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Abstract: The relationship between metabolites and multiple myeloma (MM) is becoming a research focus in the
field. In this study, we performed metabolic profiling of multiple myeloma and identified potential metabolites asso-
ciated with clinical characteristics, therapeutic efficacy, and prognosis of the disease. Fifty-five patients with newly-
diagnosed multiple myeloma and thirty-seven healthy controls from August 2016 to October 2017 were randomly
collected. The serum metabolic profiling was investigated by gas chromatography-mass spectrometry (GC-MS) tech-
nique and underwent statistical analysis. Twenty-seven metabolites were found to be significantly different between
healthy controls and multiple myeloma patients. Eleven metabolites were significantly elevated, while sixteen me-
tabolites were decreased in the multiple myeloma population. Metabolic changes were also observed in patients
with renal impairment and bone destruction. Levels of urea were significantly decreased after treatment while levels
of hypotaurine showed significant increase in the good-effect group (P<0.05), but not in the no-good-effect group
(P>0.05). In multivariate statistical analyses, high cysteine and high hypotaurine are independent risk factors for
poor treatment outcome. After adjustment for critical clinical characteristics, patients with high levels of glycolic acid
and xylitol were found to be less likely to experience disease progression. Multiple myeloma demonstrates different
metabolic characteristics compared with the healthy population. Among multiple myeloma patients, renal impair-
ment and bone destruction showed additional metabolic characteristics. Cysteine and hypotaurine have value in
predicting the treatment outcome, while glycolic acid and xylitol may be important prognostic factors for multiple
myeloma.
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Introduction cts of novel diagnostic tools, response to treat-

ment and prognostic factors [3]. In order to

Multiple myeloma (MM) is a malignancy of clon-
al proliferation of malignant plasma cells in
bone marrow and abnormal monoclonal immu-
noglobulin [1]. The clinical and biological het-
erogeneities of this malignancy lead to variable
responses to therapy and to variable outcomes
[2]. With a rising number of patients and more
complicated clinical scenarios, it is important
to explore MM in depth, especially in the aspe-

ameliorate the patient’s condition, new break-
throughs should aim at not only improving sur-
vival but also developing better tools to evalu-
ate the prognosis and to monitor treatment
efficacy [4].

Metabolic profiling is a useful tool to study bio-
markers of the disease [5, 6]. Particularly in the
cancer setting [7, 8], metabolomics has been
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applied to develop novel early diagnostic bio-
markers in renal cancer [9], colorectal cancer
[10], pancreatic cancer [11], ovarian cancer
[12] and oral cancer [13]. Many analytical tech-
niques including gas/liquid chromatography-
mass spectrometry (GC/LC-MS) and nuclear
magnetic resonance (NMR) have been used to
identify metabolite structures and to measure
the relative and absolute concentrations of
those molecules [14, 15].

In this study, we investigated the metabolic pro-
files of healthy controls and multiple myeloma
patients, using untargeted gas chromatogra-
phy-mass spectrometry (GC-MS) technique
[16]. The aim of our study was to provide pre-
liminary analysis on metabolic characteristics
of MM patients and to identify potential metab-
olites associated with clinical characteristics,
therapeutic efficacy, overall survival and prog-
ress-free survival.

Materials and methods
Chemicals and reagents

Derivatization reagents [Pyridine, methoxyami-
ne hydrochloride and N-methyl-N-(trimethylsi-
lyl)-trifluoroacetamide] were obtained from Si-
gma-Aldrich. The internal standard (IS, 2,4-
dichlorobenzoic acid) and other reference stan-
dards for compound identification were ob-
tained from Sigma-Aldrich, Alfa Aesar or JK
Chemical Ltd. Ultrapure water was from Milli-Q
system (Millipore, USA). An N-alkane mixture of
C7-C40 for the Kovat retention index calcula-
tion was purchased from ANPEL Laboratory
Technologies (Shanghai, China).

Patient selection and sample collection

Fifty-five patients in the First Affiliated Hospital
of Soochow University with newly-diagnosed
multiple myeloma from August 2016 to October
2017 were enrolled in this study. All of them
were also included in a phase 4 clinical trial
(NCTO2577783) in which patients were ran-
domized to receive induction with PDD regimen
(doxorubicin hydrochloride iposome, bortizomib
and dexamethasone) or PAD regimen (bortizo-
mib, dexamethasone and doxorubicin). None of
these patients had significant metabolic disor-
ders (like diabetes). Thirty-seven healthy con-
trols were selected randomly during the same
period of time in our center. The responses to
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treatment were divided into 6 subcategories
based on the International Myeloma Working
Group uniform response criteria: complete
response (CR); very good partial response
(VGPR); partial response (PR); minor response
(MR); stable disease (SD); and progressive dis-
ease (PD). CR and VGPR are considered as the
good-effect group, while PR, MR, SD and PD are
thought to be the no-good-effect group. The
patient characteristics are summarized in Table
1.

All peripheral venous serum samples were col-
lected with yellow tubes with inert separation
gel and coagulant in the morning after initial
diagnosis and 4 courses of chemotherapy. The
coagulant can quickly activate the blood coagu-
lation mechanism and accelerate the blood
coagulation process. After the collection, the
tubes were inverted 5-8 times and stood still
for 20-30 mins. Then, the serum was trans-
ferred in test tubes and was stored at -80°C
until analysis.

