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Abstract - Many proteins contain a signal sequence at 
their COOH-terminus recognized by glycosylphosphatidyl- 
inositol (GPI) anchor and attached on the membrane. 
Experimental result suggests that the overall hydrophobi- 
city of COOH-terminus is more important than precise 
sequence. We use a machine learning technique, support 
vector machine, to examine requirement for identifying this 
signal sequence measured at hydrophobicity scale by 
computational methodology. Effects of hydrophobicity of 
the signal sequence at multilevel and different segments of 
the signal motif proposed by previous works on their 
identification were investigated. For precisely identifying 
the signal sequence, we found that 15 residues (a 
hydrophobic domain) proximity to the COOH-terminus of 
the signal sequence is necessary. This result is consistent 
with observations from experimental methodology. 
Moreover, aside from 15 residues, the segment of 40 
residues on COOH-terminus also contributes to its precise 
identification. 
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1 Introduction 
     Glycosylphosphatidylinositol (GPI) lipid modification 
spotlighted as an important means for protein post-
translational modification has been widely studied since the 
existence of GPI anchor was accepted in the mid 1980s [1]. 
Many proteins are anchored to the membrane via the GPI 
anchor or a similar functional anchor termed as 

Glycosylsphingolipidinositol (GSI) anchor that is also 
called GPI-like-anchor. In GPI lipid modification, the 
COOH-terminal signal sequence of precursor proteins is 
cleaved followed by the addition of GPI moiety (the new 
COOH-terminus known as w-site). Distribution of GPI-
(like)-anchored proteins among organisms is so wide 
ranging from bacteria to human beings and their functions 
also are diverse, such as Alkaline phosphatase[2]-
hydrolytic enzymes, Neural cell adhesion molecule[3]-
adhesion proteins, Folate receptor[4]-receptor, Scrapie 
prion protein[5], and Thy-1-antigens[6]. Previous 
experimental studies[7-9] with intact cells and cell-free 
systems have shown that the COOH-terminal signal 
sequence of GPI-anchored proteins has a feature of 
uncharged, predominant hydrophobicity and certain 
minimal length. Moreover, distinctive characteristics of 
GPI-anchored proteins are the location of a typical w-site is 
not far from the COOH-terminus aside from few exception 
reported[8] and only certain residues seem to be allowed at 
w, w+1 and w+2 positions[10]. Further, experimental result 
suggests that the overall hydrophobicity of COOH-
terminus is more important rather than precise sequence 
[11]. Experimental identification[12] of GPI-(like)-
anchored proteins is mainly accomplished by approaches: 
specific enzymatic, chemical cleavage in combination with 
detergent, antibody recognition and metabolic radioactive 
labeling. As currently practiced, all sorts of experimental 
techniques limit these approaches. 



        With the number of the identified GPI-(like)-anchored 
proteins uninterruptedly increasing in the existing protein 
sequence database, identification of the signal sequence has 
been paid much more attentions in the field of 
computational biology. Eisenhaber et al.[13] proposed a 
revised model of the GPI-modification motif on statistical 
analysis of known proteins. The signal sequence is 
composed of four components: unstructured linker region 
(w-11~w-1), the site of cleavage/GPI modification (w-
1~w+2), a spacer region (w+3~w+9) and a hydrophobic tail 
(w+9 or w+10 ~ COOH-terminus). Recent years, machine 
learning techniques have been effective tools for solving 
tasks in many aspects of computational biology so far. 
These techniques could show a good balance between false 
positive and false negative errors for screening of unknown 
samples. Fankhauser et al.[14] presented an approach by 
using self-organizing map (SOM), an unsupervised 
learning method, for identification of the GPI-anchored 
signal sequence. For representing protein sequences in a 
numerical format for inputting into SOM, they evaluated 
several numerical formats generated by using 
hydrophobicity scale (Kyte-Doolittle hydrophobicity 
scale[15]), zentriole, virtual potential independently or 
combination of them. As they merely used hydrophobicity 
scale, prediction accuracy of ~83% is obtained. In their 
work, a protein sequence was represented by a vector of 
hydrophobic values of corresponding residues derived 
from 32 positions in protein COOH-terminus.  

        We introduce a strategy of identifying GPI-(like)-
anchored signal sequence by using support vector machine 
and a single protein descriptor derived from Kyte-Doolittle 
hydrophobicity scale, and achieve the prediction accuracy 
of 95.5%. The single protein descriptor based on 
hydrophobicity scale makes it easy to examine requirement 
for identifying this signal sequence measured at 
hydrophobicity scale by computational methodology. 
Effects of hydrophobicity of the signal sequence at 
multilevel scales and different segments of the signal motif 
proposed by previous works[13] on their identification 
were investigated. For precisely identifying the signal 
sequence, we found that 15 residues (a hydrophobic 
domain) proximity to the COOH-terminus of the signal 
sequence is necessary and indispensable. This result is 
consistent with observations from experimental 
methodology. In addition, the segment of 40 residues on 
the COOH-terminus also contributes to its precise 
identification.  

