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The specificities of the UDP-GalNAc:polypeptide N-acetylgalactosaminyltransferases which link the carbohydrate GalNAc
to the side-chain of certain serine and threonine residues in mucin type glycoproteins, are presently unknown. The
specificity seems to be modulated by sequence context, secondary structure and surface accessibility. The sequence
context of glycosylated threonines was found to differ from that of serine, and the sites were found to cluster. Non-clustered
sites had a sequence context different from that of clustered sites. Charged residues were disfavoured at position – 1 and
13. A jury of artificial neural networks was trained to recognize the sequence context and surface accessibility of 299 known
and verified mucin type O-glycosylation sites extracted from O-GLYCBASE. The cross-validated NetOglyc network system
correctly found 83% of the glycosylated and 90% of the non-glycosylated serine and threonine residues in independent test
sets, thus proving more accurate than matrix statistics and vector projection methods. Predictions of O-glycosylation sites
in the envelope glycoprotein gp120 from the primate lentiviruses HIV-1, HIV-2 and SIV are presented. The most conserved
O-glycosylation signals in these evolutionary-related glycoproteins were found in their first hypervariable loop, V1.
However, the strain variation for HIV-1 gp120 was significant. A computer server, available through WWW or E-mail, has
been developed for prediction of mucin type O-glycosylation sites in proteins based on the amino acid sequence. The server
addresses are http://www.cbs.dtu.dk/services/NetOGlyc/ and netOglyc@cbs.dtu.dk.
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Introduction

A number of biological functions of glycoproteins, including
solubility, lifetime in circulation and proteolytic resistance,
are modulated by O-glycosylation [1—4]. These oligosac-
charides serve as ligands for selectins and participate in
specific recognition events [5] such as sperm-egg binding
[6] and leukocyte adhesion to endothelia. Aberrant short
chained O-glycosylation such as the Tn antigen is abnor-
mally expressed in number of cancers and may be involved
in the metastatic spread of tumour cells [7].

As these functions are of potential pharmacological im-
portance, there is an interest in designing competitive
inhibitors of glycosyltransferases. This requires a detailed
understanding of the fuzzy rules which determine glycosyl-
transferase specificity. Mucin type O-glycosylation, where
an N-acetylgalactosamine is a-1 linked to the side-chain of
serine or threonine residues in secreted or membrane bound
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glycoproteins, is the most frequent type of O-glycosylation,
(for recent reviews see [4, 8—11]). In contrast to N-linked
glycosylation no simple consensus acceptor sequence has
been found for mucin type O-linked glycosylation [12—14].
The acceptor sequence patterns are highly dependent on the
amino acid sequences flanking the serine and threonine
[12,14—17]. These patterns are rich in serine, threonine,
proline, valine, alanine and glycine and have only few
charged residues especially at position!1 relative to the
glycosylated residue [14, 18, 19]. Clustering and partial
glycosylation of mucin type O-glycosylation sites are fre-
quently found. As O-linked glycosylation is a post-transla-
tional event taking place in the cis-Golgi compartment [20]
after N-glycosylation, folding and oligomerization [21], ac-
ceptor motifs must be exposed on the glycoprotein surface
to be accessible to a UDP-GalNAc:polypeptide N-acetyl-
galactosaminyl (GalNAc) transferase. This is in fact the case
for all the O-linked glycoproteins for which crystallographic
coordinates have been deposited in the Brookhaven Protein
Data Bank (PDB). O-glycosylation is therefore also depen-
dent on local conformation [22] and overall tertiary struc-
ture [23—25] of the glycoprotein. The lack of understanding
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of mucin type O-glycosylation site selection and occupancy
heterogeneity, prompted us to investigate whether the two
known determinant features of mucin type O-glycosylation,
sequence context and surface exposure, could be utilized to
reliably predict O-glycosylation sites exclusively from the
sequence.

Several highly homologous GalNAc transferases from
different species, preferentially expressed in different tissues,
have been cloned and designated GalNAc-T1 to GalNAc-
T4 transferase [10, 26—36]. More probably exist. These
enzymes may have distinct but overlapping acceptor
specificities [10]. However, currently there is no in vivo
information linking a specific enzyme and individual
sites. Secondly, if the sites glycosylated by each of the
GalNAc transferases are equally distributed in the database
used, our statistical method will pick up a compound
specificity for these enzymes. Therefore, the prediction
method is likely to assign positive sites which correspond to
the in vivo specificity of the entire transferase family,
and not to that of individual enzymes. We recently de-
veloped a predictive tool [14] based on neural networks and
a more limited data set. The method presented here is based
on a carefully selected enlarged database of 299 O-glyco-
sylation sites extracted from O-GLYCBASE [37], an
averaging of eight independently trained networks and
an additional variable threshold feature based on the sur-
face accessibility. The integration of these features resulted
in significantly increased performance. The validity of the
prediction method was assessed by four-fold cross-valida-
tion on independent test sets. We compare the predictive
performance of the new NetOglyc algorithm with the El-
hammer et al. [38] matrix statistics method and the vector
projection method of Chou et al. published recently
[39, 40].

