS 

patients and an increase in expression of markers associated with phagocytic activity and 

activation in lesion-associated populations. Such inflammatory signature could not be 

detected in major depressive disorder, a common co-morbidity in patients with MS. 
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Zusammenfassung 
 

Multiple Sklerose (MS) ist eine chronisch entzündliche und demyelinisierende Erkrankung 

des Zentralnervensystems. Bisher gibt es keine etablierten Biomarker außerhalb der 

Kernspintomographie, die entweder die Krankheitsaktivität und den Schweregrad bei 

Patienten vorhersagen können, noch bestätigte Mechanismen für die Erstlinien-MS-

Therapie. Ebenso gibt es für die späten Stadien der Krankheit keine Heilung oder wirksame 

Behandlung. Jüngste Studien an Mausmodellen zur Demyelinisierung und 

Neuroinflammation haben gezeigt, dass myeloide Zellen eine wichtige Rolle bei der 

Entwicklung der Krankheit spielen. Trotzdem bleiben die Rolle und der Einfluss von 

Monozyten auf die Pathogenese und das Fortschreiten der MS beim Menschen unklar. Hier 

haben wir die Einzelzell-Massenzytometrie verwendet, um die Phänotypen von myeloischen 

Zellen aus peripherem Blut von frühen MS-Patienten und von myeloiden Zellen zu 

untersuchen, die aus post-mortem-Gehirnen von progressiven MS-Patienten (PMS) isoliert 

wurden. Wir führten die Charakterisierung von PBMCs von arzneimittel-naiven frühen MS-

Patienten im Vergleich zu gesunden Spendern unter Verwendung von zwei Antikörper-

Panels durch, die insgesamt 64 Antikörper umfassten. Unsere Ergebnisse zeigen eine erhöhte 

Häufigkeit mehrerer Untergruppen von CD4+ und CD8+ T Zellen und nur geringfügige 

Veränderungen im myeloischen Kompartiment. Für die Studie an myeloischen Zellen aus 

spätprogressiver MS haben wir drei Antikörper-Panels entworfen, die auf insgesamt 74 

Marker abzielen, die wir zum Vergleich zwischen isolierten myeloiden Zellen aus aktiven 

Läsionen und normal erscheinender weißer Substanz verwendeten. In diesem Fall zeigen die 

Ergebnisse eine hohe Heterogenität der myeloischen Phänotypen im Gehirn von PMS-

Patienten und eine Erhöhung der Expression von Markern, die mit der phagozytischen 

Aktivität und Aktivierung in läsionsassoziierten Populationen assoziiert sind. Eine solche 

entzündliche Signatur konnte bei schweren depressiven Störung, einer häufigen 

Komorbidität bei Patienten mit MS, nicht nachgewiesen werden. 
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1. Introduction  

1.1 Multiple Sclerosis  
 
Multiple sclerosis (MS) remains the most common cause of non-traumatic neurological 

disability in young adults, affecting over 2.3 million people worldwide. MS is associated 

with a high economic burden, given that around 50% of these patients will become disabled 

in the 25 years after disease onset1.  The vast array of symptoms presented by patients 

suffering from MS hindered the description of the disease until 1868 when the French 

neurologist Jean Martin Charcot connected clinical observations, anatomo-pathology and 

physiology and established MS as a distinct disease of the central nervous system (CNS)2. 

MS is now widely accepted as a chronic inflammatory disease of the CNS in which there is 

an autoimmune attack on components of the myelin sheath, leading to focal areas of 

demyelination and eventually to neurodegeneration1.  The exact cause of the disease is 

unknown but several studies have shown a certain genetic susceptibility, and the latest 

genome-wide association study has pointed to specific genetic associations, most of them 

linked to immune cell types including peripheral myeloid cells and microglia, the resident 

immune cells in the brain3.  MS has also been linked to different environmental factors, which 

include a history of Epstein-Barr virus (EBV) infection, smoking, vitamin D deficiency or 

circadian disruption1. It is thus believed that complex gene-environment interactions lead to 

disease initiation1.  

The clinical presentation of the disease is very heterogeneous among patients and the 

symptoms will depend on the anatomical site of the lesions. MS can present as a temporary 

loss of vision, change in mood, pain, cognitive deficiency or muscular disturbance, to name 

a few disease manifestations. The clinical course of MS is also heterogeneous, and patients 

are categorized into either relapsing-remitting MS (RRMS) or primary progressive MS 

(PPMS) depending on the clinical course after disease onset.  In RRMS, the most common 

form of the disease, the patients present a first clinical episode, known as clinically isolated 

syndrome (CIS) which will continue with a series of relapses of clinical disability followed 

by a complete or partial remission of the symptoms. In 80% of the cases, 10 to 20 years after 

the first episode, patients enter into the secondary progressive (SPMS) stage, in which clinical 

disability progresses with no recovery4. In the PPMS form of the disease, patients do not 
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present the relapsing-remitting phase and instead, disability progresses with no apparent 

relapse in the symptoms from the first clinical disturbance4. 

In early stages of the disease, neurological symptoms are induced by CNS inflammation, 

typically caused by an infiltration of peripheral immune cells (mainly monocytes and CD8+ 

T cells) to the CNS4. Areas of infiltration associated to demyelination can be visualized by 

magnetic resonance imaging (MRI), and are known as “focal plaques”5. In late stages of 

PMS, plaques associated with peripheral infiltration are rare and, instead, chronic 

demyelination leads to axonal loss ultimately resulting in neurological disability6. There is 

currently no treatment or effective cure in this late stage of the disease and most patients will 

eventually die due to either direct MS symptoms or secondary complications associated with 

the disease.  

MS diagnosis is typically done following the suggested tests of the 2017 McDonald criteria7 

by proof of spatial or temporal dissemination of the demyelinating lesions. The criteria are a 

minimum of two immune attacks in the CNS proved by either clinical assessment, an MRI 

showing two sites of infiltration or the presence of cerebrospinal fluid (CSF) specific 

oligoclonal bands7.  Despite this, the diagnosis is not always straightforward and following 

the first CIS, often the lack of clinical evidence of a second attack, inconclusive MRI scans 

or CSF oligoclonal bands prevent diagnosis, thus delaying commencement of disease-

modifying treatments. In recent years, several studies have pointed to the importance of an 

early start in immunomodulatory treatments to delay relapses and reduce disease severity in 

the subsequent years. Therefore there is a need to better understand the pathological 

mechanisms driving the first stages of disease, to improve definitive diagnostic methods8.  

 

1.2 Monocytes in experimental autoimmune 
encephalomyelitis and MS 
 

In the early stages of the disease, focal demyelinating plaques are characterized by infiltration 

of peripheral immune cells into the CNS parenchyma4. Histological analysis of the plaques 

in different stages of MS with a focus on lymphocytes has shown that lesions are dominated 

by the presence of CD8+ T and CD20+ B cells, especially in the early stages of disease10. 



 10 

However, low levels of T and B cells at the sites of myelin and axonal destruction indicates 

that they do not drive demyelination via cell-to-cell contacts10. Instead, myelin destruction 

and acute neurodegeneration are likely induced by soluble factors produced by CD8+ T cells 

but mediated by microglia or other myeloid subsets10.   

Myeloid cells, especially monocytes, also enter the CNS parenchyma where they contribute 

to the perivascular infiltrates10, as proved in post-mortem and biopsy brain samples12, 

suggesting their important contribution to pathogenesis. Monocytes, as part of the innate 

immune system, patrol the body in search for inflammatory cues and are rapid responders to 

tissue insult. They constitute approximately 10% of the circulating leukocytes and can be 

classified into three main subsets depending on the expression of the surface markers CD14 

and CD16: classical monocytes (CD14+CD16-) making up 80-90% of the monocyte pool 

while the remaining 10-20% are intermediate monocytes (CD14+CD16+) and non-classical 

monocytes (CD14-CD16+)13. Tissue-invading monocytes differentiate into monocyte-

derived macrophages11, distinct from CNS-resident macrophage pools that commonly 

originate from the yolk sac, as shown in mice14. Macrophages serve three main functions: 

phagocytosis, antigen presentation and cytokine release. During disease they contribute to 

active inflammation and tissue destruction, although they can also adopt phenotypes which 

promote lesion resolution and tissue repair15. 

Studies in experimental autoimmune encephalomyelitis (EAE), a mouse model for 

demyelination and neuroinflammation, have shown that monocytes are rapidly mobilized 

from the circulation to invade the CNS parenchyma upon immunization11,16,17.  Selective 

gene targeting to deplete CCR2 expression on myeloid cells in EAE suggested that the 

CCR2+CD11b+Ly6Chi monocyte subset (equivalent to classical CD14+CD16- monocytes in 

human) is essential for the development of EAE17. They also showed that this monocyte 

subset is essential in modulating the effector phase of the disease by shaping the local innate 

immune response in the damaged CNS through the release of immune modulatory molecules 

including cytokines, oxygen radicals like nitric oxide and surface molecules required for 

antigen presentation17. Furthermore, there is evidence that impeding monocyte entry into the 

CNS prevents progression to severe disease and that the monocyte invasion is a transient 

event and does not provide prolonged contribution to the brain microglia pool11. When using 

single-cell mass cytometry (Cytometry by Time-of-Flight [CyTOF]) to phenotype monocyte 
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populations, four specific monocyte subsets were found at a significantly higher frequency 

in pre-symptomatic, onset and peak EAE. These populations were characterized by higher 

expression of CD80, CD86, CD38, CD39, MerTK, Axl, CD206 and TREM218. Although the 

studies mentioned above provide evidence of monocyte involvement in different phases of 

EAE, the role of this cell population in the development of MS remains to be investigated.  

 

1.3 Microglial diversity in health and MS   
 

Microglia, the resident myeloid cells of the brain, are the first line of defense against 

pathogens, inflammation and neurodegeneration in the brain parenchyma19. Microglia were 

first described in 1919 by the Spanish neurologist Pío del Río Hortega who published a series 

of four papers describing their distribution and morphological phenotype20. In physiological 

conditions, microglia are small, ramified cells found diffusely spread throughout the CNS.  

They derive from myeloid progenitors originating in the yolk sac at embryonic day 7.25, 

from where they travel through blood vessels and invade the brain, as evidenced by studies 

in mice21. The microglial pool is maintained throughout adulthood by self-renewal and, in 

humans, microglia proliferate at a median rate of 28% per year, much slower than the 

turnover of other myeloid immune cells, which is a few days or weeks22. During 

development, microglia help in establishing the neuronal architecture in the CNS by 

phagocytosing apoptotic neurons, providing trophic support to neurons, oligodendrocytes 

and vasculature and mediating synaptic pruning23,24. In the adult homeostatic environment 

they survey the environment by continuously extending their processes and contacting 

neighboring cells, actively participate in clearance of debris from the CNS parenchyma and 

furthermore regulate synaptic plasticity and function through synaptic pruning25.  

It is important to note that microglia are not a homogeneous population but rather have 

different phenotypes depending on their anatomical location26–28. Human microglia (huMG) 

regional heterogeneity was recently investigated using CyTOF, showing that microglia from 

the subventricular zone and thalamus had similar phenotypes indicative of a more activated 

state and distinct from the other brain regions studied. Cerebellar microglia also showed a 

clear differentiating signature and as expected, frontal and temporal lobe microglia had a 

similar phenotype. Importantly, this study defined key markers for determining huMG 
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regional heterogeneity, namely CD11c, CD206, CD45, CD64, CD68, CX3CR1, HLA-DR 

and IRF828.  

