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Automatic classification of highly related Malate
Dehydrogenase and L-Lactate Dehydrogenase based
on 3D-pattern of active sites
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ABSTRACT -

Accurate protein function prediction is an important subject in bioinformatics, especially where
sequentially and structurally similar proteins have different functions. Malate dehydrogenase
and L-lactate dehydrogenase are two evolutionary related enzymes, which exist in a wide
variety of organisms. These enzymes are sequentially and structurally similar and share
common active site residues, spatial patterns and molecular mechanisms. Here, we study
various features of the active site cavity of 229 PDB chain entries and try to classify them
automatically by various classifiers including the support vector machine, k nearest neighbour
and random forest methods. The results show that the support vector machine yields the highest
predictive performance among mentioned classifiers. Despite very close and conserved patterns
among Malate dehydrogenases and L-lactate dehydrogenases, the SVM predicts the function
efficiently and achieves 0.973 Matthew’s correlation coefficient and 0.987 F-score. The same
approach can be used in other enzyme families for automatic discrimination between
homologous enzymes with common active site elements, however, acting on different
substrates.

Keywords: active site pattern, L-lactate dehydrogenase, malate dehydrogenase, protein function
prediction, spatial arrangement.
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Introduction

Enzymes play essential roles in biochemical
processes and catalyse various substrates and
reactions (1, 2). Approximately, half of
proteins have enzymatic properties (3).
However, for only 5% of enzyme sequences
databases, the functional
have been  characterized

in  current
annotations
experimentally (4-6). In keeping with the
high costs of function determination via wet
lab research, there is a large domain for
computational methods to predict the
functions of enzyme precisely. An important
point in the computational protein function
prediction is attention to the fact that simply
transferring the annotation of the sequentially
or structurally nearest protein to the unknown
one may cause misannotation (7,8). The
divergent evolution can cause variation in the
reactions catalysed by homologous enzymes
and conversely, similar reaction types and
mechanisms can be achieved via convergent
evolution (1, 9). Hence, significant sequential
or structural similarities of two proteins are
neither necessary nor sufficient evidence for
having the same function (7, 8, 10). Among
enzymes with pairwise sequence similarity
above 50%, less than 30% have identical EC-
numbers (11). Previous studies show that
10% of any pair of enzymes, even with 70%
sequence identity, have different substrates
(9). Therefore, determining the reaction type
and the substrate specificity are two major
aspects of the enzymes’ functional annotation
(12). tend to conserve the
physiochemical properties of their active sites

Enzymes

(D (S)-malate + NAD(+)

) (S)-lactate + NAD(+)

to be able to distinguish between closely
similar compounds quickly and specifically
(2). Therefore, exploring function specific
3D-motifs in protein structures and evaluating
physicochemical features of potential active
or binding sites is a biologically sound way
for precise function annotation (5, 13-15). In
this category, recently, Nagao et al. have
developed a new method of enzyme function
prediction based on random forests (EFPrf),
which predicts the fourth-digit level of the EC
number each CATH homologous
superfamily (16); Rahimi et al. classified
homologous enzymes by comparing their
site patterns  to  predefined

in

active
representative templates for each EC number
(7) and Erdin et al. used multiple templates
per protein structure to improve the
performance of the Evolutionary Trace
Annotation (ETA) pipeline (5, 17, 18).

As a suitable case for such studies, malate
dehydrogenase = (MDH) L-lactate
dehydrogenase (L-LDH) are two evolutionary
related enzymes with the same inherited active

and

site elements and molecular mechanisms. The
MDHs and the L-LDHs form a large super
family, which play important roles in
metabolic pathways and have been isolated
and characterized from a wide variety of
organisms (19). From the evolutionary aspect,
these enzymes are highly related and have
similar sequences and structures. As
represented in Eq.1 and Eq.2, the MDHs and
the L-LDHs catalyse the inter conversion of 2-
hydroxy acids to the corresponding 2-keto

acids using NAD as a cofactor (20).