With this new revised NetOglyc method we also predict
O-glycosylation sites in the envelope glycoproteins from
Human Immunodeficiency Virus type 1 and 2 (HIV-1,
HIV-2) and Simian Immunodeficiency Virus (SIV). These
glycoproteins mediating specific viral adhesion, co-receptor
binding and triggered fusion with the target cells are known
to be O-glycosylated [41—44], but the exact sites have not
yet been mapped experimentally.
Materials and methods
Sequence data selection criteria
All glycoprotein sequences were extracted from O-GLYC-
BASE, which is a revised database of O-glycosylated pro-
teins [37]. Only mammalian sequences with a GalNAc
sugar moiety linked to serine or threonine were included.
Coagulation factors and proteoglycans and nuclear and
cytoplasmic glycoproteins were excluded. All examples
of O-glycosylation were extensively cross-checked for
glycosylation site assignment errors and sequence errors. In
order not to bias the data set with identical sequence con-
texts, the sequence similarity between the glycosylation sites
was quantified by aligning all glycosylated 11 (5#1#5)
amino acid sequence windows with each other secondly with
all non-glycosylated sequence windows. In total 335,592 alig-
nments were performed with the FASTA package [45] using
a high gap penalty score. Examples with identical residues
from positions —5 to #5 were excluded. Finally, all non-
glycosylated sequence windows were compared to the
glycosylated sequences; no conflicts were found. However,
a small number of glycosylated sequence windows with
a high similarity to non-glycosylated sequence windows were
found (Table 1). This high similarity between glycosylated
acceptor sequences and non-glycosylated non-acceptor
sequences demonstrate the difficulties in elucidating the
specificity of the GalNAc transferases. The sequences were
presented to the network without the signal sequence. For the
sequences where only a fraction of the O-glycosylation sites
were known, the sequences were truncated so only the
sequence regions with verified O-glycosylation sites were
presented. The final yield was 60 unique mammalian
glycoproteins with 186 mucin type O-glycosylated threonine
residues, 113 O-glycosylated serine residues and 2516 non-
glycosylated threonine and serine residues. This data set
(Table 2), which to our knowledge is the most extensive pre-
sented to date, was the empirical basis for the present analysis.

Prediction of surface accessibility based on known 3D
protein structures

The network used to predict surface accessibility was
trained on a non-homologous data set of 134 globular
Table 1. The high sequence identity between glycosylated and non-glycosylated sequences may demonstrate the fine tuned
specificity of the GalNAc transferases. It also demonstrates the level of complexity in prediction of mucin type O-glycosylation sites.

O-glycosylated Not O-glycosylated

Glycoprotein Swiss-prot Oglyc#sequence Glycoprotein Swiss-prot Oglyc!sequence Similarity
entry entry

Kininogen, bovine KNH
*~

BOVIN EGPVV-T-AQYEC Kininogen, human KNH
~

HUMAN EGPVV-T-AQYDC 90.9%
Kininogen, human KNH

~
HUMAN SEDST-T-PSAQT Kininogen, bovine KNH

~
BOVIN YEDST-T-SSAQT 81.8%

Leukosialin, rat LEUK
~

RAT TMATG-S-LGPSK Leukosialin, human LEUK
~

HUMAN TMATV-S-LETSK 72.7%
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Table 2. The glycosylated data set extracted from O-GLYCBASE [37]. References and entry names to sequence
databases PIR [76] and SWISS-PROT [77] are given. Entry numbers in O-GLYCBASE are noted in the brackets
(OGB:entry.no)
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Table 2. (Continued)
proteins extracted from the PDB database using the
Hobohm-1 procedure [46] for redundancy reduction. This
ensured that no aligned sub-sequences had more than 25%
sequence identity for alignment lengths of 80 or more resi-
dues. All protein structures were resolved to a resolution
better than 2.5 As . No NMR structures were included. The
Connolly Molecular Surface procedure [47] was used with
a probe radius of 1.4 As , corresponding to the molecular
radius of water, to label all residues in the 134 protein
structures as either surface exposed or buried. Surface as-
signment was defined as having more than 20% of the
normalized standard maximal surface area [48] exposed to
the solvent. We thus obtained a data set of 134 protein
sequences, based on high resolution protein structures, for
which all residues had buried/surface assignment. This data
set was used to train neural networks to recognize the
relation between sequence and surface accessibility. Overall
the method correctly predicted surface accessibility for 74%
of the residues. Ninety percent of the glycosylated residues
were correctly predicted to be surface accessible. Details of
the network used, training procedures and performance will
be reported elsewhere. This surface prediction method has
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recently been used advantageously for the joint prediction
of post-translational cleavage of picornaviral polyproteins
[49]. With the knowledge that glycosylation sites are sur-
face exposed, the surface prediction was used to modulate
the threshold of the O-glycosylation networks. If a sequence
region was predicted buried the threshold for O-glycosyla-
tion was increased. On the contrary if the sequence
region was predicted surface exposed, the threshold for
O-glycosylation was reduced. This increased the sensitivity
as well as the specificity of the final prediction scheme
(Figure 1 and Table 3).