 

Microglia adopt different phenotypes during non-physiological conditions which vary 

depending on the type of insult, ranging from increased phagocytosis and secretion of pro-

inflammatory molecules to promotion of remyelination and secretion of anti-inflammatory 

molecules19. Pío del Río Hortega had already described some of the changes that microglia 

undergo upon activation as they rapidly invade sites of lesion, including proliferation, 

retraction of processes and adoption of an amoeboid morphology19,30. Changes of phenotype 

during neurodegeneration have been studied mainly in mouse models of Alzheimer’s disease 

(5xFAD mice and APP-PS1 overexpressing mice). By performing single-cell RNA 

sequencing on isolated microglia from mice with neurodegeneration two independent studies 

found a specific microglial signature associated with the pathology31,32. Neurodegeneration-

associated microglia were characterized by downregulation of homeostatic genes, including 

purinergic receptors P2ry12/P2ry13, Cx3cr1 and Tmem119, and upregulation of several 

genes mainly involved in lysosomal/phagocytic pathways, endocytosis and regulation of the 

immune response, including AD-associated risk factors such as Apoe, Lpl, Tyrobp and 

Trem2, 31. Alterations in the microglia population have also been linked with psychiatric 

disorders. Recent genome-wide association studies have detected genetic associations 

between immune response pathways and adult psychiatric disorders such as major depressive 

disorder (MDD) and schizophrenia33,34. Furthermore, studies on HLA-DR microglia 

reactivity (as a marker of microglia activation) from MDD and schizophrenic patients 

showed increased microgliosis in suicide patients but not diagnosis-dependent microglial 

activation35. In contrast with these results, another study using positron emission topography 

to measure translocator protein (TSPO) total distribution volume (used as a measure of 

activated microglia), showed significant increase of TSPO density in all brain regions 

examined from MDD patients as compared with controls, providing evidence for microglial 

activation in MDD36. Detailed studies on microglial phenotypic signatures in MDD are still 

missing.  Interestingly, depression is recognized as a common co-morbidity in patients with 

MS37. The clinical phenotype of MDD and MS-associated depression was found to be 
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similar37. However, the pathomechanism of both disorders remains to be investigated and 

whether this is driven and/or synergized by neuroinflammation as seen in MS is still unclear. 

 

In EAE and the cuprizone model of demyelination, single-cell transcriptomic and proteomic 

analyses revealed microglial heterogeneity associated with CNS inflammation18,27,38,39. 

Single-cell RNA-seq on CD45+ isolated cells showed a specific EAE-associated microglial 

phenotype39. Mainly, downregulation of homeostatic genes and upregulation of Ly86, 

Cxcl10, Ccl5 and Cd7439. Furthermore, results from single-cell RNA-seq of microglia from 

mice subjected to cuprizone-induced demyelination (in which there is no peripheral 

infiltration in the CNS parenchyma) showed specific microglial profiles associated with de- 

and re-myelination27.  Similarly, CyTOF characterization of microglia in EAE revealed 

distinct phenotypes associated with the pathology. Two CNS-specific populations were 

specifically linked to onset and peak stages of the pathology, defined as CD317+MHCII–

CD39hiCD86+ and CD317+MHCII+CD39hiCD86+CD11c+ respectively. The expression of 

these markers is indicative of an activated, pro-inflammatory phenotype. Interestingly, the 

frequency of these populations, particularly the peak-EAE-associated population, was 

significantly decreased in chronic EAE, although still higher than in healthy CNS18. A second 

study, also using CyTOF to phenotype different immune cells in the CNS of EAE mice, 

found a decrease in microglial homeostatic checkpoint markers (CX3CR1, MerTK and 

Siglec-H) and an increased expression of phagocytosis-related and activation markers 

(CD44, CD86, PD-L1, CD11c and MHCII)38. While mouse models of MS-related 

pathologies, such as EAE and the cuprizone model, have proven to be a useful tool to study 

specific disease mechanisms, the findings must be interpreted with caution, as these models 

do not replicate the complexity of MS40. Nevertheless, similar transcriptional signatures were 

found in huMG isolated from patients with acute MS27.   

 

Studies attempting to decipher microglial phenotypes associated with MS are mostly limited 

to classical immunohistochemical techniques41–43 and bulk genomic analysis43,44. In the few 

cases of high-dimensional single-cell analysis, only a handful of cases could be analyzed at 

the genomic level27.  So far it has been shown that microglia invade the site of lesion, adopt 

a "foamy" morphology with intracytoplasmic myelin deposits12, and adopt different 
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phenotypic programs, mostly downregulating homeostatic markers and increasing 

expression of pro-phagocytic markers43, which is somewhat concordant with what has been 

found in mice models.  

The studies mentioned above (both in mouse and human) point to a set of phenotypic changes 

in microglia that may have specific roles in MS pathology. Understanding these changes is 

of crucial importance, especially in late stages of the disease in which immune infiltration is 

low or absent in the CNS parenchyma and thus disease-modifying treatments usually aimed 

at impeding immune entrance in the parenchyma are not effective. Thus, a deeper look into 

microglia phenotypes and function at late stages of MS could enable the design of new 

treatment strategies.  

 

1.4 Single-cell mass cytometry to elucidate myeloid 
phenotypes 
 

1.4.1 Single-cell mass cytometry – high dimensional cell profiling 
 
Advances in single-cell technologies have shown that specialized cell types in each of our 

organs are in turn composed by heterogeneous cell subsets, which can acquire different states 

during homeostasis and disease. Bulk analysis, although useful in some settings, 

oversimplifies this view by averaging signals from different cells. 

For protein-level single-cell analysis, we have relied for many years on flow cytometry, a 

technique in which cells are labelled with fluorescently-tagged antibodies specific for certain 

proteins45. Flow cytometry carries the advantage of high throughput, little to no cell loss and 

it can be combined with cell sorting (FACS) which thus enables further analysis of isolated 

cells46. However, flow cytometry can usually measure up to 18 channels (in the BD LSR-II 

system) due to the spectral overlap between channels. CyTOF was developed to overcome 

this problem and enable high-dimensional single-cell protein measurement47.  Briefly, cells 

in suspension are labelled with antibodies tagged with rare earth metals, typically from the 

lanthanide series, not usually found in biological conditions. Cells are nebulized into single-

cell droplets and ionized using inductively-coupled plasma. Ionized particles are passed 



 15 

through a quadrupole to remove cell debris and heavy metal ions are quantified in a Time-

of-Flight (TOF) mass spectrometer. Thus, a quantification of each ion corresponding to a 

different isotope is obtained per cell, as output data. CyTOF has a clear advantage over flow 

cytometry in so far as the usage of rare metal isotopes as antibody tags comes with little 

overlap between signals, thus allowing for the detection of up to 60 markers simultaneously. 

Furthermore, the measurement of pooled barcoded samples allows the reduction of technical 

noise thus increasing sensitivity to detect differences between samples or groups48.   

 

1.4.2 Imaging CyTOF – single cell atlas on the tissue  
 

While suspension CyTOF has the advantage of being high-dimensional and per-cell, it cannot 

determine how the different cell phenotypes are distributed within the tissue. To address this 

question, imaging mass cytometry (IMC) was recently developed by combining standard 

immunohistochemical techniques (IHC) and mass cytometry49. Briefly, tissue samples are 

mounted on a slide and samples are stained with antibodies tagged with metal isotopes using 

IHC protocols. Tissue such as fresh-frozen or formalin-fixed paraffin-embedded (FFPE) can 

be used. Regions of interest from each sample are then selected and ablated with a UV laser 

at a resolution of 1 µm. The nebulized masses are then passed to a TOF spectrometer and the 

abundances of each metal per spot are recorded.  The system can track back each 

measurement to a specific coordinate in the original sample, thus creating an artificial image 

for each marker. Therefore, in IMC the information is not obtained per cell, but correlates 

with a coordinate on the generated image. This means a cell segmentation step is needed after 

acquisition in order to perform single cell analysis. IMC enables a more comprehensive 

analysis of cells within their tissue microenvironment, and can be used to perform 

morphological, spatial and network analysis of cell subpopulations and obtain detailed 

descriptions of tissue architecture48.  
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2. Hypothesis & Aims of the study 
 
 
Several immunological studies have explored the roles of myeloid cells in MS pathology at 

different stages of the disease. Studies using the neuroinflammatory mouse model EAE have 

shown that monocytes invaded the parenchyma upon immunization and released immune 

mediators modulating the disease17. Furthermore, impeding the entrance of monocytes into 

the CNS parenchyma dampens the autoimmune response, which prevents progression to 

severe disease11. In late stages of PMS there is little to no contribution of peripheral immune 

cells to the pathology, instead active demyelinating plaques are dominated by resident 

microglia and macrophages41.  Recent studies on EAE mice at the single-cell level have 

shown specific microglial phenotypes associated to lesion with roles in inflammation, de- 

and remyelination18,38. Despite the clear evidence that myeloid cells play important roles in 

early and late stages of neuroinflammation and demyelination in mice, there is no study to 

date giving a proper characterization of these cells in the human pathology. Furthermore, 

since depression is recognized as one of the major co-morbidity in patients with MS and 

systemic inflammation has been suggested in patients with MDD, it is more likely that 

neuroinflammation can be also observed in MDD and it may synergize or drive MS-

associated depression, which can worsen or exacerbate the disease outcome. 

The main goal of this study was to phenotypically characterize the myeloid cell 

compartments including peripheral blood monocytes and microglia in early and late stages 

of MS using single-cell mass cytometry and imaging mass cytometry. Specifically, at the 

early stages of MS, phenotypic alterations of peripheral immune cells with a focus on 

monocytes were investigated, whereas the CNS myeloid cell compartment was characterized 

at the late stages of the disease.  Finally, we aimed to investigate whether similar signatures 

could be found in microglia isolated from different regions of post-mortem brains from 

patients with MDD. 

Identification of phenotypic alteration of myeloid cells in the human MS pathology may lead 

to better understanding the role of these cells in MS pathogenesis.   
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3. Materials and Methods 
 
Passages of the following chapter that are similar to methods described previously by the 
author are italicized. 
 

3.1 Subjects 
 
Human peripheral blood mononuclear cells (PBMCs) 
 
The study was registered and approved by the Ethics Committee of Charité – 

Universitätsmedizin Berlin. All participants provided written informed consent before any 

study-related procedures were undertaken. The study has been performed according to the 

Declaration of Helsinki and to the relevant ethical guidelines for research in humans. 

PBMCs were isolated from heparinized blood through Biocoll (Biochrom GmbH, Berlin, 

Germany) density centrifugation at 760 × g for 20 minutes at RT as described before42. Cell 

pellets were resuspended in freezing medium at a concentration of 5 × 106 cells/ml, and 

further stored in liquid nitrogen50. 

