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Requirement of DNMT1 to orchestrate epigenomic
reprogramming for NPM-ALK–driven lymphomagenesis
Elisa Redl1, Raheleh Sheibani-Tezerji2, Crhistian de Jesus Cardona3 , Patricia Hamminger4, Gerald Timelthaler5,
Melanie Rosalia Hassler1,6, Maša Zrimšek1, Sabine Lagger7 , Thomas Dillinger1,2, Lorena Hofbauer1,8,
Kristina Draganić1 , Andreas Tiefenbacher1,2 , Michael Kothmayer9, Charles H Dietz10, Bernard H Ramsahoye11,
Lukas Kenner1,7,12,13 , Christoph Bock10,14, Christian Seiser9, Wilfried Ellmeier4, Gabriele Schweikert15,16, Gerda Egger1,2

Malignant transformation depends on genetic and epigenetic
events that result in a burst of deregulated gene expression and
chromatin changes. To dissect the sequence of events in this
process, we used a T-cell–speciﬁc lymphoma model based on the
human oncogenic nucleophosmin-anaplastic lymphoma kinase
(NPM-ALK) translocation. We ﬁnd that transformation of T cells
shifts thymic cell populations to an undifferentiated immunophenotype, which occurs only after a period of latency, accompanied by induction of the MYC-NOTCH1 axis and deregulation of
key epigenetic enzymes. We discover aberrant DNA methylation
patterns, overlapping with regulatory regions, plus a high degree
of epigenetic heterogeneity between individual tumors. In addition, ALK-positive tumors show a loss of associated methylation patterns of neighboring CpG sites. Notably, deletion of the
maintenance DNA methyltransferase DNMT1 completely abrogates lymphomagenesis in this model, despite oncogenic signaling through NPM-ALK, suggesting that faithful maintenance of
tumor-speciﬁc methylation through DNMT1 is essential for sustained proliferation and tumorigenesis.
DOI 10.26508/lsa.202000794 | Received 25 May 2020 | Revised 28 November
2020 | Accepted 1 December 2020 | Published online 11 December 2020

Introduction
Individual tumors and tumor types show a high level of heterogeneity regarding their genetic and epigenetic constitution and in
the affected signaling pathways. Characteristically altered patterns
of DNA methylation, however, are a universal hallmark of human

cancer (1): In malignant cells, the genome is globally hypomethylated, whereas short CpG-dense regions, referred to as CpG islands (CGIs) generally show an increase in methylation (1, 2). CGIs
are often found in gene promoter regions and hypermethylated
CGIs have been associated with the silencing of tumor suppressor
genes in diverse cancers. However, linking speciﬁc DNA methylation differences with extensive expression changes during tumorigenesis in a cause-and-effect relationship remains challenging
because of the crosstalk of diverse epigenetic regulators. Furthermore, identifying the drivers that target the DNA methylation
machinery is equally difﬁcult. Studies in nucleophosmin-anaplastic
lymphoma kinase (NPM-ALK) positive (ALK+) T-cell lymphoma, a
subgroup of anaplastic large cell lymphoma (ALCL), have implicated the transcription factor STAT3 as a central player in
epigenetic regulation (3, 4). STAT3 acts by directly and indirectly
regulating the expression of the maintenance methyltransferase DNMT1 and by directing all three major methyltransferases
(DNMT1, DNMT3A, and DNMT3B) to STAT3 binding sites within
promoters of genes such as SHP1 or IL2RG. The role of STAT3 as a
mediator of DNA methylation of target promoters was supported by recent data, demonstrating a function of acetylated
STAT3 for inducing the methylation of tumor suppressor genes
in melanoma and breast cancer (5).
On the other hand, it has been recently suggested that disordered methylation patterns in tumors are resulting from stochastic processes and display intra-tumor heterogeneity, which could
provide the basis for genetic and epigenetic tumor evolution
(6, 7, 8). Interestingly, DNA methylation in tumors is frequently
targeted to regions that are associated with H3K27me3 in embryonic stem cells (ESCs), resulting in an epigenetic switch from
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dynamic Polycomb repressed to more stable DNA methylationbased silencing (9, 10, 11, 12).
The impact of DNA hypomethylation has been widely studied
by using Dnmt1 hypomorphic alleles, which display reduced
DNMT1 protein and activity levels (13, 14, 15, 16, 17, 18, 19, 20, 21,
22). Loss of DNA methylation and chromosomal instability seem
to promote tumor initiation, whereas hypomethylation of tumor
suppressor–associated CGIs exerts tumor-suppressive effects
primarily during tumor progression. Such opposing effects of
DNMT1 reduction were observed in different tumor models (19,
20). In addition, the de novo enzymes DNMT3A and B were shown
to be involved in several hematological and solid cancers (23,
24, 25, 26, 27, 28, 29, 30). Thus, deregulation or mutation of DNMTs
appears to be an essential event in tumorigenesis of various
cancers.
In this study, we abrogated tumorigenesis in an NPM-ALK–driven
T-cell lymphoma model by conditionally targeting the DNA methyltransferase Dnmt1 by Cd4-Cre induced deletion. This allowed us to
distinguish early NPM-ALK–driven events that occur independent of
DNA methylation from later transcriptional changes that depend on
the methylation machinery. We provide evidence for the cellular
events associated with malignant transformation, which follow a
period of latency and require the activation of MYC and NOTCH
signaling pathways as well as pronounced epigenetic deregulation. Our ﬁndings provide further insight how oncogenes drive
tumorigenesis by directing large scale transcriptomic and epigenomic alterations. This is an important prerequisite to identify
potential therapeutic targets in ALK+ lymphoma and to gain a
deeper understanding of large-scale epigenetic rearrangements
that drive tumor transformation in general.

expression changes. To identify oncogenic pathways that are associated with ALK-dependent tumorigenesis, we ﬁrst performed
gene set enrichment analysis of signiﬁcantly deregulated genes
using oncogenic gene sets from the Molecular Signatures Database
(MSigDB) (32, 33) (Fig 1B). Interestingly, the MYC pathway was among
the top up-regulated pathways in ALK tumors compared with Ctrl
thymocytes (Fig 1B and C), which we also conﬁrmed using quantitative RT PCR (qRT-PCR) (Fig 1D). Besides Myc, we found the oncogene and Myc-regulator Notch1 (34) as well as the MYC target
genes and cell cycle regulators Cdk4 and Cdk6 to be signiﬁcantly
up-regulated in ALK tumors. This indicates that MYC signaling is
involved in NPM-ALK–induced tumorigenesis, as previously observed in human ALK+ ALCL (35). Furthermore, we found cAMP
signaling, which has a role for cell proliferation, differentiation and
migration as well as the homeodomain-containing transcription
factor HOXA9, which is implicated in hematopoietic stem cell expansion and acute myeloid leukemia, to be up-regulated in ALK
tumors compared with Ctrl thymocytes (36, 37). In addition, TBK1, an
AKT activator and suppressor of programmed cell death, was induced in ALK tumors (38). Among down-regulated gene sets, we
found genes associated with the tumor suppressors Atf2, Pten,
Pkca, P53, and Rps14, a negative regulator of c-Myc. Furthermore,
genes associated with polycomb-repressive complex 1 (PRC1) were
also down-regulated as well as mTORC1-regulated genes (39, 40, 41,
42, 43, 44). Together, these data suggest that ALK-induced transformation and lymphomagenesis involves the induction of
additional oncogenic pathways and the repression of tumor
suppressive genes.

ALK+ tumor cells display an early double-negative (DN)
immunophenotype

Results

T-cell–speciﬁc expression of the human oncogenic fusion tyrosine
kinase NPM-ALK under the control of the Cd4 promoter/enhancer
element in mice results in 100% transformation and tumor development at a median age of 18 wk (31). Notably, the time period
before tumor onset and age of lethality is highly variable raising
important questions about the nature and order of molecular
events that need to occur during the latent phase to eventually
trigger tumor initiation.
To better understand these steps, we ﬁrst investigated the
molecular state of NPM-ALK–induced tumors. We used genomewide RNA sequencing (RNA-seq) to compare tumor cells in ALK
transgenic mice with thymocytes isolated from age-matched wildtype mice. Differential gene expression analysis revealed that ALK
tumor cells are characterized by a massive deregulation of gene
expression with 2,727 genes signiﬁcantly down- and 1,618 genes upregulated as compared with control (Ctrl) cells (FDR-adjusted P <
0.05, log2 fold change > 1) (Fig 1A and Table S1).
Given the large number of deregulated genes, it is extremely
challenging to understand the role and importance of individual

To get a better understanding of the order of events that lead from
NPM-ALK expression to cancer, we next determined the immunophenotype of tumor cells. We used ﬂow cytometry analysis (FACS) to
characterize ALK-induced changes in cell composition in transgenic
mice compared with control mice at different ages. To speciﬁcally
analyze ALK+ cells, we combined an intracellular staining for NPMALK, with a classical surface staining protocol for common T-cell
markers. We analyzed thymocytes isolated from thymi of 6- and 18wk-old wild-type and ALK tumor-free mice, as well as tumor cells
from ALK mice that had already undergone transformation (Fig 2A).
We found that already in 6-wk-old transgenic mice almost 100% of T
cells were ALK+, while showing no signs of altered thymus morphology. The expression levels of ALK showed a gradual increase
from 6 to 18 wk and were highest in tumor cells compared with
untransformed thymocytes (Fig 2A right panel).
Despite early expression of ALK, the distribution of T-cell subsets
was normal in 18-wk-old ALK tumor-free mice as compared with Ctrls
(Fig S1A). In ALK tumors of 18-wk-old mice, however, we observed
the previously reported switch to CD4−CD8+ single-positive (SP) or
CD4−CD8− DN subsets (31). Furthermore, a similar fraction of Ctrls and
ALK tumor-free thymocytes expressed the TCRβ, whereas the TCRβ+
fraction was absent in cells isolated from ALK tumors (Fig S1B). These
two ﬁndings suggest that during the initial latent phase, T-cell
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Figure 1. Deregulated gene expression in nucleophosmin-anaplastic lymphoma kinase (NPM-ALK) tumors.
(A) Volcano plot displaying the differences in gene expression determined by RNA-seq between ALK tumor cells and wild-type (Ctrl) thymocytes, where red dots indicate
signiﬁcantly up- and down-regulated genes (permutation test followed by BH correction, FDR < 0.05, absolute log2(FC) higher than one) and grey dots show nonsigniﬁcantly altered genes (not meeting the criteria mentioned above) between these two groups. (B) Gene set enrichment analysis performed on the signiﬁcantly up- and
down-regulated genes ﬁltered by FDR < 0.05 and absolute log2(FC) > 1 between ALK tumors and Ctrl thymocytes using oncogenic signature gene sets from MSigDB.
Pathways associated with down-regulated genes are shown in blue and pathways associated with up-regulated genes are displayed in red ranked by normalized
enrichment score. (C) Gene set enrichment analysis enrichment of MYC pathway-related genes among signiﬁcantly deregulated genes ﬁltered by FDR < 0.05 and absolute
log2(FC) > 1 between ALK and Ctrl samples. The x-axis shows the differentially expressed genes belonging to the MYC pathway and the y-axis shows positive/negative
enrichment scores for up-/down-regulated genes associated with the MYC pathway. (D) Analysis of MYC pathway related genes including Myc, Notch1, Cdk4, and Cdk6 in
Ctrl and ALK tumor samples using qRT-PCR. Analysis was performed in technical and biological triplicates. Data are represented as mean ± SD, *P < 0.05, **P < 0.01, using
unpaired t test. FC, fold change.

development progresses normally despite NPM-ALK expression and
that the induction of T-cell transformation happens thereafter.
ALK+ T cells were also present in spleens from 18-wk-old ALK
tumor-free mice as well as ALK tumor mice (Fig S2A). Before tumor

onset, these ALK+ cells were either CD4+ or CD8+ T cells (i.e., TCRβ+),
whereas in tumor-bearing mice, additional CD4−CD8−TCRβ− tumor
cells were detectable, suggesting that a fraction of ALK-transformed
DN tumor cells was able to leave the thymus, or that the TCR
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Figure 2. Immunophenotype of ALK tumors.
(A) Intracellular FACS analysis of ALK expression in thymocytes isolated from 6- to 18-wk-old wild-type (Ctrl), nucleophosmin-anaplastic lymphoma kinase (NPM-ALK)
tumor-free (ALK tf) mice compared with ALK+ tumor cells (ALK tu). Quantiﬁcation of the percentage of ALK+ cells in the three groups (left). Histograms (right) depict ALK
expression levels compared with Ctrls. Dotted vertical lines indicate the peaks of ALK expression in ALK+ thymocytes of 6-wk-old ALK mice or ALK+ tumor cells at 18 wk of
age. Data are represented as mean ± SD, ****P < 0.0001, one-way ANOVA, followed by unpaired t test, n = 3. (B) Hematoxylin and eosin (HE) stainings of representative
thymi of 18-wk old NPM-ALK transgenic mice illustrating different stages of ALK tumors including a tumor-free thymus ALK tf; hyperplastic thymus, ALK hy; small tumor, ALK
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expression is silenced after exit from the thymus as suggested
previously (45) (Fig S2B).
Tumor transformation and growth is accompanied by the
occurrence of tumor cells with an immature T-cell proﬁle
To further investigate the transformation process of thymocytes in
NPM-ALK mice, we collected a series of thymi from NPM-ALK
transgenic mice at 18 wk of age, which displayed different sizes
and morphology correlating with different tumor stages as determined by histological analysis (Fig 2B). Immunophenotyping of
these thymic samples revealed a gradual switch from CD4+CD8+ DP
thymocytes to immature single positive thymocytes and DN subsets, correlating with tumor progression (Fig 2C). Further analysis of
the DN population based on CD25 and CD44 expression revealed
that in tumor-free thymi, most ALK+ cells were DN3 (CD25+CD44−)
and DN4 (CD25−CD44−) stage thymocytes, which correlates with the
developmental stages at which Cd4 driven NPM-ALK expression was
induced (Fig 2D). During tumorigenesis, there was a shift towards
the DN1-like (CD25−CD44+) stage, which was also conﬁrmed by qRTPCR based on Cd44 expression (Fig 2E). Together, these data suggest
that ALK tumors are developing from a subpopulation of immature
T cells or through reprogramming of DP T cells toward the DN stage
based on the direct repression of the T-cell phenotype by NPM-ALK
as previously suggested (46, 47).
DNMT1 and STAT3 are activated during the latent phase
Next, we sought to identify events that occur in the latent phase
before tumor initiation, which are potentially responsible for
triggering the observed large-scale downstream reprogramming
events. As already demonstrated by ﬂow cytometry analysis, NPMALK and its active phosphorylated form pALK were detected by
Western blot analysis independent of tumor presence, but with
increasing protein levels correlating with tumor development (Figs
2F and S3). Global STAT3 levels were unaffected by ALK expression,
however, its activated form pSTAT3 was signiﬁcantly increased upon
ALK induction independent of tumor presence, suggesting an early
role in the latent phase before tumor onset. Previous work including our own has implicated epigenetic mechanisms in NPMALK–mediated lymphomagenesis in human cell lines and tumors in
part through a direct effect of NPM-ALK and STAT3 signaling for the
regulation and targeting of the major DNA methyltransferase
DNMT1 (4, 46, 48, 49, 50, 51). Thus, we investigated DNMT1 protein
levels before tumor onset and in different tumor stages from

