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Abstract

The GOR method of protein secondary structure prediction is described. The original method was 
published by Garnier, Osguthorpe, and Robson in 1978 and was one of the first successful methods to 
predict protein secondary structure from amino acid sequence. The method is based on information 
theory, and an assumption that information function of a protein chain can be approximated by a sum 
of information from single residues and pairs of residues. The analysis of frequencies of occurrence of 
secondary structure for singlets and doublets of residues in a protein database enables prediction of 
secondary structure for new amino acid sequences. Because of these simple physical assumptions the 
GOR method has a conceptual advantage over other later developed methods such as PHD, PSIPRED, 
and others that are based on Machine Learning methods (like Neural Networks), give slightly better 
predictions, but have a “black box” nature. The GOR method has been continuously improved and 
modified for 30 years with the last GOR V version published in 2002, and the GOR V server developed 
in 2005. We discuss here the original GOR method and the GOR V program and the web server. 
Additionally we discuss new highly interesting and important applications of the GOR method to cha-
meleon sequences in protein folding simulations, and for prediction of protein aggregation propensities. 
Our preliminary studies show that the GOR method is a promising and efficient alternative to other 
protein aggregation predicting tools. This shows that the GOR method despite being almost 40 years 
old is still important and has significant potential in application to new scientific problems.
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1  Introduction

The prediction of protein structure from amino acid sequence is one 
of the most important problems in molecular biology. With large-
scale genome sequencing of various organisms and individuals for 
personalized (precision) medicine that produces an enormous 
amount of amino acid sequence data, the problem became even more 
important. Although prediction of tertiary structure is one of the 



8

ultimate goals of protein science, the prediction of secondary struc-
ture from sequence is still a more feasible intermediate step in this 
direction. Furthermore, some knowledge of secondary structure can 
serve as an input for prediction. Instead of predicting the full three-
dimensional structure, it is much easier to predict simplified aspects 
of structure, namely the key structural elements of the protein and 
the location of these elements not in the three-dimensional space but 
along the protein amino acid sequence. This reduces the complex 
three-dimensional problem to a much simpler one-dimensional 
problem. The fundamental elements of the secondary structure of 
proteins are alpha-helices, beta-sheets, coils, and turns. In 1983, 
Kabsch and Sander developed the classification of elements of sec-
ondary structure based mainly on hydrogen bonds between the 
backbone carbonyl and NH groups [1]. Their dictionary of second-
ary structure assignment Database of Secondary Structure in Proteins 
(DSSP) is widely used in protein science, although there are other 
alternative assignment methods, such as STRIDE [2]. According to 
the DSSP classification, there are eight elements of secondary struc-
ture assignment denoted by letters: H (alpha-helix), E (extended 
beta-strand), G (310 helix), I (π-helix), B (bridge, a single residue 
beta-strand), T (beta-turn), S (bend), and C (coil). The eight-letter 
DSSP alphabet requires translation into the three-letter code. For 
instance, for the CASP (Critical Assessment of Structure Prediction) 
experiments, helices (H, G, and I) in the DSSP code are assigned the 
letter H in the three-letter secondary structure code, whereas strands 
(E) and bridges (B) in the DSSP code are translated into sheets (E) 
in the three-letter code. Other elements of the DSSP structure (T, S, 
C) are treated as coil (C). There are, however, other alternative ways 
to make these assignments.

The GOR program is one of the first major methods proposed for 
protein secondary structure prediction from sequence. The origi-
nal article (GOR I) was published by Garnier, Osguthorpe, and 
Robson in 1978, with the first letters of the authors’ names form-
ing the name of the method [3]. The method has been continu-
ously improved and modified during the next 30 years. The first 
version (GOR I) used a small database of 26 proteins with about 
4500 residues. The next version (GOR II) [4] used the enlarged 
database of 75 proteins containing 12,757 residues. Both ver-
sions predicted four conformations (H, E, C, and turns T) and 
were using singlet frequency. Starting with GOR III [5] the 
number of predicted conformations was reduced to three (H, E, 
and C). The GOR III method started to additionally use infor-
mation about the frequencies of pairs (doublets) of residues 
within the window, based on the same database as the earlier ver-
sion. The next version was named GOR IV [6] and it used 267 
protein chains containing 63,566 residues and is still available as 
a web server at https://npsa-prabi.ibcp.fr/cgi-bin/npsa_automat.