 

Human post-mortem brain tissue and microglia isolation 

 

Post-mortem tissue of brain donors was provided by the Netherlands Brain Bank (NBB, 

Amsterdam, The Netherlands, www.brainbank.nl). All brain donors gave informed consent 

to perform autopsies and to use tissue, clinical and neuropathological information for 

research purposes, approved by the Ethics Committee of VU medical center (Amsterdam, 

The Netherlands). Microglia were isolated from post-mortem WM tissue using Percoll 

gradient centrifugation (density of 1.13 g/ml; GE Healthcare, Little Chalfont, UK) and 

subsequent CD11b magnetic beads (catalogue number #130–049- 601, Miltenyi Biotech) 

sorting. For CyTOF analysis, CD11b+ cells were incubated for 11 min in 

fixation/stabilization buffer (Smart Tube Inc., San Carlos, CA, USA) and stored in − 80 °C 

51,52. 
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3.2 CyTOF & IMC staining and acquisition  
 
PBMCs were live-barcoded using combinations of pre-conjugated 89Y-CD45 (HI30, 

Fluidigm) and in-house conjugated 113In, 115In, 195Pt, 196Pt or 198Pt-CD45 (HI30, Biolegend)53 

antibodies50. Isolated CD11b+ brain myeloid cells were barcoded using Cell-ID 20-plex Pd 

Barcoding Kit (Fluidigm)51. All antibodies used were either purchased pre-conjugated to 

metal isotopes (Fluidigm) or were conjugated in-house using the MaxPar X8 Kit (Fluidigm).  

After cell barcoding, each set of samples were pooled together and stained with antibody 

master mixes. For intracellular staining, the cells were incubated in fixation/permeabilization 

buffer (Fix/Perm Buffer, eBioscience) and permeabilized (permeabilization buffer, 

eBioscience). The samples were then stained with antibody cocktails and fixed overnight in 

4% methanol-free formaldehyde solution. Fixed cells were stained in 191Ir/193Ir intercalator 

solution (Fluidigm) and kept at 4 °C until CyTOF measurement51,52. 

IMC was used to validate the results obtained from CyTOF on the brain tissue. Paraffin tissue 

microarray (TMA) blocks were cut into 5 μm-thick sections, deparaffinized and treated by 

heat-induced antigen retrieval in Tris-EDTA buffer (pH= 9.0) at 95 °C. The sections were 

then stained with metal-conjugated antibodies overnight. Nuclei were detected using an 
191Ir/193Ir DNA-intercalator. Samples were dried and stored at RT until measurement51. 

 

All CyTOF and IMC analysis were performed in the Flow & Mass Cytometry Core Facility, 

Charité – Universitätsmedizin Berlin and Berlin Institute of Health (BIH) under supervision 

of Dr. Désirée Kunkel as described before50–52.  
 

3.3 CyTOF data analysis 
 
For CyTOF, as a first step all FCS files were transferred to the Cytobank platform 

(www.cytobank.org) where we performed manual gating and de-barcoding on live single 

cells according to DNA intercalators 191Ir/193Ir signals and event length. For de-barcoding, 

Boolean gating was used to deconvolute individual samples according to their barcode 

combinations. Once the FCS files for individual samples were obtained, all files were 

compensated for signal spillover using the Bioconductor package CATALYST54 on R55. For 
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dimensionality reduction and visualization, we generated two-dimensional t-distributed 

stochastic neighbor embedding (tSNE) maps according to the expression levels of all markers 

in each panel using Cytobank. To visualize marker expression arcsinh transformation was 

applied to the data.  All files, containing the tSNE coordinates for each cell, were then loaded 

into R for further unsupervised data analysis using an in-house written script based on the 

workflow suggested by Nowicka and colleagues56. For population identification, we 

performed clustering analysis of the data using the FlowSOM/ConsensusClusterPlus57,58 

algorithm. We had slight workflow differences between studies:  

In  the study on PBMCS (Chapter 4.1)50 cluster identification was conducted using PBMCs 

lineage markers: HLA-DR, CD19, CD44, CD4, CD11c, CD16, CD3, CD56, CD14, CD8a, 

T-bet, CD33, CCR2 and CD11b in the Panel A; and HLA-DR, CD38, CD64, CD68, CD8a, 

CD33 and CD64 in the Panel B. After this step we manually merged the clusters in order to 

obtain clusters corresponding to known major PBMC populations including B cells, 

CD4/CD8-single positive and double-negative T cells (DN), natural killer (NK) cells, and 

myeloid cells. For high resolution analysis we then subclustered each of the major 

populations and determined the correct number of clusters based on visual inspection of the 

cluster-colored tSNE plots and the respective phenotypic heatmaps (we had a cutoff of a 

minimal mean frequency of 0.1% of parent).  

In  the study on brain-isolated myeloid cells from PMS and MDD patients (Chapters 4.2 and 

4.3)51,52 cluster identification for MDD and Experiment I (Exp I) was performed using all the 

markers and Experiments II (Exp II) and III (Exp III) were clustered using only the linage 

markers (referred to as TYPE markers), thus allowing the comparison between 

experiments. The number of clusters was determined based on delta area under cumulative 

distribution function curve and k value of the clustering analysis, namely the “elbow-point” 

criteria, with which one can assess the number of clusters that best fits the complexity of the 

data59. Visual inspection of cluster-colored tSNE plots and respective phenotypic heatmaps 

were also used to determine the final number of meta-clusters tested in each experiment. 

It is important to note that in both cases we used an over-clustering approach, in which 

clusters are obtained at high resolution (a high number of clusters) which has proven useful 

for discovery studies. Each cluster, however, may not represent biologically distinct 

populations, but instead could represent different cell states. 



 20 

 

3.4 IMC data analysis  
 

 For IMC data analysis, MCD files were then converted to 16-bit image .TIFF files on MCD 

viewer software version 1.0.056. For visualization only, .TIFF files were transferred to 

ImageJ and a Gaussian blurr (kernel width, 0.70 pixels) was used for noise reduction on 

combined channels51.  

For single cell analysis, segmentation was performed for each of the .TIFF files. First, we 

used Ilastik60 for pixel classification. The program was trained to identify DNA Iridium 

intercalator signal as nuclei and P2Y12-165Ho signal as membrane, thus each single cell mask 

contained either only the nuclei or, for P2Y12+ cells, also the cytoplasm area.  As a result, the 

Ilastik output of binary masks for each cell in each image was then fed into CellProfiler61. 

CellProfiler in turn creates 16-bit .TIFF single-cell masks with only full cells on each image 

that can be used in HistoCAT62. All original .TIFF images and single-cell masks were loaded 

into HistoCAT for single cell analysis. The platform offers different analysis options, for 

instance, we ran two-dimensional tSNE using all markers from all samples and Phenograph 

clustering analysis (for markers CD11c, CD44, CD45, CD68, HLA-DR, P2Y12 and TNF, 

using k = 50 nearest neighbors). The mean expression and cell frequencies per sample/cluster 

where then analyzed using R51.  

 

3.5 Statistical analysis  
 
No randomization and blinding strategies were applied in either of the studies. However, 

data processing and analysis, as well as statistical testing were carried out in unsupervised 

manner. Dichotomous variables of the sample cohort were analyzed with Fisher’s exact test 

(GraphPad Prism)50–52. 

Detection of significative differential abundance of clusters between groups was done using 

generalized linear mixed models (GLMM) using the Diffcyt63 package, with a false discovery 

rate (FDR) adjustment (Benjamini-Hochberg (BH) procedure) for multiple hypothesis 
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testing. A P value < 0.05 (unadjusted) and < 0.05 (FDR-BH adjusted) was considered 

statistically significant50–52.  

 

4. Results 
 

4.1 Multi parameter immune profiling of peripheral blood 
mononuclear cells by multiplexed single-cell mass cytometry 
in patients with early multiple sclerosis  
 
All results presented here have been previously published in Böttcher, C., et al., 201950. 

 

4.1.1 Phenotypic characterization of PBMCs from early MS patients 
and controls using single-cell mass cytometry. 
 

For in-depth phenotyping of the immune populations of PBMCs present in blood of early 

MS patients and controls, we stained and measured the cells with two antibody panels (35 

antibodies/panel) for single-cell mass cytometry analysis. A schematic illustration of the 

workflow used can be found in Figure 1. 

 
Figure 1. PBMCs phenotypes from control and early MS patients analyzed using CyTOF. Whole blood was 
obtained from both donor groups followed by PBMCs isolation and sample storage. At the time of measurement 
all samples were barcoded and pooled together for CyTOF staining. Data analysis included de-barcoding, 
spillover compensation, dimensionality reduction visualization, unsupervised clustering and statistical testing.  
 

Figure 1
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First, in order to visualize the high-dimensional data, we performed dimensionality reduction 

using the two-dimensional tSNE algorithm and obtained plots for both panels (Fig 2 A and 

D). Next, to better understand the cell composition in each sample, we identified six 

canonical PBMC populations: B cells, CD4+ T cells, CD8+ T cells, DN T cells, NK cells and 

myeloid cells and one population of CD3-CD4+HLA-DR+ cells for Panel A (Fig 2 A-C). 

Panel B was designed with a focus on myeloid cell markers, and we used it to identify four 

major populations: myeloid cells, HLA-DR+ lymphocytes, CD4+ T cells and NK cells and 

CD8+ cells (Fig 2 D-F). No difference in abundance of these major populations was found 

between conditions in either Panel A or Panel B (data not shown). For high resolution 

analysis of cell sub-populations, we performed clustering within each of this major PBMC 

populations.  

 
 

Panel A 

B

Panel B 

A C

D E F

Normali]ed e[pression

DN T cells

CD4+ T cells

CD8+ T cells

NK cells

CD3- CD4+HLA-DR+

B cells

M\eloid

Figure 2. Phenotypic characterization of PBMC populations using CyTOF. A and D. 2D-tSNE representations 
(from a healthy control) from Panel A and Panel B respectively, each dot represents a cell, plots are colored 
according to marker expression. B and E. 2D-tSNE plots colored for cluster identities form Panel A and B 
respectively. C and F. Heatmaps showing overall expression levels of markers used for cluster embedding (% of 
total cells) from Panel A and B respectively. Adapted from Böttcher C., et al. 201950. 



 23 

4.1.2 Detailed analysis of the lymphoid compartment in early MS 
reveals phenotypic alterations. 
 
We subclustered each of the major populations from the lymphoid compartment previously 

identified. Within the CD4+ T cells measured with Panel A, we identified two clusters that 

had a significantly different abundance between early MS patients and control donors: CD4+-
C1 and CD4+-C13. CD4+-C1 had a lower abundance in early MS than controls and was 

characterized as CCR7loNFAT1hiT-bethi, indicative of T helper 1 (Th1) phenotype. CD4+-
C13 was more abundant in early MS than controls and was characterized as 

CCR7hiCD95loNFAT1lo (when compared with the remaining CD4+ lymphoid clusters) 

indicating naïve T cell phenotype (Fig 3-A). With Panel B we found a small population of 

IL-6hi within the mixed NK and CD4+ T cell cluster that was significantly more abundant in 

early MS. Interestingly, IL-6 signaling in T cells has been linked to the induction of Th17 

differentiation, which in turn has been proposed to have a crucial role in development of EAE 

and MS64, however we did not have enough markers in our panels to discern the Th17 

phenotype (Fig 3-B). In the CD8+ T cell compartment, cluster CD8+-C5 had a significantly 

higher abundance in early MS and was characterized as CCR7hiCD62LhiNFAT1loT-betlo 

when compared with the rest of the CD8+ T cell clusters, suggesting that it is composed of 

naïve T cells (Fig 3-C). Within the DN T cell population two clusters had difference in 

abundance: DN-C2 ADRPloT-betlo (higher abundance in early MS) and DN-C3 T-bethi(lower 

abundance in early MS) which differed from the rest of DN clusters by ADRP and T-bet 

expression(Fig 3-D).  