MDH

‘_
-

oxaloacetate + NADH

LDH

—
-

pyruvate + NADH
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The MDHs exist across three domains of
life from Archaea to human and catalyse the
reversible oxidation of malate to oxaloacetate
(EC number 1.1.1.37) (21). The reaction
depends on the oxidation/reduction of NAD
as cofactor. The positively charged NAD+
acts as a hydride acceptor in the oxidation
reaction, and the NADH provides the hydride
for reduction of oxaloacetate to malate in the
reverse reaction. The MDHs are key parts of
the citric acid cycle within the mitochondrial
matrix and the prokaryotic cytoplasm and
also in the malate/aspartate shuttle across the
mitochondrial membrane (20,21). The L-
LDHs have been found in FEukarya and
Bacteria but not in Archaea (22). The L-LDH
catalyses the interconversion of L-lactate and
pyruvate associated with the interconversion
of NADH and NAD+ (EC number 1.1.1.27).
In the forward direction, a proton is taken
from lactate and a hydride donated to NAD+.
In the reverse direction, a proton is donated to
pyruvate, and a hydride ion abstracted from
NADH.

The interesting aspect of MDH and LDH
evolution is that at least two ancestral gene
duplications are needed to explain the main
functional distribution through the
phylogenetic tree of these enzymes (19, 22).
According to the phylogenetic studies, this
superfamily can be divided into three main
clades including dimeric MDHs, tetrameric
L-LDHs and [LDH-like] MDHs (19, 21).
Furthermore, recent functional changes
between MDH and LDH have been reported
to occur in nature. For example, the LDH in
trichomonads most likely evolved in recent
of gene duplication from their
cytosolic dimeric MDH (23). Consequently,
transferring the annotation of the sequentially

events

nearest enzyme to an unannotated protein
may cause misannotation especially in the
dehydrogenase superfamily.

In this study, various physicochemical
features have been extracted from the active
site cavities of several MDHs and L-LDHs
and then, the capability of these features in
discriminating between MDHs and L-LDHs
have been tested using various classifiers.

Materials and Methods

Structures and active sites

In this study, the dataset contains 229 distinct
protein structure chains including 122 L-
lactate dehydrogenases and 107 malate
dehydrogenases. The enzyme structures were
downloaded from the Protein Data Bank at
www.rcsb.org (24, 25) and the active site
residues were selected according to the
Catalytic Site Atlas version 3.0.0 downloaded
from http://www.ebi.ac.uk/thornton-srv/
databases/CSA NEW/Downloads.php (26).
In this database, the information about active
site elements of PDB structures like 1EMD
(malate dehydrogenase from Escherichia
coli), 1LDM (L-lactate dehydrogenase from
Spiny dogfish Squalusacanthias) and 4AMDH
(malate dehydrogenase from pig Susscrofa)
are derived from the literature (27-31) and
considered as high quality and manually
annotated entries. Additionally, some other
structures called homologous entries are
collected by PSI-BLAST alignment (using an
e-value cut-off of 0.00005) to one of those
original entries. In the homologous entries,
the corresponding residues, which align to the
active site elements of original entries, are
assumed as the active site residues of the
homologous proteins. In this database, a
Histidine-Aspartate pair is considered as the
active site elements of MDHs according to
PDB structure 1EMD and a Histidine-
Arginine-Aspartate  triad for L-LDHs
according to the PDB structure 1LDM. The
additional Arginine is highly conserved in
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MDHs too. As a result, we considered the
Histidine-Arginine-Aspartate triad as active
elements for both MDHs and L-LDHs. The
structures with mutation in their active site
elements were excluded in this study.
Therefore, all the enzymes have the Asp-Arg-
His triad in their active site.

Feature Vectors construction

All protein structures were preprocessed by
PDB2PQR version 1.7(32) to convert the
PDB file format to PQR. This software
complements the original PDB files with
missing atoms and hydrogens and also adds
the charge and radius of each atom. The
PDB2PQR was set to use AMBER99 force
field (33) and not to optimize hydrogen
bonding network.

In order to construct a feature vector for
each active site entry, various properties were
extracted from the active site cavities
including the spatial arrangement of
functional elements, hydrophobicity, charge
and the volume of the cavity. To represent the
spatial arrangement of functional elements,
the Euclidean distance between the spatial
positions of the active site residues were
calculated based on the alpha carbon
coordinates of each residue.

