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ABSTRACT
Experimental structure determination continues to be challenging for membrane proteins. Computational prediction methods
are therefore needed and widely used to supplement experimental data. Here, we re-examined the state of the art in transmembrane helix prediction based on a nonredundant dataset with 190 high-resolution structures. Analyzing 12 widely-used
and well-known methods using a stringent performance measure, we largely confirmed the expected high level of performance.
On the other hand, all methods performed worse for proteins that could not have been used for development. A few results
stood out: First, all methods predicted proteins in eukaryotes better than those in bacteria. Second, methods worked less well
for proteins with many transmembrane helices. Third, most methods correctly discriminated between soluble and transmembrane proteins. However, several older methods often mistook signal peptides for transmembrane helices. Some newer methods have overcome this shortcoming. In our hands, PolyPhobius and MEMSAT-SVM outperformed other methods.
Proteins 2015; 83:473–484.
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INTRODUCTION
Transmembrane proteins

Protein complexes that are embedded into the membrane carry out essential processes such as transport, signaling, or adhesion. Transmembrane proteins (TMPs)
are involved in many diseases, including cancer, diabetes,
or cystic fibrosis. For example, G protein-coupled receptors (GPCRs) are essential for cell signaling1 and constitute one of the largest families of TMPs in eukaryotes,
with almost 800 genes in human.2 To highlight their
relevance: two recent Nobel Prizes were awarded for
studies on GPCRs and 30% of today’s drugs target
GPCRs.3,4
TMPs are assumed to pass the membrane either
exclusively with transmembrane alpha-helices (TMHs)
or with transmembrane beta-strands by forming
beta-barrels. Beta-barrels have so far been found in
gram-negative and acid-fast bacteria, as well as in
chloroplasts and mitochondria.5 Here, we focus on
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alpha-helical TMPs, the most abundant class of TMPs,
assumed to constitute 20–30% of the proteome of any
organism.6–9
Additional Supporting Information may be found in the online version of this
article.
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Table I
Transmembrane Helix Prediction Methods
Name

Year

Method

Evolutionary information

Signal peptides

Topology

TopPred2
PHDhtm
HMMTOP2
TMHMM2
SOSUI
Phobius
PolyPhobius
MEMSAT3
Philius
SCAMPI
SPOCTOPUS
MEMSAT-SVM

1994
1995
2001
2001
2002
2004
2005
2007
2008
2008
2008
2009

—
NN
HMM
HMM
—
HMM
HMM
NN
DBN
HMM
NN1HMM
SVM

No
Yes
No
No
No
No
Yes
Yes
No
No
Yes
Yes

No
No
No
No
No
Yes
Yes
Yes
Yes
No
Yes
Yes

Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes

Listed are all TMH prediction methods evaluated in chronological order. We chose 12 methods based on popularity and availability for an overview of developments in
TMH prediction during the last 20 years. Given is the name of the method, year of publication, and the machine learning approach used for the prediction (NN: neural
network, HMM: Hidden Markov model, SVM: Support vector machine, DBN: dynamic Bayesian network). We indicate whether evolutionary information from multiple sequence alignments is used, as well as, whether signal peptides and topology (inside/outside location of non-TMH regions with respect to membrane) are
predicted.