As to the B cell compartment, we identified a small subpopulation, CD19-C2 with high 

expression of CD62L, which was enriched in MS patients (Fig 3-E). And a small 

subpopulation of the HLA-DR+ lymphocytes with high expression of MIPbhi (HLA-DR+-

C7), presumably containing B cells, was found to be significantly lower in early MS patients 

(Fig 3-F). 
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Figure 3. Phenotypic changes in the lymphoid compartment. Subclustering analysis of the main PBMCs 
populations. For all panels, top-right 2D-tSNE plots colored for the cluster identity of the main PBMC 
population and representative marker expression (left plots, top and lower respectively). Frequencies for the 
significantly different abundance in subclusters between groups and median marker expression levels between 
the significantly different clusters and all other clusters (right plots, top and lower respectively). A P value < 
0.05 at 10% FDR was considered statistically significant, determined using GLMM (*P < 0.05; **P < 0.01, 
unadjusted). Adapted from Böttcher C., et al. 201950. 
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4.1.3 Small phenotypic changes in the myeloid cell composition in 
patients with early MS  
 
Subclustering analysis of the major myeloid populations revealed no change in any cluster 

identified by Panel A. Panel B, which had markers specifically directed at detecting changes 

in the myeloid population, revealed a small subpopulation (MC-C13) of CD141hiCD64-

CD68loCXCR3+IRF8hi dendritic cells (DCs) which was present at a significantly lower 

abundance in early MS as compared with controls. Interestingly, IRF8 expression in CD141+ 

cells has been associated with a tolerogenic phenotype in mice65.  

 

 

4.2 Single-cell mass cytometry reveals complex myeloid cell 
composition in active lesions of progressive multiple 
sclerosis.  
 
All results presented here have been previously published in Böttcher, C., et al. 202051. 

  

4.2.1 Distinct composition of myeloid cells from active lesions and 
NAWM.   
 

In this study we focused on determining the phenotypes of myeloid cells in active lesions and 

NAWM of patients with progressive MS. Each region was dissected by a neuropathologist 

under MRI guidance. Active lesion tissue was dissected based on macroscopic appearance. 

Myeloid cells were then isolated using a Percoll gradient followed by CD11b+ MACS 

sorting, as established before66. In order to determine the different myeloid phenotypes 

present in the samples, we performed three different CyTOF experiments, analyzing a total 

of 74 antibodies. A schematic summary of the workflow used can be found in Figure 4.  
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Figure 4. Brain myeloid cell phenotyping using CyTOF. Myeloid cells were isolated from post-mortem human 
brain samples using CD11b MACS sorting. All cells were barcoded and pooled together for CyTOF staining 
and acquisition in three different experiments. Data analysis included sample de-barcoding, spillover 
compensation, 2D-tSNE plots for visualization, unsupervised clustering analysis and statistical testing.  
 

In Exp-I we used a panel of 36 antibodies, which were selected to characterize microglia and 

to detect the major circulating immune cell subsets including myeloid cells, T, B, and NK 

cells that may have remained after the CD11b enrichment. First, we pooled all cells from 

both groups and obtained 2D tSNE plots for visualization (Fig 5 A-B). We then performed 

unsupervised clustering analysis which revealed 12 clusters with distinct phenotypes (Fig 5 

B and C).  

 

 
Figure 5. Phenotypic characterization of myeloid cells from NAWM and active lesions of PMS patients. A 
Overlaid 2D-tSNE plots with cells from all donors from NAWM and active lesion, each dot represents a cell, 
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tSNE maps were generated using all markers in Exp I. B 2D-tSNE plots colored by cluster identities obtained 
with the FlowSOM algorithm C. Phenotypic heatmaps with median marker expressions per cluster. Asterisk 
indicates differentially abundant clusters. D. Statistical analysis of cluster frequencies between NAWM and 
Lesion. An FDR-adjusted p value < 0.05 was considered statistically significant, determined using GLMM (*p 
<0.05; **p < 0.01, adjusted). Adapted from Böttcher C., et al. 202051. 
 

 

As expected, most clusters showed typical microglial marker expression such as P2Y12, 

TMEM119, CX3CR1, GPR56, HLA-DRdim and CD11cdim (Fig 5 C). Only 2 out of 12 clusters 

showed negative or lower expression of these markers. The first non-microglial cluster, C12, 

was defined as CD45+CD66bhiClec12AhiP2Y12-TMEM119- (Fig 5 C). The mixed expression 

of CD66b, a neutrophil marker, and Clec12A, a marker for peripheral myeloid cells, suggests 

that this population is comprised of a mixture of infiltrating immune cells. This cluster was 

found at a similar frequency between NAWM and active lesions (Fig 5 D). The other non-

microglial cluster, C11, defined as P2Y12dimTMEM119-CD19dimHLA-DR+CXCR3dimCD62+ 

(Fig 6 B-C) was a myeloid cluster with higher frequency in active lesion as compared with 

NAWM.  

From the microglial compartment, we identified a cluster of homeostatic microglia hoMG-

C3 (Fig 6 A), defined by its expression of homeostatic markers, 

P2Y12+TMEM119+CD11cdimHLA-DRdimCxCR3+GPR56+CX3CR1+CD68dim. hoMG-C3 
was either dim or negative for most of the other markers (Fig 6 C) and showed higher 

frequency than other clusters in NAWM although it was significantly lower in active lesion 

(Fig 6 A). C8 was also significantly lower in active lesions as compared to NAWM and had 

a similar phenotype to the hoMG-C3 cluster, except for a significative increase in TNF 

expression and a slight decrease in TMEM119 (Fig 6 A and C). C1 was present at a higher 

abundance in active lesions and was further characterized as P2Y12+TEM119dimCD11c+ 

HLA-DRhiCXCR3+CD68hiCD14hi. High expression of CD68, HLA-DR42 and CD1467  

clearly indicated an activated microglia phenotype42.  
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Figure 6. Differences in abundance of myeloid clusters in Exp-I. A 2D-tSNE plots of the less abundant cluster 
in lesion (hoMG-C3 and C8) colored for cluster identities and for marker expression. B 2D-tSNE plots of the 
lesion-associated clusters (C1 and C11) colored for cluster identities and for marker expression. C Balloon 
plot showing expression of all markers across all clusters in comparison to hoMG-C3. Tile size denotes 
expression level (arcsinh) and heat colors show p-value (range from < 0.0001 (red) to > 0.100 (green)). 
Adapted from Böttcher C., et al. 202051. 
 

 

To better characterize the phagocytic and inflammatory properties of myeloid cells from both 

regions we performed Exp-II and III, which included markers common to both experiments, 

referred to as TYPE markers, used to identify myeloid populations and to facilitate 

comparison between experiments. The rest of the markers, referred to as STATE markers, 

were included to detect different phagocytosis and inflammation-associated phenotypes in 
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the myeloid cells. Unsupervised clustering resulted in 12 distinct clusters per experiment and 

statistical testing for difference in cluster abundance between conditions identified three 

differentially abundant clusters per experiment (Fig 7 A-D). The homeostatic microglial 

clusters were identified as hoMG-C6 (Exp-II) and hoMG-C9 (Exp-III), as in Exp-I, both 

clusters had a significantly lower abundance in active lesions when compared with NAWM. 

Given the limitations in metal-channel availability to include the typical microglial markers 

P2Y12 and TMEM119, both homeostatic clusters were identified as HLA-

DRdimCD11cdimCCR2lo/-. C5 and C1 (Exp-II) and C3 and C1 (Exp-III) (Fig 7 E-H) were 

enriched in active lesions and were characterized by TYPE makers as having positive to high 

expression of: HLA-DR, CD11c (indicative of an activated phenotype42)  CD172a, CD91 

and CD47. CD172a (SIRPa),the ligand of CD47,  is identified as part of the “don’t-eat-me” 

signal regulating myeloid inhibition68. CD91 in turn, is a scavenger-receptor involved in  

myelin clearance in MS69. In Exp-II both lesion-enriched clusters (C3 and C1) showed 

positive to high expression of the  STATE markers ABCA7, Galanin, CD56, NFAT, GLUT5, 

CD44 and AXL, among others (Fig 7 G). In Exp-III, both clusters showed positive to high 

expression of ABCA7, CD14, CD56, CD64, NFAT, and GATA6 among others (Fig.  7 H).  
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Figure 7. Differences in abundance of myeloid clusters in Exp-II and Exp-III. A-B overlaid 2D-tSNE plots with 
all cells colored by group (NAWM and Lesion) or by cluster identities. Phenotypic heatmaps with overall 
marker expression per cluster. Asterisk denotes differentially abundant clusters. C-D Statistical analysis of 
cluster frequencies between NAWM and Lesion. An FDR-adjusted p value < 0.05 was considered statistically 
significant, determined using GLMM (*p <0.05; **p < 0.01, adjusted). E-F 2D-tSNE plots of differentially 
abundant clusters colored by cluster ID and marker expression. G-H Volcano plots show differential expression 
(in comparison to hoMG) of STATE markers in significantly enriched microglial clusters. Black dots indicate 
significantly different expressed markers, whereas the grey dots are non-significant markers. Markers labelled 
in red are determined in both Exp-II and Exp-III. Two-tailed, unpaired t-test followed a correction for multiple 
comparisons using the Holm-Šídák method. p-value < 0.05 is considered statistically significant. The X axis 
plots the difference in mean expression between the significantly enriched clusters and the hoMG cluster. A 
dotted grid line is shown at X = 0, no difference. The Y axis plots the multiplicity adjusted p-value (−log) tested 
using two-tailed, unpaired t-test. A dotted grid line is shown at Y = −log (0.05), no statistical significance. 
Adapted from Böttcher C., et al. 202051. 
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4.2.2 IMC partially corroborates myeloid diversity in active lesions 
 
In order to validate the results obtained with CyTOF, we performed IMC on FFPE-TMA’s 

from the same donors. IMC was performed using a panel of 13 antibodies, including those 

analyzed in Exp-I, on 1-3 sections per sample from all samples, from which 1mm2 per sample 

was acquired and analyzed. A schematic representation of the workflow used is depicted in 

Figure 8.  

 

 
 
Figure 8. Schematic representation of IMC analysis. For IMC analysis tissue blocks were embedded in paraffin 
and cut at a thickness of 5µm with a microtome. Tissue sections were stained with metal-labelled antibodies 
following typical immunohistochemical protocols and measured. Data analysis included single-cell 
segmentation, high-dimensional image visualization, unsupervised clustering and statistical testing.   
 

