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ABSTRACT
We describe a multivariate analysis procedure to classify human cerebral tumors nonhistologically in vitro, combining the use of 1H magnetic resonance spectroscopy
(MRS) with automatic amino acid analysis of biopsy extracts. Eighty-one biopsies were obtained surgically and
classified histologically in eight classes: high-grade astrocytomas (class 1, n ⴝ 19), low-grade astrocytomas (class 2, n ⴝ
10), normal brain (class 3, n ⴝ 9), medulloblastomas (class 4,
n ⴝ 4), meningiomas (class 5, n ⴝ 18), metastases (class 6,
n ⴝ 8), neurinomas (class 7, n ⴝ 9), and oligodendrogliomas
(class 8, n ⴝ 4). Perchloric acid extracts were prepared from
every biopsy and analyzed by high resolution 1H MRS and
automatic amino acid analysis by ionic exchange chromatography. Intensities of 27 resonances and ratios of resonances were measured in the 1H MRS spectra, and 17 amino
acid concentrations were determined in the chromatograms.
Linear discriminant analysis provided the most adequate
combination of these variables for binary classifications of a
biopsy between any two possible classes and in multiple
choice comparisons, involving the eight possible classes considered. Correct diagnosis was obtained when the class selected by the computer matched the histological diagnosis.
In binary comparisons, consideration of the amino acid
profile increased the percentage of correct classifications,
being always higher than 75% and reaching 100% in many
cases. In multilateral comparisons, scores were: high-grade
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astrocytomas, 80%; low-grade astrocytomas, 74%; normal
brain, 100%; medulloblastomas, 100%; meningiomas, 94.5%;
metastases, 86%; neurinomas, 100%; and oligodendrogliomas,
75%. These results indicate that statistical multivariate procedures, combining 1H MRS and amino acid analysis of tissue
extracts, provide a valuable classifier for the nonhistological
diagnosis of biopsies from brain tumors in vitro.

INTRODUCTION
Although tumor diagnosis is traditionally accomplished
using well-established histological procedures, the development
of nonhistological methods of diagnosis is receiving increasing
attention to provide complementary criteria for histopathological evaluations and to explore new protocols of instrumental
diagnosis with minimal operator interventions. Using nonhistological procedures, the investigator assumes that the biochemical composition of the tissue is a direct reflection of its cellularity and pathophysiological status, providing diagnostic
assignments based on the use of molecular or metabolic profiles
rather than on histological patterns. Areas under development
include the use of molecular genetic markers (1), isoenzyme
patterns (2) or in vivo (3–5) and in vitro (6 –11) MRS3 approaches for tumor identification.
In vitro 1H MRS of biopsy extracts has been classically used
in the nonhistological characterization of brain tumors. In many
cases, the discrimination among different tumor classes was based
on the analysis and quantification of one resonance or a few
resonances from the spectra (6, 12–16). However, the number of
resonances in the 1H spectra of tumors in vitro is large, and many
of them appear to be modified simultaneously in different tumor
pathologies (9, 10). This circumstance led to the problem as to how
to select the most appropriate resonance or combination of resonances for the classification process. Several chemometric strategies were proposed including statistical multivariate analysis or
artificial intelligence techniques such as neural networks, pattern
recognition, and cluster analysis (17–21). Nevertheless, unambiguous 1H MRS classifications of tumor biopsies into specific tumor
types and grades remained difficult to obtain, even in the simplest
cases involving binary classifications of a biopsy between two rival
tumor types or grades.
To improve previous approaches to the classification of
biopsy extracts, we complemented the information obtained by
1
H MRS with that provided by automatic amino acid analysis
and explored a novel algorithm to extend the conventional
binary comparisons to multilateral comparisons among all of the
tissue types present in the database. Amino acid profiles were

3

The abbreviations used are: MRS, magnetic resonance spectroscopy;
LOO, Leave One Out (method).
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chosen because of the large amount of information available
from amino acid metabolism in tumors (22–24), the routine
availability of amino acid analyzers in many clinical settings,
and the possibility of correlating these results directly with those
of 1H MRS, because many amino acids are detectable by both
techniques. Consideration of the amino acid profile improved
the scores for binary classifications obtained when using 1H
MRS data only, and a novel algorithm allowed us to perform
multilateral classifications of tissue biopsies with certainties
similar to, or in some cases even superior to, those obtained in
binary comparisons. These results provide a promising background for the nonhistological diagnosis of human cerebral
tumors in vitro.