Experimental determination of high-resolution structures for TMPs continues to be challenging.10,11 Therefore, these proteins are substantially underrepresented in
the Protein Data Bank (PDB12): fewer than 2% of the
PDB structures are TMPs.11,13 Even when the experimental structures are known, the location of the membrane segments remains to be estimated by algorithms
such as the ones used by OPM (Orientation of Proteins
in the Membrane14) and PDBTM (Protein Data Bank of
Transmembrane Proteins13) or by curated annotations
such as in MPtopo (Membrane Protein Topology
Database15).
The gap between what we want to know about TMPs
(given their biomedical importance) and what we do
know in terms of experimental structures makes prediction methods particularly important. Although the threedimensional (3D) structure can be predicted de
novo16,17 or through comparative modeling,18 for the
majority of TMPs we have yet to be content with the
prediction of secondary structure and topology.19 Reliable methods for the prediction of secondary structure in
nonmembrane proteins20–23 also help in the annotation
and understanding of TMPs. However, these predictors
do not distinguish between alpha-helices within or outside the membrane. For TMPs, knowing the precise location of transmembrane regions is of high importance to
understand protein function and to design experiments.
Several independent evaluations revealed TMH predictions to be rather successful.24–30
A recent analysis focused on evaluating correctly predicted topology.28 We left this perspective out, both to
reduce publication redundancy and because obtaining
reliable, nonambiguous topology data for our dataset is
not trivial. Here, we complemented previous assessments
by tapping into today’s wealth of high-resolution data.
We assembled distinct subsets to highlight different
aspects of performance: (i) new vs. old compares
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performance for TMPs unknown and known during
development, (ii) eukaryotic vs. bacterial allows to spot
origin-specific aspects, and (iii) sets of proteins with different numbers of TMHs. We considered TMH annotations from two different databases (OPM and PDBTM)
to prevent algorithmic bias. In addition, we applied a
more stringent criterion for considering a TMH to be
correctly predicted. Finally, we also used a set of soluble
proteins and proteins (TMPs as well as soluble) with signal peptides.
Over 30 advanced methods predict TMHs; some have
been used for over two decades.31 We focused on the
following 12 (Table I): HMMTOP2,32 MEMSAT3,33
MEMSAT-SVM,34 PHDhtm,35 Philius,36 Phobius,37
PolyPhobius,38 SCAMPI,39 SOSUI,40 SPOCTOPUS,41
TMHMM2,42 and TopPred2.43
MATERIALS AND METHODS
TMPs from the PDB

A major challenge for the development and evaluation
of transmembrane helix (TMH) prediction methods is
the extraction of comprehensive and accurate datasets. In
the past, such datasets relied on TMH annotations from
biochemical experiments. In 2000, M€
oller et al.
assembled a widely used dataset44 that contained carefully extracted information from biochemical experiments, which was later referred to as low-resolution
information—in contrast to high-resolution information
from, for example, X-ray crystallography.24 Surprisingly,
such low-resolution biochemical data turned out to not
be significantly more accurate than prediction methods.24,27,34 Therefore, more recent evaluations focus on
high-resolution structures.24,34,41
We used 462 TMPs (note: here exclusively denoting
proteins with TMHs) common to three databases

Transmembrane Helix Prediction Evaluation

Table II
Discrimination Between TMPs and Soluble Proteins As Well As TMHs and Signal Peptides
no SPs

SPs

Sol

TopPred2a
PHDhtma
HMMTOP2a
TMHMM2a
SOSUIa
Phobius
PolyPhobius
MEMSAT3
Philius
SCAMPIa
SPOCTOPUS
MEMSAT-SVM

Sol

TMP

Euk (5106)
FPR

Gram2 (356)
FPR

Gram1 (911)
FPR

Euk (1297)
FPR

Gram2 (400)
FPR

Gram1 (204)
FPR

Euk (332)
Sens

62
11
21
1
3
3
6
8
2
30
11
6

53
11
17
1
1
1
3
4
1
27
24
5

52
15
15
1
1
1
2
3
1
21
25
6

97
31
56
20
62
4
5
60
3
92
13
25

99.8
17
77
25
32
2
3
47
1
95
3
6

98
39
89
63
44
13
12
67
12
97
13
24

100
97
96
97
97
99
97
100
93
100
97
99

a
Methods predict only TMHs, no option to predict SPs.
Shown are discrimination rates between soluble proteins (Sol) and TMPs and between signal peptides (SP) and TMHs. The datasets are assembled from SignalP4 training sets49: (i) three sets of soluble proteins without SPs: Sol eukaryotic, Gram-positive and Gram-negative bacteria, (ii) soluble proteins with SP (Sol(SP)) and (iii) a
set of eukaryotic TMPs with SPs. Set sizes are given in the table in brackets. For soluble proteins, we consider as false positives all proteins with a predicted TMH and
denote the false positive rate (FPR). For the TMP(SP) set the sensitivity is given. Rates and the sensitivity are given in percent (%) of all proteins of the respective set.
Percentages are rounded to integers, except for values >99.5. For example PolyPhobius misclassifies 62 of 1297 proteins in the eukaryotic Sol(SP) set, that is,
FPR 5 5%.

