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ABSTRACT 

The prediction of transmembrane (TM) helix and topology provides important information about the 

structure and function of a membrane protein. Due to the experimental difficulties in obtaining a 

high-resolution model, computational methods are highly desirable. In this paper, we present a 

hierarchical classification method using support vector machines (SVM) that integrates selected 

features by capturing the sequence-to-structure relationship and developing a new scoring function 

based on membrane protein folding. The proposed approach is evaluated on low- and high-resolution 

data sets with cross-validation and the topology (sidedness) prediction accuracy reaches as high as 

90%. Our method is also found to correctly predict both the location of TM helices and the topology 

for 69% of the low-resolution benchmark set. We also test our method for discrimination between 

soluble and membrane proteins, and achieve very low overall false positive (0.5%) and false 

negative rates (0~1.2%). Lastly, the analysis of the scoring function suggests that the topogeneses of 

single- and multi-spanning TM proteins have different levels of complexity and the consideration of 

inter-loop topogenic interactions for the latter is the key to achieving better predictions. This method 

can facilitate the annotation of membrane proteomes to extract useful structural and functional 

information. It is publicly available at http://bio-cluster.iis.sinica.edu.tw/~bioapp/SVMtop. 
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INTRODUCTION 

Integral membrane proteins represent a diverse class of proteins that constitute the key components 

of various cellular processes, including signal and energy transduction, the regulation and transport 

of ions and macromolecules across membranes, intercellular communication, and cell adhesion.1 The 

biological importance of integral membrane proteins is also highlighted by their abundance, 

estimated at about 20-30% of all genes in both prokaryotic and eukaryotic organisms.2,3 To gain a 

better understanding of how these proteins function, knowledge of their high-resolution structures is 

required. However, very little information about their high-resolution structures is available due to 

difficulties in applying experimental techniques in X-ray crystallography and NMR. Therefore, it is 

necessary to develop computational approaches for elucidating the structural genomics of integral 

membrane proteins.  

Most integral membrane proteins belong to the helix-bundle class in which the basic architecture 

consists of one or more tightly packed transmembrane (TM) α-helices. These TM helices (TMHs) 

form independently stable folding units in a membrane environment. The goal of sequence-based 

prediction methods is to identify the location of TMHs and the topology or orientation of the 

N-terminus relative to the membrane. Studies of the amino acid propensities of TMHs led to the 

development of a plethora of methods based on simple hydrophobicity scales to search for potential 
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membrane-spanning segments.4-6 Meanwhile, topology or sidedness prediction is accomplished by 

methods that incorporate the charge bias distribution between the inner and outer loops, which is 

also known as the ‘positive-inside’ rule.7,8 Model-based approaches using hidden Markov models 

(HMM) to extract information from different regions of a TM protein are highly successful in 

predicting TMHs.3,9-11 Another class of approaches using support vector machines (SVM) or neural 

networks combined with evolutionary information also improve the accuracy of both helix and 

topology prediction.12-14 Consensus prediction methods based on multiple predictors have also been 

developed.15,16 

Here, we present an approach called SVMtop (SVM for transmembrane helix and topology 

prediction), which is based on support vector machines. The task of helix and topology prediction is 

separated into two stages in a hierarchical framework, thus the complexity of each stage is reduced 

and relevant input features can be applied separately. For helix prediction in the first stage, we select 

and integrate multiple input features based on both the sequence and the structure of a TM helix for 

the first SVM classifier. In the second stage, topology (sidedness of the N-terminus) prediction is 

accomplished by the second classifier and a new scoring function called the Alternating Geometric 

Scoring Function (AGSF). To the best of our knowledge, the AGSF is the first attempt to model the 

relationship between the interactions of inter-loop topogenic signals and topogenesis. 

In this paper, we first evaluate our approach on both low- and high-resolution data sets and show 

that it obtains high accuracy for helix and topology predictions and compares favorably with many 

existing methods. Second, we demonstrate that our method can discriminate between soluble and 
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membrane proteins at very low error rates (0% to 1.2%). Lastly, we compare the topology prediction 

accuracy of a well-established topology predictor, namely, the ‘positive-inside’ rule, and the AGSF 

for single-spanning and multi-spanning membrane proteins. Our analysis sheds light on the 

differences in topogenesis between single-spanning and multi-spanning membrane proteins and 

suggests that inter-loop topogenic interactions play an important role in the topogenesis of 

membrane proteins. 

METHODS 

Data sets 

1) Low-resolution membrane proteins: A collection of low-resolution data sets compiled by Möller 

et al.17 containing 145 proteins of good reliability (Trust Level A-C only) from a set of 148 

non-redundant proteins is selected and manually validated using annotations from SWISS-PROT 

release 49.0.18 Two proteins are removed because they have no membrane protein annotations. The 

final data set contains 143 proteins. The SVM models trained on these proteins are used for testing 

on the following data sets. These proteins are listed in Table 1S of the Supporting Information.  

2) High-resolution membrane proteins: A set of high-resolution structures is obtained from MPtopo, 

a database of membrane protein topology.19 The 3D_helix set contains 101 proteins with 

experimentally determined structures. Another set of 231 ‘alpha-non-redundant’ proteins from the 

TMPDB database is also considered.20 We merge these two data sets and use the Cd-hit program to 

remove redundancy at 30% sequence identity.21 The final data set, which contains 258 

non-redundant transmembrane proteins, is used for benchmarking with other methods and topology 
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prediction of single-spanning and multi-spanning membrane proteins. These proteins are listed in 

Table 2S of the Supporting Information. 