MATERIALS AND METHODS
Preparation and Characterization of Biopsies. Samples from normal human brain and different tumoral tissues
were obtained after craniotomy. Once the tissue was selected,
a biopsy was taken from the brain or solid portion of the
tumor, without previous coagulation to avoid possible interferences of heat and ischemia. Samples were immediately
frozen in liquid nitrogen and were stored at ⫺70°C until
further processing. Normal brain biopsies were obtained from
patients operated on for epilepsy or with neoplasms requiring
lobectomy for their removal. In these cases, samples were
taken from regions sufficiently far away from the lesion. In
tumor samples, a portion of the tumor adjacent to the biopsy,
taken for MRS and amino acid analysis, was used for histological diagnosis by the neuropathology section of the hospital. Astrocytoma grading followed the St Anne-Mayo criteria (25), grades 1 and 2 being grouped as “low-grade
astrocytomas” and grades 3 and 4 as “high-grade astrocytomas,” independently of hemispheric or cerebellar location
and patient age. The remaining tumors were classified according to WHO (26). Oligodendrogliomas and metastases
were considered as individual tissue classes independently of
grading or tissue of origin, respectively. Biopsies with ambiguous classifications were not included in the study. Specimen weight varied in the range 50 –500 mg. Acid extracts
were prepared from every biopsy (16, 19, 27), neutralized
with KOH, lyophilized to dryness, and resuspended in D2O
(99.9% deuterium, approximately 100 mg of tissue/ml D2O)
just prior to 1H MRS or amino acid analysis.
1
H MRS. 1H MRS (360.13 MHz, pH 7.2, 22°C) was
performed in a Bruker AM-360 spectrometer equipped with a
commercial 1H selective probe using 5-mm tubes and 0.5 ml of
tissue extract. Acquisition conditions were: 90° pulses, 10 s total
cycle time and 16,384 data points acquired in the time domain
during an acquisition time of 1.90 s. The intensity of the residual
water signal was reduced using a 2 s presaturating pulse centered on the water resonance. Prior to Fourier transformation,
free induction decays were multiplied by an exponential function resulting in 0.1 Hz artificial line broadening in the transformed spectrum. Further spectral processing, including phase
and baseline corrections was performed by the same operator.
Chemical shifts were referred to the methyl signal of 2,2⬘-3,3⬘
tetradeutero trimethyl silyl propionate (TSP, 1 mM) at 0 ppm.
Assignments were performed using literature values and were

confirmed when necessary with the addition of the authentic
compounds (7, 8, 16, 19, 27). Intensities of resonances were
determined manually on spectra represented on an expanded
scale and normalized for the amount of tissue extracted (Table
1, variables 1–27).
Amino Acid Analyses. Amino acid profiles of the biopsies were investigated in the same extracts used for 1H MRS
analysis by automatic ion exchange chromatography (Pharmacia, Upsalla, Sweden), using postcolumn derivatization with
ninhydrin and spectrophotometric detection (28). A total of 17
amino acid concentrations were determined in every sample
(Table 1, variables 28 – 44).
Statistical Analyses. Statistical analyses were performed using either the SAS system (SAS Institute Inc.,
Cary, NC) or the BMDP package (BMDP Statistical Software, Inc., Los Angeles, CA) as implemented on an ALPHA
2100 mainframe computer running under the VMS operating
system (Digital Corp.). The experimental data set consisted
of 81 extracts from biopsies distributed in the following
histological classes: high-grade astrocytomas (n ⫽ 19, class
1); low-grade astrocytomas (n ⫽ 10, class 2); normal brain
(n ⫽ 9, class 3); medulloblastomas (n ⫽ 4, class 4); meningiomas (n ⫽ 18, class 5); metastases (n ⫽ 8, class 6);
neurinomas (n ⫽ 9, class 7); and oligodendrogliomas (n ⫽ 4,
class 8). A total of 44 variables, consisting of 27 resonances
or ratios of resonances measured by 1H MRS and 17 amino
acid concentrations measured by ionic exchange chromatography, were considered in the analyses.
First, a univariate analysis was performed in the complete
data set consisting of 81 biopsies to determine basic statistics for
every variable. Then, a step-wise discriminant analysis was
carried out to search for the optimal combination of variables to
discriminate between pairs of classes (29 –31). Briefly, for a
binary classification of a biopsy or group of biopsies between
classes i and j, classification functions fi and fj (Eq. A and B)
contain the linear combination of variables xt that best discriminate between the classes compared.
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Classification functions contain independent terms as a0 and b0
and each variable is multiplied by a coefficient ait or bjt that
reveals its statistical weight. No more than four variables were
used in the classification (k ⱕ 4). The Fisher discriminant
function Fij describing this comparison is calculated as indicated
in Eq. C, D, and E:
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Table 1
Variable number

Basic statistics of the variables measured by 1H MRS and amino acid analysis
Variable name

na

ppm/retention time

Mean ⫾ SD (SE)

1

Intensities of resonances from specific protons of metabolites measured by H MRS in biopsy extracts (Fig. 1).
1

H MRS variablesb

ppmc

1
2
3
4
5
6
7
8
9
10
11
12
13

NAAH6
Cr,PCr (methyl)
Cho (⫹PCho⫹GPCho)
Cr,PCr (methylene)
InoH2
LacH3
AlaH3
GluH3
GlnH4
TauH2
GlyH2
AcH2
GluH4

2.01
3.05
3.20 (⫹3.23⫹3.24)
3.90
4.07
1.35
1.55
2.05
2.25
3.31
3.60
1.90
2.35

14
15
16
17
18
19
20
21
22
23
24
25
26
27

Cho:Cr (methyl)
Cho:InoH2
Cho:NAAH6
Cr,PCr (methyl):NAAH6
GlnH4:GluH3
TauH2:NAAH6
InoH2:NAAH6
AlaH3:NAAH6
AlaH3:GlnH4
GlyH2:NAAH6
GlyH2:Cho
GluH4:NAAH6
GluH4:Cho
GlyH2:InoH2

Resonance intensitiesd
79
79
79
78
78
79
79
79
79
79
79
79
79

Variables in ratios

1.76 ⫾ 2.76 (0.31)
5.11 ⫾ 4.79 (0.54)
4.63 ⫾ 3.20 (0.36)
2.97 ⫾ 2.60 (0.29)
0.80 ⫾ 1.11 (0.13)
9.04 ⫾ 5.04 (0.57)
1.56 ⫾ 1.64 (0.18)
1.73 ⫾ 1.47 (0.17)
1.72 ⫾ 1.59 (0.18)
1.40 ⫾ 1.73 (0.19)
2.77 ⫾ 2.61 (0.29)
2.00 ⫾ 2.31 (0.26)
3.23 ⫾ 2.83 (0.32)
Ratios of resonance intensities

