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Abstract
Background We have previously identi�ed a 52-gene signature that distinguishes Idiopathic Pulmonary
Fibrosis (IPF) patients with low and high risk genomic pro�les with signi�cant differences in mortality.
Here, we aimed to apply mass cytometry to characterize phenotypic and functional differences in
immune cells between controls and IPF patients with low and high-risk genomic pro�les based on the 52-
gene signature. Methods PBMCs from 20 subjects, including 9 low-risk, 6 high-risk and 5 controls were
barcoded with unique palladium-based combinatorial labels and stained as a single multiplexed sample
using mass cytometry. 30 antibodies were studied simultaneously. K-means clustering was used to
classify cell events into cell subsets. Differences in immune cell subpopulations were examined by
generalized linear mixed-effects model. Linear mixed-effects model was used for differential analysis of
functional targets in each individual cell subset between groups. Results Compared to controls, IPF
patients were characterized by signi�cantly increased number of classical monocytes, mDCs, activated
Th and Tc cells, and decreased naïve Th cells. We observed a signi�cantly higher frequency of classical
monocytes in IPF patients with high versus low risk genomic pro�les. Signi�cantly increased levels of
CD121b and decreased levels of CD28, LCK, ICOS, CD127, CD96 and ETS1 were observed in monocytes,
T-cells, B-cells and granulocytes in high-risk compared to low-risk IPF suggesting these cells as the source
of our previously identi�ed gene expression �ndings. Conclusions Our study identi�ed novel immune
aberrations in IPF patients and the source of cellular and functional changes of genomic risk pro�les
associated with IPF mortality.

Background
Idiopathic pulmonary �brosis (IPF) is a chronic, progressive and irreversible interstitial lung disease of
unknown etiology. The median survival of untreated IPF patients is approximately 3.5 years and the
clinical course of IPF is unpredictable [1, 2]. It progresses very rapidly in some patients while others can
have a stepwise decline. Another subgroup of patients progress more insidiously with periods of clinical
stability [1-3]. No reliable clinical parameters are available to re�ect disease prognosis. Consequently, the
identi�cation of candidate biomarkers that can accurately predict disease progression and their cellular
source is critical for development of clinical prediction models and for the identi�cation of novel
therapeutic targets.

Peripheral blood has been a valuable source for biomarker discovery in IPF. Circulating humoral factors
studied in this context include MMP7[4-6], CXCL-13[7, 8], IL-8[9, 10], CCL-18[11] and anti-HSP70 antibody[12],
levels of which are increased in IPF and highly correlated with disease progression. Changes in
distribution patterns of peripheral immune cell subsets, such as CD4+CD28+T cells [13, 14], �brocytes[15]

and Semaphorin7a+ regulatory T cell subset[16], are associated with mortality in IPF.  We previously
identi�ed a 52-gene expression signature in peripheral blood mononuclear cells (PBMCs) that was
associated with transplant-free survival (TFS) in two independent cohorts [14]. In a follow up study, the 52-
gene signature was used to classify IPF into low-risk and high-risk genomic pro�les with signi�cant
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differences in mortality and TFS [17] �ndings validated in 6 independent IPF cohorts. In the present study,
we hypothesized that genomic risk pro�les in PBMC are re�ective of changes in the proportion and
function of speci�c immune cell populations in IPF, thus we sought to determine these differences in IPF
patients when compared to control subjects and in IPF patients with low versus high-risk gene expression
pro�les based on selected proteins of the 52-gene signature. To validate our hypothesis, we used mass
cytometry by time of flight (CyTOF), a highly parameterized single cell-based platform that can determine
functional characteristics of several immune cell subsets in the same subject [18-20]. We found distinct
immune cell subpopulation patterns and functional markers on each immune cell subsets in PBMCs that
distinguished IPF patients from controls, and high-risk from low-risk IPF patients based on the 52-gene
signature. Our study identi�ed novel immune aberrations in IPF patients when compared to controls and
the cellular source of gene expression changes associated with high risk of mortality in patients with IPF.

Methods
Human participants

Studies were carried out with explicit informed consent on protocols that were approved by the Human
Investigation Committee at Yale University School of Medicine (approval number 1307012431). IPF
diagnosis was based on current guidelines of the American Thoracic Society and European Respiratory
Society [21]. Patients who were followed at the Yale Interstitial Lung Disease Center of Excellence were
eligible to enroll. Healthy, age-matched controls were recruited from Yale’s Program on Aging and from the
greater New Haven community.