3) Soluble proteins: A collection of 616 high-resolution soluble proteins from the Protein Data Bank, 

PDB22, compiled by Chen et al.23 is used to test for the discrimination between soluble and 

membrane proteins. 

System Architecture 

We represent transmembrane helix and topology prediction as a multi-classification problem and 

solve it in two stages using SVM classifiers. Figure 1 shows the overview of the proposed method. 

The SVM classification model uses a hierarchical framework in which a residue is predicted as helix 

(H) or non-helix (~H) in the first stage, followed by the prediction of the topology of the non-helix 

residues in the second. In the first stage, a binary SVM classifier is trained to predict helix and 

non-helix residues (H/~H). TMH candidates are determined and assembled from the predicted helix 

residues into physical segments. In the second stage, we predict the topology of the query protein. 

The non-helix residues (~H) are further discriminated by a second classifier into inner or outer loop 

residues (i/o). Since the residues in a loop segment can have different predicted topology labels (i, o), 

we apply AGSF to determine the final topology of the query protein.  

A sliding window is used to partition a protein sequence into peptides and the class label (H/i/o) of 

the center residue of each peptide is predicted. The optimal length of the sliding window is 

incrementally searched from 3 to 41 for both classifiers. The optimal window size of w1 for the first 

classifier and w2 for the second classifier is 21 and 33, respectively. The SVM models are trained 
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using the Radial Basis Function (RBF) kernel in the LIBSVM package.24 Ten-fold cross-validation is 

used to evaluate our method. The data set is first divided into ten equal-sized subsets, each of which 

is evaluated, in turn, using the classifier trained on the remaining nine subsets. 

Helix prediction 

Feature selection and encoding  

We select multiple input features based on both the sequence and the distinct structural parts of a 

TM helix and integrate them in the first SVM classifier (H/~H). Figure 1S of the Supporting 

Information shows the feature selection based on the structure of a TM helix. The total dimension of 

each peptide encoded by a single feature is the length of the vector multiplied by w1 and the values 

of the feature vectors are scaled in the range of [0, 1]. The encoding of each feature is described 

below:  

1) Amino acid (AA) composition: this feature contains sequence information about a TM helix. A 

vector of length 20 encodes the feature in which each residue of a peptide is represented by one in 

the position corresponding to the type of amino acid, and zeros otherwise. 

2) Di-peptide (DP) composition: this feature is represented by the pair-residue helix propensity, P(X, 

Y), where (X, Y) is an ordered pair of amino acids of X followed by Y. Each residue of a peptide is 

represented by a vector of length 20 in which the position corresponding to the type of amino acid of 

X holds a real value of its pair-residue helix propensity, P(X, Y), and zeros otherwise. 

3) Helix core feature: hydrophobicity is the main driving force behind protein folding in the 

membrane, and the helix core is populated by mainly hydrophobic residues.25 We choose a 
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hydrophobicity scale (HS) recently determined by membrane insertion experiments.26 Each residue 

of a peptide is represented by a vector of length 20 in which the position corresponding to the type of 

amino acid has a real value of its hydrophobicity, and zeros otherwise. 

4) Helix caps feature: the helix-capping regions near the membrane-water interface show a 

preference for aromatic and polar residues.25 These amino acids are characterized by an amphiphilic 

(AM) index that describes the local information at the helix-capping ends.27 Each residue of a 

peptide is represented by a vector of length 20 in which the position corresponding to the type of 

amino acid has a real value of its amphiphilicity, and zeros otherwise. 

5) Helix face feature: a TM helix can be described in terms of its surroundings, depending on 

whether it is buried or exposed to the lipids.28 The predicted relative solvent accessibility (RSA) is 

obtained using the SABLE II server.29 Each residue of a peptide is encoded by two vectors, each of 

length of 20. The positions in the vectors corresponding to the type of amino acid are represented by 

its predicted RSA and confidence, and zeros otherwise.  

Determination of TMH candidates  

Potential TMH segments are identified by determining if they are TMH candidates and subsequently 

assembling them into physical TMH segments. The algorithm proposed in the THUMBUP30 

program is modified as follows: 

Step 1: Filtering Define a cut-off value, lmin, as the minimal length for a TMH candidate. A predicted 

helix segment is a TMH candidate if its length is no shorter than lmin. Otherwise, it is converted to a 

non-helix segment. A TMH candidate is considered for assembly in Steps 2 and 3. 
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Step 2: Extension The optimal TMH length, lopt, is set at 21, to reflect the thickness of the 

hydrocarbon core of a lipid bilayer.30 If the length of a TMH candidate is between lmin and lopt, it is 

extended to lopt from its N- and C-termini. Two or more TMH candidate helices are merged, if they 

overlap after the extension. 

Step 3: Splitting Define lmax, as the cut-off value for the length of a TMH candidate to be split. A 

TMH candidate is split into two helices in the center if its length is greater than or equal to lmax. We 

also define lgap as the number of loop residues to be inserted between the split helices. 

We optimize lmin, lmax, and lgap on the training data set. The optimized values of lmin and lmax for 

best prediction performance are 7 and 33, respectively. The optimized value of lgap is 2. 