79
78
79
79
79
79
78
79
79
79
79
79
78

12.18 ⫾ 63.80 (7.18)
150.96 ⫾ 250.87 (28.41)
143.43 ⫾ 245.68 (27.64)
62.34 ⫾ 123.22 (13.86)
1.67 ⫾ 5.56 (0.63)
57.84 ⫾ 102.59 (11.54)
13.34 ⫾ 52.98 (6.00)
85.12 ⫾ 173.00 (19.46)
8.29 ⫾ 34.55 (3.89)
70.16 ⫾ 125.46 (14.12)
0.65 ⫾ 0.37 (0.04)
190.86 ⫾ 200.27 (22.53)
0.77 ⫾ 0.51 (0.06)
74.89 ⫾ 112.88 (12.78)

Amino acid concentrations determined by automatic ionic exchange chromatography (Fig. 2).

28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
a

Amino acid variablese

Retention timef

Aspe
Gln
Glu
Gly
Ala
Cys
Val
Met
Isoleu
Leu
Tyr
Phe
Hys
Lys
Arg
Pro
GABA

11.67
14.33
17.42
23.83
25.33
26.92
27.83
29.83
31.83
33.17
37.42
38.75
45.00
46.67
58.00
18.92
40.33

Concentrationsg
81
81
81
81
81
81
81
81
81
81
81
81
81
81
81
81
81

1981.00 ⫾ 1669.30 (185.48)
4340.70 ⫾ 3903.80 (433.75)
4072.70 ⫾ 3848.30 (427.59)
1903.20 ⫾ 2214.00 (246.00)
1530.10 ⫾ 1850.10 (205.57)
318.32 ⫾ 803.01 (89.22)
1204.30 ⫾ 2280.50 (253.38)
151.67 ⫾ 144.04 (16.00)
162.96 ⫾ 121.99 (13.55)
279.80 ⫾ 214.31 (23.81)
193.38 ⫾ 152.42 (16.94)
250.36 ⫾ 211.52 (23.50)
219.43 ⫾ 260.25 (28.92)
488.23 ⫾ 552.4 (61.38)
192.88 ⫾ 225.12 (25.01)
464.14 ⫾ 447.19 (49.69)
232.37 ⫾ 344.13 (38.24)

n; the number of biopsies investigated for the corresponding variable.
H MRS variables: NAA, N-acetyl aspartic acid; Cr,PCr, creatine and phosphocreatine; Cho, choline; PCho, phosphorylcholine; GPCho,
glycerolphosphorylcholine; Ino, inositol; Lac, lactate; Ala, alanine; Glu, glutamate; Gln, glutamine; Tau, taurine; Gly, glycine; Ac, acetate.
c
The chemical shift of 1H resonances is given in ppm with respect to the methyl resonance of 2,2⬘,3,3⬘ tetradeutero-trimethyl-sylil-propionate
at 0 ppm.
d
Resonance intensities are normalized for the amount of tissue extracted and are expressed in arbitrary units.
e
Amino acid analysis variables (italic): Asp, aspartic acid; Gln, glutamine; Glu, glutamate; Gly, glycine; Ala, alanine; Cys, cisteine; Val, valine;
Met, methionine; Isoleu, isoleucine; Leu, leucine; Tyr, tyrosine; Phe, phenylalanine; Hys, hystidine; Lys, lysine; Arg, arginine; Pro, proline; GABA,
gamma aminobutyric acid.
f
Minutes after the solvent injection front.
g
Amino acid concentrations are given in nmol/g wet weight.
b 1
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Fig. 1 1H MRS (369.13 MHz, 22°C, pH 7.2) of extracts from biopsies of the different tissue classes investigated in this study. Numbers in the spectra
correspond to the variable numbers listed in Table 1.

For a binary comparison of a given extract of the database
between tissue classes i and j, a positive value of the Fisher
function Fij classifies the extract in class i, and a negative value
classifies the extract in class j. The probabilities that the investigated extract belongs to class i or j (pi or pj, respectively) are
given by the expressions: pi ⫽ 1/[1⫹ exp(⫺Fij)] or pj ⫽ 1 ⫺ pi,
respectively.
The goodness of the Fisher discriminant function was
tested using one of two methods: (a) by applying the function to
all of the elements of the two classes compared and computing
the number of correct classifications in each class; or (b) by
using the LOO (or Jacknife) method. The latter protocol takes
one of the elements of the two classes compared out of the data
set, calculates the Fisher function with the remaining ones, and
classifies the isolated element with the Fisher function calculated in its absence. The procedure is repeated with all of the
elements of both classes, expressing the goodness of the Fisher
functions as a score, or percentage of correct element classifications in each one of the two classes. The scores obtained for
classes i and j do not necessarily need to be the same. This is the
case because: (a) classes i and j may have different numbers of
elements, resulting in different percentages of correct classifications, even if the same number of elements is classified
correctly in both classes; or (b) classes i and j may have an

identical number of elements, but correct classifications may be
different in each class.
Binary classifications can be extended to multilateral comparison among m classes, where m in this case represents the
eight classes considered in the present study. The final probability Pi that an extract from the database belongs to class i is
given by the product of probability values calculated for all of
the possible binary classifications of the extract between class i
and the remaining ones (pim). The following expression applies:

写
m

Pi ⫽

pim, m ⫽ 1, 2, 3, . . . 8

(F)

For every extract, this procedure yields one probability to belong to each one of the eight tissue classes considered, the
extract being assigned to the class having the highest probability. In a well-defined classification, the probability to belong to
one of the classes is much larger than the probability to belong
to the others, and consequently, the degree of confidence in the
assignment is high. If the calculated probability to belong to two
classes of the multilateral comparison is similar, the conflict can
be solved by using the corresponding binary comparison.
Materials. D2O (99.9% deuterium) was purchased from
Apollo Scientific (Stockport, England) and trimethyl silyl pro-
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Fig. 2 Amino acid profiles obtained by automatic ionic exchange chromatography of extracts from biopsies of the different tissue classes investigated
in this study. Numbers in the chromatograms correspond to the variable numbers listed in Table 1.

pionate was obtained from the company S.D.S. (Peypin,
France). The rest of the reagents were of the highest quality
available commercially.

