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Abstract

Purpose: Cutaneous T-cell lymphomas (CTCL), encom-
passing a spectrum of T-cell lymphoproliferative disorders
involving the skin, have collectively increased in incidence
over the last 40 years. S�ezary syndrome is an aggressive form of
CTCL characterized by significant presence of malignant cells
in both the blood and skin. The guarded prognosis for S�ezary
syndrome reflects a lack of reliably effective therapy, due, in
part, to an incomplete understanding of disease pathogenesis.

Experimental Design:Using single-cell sequencing of RNA
and the machine-learning reverse graph embedding approach
in theMonocle package, we defined amodel featuring distinct
transcriptomic states within S�ezary syndrome. Gene expres-
sionused todifferentiate theunique transcriptional stateswere
further used to develop a boosted tree classification for early
versus late CTCL disease.

Results: Our analysis showed the involvement of
FOXP3þ malignant T cells during clonal evolution, tran-
sitioning from FOXP3þ T cells to GATA3þ or IKZF2þ

(HELIOS) tumor cells. Transcriptomic diversities in a
clonal tumor can be used to predict disease stage, and we
were able to characterize a gene signature that predicts
disease stage with close to 80% accuracy. FOXP3 was found
to be the most important factor to predict early disease in
CTCL, along with another 19 genes used to predict CTCL
stage.

Conclusions: Thiswork offers insight into theheterogeneity
of S�ezary syndrome, providing better understanding of the
transcriptomic diversities within a clonal tumor. This tran-
scriptional heterogeneity can predict tumor stage and thereby
offer guidance for therapy.

Introduction
Cutaneous T-cell lymphomas (CTCL) are a group of heterog-

enous T-cell neoplasmswith skin involvement. Two predominant
types of CTCL include mycosis fungoides and S�ezary syndrome,
bothofwhich are thought to bederived frommature skin-homing
CD4þ T cells (1, 2). Given this commonality and their often
overlapping clinicopathologic features, mycosis fungoides and
S�ezary syndrome had historically been regarded as closely related
entities on a spectrum; however, recent elucidationof distinct cells
of origin (3) has favoredmycosis fungoides and S�ezary syndrome

to represent distinct clinical entities (4–6). S�ezary syndrome refers
to a rare formof CTCL characterized by circulatingmalignant cells
with widespread skin involvement and possesses a poor 5-year
survival rate (1, 7). In contrast, mycosis fungoides refers to a
substantially more common CTCL with a skin-predominant, and
usually a skin-limited, presentation. mycosis fungoides most
often has an indolent course, with a 5-year survival of 70%–

80% (5, 7); however, a subset of patients exhibits a progressive
course such that malignant cells may be identified in the circu-
lation, lymph nodes, and viscera. Treatments for advanced stage
mycosis fungoides and S�ezary syndrome ultimately become inef-
fective, contributing to themorbidity andmortality of this patient
population. Methods to identify those patients who will progress
to advanced and widespread disease may facilitate optimal tran-
sition from skin-directed therapies to more aggressive treatment,
but such methods have not yet been established.

Despite a number of high-quality computational inquiries into
the genomic makeup of CTCL (8–12), the development of dif-
ferentiated T cells phenotypes and their relationship to disease
pathogenesis represents a knowledge gap in the understanding of
CTCL. In particular, the contribution of regulatory T cell (Treg)-
like cells to the malignant population in mycosis fungoides/
S�ezary syndrome has been controversial, with heterogeneous and
sometimes conflicting results (13–17). Heterogeneity within
S�ezary syndrome has been suggested by a recent targeted gene
sequencing of single cells (18). A deeper understanding of differ-
ences within the clonal malignant population in CTCL may yield
insights into more effective treatment regimens and strategies.

Here, we use single-cell RNA sequencing and single-cell V-D-J
sequencing to examine S�ezary syndrome at a previously
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unrealized transcriptomic resolution by pairing isolated S�ezary
syndrome cells with matched normal CD4þ T cells. Using this
unique dataset, we investigated the degree as well as trajectory of
heterogenous transcriptional profiles within the malignant cell
population to identify novel markers of S�ezary syndrome that
may aid in the detection, diagnosis, and staging of CTCL. We
further validate the power of our methodology by applying
our findings to a publicly available dataset consisting of a large
cohort of patients with CTCL and demonstrate that when used
in conjunction with an artificial intelligence (AI)-based approach,
transcripts can be identified that distinguish early and late
stage disease.