Topology prediction 

Feature selection and encoding  

We use evolutionary profiles as the input feature to the second SVM classifier. PSI-BLAST31 search 

is performed on the NCBI non-redundant database.32 The E-value threshold is chosen as 10-5 and we 

allow 5 iterations for the generation of a Position Specific Scoring Matrix (PSSM). Each residue of a 

peptide is represented by a vector composed of 20 log-odds scores indicated by the PSSM. The total 

dimension of each peptide encoded by this feature is the length of the vector multiplied by w2. The 

values of the feature vectors are scaled in the range of [0, 1]. 

Alternating geometric scoring function    

In most cases, an integral membrane protein follows special constraints on its topology such that it 

must start with an inner (i) or outer (o) loop which alternates in order to connect the TM helices. 
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Therefore, the problem of predicting the topology of an integral membrane protein is reduced to 

predicting the orientation of the N-terminal loop. A number of membrane protein topology studies 

indicate that topogenesis is the result of various topogenic signals distributed among the loop regions, 

in which their overall effect is likely additive.33,34 Furthermore, the two-stage membrane protein 

folding model suggests that topogenesis is established soon after the insertion of the 

membrane-spanning segments.35,36 Based on these observations, we formulate the following 

assumptions about topogenesis in the AGSF: 1) the topology of the N-terminal loop is affected by 

the topogenic signals present in the loop regions along the entire protein sequence; and 2) the 

topogenic signals near the N-terminus are more likely a factor in the overall orientation of the 

N-terminal loop since they are inserted at an earlier stage. We incorporate these two assumptions in 

the development of AGSF in order to consider the diminishing contribution of topogenic signals in 

each downstream loop segment, the further away it is from the N-terminus. 

In the AGSF, the contribution of topogenic signals is inversely proportional to the order of the 

loop segments in which they are located relative to the N-terminus in a geometric series: given a 

transmembrane protein that has n non-helical segments (1 and , )js j n n j≤ ≤ ∈N  predicted in the 

first step. For each sj of length | sj |, we define two ratios, Ri and Ro, to represent the predicted ratios 

of the topology labels i and o, respectively: 

( ) (# of inner loop residues in / | |) 100%i j jR j s s= ×          (1) 

( ) (# of outer loop residues in / | |) 100%o j jR j s s= × ,         (2) 
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where Ri + Ro = 100%. To determine the protein topology, we also define two topology scores, TSi 

and TSo, which represent, respectively, the contribution from topogenic signals for the N-terminal 

loop on the inside and the outside of the membrane: 

is odd is even
( ) ( ) ( ) ( )i i o

j j
TS W j R j W j R j= × + ×∑ ∑           (3) 

is even is odd
( ) ( ) ( ) ( )o i o

j j
TS W j R j W j R j= × + ×∑ ∑           (4) 

( 1)( ) 1/ , andj EIW j b b EI− ×= ∈R ,          (5) 

where b and EI denote the base and the exponent increment, respectively. W(j) is a geometric 

function which assigns weights to the Ri (j) and Ro (j) terms. If TSi ≥  TSo, then the predicted 

topology is inside (i); otherwise, it is outside (o). In Figure 2, we show the calculation of the 

topology scores TSi and TSo using AGSF as an example. 

Positive-inside rule 

The positive-inside rule is a strong topology determinant as established by several studies7,8,33,34,37 

and it is compared to AGSF. To predict the topology using the positive-inside rule, we calculate the 

number of positive residues (Arg and Lys) within 10 residues from the helix start or end and 5 

residues into the helices. The positive residues are summed for both the odd- and the even-numbered 

loops. If the sum of the positive charges is greater in the odd- numbered of loops, then the predicted 

topology for the N-terminus is inside (i); otherwise, it is outside (o). In the case when the charge 

difference is zero, the prediction becomes undetermined and thus, we count it as a false prediction. 
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Evaluation metrics 

To assess the prediction accuracy, we follow the evaluation measures as described by Chen et al.23 

There are three types of measures: per-protein, per-segment, and per-residue accuracy as listed in 

Table 1. We define an additional per-protein score, QTM, as the percentage of correctly predicted 

topology models (both the location of helices and topology predicted correctly). For per-residue 

measures, we also use Matthew’s correlation coefficient (MCC), which is a more robust measure 

than using recall or precision alone.38 In addition, we have used an overlap of at least 9 residues for a 

correctly predicted TMH segment, whereas many other methods have used a more relaxed criterion 

of 3 overlapping residues.3,9,14 A correctly predicted TMH segment is defined as a one-to-one 

overlap with the true TMH segment. 

RESULTS  

Cross-validation results and comparison with other methods 

The prediction accuracy of SVMtop is validated on two data sets, including those experimentally 

verified by low- and high-resolution methods. Table 2 shows the cross-validation accuracy of 

SVMtop, which performs very well in terms of the per-segment score %obs
htmQ , correctly predicting at 

least 93% of all observed TM helices. The percentage of proteins with all helices predicted correctly 

(Qok) reaches 73% for the low-resolution set. Most notably, topology prediction is achieved by 

SVMtop with a high level of accuracy over 90% for the low-resolution data as well. The most 

stringent and relevant score, QTM, which calculates the percentage of proteins with both the location 
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of helices and topology predicted correctly, has a success rate of 69% and 63% for low- and 

high-resolution sets, respectively.  