Quantification of sequence information content

When a set of sequences is aligned, the Shannon informa-
tion measure [50] can be used to quantify the conservation
at each position. The Shannon information content was
computed by the formula

I (i)"log
2
20#

20
+

L/1

pL
i
log

2
pL
i
, (1)

where pL
i

was the probability of occurrence of a particular
amino acid ¸ at position i. The unit of information was
bits/amino acid. The information content can be displayed
as sequence logos [51], where the amino acid symbols
themselves are used to represent the value of I at a given
position. The sum of the heights of the letters indicates the
value of I and the height of each letter its frequency at the
position. This powerful visualization approach makes it
straightforward to comprehend the overall statistics of the
complex acceptor patterns of the GalNAc transferases as
one can directly see which residues are favoured at particu-
lar positions.

Neural network algorithms

We have utilized artificial neural network algorithms due to
their ability to classify even highly complex and non-linear
biological sequence patterns where correlations between
positions are important [52]. They have been used exten-
sively for predicting of protein secondary structure from
primary sequence [53—58], surface accessibility [59], trans-
membrane helices [60], cleavage sites in viral polyproteins
[49] and human and plant intron donor and acceptor sites
from the pre-mRNA sequence [61, 62]. We used a standard
feed forward neural network algorithm, with one layer of
hidden units, and adjusted the weights by backpropagation
[63]. Hence each neuron (unit), except those in the input
layer, calculates a weighted sum of its inputs and passes this
sum through a sigmoidal function to produce the output
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n
its weight, and t its threshold.

p was the sigmoidal function p (x)"1/(1#exp(!x)).
We used the slightly more powerful error function sugges-

ted by McClelland,
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Figure 1. A simplified illustration of the four glycosylation networks and the surface accessibility network equipped with 11 amino acid windows and
four hidden neurons. Each amino acid was encoded by 21 units. Sequence windows from 3 to 25 residues, and up to 25 hidden units were tested. The
arrows indicate the central threonine in the sequence window being evaluated for its mucin type glycosylation potential.
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Table 3. Predictive performance of the methods for prediction of mucin type O-glycosylation. Values for the neural network method
were cross-validated over all positive and negative examples in the data set. In this way the method was evaluated against the largest
possible test data set not used during training. The vector projection method by Chou [39] and the matrix method of Elhammer [38]
were evaluated using the available data marked by * in Table 1 not used for generating these methods. The averaged performance
refers to the final NetOglyc method available on the WWW server evaluated on all 60 glycoproteins (training performance). If the
sequence from the user has high similarity to the sequences in the data set this averaged performance can be expected. If the
sequence have no similarity to the data set sequences the cross-validated performance (in bold face) can be expected.

Method Correlation Sensitivity % Specificity %
coefficient

Vector Chou threonine [39] 0.15 73.6 15.5
Vector Chou serine [39] 0.09 79.3 5.5
Matrix Elhammer threonine [38] 0.52 73.6 46.9
Matrix Elhammer serine [38] 0.35 75.9 20.6

Neural threonine 0.58 85.0 50.2
Neural serine 0.49 73.4 40.0
Neural1surface threonine 0.60 87.6 51.1
Neural1surface serine 0.54 75.2 41.5
Neural]surface threonine (averaged) 0.74 95.6 60.3
Neural]surface serine (averaged) 0.76 96.8 63.2
replacing the conventional error function [63]
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where ¹ a is the training target value and Oa the actual
output value for input window a. This reduced the conver-
gence time and allowed a given network architecture to
learn more complex tasks without increasing the network
size. Each amino acid was represented by sparse encoding
[55] as a binary string of 21 bits. Alanine and cysteine, for
example, were represented as: 100000000000000000000 and
010000000000000000000, respectively. The 21st bit encoded
C- and N-terminal ends of the sequence.