Materials and Methods
Patient recruitment

This studywas approved by theUniversity of Iowa Institutional
Review Board and conducted under the Declaration of Helsinki
Principles. The patient was recruited from the University of Iowa
Cutaneous Lymphoma clinic in the Department of Dermatology.

Informed written consent was received from the participant
before inclusion in the study. At the time of collection, the patient
was a 61-year-old male with stage IVA S�ezary syndrome
(T4N1M0B2) being treated with photophoresis and vorinostat.
Interferon and bexarotene had previously been ineffective and/or
not well tolerated.

Flow cytometry
A blood draw was performed, and peripheral blood mononu-

clear cells were isolated using a Ficoll gradient. Cells were labeled
withfluorescent antibodies specific for CD3,CD4,CD8,CD45RA,
CD45RO, CD5, CD7, and CD26 and flow sorted on a Becton
Dickinson Aria II.

Single-cell RNA sequencing
A malignant (CD3þCD4þCD5brightSSChi) and nonmalignant

CD4 (CD3þCD4þCD5intSSCint) population were flow sorted in
parallel. T-cell–receptor (TCR) sequencing and 50 gene expression
sequencing was performed using the Chromium (10x Genomics)
and Illumina sequencing technologies. Amplified cDNAwas used
to construct both 50 expression libraries and TCR enrichment
libraries. Libraries were pooled together and run on separate lanes
of a 150 based-paired, paired-end, flow cell using the Illumina
HiSeq 4000. Basecalls were converted into FASTQs using the
Illumina bcl2fastq software by the University of Iowa Genomics

Division. FASTQ files were aligned to human genome (GRCh38)
using the CellRanger v2.2 pipeline according to the manufac-
turer's instructions. Single-cell immune profiling of the clono-
types of the CD4þ T cells was performed in conjunction with the
single-cell RNA sequencing following the protocols described
above. Single-cell data are available at the Gene Expression
Omnibus at the accession number: GSE122703.

Single-cell data processing and analysis
Initial processing of peripheral (n¼ 4,485) andmalignant (n¼

3,526) CD4þ T cells was performed using the Seurat R Package
(v2.3.4; ref. 19). Individual cells filtered for total number of genes
expressed and percentage of mitochondrial reads. This filtering
was set to retain cells with greater than 200 genes, but less than
3,500 genes, and percent mitochondrial reads less than 9%.
Individual cells were then normalized using log-normalization
with a scale factor of 10,000. After processing, clustering was
performedusing the Seurat packageonperipheral (n¼4,436) and
malignant (n ¼ 3,443) CD4þ T cells. Dimensional reduction to
form the tSNE plot utilized the top 10 calculated principal
components and a resolution, or granularity of the clusters, of
1.2. The number of principal components utilized in the tSNE
cluster was based on examining the SDs of the top 20 principal
components and running a jackstraw analysis to quantify P value
distributions (19). Cluster markers and differential gene expres-
sion analyses were performed using the Wilcoxon rank-sum test.
In the context of the differential gene expression between malig-
nant and normal T cells, the Wilcoxon rank-sum test was per-
formed without filtering or thresholding parameters. In contrast,
the cluster markers utilized default threshold of 0.25 for log2 fold
change and a filter for the minimum percent of cells in a cluster
greater than 25%. The differential markers between the clusters
were isolated by comparing significantly upregulated genes as
defined as Padj <0.05 and unique, nonshared genes between
clusters. Single-cell immune phenotype correlations utilized the
SingleR (v0.2.0) R package on mean raw count data for clusters
identified in Seurat (20), scores are reported in quantile-normal-
ized Spearman r values. Cell types for the analysis were derived
from the Human Primary Cell Atlas (21). Differential markers
between peripheral and malignant CD4þ T cells utilized the
percentage of cells that express the individual mRNA species and
log2 fold change between the two cell populations. Cell trajectory
and pseudo-time analysis was performed using the Monocle R
package (v2.8.0) and the reverse-graph embedding machine-
learning algorithm (22). Differential gene testing for the pseu-
do-time analysiswas basedon thepreviously identifiedmalignant
cell clusters and a cutoff for significance q-value < 0.01. Single-
sample gene set enrichment analysis (ssGSEA) was performed on
malignant T-cell clusters using the SingleR R packagewith recently
reported T-cell–related gene sets (23).