RESULTS
1

H MRS and Amino Acid Analyses of Tumor Biopsies.
Fig. 1 shows representative 1H spectra from extracts of the
different tissue classes examined in this study.
These spectra provide a fingerprint of the metabolite profiles of every tissue class. Detailed assignments of the resonances observed can be found in the literature (5, 13, 14, 19, 27).
Briefly, a representative spectrum from normal brain/class 3
(27) shows as the most characteristic resonances: (a) those
derived from the H6 hydrogens of N-acetyl aspartic acid (variable 1)4; (b) the methyl groups from creatine and phosphocreatine (variable 2); (c) the trimethyl ammonium groups of choline
and derivatives (variable 3); (d) the methylene hydrogens from
creatine and phosphocreatine (variable 4); (e) the H2 hydrogens
of myoinositol (variable 5); (f) the H3 hydrogens of lactate
(variable 6); and (g) the H3 hydrogens of alanine (variable 7).
The remaining panels correspond to representative spectra from

4
Variable numbers refer to the variable numbers listed in Table 1 and
shown in Fig. 1 and 2.

different classes of brain tumors, showing additional resonances
(variables 8 –13). 1H MRS spectra of Fig. 1 reveal differences
not only between normal brain and tumoral tissue but also
among the different tumor classes. The normal brain is characterized by the high intensity of its N-acetyl aspartic H6 resonance (variable 1), which is lower in all tumor types and much
lower or absent in the meningiomas. Meningiomas and oligodendrogliomas depict a higher alanine peak (variable 7) than the
remaining tissue classes. Analysis of ratios between 1H MRS
resonances has also been proposed to provide a valuable tool for
tumor classification (4, 7). Accordingly, we also evaluated the
use of different ratios among intensities of resonances, as a
criterion for tumor classification (Table 1, variables 14 –27).
To complement 1H MRS data, we performed amino acid
analyses by ionic exchange chromatography in the same samples. Fig. 2 shows representative amino acid chromatograms
from the various tissue classes under study. Notably, many
amino acids that are difficult to detect or resolve by 1H MRS
appear clearly identified in the ion exchange chromatograms.
This is the case for glutamine (variable 29) and glutamate
(variable 30), glycine (variable 31), aspartate (variable 28),
cysteine (variable 33), valine (variable 34), and tyrosine (variable 38), among others. As in Fig. 1, amino acid profiles
revealed different metabolic patterns within the eight tissue
classes considered. In particular, the glutamine (variable 29):
glutamate(variable 30) ratio appears to be lower than one in
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Fisher functions (F) obtained for the binary classification of biopsy extracts from normal brain and different tumor types using 1H
MRS and amino acid analysis variables
Fisher discriminant functions for the binary comparison of classes i and j are given in the notation Fij. Subscripts i and j indicate the two tissue
classes compared: class 1, high grade astrocytomas; class 2, low grade astrocytomas; class 3, normal brain; class 4, medulloblastomas; class 5,
meningiomas; class 6, metastasis; class 7, neurinomas; class 8, oligodendrogliomas. Abbreviations are those of Table 1.
Table 2

F12
F13
F14
F15
F16
F17
F18

⫽
⫽
⫽
⫽
⫽
⫽
⫽

⫺1.6925 InoH2 ⫹ 0.73475 AcH2 ⫺ 0.03124 Tyr ⫹ 0.00814 Pro ⫹ 3.80676
5.47087 Cho/CrPCr (methyl) ⫹ 1.62179 AlaH3/GlnH4 ⫺ 4.37534
0.69163 LacH3 ⫺ 9.65024 TauH2/NAAH6 ⫹ 4.80518
1.86284 GlnH4 ⫺ 0.01807 Cho/NAAH6 ⫺ 0.18514 GlnH4/GluH3 ⫺ 0.01415 AlaH3/NAAH6 ⫹ 3.75059
1.30125 Cho ⫺ 4.78298 TauH2 ⫺ 0.29660 AlaH3/GlnH4 ⫹ 3.6546
5.6539 AlaH3 ⫺ 3.27157 TauH2 ⫺ 0.30072 InoH2/NAAH6 ⫹ 9.28088
⫺2.7030 TauH2/NAAH6 ⫺ 3.06133 InoH2/NAAH6 ⫹ 4.50546

F23
F24
F25
F26
F27
F28

⫽
⫽
⫽
⫽
⫽
⫽

0.00078 Gln ⫹ 10.3793 Cho/CrPCr (methyl) ⫹ 1.11398 GlyH2/NAAH6 ⫺ 12.60783
1.6375 GlnH4 ⫺ 4.24118 Cho/CrPCr (methyl) ⫹ 3.31323
1.57276 Cho ⫺ 0.0227 Cho/NAAH6 ⫺ 3.50981
0.0168 Cis ⫺ 0.1144 Met ⫺ 0.13481 Cho/InoH2 ⫺ 1.1418 AlaH3/NAAH6 ⫹ 39.067
⫺0.0042 Gly ⫺ 0.61331 CrPCr (methyl)/NAAH6 ⫺ 3.25047 AlaH3/GlnH4 ⫹ 38.6866
⫺0.0050 Gly ⫺ 1.75646 Cho/NAAH6 ⫺ 42.86 GluH4/Cho ⫹ 58.93676