(retrieved on September 2013): PDB,12 OPM,14 and
PDBTM.13 These 462 proteins have 1101 PDB chains.
We mapped the TMH annotation based on the PDB
ATOM record to the UniProt sequence using SIFTS.45,46
The 1101 PDB chains do not contain chimeras or structure models and have a unique residue-level mapping
between UniProt and ATOM record. For every sequence,
all residues in an annotated TMH can be completely
mapped. The resolution of the respective structures is at
least 9 Å (average 2.9 Å).
These 1101 sequences were redundancy reduced at
HVAL>0 using UniqueProt.47 This implied that no pair
of proteins had >20% pairwise sequence identity over
alignment lengths of >250 residues. We weighted sequences to prefer smaller fractions of unmapped residues and
longer sequences. We excluded the PDB chain 3n23:G

(UniProt AC Q58K79) describing the Na1/K1-ATPase
gamma subunit (annotated as TMP in PDBTM), because
its pseudo-TMH is buried in a larger protein complex
rather than contacting the lipid bilayer. This resulted in
an independent test set of 190 TMPs (Supporting Information Table S1). PDBTM and OPM differ for several
proteins, for example, in their annotations of the first (Nterm) and last residues (C-term) in TMHs. We used both
annotations by considering predictions correct if they
matched any of the two. Although these databases might
contain mistakes, we nevertheless prefer to use the systematic bias from consistent automated annotations as
opposed to fully manual annotations which introduce a
different set of challenges. As an exception, we manually
edited annotations in six OPM entries and in one
PDBTM entry, related to kinked and re-entrant helices as

Table III
Evaluation Scores
Name
Q%obs
tmh

number of correctly predicted TMHs/number of TMHs observed

Formula
TMH recall

%pred
Qtmh

number of correctly predicted TMHs/number of TMHs predicted

TMH precision

Qok (%)

100
Nprot

FPR (%)

100 false positives/(false positives + true negatives)

Percentage of false positives among negatives

Sens (%)

100 true positives/(true positives + false negatives)

Percentage of detected positives

3

PNprot
i¼0

8
< 1; if Q%obs ¼ 1 ¼ Q%pred
tmh
tmh
di ; di ¼
:
0; else

Description

Percentage of proteins for which all
TMH positions are correctly predicted

%obs ) and precision (Q %pred ) are pooled for all TMHs of all proteins in the dataset and then averaged once. Qok, that combines recall and preciPer-segment recall (Qtmh
tmh
sion, is calculated for every protein.24 False positive rate (FPR) and Sens(itivity) are employed for the scoring of discrimination between soluble proteins and TMPs.

PROTEINS

475

J. Reeb et al.

detailed in Supporting Information Table S2. In addition
to the TMH annotations from OPM and PDBTM, we
used alpha-helix (H) annotations from DSSP (CMBI version, April 2010).48 First, we extended the TMHs from
OPM and PDBTM, to the full length of the DSSPassigned alpha-helix, thereby ignoring membrane boundaries. Second, we exclusively used alpha-helix annotations
from DSSP, ignoring OPM and PDBTM.
TMP subsets

We separated the 190 TMPs into three subsets. Subset
1, new vs. old: We BLASTed (e-value < 0.1) our TMP
dataset against all datasets used for the development of
the methods we analyzed. The sets for HMMTOP2 and
PHDhtm had to be recreated according to the identifiers
listed in the original publications. For HMMTOP2 UniProt ID tcr1_ecoli and for PHDhtm UniProt ID a1aa_human could not be mapped unambiguously and were
excluded. In this way, we obtained a subset with 146 old
TMPs (used for development) and 44 new TMPs (not
used for development). Subset 2, eukaryotic vs. bacterial:
We separately analyzed performance for 75 eukaryotic and
104 bacterial TMPs. The remaining 11 TMPs were viral
(2) and archaeal (9), too few to support further separation. Subset 3, grouping by number of TMHs: We separated the TMPs by the number of TMHs annotated by
OPM and PDBTM into three sets with 1 TMH, 2–5, and
>5 TMHs. For this, five entries (2lp1:A, 3t9n:E, 1jb0:F,
4hzu:S, and 4i9w:B) had to be excluded, since they would
fall into different bins due to differing numbers of annotated TMHs (Supporting Information Table S1).
Human proteome