Discovery set and validation set

To minimize the confounding factors in metabo-
lomics, a matched control set composed of 37
serum samples from healthy subjects was
introduced with t test and chi-square test. The
following factors were matched in 55 patients:
age, and sex (Page=0.284, P..,=0.637). Metabo-
lic profiling from serum samples were obtained
by gas chromatography-mass spectrometry.
Seventeen patients with MM and seventeen
healthy controls were randomly selected to set
up the discovery set (Page=0.119, P...=0.473),
the rest (38 patients and 20 controls) were
included in the validation set (Page=0.127,
P.,=0.969).

Sample preparations

Before analysis, the serum samples were
thawed at room temperature. 100 pL of serum
sample were transferred into 2 mL Eppendorf
tubes. Then 400 pL acetonitrile and 80 pL of
2,4-dichlorobenzoic acid (0.2 mg/mL) internal
standard were added and vortexed for 2 min.
After this, centrifugation was performed for 15
min (13000 rpm) at 4°C. Then 470 pL of super-
natant was dried by vacuum in a speed vacuum
concentrator (Labconco, USA). Thereafter, the
dried samples were resolved with methoxy-
amine pyridine solution (15 mg/mL, 50 uL) and
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Table 1. Characteristics of patients

and 150 yL supernatant was used for

subsequent GC-MS analysis.

Characteristics MM

Sex (man/female) 34721 The quality control (QC) sample was

Age [M, (range)] 60 (42-73) prepared by equally mixing serum

lgtype samples from all subjects including
lgG 30 patients and controls to evaluate the
IgA 9 stability of the GC-MS analytical
1gD 0 system.
IgM 1

Light chain 12 Gas chromatography-mass spectrom-
K 3 etry
A 9

Oligosecret 5 Serum metabolic profiling was ob-

Double clone 1 tained by Agilent 7890/5975C GC-MS

(Agilent Technologies). One microliter

DS stage derivatized sample was injected into
' 2 a DB-5 fused silica capillary column
I 5 (30 mm x 0.25 mm x 0.25 pm, J&W
I 46 Scientific) in a split mode (ratio 10:1).
No data 2 The carrier gas (99.9% helium) was

ISS stage operated with a constant flow rate of
I 16 1.1 ml/min. The initial column tem-
Il 19 perature of 80°C was maintained for
1 20 5 minutes and then increased to

R-ISS stage 170°C at 5°C per minute intervals
| 16 and to 300°C at 10°C per minute
I 30 intervals. The temperatures of inlet
" 9 ion source and the electron ionization

source were 280°C and 230°C, res-
Plasmacyte [%, M (range)] 24 (0-72.5)

M.protein.quantify [g/L, M (range)]
Serum.p2.MG [mg/L, M (range)]
IgH (positive/negative)
Abonormal.light.chain (abonormal/normal)
Karyotype (abonormal/normal)
FISH (abonormal/normal)
disease state

ACR, VGPR

8PR, MR, SD and PD
Overall Survival [month, M (range)]

22.72 (0-85.17)
3.87 (0.88-31.23)

11/44
May-50
11/44
15/40

37
18

23.33 (6.40-34.40)
Progression-free Survival [month, M (range)] 22.53 (5.87-34.27)

pectively. Mass spectra were acquir-
ed in the full scan mode with m/z
30-600.

Identification of the metabolites in
the plasma was conducted using
the commercial libraries (NIST 11.0,
Mainlib) or the available commercial
authentic standards. Additionally, the
Kovat retention index of the plasma
metabolites based on n-alkanes stan-
dards mixture of C7-C40 was used to

Characteristics of patients with multiple myeloma (N=55). ACR, complete
response; VGPR, very good partial response; PR, partial response; MR,

minor response; SD, stable disease; PD, progressive disease.

vortexed for 1 min. Subsequently, the sample
was oximated in a 70°C water bath for 1 h and
cooled to room temperature, followed by sily-
lation reaction with 50 yL N-methyl-N-trimethyl-
silyl trifluoroacetamide in a water bath at 70°C
for 1 h. After the derivatization, the solution
was centrifuged (13000 r/min, 15 min, 4°C)
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differentiate the metabolites with
similar mass spectra.

Statistical analysis

The differential variables were selected based
on P value from the 2-tailed t test (P<0.05) and
false discovery rate (FDR) <O0.05. Logistic
regression, Kaplan-Meier analysis, Cox regres-
sion, and leave-one-out cross-validation were
used to evaluate the association of the poten-
tial metabolites with the multiple myeloma
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treatment outcome, overall survival, and prog-
ress-free survival. The models were compared
with AUC.

Results

The metabolic deregulation in MM

The serum metabolic profiling was investigated
by a GC-MS technique. To evaluate the stability
of the analytical system during running sam-
ples, seven QC samples were inserted into the
analytical sequence. The reproducibility was
assessed by the distributions of relative stan-
dard deviation (RSD) of metabolites in all QC
samples. 70.21% and 93.61% of the peaks
were lower than 15% and 30%, respectively,
which indicated that the serum metabolic
profiles acquired in GC-MS were stable and
reproducible (Figure S1). Typical total ion chro-
matograms of samples of serum metabolic pro-
filing based on GC-MS is shown in Figure S2. For-
ty-seven compounds were identified, including
amino acids, organic acids, carbohydrates, and
fatty acids.

