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Simple Summary: Current diagnosis of myeloproliferative neoplasms (MPNs), including poly-
cythemia vera (PV) and essential thrombocythemia (ET), is controversial due to limitations associated
with the lack of reproducibility, subjectivity and the presence of common somatic mutations in the
driver genes. Metabolomics represents a powerful approach to identify altered metabolites that
can differentiate between disease status at the time of diagnosis. The objective of this study was
to characterize the serum metabolic profile of MPNs patients (PV and ET) and compare it with
healthy controls (HC) and secondary thrombocytosis (ST) patients. The analysis revealed metabolites
following similar trends between PV and ET patients, as well as unique significant differences in
the serum metabolite levels of MNPs patients compared to HC and ST patients. These results could
contribute to better differentiate patients with these diseases from HC and ST patients.

Abstract: Most common myeloproliferative neoplasms (MPNs) include polycythemia vera (PV) and
essential thrombocythemia (ET). Accurate diagnosis of these disorders remains a clinical challenge
due to the lack of specific clinical or molecular features in some patients enabling their discrimina-
tion. Metabolomics has been shown to be a powerful tool for the discrimination between different
hematological diseases through the analysis of patients’ serum metabolic profiles. In this pilot study,
the potential of NMR-based metabolomics to characterize the serum metabolic profile of MPNs
patients (PV, ET), as well as its comparison with the metabolic profile of healthy controls (HC) and
secondary thrombocytosis (ST) patients, was assessed. The metabolic profile of PV and ET patients,
compared with HC, exhibited higher levels of lysine and decreased levels of acetoacetic acid, gluta-
mate, polyunsaturated fatty acids (PUFAs), scyllo-inositol and 3-hydroxyisobutyrate. Furthermore,
ET patients, compared with HC and ST patients, were characterized by decreased levels of formate,
N-acetyl signals from glycoproteins (NAC) and phenylalanine, while the serum profile of PV patients,
compared with HC, showed increased concentrations of lactate, isoleucine, creatine and glucose,
as well as lower levels of choline-containing metabolites. The overall analysis revealed significant
metabolic alterations mainly associated with energy metabolism, the TCA cycle, along with amino
acid and lipid metabolism. These results underscore the potential of metabolomics for identifying
metabolic alterations in the serum of MPNs patients that could contribute to improving the clinical
management of these diseases.
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1. Introduction

Philadelphia chromosome-negative (Ph-neg) myeloproliferative neoplasms (MPNs)
are a group of blood disorders characterized by the clonal expansion of an abnormal
hematopoietic progenitor cell in the bone marrow. Most common MPNs include poly-
cythemia vera (PV), the most predominant MPNs condition accounting for 45% of all cases,
and essential thrombocythemia (ET), which accounts for 25% of MPNs [1,2]. Clinically,
PV is characterized by increased production of red blood cells (erythrocytosis) and may
also be associated with elevated white cell (leukocytosis) and platelets (thrombocytosis)
levels in blood [3,4], while ET is sustained by thrombocytosis and megakaryocytic prolifera-
tion [4,5]. Regarding molecular features, genetic mutations in three driver genes, including
JAK2, CALR and myeloproliferative leukemia (MPL), can be found in both PV and ET
patients [6,7].

Diagnosis of MPNs, currently performed according to the 2016 revised World Health
Organization (WHO) classification of myeloid neoplasms [4], rely on a combination of
clinical, morphological and molecular parameters, including the identification of driver
mutations, such as JAK2V617F or CALR [8]. However, the somatic mutations in the driver
genes are not exclusive of a particular MPN, and their absence does not preclude any of
these neoplasms. While the presence of JAK2 mutation is expected in PV, approximately
90% of patients with ET express mutually exclusive JAK2, CALR, or MPL mutations [5].
Additionally, the diagnosis of ET patients can be hampered by their clinical resemblance
with reactive or secondary thrombocytosis (ST) [9]. In this context, the precise discrim-
ination at the time of diagnosis between PV and ET patients remains a major clinical
challenge [8].