The complete human proteome with 20,258 sequences
was retrieved from UniProtKB/Swiss-Prot (release
2014_04). Predictions were performed with PolyPhobius
using the same settings as for the all other predictions. A
single entry (UniProt AC Q8WZ42, Titin) had to be
excluded because it was too long for that method. All
statistics mentioned in Results and Discussion for the
comparison against our dataset, are calculated for 6016
proteins that are predicted to be TMPs.
Soluble non-TM proteins

Sets of soluble proteins without signal peptides were
assembled from the homology reduced SignalP4 data.49
We excluded 12 proteins that could not be handled by
all methods. Finally, we used three sets: a eukaryotic
soluble set with 5106 proteins, a set from Gram-negative
bacteria with 356 proteins, and another from Grampositive bacteria with 911 proteins. The SignalP4 dataset
has no entries from Archaea or viruses.
For an additional comparison on the human proteome, the complete proteome of 20,258 sequences was
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used. Sequences were subjected to prediction with SignalP4.1, which resulted in the following estimates: 14,149
sequences soluble without signal peptide, 3220 soluble
with signal peptide, and 2889 TMPs. Error rates from
Table II were then applied to these sets. For example,
Phobius has error rates of 3%, 4%, and 1% (99% sensitivity) for the previous cases on eukaryotic proteins.
Applying these to the estimates on the proteome results
in 14,149 3 0.03 5 424 errors on soluble proteins without signal peptides, 129 on soluble with signal peptides
and 29 on TMPs. Overall, this suggests that approximately 2.9% of the human proteome are predicted
wrongly.
Datasets with signal peptides

Signal peptides are typically 15–30 residues long and
mediate specific targeting of proteins to different cellular
compartments.50,51 The central section of a signal peptide is commonly highly hydrophobic, thereby resembling TMHs. Some signal peptides are, indeed, not
cleaved off after reaching the target membrane but rather
are embedded as a TMH.52 Many TMH prediction
methods predict signal peptides along with TMHs (Table
I). We evaluated confusions between signal peptides and
TMHs using the following sets of soluble proteins and
TMPs with signal peptides.49
Four signal peptide datasets were built from the SignalP4 data. Soluble proteins and TMPs containing a signal peptide were collected and then split into eukaryotic,
Gram-negative, and Gram-positive entries. We excluded
10 proteins that could not be handled by all methods.
The final sets of soluble proteins with signal peptides
included 297 eukaryotic, 400 Gram-negative, and 204
Gram-positive proteins. The TMP dataset with signal
peptides contained 332 eukaryotic TMPs. There were too
few bacterial TMPs with signal peptides (22 Gramnegative, 3 Gram-positive) to compile performance
separately.
Evaluation measures

We assessed performance through the standard measures: We largely focused on the per-protein score Qok24
(Table III). For this, a TMH counted as correctly predicted, when both TMH endpoints differed less than five
residues between observation and prediction (Fig. 1A).
In addition, any observed TMH matched maximally one
predicted TMH and vice versa. This constraint implicitly
handled the correct prediction of the number and placement of all TMHs simultaneously. We further calculated
performance based only on OPM or PDBTM annotations
and found performance to be higher and less deviating
for OPM (mean Qok 43 6 3) than for PDBTM (mean
Qok 36 6 7; data not shown). The above constraints, in
particular the required overlap, yielded significantly more

Transmembrane Helix Prediction Evaluation

Figure 1
Transmembrane helix prediction performance. Qok scores for all 12 prediction methods on various sets of TMPs. Qok denotes the percentage of
proteins for which all TMHs were correctly predicted (A: TMH endpoints within five or less residues of either OPM or PDBTM annotation for the
whole protein, Methods). Above the bars are the numbers of proteins in each dataset. Error bars are the sample standard deviation generated by
bootstrapping with 1000 draws of half the set size each (cf. Methods). B: Qok is plotted for 190 redundancy-reduced TMPs followed by 44 new
(not used for development) and 146 old (used for development, either the protein itself or homologous proteins) TMPs. All methods clearly performed worse for more recently determined protein structures. The old–new difference for TopPred2 suggested that a significant fraction of the differences might not be explained by over-training. C: All methods reached higher Qoks for eukaryotes than for bacteria. Note that we excluded the
nine archaeal and two sequences of viral origin. D: Performance declines from bitopic TMPs to those with 2–5 TMHs or more. For (D), the number in brackets behind the set size denotes the number of TMHs in the respective subset.