After single-cell segmentation and phenograph clustering (Fig 9 B), we tested the difference 

in abundance of the different clusters between NAWM and Lesion (Fig 9 C). We observed a 

higher abundance of TNF+P2Y12+ microglia in NAWM as compared with active lesion 

samples (Fig 9 D), confirming the results from C8 in Exp-I. Among the five clusters that 

were significantly different in abundance between conditions we noted a higher abundance 

of clusters expressing CD45+/hiCD68+/hi in active lesions as compared with NAWM (Fig 9 

D), thus with a similar phenotype from that of C1 from Exp-I. Of note, those clusters did not 

show a higher expression of HLA-DR, CD44, CD11c or CD14 as seen in the solution CyTOF 

experiments, but had a similar phenotype as that of C11 from Exp-I. These results indicate 

that the clusters identified with IMC may be composed of mixed cells from both clusters.  
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Figure 9. IMC analysis results. A Representative images from imaging mass cytometry measurements on post-
mortem human brain tissue from NAWM and Lesion from PMS patients (scale bar = 100 μm). Arrow head 
indicates P2Y12+ microglia, which are positive or negative for TNF. B Overlaid 2D-tSNE plot with all cells 
from all samples colored by group or cluster IID as determined by Phenograph clustering analysis. C Cluster 
frequencies between NAWM and Lesion. Five differentially abundant clusters (C3, C5, C10, C11 and C17) in 
lesions, compared to NAWM samples, were labelled with asterisk. Boxes extend from the 25th to 75th 
percentiles. Whisker plots show the min (smallest) and max (largest) values. The line in the box denotes the 
median. Each dot represents the value of each sample. Two-tailed, unpaired t-test. p-value < 0.05 (*) is 
considered statistically significant. D 2D-tSNE plots with expression of different markers. Dot plot in the left 
showing correlations between TNF and P2Y12 signal intensities of C5, C10 and C17. Right dot plot shows 
correlations between CD68 and CD45 signal intensities of C5, C3 and C11. E Representative IMC images of 
five differentially abundant clusters detected in lesion WM (scale bar = 50 μm). Adapted from Böttcher C., et 
al. 202051. 
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4.3. Increased homeostatic phenotypic signature in microglia 
from major depressive disorder (MDD) patients  
 
All results presented here have been previously published in Böttcher, C. et al. 202052 

 
 

4.3.1 Microglial homeostatic signatures are maintained in different 
brain regions of MDD patients  
 

To elucidate the different myeloid profiles from post-mortem brains of patients with MDD 

we performed CyTOF analysis with two antibody panels comprising 35 antibodies/panel. We 

used isolated myeloid cells from four different brain regions: subventricular zone (SVZ), 

thalamus (THA), temporal lobe (GTS) and frontal lobe (GFM). Panel A was designed to 

identify the major immune populations from CNS cells and included a set of cytokine, 

chemokine, and other inflammatory markers. Panel B, instead, was designed to analyze 

functional and activity changes in the microglial subsets (in here only Panel A is shown). 

First, we checked for regional differences in myeloid signatures and, concordant with a 

previous study by our group28, we observed distinct phenotypes from SVZ microglia as 

compared with THA, GFM and GTS (Fig 10). Mainly, we found an overall increased 

expression of HLA-DR, CD11c and CX3CR1 in SVZ from control donors (Fig 10 B). These 

changes were also detected in cells from MDD patients, except for lower levels of HLA-DR 

from SVZ on MDD patients, thus suggesting non-inflammatory profile in MDD myeloid 

cells.  
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Figure 10. CyTOF analysis of isolated myeloid cells from MDD patients and control donors. A 2D t-SNE plots 
from all cells, in the upper panel colored by region; in the lower panel colored by condition. B Boxplots show 
mean expression levels of selected markers in different brain regions for huMG from CON and MDD cases. 
Boxes extend from the 25th to 75th percentiles. Whisker plots show the min (smallest) and max (largest) values. 
The line in the box denotes the median. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001, one-way 
ANOVA testing with Dunnett correction for multiple comparisons. Adapted from Böttcher C., et al. 202052. 
 
 
For a more detailed characterization of the four different brain regions and to further 

understand possible phenotypic changes during MDD we performed unbiased clustering 

analysis (Fig 11). From the 8 clusters obtained, there was no difference in cluster abundance 

between MDD and controls, and only two clusters showed difference in abundance between 

SVZ and other regions.  We recognized C2, low abundant in SVZ, as the main microglial 

cluster by the high expression of P2Y12 and TMEM119 and low expression of HLA-DR and 

CD68 (Fig 11 A). C3, composed of cells with high expression of P2Y12, TMEM119, HLA-

DR and CD68, indicative of an activated phenotype, was enriched in SVZ.  Thus, we could 

further confirm heterogeneity of microglial phenotypes between brain regions.  In both C2 

and C3 expression of P2Y12 and TMEM119 was higher in MDD and expression of HLA-DR 

and CD68 was lower in MDD as compared with controls, showing an increased homeostatic 

signature in microglial cells from MDD patients (Fig 11 C). Interestingly, we also found 

increased levels of CD195 (CCR5) in MDD as compared with controls. In contrast, the 

macrophage cluster C8 identified as CD206hiP2Y12loTMEM119lo, showed an increase in 

expression of HLA-DR, TMEM119 and CD91 (low-density lipoprotein receptor-related 

protein 1 [LRP1]) in MDD cases as compared with controls (Fig 11 C).  Furthermore, all 
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clusters showed comparable levels of other inflammatory markers such as IL-1β, IL-6, TNF, 

MIP- 1β (CCL4), IL-10, and MCP-1 (CCL2) between MDD and controls (Fig 11 C).  

 
Figure 11. Unsupervised clustering analysis. A Overlaid 2D-tSNE plots colored by cluster identity and the 
corresponding phenotypic heatmaps. B Boxplots showing cluster distribution across regions (SVZ, THA, GTS 
and GFM) and between conditions (CON and MDD).  Whisker plots show the min (smallest) and max (largest) 
values. A dot indicates the frequency (%) of an individual sample. The line in the box denotes the median. **P 
< 0.01, multiple t-test with FDR adjustment (at 10% using the Benjamini–Krieger–Yekutieli procedure). C 
Boxplots showing markers with differential expression (arcsinh) between CON and MDD for clusters C2, C3 
and CD8. A dot indicates the mean expression of an individual sample. *P < 0.05, **P < 0.01, multiple t-test 
with FDR adjustment (at 10% using the Benjamini-Krieger-Yekutieli procedure. Adapted from Böttcher C., et 
al. 202052. 
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Overall we have shown a strong homeostatic signature in microglia from MDD patients, 

which is in contrast with the changes seen in microglia isolated from PMS patients51. 

Furthermore, we have confirmed the regional microglial differences between SVZ and THA, 

GTS and GFM and we have seen that these regional differences remain unchanged during 

MDD.  

 
 

5. Discussion 
 
 
In the three studies presented here, single-cell mass cytometry was used to deeply 

characterize the protein phenotypes of myeloid cells from patients at early and late stages of 

MS and in MDD. The results shown here have demonstrated the complexity of the disease 

and the heterogeneity of myeloid phenotypes in MS patients which can help understand the 

role of these cells in the disease. Furthermore, we have shown that myeloid cells in the brains 

of MDD patients display a homeostatic signature, in contrast with previous reports 

suggesting a neuroinflammatory signature during MDD. 

 

5.1 Phenotypical changes in PBMCs in early MS 
 
The study of PBMC phenotypes using CyTOF led to the discovery of several changes in 

composition of the lymphoid compartment from early MS patients as compared with control 

donors. These changes were more prominent in several T cell subsets, underscoring the high 

impact of these cells in the pathology. Among our results, we show an overall increase in 

CCR7+CD4+ and CCR7+CD62L+CD8+ T cell clusters in early MS. CCR7 and CD62L are 

recognized homing receptors for secondary lymphoid organs and markers of naïve T cell 

phenotype70. Both markers have also been recognized as part of the central memory T cell 

(TCM) phenotype71, however, markers to distinguish between this two populations such as 

CD45RA and CD45RO were missing in our panels. TCM are key players of the adaptive 

immune system by conferring immediate response upon antigenic stimulation, they rapidly 

home to secondary lymphoid organs where they proliferate and differentiate into effector 
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cells72. Higher levels of TCM have been reported in blood from MS patients and it is 

speculated that increase of TCM is a mechanism of maintenance of MS73.  Interestingly, 

depletion of CCR7 in CD4+ T cells in EAE mice leads to impaired induction of 

autoimmunity74. We also saw an overall decrease in NFAThiT-bethi CD4+ T cells in patients 

with early MS. NFAT is an important regulator of T cell immune responses,  among its target 

genes is the regulation of the lineage specific transcription factor T-bet which in turn 

regulates transition to T helper 1 lineage75. Th1 CD4+ T cells have been strongly correlated 

with MS, these cells typically secrete IFN -γ and TNF which is believed to increase immune 

activation in the CNS by inducing further release of pro-inflammatory mediators and 

enhancing antigen presentation76. Furthermore, NFAT has been identified as a target for 

autoimmune disease treatment, and it has been reported that pharmaceutical inhibition of 

NFAT ameliorated EAE by inhibiting Th1 and Th17 cells but not Treg cells77. We also 

detected an increase in a mixed NK - T cell cluster with high expression of IL-6 in early MS 

patients. IL-6 is a known modulator of immune responses although mainly secreted by 

antigen presenting cells. Elevated levels of IL-6 have been observed in CSF78 and plasma79 

of patients with MS, even from an early stage in the disease, and have shown positive 

correlation with disease severity78.  

As for the myeloid compartment, even though antibody Panel B was specifically designed to 

detect major changes in the myeloid population, we only detected one minor change within 

the DC population. These results are concordant with other studies showing low variations 

in the overall population of monocytes between patients at different stages of MS (including 

CIS) and controls81,82.  Nonetheless, these studies report changes in marker expression within 

the non-classical monocyte subsets, such as lower HERVs (not present in our panels) and 

changes in the abundance of non-classical monocytes at later stages of the disease81,82. The 

lower abundance of CD141+DCs found in our study is in contrast with one previous study 

showing increased abundance of these cells in PBMCs from CIS patients using flow 

cytometry83. In order to address the suitability of our panel design to detect changes in 

myeloid subsets we also measured samples from patients with Crohn’s disease84 which 

showed a strong inflammatory phenotype in the myeloid compartment as compared with MS 

and control samples, concordant with previous reports.  
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5.2 Myeloid phenotypes in active lesions of PMS patients 
and MDD patients 
 
In the second study, we have characterized the protein phenotypes of myeloid cells from 

active lesions vs. NAWM from PMS patients at the single-cell level using mass cytometry. 

Our results show an abundance of microglia in both lesion and NAWM and a shift from 

homeostatic microglia in NAWM to more activated profiles in active lesion. Cells present in 

lesion-associated clusters expressed markers related with myelin clearance and remyelination 

as well as markers related with inflammation. We consistently detected the same results along 

the three experiments, thus proving the reproducibility and consistency of the technique. The 

unsupervised data analysis approach enabled identification of 12 clusters with distinct 

phenotypic signatures, the multiplicity of microglial phenotypes identified possibly relates to 

a large array of functions for these cells in the disease. 

In Exp I, we used two markers that enabled distinction between microglia and resident 

macrophages, P2Y1285 and TMEM11986, the positivity for these two markers in the major 

population in both NAWM and active lesion indicates a majority of microglia present in both. 

However, there was an overall decrease in expression of these markers in lesions, as shown 

by a lower frequency of homeostatic microglia in lesion and a lower expression of 

TMEM119, P2Y12, CX3CR1 and GPR56 in lesion-associated clusters, consistent with 

previous reports in MS27,43,85 and mouse models of demyelination27 and neurodegeneration32. 

In Exp II and III, we did not use specific microglia markers but microglia/macrophage 

markers HLA-DR, CD11c or CD172a, thus it was not possible to properly discern between 

the cell types. However, we can extract from the data in Exp I that the main populations were 

mostly composed of microglia cells.  