2 Results 
2.1 Prediction accuracy and sliding window 

size 
 To evaluate the performance of our trained classifier, 
prediction accuracy and the area under the Receiver 
Operating Characteristic (ROC) curve so called AUC value 

under 5-fold cross-validation (CV) test were adopted. A 
dataset consisting of 520 positive and 429 negative entries 
whose lengths of protein sequences are larger than or equal 
to 100 residues was employed. Last 60 residues at COOH-
terminus for each protein sequence were selected as the 
length of input sequence for generating the protein 
descriptor (see also methods), i.e. a feature vector for 
representing the protein sequence and training a SVM 
classifier. Prediction accuracies and AUC values are 
summarized and shown in Table 1. Observing the Table 1, 
prediction accuracies under 5-fold CV test are all over 90% 
except for the situation as window size was set to one 
residue. Furthermore, AUC values of corresponding 
accuracy of above 90% are also close to the ideal value 
(ideal value is 1.0). The closer AUC gets to 1.00, the better 
classification rule is while AUC of less than or equal to 0.5 
indicates that the classification rule is no better than 
random selection in respect to a two-class classifier. A 
series of sliding window size (of an odd number) ranging 
from 1 to 21 was employed to investigate effect of sliding 
window size on prediction accuracy and AUC. Table 1 
shows that prediction accuracy and the highest AUC value 
of the first rank corresponds to sliding window size of 9 
residues. Besides it, if we observe Table 1 vertically, 
another remarkable result is shown that a fluctuation of 
prediction accuracy corresponding to window size of 1 and 
3 respectively is more distinguished than that of any 
subsequently consecutive two pairs of window size. 

Table 1 Window size vs. Prediction accuracy 

Window size Accuracy AUC  

1 70.60 0.7663 

3 94.63 0.9570 

5 95.36 0.9606 

7 95.47 0.9568 

9 95.50 0.9631 

11 94.94 0.9563 

13 94.73 0.9498 

15 94.63 0.9561 

17 94.63 0.9568 

19 94.63 0.9533 

21 94.42 0.9579 

 

2.2 Effect of different regions 
 In order to investigate effects of hydrophobicity of 
different segments of the signal motif proposed by previous 
works[13] on their identification, we conducted elongation 



and deletion simulation (see details in Materials and 
Methods). In the former simulation, tendency of the 
accuracy along with addition of residues uninterruptedly 
appears to go up but decreases again after total amount of 
residues is over 64 residues as input. When the length of 
input sequence reaches to the range of 60-64 residues, the 
SVM classifier shows the best performance as shown in 
Figure 1. In the elongation simulation, it is observed that 
prediction accuracy of about 3.5% (92.0~95.5%) is 
increased. In the latter simulation , accuracy of 95.5% is 
obtained at the initial step, prediction accuracy under 5-
fold CV test decreases sharply along with removal of 
residues from the end of the COOH-terminus in order and 
~20% reduced when 15 residues were removed as can be 
seen in Figure 2. Not only experimental results[16] that 
GPI-anchored protein can be converted to a secreted 
protein after deletion of the hydrophobic domain (15-20 
residues) but also the result obtained here suggests the 
hydrophobic tail for GPI attachment is very important. As 
another demonstration, mean hydrophobic values of 
positions of 100 consecutive residues counted starting from 
COOH-terminus derived from 520 positive and 429 
negative entries were calculated. As shown in Figure 3, 
mean hydrophobic values of each position occupied by the 
last 15-20 residues for positive entries are apparently 
higher than that of corresponding position for negative 
entries. In addition, hydrophoicity of this region are also 
higher than other parts inside 100-residue at COOH-
terminus with respect to positive dataset. 

 

Figure 1 Elongation simulation of GPI-(like)-anchoring 
signals 

3 Discussion  
3.1 Hydrophobicity of GPI-(like)-anchoring 

signals 
        Experimental observations suggest us that the overall 
hydrophobicity of the signal sequence is more important 
than precise sequence. From the viewpoint of prediction 

accuracy, window size of larger than one residue is 
necessary as using Kyte-Doolittle hydrophobicity scale to 
depict hydrophobic property of the signal sequence. 

 

Figure 2 Deletion simulation of GPI-(like)-anchoring 
signals 

 
Figure 3 Plot of mean hydrophobic values of positions 
occupied by 100 COOH-terminal residues for the positive 
dataset (open red circles) and the negative dataset (blue 
stars). 