3)

ifd< (R-r) >

4 if(R—-p<d<@®+r1r) > VU

In sum, for each active site entry seven

different  properties =~ were  measured.

amr3

For extracting other features from the
active site cavity, a hypothetical sphere of
radius 5A centred at the mean point of the
active site elements was drawn. The radius of
the sphere was compromised experimentally
to gather information  and
minimum noise. The total hydrophobicity
index of each active site entry was equal to
sum of the hydrophobicity indexes of all
residues, which have at least one heavy atom
in the aforementioned sphere. The value of
hydrophobicity index for each residue at
pH=7 were set as suggested by Monera et al.
(34). In addition, the sum of all positively and
negatively charged heavy atoms within the

maximum

supposed sphere were measured as “Positive
charge” and “Negative charge”, respectively,
and considered as two features of the active
site cavity.

To estimate the total volume of each active
site cavity, the volume of every heavy atom,
which occupies the abovementioned sphere,
was subtracted from the whole volume
(Eq.3). In cases where atoms partially overlap
with the sphere, the volume of the joint lens
was calculated using Eq.4.

A/
\/

m(R+r—d)%(d2+2d(R+71)+3(R-1)2)

12d

Therefore, the dimension of the feature vector
for each active site entry is equal to seven.
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All features were normalized by scaling

between -1 and 1 by the min-max
normalization method.

Classifiers

In this study, three popular classifiers

including the support vector machine (SVM),
k nearest neighbours (kNN) and random
forest methods with different classification
strategies have been tested for efficiently
the enzymes according to

order to implement the
classifiers, Orange version 2.6.1 (35) was

categorizing
function. In

used, which is an open source data mining
toolbox. Orange embeds a popular
implementation of SVM in LIBSVM package
(36). Table 1 shows the optimized parameters
used for the SVM classifier of this study. The
kNN was adjusted to use Euclidian distance
and k = 3. We tried to adjust these parameters
to achieve maximum performance.

The random forest included 100 trees
according to (37, 38), which consider m
random features at each split. The m was
equal to square root of number of attributes in
the data set as suggested by (38).

Table 1. The optimum parameters for SVM classifier

Data normalization
Kernel

Cost (C)

Numeric precision

Complexity bound (nu)

Scaled into the range [-1,1]
RBF, g=0.50

1.0

0.0015
0.15

Sequence alignment and
phylogenetic tree

The Uniprot ID for each protein structure was
taken from the CSA, and the corresponding
sequence was downloaded from Uniprot at
http://www.uniprot.org/_(39). In order to
provide some insight into the evolutionary
relationship between malate dehydrogenases
and L-lactate dehydrogenases, the multiple
sequence alignment was performed using
Clustal Omega version 1.2.1 (40-42). The
phylogenetic tree was drawn using a
neighbour joining algorithm without distance

correction and based on sequence identity.

g 2P
2TP +FP +FN

®)

Classification evaluation

In this study, the Jackknife cross-validation
test was used to estimate the effectiveness of
the predictors in practical application. As
explained in (43) the Jackknife test is regarded
as the least arbitrary in comparison with other
cross-validation tests, such as the independent
dataset test and subsampling test and can
always return a unique result for a given
benchmark dataset. Hence, the Jackknife test
has been widely used by investigators to
examine the quality of various predictors (44-
52). The
evaluated by F-score (Eq.5) and Matthew’s
Correlation Coefficient (Eq.6).

prediction performances were
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MCC

TP x TN —-FP xFN

(6)

The F-score is the harmonic mean of
precision and recall and reaches its best value
at 1 and worst score at 0. As there is no
greater priority for any classes of this study,
the average F-score of different classes is
reported. The MCC
coefficient between

is correlation
the

predicted binary classifications and returns a

a
observed and
value between —1 and +1 where a coefficient
of +1 indicates a perfect prediction, 0 not
better than random prediction and —1 means
overall disagreement between prediction and
observation. Thus, the MCC can be used as a
balanced measure even if the size of the
classes is very different (7).