Machine learning gene signature analysis
Raw TruSeq FASTQs of 152 CTCL and 29 normal/benign skin

lesions were downloaded from SRP114956 (24, 25). Additional
clinical data on patient age and disease were downloaded from
the SRA repository. Files were pseudo-aligned with kallisto
using the GRCh38 build of the human transcriptome (26). Tran-
script-level quantifications were condensed to gene-level and
scaled to transcripts-per-million (TPM) values. In total, 344 genes
were sequenced and quantified across the 151 of the total 152
patients, a single patient sample, SRR5906152, was removed

Translational Relevance

An analysis of S�ezary syndrome using single-cell RNA
sequencing revealed transcriptional heterogeneity among
malignant S�ezary syndrome cells. This study is the first to
show a shift in T-regulatory–like to a more central memory
CD4þ T-cell phenotype at the transcriptional level in S�ezary
syndrome. From the heterogeneity of S�ezary syndrome cells in
a single patient, we were able to construct an artificial intel-
ligence–based algorithm that predicted early versus late dis-
ease state, implicating the role of the observed transcriptional
dynamics in disease progression and potentially drug
resistance.

CTCL Heterogeneity and Disease Progression
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due to pseudo-alignment issues in which kallisto produced a
domain error after quantifying abundances and running the
expectation-maximization algorithm.Quantified geneswere then
cross-referenced to significant (q-value < 0.05) genes identified in
the Monocle 2 algorithm to narrow down signature candidates,
with a total of 93 genes used for classification prediction. Boosted
classification trees were constructed with the gbm (v2.1.3) pack-
age using log TPM values. Boosting was performed with 10,000
classification trees with a multinomial distribution; interaction
depth and shrinkage parameters were selected via 10-fold cross-
validation on the training dataset. Variable importance of each

gene was assessed by quantifying the mean decrease in the Gini
index of each predictor averaged over all splits.

Results
Separationofmalignant andnormalCD4þT cells by expression
profiling

We performed parallel single-cell RNA sequencing and TCR
V-D-J sequencing of sorted malignant CD4þ T cells paired with
normal CD4þ T cells using a single-cell droplet platform, as
outlined in Fig. 1A. Malignant CD4 T cells were identified in a

Figure 1.

Single-cell isolation and sequencing of peripheral blood and S�ezary syndrome cells. A, Schematic of the isolation, sequencing, and analysis of the single cells. B,
Flow cytometry gating of the patient sample to isolate normal and tumor CD4 T cells. C, tSNE projection of patient sample with normal CD4 T cells (n¼ 4,436)
outlined in gray andmalignant CD4 cells (n¼ 3,443) in orange. D, Unique significant cluster genes without overlap between clusters and based on theWilcoxon
rank-sum test, Padj < 1e-50. E, Phylogenic tree of cluster identities based onmean mRNA values in the cluster with corresponding cluster proportion of cell
composition. F,Quantile-normalized Spearman correlation values of predicted immune cell phenotype based on SingleR algorithm for each tSNE cluster.
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patient with S�ezary syndrome by high side scatter (3) as well as
aberrantly high expression of CD5; these cells made up nearly
86%of circulating CD4þ T cells. Normal CD4þ T cells were sorted
in parallel, with a normal side scatter profile and normal CD5
expression (Fig. 1B).

After single-cell RNA and TCR sequencing of the isolated
CD4þ T cells, data were filtered for low-quality cells and
normalized. Assessing the collective heterogeneity of both
normal and malignant CD4þ T cells, we observed 12 distinct
clusters based on mRNA expression (Fig. 1C). Accompanying
the clustering, we also identified the top 5 to 7 genes that
define each cluster (Fig. 1D). Of the tSNE clusters, 6 were
comprised of normal CD4þ T cells, whereas 5 consisted of
the malignant S�ezary syndrome cells. Using Euclidean hier-
archical clustering, we found the tSNE clusters were most
closely related to the normal versus malignant classification
(Fig. 1E), further confirming the separation within the tSNE
itself. Using the mean mRNA expression of each cluster, we
correlated the gene expression with known marker genes,
with the majority of cells of both normal and malignant
origin correlating with CD4þ central memory T cells

(Tcm, Fig. 1F). Notably, the normal CD4þ T-cell clusters 0
and 2 appeared to contain a na€�ve CD4þ T-cell phenotype,
and the clusters corresponding to the malignant S�ezary
syndrome cell population appeared to contain a phenotype
consistent with Tcm (3). An additional cluster (cluster 10)
consisted of CD4þ myeloid cells and was excluded from
further analysis.