Serum metabolic profiles of healthy individuals
and multiple myeloma patients at the time of
diagnosis were compared to identify the poten-
tial metabolic biomarkers in the discovery set.
Student’s t test was performed to find signifi-
cantly altered metabolites. Among 47 metabo-
lites, 29 metabolites that differentiated MM
patients from healthy controls were iden-
tified in the discovery set (Table S1). We further
assessed these 29 metabolites in the valida-
tion set. It turned out that 27 of the 29 metabo-
lites showed differences between MM pati-
ents and healthy controls (Table S2). Glycolic
acid, glycine, L-valine, urea, L-isoleucine, ser-
ine, L-threonine, L-phenylalanine, asparagine,
xylitol and 9-Octadecenoic acid were signifi-
cantly increased (Figure 1A), while oxalic acid,
L-Leucine, glycerol, L-methionine, beta-alanine,
malic acid, L-hydroxyproline, cysteine, hypotau-
rine, citric acid, tyrosine, palmitic acid, stearic
acid, myristic acid, myo-Inositol-2, maltose
were decreased in the MM population (Figure
1B). Significant metabolic changes were obser-
ved between the healthy group and the newly
diagnosed MM patients (Figure 1C).

The changes of metabolites in 31 paired sam-

ples from the same multiple myeloma patients
before and after treatment were compared with
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the 2-tailed t test. In the good-effect group,
hypotaurine increased significantly after treat-
ment and there was a trend towards levels of
healthy controls (P=0.015). Urea significantly
declined after treatment in the good-effect
group (P=0.05), and there was an upward trend
compared with the healthy control group.
However, such changes were not observed in
the no-good-effect group (P>0.05) (Figure 2A,
2B).

The association between metabolites and clini-
cal characteristics among the patients with
MM

We analyzed the association of the clinical
characteristics with biomarkers (Mann-Whitney
U test). In our data, significant metabolic chang-
es were observed in patients with renal impair-
ment and bone destruction. Urea levels were
obviously increased (P=0.047), while oxalic aci-
d levels were significantly decreased (P=0.029)
in renal impairment patients. In patients with
bone destruction, glycolic acid (P=0.015), ser-
ine, malic acid (P=0.025) and L-phenylalanine
(P=0.032) levels increased significantly com-
pare to those without bone destruction (Table
S3).

Potential metabolites associated with treat-
ment outcome

We first performed univariate analyses with
Logistic regression to predict the treatment
outcome of multiple myeloma with 27 metabo-
lites and the following clinical characteristics at
diagnosis: sex, age, abnormal karyotype, dele-
tion of 13914, 1921 amplification/gain, Rb1l
deletion, IgH rearrangement, abnormal light
chain, renal function (serum creatinine levels),
destructive bone lesions on imaging, M protein,
total protein, plasma cell percentage, hemoglo-
bin levels, platelet levels, serum calcium levels,
serum beta 2 microglobulin levels, serum albu-
min levels, serum lactate dehydrogenase (LDH)
levels, serum C-reaction protein (CRP) levels
and 24-hour urine protein levels. Our data
showed that age, presence of destructive bone
lesions on imaging, serum calcium levels,
serum albumin levels and CRP levels, which
were included in the subsequent multivariate
models (Logistic regression), were associated
with treatment outcome of multiple myeloma.
Regarding metabolites, we divided all biomark-
ers into low and high groups on the basis of the
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Figure 1. The changed trend of 27 metabolic biomarkers between the healthy group and the newly diagnosed MM patients. A: 11 metabolic biomarkers in the MM
population were increased compared with the control group. B: 16 metabolic biomarkers were decreased compared with the control group. C: 27 metabolic changes
between healthy group and the newly diagnosed MM patients heat map.
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Figure 2. The changed tendency of two special metabolic substances in 31
paired samples from same multiple myeloma patients after treatment and
comparion of healthy group. A: The changes of metabolites in patients with good
treatment effect and health controls were illustrated. Levels of urea were signifi-
cantly decreased after treatment while levels of hypotaurine showed significant
increase. B: The changes of metabolites in patients without good treatment
effect and health controls are illustrated. (CR and VGPR are considered as the
good-effect group, while PR, MR, SD and PD are thought to be the no-good-
effect group).

0.043), cysteine (cutoff =
0.102, OR 4.8, 95 CI 1.4-
16.46, P=0.013) and hypo-
taurine (cutoff =0.120, OR
6.46, 95 CI 1.76-23.71, P=
0.005) were associated wi-
th poor treatment outcome
of multiple myeloma. In mu-
[tivariate analyses, high be-
ta-alanine is a risk factor of
poor treatment outcome,
but it is not independent
(OR 3.71, 95 CI 0.66-
20.84, P=0.136). Both hi-
gh cysteine and high hy-
potaurine are independent
risk factors for poor treat-
ment outcome (cysteine
OR 11.84, 95 CI 1.91-
73.59, P=0.008; hypotau-
rine OR 7.43, 95 Cl 1.38-
40.06, P=0.02) (Table S4).
Comparison of ROC curves
(Figure 3A) for the clinical
characteristics alone with
those for the clinical char-
acteristics combined with
cysteine (Figure 3B) and/or
hypotaurine (Figure 3C) to
predict treatment outcome
showed that a model inclu-
ding both cysteine and hy-
potaurine (Figure 3D) had
a significantly larger AUC
than a model with clinical
characteristics alone (P=
0.09872). According to the
leave-one-out cross valida-
tion, the prediction accura-
cy of the model with both
cysteine and hypotaurine
was 0.71. Therefore, the
model with cysteine and
hypotaurine was superior
to the model with clinical
factors alone in predicting
treatment outcome of mul-
tiple myeloma.