In addition, the Receiver Operating
Characteristic (ROC) curves were plotted for
each classifier (supplementary Fig.1) in
which the true positive rate (Sensitivity) is
plotted in the function of the false positive
rate (1-Specificity). In this measure, a test
with perfect discrimination has a ROC curve
that passes through the upper left corner
(100%  sensitivity, 100%  specificity).
Therefore, the closer the ROC curve to the
upper left corner the higher the accuracy of
the test. Theoretically, the shape of the ROC
curve depends on selecting the target class.
Since there is no greater priority between
different classes of this study to be considered
as a positive group, for each target class a

distinct ROC plot was drawn.

Results and Discussion

The amino acid sequence analysis (Fig.1 and

- J(TP +FP)(TP + FN)(TN + FP)(TN + FN)

Fig.2) reveals that MDHs and L-LDHs have
an intermixed evolution. The mitochondrial
MDH of eukaryotes (e.g., Human [Uniprot
ID=P40926]) is highly identical to some
eubacteria  MDH (e.g., Escherichia coli
[Uniprot ID=P61889]). On the other hand,
cytosolic MDH of eukaryotes (e.g., Pig
[Uniprot ID=P11708]) has a relatively high
sequence similarity to the MDH from
chloroplasts  (e.g., Sorghum  [Uniprot
ID=P17606]) and some other eubacteria (e.g.,
Thermusthermophilus [Uniprot ID=P10584])
(20, 29). This interpretation is in keeping with
the theory of endosymbiosis for the origin of
mitochondria and chloroplast. In addition, it
can be perceived from Figure 2 that the
archaecal MDHs (e.g., Aeropyrumpernix
[Uniprot ID=Q9YEAI1] and Haloarculam
[Uniprot ID=Q07841])
with L-LDHs.
crystallographic studies showed that archaeal

arismortui are

intermixed Previous
MDHs have more structural similarity to
tetrameric L-LDHs rather than to dimeric

MDHs (53-55) and consequently are
identified as [LDH-like] MDHs.
The multiple sequence alignment of

various MDHs and L-LDHs shows that
despite a low degree of sequence identity and
even with the aforementioned variation in the
oligomeric state of proteins, some residues
are strongly conserved in both MDHs and L-
LDHs (Fig. 1). The conserved residues are
critical for nucleotide binding, catalysis, and
the subunit interface (29).
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P00345|MDHM_PIG
P40326]MDHM_HUMAN
P61883|MDH_ECOLI
P19445]MDHG_CITLA
Q27743|LDH_PLAFD
Q7SIST|LDH_PLABA
Q27797|LDH_TOXGO
Q2YLRS|MDH_BRUA2
POCS90|MDH_PROVB
P80033|MDH_CHLTE
P20040JMDH_CHLAA
QIYEA1|MDH_AERPE
093541|LDHA_CHAGU
QIWTKS|LDHA_CYPCA
P00336|LDHB_PIG
P07135|LDHE_HUMAN
P00335|LDHA_PIG
P13481|LDHA_RABIT
P00338|LDHA_HUMAN
POD341|LDHA_SQUAC
P00342|LDHC_MOUSE
P50333|LDH_DEIRA
Q5SJA1|LDH_THETS
P16115|LDH_THEMA
P00343|LDH_LACCA
P56511|LDH_LACPE
P00344|LDH_GEOSE
Q5HIDT|LDH1_STAAC
ESME30|LDH2_BIFL2
008349|MDH_ARCFU
Q07841 |MDH_HALMA
Q§0176|MDH_METJA
Q3JKES|MDH_BURP1
QIZFI9|MDH_AQUAR
P10584|MDH_THETH
P11708|MDHC_PIG
P17606|MDHP1_SOREI
P46439|MDHP_FLABI

100 AGVP
100 AGVFE
TT AGVA
120 AGVP
80 AGFT
80 AGFT
84 ACGLT
79 AGVP
T AGLP
T AGLP
T8 SGAP
BAGIG
95 AGAR
97 AGAR
97 AGVR
97 AGVR
9% AGAR
9 AGAR
9% AGAR
97 AGAR

9% AGAR)
75 AGANR

75 AGVA
75 AGVP
84 AGAP
82 AGAP
82 AGAN
82 AGAA
84 AGPR
77T AGLA
T AGIP
82 SGVP
83 GARP
91 GARP
88 GAAP
88 GSMP
170 GAKF
194 GAKP

