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Here we present an integrated application based

on the R-package MUMA and Mnova software for
the processing,
different regions of osteolytic lesions in a MM
patient’s bone tissue biopsies.
The metabolic profiling or
disease has proven useful to identify diagnostic
and prognostic markers. Althoug
metabolomics has been esta
tumors (prostate, breast cancer and colon cancer),
much less is known about its use in hematological
malignancies or in the evaluation of bone lesions.
We thus set out to develop the metabolomic
study of myeloma-induced bone disease. To this
aim, bone tissue biopsies have been collected
from MM patient undergoing orthopedic surgery
and analyzed by High Resolution — Magic Angle
Spinning Nuclear Magnetic Resonance (HR-MAS
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o Spectral binning VS Peak list binning (BinMat)
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Samples A - muscle

Superposition of all spectra

Samples C — bone lesion (bone part)

Superposition of all spectra after global
alignment and signal suppression utilities
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ly, both GSD-based binning matrix (BinMat) and standard binning were used as input
ne in-house developed R-package MUMA (Multivariate & Univariate Metabolomic
ysis). MUMA will be soon available online for a free download. It performs total

spectra normalization and scaling as well as both univariate and multivariate analysis.

HR-MAS INSERT PREPARATION
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After approximately 20 minutes of
experiment sample were remove
from insert and place into formalin
for further histopathological analysis
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Original spectra Since the actual nature of all the
Automatic peak picking | metabolites is rarely known in advance,
\ metabolomics often uses alternative
‘ | ﬂ statistical evaluation methods, such as
' | ‘ N | multivariate  factor  analysis.  Such
.l"”'u uh. I| Ry \ "|| || ' J,' | approaches require integration over
e S "“&'vw*v;'rw;w WA W e predefined intervals (bins) and a
o meaningful integration of such intricate
R AR A and artifact-burdened spectra may often
synthetic spectra be just as arduous as peaks fitting.
Using f1 line width factor of 1Hz .
‘n‘ Recently, a new algorithm ca!led GSD
P . | ] (Global Spectrum Deconvolution) has
. ‘”‘ | ‘\‘ | | ‘|| M been developed and made available in the
| | | TR || R Mnova software package (Mestrelab
S WM JWAW WL Research). GSD is capable of identifying
| s so a5 a0 35 a0 25 20 15 10 o even poorly resolved spectral signals and
S SR of fitting all recognizable peaks in even
/ | Synthetic spectra T very complex 1D spectra. GSD produces a
n ’k | Using 1 line width factor of 0.3Hz tab!e of all detectable spectral peaks and
J AA_JULW A their parameters. Such a table can be then
,,,,,,,,,,,,,,,,,, used for various purposes like generation
W oy 2 A = A8 8 | H ‘ of artifact-free synthetic spectra as well as
| | \ M 1] | nm accurate binning.
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PCA ANALYSIS OPLS-DA ANALYSIS

We compare here multivariate statistical analysis such as PCA and
OPLS-DA on both original spectra and synthetic spectra, obtained
under Mnova increasing line width with a factor of 1Hz. For both
cases input matrixes for MUMA were obtained both using regular
bucketing of 0.05ppm and by BinMat script with same bin width.

BiMat is available under Mnova.

1.3 726.099 652.391 741.904 897.865 541.909
‘ 1.35 2518.3 2724.25 2767.09 3179.39 8757.55
1.4 643.564 622.997 605.02 785.784 713.88

145 698.496 693.145 717.695 896.104 725.432
1.5 995.557 1035.99 1061.42 1283.57 1206.83

155 523.029 497.019 513.755 683.519 515.426
1.6 624.478 608.938 659.421 816.91 640.05
| 1.65 768.886 759.836 834.469 1002.1 767.783

Generation of the matrix BxS
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(B are the number of binsand S are the
number of spectra)
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Spectral binning
(regular bucketing)