Metabolomics is defined as the comprehensive analysis of the metabolites present in a
biological sample [10]. This approach has been shown to be a powerful tool for the detection
of metabolic deregulations associated with diverse cancers, leading to the identification
of specific sets of metabolites that discriminate between different disease status [11–13].
Particularly, metabolomics has recently enabled the discrimination between different
hematological diseases through the analysis of patient serum metabolic profiles [11,14–19].
In this context, the characterization of the serum metabolic profile of MPNs patients
could contribute to a better understanding of the molecular mechanisms underlying these
diseases and could help to improve patient management. In this pilot study, the potential
of NMR-based metabolomics to characterize the specific serum metabolic profile of MPNs
patients (PV and ET) was assessed.

2. Results
2.1. Untargeted Analysis of Serum Metabolic Profile

Multivariate statistical analyses were based on principal component analysis (PCA)
and orthogonal partial least square discriminant analysis (OPLS-DA). First, a non-supervised
approach (i.e., PCA) was conducted to explore sample heterogeneity, and the potential
impact of different clinical variables (group of study, age, gender, CALR and JAK2V617F
mutational status) on the metabolic profiles of the individuals Figure S1. This analysis did
not reveal significant sample clustering according to any of these variables. To further eval-
uate the differences between groups of study, OPLS-DA models were performed. Figure 1
shows the score plots generated for each comparison included in the study: HC vs. PV
(R2Y = 0.909, Q2Y = 0.721), HC vs. ET (R2Y = 0.82, Q2Y = 0.747), ST vs. ET (R2Y = 0.641,
Q2Y = 0.463) and PV vs. ET (R2Y = 0.175, Q2Y = −0.0943).
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Figure 1. Orthogonal partial least squares discriminant analysis (OPLS-DA) scores showing the separation between the
groups of study. (a) healthy controls (HC) (•) vs. polycythemia vera (PV) (•): R2Y = 0.909, Q2Y = 0.721, (b) HC (•) vs.
essential thrombocythemia (ET) (•): R2Y = 0.82, Q2Y = 0.747, (c) ET (•) vs. secondary thrombocytosis (ST) (•): R2Y = 0.641,
Q2Y = 0.463 and (d) PV (•) vs. ET (•): R2Y = 0.175, Q2Y = −0.0943. HC: healthy control, PV: polycythemia vera, ET: essential
thrombocythemia, ST: secondary thrombocythemia.

The first three models revealed significant differences between the metabolic profile
of PV and ET patients, when compared with HC, and also between ET and ST patients.
Nevertheless, the model generated for the comparison between PV and ET patients did not
exhibit any predictive power (Q2Y = −0.0943). For all these OPLS-DA models, the most
relevant variables correlated to the separation between groups of samples were extracted
from the corresponding loading plots and the variable importance in projection (VIP) lists.
Additionally, an OPLS-DA model for the comparison between HC and MPN (PV and ET)
patients was generated (Figure S2, R2Y = 0.798, Q2Y = 0.701). The Q2Y value (predictive
ability parameter, estimated by cross-validation) obtained for this model was comparable
to the Q2Y values obtained when analyzing each MPN individually Figure 1. Moreover,
when analyzing the NMR regions mostly contributing to this model, there was a significant
overlap with the relevant regions identified in the analyses of the OPLS-DA models for the
comparison of HC vs. ET and HC vs. PV, respectively. Therefore, to better examine the
specific metabolic differences between the different groups of individuals included in the
study, further analyses were based on the results obtained for each individual comparison.

Finally, a SUS-plot [20,21] for the comparison between HC vs. ET and HC vs. PV
models was carried out to further explore the presence of shared (metabolites aligned with
the diagonals) and/or unique (metabolites aligned with the axes) metabolic differences
specific either to PV or ET patients when compared with HC Figure S3. In this plot,
almost all NMR regions included in the OPLS-DA models were aligned with the diagonal,
revealing a significant overlap of the most relevant NMR regions discriminating PV and
ET patients from HC, respectively. This result is also in accordance with the fact that
no significant metabolic differences were identified in the multivariate analysis for the
discrimination of PV and ET patients.