Isolation of peripheral blood mononuclear cells (PBMCs)

PBMCs were isolated from whole blood by using Ficoll paque-based separation (Stem Cell Technologies,
Vancouver, BC, Canada) and stored in liquid nitrogen for future studies.

Study strategy and patient population

We designed a CyTOF panel of 30 metal isotope-tagged antibodies to analyze and compare the
phenotypic and functional heterogeneity of PBMCs across IPF patients and control (Figure 1 and Table
1). The phenotypic panel contained 15 lineage markers to distinguish the major immune cell populations
of PBMCs. The functional panel contained 15 selected protein markers of a 52-gene signature previously
associated with increased IPF mortality. These two panels were combined with PBMC samples from
control individuals (N=5) and IPF patients (Total IPF N=15; patients with low-risk genomic pro�le N=9 and
patients with high-risk genomic pro�le N=6). The patient’s information is listed in Table 2 and Table 3.

Reagents

Antibodies, manufacturers, and elemental isotope used for labeling cells are listed in Table 1 as described
previously [22, 23]. Therein, these antibodies were custom conjugated by Fluidigm, including CD2-155GD,
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CD28-166Er, CD96-153Sm, CD121b-163Dy, MCEMP1-143Nd, CXCR6-154Sm, STAT4-161Dy, ETS1-168Er
and HAPTOGLOBIN-156Gd. Maxpar® Water (# 201069, Fluidigm, South San Francisco, CA) was used as
sample carrier and Maxpar® Cell Staining Buffer (# 201068, Fluidigm, South San Francisco, CA) was
used as staining and washing media for PBMCs. Intracellular staining procedure was performed with
Foxp3/Transcription Factor Staining Buffer Set (#00-5523, eBioscience, San Diego, CA). The barcoding
experiment was carried out using Cell-ID 20-Plex Pd Barcoding Kit (# 201060, Fluidigm, South San
Francisco, CA).

Palladium (Pd) barcoding and staining by automated robotic platform

Twenty-samples were processed in batches using a state of the art automated Biomek robotic platform
(custom BeckmanCoulter Biomek® robotic machine FXp) for cell barcoding and staining to minimize
experimental variations [24, 25]. Samples were washed and counted using automated counter (Guava).
500,000 cells for each sample were transferred to a V bottom 96 well plate and incubated with 50uM of
Cisplatin for 1 min to stain dead cells. The plate was centrifuged at 1000x g for 5 min, supernatant
discarded and washed pellets three-times with PBS. The samples were �xed, washed and suspended with
Barcode Perm Buffer. Then, 100 μl of PBS was added to each 20-plex barcoding tube and mixed. 30 μl of
the barcoding buffer were transferred to each well followed by mixing well with the sample and
incubation at RT for 30 min. The samples were washed three-times before pooling into one eppendorf
tube. After washing with Maxpar® Cell Staining Buffer (# 201068, Fluidigm, South San Francisco, CA),
the barcoded samples were stained for surface markers and incubated for 30 min at room temperature.
PBMCs were then washed, �xed and permeabilized with Foxp3 / Transcription Factor Staining Buffer Set
(#00-5523, eBioscience, San Diego, CA), followed by mixing well with intracellular antibodies for 30 min
at room temperature. At the end of incubation, the samples were washed and incubated with iridium
intercalator (# 201192A, Fluidigm, South San Francisco, CA) diluted into MaxPar® Fix and Perm Buffer (#
201067, Fluidigm, South San Francisco, CA) at 4℃ overnight. The next day, cells were washed twice with
PBS, and once with Maxpar® Water (# 201069, Fluidigm, South San Francisco, CA) before injection into
the CyTOF.

Cytometry by Time-Of-Flight (CyTOF)

Samples were analyzed on a CyTOF 2 instrument (Fluidigm, South San Francisco, CA). Cells were
suspended in EQ Four-element calibration beads (# 201078, Fluidigm, South San Francisco, CA) with
MaxPar water to a �nal concentration of 106/mL. Cell suspension was injected at �ow rate of 0.045
ml/min after �ltration through a 35um nylon mesh (cell strainer cap tubes, BD Biosciences, San Jose,
CA). FCS �les were generated by CyTOF instrument control soft ware v6.0.622 (Fluidigm, South San
Francisco, CA).