   It is supported by observations from effects of 
different sliding window sizes on prediction accuracy. i.e. 
prediction accuracy of 94.6% corresponding to window 
size of 3 residues is obtained while as the window size is 
set to one residue, we could only achieve prediction 
accuracy of 70.6% (see also Table 1). Further, Table 1 also 
shows that fluctuation of prediction accuracy is very small 
after applying the window size of larger than one residue. 
As a result, depicting the characteristic of GPI-(like)-
anchored proteins by the protein sequence descriptor 
derived from the Kyte-Doolittle hydrophobic scale is one 
of key factors in our case. We have shown the impact of 
the sliding window size on prediction accuracy using the 



method of hydrophobicity plot in Table 1. The result shows 
that the window size of 9 residues is the best choice for our 
task. Relative hydrophobic values of residues measured by 
the Kyte-Doolittle scale used for transformation of GPI-
(like)-anchored proteins (i.e. the sliding window size=1) 
was also reported in the paper of Fankhauser et al[14]. 
However, prediction accuracy is about 83%. We still must 
notice the discrepancy between the existing work of 
Fankhauser et al. and ours that may result from selection of 
the length, position of input sequences and training 
method. The merit of single protein sequence descriptor 
generated by only using the Kyte-Doolittle scale presented 
in this work, which is based on physical-chemical 
characteristic of amino acids, is  that it is simpler and more 
competitive than that generated by combination of different 
scales for its ease understanding. 

3.2 Optimal length for GPI attachment 
 In respect of effects of different segments on 
prediction accuracy, the results from deletion simulation 
and observation of statistical mean value for each position 
emphasize its importance and indispensability and are in 
accord with experimental observation[16]. Moreover, 
prediction accuracy of ~3.5% improved as addition of the 
segment of 40 residues on COOH-terminus in the 
elongation simulation shows that hydrophobicity of that 
segment strengthens identification of the signal sequence as 
an effective complement. Regarding to optimal length of 
the signal sequence, an unexpected discrepancy occurs that 
the optimal length deduced from experimental observations 
and our work could not be consistent with each other. 
Experimental results of fusion proteins[17] suggest that the 
signal sequence (29-37 residues located at COOH 
terminus) for optimal GPI attachment includes two 
elements at the minimum, a hydrophobic domain(15-20 
residues) and a pair of small residues (positioned 10-12 
residues preceding the hydrophobic domain). However, the 
length of 29-37 residues suggested by experimental results 
is much less than optimal length of 60-64 residues deduced 
from the elongation simulation in this work. Unfortunately, 
little information obtained from experimental methodology 
is available.  

        In summary, to examine requirement for identifying 
GPI-(like)-anchored signal sequence measured at 
hydrophobicity scale, we first found that protein sequence 
descriptor generated by the sliding window algorithm is 
useful for the identification of the signal sequence. Second, 
a hydrophobic tail of GPI-(like)-anchored signal sequence 
is very significant for the identification in accordance with 
results of experimental observations. Third, the segment of 
40 residues counted starting from twentieth residue of 
COOH-terminus unconcerned antecedently can strengthen 
its identification. Further works are still needed to be 
carried out to investigate the region encapsulated by these 
40 residues of GPI-(like)-anchoring signals in more detail, 

especially using experimental methodology and effect of 
NH2-terminal signal of GPI-(like)-anchored proteins on 
identification of GPI anchoring signal sequence. 

4 Materials and Methods 
4.1 Materials 

4.1.1 Positive dataset 
 We collected 587 entries from the database of 
UniProtKB/Swiss-Prot. Those are labeled by  ’GPI-
ANCHOR’ or ’GPI-LIKE-ANCHOR’ in the field of KW 
by searching the database online using a keyword "GPI 
ANCHOR" (Note that the number of GPI-anchor entries 
could be increasing). After getting rid of 56 entries, 531 
entries annotated with definite comments of position of 
lipid modification (w-site) in feature table (FT) field were 
left and finally taken as the positive dataset (i.e. GPI-(like)-
anchored proteins). Among the dataset of 531 entries, 
lengths of sequences of 520 entries are ≥ 100 residues, the 
others are between 50 and 100 residues. 

4.1.2  Negative dataset 
         A 441-entry dataset as the negative dataset selected 
from GenBank by text-based searching was supplied by 
Professor Pascal Mäser, Institute of  Cell Biology, 
University of Bern, who used it as a test dataset in his 
published work[14]. There are 429 entries of sequence 
length ≥  100 residues among the dataset. Components of 
the 429-entry negative dataset are composed of four 
resources from the raw dataset,105 of 107 cytosolic 
proteins, 63 of 68 secreted proteins, 104 of 107 N-TM-C 
(transmembrane proteins with an NH2-terminal export 
signal predicted by SignalP as well as a hydrophobic 
COOH-terminus), and 157 of 159 transmembrane proteins. 
Homology similarity of any two protein sequences in the 
negative set  was less than 50% reduced by the 
employment of Smith/Waterman algorithm. Numbers of 
positive and negative samples are in proportions about 1:1. 