Potential metabolites as-
sociated with OS and PFS

Youden index. The univariate analyses of bio- We analyzed the association of all these bio-
markers showed high levels of beta-alanine markers with overall survival (0OS) based on
(cutoff =0.388, OR 4.25, 95 Cl 1.05-17.2, P= COX regression. In univariate analyses, no bio-
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In univariate analyses, the
following clinical character-
istics were related to dis-
ease progression: plasma
cell percentage and serum
LDH levels. After adjust-
ment for these significant
clinical characteristics, pa-
tients with high levels of
glycolic acid, and xylitol we-
re less likely to experience
disease progression (gly-
colic acid HR 0.2521, 95
Cl 0.08322-0.7639, P=
0.0148; xylitol HR 0.2789,
95 Cl 0.07571-1.028, P=
0.055), which can be con-
sidered as independent
protective factors. High le-
vels of L-valine, serine, ma-
licacid and L-phenylalanine
were also protective fac-
tors, but they were not in-
dependent. (L-valine HR
0.3761, 95 ClI 0.09801-

Figure 3. Models consisting of clinical characteristics alone or the clinical char-
acteristics combined with cysteine, hypotaurine, or both in predicting MM. The
models consisting of clinical characteristics combined with cysteine, hypotau-
rine, or both, were compared to the models consisting of clinical characteristics
alone (A). The models with cysteine (B) or hypotaurine (C) had larger AUC com-
pared with clinical characteristics alone, but the difference was not significant
(B, P=0.19285; C, P=0.31873). The model with clinical characteristics alone
was inferior to model with cysteine and hypotaurine (D, P=0.09872). All AUC

comparisons were based on Delong’s test.

markers had significant effect on 0S. We next
investigated the likely relationships between
the biomarkers and disease progression-free
survival with COX regression. Patients were
divided into low and high levels of biomarkers
groups. The cutoff points were obtained by
using a visual assessment of the functional
form of the association of each biomarker with
patients’ outcome (i.e., a plot of Martingale
residuals from a null Cox model against each
biomarker). According to Kaplan-Meier analy-
ses, low levels of glycolic acid (cutoff =0.2,
P=0.0032, Figure 4A), L-valine (cutoff =6,
P=0.0249, Figure 4B), serine (cutoff =6,
P=0.0295, Figure 4C), malic acid (cutoff =0.03,
P=0.0262, Figure 4D), L-phenylalanine (cutoff
=7.5, P=0.0224, Figure 4E), and xylitol (cutoff
=0.075, P=0.0147, Figure 4F) were associated
with disease progression.
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1.443, P=0.154; serine
HR 0.5193, 95 Cl 0.1618-
1.667,P=0.2708, malic ac-
id HR 0.456, 95 Cl 0.1424-
1.461, P=0.1862, L-phe-
nylalanine HR 0.4368, 95
C10.1321-1.445, P=0.175)
(Tables 2, S5).

Discussion

Metabolic changes constitue a general hall-
mark for most cancers [17]. In our study, all
serum metabolites were extracted by GC-MS to
create a metabolic fingerprint of MM. We found
27 metabolites to be significantly different
between healthy controls and MM patients
among which 11 metabolites increased and
16 metabolites decreased in the MM pati-
ents compared with healthy controls. However,
experimental results show great variability
among different technologies. Yasuyuki et al.
[18] noted that levels of saturated and n-6 poly-
unsaturated fatty acids increased significantly
in MM patients compared to the control group
with time-of-flight secondary ion mass spec-
trometry (TOF-SIMS). Leonor et al. [19] showed
that metabolic profiles of multiple myeloma
patients at diagnosis exhibited higher levels
of isoleucine, arginine, acetate, phenylalanine,

Am J Cancer Res 2020;10(11):3935-3946
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Figure 4. Kaplan Meier curves for progression free survival (PFS) of different
metabolites. The cumulative incidence of progression-free survival between
patients divided into low and high based the level of glycolic acid, L-valine,
serine, malic acid, L-phenylalanine and xylitol are compared. Low levels of
glycolic acid (cutoff =0.2, P=0.0032), L-valine (cutoff =6, P=0.0249), serine

T
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multinucleated cell forma-
Low Xylitol tion, which is essential for
High Xylitol .
. . . osteoclastogenesis [25]. It
20 30 40

was observed that L-serine
showed NFAT2-inducing acti-
vity. In our study, MM patients
with bone destruction tend-
ed to have high L-serine lev-
els, which is consistent with
the observation above.

Time(months)

(cutoff =6, P=0.0295), malic acid (cutoff =0.03, P=0.0262), L-phenylalanine

(cutoff =7.5, P=0.0224), and xylitol (cutoff =0.075, P=0.0147) were associ-

ated with disease progression.

and tyrosine, and decreased levels of 3-hydroxy-
butyrate, lysine, glutamine, and some lipids
compared with the control set by 1H-NMR.

It is well known that urea is associated with
renal impairment [20, 21]. In our study, higher
levels of urea were correlated with renal dys-
function. In the previous report, oxalic acid
could react with calcium in vivo to form insolu-
ble calcium oxalate and has been clearly linked
with acute renal impairment [22]. In our data,
the levels of oxalic acid were low in newly diag-
nosis MM patients, especially in renal impair-
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Our data showed that age,
presence of destructive bone
lesions on imaging, serum
calcium levels, serum albumin levels and CRP
levels were associated with treatment outcome
of multiple myeloma. We also found cysteine
and hypotaurine were associated with predict-
ing treatment effects. Cysteine is a semi-
essential amino acid required in the manufac-
ture of amino acid taurine and hypotaurine
[26]. Cysteine is a precursor for hypotaurine
synthesis, where they may share the same sig-
naling pathway. Levels of hypotaurine were
decreased at diagnosis in MM patients. After
treatment, levels of hypotaurine increased sig-
nificantly in patients with good outcome, but