tumor-free to end-term tumors in NPM-ALK transgenic mice in
comparison to 18-wk-old wild types. Western blot analysis revealed
a slight DNMT1 up-regulation already in tumor-free mice, which
further increased during tumor progression (Fig 2G). Up-regulation
of DNMT1 has been closely linked to the cell cycle and cell proliferation (52). To test whether the observed up-regulation of DNMT1
expression in ALK tumor samples is associated with deregulation of
cell cycle–associated genes, we performed Western blot analysis
using antibodies against c-MYC, CDK4/CDK6, cyclin D1, and the
proliferation marker PCNA (Fig 2H and I). We detected a robust
induction of c-MYC in nuclear extracts derived from small tumors
and end-stage tumors compared with non-transformed thymi. In
addition, cell cycle–related proteins, including CDK4/CDK6 and
cyclin D1 were up-regulated upon tumor onset in thymi harboring
small tumors, which was maintained in end-stage tumors for most
of the samples tested. Together, these results suggest that ALK
signaling is already active in pre-tumor stages and leads to an early
activation of pSTAT3 and elevated expression of DNMT1 culminating
in ALK-dependent transformation in NPM-ALK transgenic mice,
which is accompanied by up-regulation of cell cycle genes and
c-MYC induction.
Deletion of Dnmt1 abrogates NPM-ALK–dependent tumorigenesis
To investigate the functional role of DNMT1 for ALK-driven tumorigenesis in more detail, we intercrossed the Cd4-NPM-ALK
transgenic mice (ALK) with mice carrying a T-cell–speciﬁc loss of
Dnmt1 (Cd4-Cre) (KO) (53). The resulting strain expressed the human
NPM-ALK transgene but lacked a functional Dnmt1 gene in T cells
(ALKKO) (Fig 3A). It was shown previously that deletion of Dnmt1 via
the Cd4 promoter in the double positive stage of T-cell development does not interfere with T-cell development (53), thus providing a suitable model to study the function of DNMT1 for ALKdependent transformation of thymocytes. Strikingly, deletion of
Dnmt1 in this model completely abrogated ALK-driven lymphomagenesis as shown by Kaplan–Meier survival statistics (Fig 3B).
The life span of ALKKO mice was identical to Ctrl and Dnmt1
knockout mice, and no aberrant phenotype was detected in ALKKO
thymi (Fig 3C). Dnmt1 knockout in the context of ALK expression did
not lead to changes in the relative percentages of DN, DP, and CD4
SP and CD8 SP thymocyte subsets (Fig S4). Pharmacologic inhibition
of DNA methylation using 5-Aza-29Deoxycytidine was also efﬁciently
delaying tumor formation in the ALK model when administered from 8 to 30 wk of age (Fig S5). Effective deletion of Dnmt1
in KO and ALKKO mice was conﬁrmed at the protein level by

sm; end-stage tumor, ALK tu. (B, C) Representative FACS analysis of ALK+ cells isolated from 18-wk old tumor-free mice compared with different tumor stages (as in B)
gated for CD4 and CD8 expression. (B, D) FACS analysis showing the expression of CD44 and CD25 to determine the different double negative (DN) stages of T-cell
development (DN1-DN4) in ALK+ cells isolated from 18-wk-old tumor-free mice and different stages of ALK tumor developing mice (as in B). (E) qRT-PCR of Cd44 expression
in thymi of 18-wk old Ctrl and NPM-ALK tumor-free (ALK tf) transgenic mice as well as early developing tumors (ALK sm) and end-stage tumors (ALK tu) normalized to
Gapdh expression. Analyses were performed in biological triplicates. Data are represented as mean ± SD, ***P < 0.001, ****P < 0.0001, using one-way ANOVA, followed by
unpaired t test. (F) pALK, ALK, pSTAT3, and STAT3 protein levels in biological triplicates of thymi of 18-wk old Ctrl and NPM-ALK tumor-free mice as well as early and endstage tumors were analyzed by Western blot analysis. Tubulin served as loading control. Asterisks indicate unspeciﬁc protein bands. (F, G) DNMT1 protein levels in
biological triplicates of thymi of 18-wk-old Ctrl and tumor-free NPM-ALK transgenic mice as well as early and end-stage tumors (as in F) were analyzed by Western blot
analysis. Tubulin served as loading control. Asterisks indicate unspeciﬁc protein bands. (H) Nuclear extracts were isolated from thymi of 18-wk-old Ctrl and NPM-ALK
tumor-free mice and early and end-stage tumors in biological triplicates. Protein levels of MYC were detected by Western blot analysis. The nuclear protein HDAC1
served as loading control. (I) Protein levels of the cell cycle associated genes CDK4, CDK6, PCNA, and cyclin D1 in biological triplicates of thymi of 18-wk-old Ctrl and NPMALK tumor-free mice as well as early and end-stage tumors were examined using Western blot analysis. Tubulin served as loading control.
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Figure 3. Deletion of Dnmt1 abrogates lymphomagenesis in nucleophosmin-anaplastic lymphoma kinase (NPM-ALK) transgenic mice.
(A) Generation of mice with T cell-speciﬁc Cd4-NPM-ALK expression (ALK) and T cell-speciﬁc deletion of Dnmt1 (KO) or both (ALKKO). Cd4 enh./prom., Cd4 enhancer and
promoter. Cd4 enh./prom./sil., Cd4 enhancer, promoter and silencer. (B) Kaplan-Meier survival statistics depicting overall survival of Cd4-NPM-ALK (ALK), Cd4-NPM-ALK
Cd4-Cre Dnmt1ﬂox/+ (ALKHET), Cd4-NPM-ALK Cd4-Cre Dnmt1ﬂox/ﬂox (ALKKO), and Dnmt1loxP/loxP control mice (Ctrl). ****P < 0.0001, Log-rank (Mantel–Cox) test, pairwise
comparison to ALK. (C) Morphology of 18-wk-old Ctrl, KO and ALKKO thymi in comparison to ALK tumors. Pictures were taken immediately after organ collection.
(D) Protein expression of NPM-ALK, DNMT1, and pSTAT3 was analyzed by immunohistochemistry staining in Ctrl, KO, ALKKO thymi, and in ALK tumors. Pictures are
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immunohistochemistry (IHC) and Western blot analysis (Fig 3D and
E). Notably, abrogation of DNMT1 did not interfere with ALK levels or
activity in ALKKO transgenic mice as indicated by similar pALK levels
in ALK tumor cells and ALKKO thymocytes nor did it change pSTAT3
levels (Fig 3E). Thus, our data suggest that depletion of DNMT1
interrupts the chain of events that leads from ALK activation to
T-cell transformation.
Dnmt1 deletion reduces proliferation of ALKKO cells
We next studied the proliferative capacity of ALKKO thymocytes
compared with the other genotypes by assessing Ki67 expression.
As expected, ALK tumor cells showed signiﬁcantly higher proliferation rates than thymocytes of Ctrl, KO, and ALKKO mice (Fig 4A). A
trend towards lower proliferation than in Ctrl and KO was detectable in ALKKO thymi. To speciﬁcally analyze ALK-expressing
cells, we next performed co-staining of ALK and Ki67 in ALK and
ALKKO tissues using immunoﬂuorescence (Fig 4B). Quantiﬁcation of
ALK and Ki67 double-positive cells revealed that ALK-expressing
cells showed a signiﬁcant reduction of Ki67 positivity in ALKKO
thymi compared with ALK tumors, with 85.7% double positive in ALK
versus 58.7% in ALKKO samples. In particular, ALKKO cells with high
ALK expression levels showed low expression of Ki67, whereas cells
with high Ki67 levels showed very low expression of ALK, indicating
that ALK cells cannot induce or maintain stable proliferation upon
Dnmt1 deletion.
Dnmt1 knockout inhibits ALK-dependent transcription programs
To investigate the molecular mechanisms associated with Dnmt1
deletion in ALK transgenic mice, we performed RNA-seq analyses of
thymocytes isolated from Ctrl, KO, and ALKKO mice and compared it
with our tumor RNA-Seq data (Fig 5). Sample distance and principal
component analysis revealed a clear separation of ALK tumors from
all other genotypes, which were clustering together (Figs 5A and
S6A). Within the groups, ALK tumors showed the largest heterogeneity. Along these lines, unsupervised clustering of the 5% most
variably expressed genes revealed a clear separation of tumor
samples from all other genotypes, which showed highly similar
expression patterns (Fig 5B). Differential gene expression analysis
showed that ALKKO displayed highly similar gene expression
patterns compared with Ctrl cells: We only found 8 genes to be
signiﬁcantly down- and 99 genes up-regulated (Figs 5C and S6B and
Table S2). When compared with ALK tumor samples, ALKKO was
similar to KO and Ctrl samples and showed a high degree of deregulation with 2,819 genes up- and 1,355 genes down-regulated (Fig
S6B).
We were particularly interested in a small group of genes, which
were consistently deregulated in both ALK+ cell types relative to Ctrl
and Dnmt1 KO cells, as identiﬁed by pairwise comparisons of gene
expression differences because they might constitute direct targets

of NPM-ALK upstream of DNMT1 (Fig S6C). Apart from ALK, we found
seven genes (Tha1, Trim66, Gzma, Socs3, Gm5611, 5830468F06Rik,
and Gm17910), which were up-regulated both in ALK and ALKKO cells
compared with Ctrl. These include the suppressor of cytokine
signaling 3 (Socs3), which is a regulator of the JAK/STAT signaling
pathway and was also found up-regulated in human ALK+ ALCL cell
lines (54), tripartite motif containing 66 (Trim66), which is part of the
rat sarcoma (RAS) pathway that regulates DNMT1 expression and is
known to promote proliferation (55, 56, 57) and granzyme A (Gzma) a
canonical cytotoxic gene that is involved in cancer initiation and
progression (58) (Fig 5D). In addition, strong up-regulation of c-Myc,
Cdk4/6, and Cyclin D1 was detectable in ALK tumors at the RNA level,
which was in concordance with elevated protein levels of these cell
cycle regulators (Fig S6D). These data suggest that expression of ALK
initially affects a small number of regulatory genes including Socs3,
Trim66, and Gzma, whereas a downstream substantial rewiring of
the whole transcriptional program eventually accompanies malignant transformation.
The large heterogeneity observed in biological replicates of ALK
tumors as well as the results from FACS analyses suggested a
change in cell composition in ALK tumors compared with the other
genotypes. Thus, we established a deconvolution strategy, which
allowed us to infer different thymic cell populations in our data
from previously published thymic single-cell RNA-seq (scRNA-seq)
datasets (59). Using this strategy, along with the relative expression
of marker genes in our bulk data, we were able to show that cell
proportions of our Ctrl samples were comparable with thymi of 4to 24-wk-old mice used in the study by Park et al (Fig 6A). Likewise,
KO and ALKKO samples showed similar cell type proportions,
suggesting little changes in cell composition upon Dnmt1 deletion
in normal as well as ALK-positive thymocytes (Fig 6B). The one
exception was the KO2 sample, which appeared to be an outlier in
this analysis. Strikingly, we observed an increase in quiescent DN
cells (DN(Q)) and a slight decrease in SP CD4 and CD8 cells based
on thymocyte-speciﬁc marker gene expression in ALK tumor
samples (Fig 6B). Interestingly, when we included scRNA-seq
datasets and marker genes from early murine thymus development in the deconvolution analysis, we observed a higher concordance of marker gene expression patterns of ALK tumors with
early embryonic thymocytes compared with mature thymocytes
(Fig 6C).
A caveat of our analysis in the case of the tumor sample was the
use of T-cell–speciﬁc scRNA-seq data for the deconvolution of bulk
tumor samples, which might contain additional cell types (e.g.,
tumor cells) not present in the single cell data. To get a better
understanding of the genes expressed in the tumor cell population
that are not accounted for in the deconvolution, we applied the
following strategy. The deconvolution of the ALK data was based on
175 speciﬁc marker genes determined on the single cell data (see
the Materials and Methods section). We then simulated genomewide expression patterns of a cell mixture similar to the one

representatives of biological triplicates. Graphs below the images depict quantiﬁcation of stainings using Deﬁniens Tissue Studio 4.2 software. Data are represented as
mean ± SD, ****P < 0.0001, using one-way ANOVA, followed by unpaired t test. (E) DNMT1, pALK, ALK, pSTAT3, and STAT3 protein levels in thymi of 18-wk-old Ctrl, KO, and
ALKKO mice as well as ALK tumors were analyzed by Western blot analysis. Tubulin served as loading control. Analysis was performed in biological triplicates. Asterisks
indicate unspeciﬁc band.
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Figure 4. Deletion of Dnmt1 results in reduced
proliferation of ALK+ cells.
(A) Cell proliferation analysis by
immunohistochemistry staining of Ctrl, KO, ALKKO thymi
and ALK tumor tissues using Ki67 antibody. The graph
shows quantiﬁcation of Ki67 positive cells using
Deﬁniens Tissue Studio 4.2 software. Non-proliferative
areas in the thymus were excluded from analysis.
Data are shown as mean ± SD, ***P < 0.001, pair-wise
comparison to control using unpaired t test, n = 4.
(B) Double immunoﬂuorescence staining of ALK
tumors and ALKKO thymi. Tissues were stained with
antibodies against ALK (red) and Ki67 (green) and
counterstained with DAPI (blue). Pictures were
acquired with identical pixel density, image resolution,
and exposure time. The graph shows quantiﬁcation of
immunoﬂuorescence staining by counting Ki67/ALK
double-positive relative to total number of cells (DAPI
positive) of two equally sized areas per tumor/thymus
from four biological replicates, respectively. Cell
counting was performed by two individuals and slides
were blinded for counting. Data are shown as mean ± SD,
***P < 0.001, using unpaired t test.