 

We found that cells in lesion-associated clusters had an increased expression of markers 

involved in phagocytosis and pro-inflammatory signals including typical markers of 

microglia activation such as HLA-DR, CD68 or CD11c. Phagocytosis is a complex cell 

process that needs the tight regulation and cooperation of different types of receptors and 

signaling pathways, in the CNS it is mostly performed by resident macrophages and 

microglia. In the context of MS, phagocytosis ensures the proper clearing of myelin debris 

which is of key importance to allow axonal and oligodendrocyte regeneration87. Phagocytosis 
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and processing of different cholesterol products (such as those composing myelin) are also 

known to induce a pro-inflammatory phenotype in mciroglia88. Our results show high 

expression of phagocytosis-related molecules in cells from lesion-associated clusters 

including CD68, TLRs, HLA-DR, CD74, CD14, CD91 and ABCA7. TLR stimulation in 

mouse microglia induces activation and up-regulation of several molecules, including 

cytokines, co-stimulatory molecules and MHC-class II receptors90. HLA-DR (MHC-class II 

receptor) is typically used by APCs to present antigens to T cells and thus stimulates the 

adaptive arm of the immune response. Microglia express low levels of HLA-DR in 

homeostatic conditions, an upregulation in the expression of this molecule is a typical 

response to inflammation and usually considered as a marker of activation in many CNS 

pathologies including MS27,44,91. Furthermore, different HLA-DR haplotypes have been 

strongly associated with MS in genome wide studies3,92. A role for HLA-DR in antigen 

presentation by microglia in the context of MS has been challenged by recent studies in mice 

in which induction of EAE in mice harboring MHC class II-deficient microglia remained 

unaltered93. Furthermore, MHC class II molecules where also upregulated in the cuprizone 

demyelination mice model94, which lacks T cell involvement, but had no apparent effect on 

the pathology, as MHC class II deficiency in microglia do not seem to affect de- or 

remyelination94. Interestingly, in the de and re-myelination associated microglia described 

with the cuprizone model, upregulation of MHC class II molecules is accompanied by 

increase in CD74 but no other co-stimulatory molecules such as CD80 or CD8627,94, a pattern 

similar to that seen in our lesion-associated microglia, which show higher expression of 

HLA-DR and CD74 but no change in CD86 expression.  

In Exp II and III, CD91 was shown to be upregulated in all lesion-associated clusters. CD91 

(LRP1 or APOE receptor), is a scavenger receptor that is involved in myelin clearance and 

inflammatory response in MS69. We also saw increased expression in lesion of CD14 and 

ABCA7, a molecule associated with lipid metabolism and part of the cuprizone reacting 

microglial signature94. ABCA7’s primary function is to regulate the transport of 

phospholipids and cholesterol but it is also involved in maintaining the homeostasis of the 

immune system. CD14 is also known for being the coreceptor of TLR467 and TLR296. CD14 

expression in microglia provides them with high sensitivity to LPS, more than other 

macrophages tested, and is known to induce cytokine secretion but also to prevent excessive 
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inflammatory reactions in the mouse CNS67. It is important to note that although TREM2 and 

ApoE have been suggested as the main mediators in the switch from homeostatic to 

neurodegenerative microglia in mice models of AD, ALS and MS31,32 we did not see any 

changes in the expression of TREM2 or ApoE in any of the lesion-associated clusters.  

  

Activation of phagocytosis is tightly linked with activation of the immune response in 

microglia. In our study we found up-regulation of several immune mediators in lesion-

associated clusters, among them NFAT, AXL, SPP1, CD44, CD115 or CD172a. These 

results partially correlate with the DAM phenotype found in mouse models of 

neurodegeneration32. AXL is a member of the family of receptor tyrosine kinases with a role 

in regulation of the immune response, including regulation of cytokine secretion and in 

promoting the clearance of debris98. Studies in mice have evidenced that the levels of Axl 

expression rise when CNS homeostasis is broken, as in EAE or in cuprizone treated mice99, 

where it regulates cytokine release and the clearance of debris98. The expression of AXL was 

also found higher in homogenates from MS lesions99, concordant with our results. 

Furthermore, a recent study testing the potential  of antibodies against AXL receptor 

(enhancing AXL function) for MS treatment showed promising results by decreasing EAE 

clinical scores as well as diminishing demyelination and inflammatory myeloid cells in the 

CNS100. SPP1 (also named osteopontin [OPN]) is a pro-inflammatory cytokine secreted by 

many immune cells including activated microglia and macrophages, among its functions in 

macrophages are regulation of migration, survival, phagocytosis and pro-inflammatory 

cytokine production101. High levels of SPP1 in CNS-resident myeloid cells have been found 

in different CNS conditions, including mouse models of neuroinflammation27,39,102 and 

neurodegeneration32,103, as well as in AD104 and brains102 , blood and CSF from MS patients 

correlating with disease severity105. Despite this, we did not detect changes in expression of 

some pro-inflammatory mediators usually linked to neuroinflammation such as CCL2 or IL-

1b. We only found a small increase in expression in IL-6 in one of the lesion-associated 

clusters. We did see, however, a high increase in TNF expression in a NAWM-associated 

cluster. This result might be linked to a response of microglia in non-affected areas and a 

failure of lesion-associated microglia to promote remyelination in active lesions at late stages 
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of the disease, given the reports of TNF produced by microglia to promote oligodendrocyte 

proliferation and remyelination106.  

 

In addition to CyTOF, we also used IMC as a validation tool of our results. The IMC analysis 

in this thesis is among the first to apply the newly developed IMC technology to brain 

samples and the first to apply IMC in a larger cohort, as the two previous studies consisted 

of either one107 or two samples108. We could confirm in-situ many of the findings resulted 

from the solution CyTOF experiments. For instance, we also saw an increased abundance of 

TNF+ microglia in NAWM as compared with lesion and we observed an increase in 

frequency of activated microglia in lesion. It is important to note, however, that a direct 

comparison of the results between both technologies is still technically challenging.  

Taken together our results suggest a multiplicity of myeloid responses in active lesions of 

PMS. The markers found to be highly expressed in cells from lesion-associated clusters are 

involved in multiple responses that range from mechanisms related to phagocytosis, 

promotion of inflammation or remyelination. These results indicate the coexistence of 

different cell populations, or cells in different activation states within the lesion milieu. This 

phenotypic range should be considered when designing new treatment strategies, as the fine 

modulation of myeloid phenotypes within the CNS could drive towards inflammation 

resolution but should not hinder the capacity of microglia to dispose of cellular debris needed 

for proper remyelination. 

 

In contrast with the changes seen in microglia from active lesions of PMS patients we found 

that microglia from MDD patients have a non-inflammatory phenotypic signature, and 

furthermore all the microglial populations showed increased homeostatic signatures an even 

a decreased expression of HLA-DR and CD68 in the main microglia cluster in MDD as 

compared with controls. To our knowledge this is the first study to analyze microglia from 

MDD patients at the single-cell level using high-dimensional profiling. Although further 

studies with a bigger cohort are needed, our results challenge previews reports that suggested 

an increased microglial activation in brains of MDD patients, mainly relaying on TSPO 

ligand binding measured with PET36 but are in-line with a recent microarray transcriptomic 

study showing no significant changes in MDD gene expression109.  
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5.3 Future directions 
 
It is important to note that the three studies described in this thesis consist of a snapshot in 

time and space of the myeloid cell compartments present in MS patients. The precise function 

and biological relevance of the populations ifound associated with MS remain to be 

investigated. In the first study on PBMCs in early MS, we could not detect major changes 

within the myeloid populations. This could be due to lack of specific antibodies to detect 

those changes or that changes in myeloid cells are not happening at such an early stage. 

Therefore, follow-up studies with expanded antibody panels or at later stages of the disease 

might provide relevant information and establish specific associations of these cells during 

disease progression.  Nevertheless, it remains also to be determined whether or not these cells 

are more susceptible to insults. Ex vivo functional analysis will be required to investigate 

their responses under stimulation. 

 

Regarding the results obtained on our second study, an assessment of a larger cohort could 

be useful in proving the extent of the changes shown here. Even though IMC is still a young 

technology, the possibilities of high-dimensional imaging acquisition could expand the 

understanding of how the different immune phenotypes studied here correlate and interact 

with their tissue microenvironment. Hence, further studies on PPMS patient samples using 

IMC including markers for other cell types with proposed roles in the disease could shed 

some light as to their function in disease progression. Lastly, a combination of different omics 

tools, testing the transcriptomic, proteomic and spatial relationships of myeloid cells at 

different disease stages would provide important information as to how these cells are 

regulated and cooperate with their specific environment at different pathological stages.    
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as input for further meta-clustering analysis. Using antibody Panel B, in which only HLA-DR, CD38, CD64, 
CD68, CD8a, CD33 and CD64 were used to estimate the frequency of the main circulating cell subsets, four cell 
subsets were de!ned. Using this antibody panel, we aimed to particularly analyse the myeloid cell population 
(HLA-DR+CD33+). Myeloid cells can be clustered from other cell populations (Fig. 3b), whereas CD4+ T cells 
could not be clearly clustered from NK cells, and some HLA-DR+ T lymphocytes (red dots) were detected in the 
cluster of B cells (HLA-DR+CD33−, light blue cluster). Similar to Panel A, one very rare cell subset (unidenti!ed 
cells) was excluded from the analysis (Fig. 3b). In both Panels A and B, overall mean expressions of all markers 
used in Panels A and B were not di#erent between the two groups (Figs. 2f and 3c).

����������������������������������������������������������������������������Ǥ� In order to 
examine phenotypic di#erences of PBMCs between patients with early MS and healthy controls, we next per-
formed high-resolution probability binning on the t-SNE map of the entire data set, an approach that has been 
shown to be an e#ective exploring strategy to reveal di#erences between the studied groups17. $is analysis 
revealed that the CD4+ T cell composition was di#erent between healthy controls and patients with early MS 
(Fig. 4a). $e di#erences were detected in the CD4+ T cell sub-populations that expressed CCR7, IL-7R and 
CD62L (Fig. 4b). Further cluster analysis of CD4+ T cells indicated abundant di#erences in two out of fourteen 
subsets (Fig. 4c,d). Cluster 1, de!ned as NFAT1hiT-bethiCD4+ T cells was present at a lower frequency in patients 
with early MS compared to healthy controls (Fig. 4d,e), whereas the abundance of CCR7+T-bet−CD4+ T cells 
(cluster 13) was higher in patients with early MS (Fig. 4d,e). Similar to the CD4+ lymphocytes, an increased 
frequency of the CCR7+T-bet−NFAT1lo cell subset (cluster 5) was also found among the CD8+ T cell population 
(Fig. 4f–h). Within the CD3+CD4−CD8−T-bet+ (double-negative) T cells, we detected di#erential abundance in 
two subsets 2 and 3, which di#ered from the other clusters on the basis of expression levels of ADRP, CCR2 and 
T-bet (Fig. 5a–c). Notably, in the early MS group, increased cell frequencies were detected in the clusters that were 
ADRPloCCR2+T-betlo (cluster 2), while ADRP+CCR2+T-bet+ cells (cluster 3) were less abundant compared with 
healthy controls (Fig. 5a–c).