Am J Cancer Res 2020;10(11):3935-3946



Table 2. Effect of potential risk factors on PFS

Multiple myeloma metabolic biomarkers

Multivariate Multivariate Multivariate Multivariate Multivariate Multivariate Multivariate
Variable Hazard Ratio P Hazard Ratio P Hazard Ratio P Hazard Ratio P Hazard Ratio P Hazard Ratio P Hazard Ratio P
(95% Cl) value (95% Cl) value (95% CI) value (95% CI) value (95% CI) value (95% Cl) value (95% Cl) value

Plasmacyte percent- 1.024 0.0669 1.0305 0.0244 1.0211 0.113 1.0184 0.1612 1.016 0.2736 1.0138 0.329 1.0229 0.0734
age (Continuous) (0.9984, 1.049) (1.00389, 1.0579) (0.9951, 1.048) (0.9928, 1.045) (0.9879, 1.044) (0.9863, 1.042) (0.99786, 1.049)
ALDH (Continuous) 1.006 0.0352 1.0050 0.0724 1.0046 0.125 1.0052 0.0606 1.006 0.0446 1.0062 0.034 1.0045 0.12

(1.0004, 1.012) (0.99954, 1.0105) (0.99873, 1.010) (0.9998, 1.011) (1.0001, 1.012) (1.0005, 1.012) (0.99884, 1.010)
Glycolic acid (High vs. 0.2521 0.0148
Low cutoff =0.2) (0.08322, 0.7639)
L-Valine (High vs. Low 0.3761 0.154
cutoff =6) (0.09801, 1.443)
Serine (High vs. Low 0.5193 0.2708
cutoff =6) (0.1618, 1.667)

Malic acid (High vs.
Low cutoff =0.03)
L-Phenylalanine (High
vs. Low cutoff =0.102)
Xylitol (High vs. Low
cutoff =0.075)

0.456 0.1862
(0.1424, 1.461)
0.4368 0.175
(0.1321, 1.445)
0.2789 0.055
(0.07571, 1.028)

The models consisting of clinical characteristics combined with all single significant biomarkers (selected by P<0.1) on PFS. ALDH, serum lactate dehydrogenase levels.
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was still very low in patients with ineffective
treatment, which suggests that low levels of
hypotaurine may have a certain relationship
with the occurrence of MM. Hypotaurine, as an
antioxidant, has also been reported to play an
important role in the hepatoprotective effect
against oxidative stress-mediated liver injuries
[27, 28]. Additionally, it has been reported that
hypotaurine can quench oxidants released by
human neutrophils and inhibit lipid peroxida-
tion due to its antioxidant activity [29]. Oxidative
stress is associated with ROS and ROS is
known to be induced to a level that triggers
apoptosis of cancer cells by chemotherapy
agents [30, 31]. The mechanism of hypotaurine
in MM patients is unclear.

Glycolic acid is the smallest alpha-hydroxy acid
(AHA). Glycolic acid is a known inhibitor of tyros-
inase [32]. MM implicates JAK1 and JAK2
genes in its pathogenesis, which is similar to
pathogenesis in myelofibrosis [33]. It was found
that JAK1 and JAK2 were overexpressed in 27%
and 57% of MM patients respectively. The suc-
cess of JAK inhibitors in myelofibrosis has
prompted preclinical experiments in other
hematologic cancers, specifically MM, owing to
similarities in their pathogenesis [34]. Success
in preclinical data using JAK inhibitors for the
treatment of MM has further prompted early-
phase studies. In our study, we found high lev-
els of glycolic acid were associated with longer
PFS. Whether the increase levels of glycolic
acid are related to JAK signaling pathway and
the prognosis of multiple myeloma patients is
not clear, and needs to be investigated in the
future.

In our study, high levels of xylitol prolonged
PFS. Little is known about the effect of xylitol
against cancer cells. A higher concentration of
xylitol is required to inhibit the growth of normal
cells, suggesting that xylitol is more cytotoxic
for cancer cells [35]. More studies confirmed
this inhibitory effect of xylitol with a variety of
cell lines [36, 37]. Moreover, xylitol induced cell
morphological changes and autophagy in lung
cancer cells [35]. These results indicate that
xylitol could be a candidate for a novel anti-can-
cer agent.
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Figure S1. The distributions of relative standard deviation (RSD) of metabolites in all QC samples.
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Table S1. 29 metabolites in discover validation set

Material t.stat p.value FDR (0.05)
Myristic acid 19.508 2.50E-19 1.17E-17
L-Hydroxyproline 17.219 9.66E-18 2.27E-16
Cysteine 14162  2.48E-15 3.08E-14
Palmitic Acid 14.132  2.62E-15 3.08E-14
L-Leucine 12.839 3.62E-14 3.40E-13
Stearic acid 11.441 7.63E-13 5.98E-12
L-Methionine 9.2833  1.35E-10 9.09E-10
L-Phenylalanine -8.88 3.81E-10 2.24E-09
Serine -8.7291  5.65E-10 2.68E-09
Glycerol 8.7258  5.70E-10 2.68E-09
L-Isoleucine -8.6099  7.72E-10 3.30E-09
Tyrosine 8.0702  3.25E-09 1.27E-08
L-Valine -6.4519  2.95E-07 1.07E-06
Citric acid 6.1611 6.81E-07 2.29E-06
L-Threonine -5.8358 1.75E-06 5.47E-06
Myo-Inositol-2 5.7456 2.27E-06 6.67E-06
Oxalic acid 5.6618  2.90E-06 8.01E-06
Beta-Alanine 5.0548  1.69E-05 4.43E-05
Glycine -4.2308 0.00018236 0.00045111
Glycolic acid -3.9263 0.00043059 0.0010119
Asparagine -3.6163 0.0010151 0.0022718
Hypotaurine 3.1654 0.0033892 0.0072407