F34
F35
F36
F37
F38

⫽
⫽
⫽
⫽
⫽

2.27314 GluH4 ⫺ 22.4706 Cho/CrPCr (methyl) ⫹ 15.88473
0.67874 NAAH6 ⫺ 0.00847 Cho/NAAH6 ⫺ 0.08069
⫺66.4354 Cho/CrPCr (methyl) ⫺ 0.27227 Cho/InoH2 ⫹ 0.48885 TauH2/NAAH6 ⫺ 1.83245 AlaH3/NAAH6 ⫹ 98.294
⫺14.954 TauH2 ⫺ 1.54418 CrPCr (methyl)/NAAH6 ⫺ 9.12509 AlaH3/GlnH4 ⫺ 102.449
⫺1.32412 CrPCr (methyl)/NAAH6 ⫹ 5.46273

F45
F46
F47
F48

⫽
⫽
⫽
⫽

⫺3.4786 NAAH6 ⫹ 2.06735 Cho ⫺ 0.03057 Cho/NAAH6 ⫺ 1.84851
0.00620 Glu ⫹ 0.10151 GABA ⫺ 15.7884
⫺0.0125 Val ⫺ 0.30997 CrPCr (methyl)/NAAH6 ⫺ 0.12323 InoH2/NAAH6 ⫹ 22.0757
⫺17.2524 CrPCr (methylene) ⫺ 0.00918 Gln ⫹ 106.699

F56 ⫽ ⫺0.01064 Tyr ⫹ 0.00067 Glu ⫹ 0.00718 Cho/NAAH6 ⫺ 1.58002
F57 ⫽ ⫺1.1326 TauH2 ⫹ 0.01851 GABA ⫹ 0.02226 Cho/CrPCr (methyl) ⫹ 0.04574 GlyH2/InoH2 ⫺ 4.26475
F58 ⫽ ⫺1.97727 GluH4 ⫹ 0.01971 Cho/NAAH6 ⫹ 5.07561
F67 ⫽ 2.3491 Cho ⫺ 13.05543 InoH2 ⫺ 0.24284 InoH2/NAAH6 ⫹ 0.22508 AlaH3/NAAH6 ⫺ 1.2649
F68 ⫽ ⫺20.7371 GluH4 ⫹ 0.04873 Leu ⫹ 59.7832
F78 ⫽ 4.77238 TauH2 ⫺ 13.6762 GluH4 ⫹ 44.3189

neurinomas and medulloblastomas but higher than one in the
remaining tissue classes. Similarly, the glycine (variable 31):
alanine(variable 32) ratio appears to be higher than one in most
tissue classes and lower than one in low-grade astrocytomas and
meningiomas. The following sections evaluate the statistical
relevance of the changes observed in 1H MRS and amino acid
analysis variables within the eight tissue classes studied, as
criteria for the classification of tumor biopsies in vitro.
Binary Classifications. Table 1 summarizes the mean,
SD, and SE for every variable used in the comparisons, as
computed using the complete data set containing all of the
elements from the normal brain and the seven tumor classes. As
expected, large variances are always obtained, indicating a large
variation range of every variable among the different classes
considered.
In a first approach, linear discriminant analysis was applied
to determine the best combination of variables that would differentiate simultaneously among all of the tissue classes investigated using, at most, four variables. Using this strategy, it was
possible to classify the complete data set into only two groups
(100% success), normal brain and tumor pathologies; it was not
possible to discriminate directly among the different tumor
pathologies. In a second phase, binary comparisons were performed between every tissue class and each one of the remaining ones to select optimal variables for the classification, using:
(a) only the MRS variables (variables 1–27, Table 1); (b) only

the amino acid analysis variables (variables 28 – 44, Table 1); or
(c) a combination of both (variables 1– 44, Table 1). Every one
of these comparisons considered all of the elements of both
classes and resulted in a unique Fisher function as described in
“Materials and Methods.” Table 2 illustrates some of these
results by showing the Fisher functions calculated using the
combination of 1H MRS and amino acid analysis variables.
Interestingly, the variables selected for every binary comparison were different, a circumstance explaining why it was not
possible to classify the complete data set using a unique combination of the same four variables. Similarly, of the 17 amino
acid concentrations investigated by ionic exchange chromatography, 11 were found to be involved in the binary classifications
when considered together with MRS variables, which revealed
that many amino acids contribute significantly to the discrimination process.
Table 3 provides the scores of binary comparisons obtained
by the LOO method using only 1H MRS variables, only amino
acid analysis variables, or the combination of both (see Table 3,
columns 2–9 and Table 2). Each row in Table 3 shows the
results of binary comparisons between every tissue class and the
remaining ones. The first row depicts the comparisons of highgrade astrocytomas (class 1). When compared with low-grade
astrocytomas (class 2), Fisher functions— calculated using only
1
H MRS variables, or only amino acid variables, or both—
classified correctly 15 (79%), 16 (84%), or 16 (84%) extracts of
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Scores obtained in the classifications of extracts between two possible tissue classes using 1H MRS variables only, amino acid analysis
variables only, or the combination of both
Table should be read following the rows. Every row lists the scores obtained in the binary classifications (LOO) of the elements of the tissue
class indicated in the left column against the elements of each one of the other seven tissue classes. Each column shows the percentage of correct
classifications obtained when the comparison is made using only variables measured by 1H MRS (first of three percentages), only amino acid variables
(second percentage) or a combination of both (third percentage). Classifications between two classes may yield different scores for each class,
depending on the number of elements and the number of correct classifications in each class.
Table 3