1.1  The Original 
GOR Method
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pl?page=npsa_gor4.html. The latest version GOR V is using sev-
eral improvements, including multiple sequence alignments and 
discussed in the next section [7].

Because of its simple assumptions, the GOR method has con-
ceptual advantage over other later developed methods such as 
PHD [8], PSIPRED [5], SPINE-X [9], and others. While these 
secondary structure prediction tools rely on machine learning and 
typically are black boxes in terms of the principles leading to their 
predictions, as we briefly review below, the GOR method’s 
reasoning for arriving at a particular prediction is clearly evident to 
the user. In some cases this clarity may be more significant than the 
slight loss in accuracy of the GOR algorithm.

The GOR algorithm is based on information theory combined 
with Bayesian statistics. One of the basic mathematical tools of 
information theory is the information function I(S,R):

	 I S R P S R P S;( ) = ( ) ( ) log | / 	
(1)

For the problem of protein secondary structure prediction, the 
information function is defined as the logarithm of the ratio of the 
conditional probability P(S|R) of observing conformation S, 
[where S is one of the three states: helix (H), extended (E), or coil 
(C)] for residue R (where R is one of the 20 possible amino acids) 
and the probability P(S) of the occurrence of conformation S. The 
information function I(S;R) is computed from a database of pro-
teins used in the program (267 proteins for GOR IV).

The conformational state of a given residue in the sequence 
depends not only on the type of the amino acid R but also on the 
neighboring residues along the chain within the sliding window. 
GOR IV used a window of 17 residues, that is, for a given residue, 
eight nearest neighboring residues on each side were analyzed.

According to information theory, the information function of 
a complex event can be decomposed into the sum of information 
of simpler events, generally:

	
I S R R R I S R I S R R I S R R Rn n nD D D D; , , ., ; ) ; | , ( ; | ,..,1 2 1 2 1 1¼( ) = + ( ) +¼+ -11( ) 	

(2)

where the information difference is defined as:

	 I S R R R I S R R R I n S R R Rn n ND ; , , ., ; , , ., ; , , .,1 2 1 2 1 2¼( ) = ¼( ) - - ¼( ) 	 (3)

Here, n S−  denotes all conformations different than S. The GOR 
IV method assumed also that the information function is a sum of 
information from single residues (singlets) and pairs of residues 
(doublets) within the window of width 2d +1 (i.e., d = 8, for the 
window of 17 residues):

The GOR Method of Protein Secondary Structure Prediction and Its Application…
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Here the first summation is over singlets and the second summa-
tion is over doublets within the window centered around the j-th 
residue. The pair frequencies of residues Rj and Rj+m with Rj 
occurring in conformations Sj and n-Sj are calculated from the 
database. All 267 proteins in the GOR IV database have well-
determined structures (with crystallographic resolution at least 
2.5 Å). Using the frequencies calculated from the databases, the 
program could predict probabilities of conformational states for a 
new sequence. The accuracy of the prediction with the GOR IV 
program based on single sequences (without multiple alignments) 
tested on the database of 267 sequences with the rigorous jack-
knife methodology was 64.4 %.

The advantage of the GOR method over other methods is that 
it clearly identifies all factors that are included in the analysis and 
calculates probabilities of all three conformational states. Because 
the GOR IV algorithm is computationally fast, it is possible to 
perform the full jack-knife procedure: each time when the predic-
tion for the given sequence (of 267 sequences) is done, the 
sequence is removed from the database and the spectrum of fre-
quencies used for the prediction is recalculated without including 
the information about the query sequence.

Several changes to the GOR IV program to improve the accuracy of 
the secondary structure prediction were made in GOR V. The GOR 
V version of the program is available from http://gor.bb.iastate.edu/

Modifications and improvements incorporated into the GOR 
V version are listed below:

	 1.	Enlarged database of sequences with known secondary struc-
ture was used. The GOR IV database of 267 sequences was 
replaced by a new database of 513 nonredundant domains con-
taining 84,107 residues proposed by Cuff and Barton [10, 11].

	 2.	Some parameters in the GOR algorithm were optimized to 
increase the accuracy of the prediction. The most important 
modification was the introduction of the decision constants in 
the final prediction of the conformational state. The GOR IV 
program had a tendency to overpredict the coil state (C) at the 
cost of the helical conformation (H), and to an even greatest 
extent at the cost of beta-strands (E). Decision parameters 
were therefore introduced to improve predictions.