Data analysis

Preprocess
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The Single Cell Debarcoder was used to debarcode the barcoded FCS �le into separate FCS �les for each
subject [26]. The marker intensities in each sample were log10-transformed. Cell events with low
intensities for the two DNA markers (191Ir and 193Ir) and cell events with high intensity for the cell
viability marker (195Pt) were gated out using the threshold de�ned as three median absolute deviations
below the median intensity for the pooled cells.

viSNE

viSNE was implemented in MATLAB and Cytobank.[27]. 10,000 cells were uniformly subsampled from
each group. The phenotypic markers were selected for building up the structure of viSNE map. viSNE
maps showed marker expression levels from low to high as color coded. Analysis was performed multiple
times with downsampling to optimize graphical output and the results were comparable and stable.       

Statistical analysis  

To decide whether each cell event belongs to the cell subset of interest, we performed the following
analysis: for each phenotypic marker, we classi�ed all cell events into cell events having low, medium, or
high expression of this marker using K-means clustering method with the number of clusters �xed at
three. Based on the expression levels of all relevant phenotypic markers for a given cell subset of interest,
cell events were decided whether they belonged to this cell subset. Because the de�nitions of cell subsets
are not mutually exclusive, a cell event can be classi�ed into multiple cell subsets. For clarity, we excluded
ambiguous cell events from our analysis, which were classi�ed into more than one cell subsets. For a
given cell subset, we conducted differential analysis in the proportions of this cell subset for both IPF
patients versus controls and low-risk versus high-risk patients. The differential analysis was done using a
generalized linear mixed-effects model for binomial data, in which the group label was included as a �xed
effect and random intercepts were included to account for intra-patient correlations. For functional
markers on each of the cell subset, we conducted differential analyses for both IPF patients versus
controls and low-risk versus high-risk patients. The differential analysis was done using a linear mixed-
effects model, in which the group label (IPF versus controls, IPF low-risk versus IPF high-risk) was
included as a �xed effect and random intercepts were included to account for intra-patient correlations.
We declared a p-value < 0.05 to be signi�cant. All statistical analyses were conducted using R statistical
software (v.3.4.0) and the lme4 package.

Results
Mass cytometry identi�es differences in immune cell subpopulations between IPF patients and control
subjects.

Our study design is summarized in �gure 1. viSNE plots are shown in two dimensions and each dot
represents a single cell positioned in the two dimensional space. The intensity of each marker was
visualized as color bar indicated (Figure 2). By K-mean clustering, 17 immune cell subpopulations were
inferred based on 15 selected phenotypic surface markers. This robust unsupervised clustering algorithm
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allowed us to automatically classify the number of cell events into each of the cell subsets studied based
on more than ten markers. We compared cell frequencies between IPF patients and control subject on the
total of 17 immune cell populations analyzed and identi�ed distinct immune cell composition between
these 2 groups (Figure 3A and B). As indicated in Figure 3C, myeloid DCs and classical monocytes were
increased in IPF patients versus controls (myeloid DC, p<0.05; classical monocytes, p<0.001). In addition
to monocytes, activated CD4+Th cells and activated CD8+Tc cells were also signi�cantly increased in IPF
patients versus controls (activated Th cells, p<0.01; activated Tc cells, p<0.001). Naïve CD4+Th cells were
signi�cantly reduced in IPF patients versus controls (p<0.01).