Although we could not detect di#erential marker expression and abundance in the total B cell population, 
high-dimensional clustering analysis revealed di#erences in cell frequencies of two out of seventeen B cell subsets 
(Fig. 5d–f). $ese subsets were identi!ed as CCR7+CCR2−TGFβ1− B cells, which were positive (cluster 2) and 
negative (cluster 3) for CD62L (L-selectin) expression (Fig. 5d–f). Interestingly, we detected an increased abun-
dance of CD62L-expressing B cells, whereas the frequency of the CD62L-negative cells was reduced (Fig. 5e,f).

Similar to the results obtained for antibody Panel A, multi-parameter immune pro!ling using the antibody 
Panel B revealed di#erential abundances of lymphoid cell subsets (Fig. 6). In the mixed cluster of CD4+ T cells 
and NK cells, we detected di#erences in the frequencies of two cell subsets, namely clusters 3 and 6 in Fig. 6a,b. 
A unique CD47hiIL-6+ T cell subset (cluster 6) was found to be increased in early MS patients compared to the 
healthy controls (Fig. 6a–c). $is subset could be further de!ned as CD274loCD54loCXCR3+ (Fig. 6a). Finally, 
the frequency of cells expressing high level of MIPβ (CCL4) and IRF8 (cluster 7) was signi!cantly lower in the 
mixed cluster of HLA-DR+ T cells and B cells from patients with early MS than in healthy controls (Fig. 6d–f). 
In sum, harnessing the full power of multi-dimensional mass cytometry we unravelled phenotypic alterations of 
lymphoid cell subsets in patients with early MS compared to healthy controls. $e changes in immune pro!les 
detected herein were found mainly in the B and T cell populations.

Phenotypic alterations of the monocyte/myeloid cell compartment in patients with early 
��Ǥ� Next, we explored the abundance and/or phenotypic changes in the myeloid cell compartment of 
patients with early MS compared with the control group (Fig. 7). In contrast to previous reports10–12, we did 
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Figure 1. Schematic representation of CyTOF measurement. Peripheral blood mononuclear cells (PBMCs) 
were collected from healthy controls (CON, n = 11) and patients with early multiple sclerosis (MS) (early MS, 
n = 11). PBMCs were CD45-barcoded and pooled. Mixed samples were equally divided and stained with two 
panels (Panel A and B, Supplementary Tables 2 and 3) of metal-conjugated antibodies and acquired on the 
CyTOF instrument. Prior to algorithm-based data analysis, the data were demultiplexed and compensated. Two 
steps of clustering analysis were performs; the primary supervised clustering analysis to identify the known 
lineage cell subsets, and the secondary unsupervised clustering analysis to discover small phenotypic di#erences 
within each identi!ed lineage cell subset.
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Figure 2. Immune phenotyping of peripheral blood mononuclear cells (PBMCs) – Panel A. (a) Representative 
reduced-dimensional single-cell t-SNE maps (of a healthy control) from biologically independent samples of 
patients with early MS (n = 11) and healthy controls (n = 11). Each dot represents one cell. !e 2D t-SNE maps 
were generated based on expression levels of all markers of Panel A (Supplementary Table 2). !e colour spectrum 
represents individual marker-expression levels (red, high expression; dark blue, no expression). (b) !e t-SNE 
plot of concatenated FCS #les from all 22 samples. !e colouring indicates ten de#ned clusters representing major 
PBMC-lineages. (c) Heat map cluster demonstrates the expression levels of 14 markers used for the cluster analysis. 
(d) Quanti#ed frequencies (%) of each de#ned cell subset showing comparable cellular composition in PBMCs from 
the two studied groups (black lines show mean values of the datasets). (e) Myeloid clusters including CD14+CD16−, 
CD14+CD16+, CD14−CD16+ monocytes and dendritic cells were manually merged prior to further data analysis. (f) 
Overlaid t-SNE plot shows cellular distribution of control (grey dots) and early MS (red dots) samples (top image). 
Heat map and cluster analysis of all samples on the basis of the mean expression of 36 markers. Samples are indicated 
by dendrograms. Heat colours show overall expression levels (red, high expression; dark blue, no expression).
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not observe major di!erences in the monocyte/myeloid cell composition between the two groups using anti-
body Panel A (Supplementary Fig. 1). However, results obtained from the pro#ling using antibody Panel B 
revealed a significant reduction of the frequency of CD141-expressing dendritic cells (DCs, cluster 13) in 
patients with early MS compared to healthy controls (Fig. 7a–c). $is cell subset could be further characterized as 
CD64−CD68−CXCR3+IRF8+ADRP+CD38+ (Fig. 7a,c). To estimate the degree of phenotypic changes of mono-
cytes in patients with early MS, we compared immune pro#les of monocytes from patients with early MS with 
those from patients with Crohn’s disease (CD) and healthy controls. It is known that monocytes are involved 
in the immunopathology of in%ammatory bowel diseases like CD19–21. We detected strong di!erences in the 
myeloid cell compartment between patients with CD and early MS or healthy controls using antibody Panels A 
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Figure 3. Immune phenotyping of peripheral blood mononuclear cells – Panel B. (a) Representative single-cell 
t-SNE plots (of a healthy control). Each dot represents one cell. $e 2D t-SNE maps were generated based on 
expression levels of all markers of Panel B (Supplementary Table 3). $e colour spectrum represents expression 
levels (red, high expression; dark blue, no expression). (b) $e t-SNE map of concatenated FCS #les from all 22 
samples. $e colouring indicates #ve de#ned clusters of myeloid and lymphoid origin. $e lower panel shows 
cluster heat map cluster demonstrating the expression levels of 7 markers used as the embedding parameters. 
(c) Overlaid t-SNE plot shows cellular distribution of control (grey dots) and early MS (red dots) samples (top 
image). Heat map and cluster analysis of all samples on the basis of the mean expression of 36 markers. Samples 
are indicated by dendrograms. Heat colours show overall marker expression levels (red, high expression; dark 
blue, no expression).
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not observe major di!erences in the monocyte/myeloid cell composition between the two groups using anti-
body Panel A (Supplementary Fig. 1). However, results obtained from the pro#ling using antibody Panel B 
revealed a significant reduction of the frequency of CD141-expressing dendritic cells (DCs, cluster 13) in 
patients with early MS compared to healthy controls (Fig. 7a–c). $is cell subset could be further characterized as 
CD64−CD68−CXCR3+IRF8+ADRP+CD38+ (Fig. 7a,c). To estimate the degree of phenotypic changes of mono-
cytes in patients with early MS, we compared immune pro#les of monocytes from patients with early MS with 
those from patients with Crohn’s disease (CD) and healthy controls. It is known that monocytes are involved 
in the immunopathology of in%ammatory bowel diseases like CD19–21. We detected strong di!erences in the 
myeloid cell compartment between patients with CD and early MS or healthy controls using antibody Panels A 
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Figure 3. Immune phenotyping of peripheral blood mononuclear cells – Panel B. (a) Representative single-cell 
t-SNE plots (of a healthy control). Each dot represents one cell. $e 2D t-SNE maps were generated based on 
expression levels of all markers of Panel B (Supplementary Table 3). $e colour spectrum represents expression 
levels (red, high expression; dark blue, no expression). (b) $e t-SNE map of concatenated FCS #les from all 22 
samples. $e colouring indicates #ve de#ned clusters of myeloid and lymphoid origin. $e lower panel shows 
cluster heat map cluster demonstrating the expression levels of 7 markers used as the embedding parameters. 
(c) Overlaid t-SNE plot shows cellular distribution of control (grey dots) and early MS (red dots) samples (top 
image). Heat map and cluster analysis of all samples on the basis of the mean expression of 36 markers. Samples 
are indicated by dendrograms. Heat colours show overall marker expression levels (red, high expression; dark 
blue, no expression).
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Figure 4. Phenotypic analysis of the lymphoid lineage. (a) Statistical t-SNE map obtained from bin-wise 
testing for di!erential abundance between the two studied groups (CON, n = 11; early MS, n = 11) using 
edgeR statistical framework (with negative binomial GLM) and 10% FDR adjustment. "e colour spectrum 
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blue, no expression). (c) t-SNE map highlights CD4+ T cell subset (green dots). Heat map and cluster analysis 
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Identi#ed clusters are indicated by dendrograms. Heat colours show overall marker expression levels. "e bar 
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Figure 5. Cluster analysis of CD3+CD4−CD8−Tbet+ T cells and B cells from early MS patients (early MS) 
compared to the healthy controls (CON). (a) t-SNE map highlights CD3+CD4−CD8−Tbet+ T cell subset 
(orange dots). Heat map and cluster analysis of CD3+CD4−CD8−Tbet+ T cells from all samples on the basis of 
the mean expression of analysed markers. Identi!ed clusters are indicated by dendrograms. Heat colours show 
overall marker expression levels (red, high expression; dark blue, no expression). "e bar graph shows mean 
cluster frequencies as % of parent (black number) and % of total cells (grey number). Cluster 2 and 3 (* in red) 
are quanti!ed as di#erentially abundant subsets between the healthy controls and the early MS patients. (b) 
"e graph shows di#erences in frequency (%) of the three subsets between the two studied groups (CON, grey; 
early MS, red). (c) Median expression levels as shown in dot plot representation for randomly selected cells 
(n = 256/cluster) in the cluster 2 (orange), 3 (green), and all other clusters (blue). ADRP and T-bet are identi!ed 
as de!ning markers for cluster 2 and 3. (d) t-SNE map highlights CD19+ B cell subset (blue dots). Heat map 
and cluster analysis of CD19+ B cells from all samples on the basis of the mean expression of analysed markers. 
Identi!ed clusters are indicated by dendrograms. Heat colours show overall marker expression levels (red, high 
expression; dark blue, no expression). Cluster 2 and 3 (* in red) are quanti!ed as di#erentially abundant subsets 
between healthy controls and patients with early MS. (e) "e graph shows di#erences in frequency (%) of cluster 
2 and 3 between the two studied groups (CON, grey; early MS, red). (f) Median expression levels as shown in 
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Figure 6. Di!erential abundances of lymphoid cell subsets in patients with early MS. (a) t-SNE map highlights 
mixed T and NK cell population (red dots). Heat map and cluster analysis of the mixed CD4+ T cell and NK 
cell population from all samples on the basis of the mean marker expressions (Panel B). Clusters are indicated 
by dendrograms. Heat colours show marker expression levels (red, high expression; dark blue, no expression). 
"e bar graph shows mean cluster frequencies as % of parent (black number) and % of total cells (grey number). 
Cluster 3 and 6 (* in red) show di!erential abundances between healthy controls and patients with early MS. (b) 
"e graph shows di!erences in frequency (%) of cluster 3 and 6 between the two studied groups (CON, grey; 
early MS, red). (c) Median expression levels as shown in the dot plot representation for randomly selected cells 
(n = 256/cluster) in the cluster 3 (orange), 6 (green) and all other clusters (blue). IL-6 was de#ned as a marker 
discriminating the di!erentially abundant cluster 6. (d) "e representative t-SNE plot shows IL-6 expression 
levels and indicates the IL-6-expressing cell subset (orange circle, le$ image). "e right image shows expression 
levels of IL-6 expressing cluster 6 (orange line), compared to the total cells (blue line). (e) t-SNE map highlights 
HLA-DR+ lymphocyte population (light blue dots). Heat map and cluster analysis of B cells from all samples 
on the basis of the mean marker expressions (Panel B). Cluster 7 (* in red) show di!erential abundances 
between the studied groups. (f) "e graph shows di!erences in frequency (%) of cluster 7 between the two 
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Figure 7. Phenotypic changes in myeloid cell populations from patients with early MS. (a) t-SNE map 
highlights myeloid population (merlot dots). Heat map and cluster analysis of myeloid cells from all samples 
on the basis of the mean marker expressions (Panel B). !e bar graph shows mean cluster frequencies as % of 
parent (black number) and % of total cells (grey number). Cluster 13 (* in red) shows di"erential abundances 
between the controls (CON) and patients (early MS). (b) !e graph shows di"erences in frequency (%) of 
cluster 13 between the two studied groups. (c) Median expression levels as shown in the dot plot representation 
for randomly selected cells (n = 256/cluster) in the cluster 13 (orange) and all other clusters (blue). (d) Heat 
map and cluster analysis of di"erentially abundant subsets of myeloid cells between healthy controls (CON, 
n = 11), patients with early MS (early MS, n = 11) and Crohn’s disease (CD, n = 8) on the basis of the mean 
expression of analysed markers using the antibody Panel A. (e) !e graph shows di"erences in the frequency 
(%) of all seven di"erential clusters compared between the three studied groups. (f) !e Boxplot shows median 
expression levels of the discriminating markers de#ning the di"erentially abundant subsets. !e plot was a 
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Fig. 1 Comparative phenotypic analysis of the CNS myeloid cells in NAWM and active lesions of PMS. a The overlaid t-SNE plots of 8 NAWM (grey dot)
and 7 active lesions (red dot). The 2D t-SNE maps were generated based on expression levels of all markers of Exp-I (Supplementary Table 8). b The
overlaid t-SNE plot of all samples. The coloring indicates 12 clusters representing diverse myeloid cell phenotypes, defined by the FlowSOM algorithm.
c Heat map cluster demonstrates the expression levels of all 36 markers used for the cluster analysis. Asterisk indicates differentially abundant clusters.
Heat colors of expression levels have been scaled for each marker individually (to the 1st and 5th quintiles) (red, high expression; blue, low expression).
d Pie charts showing the proportions of 12 defined clusters in the two groups. Four differentially abundant clusters (C1, C3, C8, and C11) between
active lesions and NAWM were found. An FDR-adjusted p value < 0.05 was considered statistically significant, determined using GLMM (*p < 0.05;
**p < 0.01, adjusted). Box-plots show frequencies (%) of all defined clusters. Boxes extend from the 25th to 75th percentiles. Whisker plots show the min
(smallest) and max (largest) values. The line in the box denotes the median. Each dot represents the value of each sample. e Reduced-dimensional
single-cell t-SNE maps highlight all four differentially abundant clusters. In the lower panel, t-SNE maps show the expression of TMEM119, TNF, CD14
and P2Y12. Color spectrum indicates expression levels of the marker (red, high expression; blue, low expression)