expected in the ALK sample if it was only composed of the seven
accounted cell types (simALK). We assumed that if there are extra
cell types in the ALK tumor replicas these additional cell types
should be characterized through differentially expressed genes
between the simulations and the real replicas. Thus, we chose the

top 10% most highly expressed genes in the original bulk data plus
the 175 marker genes and performed a differential expression
analysis between the bulk samples and the corresponding replicas
in the simulation. Notably, the 175 maker gens showed the largest
expression changes in the simulated versus real data, suggesting
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Figure 5. High similarity in gene expression between ALKKO and Ctrl thymocytes.
(A) Hierarchical clustering heat map illustrating sample to sample Euclidian distances based on variance stabilizing transformations of RNA-seq gene expression
values of all genes of individual Ctrl, KO, ALKKO thymi, and ALK tumor samples. (B) Heat map showing unsupervised clustering of the top 5% most variable genes among all
samples in Ctrl, KO, ALK, and ALKKO using variance stabilizing data. (C) Volcano plot displaying the signiﬁcant differences in gene expression between ALKKO compared
with Ctrl thymocytes, where red dots indicate signiﬁcant differentially expressed genes (FDR < 0.05, absolute log2(FC) > 1), and grey scale dots show nonsigniﬁcant
differentially expressed genes, between these two groups. (D) Gene expression levels of Socs3, Trim66, and Gzma based on normalized counts from RNA-seq analysis of
ALK tumor and ALKKO thymus samples compared with Ctrl and KO thymi. Data are represented as mean ± SD, *P < 0.05, **P < 0.01, ****P < 0.0001, using ordinary one-way
ANOVA followed by multiple comparison using Fisher’s least signiﬁcant difference (LSD) test.

and Dtx1) were also strongly induced in ALK tumors compared with
the simulated ALK sample (Table S4). Together, these data support
our previous ﬁndings suggesting an enrichment of DN cells, downregulation of T-cell–speciﬁc factors and a strong induction of oncogenic
pathways in ALK-driven tumors.

the presence of additional cell types (Fig 6D). For the remaining
genes, we found genes associated with T-cell activation, such as
Cd6 and Cd69, and interferon response, such as Isg15, Slfn2, or
Iﬁt1bl1 to have lower expression than expected from the simulated
T-cell mixture, indicating substantial expression changes even in
the considered cell types (Table S3). Furthermore, genes that
showed higher expression patterns in ALK tumors compared with
the simulated mixture were associated with cancer development,
progression and aggressiveness, such as Tbx19, Nwd1, Sytl2, Amigo2,
and Dpp4. Genes that were associated with Notch signaling (Nrarp

To assess the effect of DNMT1 depletion on global DNA methylation
in the different genotypes, we analyzed global and site-speciﬁc CpG
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Figure 6. Deconvolution of RNA-seq data.
(A) Proportions of cell types in the sc-RNA-seq data in postnatal thymus harvested at 4, 8, and 24 wk of age compared with the proportions calculated for the
deconvolution using the bulk data (Ctrl sample). DN, double-negative T cells; DP, double-positive T cells; P, proliferating; Q, quiescent. (B) Estimation of the cell type
proportions in each sample in the bulk data. KO2 appears to be an outlier in this analysis. (C) Correlation between each replica in the bulk data and the single cell data of
different time points using the marker genes selected in the deconvolution. E, embryonic day; P0, birth; W, weeks after birth. (D) Log2(FC) values of the real versus
simulated samples for the 175 marker genes selected in the deconvolution.
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Figure 7. DNA methylation changes in ALK tumors and Dnmt1 knockout thymi.
(A) Quantiﬁcation of global DNA methylation levels by dot blot analysis using 5mC immunodetection. 5mC signal intensities were normalized to total DNA input based
on methylene blue staining. Data are represented as mean ± SD, *P < 0.05, using one-way ANOVA, followed by unpaired t test, n = 3. (B) Violin plots indicating the bimodal
distribution of methylation levels determined by reduced representation bisulﬁte sequencing in three biological replicates of Ctrl, KO and ALKKO thymi as well as ALK
tumors. Shown are percent methylation per CpG (%mCpG). Black dots indicate the median percentage of mCpG in each sample. (C) Correlation heat map between
individual Ctrl, KO, ALKKO and ALK samples based on DNA methylation levels of single CpGs based on correlation coefﬁcients between samples. (D) DNA methylation heat
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methylation, using dot blot analysis measuring 5-methyl Cytosine
(5mC) levels and genome-wide methylation patterns using reduced
representation bisulﬁte sequencing (RRBS), respectively (Figs 7A
and B and S7A). As shown previously (53), KO samples revealed a
slight but not signiﬁcant decrease in global DNA methylation
compared with Ctrl samples. In the double mutant, ALKKO, we
observed a signiﬁcant decrease in global DNA methylation levels as
compared with Ctrl samples. The loss of DNA methylation in KO and
ALKKO samples was accompanied by strong induction of IAP retrotransposon transcription, which was especially high in ALKKO, in
line with higher loss of global methylation in those samples (Fig
S7B).
CpG methylation showed the highest correlation between Ctrl and
KO samples, whereas both ALK and ALKKO samples showed lower
correlations in relation to other genotypes but also amongst the
replicates (Fig 7C). Similarly, unsupervised hierarchical clustering of
the top 1% most variable CpGs indicated a separation of ALK tumor
samples compared with Ctrl, KO, and ALKKO thymi and a closer
proximity between Ctrl and KO compared with ALKKO samples,
suggesting that the largest changes in methylation occur in the tumor
samples compared with the other genotypes (Fig 7D). Compared with
Ctrl, ALK samples showed both hyper- and hypomethylation, whereas
the KO and ALKKO samples were enriched for hypomethylated sites
(Fig 7E). When comparing the change in methylation per site, we
observed that in ALKKO compared with Ctrl, most sites lost less than
half of their methylation, whereas in ALK versus Ctrl we detected
CpGs with particularly large changes reﬂecting stable tumor-speciﬁc
changes in DNA methylation patterns (Fig 7F). Annotation of differentially methylated CpGs revealed that ALK tumor samples mainly
gained DNA methylation in promoter regions, CGIs and shores,
whereas intergenic and inter-CGI sites preferentially lost methylation
(Fig S7C and D). The large number of hypomethylated CpGs between
Ctrl and ALKKO was mainly associated with intergenic and inter-CpG
island regions and to a lesser extent with upstream promoter regions, exons, shores and shelves (Fig S7E and F).
To identify potential tumor-relevant pathways associated with
differentially methylated regions (DMRs), we performed ingenuity
pathways analysis (IPA, www.qiagen.com/ingenuity), interrogating
promoters that showed tumor-speciﬁc hypomethylation. Interestingly, those analyses identiﬁed c-MYC as a signiﬁcant upstream
regulator and several genes connected to the cellular c-MYC
network were hypomethylated in ALK tumor samples (Fig 7G).
Among these genes, Cdk5rap3, Lrp4, Eif4a1, and Taf4b were also
signiﬁcantly up-regulated in tumors compared with Ctrls based on
RNA-seq data (Table S1). Interestingly, all four genes have been
implicated in proliferation control and tumorigenesis before (60,

61, 62, 63), highlighting their potential relevance for ALK driven
lymphomagenesis.
To get further information about the genomic regions that are
affected by aberrant methylation in ALK tumor cells we performed
genomic region enrichment analysis on differentially methylated
promoter-associated CpGs tiled into 200-bp genomic regions using
locus overlap analysis (LOLA) (64). We used published ChIP-Seq datasets
integrated in the LOLA software tool including murine ESC, T lymphocytes, and thymus for comparison with our DNA methylation
proﬁle of ALK tumor cells. Hypermethylated promoter regions in
ALK tumor cells showed strong enrichment of binding sites for
proteins associated with chromatin remodeling in ESC, in particular PRC associated proteins including CBX7, EZH2, MTF2,
PHF19, RING1B, RNF2, and SUZ12. In addition, we detected a
signiﬁcant overlap of hypermethylated regions with ESC-speciﬁc
transcriptional regulators of pluripotency, including NANOG,
PRDM14, and TFCP2L1 (Fig 7H). Epigenetic switching from PRC
marks to DNA methylation is a well-described phenomenon in
human tumor cells reducing epigenetic plasticity of tumor cells
(9, 65). For hypomethylated regions, we identiﬁed several transcription factors with T-cell–speciﬁc functions, some of which
have been implicated in human ALCL before. Those included AP-1
family members BATF, JUN, JUNB, JUND, or IRF4 and STAT3, all of
which have been associated with NPM-ALK signaling and tumorigenesis (66, 67, 68, 69, 70). Interestingly, motif enrichment
using the Analysis of Motif Enrichment (71) integrated in the
MEME Suite tool (72) revealed signiﬁcant enrichment of several
transcription factor motifs in the DMRs previously identiﬁed in
the LOLA analysis including STAT3, ELF1, ETS1, or FOXP3 (Table S5).
Enhancers play an important role in regulating gene expression
during development and it has been shown that enhancer
methylation can be drastically altered in cancer, which can be
associated with altered expression proﬁles of cancer genes (73).
Therefore, we compared DMRs, deﬁned over 1-kb tiling windows,
between ALK tumor cells and Ctrl thymocytes to ENCODE ChIP-seq
datasets for active enhancers including monomethylation of histone H3 lysine K4 (H3K4me1) and acetylation of histone H3 lysine 27
(H3K27ac) in murine thymi (74, 75). Among 470 DMRs tested, we
detected a speciﬁc overlap of 118 DMRs with H3K27ac and 167 DMRs
with H3K4me1, respectively (Fig 7I). Of these, 95 DMRs overlapped
with both H3K4me1 and H3K27ac, indicative of active enhancers
in thymocytes. Interestingly, several genes nearby differentially
methylated enhancers showed signiﬁcantly deregulated gene expression (Table S6). Among those genes, we found Runx1, a critical
transcription factor for early T-cell development of thymic precursors and T-cell maturation (76, 77), or Socs3, which was also

map using unsupervised clustering of the top 1% most variable CpGs in Ctrl, KO, ALK and ALKKO samples. The color code represents mean methylation levels of
individual CpG sites. (E) Signiﬁcantly hyper- (red) and hypo- (blue) methylated CpGs resulting from comparison of KO, ALKKO, and ALK versus Ctrl samples identiﬁed by
methylKit analysis (P < 0.01; b-value difference >25%). (F) Methylation changes of individual CpGs relative to Ctrl for all genotypes (as in E) shown as density plot. Numbers
on the y-axis are log(10) CpG counts. (G) Network analysis based on Ingenuity Pathway Analysis of signiﬁcantly hypomethylated promoter regions in ALK versus Ctrl
samples. Signiﬁcantly hypomethylated genes are depicted in green, upstream regulators are depicted in red. (H) Locus overlap analysis (LOLA) region set enrichment
analysis for differentially methylated CpGs (binned into 1-kilobase tiling regions). The plot shows region sets from embryonic stem cells (green), T lymphocytes (blue) and
thymus (purple) with P < 0.05. (I) Differentially methylated regions (DMRs) between ALK versus Ctrl samples were used to map histone modiﬁcations (H3K4me1 and
H3K27ac) of ENCODE regions deﬁned by ChIP-seq data of thymus samples using k-means clustering (k = 3). The heat map indicate overlap of individual DMRs expanded to 5
kb on both sites with H3K4me1 (left) and H3K27ac (right) in three distinct clusters, based on different signal intensity. Gene distance indicates predicted enhancers
mapped within at a 5-kb window indicating start (S) and end (E) of the DMR region. Z-min/max shows the intensity of the H3K4me1 and H3K27ac ChIP-seq signals.
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Figure 8. Analysis of associated DNA
methylation.
(A) Methylation difference of
neighboring CpGs relative to Ctrls in KO,
ALK, and ALKKO samples as analyzed
based on the distance between CpGs.
(B) CpG triplet analysis of neighboring
CpGs within a maximal distance of 20
bp. Each square represents three
neighboring CpGs. The color of the
squares indicates the methylation
level of the middle CpG from
unmethylated (blue) to fully methylated
(red). The x and y axes represent the
methylation levels of the two
neighboring CpGs annotated as (n) and
(p). Squares close to the diagonal
indicate highly correlated CpG triplets,
whereas dispersed squares represent
non-correlated triplets. (C) qRT-PCR
of Dnmt1, Dnmt3b, and Tet1 expression
in Ctrl, KO and ALKKO thymocytes as well
as ALK tumor cells normalized to
Gapdh expression. Analyses were
performed in biological triplicates. Data
are represented as mean ± SD, *P <
0.05, **P < 0.01, pairwise comparison to
the Ctrl unpaired t test.