2.2. GSEA of a Transcriptomic Study

Previous studies focused on the characterization of the transcriptomic profile of MPNs
patients [15,22] did not specifically address the identification of changes in metabolic
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pathways. In this study, a specific GSEA, based on publicly available data from an MPNs
transcriptomic study [15], focused on the identification of significantly altered metabolic
pathways in PV and ET patients was carried out. The analysis revealed the existence of 7
metabolic pathways significantly deregulated (p adj < 0.05) when comparing PV and HC,
and 3 when the comparison was carried out between ET and HC. However, no significant
metabolic alterations were found in the comparison between PV and ET patients Table 1.
Similar to the results obtained from the analysis of the serum metabolic profile, there
was a significant overlap in the altered metabolic pathways when comparing PV and
ET patients with HC. Particularly, the GSEA analysis revealed that the tricarboxylic acid
(TCA) cycle and oxidative phosphorylation were the main metabolic pathways altered in
these comparisons.

Table 1. Significantly enriched metabolic pathways identified in the gene set enrichment analysis (GSEA) for the GSE61629
transcriptomic study.

Comparison Pathway Name KEGG ID LOR p-Value BY Adjusted

ET vs. HC
Oxidative phosphorylation hsa00190 −0.4946 7.57 × 10−8 3.24 × 10−5

Citrate cycle (TCA cycle) hsa00020 −0.6648 1.87 × 10−4 4.00 × 10−2

alpha-linolenic acid metabolism hsa00592 0.7378 3.18 × 10−4 4.53 × 10−2

PV vs. HC

Citrate cycle (TCA cycle) hsa00020 −0.9519 1.85 × 10−8 7.88 × 10−6

Oxidative phosphorylation hsa00190 −0.4006 1.14 × 10−5 1.76 × 10−3

Carbon metabolism hsa01200 −0.4138 1.24 × 10−5 1.76 × 10−3

Valine, leucine and isoleucine degradation hsa00280 −0.6365 2.36 × 10−5 2.52 × 10−3

Starch and sucrose metabolism hsa00500 0.6765 1.05 × 10−4 8.95 × 10−3

Propanoate metabolism hsa00640 −0.6678 1.48 × 10−4 1.06 × 10−2

Pyruvate metabolism hsa00620 −0.5943 4.15 × 10−4 2.53 × 10−2

PV vs. ET − − − − −
BY: Benjamini–Yekutieli, ET: essential thrombocythemia, HC: healthy control, PV: polycythemia vera, ST: secondary thrombocythemia,
TCA cycle: tricarboxylic acid cycle.

2.3. Univariate Analysis of Serum Metabolic Profiles

To better examine the specific metabolic differences between the different groups of
individuals included in the study, NMR regions contributing to the discrimination between
the corresponding OPLS-DA models were analyzed. To that end, all NMR spectral regions
corresponding to well-resolved signals were integrated for univariate analysis. A total
of 51 NMR signals were integrated and assigned to 36 individual metabolites. Figure 2
summarizes the specific changes in the levels of these metabolites between the groups
of study.
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Figure 2. Variations in the level of the 36 metabolites identified by NMR in serum samples. The direction of the variation,
considering the HC or ST groups as a reference. p-value calculated using the Mann–Whitney U test (p < 0.05 was considered
significant). HC: healthy control, PV: polycythemia vera, ET: essential thrombocythemia, ST: secondary thrombocythemia.
HDL: high-density lipoproteins, NAC: acetyl signals from glycoproteins, PUFAs: polyunsaturated fatty acids, VLDL:
very-low-density lipoproteins.

The analysis of the multivariate OPLS-DA models revealed that most of the metabolic
changes observed in the comparisons between PV or ET patients with HC exhibited the
same trend. However, some of these metabolic alterations were only statistically significant
in one of the comparisons (PV vs. HC or ET vs. HC). The integrated analysis of all
the metabolic changes facilitated the identification of three different sets of metabolites
Figure 3a metabolites that exhibited statistically significant alterations in both PV and ET
patients when compared with HC; Figure 3b metabolites that were significantly altered
in only in ET (but not in PV) patients, when compared with HC and ST; and Figure 3c
metabolites that were significantly altered only in PV (but not in ET) patients, when
compared with HC.