To allow an extensive comparison, we evaluated the benchmark data sets on ten widely used 

methods, namely TMHMM23, HMMTOP29, PHDhtm v.1.9614, MEMSAT339, TopPred28, SOSUI 

1.140, SPLIT441, ConPred II15, Phobius42, and PolyPhobius43, as shown in Table 2. Since we did not 

have the cross-validation results of all the methods compared, we evaluated the benchmarks based 

on their online implementations. As a result, their accuracy may be over-estimated. The most 

important observation is that SVMtop achieves the highest QTM for both data sets. This compares 

with the next best method, the recently updated MEMSAT3, which obtains 68% and 57% in QTM for 

low- and high- resolution data sets, respectively. Specifically, SVMtop improves MEMSAT3 in QTM 

by 6% for the high-resolution proteins.  

With respect to topology prediction, SVMtop also performs competitively against all methods 

assessed, as reflected by TOPO. SVMtop and MEMSAT3 are among the highest scoring methods 

for topology prediction with accuracy better than 80% for both data sets. For helix prediction, 

SVMtop consistently achieves accuracy over 70% in Qok. This compares favorably with ConPred II, 

a consensus method that obtains a Qok score at about 75% for the low-resolution data set, but only 

correctly predicts 69% of the high-resolution set. Slight improvements are seen in per-segment 

scores ( %obs
htmQ and % prd

htmQ ) by SVMtop, which achieves accuracy in the range of 93%-95%. Lastly, in 

terms of per-residue accuracy, SVMtop yields one of the highest scores, as measured by Q2 (91%) 
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and MCC (0.81) in the high-resolution set, and ranks as a close second behind ConPred II and 

PolyPhobius for the low-resolution set.  

Analysis of AGSF on topology prediction accuracy 

The relationship between AGSF and topology prediction accuracy is analyzed in detail. Figure 3 

shows the topology prediction accuracy achieved by applying different parameter values on the 

low-resolution data set. The topology prediction accuracy is indicated by colors and the white circles 

represent the best accuracy (90%). The parameter values of each circle are listed in Table 3S of the 

Supporting Information. The set of values of (b, EI) we used to calculate the topology scores in 

AGSF is (1.6, 1). The black dashed line at b = 1 divides the figure into two blocks, I on the left, and 

II on the right. Three interesting observations can be made from this figure. First, when b < 1 in 

Block I, the topology prediction accuracy is very low, especially for the upper-left region (<70%; 

grey). In this region, AGSF evaluates the downstream terms with an augmenting weight, which is 

equivalent to applying an increasing contribution of topogenic signals that are further away from the 

N-terminus. Second, in Block II, low topology accuracy (~81%; navy) occurs in the left-vertical and 

the lower-horizontal regions. In these two regions, AGSF is simplified to assigning an equal weight 

to all downstream signals in the loop regions. Thus, in such cases, AGSF considers the contribution 

from all topogenic determinants in the downstream sequence equally. Third, also in Block II, a 

slightly lower topology accuracy (87%; green) is observed in the upper-right region when both b and 

EI are large. In this region, AGSF assigns a very small weight to the signals present in the 

downstream loop segments. The only contribution considered in the calculation of the topology 
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scores in this case is dominated by the first N-terminal loop because the downstream signals are 

negligible. 

The poor accuracy in these regions suggests that for better topology prediction accuracy, the 

inclusion of the following two assumptions in AGSF may be important: 1) topogenesis of membrane 

proteins is influenced by topology determinants distributed along the protein sequence and they 

should be considered collectively; and 2) the contribution of each downstream topology determinant 

to the topology of the N-terminal loop is not equal and diminishes as a function the further away it is 

from the N-terminus. 

Discrimination of soluble and membrane proteins 

An important function of a TM helix prediction program is the ability to discriminate between 

soluble and membrane proteins. We apply our method to a data set of 616 soluble proteins taken 

from Chen et al.23 A cut-off length is established as the minimum length of a predicted helix. Any 

protein that does not have at least one helix greater than or equal to the minimum length is classified 

as a soluble protein. The cut-off length is chosen as the function that minimizes the sum of false 

positive and false negative rates for soluble and membrane proteins. In Figure 4, we show the 

selection process of the cut-off length that minimizes the sum of the error rates at 17 residues. A 

false positive represents that a soluble protein has been classified as a membrane protein. Conversely, 

a false negative indicates that a membrane protein has been classified as a soluble protein. There is a 

trade-off between the two depending on the chosen cut-off length.  
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We compare the error rates for several approaches in Table 3. Of all the methods compared, 

SVMtop yields the lowest overall false positive rate of less than 0.5%, while keeping the overall 

false negative rates at less than 1.2%. Some methods, such as TopPred2 and ConPred II, have very 

low false negative rates (0.0%) at the expense of higher false positive rates (>8.0%). The highly 

accurate results achieved by SVMtop demonstrate that it can effectively identify data sets containing 

a mixture of soluble and membrane proteins. Hence, this rapid and accurate method can characterize 

a given proteome by screening out membrane proteins.  

Topology prediction accuracy of single-spanning and multi-spanning membrane proteins 

To further characterize the effect of AGSF and the positive-inside rule on topology prediction, we 

compare their performance on single- and multi-spanning membrane protein classes in the 

high-resolution data set. Any protein predicted by SVMtop with two or more TM helices is counted 

as multi-spanning. In the high-resolution data set, single-spanning membrane proteins account for 

approximately 1/3 of all proteins.  