(APGKSDKEWNRDDLLPLNNKIMIEIGGHIKKNCPNAFI IVVT -NPVDVMVQLLHQHS - -
FIAPGKSDKEWNRDDLLPLNNKI EIGGHIKNNCPNAF I IVVT -NPVDVMVQLLHQHS - -
M IVPGKSDKEWSRNDLLPFNAKI| IREVAQGVKKYCPLAFVIVVT -NPLDCMVKCFHEAS - -
RIKPGMS - - - - - RDODLLGINLKVMEQVGAG IKKYAPEAFVICIT-NPLDAMVWALQKFS - -
RKPGMT - - - - - REDLLMKNAGIVKEVTDNIMKHSKNP I 1 IVVS-NPLDIMTHVAWVRS - -
FIKPGMT - - - - - REDLLSMNAG | VREVTGRIMEHSKNP I IVVVS-NPLDIMTHVAWQKS - -
RKPGMS - - - - - REDLIKVNADITRAC| SQAAPLSPNAVI IMVN-NPLDAMTYLAAEVS - -
FIKP@MT = = - - -REQLLEANANTMADLAEK I KAYAKDAIVVITT -NPVDAMT YVMYKKT = -
| RLNLVQRNVNIFKFI IPNIVKYSPNCILMVVS -NPVDILTYVAWKLS - -
] RLNLVOQRNVNIFKFIIPNIIKYSPNCILLVVS-NPVDILTYVAWKLS - -
| RLNLVQRNVNVFKF -
] RLNLVQRNVNVFKF =
] RLNLVQRNVNIFKFIIPNIVKYSPNCKLLVVS-NPVDILTYVAWKIS - -
] RLNLVQRNVNIFKFI IPNVVKYSPHCKLLVVS -NPVDILTYVAWKIS - -
| RLNLVQRNVNIFKFI IPNVVKYSPNCKLLIVS-NPVDILTYVAWKIS -~
| RLNLVQRNVNIFKFIIPDIVKHSPDCIILVVS-NPVDVLTYVAWKLS - -

RLDLLQRNVAIMKAIVPGIVONSPDCKI I IVT -NPVDILTYVVWKIS - -

RLDLLEKNADIFRELVPQITRAAPDAVLLVTS-NPVDLLTDLATQLA - -

RLOLLDRNAQVFAQVVPRVLEAAPEAVLLVAT -NPVDVMTQVAYRLS - -
AKPGET - ---- RLOLLGRNARVMKE | ARNVSKYAPDSIVIVVT -NPVDVLTYFFLKES - -
AKPGET - - - - - RLDLVNKNLKILKSIVDPIVDSGFNGIFLVAA-NPVDILTYATWHKLS - -
AKPGES - - - - - RLDLVNKNLNILSSIVKPVVDSGFDGIFLVAA-NPVDILTYATWKFS - -
QKPGET - - - - - RLDLVDKNIAIFRSIVESVMASGFQGLFLVAT -NPVDILTYATWKFS - -
QKPGET - - - - - RLDLVSKNLKIFKSIVGEVMASKFDGIFLVAT-NPVDILAYATWKFS - -
PKPGAS - - - - - RLELVGATVNILKAIMPNLVKVAPNAIYMLIT-NPVDIATHVAQKLT - -
RIKPGMT - - - - - RLDLAHKNAGI IKDIAKKIVENAPESKILVVT -NPMDVMT Y | MWKES - -
RAPGAT - - - - - RIDLAGDNAP IMEDIQSSLDEHNDDYISLTTS-NPVDLLNRHLYEAG - -
FIKEGMS - - - - - RMDLAKTNAKIVGKYAKKIAEIC-DTKIFVIT-NPVDVMT YKALVDS - -
RISKGME - - - - - RKDLLSANAEIFTVOQGAALNEVASRDVKVLVVGNPANTNAY I AMKSAP -
FIGPGME - - - - - RKDLLEANAQIFTVAGKAIDAVASRNIKVLVVGNPANTNAY | AMKSAP -
RIKAGME - - - - - RRDLLQVNGKIFTEQGRALAEVAKKDVKVLVVGNPANTNAL | AYKNAP -
RIRDGME - - - - - RKDLLKANVKIFKCOQGAALDKYAKKSVKVIVVGNPANTNCLTASKSAP -
FIGPGME - - - - ~-RAALLDINGQ | FADOGKALNAVASKNVKVLVVGNPCNTNAL ICLKNAP -
RIGPGME - - - - - RADLLDINGQIFAEQGKALNAVASPNVKVMVVGNPCNTNAL ICLKNAP -