1.2  The GOR 
V Method

Maksim Kouza et al.
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The predicted probability of the coil (C) conformation must 
be greater by some critical margins than probability of either 
the (H) or (E) states to accept C as the winning conformation. 
The margin for the beta-strands is greater than for helices. The 
introduction of the decision constants significantly improves 
the predicted results by about 1.6 %.

	 3.	The GOR algorithm was modified to include the triplet statis-
tics within the window. The previous versions of the program 
used only single residue statistics (GOR I–II) or the combina-
tion of the single residue and pair residue statistics within the 
window (GOR III–IV). Now the GOR algorithm calculates 
statistics of singlets, pairs, and triplets for the secondary struc-
ture prediction. The addition of the triplets improved the 
accuracy of the prediction by only 0.3 %.

	 4.	A resizable window was applied in the GOR program. The 
previous version of the program (GOR IV) was using the win-
dow having a fixed width of 17 residues, that is, with eight resi-
dues on both sides of the central one. The accuracy of the 
prediction is slightly better for the smaller window of the width 
of 13 residues. The Cuff and Barton database on nonredun-
dant sequences of protein domains includes a significant num-
ber of short sequences, with many of them as short as 20–30 
residues. The prediction of the secondary structure for such 
short sequences is very inaccurate, because of the artificial end 
effect of the window. Residues at the beginning or at the end 
of the sequence have neighbors only on one side of the win-
dow. To overcome this problem smaller windows are used for 
the prediction of the secondary structure of short sequences. 
For sequences up to 25 residues, the window size is seven resi-
dues; for sequences from 26 to 50 residues, the window size is 
nine residues; for sequences 51–100 residues, the window is 
11 residues; and for all sequences longer than 100 residues, the 
window size is 13. The introduction of the resizable window 
allows to include all 513 nonredundant sequences in the pre-
diction procedure.

	 5.	Multiple sequence alignments were used for the secondary 
structure prediction. Multiple sequence alignments from the 
PSI-BLAST [12] program for each of the 513 nonredundant 
sequences from the database were used. The nr database which 
contains all known databases: all nonredundant GeneBank 
CDS translations + PDB + SwissProt + PIR + PRF was used, 
with the maximum number of five iterations in the BLAST 
computations. The number of alignments varied considerably 
depending on the sequence. For some sequences, the BLAST 
program produced more than 2000 alignments, whereas for 
some other sequences, only a few alignments. A small improve-
ment in the prediction is obtained by removing the alignments 
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that are too similar to the query sequence. The best results are 
obtained by skipping all alignments that have identity greater 
than 97 % to the query sequence. Besides the identity threshold, 
various methods of weighting of the alignments in the calcula-
tion of the accuracy of the prediction were used. The method-
ological procedure was based on the calculation of the matrices 
of the probabilities of various (H, E, and C) secondary struc-
ture elements PH(i, j), PE(i, j), and PC(i, j) for each j-th residue 
in the i-th alignment (with the inclusion of alignment gaps). 
The averages over alignments <PH(j)), <PE(j)), and <PC(j)) at 
the j-th position in the alignment were computed and used for 
the prediction of the secondary structure conformation for the 
j-th residue. The simplest method is to use the largest probabil-
ity value max {<PH(j)>, <PE(j)>, <PC(j)>}. We have modified 
this assignment procedure by introducing decision constants. 
The coil state is assigned only if the calculated probability of the 
coil conformation is greater than the probability of the other 
states (H, E) plus the imposed thresholds (0.15 for E and 0.075 
for H). The value of the threshold for the beta-sheets is larger 
than for alpha-helices, because strands were more often errone-
ously predicted as coils.

All calculations for the translation of the eight-state DSSP assign-
ments into the three secondary structure states H, E, and C are the 
same as these used by Frishman and Argos. This means that DSSP 
states H and E were translated to H and E in a three-state code, and 
all other letters of the DSSP code were translated to coil (C). 
Additionally, similar to Frishman and Argos [13], we treated helices 
shorter than five residues (HHHH or less) and sheets shorter than 
three residues (EE or E) like coils, assuming that they are most likely 
prediction errors. The Frishman and Argos assignment scheme is 
therefore highly compatible with the GOR program performance.

We have created the GOR V web server for protein secondary 
structure prediction [14]. The GOR V algorithm combines infor-
mation theory, Bayesian statistics, and evolutionary information. 
In its fifth version, the GOR method reached (with the full jack-
knife procedure) an accuracy of prediction Q3 of 73.5 %.