implicated in human ALCL (78, 79). Down-regulated genes included
the phosphatase and tumor suppressor Ptpn13 (80) and the TGF-β
ligand Bmp3, which might result in altered TGF-β signaling as
observed in human ALK-positive cancers (81).
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Together, these data suggest that NPM-ALK–driven transformation is
accompanied by CGI hypermethylation and hypomethylation of intergenic regions, which is reminiscent of epigenetic reprogramming events
in human tumors and affects major oncogenic signaling pathways.
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Furthermore, we found associations of tumor related hypermethylation
with PRC1- and PRC2-regulated regions, as well as a signiﬁcant overlap of
hypomethylated regions with T-cell–speciﬁc and tumor-relevant transcription factor–binding regions and motifs and thymocyte speciﬁc
enhancers.
Loss of associated methylation patterns in tumors
Recent literature has challenged the standard model of DNA methylation inheritance, in which CpGs are presumed as independent but
has rather suggested a collaborative model that takes methylation
levels of neighboring CpGs into account (82, 83). According to this
model, which also considers the distances of neighboring sites,
methylated CpGs would enforce methylation of adjoining CpGs,
whereas non-methylated CpGs would induce rather unmethylated
states depending on the presence of DNMTs and TET enzymes. We
therefore analyzed whether the distance between two neighboring
CpGs had an inﬂuence on methylation changes of those CpGs in ALK
tumor or knockout cells (ALK and ALKKO) relative to Ctrls (Fig 8A). ALK
tumor cells showed stronger hypermethylation in nearby CpGs (0–5 bp
distance), most likely reﬂecting tumor speciﬁc CGI hypermethylation.
More distant sites showed equal gains and losses of methylation in the
ALK samples. Furthermore, we found that in the KO samples as well as
in the double mutant ALKKO, highest methylation loss was observed at
CpGs more distant from neighboring CpGs, suggesting that DNMT1 is
needed for methylation maintenance of distant CpGs.
We further examined closely associated CpG triplets, deﬁned as CpGs
with neighboring CpGs within less than 20 bp distance to both sites, in
three biological replicates of each genotype (Fig 8B). We found that in Ctrl
samples methylation levels between neighboring sites are highly correlated, in a way that a highly methylated CpG is ﬂanked by highly
methylated CpGs, whereas unmethylated CpGs are ﬂanked by unmethylated CpGs. Thus, in a correlation plot, most CpGs are found close to
the diagonal in Ctrl samples (Fig 8B). Dnmt1 knockout samples showed a
general trend towards lower methylation but retained the correlation
among the CpG triplets, as illustrated by the vicinity of CpG triplets to
the diagonal in KO and ALKKO samples, suggesting that DNMT1 is not
required to warrant cooperative methylation. Interestingly, cooperative
DNA methylation seems to be disturbed in ALK tumor cells, where we
detected a loss of correlation and observed a higher methylation
difference of neighboring CpGs, indicating a loss of collaboration
between those sites.
Together, these data suggest that heterogeneous DNA methylation patterns in ALK+ tumors are characterized by low correlation
of DNA methylation between nearby CpGs, which might be associated
with the deregulation of methylation controlling enzymes including
Dnmt1, Dnmt3b, and Tet1 (Fig 8C) that we observed based on qRT-PCR
analyses. Interestingly, the correlation between neighboring CpGs is
maintained upon DNMT1 depletion, suggesting that de novo methyltransferases such as DNMT3a/b can compensate and control associated DNA methylation at sites in close vicinity.

Discussion
The ALK protein has been identiﬁed as a driver oncogene in diverse
cancers, based on its overexpression after genetic translocation,
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ampliﬁcation, or mutation (84, 85, 86). Overexpression of the human
NPM-ALK oncogene in mouse T cells results in lymphomagenesis
with 100% penetrance. In this model, the relatively long period of
latency despite NPM-ALK expression and activation of downstream
targets such as STAT3 and DNMT1 suggests that a secondary event is
necessary for transformation and tumorigenesis. Accordingly, the
NPM-ALK translocation and its transcripts can be detected in peripheral blood cells of human healthy donors implying that a single
genetic event is not sufﬁcient to induce transformation (87). Both
our transcriptomic and epigenomic data point towards MYC as the
potential secondary driver in this model. MYC was previously implicated in different ALK dependent malignancies including nonsmall cell lung cancer neuroblastoma and ALK+ ALCL (35, 69, 88, 89,
90, 91, 92). Furthermore, MYC was shown to directly regulate expression of Cdk4 and Cdk6, affecting cell cycle progression at
multiple points (93). We observed a gradual up-regulation of those
genes on mRNA and protein level from tumor initiation to endstage tumors. Correspondingly, we observed strong deregulation of
Notch1 in the transgenic mouse model. The NOTCH-MYC axis plays a
major role in the development of T-cell acute lymphoblastic leukemia (T-ALL), resulting from the transformation of immature T-cell
progenitors (94). This suggests that similar processes are driving
ALK-dependent transformation, resulting in hyperproliferation and
transformation of thymocytes. Notably, deletion of Dnmt1 in an
MYC-driven T-cell lymphoma model delayed lymphomagenesis and
resulted in reduced proliferation of tumor cells (95).
During lymphomagenesis, we observed a gradual decrease in DP
thymocytes subsets and a corresponding increase in DN and immature CD8 SP (i.e., TCRβ−) cells. Similarly, human ALK+ ALCL display
a progenitor cell signature as indicated by epigenomic proﬁling and
a subgroup of ALCL might arise from innate lymphocyte cells as
recently described based on transcriptomic analyses (48, 68). The
fact that we observe NPM-ALK–expressing tumor cells that show a
surface marker expression pattern that is typical for DN cells, as
well as the presence of immature single positive cells suggests, that
an immature thymic cell population is targeted for transformation
or that a more mature cell population regresses to a progenitor
stage during transformation, potentially through direct repression
of the T-cell phenotype by the ALK oncogene (46). Again, MYC might
be central to this event, in line with data showing that overexpression of MYC, activated AKT and inhibition of intrinsic apoptosis by expression of BCLXL results in rapid transformation of
mature CD4 and CD8 SP mouse T cells (96). Expression of
reprogrammed DN lymphoma stem cells was recently described for
an Lck-dependent NPM-ALK mouse model (97).
The elevated expression of DNMT1 appeared to be an early event
after NPM-ALK induction in our model and depletion of DNMT1
completely abrogated lymphomagenesis. Intriguingly, we found
DNA methylation signatures, highly resembling human tumors (98),
with characteristic CGI hypermethylation and genome-wide
hypomethylation as well as DNA hypermethylation of polycomb
repressive marks (9). Generally, epigenomic patterns appeared to
be highly heterogeneous between individual ALK tumors and
showed a loss of cooperative CpG methylation. These observations
went hand in hand with up-regulation of DNMTs (DNMT1 and
DNMT3b) and TET1, implying that the oncogenic driver NPM-ALK has
the potential to interfere with methylation homeostasis and to
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induce stochastic methylation aberrations. Interestingly, deletion
of DNMT1 did not interfere with cooperative DNA methylation between closely neighboring CpGs because KO and ALKKO cells
maintained high correlation between triplet CpGs with a CpG
distance less than 20 bp. Thus, we propose that aberrant DNA
methylation patterns in tumors might not fully depend on DNMT1
deregulation and that methylation cooperativity at close-by CpGs is
independent of the maintenance machinery, but rather dependent
on DNMT3a/b and TET enzymes. In general, DNMT3a and DNMT3b
primarily bind to methylated CpG-rich regions; however, DNMT3b
seems to exhibit additional preferences for actively transcribed
genes and correlates with H3K36me3 marks (99). In addition,
DNMT3a/b is important to counteract global DNA methylation loss
caused by imperfect DNMT1 ﬁdelity during DNA replication in mice
(100). De novo methylation occurs more frequently at adjacent CpGs
in a distance-dependent manner (99), further indicating that association between neighboring CpGs could be maintained through
DNMT3a and DNMT3b in KO and ALKKO samples. Importantly,
DNMT3 proteins might be involved in lymphomagenesis through
their co-repressor function through interaction with MYC or other
transcription factors, even independently of their enzymatic function
(101, 102, 103).
In summary, we conclude that ALK-dependent oncogenic
pathways result in deregulation of genome-wide DNA methylation
patterns during tumorigenesis, which affect important regulatory
regions, including lineage-speciﬁc transcription factor–binding
sites and enhancers of T-cell–speciﬁc genes and tumor suppressors. In addition, we suggest that the deregulation of key epigenetic
enzymes is a prerequisite to enable tumor formation and loss of
maintenance of tumor-speciﬁc DNA methylation patterns results in
a proliferation block and lack of T-cell transformation.