52-gene signature functional markers differentiate IPF patients and controls

To determine cell-subtype speci�c changes of functional markers of the 52-gene signature, at single-cell
resolution, we analyzed the expression of 15 selected targets of this signature in each of the 17 immune
cell subsets studied. We found statistically signi�cant differences in several cell subsets between IPF
patients and controls. Notably, both innate and adaptive immune cell subsets showed differences
between IPF and controls. In non-classical monocytes, IPF patients exhibited lower expression of CD127
(Figure 4A, p<0.01) and higher expression of MCEMP1 (Figure 4A, p<0.05). Specially, among CD4+T cell
subsets (helper T cells, Th cells), certain functional markers were found to be signi�cantly different in
naïve Th cell, effector Th and memory Th cell subpopulations. Within naïve Th cells, the expression of
CD121b, FTL3, MCEMP1, CD96, CXCR6, HAPTOGLOBIN and ICOS, were signi�cantly higher in IPF
patients versus controls (Figure 4B, CD121b, p<0.01; FLT3, p<0.01; MCEMP1, p<0.05; CD96, p<0.05;
CXCR6, p<0.05; HAPTOGLOBIN, p<0.05; ICOS, p<0.05). In effector Th cells, we also observed higher
expression of ICOS, FLT3, MCEMP1 and CD121b in IPF patients (Figure 3C, ICOS, p<0.01; FLT3, p<0.01;
MCEMP1, p<0.01; CD121b, p<0.05). Moreover, STAT4 and ETS1 were increased in IPF patients while CD2
expression was decreased signi�cantly (Figure 4C, STAT4, p<0.01; ETS1, p<0.05; CD2, p<0.05). In memory
Th cells, we observed increased expression of CXCR6 and ICOS in IPF patients (Figure 4D, CXCR6, p<0.05;
ICOS, p<0.05). Also, signi�cantly decreased expression of CD47 in IPF patients was found in this
subpopulation (Figure 4D, p<0.05). Similarly, we also analyzed these 15 functional makers in different
CD8+T (cytotoxic T cells, Tc cells) cell subpopulations. Compared with controls, STAT4 was signi�cantly
increased in naïve Tc cell subpopulation in IPF (Figure 4E, p<0.05) while CXCR6 was increased (Figure 4F,
p<0.05) in activated Tc cells from IPF patients. Memory Tc cell subpopulation in IPF patients showed
increased expression of ICOS and HAPTOGLOBIN (Figure 4G, ICOS, p<0.01; HAPTOGLOBIN, p<0.05). In
terms of B cells, we found signi�cant increase of CD127 in naïve B cells (Figure 4H, p<0.05) and CD96 in
memory B cells from IPF patients (Figure 4I, CD96, p<0.01). Differences in innate immune cell subsets
were also noted in basophils, granulocytes and mDCs. In basophils, the expression of ICOS was
signi�cantly higher in IPF patients versus controls (Figure 4J, p<0.05). In granulocytes, the levels of
CD235a/b, MCEMP1 and CD96 were higher in IPF patients versus controls (Figure 4K, CD235a/b, p<0.01;
MCEMP1, p<0.01; CD96, p<0.01). In mDCs, we observed lower ETS1 (Figure 4L, p<0.01) and higher CD96
(Figure 4L, p<0.05) in IPF patients versus controls.
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Differences in immune cell subpopulations in IPF patients with low-risk and high-risk genomic pro�les
based on the 52-gene signature.

We studied the immune cell distribution in IPF patients with low-risk and high risk genomic pro�les based
on a 52-gene signature in order to determine the cellular source of gene expression changes associated
with increased IPF mortality. The intensities of individual molecules on each cell plot were present in
viSNE plot (Figure 5). The frequencies of cell subsets in IPF patients with low-risk and high-risk genomic
pro�les based on the 52-gene signature are shown in Figure 6A and B. In general, the subset distribution
between PBMC samples from low high-risk patients was similar with the exception of a signi�cant
increase in the frequency of classical monocytes in patients with a high-risk genomic pro�le compared to
low risk (p<0.05, Figure 6C). The proportion of naïve Th cells was decreased in high-risk versus low-risk
IPF patients (25.7% versus 33.8%), however, this difference was not statistically signi�cant (p=0.12).

52-gene signature functional markers differentiate IPF patients with low-risk versus high-risk genomic
pro�les and identify the cellular source of gene expression changes

We identi�ed signi�cant differences in functional markers from the 52-gene signature between IPF
patients with low-risk versus high-risk genomic pro�les. CD121b was signi�cantly higher in classical
monocytes in high-risk versus low-risk IPF patients (Figure 7A, p<0.05). In non-classical monocytes,
CD127, CD96, and LCK were lower in high-risk versus low-risk IPF patients (Figure 7B, CD96, p<0.05; LCK,
p<0.05; CD127, p<0.05). Analysis of the CD4+ T helper cell compartments showed that the expression of
CD28 was lower in high-risk versus low-risk IPF patients in the memory Th cell subset (Figure 7C, CD28,
p<0.001). Lower expression of ETS1 and CD96 was detected in high-risk versus low-risk IPF patients in
the effector Tc cell subset (Figure 7D, ETS1, p<0.01; CD96, p<0.05). LCK expression was lower in high-risk
versus low risk IPF subjects in the memory Tc cell subset (Figure 7E, LCK, p<0.01). In B cell populations,
high expression of ICOS was noted between high-risk versus low-risk IPF patients in naïve B cells (Figure
7F, ICOS, p<0.05). Within IPF patients, signi�cant differences were also noted in granulocytes, where
increased levels of MCEMP1 and CD121b were observed in high-risk versus low-risk IPF patients (Figure
7G, MCEMP1, p<0.0001; CD121b, p<0.05).