The GOR V server is based on the database of Cuff and Barton 
[11] of 513 sequentially nonredundant domains, which contains 
84,107 residues. To ensure that such a set was representative of 
available proteins, nonredundancy was defined with stringent tests. 
The address of the GOR V web server is http://gor.bb.iastate.edu.

The GORV server works in the following manner. When the 
user provides the input sequence, the GORV server that was 
trained on 513 proteins calculates the helix, sheet, and coil proba-
bilities at each residue position and makes an initial prediction 
based on the structural states having highest probabilities. After 
this initial prediction, heuristic rules are applied. These rules 

1.3  GOR V 
Web Server

Maksim Kouza et al.
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include converting helices shorter than five residues and sheets 
shorter than two residues to coil and using decision parameters.

The required input data includes (Fig. 1):

●● Sequence name (optional). Name of the sequence or protein 
will appear in the Result page.

●● User’s e-mail address. An e-mail address to send the predicted 
information and notify of job completion.

●● Protein sequence. The server accepts 20 single letter codes for 
standard amino acids, maximum 1000 amino acids in length.

For A domain of protein G (GA), the example protein shown in 
Fig. 1, the sequence can be accessed from the Protein Data Bank data-
base (http://www.rcsb.org) or Uniprot database (http://www.uni-
prot.org/). The sequence of GA protein is deposited in PDB and 
Uniprot databases under identifiers 2FS1 and Q51918, respectively.

As an output, the user receives the secondary structure prediction 
for the input sequence and the probabilities for each secondary 
state element at each position. The prediction results are shown in 
the web browser, which should stay open during the run, and are 
also sent to the e-mail address previously provided by the user. Any 
run-time error message will appear in the web browser, and if any 
problem arises, the user can contact the system administrator via 
the e-mail provided on the web page.

GOR V web server output data is shown in Fig. 2. The server 
provides the following: at the top of the output page a user 
might get either messages that the submission has been carried 
out successfully (“The e-mail address is accepted. The sequence 
is accepted. BLAST run is completed. GOR run is completed.”) 
or error messages. If no submission errors have occurred, the 
secondary structure prediction is provided in a three-letter code: 
E-beta structure, H-helix, C-coil or loop. For the GA protein 
amino acid sequence, MEAV DANSLA10QAKEA AIKEL20KQYG 
IGDYYI30KLIN NAKTVE40GVESL KNEIL50KALPTE, we 
have obtained the following secondary structure predic-
tion: CCCCHH HHHH10HHHHHH HHHH20HCCCCC 
CHHH30HHCCCCHHHH40HHHHHHHHHC50CCCCCC. 
Thus, GOR V web server predicted 3 alpha-helices, H1 [1, 5–18], 
H2 [25–29], and H3 [34–46] for GA protein which is in excellent 
agreement with the results of the DSSP algorithm [1] applied to the 
crystal structure (pdb code 2FS1). The structure predicted by DSSP is 
shown in Fig. 3. There are 3 alpha-helices: H1 [1, 5–20], H2 [24–31], 
H3 [36–48]. It is worth noting that more popular PSIPRED server 
fails to describe the entire range of complexity observed in GA folded 
structure. Namely, its prediction CHHH HHHHHH10HHHHH 
HHHHH20HHCCH HHHHH30HHHHHHHHHH40HHHH 
HHHHHH50HHCCCC suggests the presence of two helices, first 

1.4  Input Data

1.5  Output Data

The GOR Method of Protein Secondary Structure Prediction and Its Application…
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Fig. 1 GOR V web server screenshot. Example input interface is presented for GA protein sequence

Maksim Kouza et al.
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Fig. 2 GOR V web server screenshot. Example output interface is presented for GA protein

The GOR Method of Protein Secondary Structure Prediction and Its Application…
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helix located from residue 2 to 22, H1 [1–19], and the second one 
located between residues 25 and 52, H2 [22–49]. Thus, for pro-
tein GA, the PSIPRED prediction is less accurate than the results 
obtained by the GOR server.

Currently, the server is running Linux with 4.5GB RAM and 140GB 
memory. The program code is compiled using the Intel Fortran 
Compiler 8.0.034, and the web interface is established with a CGI 
script written using HTML and PERL. In order to use the GOR 
web server a user needs a personal computer workstation connected 
to the Internet. The GOR web server is compatible with most of 
popular web browsers like Google Chrome, Mozilla, or Safari.

