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Abstract The “inversion recovery experiment” is used as a
tool in nuclear magnetic resonance spectroscopy for char-
acterization and identification of basic important amino
acids. This methodology is based on determination of “lon-
gitudinal relaxation time (7';)”of Carbon-13 of these molec-
ular structures which relates to assignment of each carbon
atom of amino acids. Not only the chemical shifts and fre-
quencies of carbon atoms are different, but also the relaxa-
tion times of them in scale of seconds or less are different,
without much overlapping. Due to larger shift effects in
13C NMR spectra and larger paramagnetic origin for car-
bon-13 and other differences, it has made us to rely on 3c
nucleus as main clue in this work rather than 'H nucleus.
This procedure has helped us to identify the amino acids
in terms of both “frequency” and “time” of relaxation for
each carbon atom simultaneously. Applying “average link-
age” as an agglomerative clustering method to the feature
vectors extracted from NMR spectra of amino acids, a
hierarchical clustering is provided. The obtained clusters
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reveal notable relationships between amino acids in a same
cluster. After a time gap, the proposed clusters of amino
acids which have similarities and differences with tradi-
tional grouping of amino acids provide a new perspective
on amino acids characterization and related studies such
as defining descriptors for proteins and peptides based on
their sequence information.

Keywords Amino acids - Nuclear magnetic resonance -
Relaxation time - Spectroscopy - Hierarchical clustering

Introduction

Amino acids are the main important components of pro-
teins and are considered as repeating units in all living
organisms. Approximately 20 amino acids are common
constituents of proteins. There are numbers of researchers
who have been involved in the isolation and characteri-
zation of amino acids since 1820 [1]. After World War II
various analytical methods were improved for the isolation
and characterization of these compounds. Microbiologi-
cal assay using a lactic acid bacterium, chromatographic
separation, ion-exchange resin chromatography and spe-
cially gas chromatography in the determination of racemic
mixtures of D & L forms [2] are some examples of these
methods. Acid or alkaline hydrolysis [3] and fermentation
processes were other important methods in determination
and production of amino acids, respectively. Physical and
chemical properties of each amino acid are mostly affected
by amino and carboxyl groups with opposite charges at the
chiral (asymmetric) a-carbon atom. All amino acids except
glycine have such carbon atom which generates enantio-
meric isomerization and racemization phenomena in them.
The X-ray crystallographic analyses of 23 amino acids
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proved that crystal shapes of each of them vary widely.
Raman spectra of amino acids were used to provide the first
direct optical evidences for the dipolar structure. The IR
studies were shown the overtone region on the NH-stretch-
ing frequencies in the neutral amino acids [4, 5]. Generally,
the IR analysis does not lead us to precise assignment for
amino acids.

A number of known correlation methods in NMR spec-
troscopy are important tools which are currently used in
the structural analyses. Most of the others depend in one
way or another on “conformation” and the way it affects
“chemical shifts” and especially “coupling constants” [6].
A variation of the NMR method is to deduce configuration
from the sense of shift produced in corresponding nuclei
(IH, 3¢, etc.) of enantiomers under the influence of chi-
ral solvating agents (CSA) or upon conversion to one of a
pair of diastereomers by combination with a chiral, enanti-
omerically pure reagent [7]. Groups may also be enantio-
topic by external comparison that is groups in two different
molecules are enantiotopic if they are related by reflection
symmetry. Clearly, this can be so only if the two molecules
themselves are enantiomeric such as the methyl groups in
D- and L-alanine which are enantiotopics.

It is known that the anisochronous nuclei are much larger
in *C than 'H resonance; presumably because of the gen-
erally larger shifts effects in '*C NMR spectra due to their
larger paramagnetic origin [6], such facts have made us to
consider 1*C nucleus as main clue in our work rather than
'H nucleus. Valine is an amino acid which has diastereotopic
methyl groups resonating at 1.39 and 1.44 ppm in 'H NMR
spectrum. Under an enzymatic transformation of the mole-
cule it became of importance to determine which group was
which [8] and corresponding assignments with *C NMR of
labeled methyl groups have also been carried out [9].