We used a symmetric input window of amino acids
ranging from 3 amino acids (covering the two amino acids
flanking the serine or threonine site) up to 25 amino acids.
Neural networks with up to 25 hidden units were evaluated.
Details of the training procedure may be found elsewhere
[62]. The training was balanced by presenting the non-
glycosylated sequence windows in random order with
a lower frequency such that glycosylated and non-
glycosylated sequence windows were presented equally
often.

To find the best network we tested the performance of
different network architectures by training them on 75% of
the data and testing the performance of each network on the
remaining proteins, using the correlation coefficient
C [62, 64] as performance measure.
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Here P
x

is the number of true positives (experimentally
verified glycosylated, predicted glycosylated), N

x
the num-
ber of true negatives (experimentally verified non-
glycosylated, predicted non-glycosylated), P

fx
the number of

false positives (experimentally non-glycosylated, predicted
glycosylated), and N

fx
the number of false negatives (experi-

mentally glycosylated, predicted non-glycosylated.
This measure is more relevant than calculating the per-

centage of correct assignments, as more than 90% of the
residues are non-glycosylated. Hence a network which pre-
dicts all residues as non-glycosylated will be 90% correct,
but obviously not of any use. For such a prediction the
correlation coefficient C will be zero. For a completely
perfect prediction the correlation coefficient C will equal
1 and for completely imperfect prediction!1.
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Four-fold cross-validation on 60 glycoproteins

A fair evaluation of any sequence driven prediction method
has to take into account that using a test data set with high
similarity to the sequences used for generating the method
lead to overestimated predictive performance. In our earlier
study, we therefore reported the accuracy of our method
[14] on two independent test sets with both high and low
similarity to the training data set. However, using small test
data sets might not be representative of the overall perfor-
mance on new glycoprotein sequences. Here we therefore
applied fourfold cross-validation [53] on the full set of 60
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glycoproteins. This involved dividing the data set into 45
glycoproteins to be used for training and 15 proteins used
for testing. This division was repeated four times so that
each glycoprotein was used for testing once. Each of the four
divisions was carried out in such a way that none of the
proteins used for testing had significant similarity with any
of the glycoproteins in the corresponding training set.

Combination of O-glycosylation and surface
accessibility networks

The output from the networks range from zero to unity.
Traditionally a threshold k of 0.5 is used such that
glycosylation is assigned if the network output Og is larger
than this fixed cutoff,

Og'k (6)

However as O-glycosylation sites are found exclusively on
the surface of proteins, the probability for O-glycosylation
should be larger if the site is surface exposed and smaller if
buried. The output from the surface network Os was there-
fore used to derive a modulated threshold k for O-glycosyla-
tion. If the site and surroundings were predicted surface
accessible the cutoff was lowered. This surface score Os was
weighted with a factor e and an off-set constant c equivalent
to the normal cutoff. Using this variable cutoff, glycosyla-
tion was assigned if

Og'c!eOs (7)

The following optimal values for e and c were found by
systematically screening the combinations of e and c.

Glycosylation type e c

Serine 0.51 0.90
Threonine 0.64 0.97

To maximize the generalization ability and minimize the
danger of overfitting in the final method, the outputs Og

from four differently trained networks were averaged before
combination with the surface network (Figure 1). This com-
bination procedure is similar to the one used in the NetGene
and SignalP prediction methods [61, 62, 65].

Results
The sequence context surrounding mucin type
O-linked glycosylation sites
The distribution of residues around mucin type O-glyco-
sylation sites preferred by the GalNAc transferases is illus-
trated in Figure 2. The abundance of favoured amino acids
extends far beyond the positions !4 and #4 previously
reported [38] and no clear consensus pattern is observable.
This might indicate that a specific conformation or an
ensemble of closely related conformations, probably ex-
posed b-turns [14], is recognized by the GalNAc transfer-
ases rather than specific sequences. The sequence context
differs for serine and threonine and for single and multiple
sites. The sequence rule of proline in position !1 and #3
deduced by Wilson et al. [12] holds only for threonine as
proline in positions !6 to !9 and #3 to #7 also are
frequent in the serine context. A general feature is the
electrostatic gradient. Negatively charged residues, espe-
cially glutamic acid (E) are more frequent than positively
charged residues. Charged residues are disfavoured at posi-
tions !1 and #3 but accepted at position #1. This feature
was also found by O’Connell et al. [18] by analysis of in
vitro glycosylated peptides and recently confirmed by
Nehrke et al. [19] by mutations in an in vivo glycosylated
reporter protein. Altogether these findings suggest that
docking of the GalNAc transferase on the substrate peptide
may depend on charge. Further, that the glycosylation pro-
cess appears to have a polarity as the acceptor sequence is
asymmetric with regard to charge. The high frequency of
serine and threonine in the context around glycosylated
sites reflects that glycosylated sites often are clustered. This
high hydroxy amino acid frequency is not seen in the con-
text of non-clustered sites. Valine at position !4 and #2 is
relatively frequent in the context of single serine sites.