Tissue class
High-grade astrocytoma
(class 1, na ⫽ 19)
Low-grade astrocytoma
(class 2, n ⫽ 10)
Normal brain
(class 3, n ⫽ 9)
Medulloblastoma
(class 4, n ⫽ 4)
Meningioma
(class 5, n ⫽ 18)
Metastasis
(class 6, n ⫽ 8)
Neurinoma
(class 7, n ⫽ 9)
Oligodendroglioma
(class 8, n ⫽ 4)
a

High-grade Low-grade
astrocytoma astrocytoma
(class 1)
(class 2)
79, 84, 84
70, 80, 90

Normal
brain
(class 3)

Medulloblastoma
(class 4)

Meningioma
(class 5)

Oligodendroglioma
(class 8)

100, 95, 100

100, 100, 100 95, 74, 100

89, 84, 89

90, 80, 90

90, 80, 90

100, 80, 100

90, 80, 100

90, 80, 100

100, 78, 100

100, 100, 100

90, 80, 90

89, 100, 100

75, n.a., 75

75, 75, 75

100, 75, 100

89, 72, 89

94, 89, 94

94, 61, 94

94, 61, 94

71, 75, 86

57, 87, 86

100, 75, 71

100, 100, 100 100, 87, 100

75, 75, 75

Neurinoma
(class 7)

100, n.d., 100 100, 95, 100

100, 67, 89

100, 89, 100 86, 89, 86

Metastasis
(class 6)

100, 100, 100 100, 100, 100 100, 89, 100
50, 100, 50

100, 100, 100 86, n.a., 86

75, n.a., 100 75, 50, 75

100, 75, 100

86, 89, 100

75, 75, 100

100, n.a., 100 100, 100, 100

83, 94, 89

89, 72, 94

89, 67, 89

86, 62, 71

100, 100, 100

100, 100, 100

100, 100, 100

100, n.a., 100 100, 100, 100 100, 100, 100

n, the number of elements in each class; n.d., not determined; n.a., not available.

the total of 19 extracts of class 1. The second row shows the
comparisons of low-grade astrocytomas (class 2). In this case,
when classified against high-grade astrocytomas, the same
Fisher functions (used above) classified correctly 7 (70%), 8
(80%), or 9 (90%) extracts of the total of 10 extracts of class 2.
Similar interpretations are applicable to the remaining rows and
binary comparisons. In general, scores for the comparison of
classes i and j, using Fij, were not identical for both classes, as
indicated in “Materials and Methods.” 1H MRS variables, when
used exclusively, provided the best scores for correct classifications in 42 binary comparisons. Amino acid analysis variables, when used independently of 1H MRS, gave highest scores
in 18 binary comparisons. The combination of 1H MRS and
amino acid analysis variables yielded the highest scores in 52 of
the 56 possible comparisons. Thus, the combination of 1H MRS
and amino acid analysis data provided a significant improvement over the scores reached by each method when used separately. In particular, important improvements were observed in
the comparisons of low-grade with high-grade astrocytomas
(from 70 to 90%; because of the contributions of tyrosine and
proline) and in the comparisons between neurinomas and meningiomas (from 86 to 100%; attributable to GABA) or between
oligodendrogliomas and low-grade astrocytomas (from 75 to
100%; attributable to glycine).
Graphs illustrating the binary comparison between highgrade astrocytomas and the remaining tissue classes are shown
in Fig. 3. The figure shows as box plots, basic statistics of the
variables selected for optimal discrimination chosen in each one
of the comparisons. Similar plots were obtained for the remaining binary comparisons (not shown). Although considerable
overlap exists among the means and SDs of the variables from
the two classes being compared if the variables are considered
individually, characteristic patterns or trends in the variables can

be detected when considered as a group. Thus, high-grade
astrocytomas present a different pattern of inositol and acetate
resonances, tyrosine, and proline than do low-grade astrocytomas and present higher Cho:Cr ratios or AlaH3:GlnH4 ratios
than does normal brain. These patterns are reflected in the
corresponding Fisher functions calculated for each comparison
(see Table 2).
Multilateral Classifications. The Fisher functions described in Table 2 also allow a multilateral classification of any
arbitrarily chosen sample of the database against the eight
possible tissue classes considered, as shown in Tables 4 and 5.
To accomplish this, the 1H MRS and amino acid variables
measured in the investigated sample (Table 4) are substituted in
the appropriate Fisher functions (Table 2) providing numerical
values for these functions in all of the possible binary comparisons and, thus, probabilities of assignment of the sample to
each one of the two classes compared in every case (Fij, pij,
Table 5). The probability that the sample belongs to each one of
the eight classes under investigation (P1 to P8) can be calculated
as the product of probabilities of all binary comparisons involving the class considered (Eq. F). Briefly, the probability that an
investigated biopsy belongs to class 1 (P1) is the product of all
probabilities P1 ⫽ p12䡠p13䡠p14䡠p15䡠p16䡠p17䡠p18, involving the possible binary comparisons of class 1 with the remaining seven
classes. The probability to belong to classes P2–P8 can be
calculated in a similar way. For the representative extract described in Tables 4 and 5, the calculated probabilities were: P1
⫽ 0.860; P2 ⫽ 8.147 ⫻ 10⫺3; P3 ⫽ 9.873 ⫻ 10⫺11; P4 ⫽
1.91 ⫻ 10⫺5; P5 ⫽ 1.173 ⫻ 10⫺4; P6 ⫽ 5.546 ⫻ 10⫺11; P7 ⫽
1.663 ⫻ 10⫺27; P8 ⫽ 6.277 ⫻ 10⫺20, respectively. Thus, there
is a much higher probability for this sample to belong to class 1
(high-grade astrocytomas). The remaining probabilities are
much smaller, which indicates a large degree of confidence in
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Fig. 3 Wiskers box-plots for the comparison of high-grade astrocytomas with the remaining seven tissue classes considered. A box of length equal
to the interquartile range (IQR) contains 50% of the data between the upper and lower limits of the box. Trace (horizontal line across each box), the
median of every class. Upper and lower bars, elements of the class located at a distance ⬍1.5 times the IQR from the borders of the box. The
remaining elements are considered outliers: E, outliers within the expected outlier range; ⴱ, outliers outside the expected outlier range. Variable
abbreviations are those of Table 1.