In Table 4, two interesting observations can be made from the above comparison. First, for the 

multi-spanning membrane proteins, the highest topology prediction accuracy (TOPO) is achieved by 

AGSF when EI = 1 (92%), followed by EI = 0 (90%), and lastly by EI = ∞ (87%). However, for the 

single-spanning proteins, the highest accuracy is achieved when EI = ∞ (83%). When EI = ∞, the 

scoring function is dominated by the first loop because the downstream signals are negligible. 

However, when EI is 0 or 1, the scoring function considers the topogenic signals in all loop 

segments with an equal weight or a diminishing weight, respectively. The results suggest that for 
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multi-spanning TM proteins, the assumptions we made about AGSF, the equivalent of EI = 1, may 

be important for topology prediction accuracy. However, for single-spanning TM proteins, this trend 

is less pronounced. 

Second, the positive-inside rule successfully predicts both classes of membrane proteins with an 

accuracy of 73%-76%. In comparison, the AGSF (b = 1.6, EI = 1) achieves an accuracy (TOPO) of 

81% and 92% for single-spanning and multi-spanning membrane proteins, respectively. Most 

notably, the AGSF improves the positive-inside rule by 16% in the multi-spanning class. This also 

suggests that under the assumptions in the AGSF, the topology of multi-spanning TM proteins can 

be predicted with higher confidence. One limitation of the positive-inside rule becomes apparent 

when the charge difference is zero and the prediction is thus undetermined. From our analysis, the 

undetermined proteins account for about 7% and 9% of our low- and high-resolution data sets, 

respectively.  

DISCUSSION 

From the results of several benchmarks, it is clear that SVMtop is among the top-performing 

predictors for membrane protein topology, particularly in overall prediction accuracy on a 

per-protein basis (QTM). A fundamental difference between SVMtop and the HMM-based methods 

(TMHMM2, HMMTOP2, Phobius, and PolyPhobius) is the architecture of prediction models. 

SVMtop uses a hierarchical scheme that separates helix and topology prediction into two stages, 

whereas the HMM-based methods predict one of the three states of a residue directly. Although the 

latter tend to be less computationally expensive, using a hierarchical scheme may be more intuitive 
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for membrane biologists. This is supported by both experimental and theoretical considerations. 

Experimentally, TM domains can be distinguished from non-TM domains on the basis of 

hydrophobicity.4-6 In two-stage membrane folding, the TM helices first partition laterally into the 

lipid bilayer, followed by their association and possible re-orientation of TM and non-TM 

domains.35,36 Each stage of the folding process is governed by different factors. By using a 

hierarchical scheme, factors determining helix formation or topogenesis can be applied separately to 

improve the prediction in both stages. In fact, the two-stage architecture has been used in earlier 

methods such as TopPred2 and PHDhtm, before the HMM-based methods became the mainstream. 

Although SVMtop employs a prediction framework that is highly similar to that used in TopPred2 

and PHDhtm, the biological features used in each stage are quite different. The success of SVMtop 

in predicting TM helices may be attributed to the combination of both sequence and structural 

features, whereas both TopPred2 and PHDhtm only use hydrophobicity or sequence information in 

the form of single residue compositions or a profile. SVMtop uses several structural features 

corresponding to the helix core, caps, and faces, in which each feature is summarized by 

hydrophobicity, amphiphilicity, and relative solvent accessibility, respectively. In particular, relative 

solvent accessibility may play an important role in predicting the TM helices for multi-spanning 

membrane proteins because individual TM helices can be tightly packed into a bundle and, as a 

result, exhibit different patterns of exposure to lipids.28,44 In contrast, single-spanning membrane 

proteins contain TM helices that are generally in contact with lipids; thus hydrophobicity is a 

determining factor. Amphiphilicity as a helix-capping feature may contribute to the helix prediction 
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at the membrane-water interface, as this region contains different amino acid preferences and 

side-chain snorkeling behavior.45,46  

For the prediction of topology or the sidedness in the second stage, SVMtop uses evolutionary 

information derived from PSL-BLAST profiles and discriminates inside and outside loop segments 

by calculating topology scores through AGSF. The analysis of AGSF’s performance on topology 

prediction accuracy lends support to the assumptions we incorporated in AGSF, which are also 

particularly important for multi-spanning membrane proteins. It can be inferred that the topogeneses 

for single- and multi-spanning membrane proteins are likely influenced by different magnitudes of 

topogenic factors. Remarkably, our results are consistent with topogenesis studies of Type I 

membrane proteins in which cleavable signal sequences cause the N-terminal loop to translocate on 

the exoplasmic side.33 In contrast, multi-spanning membrane proteins are more likely to have 

multiple topogenic signals; hence their final topology is a dynamic process in which changes in 

orientation depend on the contribution of the topogenic signals.  