FlkPEMT - - - - - RDODLFNTNATIVATLTAACAQHCPDAMICI IS-NPVNSTIPITAEVFKKHGVYNPNKIFGVTTLElI VIQANAFVAELKGLDPARVSVPVIG-G
FIKP@MT - - - - - RDDLFNTNATIVATLTAACAQHCPEAMICVIA-NPVNSTIPITAEVFKKHGVYNPNKIFGVTTLI VIBANTFVAELKGLDPARVNVPVIG-G
=

RIKPGMT - - - - - RDDLFKINAGIVKTLCEGIAKCCPRAIVNLIS-NPVNSTVP | AAEVFKKAGTYDPKRLLGVTMLEIVVIQANTFVAEVLGLDPRDVDVPVVG -G

KPGMD - - - - -RSDLFNVNAG | VKNLVOQQVAKTCPKACIGIIT-NPVNTTVAI AAEVLKKAGVYDKNKLFGVTTLI IISNTFVAELKGKQPGEVEVPVIG-G

~GVPKNKI IGLGGVLMTSRLKYY | SQKLNVCPRDVNAHI VG -A
~GVPKNKIVGLGGVLMTSRLKYY | SQKLNVCPRDVNAHIVG -A
~GLPKNMVCGMANVLpISARIF RRF | ADQLE I SPRDIQATVIG-T
~-GLPAHKVVGMAGVLPISARIFRYFLSEEFNVSVEDVTVFVLG -G
-GLPKERVIGMAGVLPAARFRSF | AMELGVSMQD I NACVLG -G
-GLPKERVIGMAGVLSARIFRSF | AMELGVSMQDVTACVLG -G
-GFPKERVIGQAGVLPMAARYRTF | AMEAGVSVEDVOQAMLMG -G
~-GFPRERVIGFSGILMSARMAYY | SQOKLGVSFKSVNAIVLG-M
-GFPRHRVIGSGTNLMSARIF RHL IGEKLHLHPSSCHAWI VG -E
~-GLPRNRVIGSGTNLpISAF RHLMGEKLG I HPSNCHGWVIG -E
-GLPKHRVIGSGCNLYSAFRYLMAEKLGVHPSSCHGWILG -E
-GLPKHRVIGSGCNLPBISAMFRYLMAEKLG IHPSSCHGWILG-E
-GFPKNRVIGSGCNLYSARIFRYLMGERLGVHPLSCHGWILG -E
-GFPKNRVIGSGCNLPBISAIFRYLMGERLGVHALSCHGWILG -E
-GFPKNRVIGSGCNLpISAFRYLMGERLGVHPLSCHGWVLG -E
-GLPMHRI IGSGCNLMSAFRYLMGERLGVHSSSCHGWVIG -E
~GFPVGRVIGSGCNLPSARFRYL IGEKLGVNPTSCHGWVLG -E
-PGQP - -VIGSGTVLMSARQF RHLMAQHAGVDGTHAHGYVLG -E
-GLPPGRVVGSGT ILBITAMFRALLAEYLRVAPQSVHAYVLG -E
-GMDPRKVFGSGTVLHTARIL RTL | AQHCGFSPRSVHVYVIG -E
-GFPKNRVVGSGTSLPBITAFROS | AEMVNVDARSVHAYIMG -E
-GFPKERVIGSGTSLPSSHIL RVALGKQFNVDPRSVDAYIMG -E
-GLPHERVIGSGTILMTARIFRFLLGEYFSVAPQNVHAY I IG-E
-GLPKERVIGSGTILBISAMFRLLLSEAFDVAPRSVDAQI IG-E
-GLPENQIFGSGTNLPSARIL RFL | AQOTGVNVKNVHAY | AG -E
-GKPRNEVFGMGNOLpISQHL KERL YNAGARNIR- -RAWI IG-E
-DRSREQVIGFGGRLMSARFRYVLSEEFDAPVAQNVEGTILG -E
-KFERNQVFGLGTHLMSLEFKVAI AKFFGVHIDEVRTRI IG -E
- =DLPKKNFTAML RLPJH N[
--SLPAKNFTAMLRL|[YJHNES
- =GLNPRNFTAMTRLJHN[
--S|IPKENFSCLTRLHN[
-=-DIPAKNFHALTRL]JE NI
-=NIPPKNFHALTRLEJE NL