the classification as a class 1 biopsy. This same multilateral
classification procedure was reproduced with the 81 biopsy
extracts of the database, and the following scores of correct
classifications were obtained: high-grade astrocytomas, 74%;
low-grade astrocytomas, 80%; normal brain, 100%; medulloblastomas, 100%; meningiomas, 94.5%; metastases, 86%;
neurinomas, 100%; and oligodendrogliomas, 75%.

DISCUSSION
We have presented a statistical multivariate approach for
the nonhistological diagnosis of brain tumors ex vivo, combining
1
H MRS and amino acid profiles. An interesting aspect is that
variables that we found to rank highest in the discrimination
among the tissue classes were not ascribed sufficient relevance
in previous reports. This has particular implications for the
discrimination between high- and low-grade astrocytomas, a
decision with important clinical consequences. Increased contents in choline (7), taurine (8), inositol (16), alanine, glycine, or
phosphoethanolamine (7) were proposed earlier to be related to
malignant degeneration of astrocytomas. Only some of these
proposals could be confirmed in the present study. In particular,
multivariate analysis of biopsy extracts did not find the choline
resonances of extracts (considered as the combination of choline, phosphorylcholine, and glycerolphosphorylcholine resonances) of sufficient statistical weight to contribute to the discrimination between high- and low-grade astrocytomas. This

finding represents an interesting difference from previous in
vivo results, which traditionally attributed to the choline resonance a highly prognostic value (5, 14). A possibility accounting
for the different in vivo and in vitro results is that the higher
contribution of the choline resonance to some in vivo 1H MRS
classifications may be attributable to a population of highly
mobile phospholipids, which is lost during the acid extraction
process. In this respect, it is important to remark that in vivo 1H
MRS of some high-grade astrocytomas and glioblastomas often
depicts a large peak of highly mobile neutral lipids, proposed
earlier to be associated to intramembrane lipid microdomains or
more recently to cytosolic lipid droplets (32–34). This mobile
lipid resonance is lost during the extraction of acid soluble
metabolites and, therefore, is not considered by in vitro classifications.
Our results indicate that inositol and acetate resonances
contribute dominantly to the discrimination between biopsy
extracts of high-grade and low-grade astrocytomas. These findings agree with previous work reporting inositol as the most
important variable in this discrimination (19). Acetate is also a
significant contributor to this discrimination, probably because
the low oxidative capacity of astrocytic tumors, which could
result in an accumulation of this precursor of the tricarboxylic
acid cycle. Intense acetate signals, together with increased
branched-chain amino acid concentrations, have also been reported previously to be associated to bacterial infections (35).
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Table 4 Values of 1H MRS and amino acid analysis variables
needed for a representative multilateral classification
Variable numbers and abbreviated names are those of Table 1.
Variable
number

Variable name

Value

H MRS variables

Resonance intensitiesa

1

1
2
3
4
5
6
7
8
9
10
11
12
13

14
15
16
17
18
19
20
21
22
23
24
25
26
27

29
31
33
34
35
37
38
43
44

NAAH6
CrPCr (methyl)
Cho
CrPCr (methylene)
InoH2
LacH3
AlaH3
GluH3
GlnH4
TauH2
GlyH2
AcH2
GluH4

Table 5 Values of the Fisher functions (F) and associated
probabilities calculated for all possible binary comparisons of the
biopsy from Table 4 with the eight brain tissue classes studied

0.900
2.100
2.200
1.300
0.000
4.600
0.700
0.800
1.100
0.000
3.300
1.400
1.800

Variables in ratios

Ratios of resonance
intensitiesa

Cho:CrPCr (methyl)
Cho:InoH2
Cho:NAAH6
CrPCr (methyl):NAAH6
GlnH4:GluH3
TauH2:NAAH6
InoH2:NAAH6
AlaH3:NAAH6
AlaH3:GlnH4
GlyH2:NAAH6
GlyH2:Cho
GluH4:NAAH6
GluH4:Cho
GlyH2:InoH2

1.050
220.0
2.444
2.333
1.3750
0.000
0.000
0.7778
0.6364
3.6667
1.500
2.000
0.8182
330.0

Amino acid variables

Amino acid
concentrationsb

Gln ⫹ Ser
Gly
Cys
Val
Met
Leu
Tyr
Pro
GABA

3255.2856
3825.3579
174.9328
246.7949
52.7966
127.0453
190.4100
517.5107
167.0433

a
Resonance intensities or ratios of resonance intensities (variables
1–27) are given in arbitrary units.
b
Amino acid concentrations (variables 29 – 44) are expressed in
nmol/g wet weight.