In summary, we present directional changes of all the functional makers in low-risk versus high-risk IPF
patients in Figure S1. Considering that one of the main goals of this study was to identify the cellular
source of the gene expression changes of the 52-gene signature in IPF of bulk RNA from PBMC [14, 17], we
further compared cell-type speci�c changes with our previous gene expression results (Table 4). As
indicated, MCEMP1 and CD121b showed increased expression and CD28, CD96, CD127, ETS1, LCK and
ETS1 showed decreased expression in both bulk RNA from PBMC in low-risk and high-risk IPF subgroups
by gene expression and by mass cytometry analysis independently, validating the cellular source of
functional targets of the 52-gene signature.

Discussion
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We have previously identi�ed and validated a 52-gene signature in PBMC predictive of mortality and poor
disease outcomes in IPF [14, 17]. Here, we performed deep immunophenotyping using mass cytometry in
IPF samples and controls, compared the immune composition between these two groups and in IPF
patients with high and low genomic pro�les based on the 52 gene signature associated with their
respective high and low risk of mortality. We also analyzed 15 selected functional makers of the 52-gene
signature by mass cytometry to identify the cellular source of gene expression changes and compared
the levels of these markers in IPF and controls samples and between IPF patients with different genomic
risk pro�les.

When we analyzed the immune cell composition of IPF and control samples, we observed that
monocytes and myeloid dendritic cells were signi�cantly increased in PBMCs of IPF patients. [28, 29] Our
�nding demonstrating increased monocytes in IPF patients deserves special attention. Increased
monocyte counts appear to have prognostic value in IPF and other �brotic lung diseases suggesting a
role in lung �brosis progression[29, 30]. In this study, we demonstrated increased proportions of classical
monocytes in patients with a high-risk genomic pro�le based on the 52-gene signature, previously
associated with increased IPF mortality [14, 17]. Our �ndings validate a very large study by Scott et al
involving 7000 patients with �brotic lung diseases from �ve independent cohorts [30] showing that
increased monocyte counts were associated with increased mortality and poor disease outcomes in IPF
and other �brotic lung diseases. While the �ndings by Scott et al are impressive, they are limited by the
fact that authors did not perform detailed immunophenotyping of the monocytes involved in IPF
progression. Our study shows that increased proportions of classical monocytes, particularly those
expressing CD121b are associated with increased risk of mortality in IPF. CD121b (Interleukin 1 receptor,
type), one of the IPF mortality prediction genes when up-regulated interacts with TOLLIP, a gene that
encodes a ubiquitin-binding protein involved in interleukin-1 receptor tra�cking and in the turnover of
IL1R-associated kinase. Interestingly, TOLLIP variants have been associated with IPF survival [31] thus
follow up studies are required to establish the relationship between these two proteins in patients with
high risk genomic pro�les based on the 52-gene signature. It is important to mention that human �ndings
suggesting the role of monocytes in IPF progression are supported by murine studies in bleomycin-
induced lung �brosis. A recent report showed that circulating Ly6Chi monocytes facilitated the
progression of pulmonary �brosis in mice exposed to bleomycin through direction of alternatively
activated pro�brotic macrophages [32].