Böttcher et al. Acta Neuropathologica Communications           (2020) 8:136 Page 8 of 18
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cluster of P2Y12
+TNF+/hi cells (similar to C8 identified

by CyTOF (Fig. 2b)) in lesions compared to NAWM
(Fig. 3c-e). We also noted a higher abundance of
CD45+/hiCD68+/hi clusters in active lesions (Fig. 3c-e),
which had a similar phenotype to C1 identified by
CyTOF (Fig. 2b). Nevertheless, these lesion-enriched

clusters expressed low levels of CD44, CD11c, HLA-DR
and CD14 (Additional file 2: Supplementary Fig. 7b),
which is similar to the phenotype of C11 identified by
CyTOF (Fig. 2b), indicating that these clusters may
contain mixed cells that have similar phenotypes to
both C1 and C11 identified by CyTOF (Fig. 2b).

Fig. 2 Phenotypic diversity of myeloid cells in active lesions. a Heat map of all markers across all profiling clusters, in comparison to hoMG cluster
C3. Tile size is an expression level (arcsinh) and heat colors show p-value (range from < 0.0001 (red) to > 0.100 (green)). b Snail plot shows marker
expression levels of each differentially abundant clusters (of all samples measured), in comparison to hoMG cluster C3. The snail shell represents
transverse (perpendicular) axis mapping marker expression levels on an exponential scale. Each line denotes each sample (n = 15). The bar plot
(below) shows mean (Log 2) fold change of each marker in each differentially abundant cluster, compared to those in hoMG cluster C3. Significantly
differential expressed markers are in bold. Two-tailed, unpaired t-test followed a correction for multiple comparisons using the Holm-Šídák method. p-
value < 0.05 is considered statistically significant

Böttcher et al. Acta Neuropathologica Communications           (2020) 8:136 Page 9 of 18
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Fig. 3 Differentially abundant clusters in active lesions, determined by imaging CyTOF. a Representative mass cytometry images of NAWM (n = 5
biological replication) and lesion white matter (n = 5 biological replication) (scale bar = 100 μm). Microglia/macrophage are stained with P2Y12,
CD68, CD45, CD163, CD14 and TNF, and nuclei/DNA are counterstained with Iridium (grey). Arrow head indicates P2Y12

+ microglia, which are
positive or negative for TNF. b The overlaid t-SNE plot of all segmented cells from all samples. The coloring indicates NAWM (grey dots), Lesion
(red dots) or 17 clusters representing diverse myeloid cell phenotypes on the analyzed brain tissues, defined by the PhenoGraph algorithm using
an input of k-nearest neighbors of 60. c The Box plots shows frequency (%) of all defined clusters. Five differentially abundant clusters (C3, C5,
C10, C11 and C17) in lesions, compared to NAWM samples, were labelled with asterisk. Boxes extend from the 25th to 75th percentiles. Whisker
plots show the min (smallest) and max (largest) values. The line in the box denotes the median. Each dot represents the value of each sample.
Two-tailed, unpaired t-test. p-value < 0.05 (*) is considered statistically significant. d Reduced-dimensional single-cell t-SNE maps show the
expression of TNF, P2Y12, CD68 and CD45. Color spectrum indicates expression levels of the marker (red, high expression; blue, low expression).
Dot plot shows the correlation between TNF- and P2Y12-signal intensity of C5 (lower abundance in lesions), C10 and C17 (lesion-enriched
clusters) of all samples measured, and the correlation between CD68- and CD45-signal intensity of C5 (lower abundance in lesions), C3 and C11
(lesion-enriched clusters) of all samples measured. e Representative IMC images of five differentially abundant clusters detected in lesion WM
(scale bar = 50 μm)

Böttcher et al. Acta Neuropathologica Communications           (2020) 8:136 Page 10 of 18
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Fig. 4 Confirmation of differentially phenotypic diversity of myeloid cells in active lesions. a, b The overlaid t-SNE plot of ten NAWM and eight active
lesion samples (Exp-II) (a), or of eight NAWM and nine active lesion samples (Exp-III) (b). The 2D t-SNE maps were generated based on expression levels
of TYPE markers of Exp-II (Supplementary Table 8, a) or of Exp-III (Supplementary Table 8, b). The coloring indicates 12 defined clusters representing
diverse myeloid cell phenotypes. Heat map cluster demonstrates the expression levels of TYPE markers used for t-SNE embedding. c, d Box-plots show
frequencies (%) of all defined clusters in Exp-II (c) and Exp-III (d). Differentially abundant clusters (C1, C5, and C6, Exp-II; C1, C3 and C9, Exp-III) between
active lesions and NAWM were found. A FDR-adjusted P value < 0.05 was considered statistically significant, determined using GLMM. Boxes extend
from the 25th to 75th percentiles. Whisker plots show the min (smallest) and max (largest) values. The line in the box denotes the median. Each dot
represents the value of each sample. e, f Reduced-dimensional single-cell t-SNE maps highlight differentially abundant clusters of Exp-II (e) and Exp-III
(f). g, h Snail plot shows marker expression levels of each differentially abundant clusters (of all samples), in comparison to hoMG cluster C6 of Exp-II
(g) or C9 of Exp-III (h). Significantly differential expressed markers are in bold. Two-tailed, unpaired t-test followed a correction for multiple comparisons
using the Holm-Šídák method. Adjusted p-value < 0.05 is considered statistically significant

Böttcher et al. Acta Neuropathologica Communications           (2020) 8:136 Page 12 of 18



 89 

damage, which may result in more vulnerable axons and
neurons [34]. Furthermore, aged microglia have been
observed to display an activated phenotype characterized
by increased expression of MHC class II, CD68 and pro-
inflammatory cytokines such as IL-1, IL-6 and TNF [16,
35]. This activation is associated with increased expres-
sion of TLRs and other pattern recognition receptors, as
well as decreased expression of immune-suppressive fac-
tors, such as CD200-CD200R and fractalkine-CX3CR1
interactions [35]. Consequently, the active lesion-
associated phenotypic changes described above (Figs. 1,
2, 3, 4 and 5) could resemble those observed with aging.
In addition, our previous study using bulk transcrip-
tomic analysis revealed subtle changes of the microglial
signature in NAWM of PMS donors compared to age-
matched non-MS control donors [11], so it is interesting
to test whether the phenotypic alterations identified in
active lesions (in a comparison to NAWM) can also be
detected in non-MS aged WM microglia. Myeloid cells
were isolated and MACS-sorted from control white mat-
ter as described above, and were characterized using the
antibody panels from Exp-I, −II and -III. In comparison
to NAWM, we did not detect differentially abundant

clusters in control aged microglia (CON) in either ex-
periment (Fig. 6a-j), which was similar to our results ob-
tained from our previous study comparing microglia
isolated from NAWM and age-matched control WM
[11]. Furthermore, the lesion-enriched clusters, which
were identified in Exp-I, −II and -III (Fig. 4), were not
correlated with age in all three studied groups, except
TNFhi C8 (Exp-I, Fig. 6b) and CD19loP2Y12

dim C11 clus-
ters (Exp-I, Fig. 6d).

Discussion
In this study, we characterized and compared WM myeloid
cells isolated from active lesions and NAWM of ten PMS do-
nors, using single-cell mass cytometry to analyse three differ-
ent antibody panels (a total of 74 markers). Depending on a
set of markers analyzed, we consistently detected a lower
abundance of a cluster of P2Y12

+TMEM119+ and/or HLA-
DRdimCD11cdim hoMG in active lesions and significantly
enriched clusters of highly phagocytic and activated micro-
glia. These clusters were mainly characterized by lower
expression of homeostatic markers CX3CR1, P2Y12,
TMEM119, GPR56, and/or increased expression of proteins
involved in phagocytic activity and microglial activation

Fig. 5 Differential phenotypes of myeloid cells in active lesions. a-c Volcano plots show differential expression (in comparison to hoMG) of STATE
markers (Supplementary Table 8) in significantly enriched microglial clusters, determined using Exp-II (a,c) and Exp-III (b,d) antibody panels. Black
dots indicate significantly expressed markers, whereas the grey dots are non-significant markers. Markers labelled in red are determined in both
Exp-II and Exp-III. Two-tailed, unpaired t-test followed a correction for multiple comparisons using the Holm-Šídák method. p-value < 0.05 is
considered statistically significant. The X axis plots the difference in mean expression between the significantly enriched clusters and the hoMG
cluster. A dotted grid line is shown at X = 0, no difference. The Y axis plots the multiplicity adjusted p-value (−log) tested using two-tailed,
unpaired t-test. A dotted grid line is shown at Y = −log (0.05), no statistical significance
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