Theoretically, the thermal equilibrium of the spin system
is disturbed by irradiating the resonance frequency. In this
process not only the population ratios alter, but also macro-
scopic magnetizations occur and cause transverse magnetic
field components (M, and My) to appear. The spin system
relaxes, when perturbation ceases and once again reaches
to its original thermal equilibrium. This process takes
place by two mechanisms; one is characterized by longi-
tudinal or spin-lattice relaxation time (T;), and the other
one is characterized by transversal or spin—spin relaxation
time (T,) [10]. The relaxation of nuclear systems is very
slow (in contrast to rotational, vibrational and electronic
excited states) especially in cases where the nuclear spin
(D is 1/2. Complete relaxation process may take seconds,
minutes or even hours. We have used the '°C relaxation
times rather than 'H nuclei as main clue for characteriza-
tion of amino acids, because the relaxation process of pro-
tons (7)) is of the order of the second and they do not vary
greatly for protons in different bonding situations, while
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the corresponding phenomena in *C nuclei are different
quietly. As a matter of a fact, 7| values could be consid-
ered as an important clue for amino acids, because not only
Ts vary from milliseconds in large molecules to several
hundred seconds in small ones, but also much larger differ-
ences in '*C-chemical shifts and T, from one carbon atom
to another are advantages for such analyses [10]. Further-
more, proton or 'H NMR spectroscopy is the exploitation
of 'H nuclei to study the properties and interactions of mat-
ter [11-13]. Otherwise, "H NMR spectra are complicated
and it can become ineffective due to signal overlap or noise.

Over the last few years there has been considerable
interest in the new methods for the rapid identification [14,
15] and enantio discrimination [16] of a-amino acids owing
to their highly biological and chemical relevance. Chroma-
tographic methods are considered the most useful for enan-
tio discrimination of analytes [17]. Although, the develop-
ment of novel protocols has received considerable attention
based on multiple diverse techniques such as carbon black-
chiral polymer composite [18] circulardichroism [19, 20]
fluorescence [21] UV and colorimetric methods [15-23],
for more precise analysis, nuclear magnetic resonance
(NMR) spectroscopy has been chosen by many researchers.
The most of naturally found amino acids have been exhaus-
tively studied by NMR spectra [24, 25].

However, these studies have primarily been concerned
with investigations into the specific physicochemical prop-
erties and structural features of the amino acids. NMR
spectroscopy was a worthwhile analytical tool to identifi-
cation and characterization of the amino acids and conse-
quently protein and peptides [26].

In this work we will confine our attention exclusively
to NMR spectroscopy for such purpose and defining a
similarity metric for comparative studies. In current study
it is the first time that amino acids are clustered based on
features extracted from NMR spectrum. These features
are obtained from NMR signals of amino acids which are
expected to represent their inherent properties. Cluster-
ing of amino acids means that they should be partitioned
into “good” subsets, or clusters. In most of methods for the
amino acids clustering, each amino acid is represented by a
vector of numerical measurements for various biophysico-
chemical features such as hydrophobicity, volume, surface
area, polarity, charge, hydrogen bonding and potentially
many other features.