 Besides monocytes, we also found increased proportions of circulating dendritic cells in IPF patients
when compared to control subjects. While previous reports have shown increased immature and mature
DCs in the lung tissue[33] and bronchoalveolar lavage[34] from IPF patients, to our knowledge, our report is
the �rst to demonstrate increased levels of DCs in peripheral blood of IPF patients when compared to
controls. This �nding is relevant since DCs may have a role in lung �brosis pathogenesis and progression
as demonstrated by the large accumulation of mature DC in mice lungs after bleomycin exposure[35] and
the fact that antibodies used to block DC maturation or deplete mature DC chemokine receptors attenuate
the pathological hallmarks of pulmonary �brosis in this model[36].
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Our study also identi�ed higher frequencies of activated T lymphocytes, mainly activated Th and Tc
subsets in PBMCs of IPF patients when compared to controls. Other reports have shown than relative to
controls, lung tissue and BAL �uid from patients with IPF are enriched for several population of T
lymphocytes [37, 38]. One of the unexpected �ndings of our study, which likely resulted from the advantage
of deep immunophenotyping using mass cytometry, is that CD4+T cell from IPF patients have a skewed
composition with an increased proportion of activated Th cells and decreased proportion of naïve Th
cells relative to controls. IPF patients in the high risk genomic pro�le group based on the 52-gene
signature also had a trend towards lower proportions of naïve T cells compared to low risk patients
suggesting a role of these cells in IPF progression. Studies showing the association between T cells and
IPF pathogenesis and poor disease outcomes have shown con�icting results. While others have
demonstrated that increased proportions of T cell subsets, including CD25 expressing CD4 cells, and
CXCR3 expressing CD4 and CD8 subsets correlated with IPF[29], we have previously shown that decreased
proportion of CD4 T cells in peripheral blood was found to be associated with poor IPF outcomes. Further
studies including more samples and additional validation cohorts will be required to �nally determine
whether lower proportion of naïve T cells and not increased proportion of activated T cells in peripheral
blood are associated with IPF progression and mortality.

Our study not only shed light regarding the differences in immune cell composition in IPF patients when
compared to controls and between IPF patients with different genomic subphenotypes associated with
increased mortality but more importantly, validated our previous �ndings demonstrating that decreased
levels of T-cell costimulatory pathway genes such as CD28 and LCK can be seen in T-cell subsets of IPF
patients with a high-risk genomic pro�le. Mass cytometry also provided some unexpected �ndings
regarding our previously identi�ed survival prediction genes such as decreased levels of LCK in non-
classical monocytes and decrease levels of ICOS in B-cells in patients with a high-risk pro�le. Decreased
levels of CD127, CD96 were also seen in non-classical monocytes whereas ETS1 and CD96 were
decreased in seen in effector T-cells in the in the IPF high-risk subgroup. Our study also showed other
novel �ndings such as increased expression MCEMP1[39], mast cell-expressed membrane protein 1, one
of the mortality predictive genes in IPF patients when upregulated based on our previous �ndings, when
IPF samples were compared to control samples. Increased MCEMP1 protein levels were seen in IPF in
several immune subpopulations such as classical monocytes, naïve Th cell, effector Th cells and
granulocytes. These and other �ndings of our study will require additional validation in larger cohort of
patients.

Despite our impressive results and the validation of our previous gene expression �ndings, our study
obviously has limitations, the two most important being our small sample size and the lack of a
validation cohort. While we were able to perform genomic pro�ling of N=425 individual IPF patients in our
52-gene signature validation study[17], only a limited number of samples had viable PBMC collected
simultaneously for mass cytometry. This limitation may have impaired our ability to detect more granular
differences in the proportions of immune cell subpopulations studied across subgroups. It may have also
impaired our ability to detect more impressive changes of functional markers in patients with low- and
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high-risk genomic pro�les. Additional studies with larger number of samples and a validation cohort with
simultaneous gene expression and mass cytometry measurements are required to further validate our
�ndings. Future studies should also include the collection of time course samples to determine whether
cellular and functional changes are static or dynamic, particularly in response to anti-�brotic therapies.
Another limitation of our study is the purity of PBMC samples, while Ficoll-Paque isolation provides a
highly cell puri�ed pellet containing more than 95% mononuclear cells, they may include up to 3±2%
granulocytes. In our data, we were able to detect a strong signal from granulocytes between studied
groups and although they accounted for only a minor percentage of cells this may be off relevance since
a recent study showed that accumulation of aged neutrophils in the lung may cause �brotic interstitial
lung disease [40] thus, additional studies looking a gene expression and functional differences in
neutrophils in IPF is warranted, however, this is beyond the scope of our study.