Particularly, compared with HC, the metabolic profile of PV and ET patients exhibited
higher levels of lysine and decreased levels of acetoacetic acid, glutamate, polyunsaturated
fatty acids (PUFAs), scyllo-inositol and 3-hydroxyisobutyrate. Furthermore, ET patients,
when compared with HC and ST patients, were characterized by decreased levels of
formate, N-acetyl signals from glycoproteins (NAC) and phenylalanine, while the serum
profile of PV patients, compared with HC, exhibited increased concentrations of lactate,
isoleucine, creatine and glucose, as well as lower levels of choline-containing metabolites.
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Figure 3. Violin plots representing the serum intensities (logarithmic scale) of statistically significant metabolic changes.
Statistically significant alterations between the groups of study were observed in (a) metabolites that showed changes in both
PV and ET patients, when compared with HC; (b) metabolites that were altered in ET (but not in PV) patients when compared
with HC and ST; and (c) metabolites that were altered in PV (but not in ET) patients when compared with HC. HC: healthy
control, PV: polycythemia vera, ET: essential thrombocythemia, ST: secondary thrombocythemia. HC: healthy control, PV:
polycythemia vera, ET: essential thrombocythemia, ST: secondary thrombocythemia. HDL: high-density lipoproteins, NAC:
acetyl signals from glycoproteins, PUFAs: polyunsaturated fatty acids, VLDL: very-low-density lipoproteins.

3. Discussion

The lack of specific clinical or molecular features in some PV and ET patients pre-
cludes their discrimination and hampers the accurate diagnosis of these disorders. To the
best of our knowledge, this study represents the first global examination of the serum
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metabolic profile of PV and ET patients. To this end, NMR-based metabolomics was used
to characterize the specific features of the serum metabolic profile of MPNs patients, as well
as to evaluate the potential differences with those corresponding to HC and ST patients.
Overall, the results suggested that PV and ET patients exhibit unique serum metabolic
profiles associated with the molecular mechanisms responsible for these disorders.

The multivariate analysis of the metabolic profiles associated with MPNs patients,
as well as those corresponding to HC and ST patients, revealed significant differences
between these groups. Interestingly, no significant differences were found when comparing
the serum profile of PV and ET patients. Similarly, statistically significant alterations in
different metabolic pathways were found when comparing the transcriptomic profiles of
PV or ET patients with HC, but no significant metabolic changes were identified when
comparing PV and ET patients. These observations confirm the correlation between the
findings of these two omics approaches. This could be explained by the clinical similarities
between these two disorders.

Overall, the analysis of the multivariate statistical models revealed that most of the
metabolic alterations observed in the comparisons between PV and ET patients with HC
exhibited similar trends. These results are also in agreement with the results derived from
the GSEA, based on changes in gene expression. Nevertheless, unique metabolic changes
were also characterized. Thus, the comparison of ET patients with HC and ST patients
revealed decreased levels of formate, NAC and phenylalanine. Furthermore, increased
concentrations of lactate, isoleucine, creatine and glucose, as well as lower levels of choline-
containing metabolites were identified in the serum profile of PV patients when compared
with HC.

Some of the alterations identified in this study could reflect the high demands in
energy and building blocks of fast proliferating cancer cells in MPN patients. These find-
ings would be supported by the significant alterations in the TCA cycle and oxidative
phosphorylation identified in the GSEA when comparing the transcriptomic profile of HC
and PV or ET patients. Thus, serum metabolic alterations observed in PV and ET patients,
such as changes in the levels of acetoacetic acid, 3-hydroxyisobutyrate and glutamate,
could be associated with increased replenishment of metabolic intermediates for the TCA
cycle. Specifically, acetoacetic acid, one of the most predominant ketone bodies, could
be converted into acetyl-CoA, and 3-hydroxyisobutyrate transformed into succinyl-CoA.
Glutamate is known to play several roles in cell proliferation [23], including its conversion
to α-ketoglutarate for fueling the TCA. Finally, lower phenylalanine serum levels, observed
in ET patients in our study, have been reported in cancer patients in previous studies [24],
probably associated with its transformation into fumarate as anapleurotic substrate. Over-
all, enhanced degradation of these metabolites to fulfill highly activated energy metabolism
in proliferating cancer cells may explain the lower levels observed in the serum profile of
PV and ET patients. Finally, creatine levels, a key intermediate in energy metabolism that
has been reported as elevated in different cancer patients [25], were found to be increased
in PV and ET patients in this study, although this alteration was only statistically significant
for PV patients.