LSQLAAKSGKPVASIEKLAVWGN
LSQIAAKTGKPVSSIEKLFVWGN
KAQLAKKTGTGVDRI RRMT VWGN
KAQIALKLGVTSDDVKNV I IWGN
KCOLALKAGVFYDKVSNVT IWGN
KCQLALKAGVF YDKVSNVT IWGN

Figure 1. The multiple sequence alignment of various L-LDHs, MDHs and two MDHPs from different organisms. In the alignment, the active site residues
(according to the CSA) are highlighted and the most effective residue in substrate specificity is boxed.

203
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180
23
185
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179
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175
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136
197
196
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179
13
191
193
130
190
272
296
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— PO0346|MDHM_PIG

L P40926/MDHM_HUMAN
P61889|MDH_ECOLI

P19446|MDHG_CITLA

Q3.JKE9MDH_BURP1
QI97F99|MDH_AQUAR
P10584|MDH_THETH

P11708|MDHC_PIG

T P17606|MDHP1_SORBI

L P46489|MDHP_FLABI
T Q27743|LDH_PLAFD

L Q75197 |LDH_PLABA

Q27797ILDH_TOXGO

Q2Y1LR9MDH_BRUAZ2

POC890|MDH_PROVB
P20039|MDH_CHLTE

PE0040|MDH_CHLAR

QIYEA1|MDH_AERPE

093541|LDHA_CHAGU
QIVW7KS[LDHA_CYPCA

T PO0336|LDHE_PIG

' PO7195|LDHE_HUMAN

d PO0339|LDHA_PIG

P13491|LDHA_RABIT
PO0338|LDHA_HUMAN

PO0341|LDHA_SQUAC

P0O0342|LDHC_MOUSE

ES8ME3D(LDH2_BIFL2

P50933|LDH_DEIRA

Q5S.JA1|LDH_THETE

P16115|LDH_THEMA

PO0343|LDH_LACCA

P56511|LDH_LACPE

PD0344|LDH_GEOSE

Q5HJD7|LDH1_STAAC

QO07841MDH_HALMA

_|

008349MDH_ARCFU

Q60176MDH_METJA

Figure2. The phylogenetic tree of various L-LDHs, MDHs and two MDHPs from different organisms.The tree is
drawn using neighbor joining algorithm and based on sequence identity.

The structural analysis shows that the
spatial arrangement of these residues is
conserved too. Figure 3 demonstrates a
schematic view of the MDH active site from
E.coli coupled with NAD as a cofactor and
Citrate as a substrate analogue (PDB structure
1EMD) in contrast to the spatial arrangement
of active site elements of L-LDH from spiny
dogfish (PDB structure 1LDM).

As elucidated in Figure 3, the spatial
arrangements of Histidine-Arginine-Aspartate
triad are completely identical in MDH and L-
LDH. Previous studies show that using 3D-
templates and geometrical constraints cannot
efficiently separate these enzymes according

to their EC-numbers and the maximum
achieved MCC equals to 0.5 (7). Therefore,
other properties of the active site cavities,
such as charge, unoccupied free space and
hydrophobicity have been evaluated.

features
were given to different classifiers (as
described in parts 2.2 and 2.3) in order to
categorize MDHs and L-LDHs automatically.
The MCC and F-score measures (Fig.4) and
the ROC curves analysis (Supplementary
Fig.1) show that all three classifiers
performed efficiently. This means that the
extracted features

All aforementioned structural

contain discriminative
information.