Conformational preference of O-glycosylation sites

The secondary structure of the 60 glycoproteins was pre-
dicted using the PHD method [53, 66, 67]. The glycosylated
sites were predominantly predicted to be in coil regions
(Figure 3). Of the glycosylation sites 68% were predicted to
have no secondary structure, 30% were predicted to be
b-strand and only 2% were predicted to be in helical
regions. This is in accordance with our earlier finding that
O-glycosylation sites predominantly adopt specific b-turns
[14], which then is correctly classified as coil by the three
state prediction PHD method. Synthetic glycopeptides also
adopt b-turns as found by Hollosi et al. [68].

Predictive performance of neural network algorithms

The performance measures are summarized in Table 3. The
final method correctly finds 83% of the glycosylated resi-
dues and 90% of the non-glycosylated residues in all glyco-
proteins. The addition of surface derived threshold increases
specificity as well as sensitivity. Compared to the vector
projection method of Chou [39] and the matrix method of
Elhammer [38] we obtain considerably higher correlation
coefficients. The vector projection method of Chou [39] and
the matrix method of Elhammer [38] were evaluated using
the available data marked by * in Table 2 not used for
generating these methods. The vector projection method,
which originally was tested against a test set of glycopro-
teins highly homologous to the training set and a negative
set of only four non-glycoproteins, seem less robust
to the choice of test set than the matrix method originally
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Figure 2. Shannon information content for O-glycosylation sites shown as sequence logos [51]. All sites were aligned with the glycosylated serine or
threonine residues at position 0. Logos for threonine sites (a) and serine (b) are shown. Lower panels are logos for non-clustered single sites, defined
as not having any glycosylated site 10 residues upstream or downstream. There were 23 non-clustered serine and 51 non-clustered threonine sites.
The statistics for single serine sites are at present poor. The logos reflect the residues favoured on specific positions by the GalNAc transferase. The
height of the central serine/threonine has been rescaled to magnify the context and is thus non-informative. The neutral and polar amino acids are
shown in green, the charged basic in blue, the charged acidic in red and the neutral and hydrophobic in black.
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Figure 2. (Continued)
presented by Elhammer et al. [38]. This may be caused by
overfitting. The vector projection method has a reasonable
sensitivity, but a very low specificity as five times as many
false positives compared to true positives are predicted.

Testing this new algorithm and our previous version [14]
against the complete data set (training performance) re-
vealed a significant increase in sensitivity (96% vs. 84%) as
well as correlation coefficient (0.74 vs 0.69).

It is considerably less problematic to predict threonine
than serine glycosylation sites, which may be a result of the
poorer representation on serine sites in the data base (113 vs
186 sites). This difference may also reflect a genuine feature
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Figure 3. The secondary structures of the glycosylated residues at
position 0 as predicted by the PHD method [53, 66, 67]. 68% of the sites
were predicted to be in coil (C, black) regions, while 30% were predicted
to be in extended b-strand conformation (E, blue). Only 2% were pre-
dicted to be in an a-helical structure (H, green). As seen in the logos the
preference for coil extends upstream and downstream relative to the
glycosylated site indicating that the O-glycosylation sites are situated in
surface exposed loops with no particular secondary structure. The
heights of the letters reflect the predicted frequency of coil, b-strand and
a-helix at that position.

of the GalNAc transferases which in vitro glycosylates serine
acceptor motifs much less efficiently than threonine motifs
[16, 26, 38, 69, 70].

Prediction of the O-glycosylation sites in HIV-1,
HIV-2 and SIV envelope glycoproteins