9-Octadecenoic acid -2.9115 0.0065028 0.013288
N-a-Acetyl-L-Lysine 2.7004  0.010977 0.020666

Lactic Acid -2.6998 0.010992 0.020666
Urea -2.5597 0.015404 0.027845
Maltose 2.5415 0.016083 0.027997
Malic acid 2.4923 0.018062 0.030318

Xylitol -2.3831  0.023275 0.037722
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Table S2. 27 metabolites in external validation set

Material t.stat p.value FDR (0.05)
Myristic acid 12.436 9.54E-18 2.77E-16
L-Hydroxyproline 11.934 5.15E-17 7.46E-16
Citric acid 11.71 1.10E-16 1.07E-15
Palmitic Acid 10.951 1.54E-15 1.11E-14
Stearic acid 9.1236 1.14E-12 6.61E-12
Glycerol 9.0714 1.38E-12 6.68E-12
L-Phenylalanine -8.4782 1.27E-11 5.27E-11
Serine -7.7635 1.90E-10 6.23E-10
L-Isoleucine -7.7583 1.93E-10 6.23E-10
L-Leucine 6.7024 1.07E-08 3.11E-08
Cysteine 6.0579 1.22E-07 0.000000323
Tyrosine 5.9053 2.17E-07 0.000000524
L-Valine -5.5403 8.40E-07 0.00000187
9-Octadecenoic acid -5.3738 1.55E-06 0.00000321
L-Methionine 5.1219 3.86E-06 0.00000747
L-Threonine -5.0948 4.26E-06 0.00000771
Oxalic acid 5.0786 4.52E-06 0.00000771
Beta-Alanine 4.8798 9.20E-06 0.0000148
Myo-Inositol-2 4.4941 3.55E-05 0.0000542
Glycolic acid -3.7914 3.69E-04 0.00052888
hypotaurine 3.7797 3.83E-04 0.00052888
Malic acid 3.3886 1.29E-03 0.0017034
Asparagine -3.0327 3.67E-03 0.0046263
Glycine -2.7577 7.85E-03  0.009481
Urea -2.6707 9.89E-03  0.011471
Maltose 2.3089 2.47E-02  0.027507
Xylitol -2.1179 3.86E-02  0.041499
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Table S3. The association between metabolites and clinical characteristics among the patients with MM

Clinical Oxalic acid Urea Glycolic acid Serine L-Phenylalanine Malic acid
Characters Median P Median P Median P Median P Median P Median P
(p25-p75) value (p25-p75) value (p25-p75) value (p25-p75) value (p25-p75) value (p25-p75) value
Sex (n=55)
Male 34 11.92(8.16~15.96) 0.038* 222.66(182.86~299.35) 0.038* 0.34(0.2~1.2) 0.51 8.93(5.26~10.06) 0.377 9.3 (7.84~12.71) 0.386 0.05(0.03~0.08) 0.146
Female 21 16.96 (10.69~23.57) 171.08 (130.29~266.25) 0.3 (0.15~0.59) 6.06 (4.44~10.24) 8.67 (6.27~12.88) 0.04 (0.03~0.06)

Karyotype (n=55)

Abnormal 11 12.83(6.49,17.10) 0.487
Normal 44 12.71 (9.39~19.96)
13014 deletion (n=55)
Yes 3 17.85 (6.24~) 0.661
No 52 12.65 (8.60~17.55)
Rb1 deletion (n=55)
Yes 2 15.85 (6.24~) 0.982
No 53 12.83 (8.76~17.74)
1921 amplification (n=55)
Yes 6 10.4(6.30~26.88) 0.645
No 49 12.94 (9.19~17.74)
IgH (n=55)
Abnormal 11 12.45(6.59~17.85) 0.487
Normal 44 13.33(9.39~19.90)
FISH (n=55)
Abnormal 15 12.45 (6.49~24.71) 0.545
Normal 40 13.33 (9.78~17.55)

light.chain (n=55)
50 12.64(8.18~18.55) 0.521
14 (12.09~18.96)

Abnormal
Normal 5
Renal.function (n=55)
10 11.01(6.23~13.21) 0.029
No 45 14.47 (9.19~21.04)
Bone.destruction (n=55)
49 12.83(8.76~17.74) 0.906
No 6 12.86 (8.12~23.54)

Yes

Yes

235.4 (181.76~304.57)  0.247
194.8 (153.63~273.23)

184.61 (109.51~) 0.324
208.36 (155.42~297.49)

152.97 (109.51~) 0.345
206.5 (156.82~297.36)

243.17 (115.51~489.26) 0.703
205.49 (156.82~280.79)

205.49 (184.41~478.24) 0.23
201.95 (153.63~273.23)

196.43 (146.50~412.16) 0.623
208.36 (155.42~273.23)

201.44 (153.89~298.01) 0.619
206.5 (132.21~250.96)

323.4 (193.49~499.17)  0.047
193.16 (150.00~270.99)

197.4 (156.82~291.61) 0.645
229.81 (117.14~579.67)

0.35(0.18~1.36) 0.643
0.32(0.19~0.93)

0.38 (0.34~) 0.342
0.32(0.19~1.00)

0.85(0.34~)  0.366
0.32 (0.19~0.97)

0.34(0.21~0.49) 0.885
0.32 (0.19~1.19)