Materials and Methods
Mice
Transgenic mice carrying the human NPM-ALK fusion gene under
the T-cell–speciﬁc Cd4 enhancer-promoter system were crossed
with mice carrying a conditional T-cell–speciﬁc deletion of Dnmt1
(Cd4-Cre–driven recombinase) (31, 53, 104). The NPM-ALK mice were
obtained from Lukas Kenner, Department of Pathology, Medical
University of Vienna, and the Dnmt1 knockout mice were obtained
from Christian Seiser, Center for Anatomy and Cell Biology, Medical
University of Vienna. The genetic background of mice was mixed
(C57Bl/6xSV/129). Mice were kept under speciﬁc pathogen-free
conditions at the Center for Biomedical Research, Medical University of Vienna, and the experiments were carried out in
agreement with the ethical guidelines of the Medical University of
Vienna and after approval by the Austrian Federal Ministry for
Science and Research (BMWF; GZ.: 66.009/0304.WF/V/3b/2014). For
genotyping, tissue samples obtained from ear clipping were incubated with tail lysis buffer (100 mM Tris, pH 8.0, 5 mM EDTA, pH 8.0,
200 mM NaCl, and 0.1% SDS) and 40 μl of proteinase K (10 mg/ml) o/
n at 56°C. The next day, 170 μl of 5M NaCl were added, the solution
was centrifuged for 10 min at maximum speed, and the supernatant
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was transferred to a new tube. 500 μl of isopropanol was added and
after centrifugation and washing with 70% EtOH, the DNA was dried
and dissolved in 150 μl of sterile water. Genotyping was performed
with Promega GoTaq Mastermix according to the manufacturer’s
suggestions.
In vivo DNMT inhibitor treatment
NPM-ALK transgenic mice were treated with 1 mg/kg of 5-aza-29deoxycytidine (5-aza-CdR) dissolved in PBS administered intraperitoneally two times per week starting at 8 wk of age up to 30
wk of age. After treatment, the mice were monitored three times
per week until euthanasia upon signs of sickness and/or tumor
development.
Flow cytometry analysis
Single cell suspensions of thymus, tumor and spleen were obtained
by passaging the tissues through a 70-μm nylon cell strainer in
staining buffer (PBS supplemented with 2% FCS and 0.1% sodium
azide). 3 × 106 cells were incubated for 5 min on ice with Fc-block
(Pharmingen), after incubation with cell surface markers for 30 min
on ice. The cells were washed and ﬁxed with eBioscience FoxP3
Transcription Factor Fixation/Permeabilization Solution for 1 h at
4°C before. Intracellular staining for ALK (D5F3, CST #3633) was
performed for 1 h at 4°C followed by incubation with Alexa Fluor 647
goat antimouse IgG antibody (Cat. no. A-21244; Thermo Fisher
Scientiﬁc) for another hour at 4°C. The cells were washed and
resuspended in 100 μl staining buffer. The cells were measured with
a BD Fortessa ﬂow cytometer and analyzed using FlowJo software.
The detailed gating strategy is displayed in Fig S8.
RNA and DNA isolation from murine tumor and thymic tissues
RNA and DNA were isolated using the QIAGEN AllPrep DNA/RNA
mini isolation kit to enable simultaneous isolation of nucleic acids
from the same specimen. Tissues were homogenized using EPPIMikropistills (Schuett-biotec) and RNA and DNA isolation was
performed according to the manufacturer’s protocol. RNA and DNA
were eluted in nuclease free ddH2O.
Protein extraction and Western blot
For protein extraction from tumors and thymi, the tissue was
dounced and homogenized in lysis buffer as previously described
(105). Protein concentrations were measured using Bradford and 20
μg were used for analysis by SDS–PAGE and Western blot as previously described (105). The following antibodies were used for
protein expression analysis: ALK (D5F3, CST #3633), pALK (Tyr1278,
CST #6941), STAT3 (D3Z2G, CST #12640), pSTAT3 (Tyr705, CST #9145),
DNMT1 (H300, sc-20701), CDK4 (C-22, sc-260; Santa Cruz), CDK6
(HPA002637; Sigma-Aldrich), PCNA (ab2426; Abcam), and α-TUBULIN
(1E4C11, 66031-1-Ig; Proteintech). Goat antirabbit IgG HRP conjugate,
JD111036047, and rabbit antimouse IgG HRP conjugated, JD315035008
antibodies were used as secondary antibodies.
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Preparation of nuclear extracts
For isolation of nuclear fractions from tumors and thymi, the tissue
was carefully dounced and homogenized in sucrose buffer (0.32 M
sucrose, 10 mM Tris–HCl, pH 8.0, 3 mM CaCl2, 2 mM MgOAc, 0.1 mM
EDTA, and 0.5% NP-40) containing protease inhibitors using plastic
pestles. Nuclei were collected by centrifugation at 500g for 5 min at
4°C and supernatants, containing the cytoplasmic fractions were
transferred into new tubes. Nuclei were washed two times with
sucrose buffer without NP-40 before they were resuspended in 50
μl low salt buffer (20 mM Hepes, pH 7.9, 1.5 mM MgCl2, 20 mM KCl, 0.2
mM EDTA, and 25% glycerol [vol/vol]) containing protease inhibitors. An equal amount of high salt buffer (20 mM Hepes, pH 7.9, 1.5
mM MgCl2, 800 mM KCl, 0.2 mM EDTA, and 25% glycerol [vol/vol], 1%
NP-40) containing protease inhibitors was added. Samples were
incubated for 1 h 30 min at 4°C on a shaker before they were
centrifuged at 21,000g at 4°C. Supernatant containing the nuclear
fraction was transferred into a new tube and protein concentration
was measured using Bradford. 15 μg of nuclear fractions were used
for SDS–PAGE and Western blot analysis as described previously
(105). The following antibodies were used for nuclear protein expression analysis: c-MYC (fE5Q6W, CST #18583) and HDAC1 as nuclear loading control.
Quantitative RT PCR (qRT-PCR)
For qRT-PCR, RNA was isolated as described above and 1 μg of RNA
was used for random hexamer cDNA synthesis using the qScript
cDNA Synthesis Kit (Quantabio) according to supplier’s protocol.
cDNA was diluted to a ﬁnal concentration of 5 ng/μl and qRT–PCR
was performed with KAPA SYBR FAST qPCR kits (KAPA Biosystems)
on a C1000 thermal cycler, CFX96 real-time system (Bio-Rad) using
10 ng of cDNA per reaction. Three biological replicates per genotype
were processed. GAPDH was used for normalization. The following
primers were used for RNA-sequencing validation:
Gapdh fw: 59-CGACTTCAACAGCAACTCCCACTCTTCC-39
Gapdh rv: 59-TGGGTGGTCCAGGGTTTCTTACTCCTT-39
Cd44 fw: 59-ATGAAGTTGGCCCTGAGCAA-39
Cd44 rv: 59-GTGTTGGACGTGACGAGGAT-39
Dnmt1 fw: 59-AGGAGAAGCAAGTCGGACAG-39
Dnmt1 rv: 59-CTTGGGTTTCCGTTTAGTGG-39
Notch1 fw: 59-TGGCAGCCTCAATATTCCTT-39
Notch1 rv: 59-CACAAAGAACAGGAGCACGA-39
Myc fw: 59-AGTGCTGCATGAGGAGACAC-39
Myc rv: 59-GGTTTGCCTCTTCTCCACAG-39
Cdk4 fv: 59-TCCCAATGTTGTACGGCTGA-39
Cdk4 rv: 59-ACGCATTAGATCCTTAATGGTCTCA-39
Cdk6 fw: 59-CAGCAACCTCTCCTTCGTGA-39
Cdk6 rv: 59-GATCCCTCCTCTTCCCCCTC-39
IAP fw: 59-ACTAAcTCCTGCTGACTGG-39
IAP rv: 59-TGTGGCTTGCTCATAGATTAG-39
Immunohistochemistry
Tumor and thymic tissues were ﬁxed in 4% paraformaldehyde,
dehydrated in ethanol, and embedded in parafﬁn. 2-μM sections
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were cut, attached to slides, dewaxed, and rehydrated. Epitopes
were retrieved by heat-treatment in citrate buffer (pH 6.0; DAKO) or
Tris–EDTA buffer (pH 9.0; DAKO). Slides were processed and
counterstained as previously described (105). Primary antibodies
against DNMT1, ALK pSTAT3 (listed above), or Ki67 (14-5698-80;
eBioscience) were used for staining. Pictures were taken with a
Zeiss Axio10 (Zeiss) microscope and a Gryphax camera (Jenaoptics)
and quantiﬁcation of positive cells was performed using Deﬁniens
Tissue Studio 4.2 Software (Deﬁniens Inc.). Stainings were performed in four biological replicates for each genotype. For each
biological replicate, four representative pictures were analyzed and
counts were averaged. For Ki67 staining, slides were scanned using
the Pannoramic 250 Flash III scanner (3DHISTECH) and analyzed
using the Deﬁniens software. Non-proliferative areas in thymi were
excluded from quantiﬁcation. Quantiﬁcation results are shown as
means ± SEM. The signiﬁcance of the differences between mean
values was determined by one-way ANOVA followed by pairwise
comparisons to the control group using unpaired t tests.
Immunoﬂuorescence
Tumor and thymic tissues were formalin ﬁxed and parafﬁn embedded as described above and epitopes were retrieved by heattreatment in citrate buffer (pH 6.0; DAKO). Slides were washed in
0.1% PBS-Tween 20 (PBS-T), permeabilized in 0.3% Triton X-100 in
PBS-T and blocked in blocking solution (10% goat serum in 0.1%
Triton X-100 in PBS-T). Primary antibodies against ALK (CST #3363)
and Ki67 (14-5698-80; eBioscience) were diluted 1:250 and 1:1,000 in
blocking solution and incubated at 4°C overnight. After incubation
with secondary antibodies (Alexa Fluor 594 goat antirabbit, Cat. no.
A-11012; Invitrogen and Alexa Fluor 488 goat antirat, Cat. no. A-11006;
Invitrogen), they were diluted 1:1,000 in blocking solution and the
slides were counterstained with DAPI (1:50,000 from 10 mg/ml stock
solution; Serva Eletrophoresis) and embedded with geltol (Calbiochem). Two representative pictures of four biological replicates
per genotype were taken with LSM 5 Exciter (Zeiss) with the same
exposure time for all slides and quantiﬁed by blinding pictures and
counting of SP and double-positive cells in two 3 × 3 cm squares per
picture. Quantiﬁcation results are shown as means ± SEM. The
signiﬁcance of the differences between mean values was determined by one-way ANOVA followed by pairwise comparisons to the
ALK group using unpaired t tests.
Dot blot analysis of methylated DNA
Genomic DNA was isolated as described above and diluted to a ﬁnal
concentration of 250 ng. DNA was denatured at 100°C for 10 min in
0.4M NaOH and 10 mM EDTA solution and neutralized using 2M icecold ammonium acetate, pH 7.0, before it was applied to the dot
blot apparatus to spot the DNA on a nitrocellulose membrane,
pre-soaked in 6× saline sodium citrate buffer. After washing the
membrane in 2× saline sodium citrate buffer, the DNA was UVcrosslinked using (UV Stratalinker 2400; Stratagene). Subsequently,
the membrane was blocked for 1 h at room temperature with 5%
milk in PBS-T and incubated with the primary antibody directed
against 5mC (D3S2Z, CST #28692) overnight at 4°C. After incubation
with the secondary antibody (goat anti-rabbit IgG HRP conjugate,

https://doi.org/10.26508/lsa.202000794

vol 4 | no 2 | e202000794

16 of 22

JD111036047), 5mC signal was detected using the ChemiDoc XRS+
Imaging System (Bio-Rad) and analyzed using Image Lab Software
(Bio-Rad). Methylene blue staining (0.02% methylene blue in 0.3M
sodium acetate) was used for an internal DNA loading control.
Membranes were incubated in methylene blue staining solution for
10 min and membranes were destained 3 × 10 min in water. Methylene blue staining was measured and analyzed as described above.
Level of 5mC was calculated as a ratio of 5mC to methylene blue
signal intensity in three biological replicates per genotype and three
technical replicates, respectively.
RNA-sequencing (RNA-seq)
RNA and DNA were isolated as described above. RNA concentrations were measured on the NanoDrop 2000 (Invitrogen) and 1,000
ng were sent to the Biomedical Sequencing Facility (CeMM). RNA
integrity was tested using the Agilent Bioanalyzer. Stranded mRNAseq (poly-A enrichment) library preparation was performed and
sequenced using an Illumina HiSeq3000/4000 platform (50 nucleotide single-end reads).
RNA-seq data analysis
Reads were quality-controlled using fastQC (106) and pre-processed
using trimgalore (http://www.bioinformatics.babraham.ac.uk/projects/
trim_galore/) to trim adapter and low quality sequences. The reads
were aligned to mouse genome (mm10) and processed further using
STAR (107). Differential gene expression levels of the transcripts were
quantiﬁed by HTSeq (108) and analyzed using the Bioconductor
package DESeq2 (109). Genes with an FDR-adjusted P < 0.05 and an
absolute fold change of two were considered signiﬁcantly differentially
expressed.
To gain insight into the nature of differentially expressed genes
in each analysis, the gene set enrichment analysis of signiﬁcantly
deregulated genes between ALK tumors and Ctrl thymi was performed using oncogenic signature gene sets from MSigDB (33).
Deconvolution strategy
We used the SCDC library (110) based on MuSiC (111) to conduct the
bulk RNA-seq data deconvolution with a sc-RNA-seq reference
thymic dataset (59) composed of 12 time points (age), 29 cell types,
and 36,084 single-nucleus transcriptomes. The method allows
deconvoluting a set of bulk RNA-seq samples based on an sc-RNAseq dataset with the cell type clustering as a reference without preselected marker genes. The sc-RNA-Seq reference is used to build a
cell-type-speciﬁc gene expression signature matrix. This is subsequently used to recover the underlying cell type proportions for
the bulk samples using a tree-guided procedure based on a cell
type similarity tree (111). A weighted non-negative least square
regression framework is used over the previously selected marker
genes, weighting each gene by cross-subject and cross cell variation. The general method considers an observed bulk gene expression Y ϵ RN×M for N genes across M samples, each containing
K-cell types. The deconvolution will try to recover two non-negative
matrices B ϵ RN×K (average gene expression levels in each cell type
corresponding to the signature matrix) and P ϵ RK×M (mixing
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proportions of the K cell type of one sample) such that: Y ≈ BP. We
added some additional routines to the original library such as
parallelism capacity, sparse matrix capability, and an improvement
in the selection of marker genes.
Dynamic threshold for markers selection
The non-negative matrix factorization method is sensitive to the selection
of marker genes and we, therefore, tested several strategies on simulated
data. In the original tool, the selection of the marker genes was performed
by applying a Wilcoxon test between each cell type of interest and the
remaining single-nucleus transcriptomes in the single-cell data. A global
threshold for the adjusted P-value is used for all cell types. However, this
strategy results in an unbalanced and incomplete set of marker genes,
where cell types may have either a very high number, few, or zero marker
genes. To solve this issue, we proposed a dynamic threshold for marker
selection where we ﬁrst create multiple bootstrapping samples on all
clusters selecting nb clusters as background and run Wilcoxon tests over
each sampling and cell type of interest. Finally, we performed an outlier
analysis based on the log2(FC) value using the dbscan algorithm. For each
cluster, we started by selecting genes with an adjusted P = 0, if this
resulted in no or too few genes we relaxed the threshold to an adjusted P
< 0.05, and ﬁnally, the remaining cases were sorted by the adjusted Pvalue. For each cell cluster we therefore found at least Nmin and at most
Nmax marker genes. To determine optimal parameters, we extensively
tested our selection strategy within the deconvolution procedure on
simulated bulk datasets generated from the single cell data with known
proportions. We found best deconvolution results when selecting nb = 4
background cell clusters, chosen in nbs = 40 bootstrapping samples, and
setting the number of required marker genes per cluster to be between
Nmin = 28 and Nmax = 35. With the optimal parameters we obtained
Pearson correlation values of >0.99 between the calculated proportions
and the real ones and a sum of residuals of 0.0732.
Deconvolution of bulk data
Our bulk data sample is taken from 18-wk-old mice. We therefore
ﬁltered the single-cell dataset to only include data from 4-, 8-, and
24-wk single-cell data. We used a subset of seven cell types corresponding to T-Cell differentiation pseudotime (59): DN (P), DN (Q),
DP (P), DP (Q), αβT (entry), CD8+ T, and CD4+ T. These seven cell types
make up 93.4% of the expression found in the complete set of 29 cell
clusters in the single-cell data.
The following similarity tree between cell types was used for the
tree-guided procedure:
(i) Subcluster 1: DN(P), DN(Q)
(ii) Subcluster 2: DP(P), DP(Q), αβT(entry)
(iii) Subcluster 3: CD8+ T, CD4+ T
Differential expression analysis between simulated and real bulk
data
We constructed a simulation of bulk data samples based on
proportions estimated from the single cell non-tumor samples. We
assumed that if there were extra cell types in the ALK tumor replicas
these additional cell types should be characterized through
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differentially expressed genes between the simulations and the
real replicas.
We chose the top 10% most highly expressed genes in the
original bulk data plus the 175 marker genes, and performed a
differential expression analysis using DESeq2 between the bulk
samples and the corresponding replicas in the simulation.

For more details, please refer to the R notebook and the source
code at: https://github.com/crhisto/thymus_NPM-ALK_notebook.

promoter region (hyper-methylated: 850; hypo-methylated: 576) were
merged into 200 base pair tiling regions across the genome before LOLA
analysis. The signiﬁcant hyper- and hypomethylated regions obtained
were used as the query set and the set of all differentially methylated
tilling regions were used as universe set. For a focused analysis, only
region sets from ESCs, T lymphocytes, and thymus in the LOLA core
database were included. All the enrichments with a FDR adjusted P < 0.05
using the Benjamini Hochberg procedure were considered signiﬁcant.
For network analysis, data were analyzed through the use of QIAGEN’s
Ingenuity Pathway Analysis (IPA, QIAGEN Redwood City, www.qiagen.
com/ingenuity).

RRBS

Statistics

DNA was isolated as described above. DNA concentration was
measured using Qubit dsDNA HS Assay Kit from Invitrogen
according to the manufacturer’s protocol. In total, 500 ng (25 ng/μl,
20 μl total) of DNA was sent for RRBS analysis (Biomedical Sequencing Facility, CeMM) according to established protocols (112,
113).

Data are represented as mean ± SD, if not otherwise stated and
were analyzed using GraphPad Prism (version 6, GraphPad Software, Inc.). To assess differences between groups, unpaired t test or
one- or two-way ANOVA followed by multiple comparison were
used, depending on number of samples. Signiﬁcance was deﬁned
according to following P-values: *P < 0.05; **P < 0.01; ***P < 0.001 ****P
< 0.0001. Nonsigniﬁcant P-values are not shown. Survival statistics
were analyzed using GraphPad Prism. Pairwise curve comparison
with ALK tumors using log-rank calculations (Mantel–Cox test) were
used to assess differences between the groups.