Conclusions
Our study concludes than IPF patients have increased proportion of classical monocytes, myeloid
dendritic cells, activated Th cells and activated Tc cells and decrease proportion of naïve Th cells when
compared to healthy controls. Dysregulation of functional protein markers of the 52-gene signature were
found in IPF patients compared to controls in several cell subpopulations, the majority of which have not
been previously characterized in IPF. Increased proportion of classical monocytes and a trend towards
lower naïve Th cells were identi�ed in high-risk versus low-risk IPF patients suggesting that an imbalance
between monocytes and naïve T cells may be associated with IPF progression. Finally, we identi�ed the
cellular source of changes of protein markers of the 52-gene signature which predominantly happened in
classical and non-classical monocytes, memory Th cells, memory Tc cells, effector Tc cells, B cells and
granulocytes validating our previous gene expression �ndings.
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Table 1. CyTOF antibody panel     

Antigen Target Clone Number Supplier Elemental Isotope

CD3 SP34-2 Fluidigm 170Er

CD4 RPA-T4 Fluidigm 145Nd

CD8 RPA-T8 Fluidigm 146Nd

CD14 RMO52 Fluidigm 160Gd

CD19 HIB19 Fluidigm 142Nd

CD20 2H7 Fluidigm 147Sm

CD11c Bu15 Fluidigm 159Tb

CD16 3G8 Fluidigm 165Ho

CD27 O323 Fluidigm 167Er

CD38 HIT2 Fluidigm 172Yb

CD66a CD66a-B1.1 Fluidigm 149Sm

CD123 6H6 Fluidigm 151Eu

CD45 HI30 Fluidigm 89Y

CD45RA HI100 Fluidigm 169Tm

HLA-DR L243 Fluidigm 174Yb

CD2 TS1/8 Fluidigm 155Gd

CD28 CD28.2 Fluidigm 166Er

CD47 CC2C6 Fluidigm 209Bi

CD96 NK92.39 Fluidigm 152Sm

CD121b MNC2 Fluidigm 163Dy

CD235a/b HIR2 Fluidigm 141Pr

MCEMP1 Polyclonal sheep IgG Fluidigm 143Nd

FLT-3 BV10A4H2 Fluidigm 158Gd

ICOS C398.4A Fluidigm 148Nd

CXCR6 K041E5 Fluidigm 154Sm

CD127 C398.4A Fluidigm 171Yb

LCK LCK-01 Fluidigm 153Eu
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STAT4 2H9L5 Fluidigm 161Dy

ETS1 Polyclonal rabbit IgG Fluidigm 168Er

Haptoglobin RB21463 Fluidigm 156Gd

 

Table 2. Demographic characteristics of IPF patients and control

Characteristic IPF patients (N=15) Control subjects (N=5)

Age at enrollment, Mean ± SD 69.4 ± 4.4 73.8 ± 5.5

Gender, n    

Males 13 3

Females 2 2

Race, n    

Caucasian 15 5

Black 0 0

Hispanic 0 0

Other 0 0

Smoking status, n    

Ever smoker 12 0

Never smoker 3 5

Spirometry,    

mean ± SD    

FVC (%) 74.3 ± 15.6 -

DLCO (%) 40.2 ± 12.4 -

FEV1 (%) 78.5 ± 21.7 -

GAP Index, Mean ± SD 4.2 ± 1.6 -

Diagnosis, n    

HRCT+ UIP biopsy 1 -

HRCT 14 -
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Table 3.Demographic characteristics of the IPF patients in the two risk groups

Characteristic Low-risk (N=9) High-risk (N=6)

Age at enrollment, Mean ± SD 69.0 ± 4.3 70 ± 4.9

     

Gender, n    

Males 7 6

Females 2 0

Race, n    

Caucasian 9 6

Black 0 0

Hispanic 0 0

Other 0 0

Smoking status, n    

Ever smoker 7 5

Never smoker 2 1

Spirometry,    

mean ± SD    

FVC (%) 78.6 ± 12.2 68.0 ± 19.0

DLCO (%) 43.2 ± 13.3 35.7 ± 10.5

FEV1 (%) 79.1 ± 22.2 77.7 ± 23.0

GAP Index, Mean ± SD 3.9 ± 1.7 4.8 ± 1.5

Diagnosis, n    

HRCT+ UIP biopsy 1 0

HRCT 8 6
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Table 4. Functional markers with consistent changes from both genetic and protein level

Functional markers Genetic change (microarray) Protein change (CyTOF)

  ‘low-risk’  vs. ‘high-risk’    ‘low-risk’ vs. ‘high-risk’