0.38 (0.29~1.22) 0.199
0.31(0.18~0.85)

0.35 (0.29~1.02) 0.257
0.29 (0.18~1.05)

0.33(0.19~1.06) 0.599
0.43 (0.21~1.18)

0.29 (0.17~0.74) 0.711
0.33(0.19~1.19)

0.34 (0.23~1.19) 0.015*
0.12 (0.08~0.30)

5.13 (4.81~6.44) 0.016
9.04 (5.68~10.53)

10 (5.58~) 0.272
7.14 (5.01~9.86)
7.84(5.68~)  0.842

7.24 (5.03~10.05)

4.96 (3.87~5.53) 0.010*
8.87 (5.22~10.32)

9.53 (5.49~10.00 0.501
7.03 (5.01~10.14)

6.06 (4.81~9.77) 0.637
7.75 (5.08~10.38)

7.03(5.05~9.92) 0.244
9.64 (6.80~13.97)

6.99 (4.40~10.02) 0.6
7.24 (5.22~10.11)

8.63 (5.39~10.11) 0.025*
3.32 (2.46~8.04)

7.34 (6.29~10.78)  0.053
9.72 (8.02~13.86)

10.05(8.98~)  0.342
8.77 (6.65~12.43)

9.52 (8.98~) 0.875
8.79 (6.71~12.86)

6.81(6.00~8.37) 0.034*
9.43 (7.44~13.45)

10.23 (6.12~14.04) 0.784
8.77 (6.84~12.43)

8.98 (6.29~10.88)  0.65
8.98 (6.84~13.02)

8.88 (6.56~12.17) 0.282
11.71(7.80~16.19)

9.51(6.56~15.46) 0.793
8.98 (6.71~12.30)

9.43 (7.91~12.86) 0.032*
5.97 (3.47~9.77)

0.03 (0.02~0.07) 0.313
0.04 (0.03~0.07)

0.03 (0.03~) 0.635
0.04 (0.03~0.07)

0.03(0.32~)  0.486
0.04 (0.03~0.07)

0.03 (0.02~0.07) 0.282
0.04 (0.03~0.07)

0.05 (0.02~0.10) 0.9
0.04 (0.03~0.07)

0.05 (0.03~0.08) 0.806
0.04 (0.03~0.07)

0.04 (0.03~0.07) 0.831
0.04 (0.03~0.06)

0.06 (0.03~0.09) 0.214
0.04 (0.03~0.06)

0.04 (0.03~0.07) 0.011*
0.02 (0.01~0.04)

*indicates p<0.05.
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Table S4. The models consisting of clinical characteristics combined with all single significant biomarkers (selected by P<0.1) on the treatment out-

come
Univariate Multivariate Multivariate Multivariate Multivariate Multivariate
Variable Odds Ratio P Odds Ratio P Odds Ratio P Odds Ratio P Odds Ratio P Odds Ratio P
(95% Cl) value (95% CI) value (95% Cl) value (95% Cl) value (95% CI) value (95% Cl) value
Sex (Female vs. Male) 0.73(0.23, 2.39) 0.606
Age (Continous) 1.08 (1, 1.18) 0.061 1.12(1,1.24) 0.043 1.13(1.01, 1.27) 0.038 1.1(0.98,1.24) 0.104 1.07(0.96,1.2) 0.244 1.05(0.92,1.2) 0.487
Karyotype (Abnormal vs. 0.73 (0.17, 3.14) 0.667
Normal)
13q14 (Abnormal vs. Normal) 1.03 (0.09, 12.16) 0.982
Rb1 (Abnormal vs. Normal) 2.12(0.12, 35.93) 0.603
1g21 (Abnormal vs. Normal) 1.03 (0.17, 6.23) 0.973
IgH (Abnormal vs. Normal) 1.22(0.31, 4.88) 0.774
FISH (Abnormal vs. Normal) 1.56 (0.45, 5.35) 0.483
Abnormal light chain (Present 2.06 (0.21, 19.91) 0.532
vs. Not present)
Renal fuction (Abnormal vs. 0.86 (0.19, 3.79) 0.839
Normal)
Bone destruction (Present vs. 0.2(0.03,1.22) 0.081 0.06(0.01,0.58) 0.015 0.06 (0.01, 0.59) 0.016 0.05 (0, 0.77) 0.032 0.06 (0,0.73)  0.027 0.03 (0, 0.99) 0.049
Not present)
M protein percentage (Con- 1.91(0.29, 12.66) 0.504
tinous)
Total protein (Continous) 1.01(0.99, 1.04) 0.359
M protein (Continous) 1.02 (0.99, 1.05) 0.136
Plasmacyte percentage 1.02 (0.99, 1.05) 0.171
(Continous)
Serum creatinine (Continous) 0.9965 (0.9904, 1.0026) 0.26
Hemoglobin (Continous) 0.9922 (0.9679, 1.0171) 0.534
Platelet (Continous) 0.9986 (0.9896, 1.0078) 0.766
Serum Cacium (Continous) 0.04 (0, 0.84) 0.038 0.01(0,0.59) 0.027 0.01 (0, 0.84) 0.041 0.01 (0, 1.19) 0.059 0.01(0,0.95) 0.047 0.01 (0, 1.58) 0.075
Serum beta2-micro (Conti- 0.95(0.82,1.1) 0.507
nous)
Albumin (Continous) 0.92(0.83, 1.01) 0.077 0.97 (0.86, 1.1) 0.614 0.9927 (0.8784, 1.1219) 0.906  0.94 (0.81, 1.09) 0.394 0.95(0.83,1.09) 0.502 0.92(0.78,1.07) 0.28
LDH (Continous) 1.0046 (0.9979, 1.0113) 0.177
CRP (Continous) 1.11 (0.99, 1.24) 0.079 1.1(0.97,1.26) 0.151 1.08 (0.94, 1.23) 0.263 1.16(0.99,1.37) 0.066 1.13(0.97,1.31) 0.126 1.21 (1, 1.46) 0.05
24 h urine protein (Conti- 0.55 (0.2, 1.51) 0.25
nous)
Beta-Alanine (High vs. Low 4.25 (1.05, 17.2) 0.043 3.17 (0.66, 20.84) 0.136
cutoff =0.388)
Cysteine (High vs. Low cutoff 4.8 (1.4, 16.46) 0.013 11.84 (1.91, 73.59) 0.008 11.78 (1.53,90.74) 0.018
=0.102)
Hypotaurine (High vs. Low 6.46 (1.76, 23.71) 0.005 7.43(1.38,40.06) 0.02  7.06(0.99, 50.51) 0.052