Source code

RRBS data analysis
The global changes in methylation, individual CpGs, and clusters of
covered CpGs were analyzed using packages from R Bioconductor
(114, 115). For CpG level comparison, percentage of methylation of
individual CpGs was calculated using the methylKit package (116)
and the coverage ﬁles from the bismark aligner (117). To prevent PCR
bias and increase the power of the statistical tests, we discarded
bases with coverage less than 10 in all samples. The bisulﬁte
conversion rate was calculated as the number of thymines (nonmethylated cytosines) divided by coverage for each non-CpG
cytosine, as implemented in methylKit. Differential methylation
analysis of single CpGs between different groups was also performed in the same package and the CpGs with P < 0.01 and β value
differences more than 25% deﬁned as signiﬁcant. In addition,
density, PCA, and correlation plots were also generated by R Bioconductor packages. DMRs were determined using DSS package
(118, 119, 120, 121) which outperforms other methods when the
sample size per group is small owing to the adoption of the Wald
test with shrinkage for determining differentially methylated cytosines (122). We identiﬁed DMRs using the coverage ﬁles from
bismark with a P-value threshold of 0.01 and Δβ value more than
25%. The individual CpGs and DMRs were annotated using Annotatr
package (123). For the enhancer analyses, DMRs between ALK tumor cells
and Ctrl thymocytes were compared with ENCODE datasets for H3K4me1
and H3K27ac marks in murine thymus. We downloaded the ENCODE
datasets from the ENCODE portal (75) (www.encodeproject.org) with the
following identiﬁers: ENCFF666XCJ and ENCFF354DWX. Enhancers were
predicted, and k-means clustering analysis was performed using deep
Tools v2.0 (124). The “computeMatrix” command with the sub-command
“scale-regions” was used to generate the table underlying the heat
maps, using a 5-kb window indicated by start (S) and end (E) of the DMR
region. “plotHeatmap” was used to visualize the table. Region set enrichment analysis against publicly available datasets using the LOLA
software was used to identify shared biologically patterns among DMRs
(64). Signiﬁcant CpGs (P < 0.05; beta value difference >15%) from
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Data Availability
The RNA-seq and RRBS datasets were deposited to the NCBI Gene
Expression Omnibus (125) accession number GSE162218. FACS raw
data were deposited to http://ﬂowrepository.org (126) ID number
FR-FCM-Z35D.

Supplementary Information
Supplementary Information is available at https://doi.org/10.26508/lsa.
202000794.

Acknowledgements
This work was supported by funds of the Austrian Science Foundation (FWF)
projects P27616 and I4066 and by the Federal Ministry of Education and
Research (BMBF)-funded de.NBI Cloud within the German Network for Bioinformatics Infrastructure (de.NBI) (031A537B, 031A533A, 031A538A, 031A533B,
031A535A, 031A537C, 031A534A, and 031A532B). S Lagger is a fellow of the
Postdoc Career Program at Vetmeduni Vienna. The authors thank the International Max Planck Research School for Intelligent Systems for supporting CdJ Cardona. We would like to thank Helga Schachner and Michaela
Schlederer for technical support.

Author Contributions
E Redl: investigation and writing—original draft.
R Sheibani-Tezerji: data curation.
CdJ Cardona: data curation.
P Hamminger: investigation.

https://doi.org/10.26508/lsa.202000794

vol 4 | no 2 | e202000794

18 of 22

G Timelthaler: data curation.
MR Hassler: investigation.
M Zrimsek: investigation.
S Lagger: investigation and writing—review and editing.
T Dillinger: investigation.
L Hofbauer: investigation.
K Draganic: investigation.
A Tiefenbacher: investigation.
M Kothmayer: investigation.
CH Dietz: data curation.
BH Ramsahoye: investigation.
L Kenner: resources.
C Bock: supervision.
C Seiser: resources and supervision.
W Ellmeier: supervision.
G Schweikert: data curation and supervision.
G Egger: conceptualization, data curation, supervision, methodology, project administration, and writing—original draft, review, and
editing.
Conﬂict of Interest Statement
The authors declare that they have no conﬂict of interest.

9. Gal-Yam EN, Egger G, Iniguez L, Holster H, Einarsson S, Zhang X, Lin JC, Liang G,
Jones PA, Tanay A (2008) Frequent switching of Polycomb repressive marks
and DNA hypermethylation in the PC3 prostate cancer cell line. Proc Natl Acad
Sci U S A 105: 12979–12984. doi:10.1073/pnas.0806437105
10. Widschwendter M, Fiegl H, Egle D, Mueller-Holzner E, Spizzo G, Marth C,
Weisenberger DJ, Campan M, Young J, Jacobs I, et al (2007) Epigenetic
stem cell signature in cancer. Nat Genet 39: 157–158. doi:10.1038/ng1941
11. Ohm JE, McGarvey KM, Yu X, Cheng L, Schuebel KE, Cope L, Mohammad HP,
Chen W, Daniel VC, Yu W, et al (2007) A stem cell-like chromatin pattern
may predispose tumor suppressor genes to DNA hypermethylation and
heritable silencing. Nat Genet 39: 237–242. doi:10.1038/ng1972
12. Schlesinger Y, Straussman R, Keshet I, Farkash S, Hecht M, Zimmerman J,
Eden E, Yakhini Z, Ben-Shushan E, Reubinoff BE, et al (2007) Polycombmediated methylation on Lys27 of histone H3 pre-marks genes for de
novo methylation in cancer. Nat Genet 39: 232–236. doi:10.1038/ng1950
13. Laird PW, Jackson-Grusby L, Fazeli A, Dickinson SL, Jung WE, Li E, Weinberg
RA, Jaenisch R (1995) Suppression of intestinal neoplasia by DNA
hypomethylation. Cell 81: 197–205. doi:10.1016/0092-8674(95)90329-1
14. Eads CA, Nickel AE, Laird PW (2002) Complete genetic suppression of
polyp formation and reduction of CpG-island hypermethylation in
Apc(Min/+) Dnmt1-hypomorphic mice. Cancer Res 62: 1296–1299.
doi:10.1385/1-59259-182-5:071
15. Eden A, Gaudet F, Waghmare A, Jaenisch R (2003) Chromosomal
instability and tumors promoted by DNA hypomethylation. Science 300:
455. doi:10.1126/science.1083557
16. Gaudet F, Hodgson JG, Eden A, Jackson-Grusby L, Dausman J, Gray JW,
Leonhardt H, Jaenisch R (2003) Induction of tumors in mice by genomic
hypomethylation. Science 300: 489–492. doi:10.1126/science.1083558

References
1. Jones PA, Baylin SB (2002) The fundamental role of epigenetic events in
cancer. Nat Rev Genet 3: 415–428. doi:10.1038/nrg816

17. Yamada Y, Jackson-Grusby L, Linhart H, Meissner A, Eden A, Lin H,
Jaenisch R (2005) Opposing effects of DNA hypomethylation on
intestinal and liver carcinogenesis. Proc Natl Acad Sci U S A 102:
13580–13585. doi:10.1073/pnas.0506612102

2. Ehrlich M, Lacey M (2013) DNA methylation and differentiation:
Silencing, upregulation and modulation of gene expression.
Epigenomics 5: 553–568. doi:10.2217/epi.13.43

18. Howard G, Eiges R, Gaudet F, Jaenisch R, Eden A (2008) Activation and
transposition of endogenous retroviral elements in hypomethylation
induced tumors in mice. Oncogene 27: 404–408. doi:10.1038/sj.onc.1210631

3. Zhang Q, Wang HY, Woetmann A, Raghunath PN, Odum N, Wasik MA
(2006) STAT3 induces transcription of the DNA methyltransferase 1
gene (DNMT1) in malignant T lymphocytes. Blood 108: 1058–1064.
doi:10.1182/blood-2005-08-007377

19. Baba S, Yamada Y, Hatano Y, Miyazaki Y, Mori H, Shibata T, Hara A (2009)
Global DNA hypomethylation suppresses squamous carcinogenesis in
the tongue and esophagus. Cancer Sci 100: 1186–1191. doi:10.1111/j.13497006.2009.01171.x

4. Zhang Q, Wang HY, Liu X, Bhutani G, Kantekure K, Wasik M (2011) IL-2R
common gamma-chain is epigenetically silenced by nucleophosphinanaplastic lymphoma kinase (NPM-ALK) and acts as a tumor
suppressor by targeting NPM-ALK. Proc Natl Acad Sci U S A 108:
11977–11982. doi:10.1073/pnas.1100319108

20. Kinney SR, Moser MT, Pascual M, Greally JM, Foster BA, Karpf AR (2010)
Opposing roles of Dnmt1 in early- and late-stage murine prostate
cancer. Mol Cell Biol 30: 4159–4174. doi:10.1128/MCB.00235-10

5. Lee H, Zhang P, Herrmann A, Yang C, Xin H, Wang Z, Hoon DS, Forman SJ,
Jove R, Riggs AD, et al (2012) Acetylated STAT3 is crucial for methylation
of tumor-suppressor gene promoters and inhibition by resveratrol
results in demethylation. Proc Natl Acad Sci U S A 109: 7765–7769.
doi:10.1073/pnas.1205132109
6. Klughammer J, Kiesel B, Roetzer T, Fortelny N, Nemc A, Nenning KH,
Furtner J, Shefﬁeld NC, Datlinger P, Peter N, et al (2018) The DNA
methylation landscape of glioblastoma disease progression shows
extensive heterogeneity in time and space. Nat Med 24: 1611–1624.
doi:10.1038/s41591-018-0156-x
7. Landan G, Cohen NM, Mukamel Z, Bar A, Molchadsky A, Brosh R, HornSaban S, Zalcenstein DA, Goldﬁnger N, Zundelevich A, et al (2012)
Epigenetic polymorphism and the stochastic formation of differentially
methylated regions in normal and cancerous tissues. Nat Genet 44:
1207–1214. doi:10.1038/ng.2442
8. Landau DA, Clement K, Ziller MJ, Boyle P, Fan J, Gu H, Stevenson K, Sougnez C,
Wang L, Li S, et al (2014) Locally disordered methylation forms the basis of
intratumor methylome variation in chronic lymphocytic leukemia. Cancer Cell
26: 813–825. doi:10.1016/j.ccell.2014.10.012

DNMT1 function in T-cell lymphoma

Redl et al.

21. Oghamian S, Sodir NM, Bashir MU, Shen H, Cullins AE, Carroll CA, Kundu
P, Shibata D, Laird PW (2011) Reduction of pancreatic acinar cell tumor
multiplicity in Dnmt1 hypomorphic mice. Carcinogenesis 32: 829–835.
doi:10.1093/carcin/bgr039
22. Rhee I, Bachman KE, Park BH, Jair KW, Yen RW, Schuebel KE, Cui H,
Feinberg AP, Lengauer C, Kinzler KW, et al (2002) DNMT1 and DNMT3b
cooperate to silence genes in human cancer cells. Nature 416: 552–556.
doi:10.1038/416552a
23. Ley TJ, Ding L, Walter MJ, McLellan MD, Lamprecht T, Larson DE, Kandoth C,
Payton JE, Baty J, Welch J, et al (2010) DNMT3A mutations in acute myeloid
leukemia. N Engl J Med 363: 2424–2433. doi:10.1056/NEJMoa1005143
24. Walter MJ, Ding L, Shen D, Shao J, Grillot M, McLellan M, Fulton R,
Schmidt H, Kalicki-Veizer J, O’Laughlin M, et al (2011) Recurrent DNMT3A
mutations in patients with myelodysplastic syndromes. Leukemia 25:
1153–1158. doi:10.1038/leu.2011.44
25. Couronne L, Bastard C, Bernard OA (2012) TET2 and DNMT3A mutations
in human T-cell lymphoma. N Engl J Med 366: 95–96. doi:10.1056/
NEJMc1111708
26. Gao Q, Steine EJ, Barrasa MI, Hockemeyer D, Pawlak M, Fu D, Reddy S,
Bell GW, Jaenisch R (2011) Deletion of the de novo DNA