Additionally, decreased serum levels of PUFAs in PV patients and choline-containing
metabolites, observed in PV and ET patients in this study, could be associated with a higher
demand for cell membrane synthesis. Lower serum PUFAs and choline levels have been
previously reported and associated with increased risk in colorectal cancer patients [26,27].
Lower serum formate levels, observed in the serum profile of ET patients, have been
previously reported in different cancer patients and associated with a higher proliferation
of cancer cells [28]. Formate is a precursor of one-carbon (1C) units for nucleotide synthesis,
a pathway that has been known to be altered in many cancers favoring cell proliferation [29].

Other metabolic alterations observed in PV patients in this study, such as higher lactate
and isoleucine serum levels, could potentially be associated with other cancer-specific
alterations. As it has been previously reported, cancer cell metabolism involves primarily
the conversion of glucose ultimately to lactate following aerobic glycolysis, a phenomenon
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associated with the well-known Warburg effect [30]. Therefore, the elevated levels of lactate
found in the serum of PV patients could be attributed to an increase in aerobic glycolysis.
Elevated lactate levels have also been observed in acute myeloid leukemia [31] and other
cancers [25] and have been associated with poor prognosis in hematological disorders [32].
Although this increase in lactate levels would be the result of increased glucose uptake
by the tumor cells and diversion towards aerobic glycolysis [30], glucose levels were also
found to be elevated in PV patients in this study. Serum glucose homeostasis involves a
complex regulatory system [33]. Thus, additional metabolic alterations other than increased
aerobic glycolysis rate could be affecting serum glucose homeostasis in these patients [34].
Finally, increased serum levels of isoleucine in PV patients, a branched-chain amino acid
(BCAA) observed in this study, are in agreement with previous findings that have been
reported in other cancer patients [11,25,35]. In these patients, increased protein turnover
and muscle breakdown, associated with cancer cachexia, together with lower BCAAs
consumption by tumor cells, may lead to high BCAAs serum levels in cancer patients.

4. Materials and Methods
4.1. Study Cohort

Serum samples from 101 individuals were collected and classified into HC (n = 21),
PV (n = 22), ET (n = 46) and ST (n = 12) groups. Patients’ diagnosis was based on the
WHO classification of Myeloid Neoplasms 2016 [4]. Samples included in the study were
collected from patients after diagnosis and before treatment. Clinical characteristics of the
individuals included in the study are summarized in Table 2. Further clinical details of the
MPN patients included in the study are included in Table S1.

Table 2. Clinical characteristics of the patients included in the study.

Group n (%) Age (Mean ± SD) Sex (m/f) JAK2V617 (Mut/WT) CALR (Mut/WT/NA)

HC 21 (20.8%) 58 ± 5.78 12/9 −/21/− −/21/−
PV 22 (21.8%) 68.86 ± 14.57 14/8 22/−/− −/1/21
ET 46 (45.5%) 61.89 ± 16.53 18/28 24/22 9/23/14
ST 12 (11.9% 60.17 ± 16.07 4/8 −/12/− −/12/−

ET: essential thrombocythemia, f: female, HC: healthy control, m: male, Mut: mutant, n: sample size, NA: not
available, PV: polycythemia vera, SD: standard deviation, ST: secondary thrombocythemia, WT: wild type.

4.2. Serum Sample Collection

Patients’ recruitment was performed at the Hospital Universitario 12 de Octubre
(Madrid, Spain) and the Hospital del Mar (Barcelona, Spain). Recruitment and sampling
procedures were carried out in accordance with the Declaration of Helsinki and applicable
local regulatory requirements and laws and after approval from the Ethics Committees of
all participant institutions. Serum samples were processed following metabolomics specific
standard operating procedures (SOPs) [11,14,36–39]. Samples were frozen and stored at
−80 ◦C until analyzed using NMR spectroscopy.

4.3. NMR Sample Preparation

At the time of NMR analysis, serum samples were thawed on ice. Then, 300 µL of
serum were added to 300 µL of buffer (140 mM Na2HPO4, 5 mM trimethylsilylpropionic
acid-d4 sodium salt (TSP), 0.04% NaN3, pH 7.4, in 10% D2O). Finally, 550 µL of each sample
was transferred to a 5 mm NMR tube for analysis.