The GOR web server is freely available at http://gor.bb.iastate.edu. 
Prediction time depends on the number of amino acids of the input 
sequence. For a sequence of ~100 amino acids, the secondary struc-
ture prediction takes ~30 s. The most time-consuming steps are PSI-
BLAST alignments that in some cases, e.g., for many hits or slowly 
converging iterations, may take considerable time. Note, that the 
older version of the GOR server [6], GOR secondary structure pre-
diction method version IV, is also available online at https://npsa-
prabi.ibcp.fr/cgi-bin/npsa_automat.pl?page=npsa_gor4.html.

2  Methods

Secondary structure predictions of user submitted sequence 
obtained by GOR, PSIPRED, or similar algorithms might be used 
as additional input for structure prediction servers [15, 16] or as 
well as for the protein-peptide docking servers [17, 18]. Apart 
from protein sequence, those servers typically use some informa-
tion about the predicted secondary structure of a protein or a pep-
tide. For example, the CABS-fold web server provides tools for 
protein structure prediction not from sequence only (de novo 
modeling), but also using alternative templates [15]. If you get the 
secondary structure predicted for some residues of the sequence of 
interest, you can specify the secondary structure for structure 

1.6  Hardware

1.7  Availability

2.1  Secondary 
Structure Prediction 
with the GOR Model 
– Features 
and Applications
2.1.1  Combining 
Secondary Structure 
Prediction with Structure 
Prediction Servers 
to Reduce the Search Space

DSSP

PDB
PDB

DSSP Legend
T: turn

empty: no secondary structure assigned

S: bend

H: alpha helix

M I IIYYLEAVDAN NNS AQAKEAA A AIK KT TVE E ESL LPLK KNE IEL LK KQ GDYG GV

1 10 20 30 40 50 56

Fig. 3 Sequence chain view for GA protein (pdb code 2FSI) taken from Protein Data Bank (http://www.rcsb.org)
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prediction web servers. By default, CABS-fold uses the PSIPRED 
method [19] prediction, but alternatively predictions by the GOR 
server can be used.

Although PSIPRED is probably the most commonly used 
secondary structure prediction method and, in general, it has 
been reported to be around 5 % more accurate than the GOR 
method, we have shown above that the GOR-V secondary 
structure prediction for GA protein is in better agreement with 
DSSP.  An interesting question is whether this observation is 
also valid for other proteins? To check this, we choose concep-
tually different protein to GA protein: the B domain of protein 
G (GB) that consists of one alpha-helix and four beta-strands. 
Moreover, if we compare predictions by PSIPRED and GOR 
methods for another well-studied protein, B domain of protein 
G (GB), we see slightly better performance of the GOR over 
PSIPRED method. Namely, for GB protein amino acid sequence, 
MTYKLILNGKTLK GETTTEAVDAATAEKVFKQYANDNGVD 
GEWTYDDATKTFTVTE, the following secondary structure 
predictions are obtained: CCCEEEECCC10 CCCCCCCHHH20 
HHHHHHHHHH30HHH HCCCCCC40CEEEE CCCCC50EEEE 
CC and CEEEE EEECE10 ECCCCHH HHH20HCHHH  
HHHHH30HHHHHH CCCC40CCEEECCCCE50EEEEEC by 
using GOR and PSIPRED methods, respectively. Figure 4 shows 
the secondary structure for GB protein assigned by DSSP pro-
gram. There are four beta-strands and one alpha-helix, S1 [2–8], 
S2 [1, 6, 11, 13–16], H1 [20–33], S3 [39–43], and S4 [49–52]. 
Both methods detect S1, S3, and S4 strands as well as alpha-helix 
observed in the native conformation of protein GB. It should be 
noted that both methods have shortcomings, e.g., H1 is predicted 
by GOR to start from the residue 18 and ends at the residue 34, 
while PSIPRED produces wrong prediction of beta-strand located 
from residue 9 to 10 and alpha-helix located between residues 16 
and 21. As in protein the GA case, structure prediction for protein 
GB by the GOR-V server appears to be more accurate than by 
PSIPRED.