https://doi.org/10.26508/lsa.202000794

vol 4 | no 2 | e202000794

19 of 22

methyltransferase Dnmt3a promotes lung tumor progression. Proc
Natl Acad Sci U S A 108: 18061–18066. doi:10.1073/pnas.1114946108
27. Raddatz G, Gao Q, Bender S, Jaenisch R, Lyko F (2012) Dnmt3a
protects active chromosome domains against cancer-associated
hypomethylation. PLoS Genet 8: e1003146. doi:10.1371/journal.
pgen.1003146
28. Lin H, Yamada Y, Nguyen S, Linhart H, Jackson-Grusby L, Meissner A,
Meletis K, Lo G, Jaenisch R (2006) Suppression of intestinal neoplasia by
deletion of Dnmt3b. Mol Cell Biol 26: 2976–2983. doi:10.1128/
MCB.26.8.2976-2983.2006
29. Linhart HG, Lin H, Yamada Y, Moran E, Steine EJ, Gokhale S, Lo G, Cantu E,
Ehrich M, He T, et al (2007) Dnmt3b promotes tumorigenesis in vivo by
gene-speciﬁc de novo methylation and transcriptional silencing. Genes
Dev 21: 3110–3122. doi:10.1101/gad.1594007
30. Steine EJ, Ehrich M, Bell GW, Raj A, Reddy S, van Oudenaarden A,
Jaenisch R, Linhart HG (2011) Genes methylated by DNA
methyltransferase 3b are similar in mouse intestine and human colon
cancer. J Clin Invest 121: 1748–1752. doi:10.1172/JCI43169
31. Chiarle R, Gong JZ, Guasparri I, Pesci A, Cai J, Liu J, Simmons WJ, Dhall G,
Howes J, Piva R, et al (2003) NPM-ALK transgenic mice spontaneously
develop T-cell lymphomas and plasma cell tumors. Blood 101:
1919–1927. doi:10.1182/blood-2002-05-1343
32. Liberzon A, Subramanian A, Pinchback R, Thorvaldsdottir H, Tamayo P,
Mesirov JP (2011) Molecular signatures database (MSigDB) 3.0.
Bioinformatics 27: 1739–1740. doi:10.1093/bioinformatics/btr260
33. Liberzon A, Birger C, Thorvaldsdottir H, Ghandi M, Mesirov JP, Tamayo P
(2015) The molecular signatures database (MSigDB) hallmark gene set
collection. Cell Syst 1: 417–425. doi:10.1016/j.cels.2015.12.004
34. Palomero T, Lim WK, Odom DT, Sulis ML, Real PJ, Margolin A, Barnes KC,
O’Neil J, Neuberg D, Weng AP, et al (2006) NOTCH1 directly regulates cMYC and activates a feed-forward-loop transcriptional network
promoting leukemic cell growth. Proc Natl Acad Sci U S A 103:
18261–18266. doi:10.1073/pnas.0606108103
35. Raetz EA, Perkins SL, Carlson MA, Schooler KP, Carroll WL, Virshup DM
(2002) The nucleophosmin-anaplastic lymphoma kinase fusion protein
induces c-Myc expression in pediatric anaplastic large cell lymphomas.
Am J Pathol 161: 875–883. doi:10.1016/S0002-9440(10)64248-4
36. Takahashi H, Honma M, Miyauchi Y, Nakamura S, Ishida-Yamamoto A,
Iizuka H (2004) Cyclic AMP differentially regulates cell proliferation of
normal human keratinocytes through ERK activation depending on the
expression pattern of B-Raf. Arch Dermatol Res 296: 74–82. doi:10.1007/
s00403-004-0478-z
37. Collins CT, Hess JL (2016) Role of HOXA9 in leukemia: Dysregulation,
cofactors and essential targets. Oncogene 35: 1090–1098. doi:10.1038/
onc.2015.174
38. Ou YH, Torres M, Ram R, Formstecher E, Roland C, Cheng T, Brekken R,
Wurz R, Tasker A, Polverino T, et al (2011) TBK1 directly engages Akt/PKB
survival signaling to support oncogenic transformation. Mol Cell 41:
458–470. doi:10.1016/j.molcel.2011.01.019
39. Nigro JM, Baker SJ, Preisinger AC, Jessup JM, Hostetter R, Cleary K, Bigner
SH, Davidson N, Baylin S, Devilee P, et al (1989) Mutations in the p53
gene occur in diverse human tumour types. Nature 342: 705–708.
doi:10.1038/342705a0
40. Maehama T, Dixon JE (1999) PTEN: A tumour suppressor that functions
as a phospholipid phosphatase. Trends Cell Biol 9: 125–128. doi:10.1016/
s0962-8924(99)01519-6
41. Maekawa T, Sano Y, Shinagawa T, Rahman Z, Sakuma T, Nomura S, Licht
JD, Ishii S (2008) ATF-2 controls transcription of Maspin and GADD45
alpha genes independently from p53 to suppress mammary tumors.
Oncogene 27: 1045–1054. doi:10.1038/sj.onc.1210727
42. Zhou X, Hao Q, Liao JM, Liao P, Lu H (2013) Ribosomal protein S14
negatively regulates c-Myc activity. J Biol Chem 288: 21793–21801.
doi:10.1074/jbc.M112.445122

DNMT1 function in T-cell lymphoma

Redl et al.

43. Hsu AH, Lum MA, Shim KS, Frederick PJ, Morrison CD, Chen B, Lele SM,
Sheinin YM, Daikoku T, Dey SK, et al (2018) Crosstalk between PKCalpha
and PI3K/AKT signaling is tumor suppressive in the endometrium. Cell
Rep 24: 655–669. doi:10.1016/j.celrep.2018.06.067
44. Peng T, Golub TR, Sabatini DM (2002) The immunosuppressant
rapamycin mimics a starvation-like signal distinct from amino acid and
glucose deprivation. Mol Cell Biol 22: 5575–5584. doi:10.1128/
mcb.22.15.5575-5584.2002
45. Malcolm TI, Villarese P, Fairbairn CJ, Lamant L, Trinquand A, Hook CE,
Burke GA, Brugieres L, Hughes K, Payet D, et al (2016) Anaplastic large cell
lymphoma arises in thymocytes and requires transient TCR expression
for thymic egress. Nat Commun 7: 10087. doi:10.1038/ncomms10087
46. Ambrogio C, Martinengo C, Voena C, Tondat F, Riera L, di Celle PF, Inghirami G,
Chiarle R (2009) NPM-ALK oncogenic tyrosine kinase controls T-cell identity by
transcriptional regulation and epigenetic silencing in lymphoma cells. Cancer
Res 69: 8611–8619. doi:10.1158/0008-5472.CAN-09-2655
47. Congras A, Hoareau-Aveilla C, Caillet N, Tosolini M, Villarese P, Cieslak A,
Rodriguez L, Asnaﬁ V, Macintyre E, Egger G, et al (2020) ALK-transformed
mature T lymphocytes restore early thymus progenitor features. J Clin
Invest 130: 6395–6408. doi:10.1172/JCI134990
48. Hassler MR, Pulverer W, Lakshminarasimhan R, Redl E, Hacker J, Garland
GD, Merkel O, Schiefer AI, Simonitsch-Klupp I, Kenner L, et al (2016)
Insights into the pathogenesis of anaplastic large-cell lymphoma
through genome-wide DNA methylation proﬁling. Cell Rep 17: 596–608.
doi:10.1016/j.celrep.2016.09.018
49. Piazza R, Magistroni V, Mogavero A, Andreoni F, Ambrogio C, Chiarle R,
Mologni L, Bachmann PS, Lock RB, Collini P, et al (2013) Epigenetic
silencing of the proapoptotic gene BIM in anaplastic large cell
lymphoma through an MeCP2/SIN3a deacetylating complex. Neoplasia
15: 511–522. doi:10.1593/neo.121784
50. Nagasawa T, Zhang Q, Raghunath PN, Wong HY, El-Salem M, Szallasi A,
Marzec M, Gimotty P, Rook AH, Vonderheid EC, et al (2006) Multi-gene
epigenetic silencing of tumor suppressor genes in T-cell lymphoma
cells; delayed expression of the p16 protein upon reversal of the
silencing. Leuk Res 30: 303–312. doi:10.1016/j.leukres.2005.08.012
51. Zhang Q, Wang HY, Liu X, Wasik MA (2007) STAT5A is epigenetically
silenced by the tyrosine kinase NPM1-ALK and acts as a tumor
suppressor by reciprocally inhibiting NPM1-ALK expression. Nat Med 13:
1341–1348. doi:10.1038/nm1659
52. Robertson KD, Keyomarsi K, Gonzales FA, Velicescu M, Jones PA (2000)
Differential mRNA expression of the human DNA methyltransferases (DNMTs)
1, 3a and 3b during the G(0)/G(1) to S phase transition in normal and tumor
cells. Nucleic Acids Res 28: 2108–2113. doi:10.1093/nar/28.10.2108
53. Lee PP, Fitzpatrick DR, Beard C, Jessup HK, Lehar S, Makar KW, PerezMelgosa M, Sweetser MT, Schlissel MS, Nguyen S, et al (2001) A critical
role for Dnmt1 and DNA methylation in T cell development, function,
and survival. Immunity 15: 763–774. doi:10.1016/s1074-7613(01)00227-8
54. Cho-Vega JH, Rassidakis GZ, Amin HM, Tsioli P, Spurgers K, Remache YK,
Vega F, Goy AH, Gilles F, Medeiros LJ (2004) Suppressor of cytokine
signaling 3 expression in anaplastic large cell lymphoma. Leukemia 18:
1872–1878. doi:10.1038/sj.leu.2403495
55. Gazin C, Wajapeyee N, Gobeil S, Virbasius CM, Green MR (2007) An
elaborate pathway required for Ras-mediated epigenetic silencing.
Nature 449: 1073–1077. doi:10.1038/nature06251
56. Kar S, Deb M, Sengupta D, Shilpi A, Parbin S, Torrisani J, Pradhan S, Patra
S (2012) An insight into the various regulatory mechanisms modulating
human DNA methyltransferase 1 stability and function. Epigenetics 7:
994–1007. doi:10.4161/epi.21568
57. Fan W, Du F, Liu X (2019) TRIM66 confers tumorigenicity of hepatocellular
carcinoma cells by regulating GSK-3beta-dependent Wnt/beta-catenin
signaling. Eur J Pharmacol 850: 109–117. doi:10.1016/j.ejphar.2019.01.054
58. Arias M, Martinez-Lostao L, Santiago L, Ferrandez A, Granville DJ, Pardo J
(2017) The untold story of granzymes in oncoimmunology: Novel

https://doi.org/10.26508/lsa.202000794

vol 4 | no 2 | e202000794

20 of 22

opportunities with old acquaintances. Trends Cancer 3: 407–422.
doi:10.1016/j.trecan.2017.04.001

DNA elements (ENCODE): Data portal update. Nucleic Acids Res 46:
D794–D801. doi:10.1093/nar/gkx1081

59. Park JE, Botting RA, Dominguez Conde C, Popescu DM, Lavaert M, Kunz
DJ, Goh I, Stephenson E, Ragazzini R, Tuck E, et al (2020) A cell atlas of
human thymic development deﬁnes T cell repertoire formation.
Science 367: eaay3224. doi:10.1126/science.aay3224

76. Taniuchi I, Osato M, Egawa T, Sunshine MJ, Bae SC, Komori T, Ito Y,
Littman DR (2002) Differential requirements for Runx proteins in CD4
repression and epigenetic silencing during T lymphocyte development.
Cell 111: 621–633. doi:10.1016/s0092-8674(02)01111-x

60. Kalogeropoulou M, Voulgari A, Kostourou V, Sandaltzopoulos R,
Dikstein R, Davidson I, Tora L, Pintzas A (2010) TAF4b and Jun/activating
protein-1 collaborate to regulate the expression of integrin alpha6 and
cancer cell migration properties. Mol Cancer Res 8: 554–568.
doi:10.1158/1541-7786.MCR-09-0159

77. Hsu FC, Shapiro MJ, Dash B, Chen CC, Constans MM, Chung JY, Romero
Arocha SR, Belmonte PJ, Chen MW, McWilliams DC, et al (2016) An
essential role for the transcription factor Runx1 in T cell maturation. Sci
Rep 6: 23533. doi:10.1038/srep23533

61. Lin JX, Xie XS, Weng XF, Qiu SL, Xie JW, Wang JB, Lu J, Chen QY, Cao LL, Lin
M, et al (2019) Overexpression of IC53d promotes the proliferation of
gastric cancer cells by activating the AKT/GSK3beta/cyclin D1 signaling
pathway. Oncol Rep 41: 2739–2752. doi:10.3892/or.2019.7042
62. Modelska A, Turro E, Russell R, Beaton J, Sbarrato T, Spriggs K, Miller J, Graf
S, Provenzano E, Blows F, et al (2015) The malignant phenotype in breast
cancer is driven by eIF4A1-mediated changes in the translational
landscape. Cell Death Dis 6: e1603. doi:10.1038/cddis.2014.542
63. Zhou X, Xia E, Bhandari A, Zheng C, Xiang J, Guan Y, Zhang X (2018) LRP4
promotes proliferation, migration, and invasion in papillary thyroid
cancer. Biochem Biophys Res Commun 503: 257–263. doi:10.1016/
j.bbrc.2018.06.012
64. Shefﬁeld NC, Bock C (2016) LOLA: Enrichment analysis for genomic
region sets and regulatory elements in R and bioconductor.
Bioinformatics 32: 587–589. doi:10.1093/bioinformatics/btv612
65. Flavahan WA, Gaskell E, Bernstein BE (2017) Epigenetic plasticity and the
hallmarks of cancer. Science 357: eaal2380. doi:10.1126/science.aal2380
66. Bandini C, Pupuleku A, Spaccarotella E, Pellegrino E, Wang R, Vitale N,
Duval C, Cantarella D, Rinaldi A, Provero P, et al (2018) IRF4 mediates the
oncogenic effects of STAT3 in anaplastic large cell lymphomas. Cancers
(Basel) 10: 21. doi:10.3390/cancers10010021
67. Laimer D, Dolznig H, Kollmann K, Vesely PW, Schlederer M, Merkel O,
Schiefer AI, Hassler MR, Heider S, Amenitsch L, et al (2012) PDGFR
blockade is a rational and effective therapy for NPM-ALK-driven
lymphomas. Nat Med 18: 1699–1704. doi:10.1038/nm.2966
68. Schleussner N, Merkel O, Costanza M, Liang HC, Hummel F, Romagnani
C, Durek P, Anagnostopoulos I, Hummel M, Johrens K, et al (2018) The
AP-1-BATF and -BATF3 module is essential for growth, survival and
TH17/ILC3 skewing of anaplastic large cell lymphoma. Leukemia 32:
1994–2007. doi:10.1038/s41375-018-0045-9
69. Weilemann A, Grau M, Erdmann T, Merkel O, Sobhiafshar U,
Anagnostopoulos I, Hummel M, Siegert A, Hayford C, Madle H, et al (2015)
Essential role of IRF4 and MYC signaling for survival of anaplastic large
cell lymphoma. Blood 125: 124–132. doi:10.1182/blood-2014-08-594507
70. Zamo A, Chiarle R, Piva R, Howes J, Fan Y, Chilosi M, Levy DE, Inghirami G
(2002) Anaplastic lymphoma kinase (ALK) activates Stat3 and protects
hematopoietic cells from cell death. Oncogene 21: 1038–1047.
doi:10.1038/sj.onc.1205152
71. McLeay RC, Bailey TL (2010) Motif enrichment analysis: A uniﬁed
framework and an evaluation on ChIP data. BMC Bioinformatics 11: 165.
doi:10.1186/1471-2105-11-165
72. Bailey TL, Boden M, Buske FA, Frith M, Grant CE, Clementi L, Ren J, Li WW,
Noble WS (2009) MEME SUITE: Tools for motif discovery and searching.
Nucleic Acids Res 37: W202–W208. doi:10.1093/nar/gkp335
73. Aran D, Sabato S, Hellman A (2013) DNA methylation of distal regulatory
sites characterizes dysregulation of cancer genes. Genome Biol 14: R21.
doi:10.1186/gb-2013-14-3-r21