Glycosidase, lectin and antibody binding studies have
shown that HIV-1 gp120 is modified by O-linked glycosyla-
tion [42, 43] and it has been suggested that these carbohy-
drates may act as neutralization epitopes [41, 71]. We
therefore predicted the O-glycosylation sites in 29 strains of
HIV-1 gp120, 9 strains of HIV-2 gp120 and 9 strains of SIV
gp10. As seen in Figure 4, we consistently found strong
O-glycosylation signals in the first variable region V1 of all
three distinct but evolutionary related viruses. Despite com-
parable content of hydroxy amino acids, SIV gp110 was
predicted to be much more O-glycosylated (11.3 site per
strain; range 4—18) than HIV-1 (1.2 site per strain; range
0—5). It seems that HIV-1 gp120 O-glycosylation is much
less conserved than O-glycosylated, while all SIV strains
contained predicted O-glycosylation sites. The SIV strain
with fewest O-glycosylation sites (4) was SIV-chimpanzee
which is most closely related to HIV-1. The relative lack of
O-glycosylation in the V1 region of HIV-1 gp120 may
evolutionarily be replaced by N-linked glycosylation sites as
most HIV-1 gp120 strains contain four N-linked glycosyla-
tion consensus signals in the V1 region, while most SIV
gp110 strains contain only two N-linked glycosylation con-
sensus signals in the V1 region. Overbaugh et al. [44] have
reported that progression to Simian AIDS in macaques is
followed by accumulation of regions rich in clustered serine
and threonines and thereby putative O-glycosylation motifs
in the V1 region of SIV gp110. Many of these Ser/Thr rich
motifs have a very high predicted potential for being
O-glycosylated (see Table 4). Recently, Overbaugh et al. [72]
have by MALDFI-TOF mass spectrometry and differences
in electrophoretic mobility after O-glycanase treatment dir-
ectly demonstrated that these Ser/Thr rich domains in SIV
env V1 are in fact O-glycosylated. These findings directly
confirm the statistical trend in our predictions. The accumu-
lation of O-glycosylation signals in the V1 region made
these viruses more resistant to antibody neutralization sug-
gesting that their emergence was a result of antibody driven
selection, which makes the virus capable of escaping recog-
nition by the humoral immune system [72]. No sites are
predicted in the V3 loop (the single site in the V3 region
depicted in Figure 4 with a potential of 0.6416 is below the
local surface derived threshold). Neither are any sites pre-
dicted in the V3 loop by the Elhammer algorithm [38].
Testing 385 different V3 loop sequences extracted from
GenBank revealed that only 14 (4%) were predicted to be
O-glycosylated. As the in vitro neutralization of HIV-1
infection by O-linked carbohydrate specific monoclonal an-
tibodies is not abrogated by mutating the possible sites in
the V3 loop to alanine thereby deleting the possible signals
for O-glycosylation [73], both prediction and experiment
indicate that the O-glycosylation site in gp120 mediating
neutralization is located outside the V3 loop.

Discussion

As several highly homologous isoforms of the GalNAc
transferase have been cloned [10, 26—36] from different
mammalian species and tissues, and as these may have
different specificities, it is remarkable that as many as 83%
of the sites can be reliably predicted. This may reflect that
the sites these enzymes glycosylate are uniformly distributed
in the data base, but it may also reflect a large degree of
overlapping specificities for this enzyme family [10, 27].
More accurate prediction requires that these enzymes are
expressed and tested selectively against a large panel of
acceptor peptides in vivo using reporter proteins as pion-
eered by Nehrke et al. [19] in a system where all but one
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Figure 4. Predicted O-glycosylation sites in multiple aligned gp120 sequences from 29 different HIV-1 strains superimposed on the same graph
(upper panel). The X-axis represents the gp120 sequence position in the multiple alignment (without signal peptide) and the Y-axis the predicted
O-glycosylation potential at that position. All values above the averaged surface accessibility derived threshold (dotted line) can be regarded as
O-glycosylated. Below is plotted the predicted mucin type O-glycosylation sites in 9 HIV-2 gp120 sequences (middle) and in 9 SIV gp110 sequences
(lower panel). Variable regions in HIV-1 gp120 are indicated by bars. For HIV-1 the gp120 serine/threonine content was 15.6% and 34 sites were
predicted (1.6%). For HIV-2 the gp120 serine/threonine content was 16.3% and 71 sites were predicted (10.1%). For SIV the gp110 serine/threonine
content was 16.1% and 102 sites were predicted (14.0%).
GalNAc transferase have been silenced in order to delineate
their subtle differences in specificity.

The fact that the acceptor motifs for serine were less
recognizable by the networks and less efficiently
glycosylated in vitro [16, 26, 38, 69, 70, 74] by purified Gal-
NAc transferase, may indicate that this enzyme family ori-
ginally was ‘designed’ for glycosylation of threonine
residues. One may speculate that glycosylation of serine
sites originally was a stereo-chemical failure of the enzyme
to distinguish between the very similar hydroxyl side chains
of serine and threonine.

Our finding of conserved O-glycosylation sites in V1 of
the SIV env glycoprotein is experimentally confirmed by the
recent work of Overbaugh et al. [72]. The O-glycosylation
sites in V1 of HIV-2 also seems to be conserved. However
O-glycosylation of HIV-1 is not predicted to be conserved
as we find at least one positive signal in only 18 of the 29
HIV-1 gp120 strains examined. In these the O-glycosylation
sites were not all located in the V1 but also in the C3, V4 and
C2 domains (Figure 4 and Table 4). For these 18 strains 1 to
5 sites are predicted which correspond to the experimentally
estimated 3—8 O-linked oligosaccharides in HIV-1 gp120
[42, 43]. However, in these studies only three laboratory
adapted strains have been examined. Conservation of
O-glycosylation sites in gp120 from an array of primary
HIV-1 isolates cultured in human leukocytes have yet to be



126 Hansen et al.
Table 4. The 20 unique sites with highest potential for mucin type O-glycosylation in HIV-1, HIV-2 and SIV envelope glycoproteins.
The strain name refers to the Swiss-prot entry code. Sites with identical sequence to the shown have been omitted. Numbering are
without signal peptide.