For clustering of 20 amino acids in m clusters, there

are % S (—mi < n; ) i?0 different ways. This value

is named the Stirling number of the second kind. From
this huge number of clustering ways, only very limited
numbers satisfy the goodness condition [27]. It is impor-
tant to note that the goodness of a partitioning strongly
is related to how to measure the distance between the
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amino acid representative vectors and also to the nature
of these vectors. One of the earliest efforts to cluster
amino acids was that of Sneath. He used 134 different
and possibly independent features and introduced a dis-
similarity index for clustering amino acids. This dissimi-
larity measure was used as input to the average linkage
method for clustering. Another different approach for
clustering process was originated from the evolutionary
differences between proteins. Proteins can be classified
in a variety of functional categories. A number of sub-
stitutions of amino acids in protein sequences are used
to compute distances or similarities between them [28].
The more substitution of one amino acid with the other,
the more similarity score for those two amino acids.
Based on this idea, and without using any formal cluster-
ing approach, Dayhoff and colleagues partitioned amino
acids such that the members within each group are more
probable to substitute with each other than with mem-
bers of the other partitions. In many approaches, dis-
similarities between amino acids are calculated based
on polarity, polarizability, side-chain molecular weight,
hydrophobicity, hydrophilicity and many other physico-
chemical properties. In [29], polarity indices and side-
chain molecular weight were used for the first time to
define distance between amino acids. Grantham consid-
ered polarity, volume and the ratio of atomic weights of
non-carbon elements in rings or end groups to carbon
inside chain as three chemical properties, and a weighted
Euclidean distance was used as a dissimilarity meas-
ure for clustering [30]. Combining this distance and
the correlation coefficients obtained from the procedure
of applying linear regression on the log of the relative
substitution frequencies of amino acids (introduced
by McLachlan [31]) a single correlation value was cal-
culated for each amino acid. Regardless of details, the
magnitude of these coefficients was interpreted to show
the significance of mentioned chemical attributes in sub-
stitution rate of amino acids in evolution. Much of stud-
ies have concentrated on clustering of physicochemi-
cal and biochemical properties of amino acids [32-36].
Among them, Saha and colleagues [37] performed one
of the most recent comprehensive studies in this area.
They categorized available theoretic and experimental
knowledge of a variety of biophysicochemical features
of amino acids, as collected in the AAindex database
for known 544 amino acid indices. Using their proposed
method, three high-quality indices were provided to the
research community which can be used for character-
izing amino acids and subsequently protein and peptide
sequences.

Different extracted features and indices for amino acids
have been used in many applications including protein
structure prediction [34], protein subcellular localization

[38], domain prediction [39], drug-target interaction pre-
diction [40], peptide function prediction [41] and many
others. The mentioned references are only some samples
among a variety related of research works.

To the best of our knowledge among all the techniques
used in the characterization and identification of amino
acids, there are no evidences using the “relaxation times”
of spin nuclei of amino acids based on '*C NMR spec-
troscopy. This is the main reason that we have studied
the relaxation times of specifically '*C nuclei in series of
important amino acids in this work using NMR spectros-
copy. This novel vision to characterizing amino acids and
defining new indices for them hopefully is supposed to use
in the above-mentioned applications.

Materials and methods
Data set

Based on the Felix Bloch equations; the rate at which the
equilibrium condition (M, = M,)) reasserts itself, the spin—
lattice relaxation time T, can be determined by equation;
dM,/dt = —M,—M/T,, in which in the chemical kineti-
cally point of view 1/T; is the rate constant of the relaxa-
tion process. To determine the 7, values, we have used
“inversion recovery experiment” (IRE) for all amino acids
at room temperature and D,O as solvent. In this method we
recorded a series of '*C NMR spectra of amino acids by
using pulse sequence 180°,—~1-90°x—FID. After the pulse
180°,., M, lies along the (—Z) against an external magnetic
field (M, = —M,)). During the time “7” the system relaxes
with the rate constant k = Tl_l. Between these two stages,
there is an intermediate stage in which the amount of M,
is zero (M, = 0) and this is the stage at which no signal
can be detected and its time “7” is called “7,.,,” (T = T,ep0)-
This stage is important for the quantitative measurement
of longitudinal relaxation (T)). After this stage, M, starts
to become positive, and finally return to the equilibrium in
which after complete evolution the magnetization vector
stays along the external magnetic field, in another words;
M, = M,. At the time “1,..” the signal intensity is just zero
called as “zero-crossing point”, which is related to T, by
equation; 7., = 7, In 2. The “t,,” indicates how greatly
the 7, value may vary from one carbon to another in each
amino acid. Based on the signal processing carried out for
each amino acid it is demonstrated that all these molecules
have a different diagram produced by using the “z,,
values versus the frequencies took place. The diagrams
obtained for these molecules have convinced us that such
data may open a new area for identification and characteri-
zation of amino acids. One typical spectroscopic analysis is
appeared in results and discussion section.
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Due to precise data obtained from NMR spectroscopy,
we were encouraged to cluster amino acids based on new
NMR-based features. In clustering which is known as unsu-
pervised learning, training data, of known class labels, are
not available. In clustering problems, the goal is to unravel
the similarities (and also dissimilarities) between objects
(in this study amino acids). The similar objects are grouped
together in a cluster.