In applying the positive-inside rule to the prediction of sidedness, there is a significant portion 

(7-9%) of the data sets that remains undetermined as a result of the zero charge difference. Such a 

prediction outcome would be a rare event for SVMtop because the calculation of topology scores is 

not a frequency count. Recently, controversies about membrane proteins that adopt ‘dual’ topologies 

have been resolved and the work by Rapp et al. provided a direct link between the positive-inside 

rule and the duality of membrane topology.47 They showed that the topology of the multi-drug 

resistance protein, EmrE, can be altered by subtly manipulating the positive charges. Thus, the 
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positive-inside rule may be suitable for identifying such dual-topology membrane proteins. However, 

they are generally limited in number and have been estimated at less than 0.1% of the E. coli inner 

membrane proteome.48 In fact, there are no dual-topology proteins in our benchmark data sets, as 

their topologies have been determined by various low- and high-resolution methods. In this respect, 

SVMtop is able to compensate for the insufficiency of topogenic information when using the 

positive-inside rule solely, by increasing the coverage of prediction for those proteins carrying a zero 

charge bias. 

One of the central concepts of AGSF is the topogenic contribution of each downstream loop 

segment given a weight as a function of its distance from the N-terminus. The contribution of 

individual residues to the overall topology is not directly observed because their topogenic 

information is diluted at the segment level. Furthermore, the topology score is calculated as the sum 

of all topogenic signals in their respective loop segments. Therefore, it is difficult to pin-point a 

specific residue responsible for the topology. The positive-inside rule, for example, is a statistical 

rule that correlates the sidedness with the difference of positive charges across the membrane. 

However, it is unlikely that every positively charged residue contributes equally to the topology. 

From the raw output of the SVM classifier, there are no over-represented patterns that correspond to 

strongly predicted topogenic features. One possible interpretation is that the SVM classifier is able to 

detect some as yet uncharacterized topogenic signals with strongly predicted topologies across the 

sequence and their contribution is considered collectively through AGSF.  
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In addition to a robust feature selection criterion, another ingredient for good performance in 

any kernel-based methods such as the SVM is an appropriate choice of kernel function. A formal 

discussion of this topic is beyond the scope of this work, but it is worth mentioning that choosing a 

suitable kernel function is largely context-dependent. In the development of SVMtop, we favored a 

non-linear kernel function such as the RBF (radial basis function) over the linear kernel function 

because the relationship between the class labels (H/~H; i/o) and the features is likely non-linear. 

Second, since the number of instances (Stage 1: >50K; Stage 2: >37K) is much larger than the 

number of features in their respective stages (Stage 1: 80×w1 ; Stage 2: 20×w2), using a non-linear 

kernel may lead to better results.49 As for polynomial kernel function, it has been noted that there are 

more hyperparameters in the polynomial kernel which influences the complexity of model 

selection.49 One important aspect about SVM is that, regardless the type of kernel function used, the 

results do not allow direct interpretation on the sequence level because input sequences are first 

transformed into vectors before mapping via the kernel function in the feature space. Other 

discriminative machine-learning algorithms such as neural networks also share this property in 

which direct interpretations of results in terms of the input is difficult.  

As more high-resolution structures continue to accumulate, more complex architectures in TM 

helices are unveiled. Short helices that do not fully traverse the lipid bilayer are frequently observed 

in many transporters and channels.50 Since these helices are shorter on average, they are easily 

missed by current prediction methods. Furthermore, short helices as re-entrant regions that return to 

the same side of the membrane are exceptions to the alternating topological connectivity in 
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extra-membranous loops. A typical example can be observed in the structure of aquaporin, in which 

the NPA domain is linked by a short helix and the connecting loops exit on the same side of the 

membrane.51 Interestingly, the prediction by SVMtop detects all TM helices, and the C-terminal loop 

is predicted to be localized on the extracellular side. However, the high-resolution structure shows 

that both termini are localized on the cytoplasmic side. One possible explanation is that SVMtop 

enforces the predicted topology to obey the alternating connectivity for loop domains through AGSF. 

The majority of topology prediction methods that embed this biological grammar as part of their 

model architecture do not cope well with the violations as in the case of re-entrant regions. This can 

be explained with the recently modified two-stage membrane protein folding model, which includes 

a third stage when short helices or loops are inserted in the membrane.52 The three-stage model is 

supported by the folding of potassium channel KcsA, which contains a short pore (P) helix and a 

selectivity filter in each subunit of the tetramer.53 It is possible that the more hydrophobic TM 

segments (S1 and S2) insert in the membrane first and associate through helix-helix interactions, 

thereby creating internal spaces for the subsequent folding of the less hydrophobic P-helix. For the 

prediction of re-entrant structures, we believe that current methods would benefit from including a 

third stage by relaxing the constraints built into the prediction models or developing a rule-based 

approach. In addition, a study on re-entrant regions concluded that they carry a higher content of 

aromatic residues.54 This information may be useful in developing algorithms for those irregular 

structures. 
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A common issue with many TM predictors is the presence of signal peptides (SPs). It has been 

shown that due to the hydrophobic h-region in SPs, they are often falsely predicted as TM 

helices.55,56 Therefore, using a signal peptide prediction method such as SignalP as a pre-screening 

step would likely remedy the situation.57 Alternatively, TM predictors that integrate an SP prediction 

method can also identify potential SPs from the sequence. One particularly successful example is 

Phobius, which has shown a significant reduction in false classification rates.43 In the future 

development of SVMtop, we hope to address this problem by incorporating a signal peptide 

predictor. The inclusion of such an extension would undoubtedly result in better discrimination 

between SPs and TM helices. 