4.2 Methods 

4.2.1 Support vector machine 
 As a supervised learning algorithm, SVM introduced 
by Vapnik and his coworkers[18, 19] is known for its 
outstanding performance and successfully applied in many 
issues of computational biology so far. In present work, we 
use 1-norm soft margin SVM. With respect to a dichotomic 
classification problem, the basic idea behind SVM is to 
map feature vectors by which each sample in a training 
dataset is represented into a high dimensional feature space 
and then construct an optimal separating plane so called 
hyperplane in this space. Subsequently, a boundary of the 
margin between positive and negative samples is 



maximized for giving good generalization properties. The 
decision boundary is used for classification of unknown 
samples. In order to overcome the dimension disaster in 
computation caused by mapping, kernel functions are 
proposed for implicit mapping of input data. In our work, 
radial basic function (RBF) is taken as the kernel function 
for implicitly mapping input vectors into the high 
dimensional feature space. A regularization parameter C of 
SVM and a parameter γ  of RBF kernel function, exp(-
γ ||xi-xj||2), were respectively set to 1 and 1/n, where n is 
the number of elements of a feature vector (i.e. a protein 
sequence descriptor in present work). C  and γ  were not 
optimized for tasks in present work. To implement the 
algorithm of 1-norm soft margin SVM, a Matlab interface 
v2.81 of the software package named Libsvm[20] was 
employed in present work. K-fold cross validation test, 
where K was fixed to 5, was used for evaluating 
performances of SVM classifiers. 

4.2.2 Protein sequence descriptor 
 A numerical sequence (called protein sequence 
descriptor here) readable for support vector machine was 
generated by using a sliding window-based method called 
hydrophobicity plot for transformation of a protein primary 
structure. Hydrophobicity plot is that a window of a given 
size slides along the protein sequence from NH2-terminus 
to COOH-terminus (one residue at a time in present work) 
and mean value within the window is placed in the 
numerical sequence at each time. For example, 60 residues 
taken from COOH-terminus of a protein sequence and 
window size of 9 residues adopted, , the protein sequence 
descriptor for representing this protein sequence generated 
by using hydrophobicity plot consists of 52 elements, i.e. a 
52-Dimensional vector. In present work, a widely applied 
scale called Kyte-Doolittle scale used for detecting hydro- 
phobic regions in proteins was adopted for delineating 
hydrophobic character of 20 standard amino acids. Hydro- 
phobic regions will be represented by a positive value. 
Sliding window sizes of 5-7 residues will work well for 
identifying surface-exposed regions whereas window sizes 
of 19-21 is well suited for finding transmembrane domains. 
Applying different window sizes make us explore hydro- 
phobicity of protein sequence at multilevel scales. 

4.2.3 Elongation and deletion simulations 
 A systematic study that the effect of varied lengths of 
the COOH-terminal signal sequence with shortening or 
lengthening on correct processing of the GPI-anchored 
protein was carried out by Berger. Here we performed a 
similar consideration in silico to investigate different 
segments of the signal motif proposed by previous works 
on their identification. Two datasets are composed of the 
whole entries and 949 entries (520 positive and 429 
negative entries, ≥100 residues for each protein) selected 

for deletion and elongation simulations(see also Materials), 
respectively. Window Size was set to 9 residues as 
transforming protein sequences by using the method of 
hydrophobicity plot described above into readable data for 
SVM and prediction accuracy was calculated under 5-fold 
CV test. Deletion simulation of COOH-terminal residues 
was carried out through the following steps: 1)50 residues 
counted starting from the end of COOH-terminus for each 
entry to construct the input data for SVM; 2) one residue 
was deleted from the end of COOH-terminus at each time; 
3) prediction accuracy of the trained SVM classifier was 
obtained (parameters were set by default not optimized, see 
also the above section); 4) repeat 2-3 steps and terminated 
when 15 residues from the COOH-terminus for each entry 
were removed. On the contrary, in elongation simulation 
the initial dataset was established with 20 residues counted 
starting from each COOH-terminus of the entire 949 
protein sequences. Then prediction accuracy was 
calculated by adding one residue on the anterior end of 
each input sequence used in last calculation at each time. 
The calculation was terminated when the number of 
residues counted starting from COOH-terminus for each 
protein sequence reached to 80. 
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