Predicted sites Sub-sequence Potential Region

HIV-1 strain
ENV–HV1RH Thr-112 NGTNV-T-SSSGG 0.9689 V1
ENV–HV1SC Thr-110 RNDTS-T-NATNT 0.9678 V1
ENV–HV1ND Ser-331 ITFKP-T-SGGDP 0.9441 C3
ENV–HV1SC Thr-116 NATNT-S-SSNRG 0.9398 V1
ENV–HV1Y2 Thr-110 RNATN-T-TSSSW 0.9376 V1
ENV–HV1MA Thr-378 RLSNS-T-ESTGS 0.9030 V4
ENV–HV1J3 Thr-t14 PNATN-S-TSSGG 0.9027 V1
ENV–HV1Z2 Ser-332 IIFKP-T-SGGDP 0.8553 C3
ENV–HV1SC Thr-115 TNATN-T-TSSNR 0.8252 V1
ENV–HV1Y2 Thr-111 NATNT-T-SSSWE 0.8210 V1
ENV–HV1BR Thr-115 TNSSN-T-NSSSG 0.8081 V1
ENV–HV1EL Ser-333 IKFKP-S-SGGDP 0.7887 C3
ENV–HV1Z6 Ser-334 IIFKP-S-SGGDA 0.7834 C3
ENV–HV1JR Ser-109 TNTTS-S-SEGMM 0.7818 V1
ENV–HV1JR Thr-106 VNATN-T-TSSSE 0.7813 V1
ENV–HV1OY Thr-106 CTDVN-T-TSSSL 0.6981 V1
ENV–HV1ND Ser-332 TFKPS-S-GGDPE 0.6959 C3
ENV–HV1OY Thr-115 SLRNA-T-NTTSS 0.6821 V1
ENV–HV1H2 Thr-372 NSTWS-T-EGSNN 0.6752 V4
ENV–HV1B1 Ser-169 TSCNT-S-VITQA 0.6695 C2

HIV-2 strain
ENV–HV2RO Ser-108 NTTSK-S-TSTTT 0.9993 V1
ENV–HV2BE Ser-109 NPRTS-S-STTSR 0.9990 V1
ENV–HV2BE Ser-110 PRTSS-S-TTSRP 0.9988 V1
ENV–HV2ST Ser-103 AKNTT-S-TPTTT 0.9968 V1
ENV–HV2RO Ser-110 TSKST-S-TTTTT 0.9963 V1
ENV–HV2G1 Ser-105 TTTTG-S-TTGMS 0.9960 V1
ENV–HV2D2 Ser-102 PGNAS-S-TTTTK 0.9956 V1
ENV–HV2RO Thr-113 STSTT-T-TTPTD 0.9922 V1
ENV–HV2BE Thr-112 TSSST-T-SRPPT 0.9922 V1
ENV–HV2RO Ser-106 GNNTT-S-KSTST 0.9919 V1
ENV–HV2CA Ser-110 RTTTP-S-TAKEA 0.9918 V1
ENV–HV2ST Thr-102 TAKNT-T-STPTT 0.9910 V1
ENV–HV2D1 Thr-102 SGTTA-T-PSPPN 0.9909 V1
ENV–HV2CA Thr-106 TTMIR-T-TTPST 0.9909 V1
ENV–HV2D1 Thr-100 ITSGT-T-ATPSP 0.9907 V1
ENV–HV2ST Thr-108 STPTT-T-TTANT 0.9893 V1
ENV–HV2D2 Thr-105 ASSTT-T-TKPTT 0.9893 V1
ENV–HV2ST Thr-106 TTSTP-T-TTTTA 0.9891 V1
ENV–HV2CA Thr-107 TMIRT-T-TPSTA 0.9888 V1
ENV–HV2BE Thr-102 QGNTT-T-PNPRT 0.9884 V1

SIV strain
ENV–SIVSP Ser-118 TTTQA-S-TTPTS 0.9996 V1
ENV–SIVAT Ser-108 TTTPK-S-TGLPC 0.9990 V1
ENV–SIVAG Ser-104 TTTPK-S-TTAST 0.9984 V1
ENV–SIVAG Ser-108 KSTTA-S-TTNIT 0.9970 V1
ENV–SIVM1 Ser-110 STTTA-S-TTTTT 0.9952 V1
ENV–SIVAG Thr-99 NSSEP-T-TTPKS 0.9917 V1
ENV–SIVS4 Thr-109 TAITT-T-ATPSV 0.9913 V1
ENV–SIVM1 Thr-107 TKSST-T-TASTT 0.9913 V1
ENV–SIVAT Thr-103 RATTP-T-TTPKS 0.9908 V1
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Table 4. (Continued)