4.4. NMR Sample Measurements

NMR measurements were acquired using a Bruker Avance II 600 MHz spectrometer
equipped with a triple resonance cryoprobe with a cooled 13 C preamplifier (TCI) at an
acquisition temperature of 310 K. NMR data acquisition was performed as previously
described [11,13,39,40]. Briefly, standard Carr–Purcell–Meiboom–Gill (CPMG) [41] a spin–
echo pulse sequence was collected for each sample. A total of 64 free induction decays
(FIDs) collected into 74 K data points were used for the acquisition of the NMR spectra over
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a spectral width of 20 ppm and a relaxation delay of 4 s between FIDs. A presaturation
water pulse of 25 Hz was applied throughout the relaxation delays to improve solvent
suppression [41,42].

4.5. NMR Data Processing

After the acquisition, serum spectra were multiplied by a line-broadening factor of 1
Hz, and Fourier transformed. All spectra were automatically phased, baseline corrected
and referenced to the methyl group signal of alanine (δ 1.47 ppm) using TopSpin 3.5
(Bruker BioSpin, Rheinstetten, Germany). Then, serum spectra were binned using Amix
3.9.15 (Bruker BioSpin) into 0.01 ppm wide rectangular buckets over the spectral region δ

8.60–0.50 ppm. The residual water (δ 5.10–4.36 ppm) and urea (δ 5.82–5.65) signal regions
were excluded from the analysis to avoid interferences arising from differences in water
suppression and variability from urea signal, respectively.

4.6. Multivariate Statistical Analysis

Bucket tables were imported into SIMCA-P 14.0 software (Umetrics AB, Umeå, Swe-
den). Data were Pareto scaled by dividing each variable by the square root of 1/SD, where
SD represents the standard deviation value of each variable [43]. Then, principal compo-
nent analysis (PCA) and orthogonal partial least squares discriminant analysis (OPLS-DA)
were conducted. The default method of 7-fold internal cross-validation of the software was
applied, from which Q2Y (predictive ability parameter, estimated by cross-validation) and
R2Y (goodness of fit parameter) values were extracted. These statistical parameters were
used for the evaluation of the quality of the OPLS-DA models obtained. Finally, shared
and unique structures (SUS)—the plot was used for the evaluation of mutual and exclusive
differences when comparing OPLS-DA models.

4.7. Transcriptomic Analysis

Raw data from the GSE61629 [15] study was obtained from the Gene Expression Om-
nibus (GEO; https://www.ncbi.nlm.nih.gov/geo) database [44,45]. All statistical analyses
were conducted using the R 3.6.0 version [46].

Gene expression values were normalized using the “RMA” function form the “affy”
R package [47]. Differential gene expression analysis between groups of samples was
assessed using the “limma” R package [48]. Differential expression p-values were adjusted
based on the Benjamini and Hochberg (BH) method [49]. Gene set enrichment analysis
(GSEA) was conducted using functions implemented in the “mdgsa” R package [50]. The
metabolic pathways defined by the Kyoto Encyclopedia of Genes and Genomes (KEGG)
database [51–53] were used for the functional enrichment. Finally, metabolic pathways
showing a Benjamini–Yekutieli (BY) [54] adjusted p-value (p adj) < 0.05 were defined as
significantly deregulated.

4.8. Metabolite Quantification

Metabolite signals in the NMR spectra were assigned using the Bruker NMR Metabolic
profiling database BBIOREFCODE 2.0.0 (Bruker BioSpin), in combination with other pub-
licly available databases [55,56]. Both singlets and multiplets of the same metabolite
were used, when possible, for identification and integration. Spectra were baseline cor-
rected, aligned, and metabolite signals were integrated and quantified using NMRProcFlow
v.1.2.28 [57]. The statistical significance of the differences between the means of the groups
of the study was assessed using the Mann–Whitney U test. A p-value < 0.05 was considered
statistically significant.

5. Conclusions

Overall, the results obtained in this pilot study suggest that the characterization of
the serum metabolic profile of MPNs patients could provide useful information to better
understand the molecular mechanisms underlying these diseases. Although further valida-

https://www.ncbi.nlm.nih.gov/geo
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tion of the results, using complementary experimental approaches and larger independent
patients’ cohorts would be necessary, the metabolomic analysis of serum samples from
HC and MPNs patients revealed significant metabolic differences that could be used to
differentiate between individuals with and without the disease.
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(y-axis).
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