PCA OPLS-DA
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898.13 0

ppm Intensity Width Area
1 1.642 130.7 4.46 4163.16
2 1.646 49.9 2.67 949.46
3 1.653 218.0 5.39 8390.45
4 1.664 83.3 2.86 1701.71
5 1.675 50.2 1.95 699.60
6 1.689 2524 4.86 8763.26
7 1.703 547.9 8.18 31999.22
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Generationof the matrix PBxS
(PB are the number of binsand S are the
number of spectra) iz - 0.0
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8 1.716 716.4 5.67 28970.94
9 1.727 3125 4.99 11120.21
10 1.740 313.1 5.15 11509.43
11 1.750 107.1 7.25 5544.77

1, 2 and 3 are the three classes used . They correspond to the spectra of

o

the total and pareto scaled prior to multivariat statistical analysis.
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cells’ culture media, respectively at three different seeding conditions (2 double of
1 and 3 triple of 1). Binning width was 0.05ppm. All spectra were normalized for/
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BINNING ORIGINAL

BINNING SYNTHETIC

BINNING ORIGINAL

BINNING SYNTHETIC

PCA Score Plot
(P) PCA Score Plot (p) OPLS-DA score scatter plot OPLS-DA score scatter plot
<
o
= — -
(‘\! ] o™
e I o 7 I o ©
e — T — T = o | — o |
=] — ® — —
= ©° / ™ o - \ £ bt bt 2 :
I~ 5195’22 @582 L] - .o ° X.5102 8 8
— o ° S;g .!' L 39’1,51 ° st72 — o L T * ° P ° 1 ': o | _ (=
o 512 ® a2 == o)) X522 @ XS ® ® @ E o g [
(&) — =10 502 X.5182
& = _\%% S4 f/ 8 182 %) §)
— o — o = E
o o — _ » T = =
N N T wbez o v | o W
=R ? ] : ? ? —
4]
o 9 <
<+ T T
| | | ! | | | Q | | | | ! | I i | | | | |
PC4 (45)% PC5 (32)%
Cumulative Proportion of Variance Explained = 5 2% Cumulative Propaortion of Variance Explained = 3.9% T score [1] T score [1]
PCA Score Plot (p) PCA Score Plot (p) OPLS-DA score scatter plot OPLS-DA score scatter plot
o | N
© ] © s}
o - ® °
- X.5172 X.5172
<+ | o | o
S ] —_— . = 7] — -
o N - h ° g ] f.g E. L E‘
s @ o By ° g © Q
© = *e < e? & e ® @ @
ﬁ g | [ ‘-:. :.s&suz | 2 o | I ‘“;‘@; , 5192 I |: o | |: o _
P o 82 o ] ® L] m o 1]
@ X572 %58 © @514 ¢ (W ™ < g
(@) [ ] ™ (&) 562 X4 X522 o o
o g _ X512 o o™ ® o g _ Qo
[ — ® o 22 % ] §
——xmr : — - o] o O
< B — T
$ < T T '
1 oS - 1
© | 2
? ] < v
? ] ¥ A
| | | | | | | | | | | | | I | | | | | | | ! | | | I
-06 -04 -0.2 0.0 0.2 0.4 0.6 -0.6 -0.4 -0.2 0.0 0.2 04 0.6 -1.5 =10 =05 0.0 0.5 1.0 1.5 -2 =1 0 1
PC3 (10.7)% PC3 (11.8)% T score [1] T score [1]
Cumulative Proportion of Variance Explained = 13.3% Cumulative Proportion of Variance Explained = 15.2%
[ ] e [ ]
K Colors codes: . A samples; . B samples; C samples



http://www.medicine.unisr.it/view.asp?id=25
http://www.medicine.unisr.it/view.asp?id=25
http://www.ciga-unimi.it/
http://www.ebyte.it/
http://www.mesterlab.com/
http://www.research4rent.com/
http://dx.doi.org/10.3247/sl4nmr12.002