S�ezary syndrome cells are clonal and transcriptionally distinct
from normal CD4þ T cells

To investigate the difference in malignant and normal CD4þ T
cells, we confirmed the separation of normal and malignant cells
using previously identified markers (Fig. 2A). We verified that
sequencing was performed on isolated CD4þ T cells, and that the
malignant population exhibited a characteristic decrease in CD26
(DPP4; refs. 27, 28) and increase in CD70 (Fig. 2A; ref. 29). As
previously mentioned, the patient's malignant cells expressed an
aberrant increase in CD5, which we could demonstrate at the
mRNA level, and amaintenance ofCD7, neither ofwhich is classic
for S�ezary syndrome (Fig. 2A; ref. 5). To further demonstrate the
observable difference in the malignant S�ezary syndrome cells, we
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Figure 2.

Transcriptomic comparison of malignant versus normal CD4þ T cells. A, tSNE projects of commonmarkers used to diagnose CTCL. B, VDJ sequencing of
malignant CD4þ T cells examining the distribution of a single prominent clonotype in the malignant T cells (orange). C, Log2 fold change expression versus the
difference in the percent of cell expressing the gene comparing malignant to normal peripheral blood CD4þ T cells (D percentage of cells expressed). Genes
labeled have a D percentage of cells expressed >50%, log2 fold change >1, and Padj < 0.05. D, Potential novel markers of CTCL cells with a D percentage of cells
expressed greater than 50% and Padj < 1e-100. E, Violin plots of previously identified markers of CTCL (Padj < 1e-10).
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filtered the VDJ-sequencing results for the top TCR hits and
matched 94.7% of sequenced cells with the corresponding
VDJ-sequencing information. Of the 3,328 cells sorted for the
S�ezary syndrome phenotype (Fig. 1B) with recoverable TCR-
sequencing information, 97.3% consisted of a single clonotype
containing TRBV14 (CDR3 amino acid sequence:
CASSPLQGTNSPLHF) and TRAV9-2 (CDR3 amino acid
sequence: CALFPNTGFQKLVF; Fig. 2B). In contrast, the normal
CD4þ T cells had 4,007 unique clonotypes with 37 individual
cells (0.9%) possessing the same malignant TRBV14/TRAV9-2
clonotype (Fig. 2B), likely due to the close proximity of the flow
sorting gates to each other.

To investigate potential novel markers and/or therapeutic
targets of S�ezary syndrome, we performed differential gene anal-
ysis comparing the malignant and normal CD4þ T cells. The
complete differential expression results are available in Supple-
mentary Table S1. We used this comparison analysis by contrast-
ing the log2 fold change (y-axis) and the difference in the%of cell
expressing the gene (D percentage of cells expressed,
x-axis; Fig. 2C). By examining the difference in the percentage of
malignant versus normal peripheral blood CD4þ T cells, this
allows for the identification of specific markers of S�ezary syn-
drome. As expected, of the genes with the highest log2 fold change
and greatest discrimination between malignant versus normal
cells were TRBV14 (log2 fold change¼ 3.53, D percentage¼ 94%)
and TRAV9-2 (log2 fold change ¼ 2.49, D percentage ¼
81%; Fig. 2B). Interestingly, 95.5%ofmalignant S�ezary syndrome
cells also expressed a second TRBV region variant, the pseudo-
geneTRBV21-1 (CDR3 amino acid sequence: CALFPNTGFQKLVF,
D percentage ¼ 92%; Fig. 2C). Using this analysis, we examined
previously identified genes that relied onpooled S�ezary syndrome
RNA sequencing and found differential expression in CCR4 (30),
DUSP1 (28, 31), GPR15 (32), ICAM2 (31), JUNB (31, 33),
KIR3DL2 (34), PLS3 (35), ITGB1 (10, 28), GATA3 (28, 31),
NEDD4L (9, 32), LAT (36), MGAT4A (36), PDCD1 (10, 36,
37), SKAP1 (11, 36), and TOX (36, 38; Fig. 2D). In addition to
previously identified markers, we report potential novel markers
for S�ezary syndrome (Fig. 3E) as defined by a log2 fold change
greater than one in S�ezary syndrome cells versus normal cells and
a D percentage >50%. Both genes displayed similar expression
differences to previously reported gene markers (Fig. 2D). SAM
domain, SH3 domain, and nuclear localization signals 1
(SAMSN1) have previously been reported to be involved in
resistance to IFNa, a treatment modality for CTCL (39). Tetra-
spanin-2 (TSPAN2) is a cell-surface protein that has been impli-
cated in cell migration in lung cancer (40).