Progress in Biological Sciences
Vol. 4, Number 2, Summer/ Autumn 2014

252



1EMD: Asp150/Arg153/His177

1LDM: Asp166/Arg169/His193

Citrate ~ _

RG-15. -
ARG»IG <

1S-177
HIS-193

Figure 3. A schematic view of PDB structure 1IEMD which shows the MDH active site from E.coli coupled with NAD
as cofactor and Citrate as substrate analog. The active site residues of the MDH are shown in black and the
superimposed corresponding residues of L-LDH from Squalusacanthias (PDB structure 1LDM) are shown in
gray.The image was created by PyMOL(66).
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Figure 4. The classification performance of different classifiers. The Nearest Sequence method uses sequence
information and the random forest, KNN and SVM use structural features.
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According to the Gini index (56, 57) the
top three discriminative features were “Free
Space”, “Hydrophobicity” and ‘“Negative
charge”. The Jackknife cross-validation test
and ROC curve analysis reveal that the SVM
has slightly classification
performance in comparison. The SVM is a
popular classification method, which has
been successfully utilized for
computational tasks in  bioinformatics
(58-65). This technique often yields the
highest predictive performance results by
constructing a hyperplane in the attribute
space, which maximizes the margin between
the instances of different classes. The SVM
has regularization parameters which make it
possible to avoid over-fitting. Furthermore,
utilizing the appropriate kernel function
facilitates the separation of different classes
and improves the classification performance.
In this study, the RBF kernel (Radius Based
Function) had superior exploitation
comparison with Linear or Sigmoid kernels.

superior

many

n

The results also show that function

annotation based on structural features is

more efficient than transferring the annotation
of the sequentially nearest enzyme to a query
one (Fig.4). That is due to the fact that the
evolution of the dehydrogenase superfamily
is complex and functional changes between
MDH and LDH have been reported to occur
several times in nature (Madern, 2002;
Madern et al., 2004; Wu et al., 1999) and also
by few mutations in lab conditions (Wilks et
al., 1988). In addition, the performance of
sequence-based methods completely depends
on the selected dataset and is not very robust.
For example, let us assume dataset A
(including Uniprot IDs: ESME30, Q9YEAL,
P00343, P80040, Q60176 and Q2YLR9) and
dataset B (including Uniprot IDs: P16115,
Q27743, 008349, P40926, Q2YLRY9 and
Q60176); Transferring the EC number of the
sequentially nearest enzyme to the query
protein (by leaving one procedure out) yields
100% correct answers in dataset A and 100%
wrong answers in dataset B. However, the
performance of the structure-based method of
this paper is robust and stays stable for both
datasets A and B (Table 2).

Table 2.Comparison of the performance stability of sequence based and structure based methods on different datasets

Dataset A Dataset B
F-score MCC F-score MCC
Nearest Sequence function transfer 1 +1 0 -1
SVM utilizing Structural features 0.968 0.938 0.969 0.939

Conclusion

Through the
physicochemical properties of the active site
microenvironment may change not only by
mutations in the functional elements, but also

enzyme evolution,

by the mutations of surrounding residues,
which may affect the substrate specificity and
generate new enzymes. MDHs and L-LDHs
evolutionary enzymes with
conserved functional elements and mutable

are related

residues in the active site cavities. The usual
protein function prediction methods based on
sequential or structural similarity may cause
misannotation according to the several
alteration points through the
evolution of this enzyme family. In this
paper, we described a method for extracting
the
microenvironment and a case study of using
these features for efficiently classifying

function

various features from active  site
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MDHs and L-LDHs by SVM classifier. The However, it should be mentioned that

results showed that protein function applying the same approach in other enzyme
prediction based on a 3D pattern of active site families may result in different performances
is efficient and robust. This approach is and should be optimized on a per case basis..

applicable in studying other enzyme families.
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Supplementary Figure 1B

Supplementary Figure 1.The ROC curves comparing the prediction performance of three different classifiers which
use structural features of active site to classify MDHs and L-LDHs according to EC number.In (A) the target class is
L-LDHs and in (B) the target class is MDHs.
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