78. Cho-Vega JH, Vega F (2014) CD30-negative lymphomatoid papulosis
type D in an elderly man. Am J Dermatopathol 36: 190–192. doi:10.1097/
DAD.0b013e3182a64388
79. Laurent C, Nicolae A, Laurent C, Le Bras F, Haioun C, Fataccioli V, Amara N,
Adelaide J, Guille A, Schiano JM, et al (2020) Gene alterations in epigenetic
modiﬁers and JAK-STAT signaling are frequent in breast implantassociated ALCL. Blood 135: 360–370. doi:10.1182/blood.2019001904
80. Dromard M, Bompard G, Glondu-Lassis M, Puech C, Chalbos D, Freiss G
(2007) The putative tumor suppressor gene PTPN13/PTPL1 induces
apoptosis through insulin receptor substrate-1 dephosphorylation.
Cancer Res 67: 6806–6813. doi:10.1158/0008-5472.CAN-07-0513
81. Zhang Q, Xiao M, Gu S, Xu Y, Liu T, Li H, Yu Y, Qin L, Zhu Y, Chen F, et al (2019) ALK
phosphorylates SMAD4 on tyrosine to disable TGF-beta tumour suppressor
functions. Nat Cell Biol 21: 179–189. doi:10.1038/s41556-018-0264-3
82. Haerter JO, Lovkvist C, Dodd IB, Sneppen K (2014) Collaboration between
CpG sites is needed for stable somatic inheritance of DNA methylation
states. Nucleic Acids Res 42: 2235–2244. doi:10.1093/nar/gkt1235
83. Lovkvist C, Dodd IB, Sneppen K, Haerter JO (2016) DNA methylation in
human epigenomes depends on local topology of CpG sites. Nucleic
Acids Res 44: 5123–5132. doi:10.1093/nar/gkw124
84. Ducray SP, Natarajan K, Garland GD, Turner SD, Egger G (2019) The
transcriptional roles of ALK fusion proteins in tumorigenesis. Cancers
(Basel) 11: 1074. doi:10.3390/cancers11081074
85. Hallberg B, Palmer RH (2016) The role of the ALK receptor in cancer
biology. Ann Oncol 27: iii4-iii15. doi:10.1093/annonc/mdw301
86. Yau NK, Fong AY, Leung HF, Verhoeft KR, Lim QY, Lam WY, Wong IC, Lui VW
(2015) A pan-cancer review of ALK mutations: Implications for
carcinogenesis and therapy. Curr Cancer Drug Targets 15: 327–336.
doi:10.2174/1568009615666150225123712
87. Trumper L, Pfreundschuh M, Bonin FV, Daus H (1998) Detection of the t(2;5)associated NPM/ALK fusion cDNA in peripheral blood cells of healthy
individuals. Br J Haematol 103: 1138–1144. doi:10.1046/j.1365-2141.1998.01097.x
88. De Brouwer S, De Preter K, Kumps C, Zabrocki P, Porcu M, Westerhout
EM, Lakeman A, Vandesompele J, Hoebeeck J, Van Maerken T, et al (2010)
Meta-analysis of neuroblastomas reveals a skewed ALK mutation
spectrum in tumors with MYCN ampliﬁcation. Clin Cancer Res 16:
4353–4362. doi:10.1158/1078-0432.CCR-09-2660
89. Schonherr C, Ruuth K, Kamaraj S, Wang CL, Yang HL, Combaret V, Djos A,
Martinsson T, Christensen JG, Palmer RH, et al (2012) Anaplastic
Lymphoma Kinase (ALK) regulates initiation of transcription of MYCN in
neuroblastoma cells. Oncogene 31: 5193–5200. doi:10.1038/onc.2012.12
90. Zhu S, Lee JS, Guo F, Shin J, Perez-Atayde AR, Kutok JL, Rodig SJ, Neuberg
DS, Helman D, Feng H, et al (2012) Activated ALK collaborates with MYCN
in neuroblastoma pathogenesis. Cancer Cell 21: 362–373. doi:10.1016/
j.ccr.2012.02.010

74. Consortium EP (2012) An integrated encyclopedia of DNA elements in
the human genome. Nature 489: 57–74. doi:10.1038/nature11247

91. Alidousty C, Baar T, Martelotto LG, Heydt C, Wagener S, Fassunke J,
Duerbaum N, Scheel AH, Frank S, Holz B, et al (2018) Genetic instability
and recurrent MYC ampliﬁcation in ALK-translocated NSCLC: A central
role of TP53 mutations. J Pathol 246: 67–76. doi:10.1002/path.5110

75. Davis CA, Hitz BC, Sloan CA, Chan ET, Davidson JM, Gabdank I, Hilton JA,
Jain K, Baymuradov UK, Narayanan AK, et al (2018) The encyclopedia of

92. Pilling AB, Kim J, Estrada-Bernal A, Zhou Q, Le AT, Singleton KR, Heasley
LE, Tan AC, DeGregori J, Doebele RC (2018) ALK is a critical regulator of

DNMT1 function in T-cell lymphoma

Redl et al.

https://doi.org/10.26508/lsa.202000794

vol 4 | no 2 | e202000794

21 of 22

the MYC-signaling axis in ALK positive lung cancer. Oncotarget 9:
8823–8835. doi:10.18632/oncotarget.24260
93. Mateyak MK, Obaya AJ, Sedivy JM (1999) c-Myc regulates cyclin D-Cdk4 and
-Cdk6 activity but affects cell cycle progression at multiple independent
points. Mol Cell Biol 19: 4672–4683. doi:10.1128/mcb.19.7.4672
94. Sanchez-Martin M, Ferrando A (2017) The NOTCH1-MYC highway toward
T-cell acute lymphoblastic leukemia. Blood 129: 1124–1133. doi:10.1182/
blood-2016-09-692582
95. Peters SL, Hlady RA, Opavska J, Klinkebiel D, Novakova S, Smith LM,
Lewis RE, Karpf AR, Simpson MA, Wu L, et al (2013) Essential role for
Dnmt1 in the prevention and maintenance of MYC-induced T-cell
lymphomas. Mol Cell Biol 33: 4321–4333. doi:10.1128/MCB.00776-13
96. Hogstrand K, Darmanin S, Forshell TP, Grandien A (2018)
Transformation of mouse T cells requires MYC and AKT activity in
conjunction with inhibition of intrinsic apoptosis. Oncotarget 9:
21396–21410. doi:10.18632/oncotarget.25113
97. Kreutmair S, Klingeberg C, Poggio T, Andrieux G, Keller A, Miething C,
Follo M, Pfeifer D, Shoumariyeh K, Lengerke C, et al (2020) Existence of
reprogrammed lymphoma stem cells in a murine ALCL-like model.
Leukemia 34: 3242–3255. doi:10.1038/s41375-020-0789-x
98. Jones PA, Baylin SB (2007) The epigenomics of cancer. Cell 128: 683–692.
doi:10.1016/j.cell.2007.01.029
99. Baubec T, Colombo DF, Wirbelauer C, Schmidt J, Burger L, Krebs AR,
Akalin A, Schubeler D (2015) Genomic proﬁling of DNA
methyltransferases reveals a role for DNMT3B in genic methylation.
Nature 520: 243–247. doi:10.1038/nature14176
100. Jackson M, Krassowska A, Gilbert N, Chevassut T, Forrester L, Ansell J,
Ramsahoye B (2004) Severe global DNA hypomethylation blocks
differentiation and induces histone hyperacetylation in embryonic stem
cells. Mol Cell Biol 24: 8862–8871. doi:10.1128/MCB.24.20.8862-8871.2004
101. Brenner C, Deplus R, Didelot C, Loriot A, Vire E, De Smet C, Gutierrez A,
Danovi D, Bernard D, Boon T, et al (2005) Myc represses transcription
through recruitment of DNA methyltransferase corepressor. EMBO J 24:
336–346. doi:10.1038/sj.emboj.7600509
102. Fuks F, Burgers WA, Godin N, Kasai M, Kouzarides T (2001) Dnmt3a binds
deacetylases and is recruited by a sequence-speciﬁc repressor to silence
transcription. EMBO J 20: 2536–2544. doi:10.1093/emboj/20.10.2536
103. Hervouet E, Vallette FM, Cartron PF (2009) Dnmt3/transcription factor
interactions as crucial players in targeted DNA methylation.
Epigenetics 4: 487–499. doi:10.4161/epi.4.7.9883
104. Jackson-Grusby L (2002) Modeling cancer in mice. Oncogene 21:
5504–5514. doi:10.1038/sj.onc.1205603
105. Hassler MR, Klisaroska A, Kollmann K, Steiner I, Bilban M, Schiefer AI, Sexl
V, Egger G (2012) Antineoplastic activity of the DNA methyltransferase
inhibitor 5-aza-29-deoxycytidine in anaplastic large cell lymphoma.
Biochimie 94: 2297–2307. doi:10.1016/j.biochi.2012.05.029
106. Wingett SW, Andrews S (2018) FastQ screen: A tool for multi-genome
mapping and quality control. F1000Res 7: 1338. doi:10.12688/
f1000research.15931.2

111. Wang X, Park J, Susztak K, Zhang NR, Li M (2019) Bulk tissue cell type
deconvolution with multi-subject single-cell expression reference. Nat
Commun 10: 380. doi:10.1038/s41467-018-08023-x
112. Meissner A, Gnirke A, Bell GW, Ramsahoye B, Lander ES, Jaenisch R
(2005) Reduced representation bisulﬁte sequencing for comparative
high-resolution DNA methylation analysis. Nucleic Acids Res 33:
5868–5877. doi:10.1093/nar/gki901
113. Shearstone JR, Pop R, Bock C, Boyle P, Meissner A, Socolovsky M (2011)
Global DNA demethylation during mouse erythropoiesis in vivo.
Science 334: 799–802. doi:10.1126/science.1207306
114. Gentleman RC, Carey VJ, Bates DM, Bolstad B, Dettling M, Dudoit S, Ellis
B, Gautier L, Ge Y, Gentry J, et al (2004) Bioconductor: Open software
development for computational biology and bioinformatics. Genome
Biol 5: R80. doi:10.1186/gb-2004-5-10-r80
115. Ihaka R, Gentleman R (1996) R: A language for data analysis and
graphics. J Comput Graph Stat 5: 299–314. doi:10.1080/
10618600.1996.10474713
116. Akalin A, Kormaksson M, Li S, Garrett-Bakelman FE, Figueroa ME,
Melnick A, Mason CE (2012) methylKit: A comprehensive R package for
the analysis of genome-wide DNA methylation proﬁles. Genome Biol 13:
R87. doi:10.1186/gb-2012-13-10-r87
117. Krueger F, Andrews SR (2011) Bismark: A ﬂexible aligner and
methylation caller for bisulﬁte-seq applications. Bioinformatics 27:
1571–1572. doi:10.1093/bioinformatics/btr167
118. Wu H, Xu T, Feng H, Chen L, Li B, Yao B, Qin Z, Jin P, Conneely KN (2015)
Detection of differentially methylated regions from whole-genome
bisulﬁte sequencing data without replicates. Nucleic Acids Res 43: e141.
doi:10.1093/nar/gkv715
119. Wu H, Wang C, Wu Z (2013) A new shrinkage estimator for dispersion
improves differential expression detection in RNA-seq data.
Biostatistics 14: 232–243. doi:10.1093/biostatistics/kxs033
120. Park Y, Wu H (2016) Differential methylation analysis for BS-seq data
under general experimental design. Bioinformatics 32: 1446–1453.
doi:10.1093/bioinformatics/btw026
121. Feng H, Conneely KN, Wu H (2014) A Bayesian hierarchical model to
detect differentially methylated loci from single nucleotide
resolution sequencing data. Nucleic Acids Res 42: e69. doi:10.1093/
nar/gku154
122. Zhang Y, Baheti S, Sun Z (2018) Statistical method evaluation for
differentially methylated CpGs in base resolution nextgeneration DNA sequencing data. Brief Bioinform 19: 374–386.
doi:10.1093/bib/bbw133
123. Cavalcante RG, Sartor MA (2017) annotatr: Genomic regions in context.
Bioinformatics 33: 2381–2383. doi:10.1093/bioinformatics/btx183
124. Ramirez F, Ryan DP, Gruning B, Bhardwaj V, Kilpert F, Richter AS, Heyne
S, Dundar F, Manke T (2016) deepTools2: A next generation web server
for deep-sequencing data analysis. Nucleic Acids Res 44: W160–W165.
doi:10.1093/nar/gkw257

107. Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P, Chaisson M,
Gingeras TR (2013) STAR: Ultrafast universal RNA-seq aligner. Bioinformatics 29:
15–21. doi:10.1093/bioinformatics/bts635

125. Edgar R, Domrachev M, Lash AE (2002) Gene expression omnibus: NCBI
gene expression and hybridization array data repository. Nucleic Acids
Res 30: 207–210. doi:10.1093/nar/30.1.207

108. Anders S, Pyl PT, Huber W (2015) HTSeq: A Python framework to work
with high-throughput sequencing data. Bioinformatics 31: 166–169.
doi:10.1093/bioinformatics/btu638

126. Spidlen J, Breuer K, Rosenberg C, Kotecha N, Brinkman RR (2012)
FlowRepository: A resource of annotated ﬂow cytometry datasets
associated with peer-reviewed publications. Cytometry A 81: 727–731.
doi:10.1002/cyto.a.22106

109. Love MI, Huber W, Anders S (2014) Moderated estimation of fold change
and dispersion for RNA-seq data with DESeq2. Genome Biol 15: 550.
doi:10.1186/s13059-014-0550-8
110. Dong M, Thennavan A, Urrutia E, Li Y, Perou CM, Zou F, Jiang Y (2020)
SCDC: Bulk gene expression deconvolution by multiple single-cell
RNA sequencing references. Brief Bioinform bbz166. doi:10.1093/bib/
bbz166

DNMT1 function in T-cell lymphoma

Redl et al.

License: This article is available under a Creative
Commons License (Attribution 4.0 International, as
described at https://creativecommons.org/
licenses/by/4.0/).

https://doi.org/10.26508/lsa.202000794

vol 4 | no 2 | e202000794

22 of 22