Data analysis

In hierarchical clustering, the distances between pairs of
sets of feature vectors are computed. In a more general
scheme, the proximity between subsets of the set of fea-
tures is measured and used to cluster objects. Hierarchical
clustering strategies fall into two general types, divisive and
agglomerative clustering methods. In agglomerative algo-
rithms, starting from each single object as a cluster, pairs
of clusters are merged to build a new level of hierarchy in a
bottom-up process. Divisive methods start with all objects
in one cluster and then in a recursive top down process,
each cluster is broken up into two new clusters to form a
new level of hierarchy. In both divisive and agglomera-
tive methods, a tree diagram named dendrogram is formed
which is an effective means of representing the produced
clusters in each stage of the algorithm. Three of the main
agglomerative approaches are single linkage, complete
linkage and average linkage. In these linkage hierarchical
methods, a set of clusters are formed based on a threshold
value. At each step, the two clusters with the shortest dis-
tance are merged. Differentiation between these methods
is in relation with the definition of the shortest distance.
In single linkage hierarchical clustering, the dissimilarity
between two clusters is defined as the least interconnect-
ing distance (dissimilarity) between a member of one and a
member of the other [42]. In the complete linkage the dis-
tance between clusters is defined as the distance between
the two elements (one in each cluster) that are farthest
away from each other. In the average linkage or so-called
UPGMA (Unweighted Pair Group Method with Arithme-
tic Mean) the distance between clusters G and H is defined
as average of all distances between all possible pairs of
objects one in cluster G and one in H as defined by the fol-
lowing equation:

daverage (G,H) =

> dj (1)

In the above equation, n; and ny are the cardinality
of clusters G and H, respectively. Also d;; is the distance
between sample i from cluster G and sample j from cluster
H. There are seven variable features which are used in our
13C NMR spectrum analysis process for 19 naturally amino
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Table 1 Features extracted from '*C NMR spectrum for clustering of
amino acids and their dimensionality

Feature group name Dimension
Relative spectral power (RSP) [43] 10
Slow-wave index (SWI)-(alpha, theta and delta slow- 3

wave index) [44]
Harmonic parameters (HP) 15
Hjorth (activity, mobility, complexity) [45] 3
Entropy [46] 1

Midpoint of the peak of a-carbon and the next peak (this 1
study)

Midpoint of the peak of a-carbon and the previous peak 1
(this study)

Integral (the area under the signal curve) (this study) 1

Standard deviation, skewness, kurtosis [47] 1

—

Longitudinal relaxation time (7)) (this study)

acids in terms of clustering methodology. The NMR-based
extracted features are listed in Table 1.