conservative estimates than those provided in previous
evaluations.
Errors were estimated through bootstrapping.53 As the
standard version with putting the data back “into the
pot” tends to underestimate the scientific error, we used
a version in which we randomly drew 1000 times half
the dataset size (for example, 1000 sets with 95 TMPs
each for assessing the error for the full dataset). The
sample standard deviation was calculated as square root
of the sample variance over the 1000 draws.
For the sets of soluble proteins, a prediction was considered as incorrect (FP: false positive), if any TMH was predicted. The calculation of false positive rate (FPR), and
sensitivity for the TMP datasets, is defined in Table III.

For the sets with signal peptides, we additionally checked
if an incorrectly predicted TMH overlapped with an annotated signal peptide (FPR_SP). For this score, we tested 6
overlaps between 1 to 20 residues. In the reported results,
we considered an overlap of predicted TMH and observed
signal peptide by more than 7 residues as incorrect.
Transmembrane helix prediction methods

The 12 prediction methods were chosen according to
various criteria. We sampled some methods of historical
importance for comparison and focused on the more
recent methods that were readily available and had been
claimed to perform at the top. The contenders were as
follows.
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Figure 2
Transmembrane helix statistics. The plots show statistics for the original set of 1101 TMPs (plotted as dark grey bars in A–C) as well as the redundancy reduced set of 190 TMPs (plotted as light grey bars in A–C). We consider annotations from OPM and PDBTM for the evaluation. Therefore,
the statistics shown are based on both annotations as well. A: Distribution of the number of TMHs per protein. B: Distribution of TMH lengths,
where the 1101 proteins in the original set contain 10,676 TMHs and the 190 proteins in the redundancy contain 1148 TMHs. The average TMH
length of 20 residues is indicated by the dotted line. C: Fraction of non-TM residues per protein. Statistics for the eukaryotic, bacterial, new, and
old subsets can be found in Supporting Information Figures S1–S4.

No machine learning

Hidden Markov models (HMM)

TopPred2 43 uses hydrophobicity scales through a relatively simple sliding window approach and chooses the final
topology based on the positive-inside rule.19 SOSUI 40 uses
the Kyte–Doolittle hydrophobicity scale.54 Additionally,
SOSUI employs an amphiphilicity index to account for weak
and strong polar residues at the helix ends.55

HMMTOP232 was the second TMH prediction method
based on HMMs (TMHMM was the first); it relies on the
divergence in amino acid distribution between structural
components of the protein. TMHMM2 42 is based on a
cyclic HMM with modules for a helix core, capping
regions and loops on either side of a transmembrane helix
as well as a single state for globular sequence parts, that
is, loops longer than 20 residues. A major limitation that
was already pointed out by the authors in the original
publication is the high FPR due to the confusion of signal
peptides and TMHs. This shortcoming was tackled by
Phobius37 which essentially combines the HMMs of
TMHMM and the signal peptide model of SignalPHMM.58 PolyPhobius38 additionally incorporates homology information through a new HMM decoder.
SCAMPI39 was developed with the premise that the biological machinery does not know about amino acid distributions and that successful predictions should be possible
from physical principles. In contrast to the other machine
learning-based methods that optimize many parameters,
SCAMPI, although technically an HMM, only optimizes
two parameters and bases the prediction on the estimated

Neural networks (NN)

PHDhtm35,56 was one of the first TMH prediction
methods based on machine learning. It also was the first
to improve performance through the use of evolutionary
information from multiple sequence alignments. MEMSAT3 expanded this by also predicting signal peptides.33
MEMSAT3 applies an external filter to distinguish between
globular and membrane proteins. The most recent NNbased method in our evaluation was SPOCTOPUS.41
SPOCTOPUS which further develops OCTOPUS57 consists of several NNs for different residue types, one of
which models re-entrant helices. It contains an additional
NN with an adjunct hidden Markov model to improve discrimination between signal peptides and TMHs.
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free energy of membrane insertion, given a segment of 21
residues and based on a previously experimentally developed propensity scale.
Bayesian networks