CONCLUSION 

Although integral membrane proteins are abundant in many genomes, relatively little is known about 

their three-dimensional structures. Therefore, an accurate topology model that serves as an 

intermediate step is highly valuable. We have presented a new approach using hierarchical SVM 

classifiers and achieved marked improvements in both stages of helix and topology prediction. Our 

method can also discriminate between soluble and membrane proteins with a high degree of 

accuracy and sensitivity. From the analysis of AGSF, we observe that, for multi-spanning TM 

proteins in particular, better accuracy can be obtained by considering the contribution of downstream 

topogenic signals in a diminishing fashion. This finding indicates that topogenesis is governed by 

several topogenic determinants that should be considered collectively when predicting the topology 

of a multi-spanning TM protein. Our work adds to an expanding collection of TM helix and 
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topology prediction methods, which are essential for the determination and modeling of the 

three-dimensional structure of integral membrane proteins. The predictions will provide information 

for further structural and functional studies on membrane proteomes.  
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Figure 1. Flowchart of SVMtop. The left panel describes Helix Prediction of Stage 1 in the order of: 

peptide extraction by sliding windows; feature encoding and scaling; prediction of helix (H) and 

non-helix (~H) residues; determination of TMH candidates. The right panel describes Topology 

Prediction of Stage 2 in the order of: identify non-helical segments; peptide extraction by sliding 

windows; feature encoding and scaling; prediction of inside (i) and outside (o) residues; applying 

AGSF to obtain the final topology. 
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Figure 2. A hypothetical protein as an example for topology prediction using AGSF. Helix 

residues (H, enclosed by cylinders) are predicted by SVMtop before the topology prediction (i/o). 

Predicted loop segments can have more than one type of topology (i, o) from the raw output of 

prediction on a residue basis. First, we calculate the ratios of predicted topology labels (i/o) in each 

loop segment. From this example, Ri(1) = 2/5, Ro(1) = 3/5, Ri(2) = 4/5, Ro(2) = 1/5, Ri(3) = 3/5, and 

Ro(3) = 2/5. Given a set of optimal values of (b, EI) = (1.6, 1), the Topology Scores (TSi and TSo) are 

calculated using AGSF as follows: TSi = [1/(1.60)]×Ri(1) + [1/(1.61)]×Ro(2) + [1/(1.62)]×Ri(3) ≒ 

0.7594. Similarily, TSo ≒ 1.2563. Here, TSo > TSi, therefore, the final topology for the N-terminal 

loop is predicted as outside (o).  
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Figure 3. The relationship of base (b) and exponent increment (EI) in the AGSF and topology 

prediction accuracy (TOPO) in the low-resolution data set. The horizontal-axis: base (b); the 

vertical-axis: exponent increment (EI). Topology prediction accuracy is divided into 14 levels and 

each is coded by a color. A black dashed line at b = 1 divides the figure into Block I and II. In Block 

I, low topology prediction accuracy is observed, especially in the upper-left regions (70-71%). In 

Block II, the best accuracy (90.21%) occurs within the white circles along the region in dark red. 

The value of (b, EI) chosen in the AGSF for topology prediction is (1.6, 1).  
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Figure 4. Determining the helix cut-off length for the discrimination of soluble and membrane 

proteins. The horizontal-axis: helix cut-off length; the vertical-axis: error rate (%). False positive 

rate is indicated by the black line. False negative rates for low- and high-resolution data sets are 

indicated by the dashed and the dotted lines, respectively. The vertical dashed line at 17 residues is 

chosen to minimize the sum of all three errors.  
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Table 1. Evaluation metrics used in this work. Per-protein measures include Qok, TOPO, and QTM. 

Per-segment measures include %obs
htmQ and % prd

htmQ . Per-residue measures include Q2, %
2

obs
TQ , %

2
prd

TQ , 

and MCC. Nprot is the number of proteins in a data set; TP: true positive; TN: true negative; FP: false 

positive; FN: false negative. 

Symbol Formula Description 

Qok 
% %1, 100% for protein

100%, with
0, otherwise

prot

obs prd
htm htm

i

prot

N

i
i if Q Q i

N
δ

δ
∧ =

× =
⎧
⎨
⎩

∑
 

percentage of proteins in which all 

its TMH segments are predicted 

correctly 

TOPO 
   number of proteins with correctly predicted topology

100%
protN

×  
percentage of correctly predicted 

topology 

QTM 
number of proteins with all TMH segments 
         and topology predicted correctly

100%
protN

×  

percentage of proteins in which 

both TMH segments and topology 

are predicted correctly 

%obs
htmQ  number of correctly predicted TM in data set

100%
number of TM observed in data set

×  TMH segment recall 

% prd
htmQ  number of correctly predicted TM in data set

100%
number of TM predicted in data set

×  TMH segment precision 

Q2 100%

number of residues predicted correctly in protein
number of residues in prtoein

prot

prot

N

i

N

i
i

×
∑

averaged percentage of correctly 

predicted TMH residues of all 

proteins 

%
2

obs
TQ  number of residues correctly predicted in TM helices

number of residues observed in TM helices
100%×  TMH residue recall 

%
2

prd
TQ  number of residues correctly predicted in TM helices

number of residues predicted in TM helices
100%×  TMH residue precision 

MCC 

- , where
( )( )( )( )

: number of correctly predicted helix residues 
: number of correctly predicted non-helix residues
: number of incorrectly predicted helix residues
: number of incorr

TP TN FP FN
TP FP TP FN TN FP TN FN

TP
TN
FP
FN

× ×
+ + + +

ectly predicted non-helix residues

 
Matthew’s correlation coefficient 

for TMH residues 
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Table 2. Performance of prediction methods for low- and high-resolution data sets. The value 

of (b, EI) used for SVMtop is (1.6, 1). SOSUI 1.1 does not predict the topology of an integral 

membrane protein, thus TOPO and QTM are not available. 