Heterogeneous transcriptional profiles of single cells in S�ezary
syndrome

Unlike previous genomic studies that have relied on pooled
S�ezary syndrome cells in comparisonwith normal CD4þ controls,
we also were able to investigate the heterogeneity of the S�ezary
syndrome cells at a single-cell level (Fig. 3A), and our previous
analysis separated this malignant population into five clusters.
Using the machine-learning reverse graph embedding for dimen-
sional reduction available in the Monocle 2 algorithm, we con-
structed a manifold using the malignant S�ezary syndrome cells
(Fig. 3B). This technique orders the single cells by expression
patterns to represent distinct cellular fates or biological process-
es (22). Despite our finding of the clonal expansion of the S�ezary
syndrome cells (Fig. 2B), we observed distinct bifurcated archi-

tecture of the cell trajectory, implying a divergence in transcrip-
tional states (Fig. 3B). On the basis of this ordering, S�ezary
syndrome cells appear to start principally from cluster 9 and
moved toward clusters 1, 4, and 5 (state 1, dotted line) or cluster
11 (state 2, solid line; Fig. 3B).

To better understand the differential genes driving the ordi-
nal construction of the manifold, we examined major immune
transcription factors expression across the malignant CD4þ T
cells, focusing on FOXP3, GATA3, IKZF2 (Fig. 3C). Using the
pseudo-time created by the reverse graph ordering, we pro-
duced pseudo-time projections in which we can compare the
change in relative expression over pseudo-time for the distinct
transcriptional states. From these projections, we observed a
general decrease in FOXP3 in both directions of the bifurcation
(Fig. 3C). In contrast, both GATA3 and IKZF2 (HELIOS) had
marked increased expression with the transcriptional state
associated with cluster 11 (Fig. 3C). An expanded analysis of
major transcriptional factors relating to immune differentiation
is available in Supplementary Fig. S1A. Utilizing the differential
expression analysis based on the pseudo-time construction, we
next investigated the underlying differences of the malignant
clusters by defined immune phenotypes. We separated the
analysis into markers of skin-homing T cells, Tcm, and Tregs
(Fig. 3D). As expected we found consistent expression of skin-
homing markers, CCR4, SELPLG (CLA), and ITGB1 (Fig. 3D,
top row). In addition, we found low expression of FUT7, a
fucosyl-transferase required for the modification of CLA, across
all clusters (41); however, FUT7 had significant differential
expression between clusters (Fig. 3D, top row). Similarly, the
malignant cells exhibited an expression pattern similar to Tcm,
with sustained levels of CD28, CCR7, and SELL (L-Selectin/
CD62L). Interestingly in both skin-homing and Tcm markers,
cluster 11 had consistent increased expression in both pheno-
type markers compared with the other S�ezary syndrome clusters
(Fig. 3D). An additional analysis marker revealed a distinct
FOXP3þ IL7Rlow TIGITþ population in cluster 9, consistent with
Treg or Treg-like cells (Fig. 3D, bottom row). All clusters had
low and inconsistent expression of the Treg marker IL2RA
(CD25), however, consistent with previous reports demonstrat-
ing lack of CD25þ Tregs in S�ezary syndrome (14).