Dynamic Bayesian networks can be considered generalizations of HMMs. We evaluated one method based on
this concept, namely, Philius36 which uses a state transition diagram equal to that employed by Phobius.
Support vector machines (SVMs)

MEMSAT-SVM, the most recent method evaluated
here, consists of five separate SVMs and incorporates
homology information as well as discrimination between
TMHs and signal peptides. It also treats re-entrant helices separately.
For all methods, we used the default parameters and ran
the methods on our machines where stand-alone versions
were available. For all others (SOSUI, Philius), the respective
webservers were employed. As proposed by the authors,
multiple sequence alignments for PolyPhobius were created
using Kalign2.59 All methods requiring a BLAST database
were run on UniProtKB/Swiss-Prot release 2013_09. For
tests regarding the effect of the database size, UniProtKB/
Swiss-Prot release 2014_04 was used, as well as a database
assembled from merging PDB, UniProtKB/Swiss-Prot and
TrEMBL of the same release, redundancy reduced with CDHIT60 at 98% pairwise sequence identity.
The base performance was estimated by three simple
prediction methods: RANDOM first randomly predicted
the number of TMHs (according to the TMH distribution
in the full dataset). The randomly predicted TMHs were
then inserted consecutively, nonoverlapping, with lengths
according to a normal distribution approximating helix
lengths in the dataset (l 5 20.5, r 5 4.3). Another random prediction method, SEMIRANDOM, started with the
correct number of TMHs for every protein, and then
placed TMHs at random along the sequence. The third
background method, HYDRO, used hydrophobicity values
from the Eisenberg scale.61 For a fixed window size of 21,
the sum of hydrophobicity values was calculated at each
position in the sequence. A helix was predicted for all
windows with a sum > 4, beginning from the highest values until all TMHs were placed. Where two helices overlapped, the initial prediction was retained while all
subsequent overlapping TMHs were removed.
RESULTS AND DISCUSSION
Assembling a curated dataset of
high-resolution TMP structures

To assess the performance of transmembrane helix
(TMH) prediction, we assembled a new dataset of TMPs.
Our final curated and redundancy reduced dataset con-

tained 190 unique TMPs from the PDB (Supporting
Information Table S1, available along with our evaluation
protocol through https://rostlab.org/resources/tmh_eval).
We annotated the observed TMHs using OPM and
PDBTM.13,14 For 15 cases, the database annotations disagreed on the number of TMHs they annotated (Supporting Information Table S1). For these cases,
prediction methods seem to favor the annotations provided by OPM (Supporting Information Table S3).
Our TMP dataset contained 190 proteins with 1–14
TMHs (Fig. 2A). This distribution was similar before
and after redundancy reduction. The largest differences
were found for TMPs with one TMH (49% after
redundancy-reduction, 25% before). The distribution of
TMH lengths (mean 20 residues) also did not change
on redundancy reduction (Fig. 2B). The standard deviation in TMH length is slightly larger for structurederived annotations than for predictions (Supporting
Information Table S4). Six TMHs in our dataset were
10 residues long; five of the six came from OPM. The
longest TMH with 38 residues is annotated by OPM,
and describes a very angular TMH (PDB ID 3tij:A, TMH
7). About 37% of all residues in TMPs were in TMHs,
similar to the percentage before the redundancyreduction (Fig. 2C). The few cases with <10% TM residues were TMPs with only one or two TMHs. Statistics
for the eukaryotic, bacterial, new and old subsets can be
found in Supporting Information Figures S1–S4.
Performance estimated through stringent
overlap criterion

Measured by two-state per-residue scores, that is, fraction of residues correctly predicted as TMH or nonTMH, many prediction methods appeared to be very
good (80% precision and recall), and also very similar
(Supporting Information Table S5 and Figs. S5 and S6).
This has been noted before and it is debatable whether
experimental annotation is accurate enough to consider
these measures meaningful.27 Therefore, we measured
performance through the Qok score, that is, the percentage of proteins for which all TMHs were correctly predicted (Table III).
Typically, TMHs have been considered as correctly predicted when as few as 3–5 of the 20-residues-long
TMH were matched.24,34,38 This tends to overestimate
performance. Since most TMH predictions are indeed
rather reliable, we introduced a more stringent criterion:
if the start and end points of a predicted TMH differ by
at most n residues from the start and end points of an
observed TMH, this helix is considered as correctly predicted (schematic in Fig. 1A). Although the method
ranking changed only slightly depending on this parameter (we compared values n 5 3–7), the actual values differed substantially: from average Qok 5 28% for n 5 3 to
average Qok 5 63% for n 5 7. For the remainder, we
PROTEINS