 Low-resolution 

 Per-protein (%) Per-segment (%) Per-residue (%) Method 

 Qok TOPO QTM %obs
htmQ % prd

htmQ Q2 %
2

obs
TQ  %

2
prd

TQ  MCC 

SVMtop  73.29 90.21 69.23 94.76 93.94 89.23 87.50 80.35 0.77 

TMHMM2  68.53 76.22 58.74 90.39 93.52 89.23 82.82 83.03 0.76 

HMMTOP2  64.34 72.03 55.94 89.96 93.78 87.89 79.36 84.37 0.75 

PHDhtm v.1.96  39.86 67.83 29.37 76.27 85.76 85.35 81.71 76.59 0.71 

MEMSAT3  70.63 88.11 67.83 91.56 90.24 87.91 84.54 77.63 0.73 

TopPred2  57.34 66.43 42.66 86.75 91.13 88.00 76.85 82.90 0.72 

SOSUI 1.1  63.64 - - 88.36 91.55 87.00 80.41 78.66 0.71 

SPLIT4  72.73 83.22 64.34 93.45 91.32 88.07 87.56 76.88 0.74 

ConPred II  74.83 83.92 65.04 94.76 92.21 90.07 84.37 84.13 0.78 

Phobius  72.03 75.52 60.84 92.87 93.14 88.92 83.92 82.57 0.77 

PolyPhobius  71.33 77.62 61.54 94.47 91.54 89.75 86.84 83.11 0.79 

 High-resolution 

 Per-protein (%) Per-segment (%) Per-residue (%) Method 

 Qok TOPO QTM %obs
htmQ % prd

htmQ Q2 %
2

obs
TQ  %

2
prd

TQ  MCC 

SVMtop  72.09 82.17 62.79 92.78 94.46 90.90 87.84 84.36 0.81 

TMHMM2  59.30 68.99 46.12 86.93 93.78 87.70 78.59 83.55 0.74 

HMMTOP2  65.89 75.97 52.71 90.34 89.98 87.68 78.30 82.30 0.73 

PHDhtm v.1.96  38.37 60.47 25.58 74.43 84.59 84.55 78.28 78.03 0.70 

MEMSAT3  64.84 81.40 56.64 87.67 91.09 87.16 79.64 78.84 0.71 

TopPred2  50.39 65.12 37.21 84.50 90.05 86.96 74.06 82.47 0.71 

SOSUI 1.1  56.98 - - 85.06 92.17 86.15 76.88 80.02 0.71 

SPLIT4  65.12 79.07 54.65 89.77 91.56 87.12 83.84 78.00 0.73 

ConPred II  69.14 77.34 55.43 90.94 91.31 88.63 79.99 84.17 0.75 

Phobius  67.05 70.93 54.65 88.72 93.58 87.81 79.42 83.76 0.75 

PolyPhobius  67.44 72.48 55.81 90.91 91.28 88.79 82.66 83.34 0.77 
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Table 3. Error rates between soluble and membrane proteins of all methods compared. False 

positive (FP): a soluble protein classified as a membrane protein; false negative (FN): a membrane 

protein classified as a soluble protein.  

 

 

 

 

 

 

                                                                                           

 

 

                                                                                           

 

 

 

 

 

 

 

 

 

Method False Positive Rate(%) 
False Negative Rates(%) 

Low-resolution High-resolution 

SVMtop 00.49 0.00 1.16 

TMHMM2 01.00 3.50 6.20 

HMMTOP2 06.98 6.30 1.94 

PHDhtm v.1.96 02.00 4.90 5.43 

MEMSAT3 02.11 5.59 6.98 

TopPred2 24.35 0.00 0.00 

SOSUI 1.1 00.97 4.90 6.59 

SPLIT4 07.47 0.00 1.55 

ConPred II 08.77 0.00 0.39 

Phobius 02.11 3.50 5.81 

PolyPhobius 03.73 1.40 3.10 
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Table 4. Comparison between the AGSF and the positive-inside rule on topology (sidedness) 

prediction accuracy (TOPO) for single- and multi-spanning membrane proteins. The numbers 

inside the parentheses indicate the number of single- and multi-spanning proteins out of a total of 

258.  

 Method 

 AGSF Membrane protein type 

 EI = 1 EI = 0 EI = ∞ 
Positive-inside rule 

Single-spanning (86/258)  81.40 79.07 82.56 73.26 

Multi-spanning (172/258)  91.86 89.53 87.21 75.58 

* The value of base (b) in the calculation of AGSF is 1.6 for all values of EI. 
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SYNOPSIS TOC 

SVMtop uses a hierarchical classification scheme of support vector machines to predict the 

transmembrane helix and topology. Helix prediction is accomplished by integrating biological 

features that describe a transmembrane helix in a lipid environment. We also develop a novel scoring 

function which models inter-loop topogenic interactions to predict the topology. Standard 

benchmarks show improved accuracy compared to existing methods in both helix and topology 

predictions, as well as soluble and membrane protein discrimination. 
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