Predicted sites Sub-sequence Potential Region

ENV–SIVMK Thr-110 STTIT-S-AAPTS 0.9895 V1
ENV–SIVM1 Thr-108 KSSTT-S-ASTTT 0.9888 V1
ENV–SIVSP Thr-104 WGLTG-T-PAPTT 0.9884 V1
ENV–SIVM1 Ser-105 GLTKS-S-TTTAS 0.9883 V1
ENV–SIVSP Thr-120 TQAST-T-PTSPI 0.9881 V1
ENV–SIVM1 Thr-114 ASTTT-T-TTAKS 0.9877 V1
ENV–SIVSP Thr-122 ASTTP-T-SPITA 0.9875 V1
ENV–SIVS4 Thr-108 TTAIT-T-TATPS 0.9875 V1
ENV–SIVA1 Thr-99 LKGSA-T-STPAT 0.9871 V1
ENV–SIVM1 Thr-113 TASTT-T-TTTAK 0.9858 V1
ENV–SIVSP Thr-115 TQTTT-T-QASTT 0.9857 V1
unambiguously demonstrated. If O-glycosylation is not
a conserved feature of HIV-1 gp120, the hope of utilizing
O-linked carbohydrates as a conserved immunogen in
a HIV-1 vaccine [41] is somewhat reduced. In agreement
with the Elhammer method [38] we do not find any poten-
tial O-glycosylation signals in the V3 loop, which is the
principal neutralizing determinant of HIV-1. Secondly, sen-
sitivity to neutralization to O-linked carbohydrate specific
antibodies is not abrogated by deletion of all possible
O-glycosylation sites in the V3 loop, which indicates that
these carbohydrate neutralization epitopes are located out-
side the V3 loop of gp120 [73]. These studies are in conflict
with the study of Bennet et al. [10, 35], who found that the
human GalNAc-T3 transferase in vitro could O-glycosylate
a 15-mer peptide with a sequence derived from a part of the
V3 loop. However, there might exist large differences be-
tween in vitro O-glycosylation of peptides by a partly puri-
fied recombinant transferase and in vivo O-glycosylation of
a real protein in a cell as recently shown by Nehrke et al.
[19]. Secondly, the GalNAc-T3 transferase is preferentially
expressed in pancreas and testis but not in leukocytes, nor
spleen or thymus [35], which are the only tissues where HIV
is produced. This makes GalNAc-T3 transferase mediated
O-glycosylation of HIV-1 gp120 in the V3 loop in vivo less
likely. Other retroviral env glycoproteins such as gp71
Friend murine leukaemia virus have also been shown to be
O-glycosylated [75]. For this glycoprotein our method cor-
rectly identifies the exact location of 5 of the 7 O-linked
glycosylation sites.

By using surface modulated threshold and updating the
data set with new experimentally verified glycosylation sites
the accuracy of our method has increased significantly. In
future, specific neural networks have to be developed for
each isoform of the GalNAc transferase if these isoforms
prove to have marked differences in specificity patterns.
Even when each transferase has been selectively expressed in
an in vivo system, a complete description of its specificity
requires testing 5]1011 different sequences assuming
a nine-mer as acceptor. Another more realistic approach is
to create a database of two hundred specific GalNAc
transferase acceptors and non-acceptors and a primary neu-
ral network could be trained to recognize good acceptors
among random sequences. These could then be synthesized
and tested and the data used for a second network system,
which then will gain accuracy. Such an ‘intelligent iterative
data sampling’ of the otherwise experimentally intractable
sequence space could significantly reduce the time used for
a reasonably accurate description of the specificity of the
GalNAc transferases. We therefore hope that such a close
cooperation between bioinformatics and experimental
glycobiology will be realized in the near future for the
benefit of both. Until then we hope that our tool will prove
useful for identifying putative mucin type O-glycosylation
sites in recently sequenced glycoproteins and for designing
efficient GalNAc transferase acceptor peptides.

Publicly available E-mail and WWW server

The method is publicly available as a WWW tool at
http://www.cbs.dtu.dk/services/NetOGlyc/. Using E-mail
forward sequences to netOglyc@cbs.dtu.dk, send the word
‘help’ to receive information on input and output formats.
The users are encouraged to feedback any experimental
confirmation or falsification of the predictions. Any new
information regarding new glycoproteins with verified sites
are also highly welcome. Both can be used to retrain the
networks to increased performance.
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