We next performed branched expression analysis modeling
to discern the significant expression differences between the
S�ezary syndrome transcriptional states (Fig. 3E). Differentially
expressed genes between the two states were placed into four
groups, C.1 through C.4, by expression pattern using the ward.
D2 clustering algorithm (42). The complete list of genes in each
group is available as Supplementary Table S2. A number of
genes had increased expression in state 2 (C.2 and C.4), which
were principally comprised of immune mediators (Fig. 3E). In
contrast C.1, which had maintained expression in state 1 had a
number of ribosomal genes (Fig. 3E). To better understand how
these diverging gene patterns may play a role in S�ezary syn-
drome, we performed ssGSEA (43). We found significant dif-
ferences between S�ezary syndrome clusters in T-cell–related
gene sets (Fig. 3F). Of note, along with the previously noted
increase in Tcm and skin-homing gene markers, cluster 11
(terminal portion of state 2) was significantly enriched for type
II IFN signaling, terminal differentiation, and cytolytic activity
gene signatures. Clusters 1, 4, and 5 that form the major portion
of Cell state 1, lacked distinct alterations in gene set enrichment
with the exception of high levels of hypoxia in cluster 5 (Fig. 3F
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and G). In contrast to the other S�ezary syndrome clusters,
cluster 9 was enriched for anti-inflammatory and Treg markers
(Fig. 3F and G), the latter fitting with our previous expression
analysis. The pathway analysis with enrichment of the differ-
entiated T-cell signatures in cluster 11, lends support to our cell

trajectory starting at FOXP3þ cluster 9. Together, these data
suggest transcriptional and potentially functional heterogeneity
among the malignant S�ezary syndrome cell population and
imply a changing transcriptional profile within this clonal
population.
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Application of AI-enabled genetic architecture to single-cell
S�ezary syndrome pseudo-time scheme to predict disease stage

To better determine and validate whether the observed
heterogeneity had clinical significance, we downloaded
raw sequencing reads from a cohort of patients with
CTCL (24, 25). This cohort consisted of 152 CTCL patient
samples from skin lesions of mycosis fungoides with targeted
sequencing in 344 genes and 3 clinical CTCL classifications:
early (stage � IIA), intermediate/mid (stages IIB and III),
and advanced/late (stage IV, Fig. 4A). Although mycosis
fungoides and S�ezary sydrome are often clinically distinct
and derive from different T-cell states (44), late-stage mycosis
fungoides can have overlapping clinical features with S�ezary
syndrome and is often treated similarly (5). To improve the
separation of the predictions, we isolated early (n ¼ 63) and
late (n ¼ 34) CTCL patients and utilized 93 genes that were
predictive of pseudo-time in our single-cell data (Fig. 4A).
After splitting the cohort into training (n ¼ 48) and testing
(n ¼ 49) sets, we constructed a series of boosted classification
trees (n ¼ 10,000) using the training set (Fig. 4B). We applied
the boosted classification trees to the independent testing
set and correctly classified 79.6% of samples into early
versus late stages (Fig. 4C). Variable importance was quan-
tified for each gene across the boosted classification trees.
The single gene with the largest relative influence in classi-
fication was FOXP3 at 10.39% (Fig. 4D). Other genes with
high relative influence in the classification model include
TGFB1 (5.37%), CD7 (5.09%), PTPN6 (4.79%), and SUZ12
(4.07%). Partial dependence plots for the five most influen-

tial genes were constructed to illustrate the effect of each
important gene's expression on the probability of early dis-
ease stage classification while integrating out other variables
(Fig. 4E).

A partial dependence plot was constructed for each of the 20
most important genes (data not shown), and the highest
expression level of each gene was compared with the proba-
bility of early disease stage classification. Recent work has
linked late-stage disease progression in mycosis fungoides to
S�ezary syndrome, specifically in the increased expression of
TOX, FYB, CD52, and CCR4; however, based on the boosted
classification tree, these genes did not have large relative
influence in prediction (45). Genes with their highest expres-
sion predictive of early disease include FOXP3 and PTPN6,
whereas genes with highest expression predictive of late-stage
disease include TGFB1, CD7, and SUZ12. We next examined
the distribution of expression of selected genes from the top 20
genes based on the pseudo-time projection of the manifold
(Supplementary Fig. S1B–S1D). We found several genes that
had diverging relative expression between the S�ezary syndrome
transcriptional states, like PLS3 and SUZ12 (Supplementary
Fig. S1C). Using the cell trajectory, we were unable to see clear
expression trends in late-associated genes (Supplementary
S1D, orange boxes), whereas early-associated genes had con-
sistent decreases in at least one tail of the trajectory (Supple-
mentary S1D, gray boxes). Larger single-cell datasets from
patients at different stages of diseases may therefore increase
the power of this technique and increase the precision of
prognostic and predictive biomarkers.
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Discussion
Beyond examining transcriptional states of clonal S�ezary syn-