MCEMP1 ↑ in bulk RNA of PBMCs ↑ in granulocytes

CD121b (IL1R2) ↑ in bulk RNA of PBMCs ↑ in granulocytes

    ↑ in classical monocytes

CD28 ↓ in bulk RNA of PBMCs ↓ in memory Th cells

CD96 ↓ in bulk RNA of PBMCs ↓ in effector Tc cells

    ↓ in non-classical monocytes

CD127 (IL7R2) ↓ in bulk RNA of PBMCs ↓ in non-classical monocytes

ETS1 ↓ in bulk RNA of PBMCs ↓ in effector Tc cells

LCK ↓ in bulk RNA of PBMCs ↓ in memory Tc cells

    ↓ in non-classical monocytes

Figures
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Figure 1

Experiment work�ow. The outline summarizes the subjects, antibodies, the experiments performed in
each group, and the analysis used.
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Figure 2

viSNE map of PBMCs from control and IPF. Ten thousand cells from control (A) and IPF (B) were shown
in each map. Each point in the viSNE map represents an individual cell, colored by the expression of
levels of the maker in the panel’s title.
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Figure 3

Differences in immune cell proportions between IPF and controls. (A) Pie charts displayed the frequencies
of granulocytes, basophils, plasmacytoid dendritic cells (pDCs), myeloid dendritic cells (mDCs), classical
monocytes, non-classical monocytes, naïve CD4+T cells (naïve Th cells), effector CD4+T cells (effector
Th cells), activated CD4+T cells (activated Th cells), memory CD4+T cells (memory Th cells), naïve
CD8+T cells (naive Tc cells), effector CD8+T cells (effector Tc cells), activated CD8+T cells (activated Tc
cells), memory CD8+T cells (memory Tc cells), naïve B cells, memory B cells, and plasma B cells in
peripheral blood from 5 normal control subjects (B) and 15 IPF patients (C). (D) Five of 17
subpopulations (mDCs, classical monocytes, activated Th cells, activated Tc cells and naïve Th cells) in
IPF patients showed signi�cant changes compared to normal subjects. * represents p<0.05, ** represents
p<0.01, *** represents p<0.001
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Figure 4

The expression of cell type-speci�c functional molecules differentiates IPF patients from control subjects.
Functional molecules displayed signi�cantly differential changes between IPF patients and normal
subjects in non-classical monocytes (A), naïve Th cells (B), effector Th cells (C), memory Th cells (D),
naïve Tc cells (E), activated Tc cells (F), memory Tc cells (G), naïve B cells (H) and memory B cells (I),
basophils (J), granulocytes (K), mDC (L). . * represents p<0.05, ** represents p<0.01
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Figure 5

viSNE map of PBMCs from ‘low-risk’ and ‘high-risk’ IPF patients. Ten thousand cells from low-risk (A) and
high-risk IPF patients (B) were shown in each map. Each point in the viSNE map represents an individual
cell, colored by the expression of levels of the maker in the panel’s title.
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Figure 6

Differences in immune cell proportions between high-risk and low-risk IPF patients. (A) Pie charts
displayed the frequencies of granulocytes, basophils, plasmacytoid dendritic cells (pDCs), myeloid
dendritic cells (mDCs), classical monocytes, non-classical monocytes, naïve CD4+T cells (naïve Th cells),
effector CD4+T cells (effector Th cells), activated CD4+T cells (activated Th cells), memory CD4+T cells
(memory Th cells), naïve CD8+T cells (naive Tc cells), effector CD8+T cells (effector Tc cells), activated
CD8+T cells (activated Tc cells), memory CD8+T cells (memory Tc cells), naïve B cells, memory B cells,
and plasma B cells in peripheral blood from 6 ‘low-risk’ patients (B) and 9 ‘high-risk’ patients (C). (D). The
frequency of classical monocytes showed signi�cant difference between ‘low-risk’ and ‘high-risk’ patients.
* represents p<0.05
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Figure 7

The expression of cell type-speci�c functional molecules differentiates high-risk from low-risk IPF
patients. Functional molecules displayed signi�cantly differential changes between high-risk and low-risk
IPF patients classical monocytes (A), non-classical monocytes (B), memory Th cells (C), effector Tc cells
(D), memory Tc cells (E), naïve B cell (F) and granulocytes (G). * represents p<0.05, ** represents p<0.01,
*** represents p<0.001, **** represents p<0.0001
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