479

J. Reeb et al.

focused on results for n 5 5. All 12 methods tested
reached Qok>40% (average Qok 5 50%, Fig. 1B). Random
predictions
reached
Qok 5 5%;
simple
hydrophobicity-based predictions reached Qok 5 38%
(cf. RANDOM and HYDRO in Methods). When the
OPM and PDBTM annotations differed, we used whichever yielded the more optimistic performance estimate
for each prediction method and each TMP. Assessing
OPM annotations like a prediction method against the
annotations from PDBTM and vice versa, resulted in an
overall Qok near the lower-end performing methods
(Qok 5 44%; data not shown).
Using alpha-helix annotations from DSSP instead of
TMH annotations results in a significantly lower performance (Supporting Information Fig. S7: average
Qok 5 16% compared to 50% for TMH annotations).
We also used DSSP helix annotations to extend the
TMHs given by OPM and PDBTM to the full length of
the respective alpha-helix. This extended 62% of all
TMHs on the N-terminus, and 59% on the C-terminus,
both by five residues on average. Extended helices result
in a drop in performance (Supporting Information Fig.
S7: average Qok 5 29%). These additional analyses
underline the unique features of TMHs and the need for
specialized prediction methods. Another result in the
same direction was that a state-of-the-art method for the
prediction of general secondary structure in proteins performed worse by all three measures (Supporting Information Fig. S7), that is, for the TMH annotation
(DQok 5 43 percentage points (pp) with respect to the
best TMH prediction method), for DSSP elongated helices (DQok 5 17 pp) and for DSSP alpha-helix annotation
(DQok 5 4 pp).
Error estimates remain challenging

Our TMP dataset contained only TMPs of known 3D
structure. Although the number of TMPs with known
3D structure has grown substantially over the last decades, the resulting dataset is still small.11 However, experimental TMH annotations from other biochemical assays
tend to contain errors on a similar scale as prediction
methods.24 For the final 190 TMPs in our dataset, we
estimated errors by bootstrapping.53 Almost all 12 methods fell within one standard deviation interval of each
other given those error estimates. However, this did not
imply the differences to be statistically insignificant.62
TMH predictions largely successful

TopPred2 was developed more than 20 years ago and
still reached Qok 5 48%, that is, almost the average performance level. More recent methods tended to perform
slightly better (Qok > 50%). However, the differences
were often insignificant. Two methods peaked at
Qok > 55%: PolyPhobius performed best on the
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complete dataset with Qok 5 60%, followed by
MEMSAT-SVM (Qok 5 57%). For more than 70% of the
proteins all methods correctly predicted the number of
TMHs (Supporting Information Table S6 and Fig. S8).
PolyPhobius (84%) and SCAMPI (83%) performed best.
Methods tended to not detect TMHs more often than to
over-predict. Most mistakes were minor: for >93% of
the proteins the predicted number of TMHs was either
correct or only off by one TMH (Supporting Information Table S6 and Fig. S8).
We applied PolyPhobius to the human proteome to
estimate bias in our experimental dataset (Fig. 2) with
respect to all proteins in a complete proteome. We
observed only one major difference in the number of
TMHs: PolyPhobius predicted 16% of the TMPs in the
human proteome to have seven TMHs as opposed to
only 3% in our dataset (data not shown). The average
observed TMH in our dataset was 20 residues long; this
was similar to the average of 22 residues for the human
proteome predicted by PolyPhobius (cf. Supporting
Information Table S4). The amount of non-TMH residues was higher for the human proteome: 25% of the
proteins had 95–100% non-TMH residues and very few
cases were predicted with <35% non-TMH residues.
New proteins predicted less accurately