An advantage of the GOR server is that it not only provides the 
secondary structure prediction for the input sequence but also 
offers the probabilities for each secondary state element at each 
position. This feature can be extremely useful for studying folding 
process of a protein by considering not only the single native state 
but also the complement structure(s), which might be observed 
with lower probabilities. A good example of such scenario is the 
mutants GA98 and GB98 with sequence identity of 98 %, which 
were obtained by performing a set of mutation experiments start-
ing from wild-type forms of proteins GA and GB [20, 21]. Note 
that the wild-type proteins GA and GB have no significant sequence 
homology and have different folds. The mutants GA98 and GB98 

2.1.2  Modeling 
Chameleon Sequences 
of Proteins with the Help 
of GOR Method
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differ in one amino acid, but fold into different three-dimensional 
structures and perform different functions. GA98 shares the 
3-alpha-helices fold of the parent protein GA, while GB98 shares 
the mixed alpha/beta fold of the parent protein GB. Interestingly, 
in the case of GA98, the competing structure (resembling the B 
domain of protein G instead of the A domain) is also observed 
experimentally with a certain, but low, probability [22, 23].

Figure 5 shows the probabilities to form alpha-helix and beta-
strand as a function of residue position for GA (Fig. 5a), mutants 
GA30 and GA98 (Fig. 5b, c), GB (Fig. 5d), mutants GB30 and 
GB98 (Fig. 5e, f). In case of protein GB and its mutants, probabili-
ties remain almost unchanged, while in case of protein GA and its 
mutants, we observe a switch between alpha fold of GA (and GA30) 
and alpha/beta fold of GA98. Experimentally in the case of GA98 
protein, both alpha and alpha/beta folds were reported, whereas for 
GB98 only an alpha/beta fold of a parent GB protein [22].

Another example is the chameleon behavior of certain seg-
ments of protein sequence, which do not have a high preference 
for a particular conformation. The N-terminal fragment of the 
49-residue protein CFr has been shown to fold into a helical struc-
ture, then unfold and finally refold into an extended beta-strand 
conformation [24, 25]. Incorporation of the GOR server predic-
tions of both (alpha-helix and beta-strand) probabilities instead of 
only the most probable one might help to detect not only the 
native state, but also those observed with lower probabilities. We 
are now using a combination of the structure-based model [26, 
27] with CABS software [28, 29] to test the effectiveness of this 
idea in ongoing simulations.

The protein sequence determines its ability not only to fold but 
also to misfold and aggregate. Fibril formation resulting from pro-
tein misfolding and aggregation is a hallmark of several well-known 
neurodegenerative diseases such as Alzheimer’s, type 2 diabetes, or 
Parkinson’s diseases [30, 31]. The list of disorders linked to 

2.1.3  GOR Server 
as a Protein Aggregation 
Prediction Tool

DSSP

PDB
PDB

DSSP Legend
T: turn

empty: no secondary structure assigned

S: bend

E: beta strand

H: alpha helix

M Y DN QY YA A AN ND DDDA AK KK AI T T TT TT T T TF ETTV V VFE E E KEWL LL K KG G G GV

1 10 20 30 40 50 56

Fig. 4 Sequence chain view for the GB protein (pdb code 1PGB) taken from the Protein Data Bank (http://www.
rcsb.org)
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protein misfolding continues to grow. For example, very 
recently the preeclampsia [32], a pregnancy-specific disorder, has 
been added to the list as it was shown to share pathophysiological 
features with recognized protein misfolding disorders. Although 
amyloid forming proteins and peptides exhibit no obvious sequence 
or structure homology, in many cases protein aggregates take the 
form of amyloid fibrils with high beta-sheet content. This suggests 
that the protein ability to misfold and aggregate can be described 
by general principles.

Recent theoretical and experimental results have indicated that 
protein aggregation rates depend on a number of factors such as 
the hydrophobicity of side chains [33, 34], preformed template 
fluctuations [35, 36], net charge [37], patterns of polar and non-
polar residues [38], diverse secondary structure elements [39], 
high β-content [40], aromatic interactions [41], and the popula-
tion of the fibril-prone conformation in the monomeric state [42, 
43]. Many of those factors are used by bioinformatics predictive 
tools [44–48] to detect aggregation-prone fragments of proteins. 
Most of the predictive tools including TANGO [44], Aggrescan 
[45], Fold-amyloid [46], and Zyggregator [47] rely on a polypep-
tide chain sequence. For each sequence, those servers calculate 
own score and report aggregation-prone fragments of polypeptide 
sequence. Zyggregator predicts the aggregation-prone regions of 
polypeptide sequence based on a number of factors like hydropho-
bicity, charge, local stability, and the propensity to adopt alpha-
helical or beta-sheet structures [47]. Aggrescan predictions are 