Experimental section

T,-measuring of all amino acids is carried out in D,0O
as solvent, and their almost saturated solutions are pre-
pared for such process. The Bruker-AVANCE 300 NMR
and pulse program t/irpg (T, measurement using inver-
sion recovery with power gated decoupling) were used.
Because of different solubility of these acids in D,O,
number of scanning was also different for better resolu-
tion purposes, especially for those which had lower solu-
bility. Tyrosine was not only insoluble in D,0, but also
was not soluble in other polar solvents such as DMSO,
methanol, acetone-d6 and CDCl;. Due to extremely low
solubility of L-Tyrosine the related data were excluded
from our analysis and related features are not considered
neither in Table 1 nor in hierarchical clustering. It is also
known that relaxation time of carbons in each amino acid
is different from others and sometimes very close to each
other. To overcome such problems and approaching better
resolution and detection, we carried on numbers of recov-
ery delay time (RDT) program in the 7,-measurements
for each acid. The RDT data for the L-Histidine are sum-
marized in Table 2. The RDT data for other amino acids
are illustrated in supplementary Table S1.

A 180° pulse is applied at the beginning of pulse
sequence with a recycle delay which inverts the magneti-
zation. The recovery delay follows to allow varying of T
relaxation. The final 90° pulse then converts any Z-mag-
netization into observable transverse magnetization
which is detected during the acquisition period immedi-
ately following the final pulse.
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Table 2 Times (7,)-frequencies correlations in L-Histidine

L-Histidine Time (s) Chem. shift (ppm) Frequency (Hz)
Carbon no.

1 0.779 27.788 2097.1604

2 1.371 54.350 4101.7945

3 1.682 116.218 8770.9725

4 18.5 131.692 9938.7952

5 1.730 135.805 10249.203

6 19 173.699 13109.064

RDT (s) 50-30-20-10-5-3-2-1-0.5-0.1

L-Histidine Merck 4351

50 sec ‘ ‘ ‘

Results and discussion

A typical analysis using this methodology is shown in
Fig. 1 for L-Histidine as one of the amino acids. As it can
be seen, one axis is based on the “time” in which “zero-
crossing” has occurred and the other axis is defined as “fre-
quency” (in ppm or Hz) at which this phenomenon takes
place. These experiments for all other 18 amino acids are
appeared in supplementary Table S2.

As mentioned in the introduction section, different clus-
tering methods have been applied to group amino acids

30 sec L

20 sec ‘ L |

10 sec l

5 sec . ) . ) l

3 sec . . I , l

ZEec o |

1 sec

500 msec
[ ‘ [ [
100 msec
T T T T T T T T T T T T
220 200 180 160 140 120 100 80 60 40 20 0 ppm
(a)
(b)

Fig. 1 a Inversion recovery experiment on the L-Histidine as a model study. b 3D structure of the molecule
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Table 3 Amino acids distribution in three clusters proposed by Stan-
fel [48]

Cluster No. Amino acids @ Hndrophobic
@ rolar
1 A,C,G,I,L,M,P,S,T,V @ Positively Charged
2 D,E,N,Q @ Negatively Charged
3 F,W,Y,H,K,R

based on their properties. One of the most accepted group-
ings of amino acids proposed by Stanfel [48] is shown in
Table 3. He introduced an information theoretic objective
function for optimizing the clustering process and mini-
mized it by converting the problem to an integer program-
ming structure. His clustering method shows that it is
possible to group amino acids which are similar from the
evolutionary aspects into one cluster solely based on their
physicochemical properties.

The results of clustering analysis based on features
extracted from NMR spectrum are illustrated in Fig. 2.

The vicinity of amino acids in hierarchical clustering
illustrated in Fig. 2 can be analyzed from two aspects.
First, in many cases, the NMR-based features put simi-
lar amino acids together but somehow scattered. For

example five amino acids with hydrophobic properties
out of seven are clustered into two separate groups. Phe
and Leu are not detected very near as well as groups (A,I)
and (V,P,G). Similarly, polar amino acids are categorized
in three groups (W,T,H), (C,S,M) and (N,Q). Negatively
charged amino acids (E,D) are very well clustered and
positively charged amino acids (R,K) are almost so. This
way of grouping amino acids shows that NMR-based fea-
tures have a kind of association with physicochemical
properties.