cutoff =0.12)
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Table S5. The models consisting of clinical characteristics combined with all single significant biomarkers (selected by P<0.1) on PFS

Univariate Multivariate Multivariate Multivariate Multivariate Multivariate Multivariate Multivariate

Hazard Hazard Hazard Hazard Hazard Hazard Hazard Hazard

Ratio P value Ratio value Ratio  Pvalue Ratio value Ratio Pvalue Ratio Pvalue Ratio value Ratio value
(95% CI) (95% ClI) (95% ClI) (95% ClI) (95% ClI) (95% ClI) (95% ClI) (95% CI)

Variable

Sex (Female vs. Male) 0.6724 0.503
(0.2106,
2.147)

Age (Continuous) 1.002 0.96
(0.939,
1.069)

Karyotype (Abnormal vs. Normal)  1.579 0.442
(0.493,
5.056)

13q14 (Abnormal vs. Normal) 1.841 0.577
(0.2403,
14.1)

Rb1 (Abnormal vs. Normal) 2.958 0.297
(0.385,
22.73)

1921 (Abnormal vs. Normal) 2.245 0.193
(0.6507,
8.454)

IgH (Abnormal vs. Normal) 0.9584 0.948
(0.2672,
3.437)

FISH (Abnormal vs. Normal) 1.444 0.511
(0.4835,
4.312)

Abnormal light chain (Presentvs. 7.8E+07  0.998
Not present) (0, Inf)

Renal function (Abnormal vs. 0.3602 0.325
Normal) (0.04709,
2.755)

Bone destruction (Present vs. Not  0.5751 0.47
present) (0.1281,
2.581)

M protein percentage (Continuous) 0.8784 0.885
(0.1527,
5.054)

Total protein (Continuous) 1.004 0.763
(0.9809,
1.027)
M protein (Continuous) 0.9999 0.994
(0.9776,
1.023)
Plasmacyte percentage (Continu-  1.027 1.024 1.0305 1.0211 1.0184 1.016 1.0138 1.0229
ous) (1.003, 0.0288 (0.9984, 0.0669 (1.00389, 0.0244 (0.9951, 0.113 (0.9928, 0.1612 (0.9879, 0.2736 (0.9863, 0.329 (0.99786, 0.0734
1.053) 1.049) 1.0579) 1.048) 1.045) 1.044) 1.042) 1.049)
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Serum creatinine (Continuous)

Hemoglobin (Continuous)

Platelet (Continuous)

Serum Calcium (Continuous)

Serum beta2-micro (Continuous)

Albumin (Continuous)

LDH (Continuous)

CRP (Continuous)

24 h urine protein (Continuous)

Glycolic acid (High vs. Low cutoff

=0.2)

L-Valine (High vs. Low cutoff =6)

Serine (High vs. Low cutoff =6)

Malic acid (High vs. Low cutoff

=0.03)

L-Phenylalanine (High vs. Low
cutoff =0.102)

Xylitol(High vs. Low cutoff =0.075)

0.9999
(0.9951,
1.005)

0.9895
(0.9665,
1.013)

0.9968
(0.9887,
1.005)

0.485
(0.05103,
4.609)

0.9903
(0.8537,
1.149)

0.9509
(0.8783,
1.03)

1.007
(1.001,
1.012)

1.002
(0.9004,
1.114)

1.368
(0.6763,
2.766)

0.2313
(0.08019,
0.6671)

0.2554
(0.07074,
0.9221)

0.3255
(0.1124,
0.9423)

0.3224
(0.1127,
0.9224)

0.3115
(0.1083,
0.896)

0.2328
(0.06494,
0.8346)

0.974

0.376

0.44

0.529

0.898

0.214

0.0128 1.006

(1.0004,
1.012)

0.975

0.384

0.00675

0.0372

0.0385

0.0348

0.0305

0.0252

Multiple myeloma metabolic biomarkers

0.0352 1.005
(0.99954,
1.0105)

0.0724 1.0046
(0.99873,

1.010)

0.125 1.0052
(0.9998,

1.011)

0.0606 1.006
(1.0001,
1.012)

0.2521
(0.08322,
0.7639)

0.0148

0.3761
(0.09801,
1.443)

0.154

0.5193
(0.1618,
1.667)

0.2708

0.456
(0.1424,
1.461)

0.0446

0.1862

1.0062
(1.0005,
1.012)

0.4368
(0.1321,
1.445)

0.034 1.0045
(0.99884,
1.010)

0.12

0.175

0.2789
(0.07571,
1.028)

0.055