Fig. 5 Amino acid propensities for alpha-helices and beta-sheets as obtained by GOR method for protein GA 
(a) and GB (d) as well as their mutants GA30 (b), GA98 (c), GB30 (e), GB98 (f). In the case of protein GB and its 
mutants, probabilities remain almost unchanged (d–f), while in the case of protein GA and its mutants (a–c), 
we observe a switch from two alpha-helices (a, b) to three beta-strands (c)
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based on an aggregation-propensity scale for natural amino acids 
derived from in vivo experiments and on the assumption that short 
and specific sequence stretches modulate protein aggregation [45].

In this work we test the GOR approach for the prediction of 
aggregation properties of protein structures. High beta-content in 
a monomeric state is one of the factors governing the fibril forma-
tion time [40]. Based on this, it is reasonable to assume that a high 
probability of amino acid to form beta-strand might correspond to 
its high aggregation propensity.

The accumulation of the beta-amyloid peptides found in two 
forms either 40 (Abeta1-40) or 42 (Abeta1-42) amino acids in 
human brains has been linked to Alzheimer’s disease (AD) [31, 
49]. Parkinson’s disease, type 2 diabetes, and a disease known as 
dialysis-related amyloidosis are associated with the accumulation 
of amyloidogenic proteins: human alpha-synuclein, amylin, and 
beta-2 microglobulin respectively [50–52]. We choose these 
four proteins to investigate the effectiveness of the GOR method 
to predict aggregation-prone fragments of polypeptide sequence.

Figure 6 shows the propensity to form beta-strand as a func-
tion of residue index for typical amyloidogenic proteins, Abeta1-40, 
human alpha-synuclein, amylin, and beta-2 microglobulin. The 
beta-sheet propensity profile of Abeta1-40 has four peaks located at 
residue positions 4, 12, 17, and 32 (Fig. 6a). Note that two major 
peaks involving residues 17 and 32 correspond to the regions of 
high aggregation propensity determined experimentally (illus-
trated by red boundaries of squares). Namely, the central core of 
beta-amyloid involving residues 16–21 and the C-terminal frag-
ment (residues 30–40).

The aggregation-prone interval from beta-sheet propensity 
profile can be identified as, ΔRi=Ri1 − Ri2, where Ri1 and Ri2 are 
the closest points to the half-maximum of the peak, Ri. We defined 
a fibril-prone conformation as one if beta-sheet probability exceeds 
the 40 %. Using the above definitions we detected aggregation-
prone regions for four typical amyloidogenic proteins, abeta1-40, 
human alpha-synuclein, amylin, and beta-2 microglobulin 
(Table  1). Experimental results are also provided (Table  1 and 
Fig. 6) for comparison of GOR capability to predict aggregation-
prone fragments of protein sequence.

In general, a peak in sheet propensity profiles can be inter-
preted as a sign of aggregation-prone fragment of protein sequence 
(except for the second peak for Abeta1-40 and the first one for amy-
lin). We believe that given the simplicity of the approach this agree-
ment can be considered satisfactory and validates the use of the 
GOR method as an efficient alternative to other protein aggrega-
tion prediction tools.

Maksim Kouza et al.



21

Fig. 6 Beta-sheet propensity profiles for Abeta1-40 (a), amylin (b), alpha-synuclein (30–110) (c), beta-2 microglobulin 
[18–37] (d). Red boundaries of squares illustrate beta-strands of amyloid fibrils as determined by NMR experiment

Table 1  
Comparison of GOR predictions with the regions adopting beta-strand configurations of different 
amyloid fibrils observed by NMR measurements

Protein
Experimentally known beta-strands of amyloid 
fibrils GOR prediction

Abeta1-40 −
β1: 16–21
β2: 30–40

10–13
17–21
32–38

Alpha-synuclein (30–110) β1: 38–44
β2: 49–58
β3: 63–80
−
β4: 92–96

36–41
47–55
68–78
86–90
92−96

Amylin −
β1: 12–17
β2: 22–27
β3: 31–37

4–8
14–17
21–31
−

Beta-2 microglobulin [17–38] β1: 21–30
β2: 33–40

23–29
33–39
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