Nevertheless, a crucial aspect highlighted by the present study is
that optimal discrimination between astrocytic tumor grades
cannot be based exclusively on the inositol or acetate resonances, or on any of the four variables involved in the discriminant function, when considered individually. It demands the
linear combination of all of these variables weighted by the
appropriate factors, a circumstance reflecting the complexity in
the decision process and applicable also to the remaining comparisons.
Notably, the amino acids tyrosine and proline become

Tissue classes
compared i/ja

Fijb

pic

1/2
1/3
1/4
1/5
1/6
1/7
1/8
2/3
2/4
2/5
2/6
2/7
2/8
3/4
3/5
3/6
3/7
3/8
4/5
4/6
4/7
4/8
5/6
5/7
5/8
6/7
6/8
7/8

3.100
2.388
7.987
5.490
6.329
13.239
4.505
4.889
0.671
⫺0.105
5.420
19.121
0.449
⫺3.564
0.509
⫺32.630
93.039
2.373
⫺0.506
25.656
18.268
54.387
⫺0.942
13.945
1.565
4.078
28.647
19.702

0.957
0.916
1.000
0.996
0.998
0.999
0.989
0.993
0.662
0.474
0.996
0.999
0.610
0.028
0.625
0.000
0.999
0.915
0.376
0.999
0.999
0.999
0.280
0.999
0.827
0.983
0.999
0.999

a

Tissue class numbers are those of Fig. 1 and 2.
Numerical values for the Fisher functions Fij used in the comparison of classes i and j are calculated using the Fisher functions of
Table 2 and the variables from Table 4.
c
In the comparison of classes i and j, the probability of the sample
to belong to class i is pi ⫽ 1/(1 ⫹ exp(⫺Fij)) and the probability to
belong to class j is pj ⫽ 1 ⫺ pi. Only the values of pi for comparisons
where j ⬎ i are shown. The remaining can be calculated as 1 ⫺ pi.
b

relevant contributors to the discrimination between high- and
low-grade gliomas. Some other amino acids such as glutamine,
cysteine, glycine, glutamate, valine, and taurine provide similar
improvements with other classifications. Of these amino acids,
glutamine is the most important variable in the discrimination
between: high-grade astrocytomas and meningiomas, low-grade
astrocytomas and normal brain, and low-grade astrocytomas and
medulloblastomas. This may be attributable in part to the increased metabolism of glutamine reported in tumors (36), as
compared with normal brain (8), a proposal that matches well
with the high rates of glutamine consumption and glutamate
release reported for experimental gliomas (37, 38). Taken together, these observations reveal that the alterations in glutamine and glutamate homeostasis observed in tumors (22–24)
may have clear diagnostic implications. Glycine is shown to
contribute dominantly to the discrimination between low-grade
astrocytomas and neurinomas and between low-grade astrocytomas and oligodendrogliomas. Earlier 1H MRS studies showed
increased glycine concentrations in gliomas and medulloblastomas (6) or glioblastomas (7, 12). Augmented glycine content
may be derived in these cases from increased phosphatidylcho-
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line turnover and decreased oxidative capacity. The high taurine
content of neurinomas makes this amino acid the dominant
contributor to the identification of this type of tumor and its
discrimination from metastases and medulloblastomas. Finally,
valine, methionine, cysteine, tyrosine, and proline, a series of
amino acids that have not been evaluated previously in the 1H
MRS analysis of tumor biopsies, are shown here to contribute
importantly to some discriminations. Interestingly, increased
tumoral uptake of tyrosine and methionine derivatives labeled
with 18F or 11C, respectively, have been proposed as diagnostic
tests for tumor imaging by positron emission tomography (39,
40). In summary, present results reveal characteristic differences
in amino acid metabolism among different tumor types, which
may be exploited for diagnostic purposes.
Finally, a relevant aspect is the comparison of the scores
obtained with the present study with scores provided by alternative procedures (3, 21, 41– 44). Using neural networks (19), it
was previously possible to obtain correct glioma discrimination
within two grades in 79% of the tests, whereas the present
approach yields 84 –90% correct classifications in the same
comparison. The percentage of correct classifications with the
present method was also higher in almost all of the other
comparisons, reaching 100% in many cases. Similar results
were reported by Somorgay et al. (89 –100%; Ref. 20) and
Martı́nez-Pérez et al. (80%; Ref.44) using linear discriminant
analysis or pattern recognition techniques, respectively. However, a relevant advantage of the proposed multivariate analysis
method is that it allows investigators, for the first time to our
knowledge, to classify any sample of the database within the
eight different tissue classes considered, previous multivariate
approaches providing mainly binary classifications. Notably, the
percentages of correct scores in multilateral comparisons are not
much smaller than those found in binary comparisons. In this
respect, it should be emphasized here that multilateral comparisons present more stringent requirements for a correct classification than binary comparisons, when considering the effects of
chance. A classification by chance of a biopsy between two
classes would provide 50% correct scores, but classification of
the same biopsy among the eight classes considered would
provide only 12.5% correct scores. Thus, although the scores of
multilateral comparisons are in some cases lower than in bilateral comparisons, they represent a higher accuracy in the classification process, when considering the effects of chance.
In summary, the results presented here provide a promising
background for the implementation of nonhistological protocols
for ex vivo tumor diagnosis in clinical settings. Further progress
toward this end demands several improvements to be made,
including an increase in the number of samples of the database,
exploration of additional biochemical or genetic variables for
discriminant analysis, and an automation procedure directly
linking analytical acquisitions and processing with biopsy classification. Histological procedures remain mandatory for tumor
diagnosis. However, pathologists may find these alternative
protocols useful in cases where a confirmation of the histological diagnosis by an independent method is advisable or in
situations in which adequate anatomopathological examinations
cannot be performed.
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