drome cells, this study examines the implications of predicting
CTCL progression based on divergent gene drivers. The boosted
classification trees demonstrated an efficacious prediction model
for classifying early versus late disease stage (Fig. 4). In contrast to
the binary evaluation of differential expression of a gene between
two different disease states, the boosted classification trees utilize
combinations of continuous expression values associated with
early versus late disease (46). Underscoring the value of the
boosted classification tree approach was the nearly 80% predic-
tion efficiency for CTCL stage (Fig. 4C), particularly intriguing
considering that feature selection was performed using data from
a single patient. Although limited to a single patient, our analysis
provides a framework for the application of single-cell–based
high-throughput technologies to analyze disease in a clinically
meaningful way.

In particular, the expression of FOXP3 was the most influ-
ential predictor of CTCL stage identified from our analysis.
FoxP3 is a master transcription factor for Tregs (47, 48). The
observation of Treg or Treg-like malignant cells in S�ezary
syndrome and mycosis fungoides is controversial, with a num-
ber of conflicting results reported (13–17). Our work demon-
strated decreasing FOXP3 over purported pseudo-time estima-
tion, and this decrease was associated with an increase in the
major Th2 immune driver, GATA3 (Fig. 3C). Intriguingly, in the
absence of adequate CD25 expression, bona fide Tregs retain
developmental plasticity, allowing the cells to differentiate into
Th cells dependent on the microenvironment and cytokine
milieu (49). Our data indicate that S�ezary syndrome cells may
initially express high FOXP3 and low CD25 (IL2RA) and retain
similar mutability to FoxP3þCD25� Tregs.

The maintenance of FOXP3 expression in Tregs is required to
maintain a suppressive phenotype, the loss of which is termed
Treg fragility (50, 51). Aprevious report in S�ezary syndrome found
a subset of patients with CD25� FOXP3þ tumor cells, similar to
our RNA findings (Fig. 3), that retains suppressive function (14).
Instead of the malignant proliferation of Tregs first suggested by
Berger and colleagues, our data suggest the possibility of a
FOXP3þ intermediate state of S�ezary syndrome tumor cells (13).
The association with increased TGFB1 expression with later stage
disease, however, would indicate that loss of FOXP3 does not
equate to loss of the ability to elaborate immunoregulatory/
suppressive factors. Also of interest, HDAC inhibition, which is
effective in treating 30% of S�ezary syndrome, has been shown to
driveFOXP3expressionandTreg-suppressive function in vivo (52).
Recent targeted single-cell sequencing of S�ezary syndrome cells
before and after treatment with HDAC inhibition demonstrated
reduction in T cells of the Tcm transcriptional phenotype (18),
while response to HDAC inhibitors in CTCL has also been
associated with increase in open chromatin at a number of gene
loci, including FOXP3 (53). Thus, the promotion of the early or

intermediate FoxP3þ state in CTCLmay be amechanism of action
for vorinostat or other histone deacetylase inhibitors (54) in
disease treatment and the prevention of disease progression.

Newer single-cell methods, as used here, allow researchers to
characterize and stratify common drivers and sources of hetero-
geneity in clonal tumors. Similar to our approach, two recent
reports in CTCL using transcript-indexed ATAC-seq (55) and
limitedmRNA sequencing of 110 T-cell–related genes (18) found
heterogeneity in malignant S�ezary syndrome cells. Beyond the
observations of transcriptional heterogeneity, this new level of
data provides the opportunity for clinically meaningful advances
in S�ezary syndrome and to other cancers. Although limited in
scope, our supervised machine-learning approach to predicting
CTCL disease state demonstrates the early stages of combining
these new high-throughput approaches with predictive algo-
rithms to move beyond simple observations.
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