From another aspect, we can further interpret the clus-
tering diagram to reveal some more facts. Being in the
same group for alanine and isoleucine which are benefited
by similarity in aliphatic structure, and vicinity of threo-
nine and isoleucine could be due to having an additional
chiral center. From structural and stereochemical aspects,
this observation is in accordance with the clustering result.

Histidine and tryptophan are only amino acids with a
nitrogen-containing five-member aromatic ring which
are found in good proximity in this diagram. Occupy-
ing one subset by two acidic amino acids (aspartic acid
and glutamic acid) and also similar electrically charged
among nineteen amino acids is a good evidence that such

Average Linkage Clustering Algorithm

@ Hhdrophobic

. Polar

@ Positively Charged

. Negatively Charged

HEE EE- - S
Al WTHTETDTF L C

N—_—— N——— SN———— - / - N N———
Hhdrophobic Polar Negatively Polar Hhdrophobic Polar Positively
Charged Charged

Fig. 2 Hierarchical clustering diagram based on 10 feature groups obtained from NMR spectroscopy
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clustering could be improved in characterization analysis.
In the next branch there are cysteine and leucine which
are two amino acids with a “positive” hydrophobicity
index (respectively, 2.5 and 3.8) [49].

The proximity of cysteine and methionine in cluster-
ing tree can be explained by the fact that both amino acids
contain sulfur atom and also have positive hydrophobicity
index. Also, Proline and glycine which both have negative
hydrophobicity indices (i.e., hydrophilic) with nonpolar
properties are grouped together.

Among these compounds, the most similarity found in
structure with additional amidic group is for glutamine and
asparagine which are classified already as polar amino acid
with the same negative hydrophobic index(—3.5). Moreo-
ver, vicinity of two basic amino acids (arginine and lysine)
and also their similarity in electrically charged structures
with a negative hydrophobicity index are other good evi-
dences that introduced such clustering process being
regarded as a good characterization candidate methodology.

Literature survey for clustering of amino acids shows
that there is no algorithm being able to cluster all amino
acids quite meaningful. In this approach, with assistance
of NMR data spectroscopy including T, (which is ben-
efited by high precision) we have faced with acceptable
and meaningful results which have convinced us to con-
sider such methodology as good candidate in amino acids
characterization.

Conclusion

Characterization and identification of amino acids based on
“simultaneous time—frequency” relationship toward obtain-
ing the relaxation time could be one of the good method-
ologies in assignment of these important acids as build-
ing blocks of life. By applying the “Inversion Recovery
Experiment,” with continuous 'H broad banding (‘H BB
decoupling) we are convinced that this method is a good
candidate for such purpose. There are two main reasons
for relying on the relaxation of carbon atom rather than
hydrogen atom. First is the larger shifts effects of carbon
atoms in amino acids (~10-200 ppm) in '*C NMR spectra
due to their larger paramagnetic origin, and second is the
relaxation process of '*C nuclei which are quietly different,
while the corresponding phenomena for protons are of the
order of the seconds or so and they do not vary greatly for
them in different bonding situations. These two physico-
chemical characteristic properties (7, and chemical shift)
are precise enough and open new views for identification
and distinction of one amino acid from another without
much overlapping. This methodology may be modified and
developed for more complex molecules (in terms of inter-,

intramolecular interactions and, etc.) such as peptides and
proteins. Hierarchical clustering of amino acids based on
NMR data spectroscopy was useful procedure in the clas-
sification of varieties of data obtained in such analysis.

The authors believe that the newly introduced clusters
which have many similarities and overlaps with traditional
grouping of amino acids provide a new perspective on char-
acterizing these important molecules and consequently on
characterizing proteins. Based on the NMR-based features
for amino acids, many novel features and descriptors can
be introduced for machine learning tasks on proteins and
peptides. Structure and function prediction, determination
of localization, determination of activities, etc., are exam-
ples of such analyses.
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