Prediction performance significantly decreased for new
proteins, that is, those that have no homologs in any of the
methods’ training sets (Fig. 1B). Since all prediction methods optimize some parameters, differences in performance
between new (unused for training) and old (used for training) might point at over-training. However, TopPred2 did
not really train, and even for TopPred2 we observed a substantial difference in Qok of 25 pp (Fig. 1B,
Qok(old) 5 54% vs. Qok(new) 5 29%).
The lower performance for new proteins might therefore indicate that newer structures reveal new and complex structural features such as transmembrane segments
that are bent or kinked. This view is supported by the
performance of our hydrophobicity-based predictor
HYDRO (cf. Methods) which behaved similar to the other
methods (DQok(old–new) 5 27 pp), while the random
predictor RANDOM remained unaffected (DQok 5 3 pp).
If true, differences significantly larger than 25 pp could be
explained by over-training which seemed more detrimental for new than for old methods: The average DQok(old–
new) for the five methods published before 2002 (Table I)
was 20 pp, while that for the seven newer methods was 30
pp. The exception was SCAMPI (DQok 5 15 pp), a new
method that optimized only two free parameters.
The subset of new proteins was too small to support
clear conclusions. Nevertheless, we observed that the ranking of methods shifted: only SCAMPI reached higher Qok
values than the other methods for the new structures.
Given the error rates, this difference was within the range
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of one standard deviation (Fig. 1B), that is, we observed a
trend, not a statistically significant difference.
Prediction performance higher for
eukaryotic sequences

All methods performed better for eukaryotic than for
bacterial proteins (Fig. 1C). This surprising new finding
contradicted previous reports.24,25 We found the smallest difference in Qok for MEMSAT-SVM and PHDhtm
(DQok 5 12 pp). As these two represent new and old
methods, the improved prediction for eukaryotes seemed
unaffected by over-training or novel TMP structures.
Overall, PolyPhobius and MEMSAT-SVM stood out
amongst the best for eukaryotes and bacteria.
Worse predictions for proteins with many
TMHs

Performance tended to decrease for proteins with
more TMHs (Fig. 1D). Numerically, all methods reached
the highest values for proteins with a single TMH. First,
all proteins in our experimental set had TMHs. Second,
since most methods get the number of TMHs right most
of the time (Supporting Information Fig. S8), the odds
are much higher for proteins with a single TMH to be
fully correct. At the same time, proteins with more
TMHs can contain different signals and therefore pose
an additional challenge for prediction. Qok dropped
strongly from one TMH to two TMHs (Supporting
Information Fig. S9). The same logic applied for the
comparison between proteins with 2–5 and those with
>5 TMHs. We found it impossible to separate the statistical effect from a possible inherent characteristic of polytopic TMPs. The reason was that different random
models gave different answers to the question whether or
not proteins with one TMH were predicted better (Supporting Information Figs. S10 and S11).
A similar correlation between the number of TMHs
and Qok has been observed before.24 Possibly, performance decreases because bitopic TMPs are, on average,
more hydrophobic than polytopic TMPs.63 This hypothesis is supported by the methods that arguably rely most
on hydrophobicity: TopPred2 and our simple
hydrophobicity-based prediction. Their difference in Qok
(DQok 5 47 pp and 51 pp, respectively) is among the
largest between bitopic (Qok(TMHs 5 1)) and polytopic
(Qok(TMHs 5 2–5) 1 Qok(TMHs > 5))
TMPs.
We
observed the lowest difference for the newest method
(MEMSAT-SVM, DQok 5 24 pp).
Re-entrant helices did not significantly
impact our overall results

Recently determined structures shed light on the prevalence of an additional type of membrane helices, namely
re-entrant helices that do not cross the membrane but

instead enter and exit on the same side. Here, we treated
re-entrant regions as TMHs throughout, since only two
of the evaluated methods (SPOCTOPUS and MEMSATSVM) distinguish re-entrant from transmembrane helices. However, we investigated a subset of 175 proteins
without re-entrant helices. For this subset, performance
appeared slightly higher (average Qok 5 53% compared
to 50% for the full set). The ranking of the methods was
not significantly affected (data not shown).
Discrimination between soluble proteins and
TMPs clearly sets methods apart

Up to this point, our analysis focused on proteins
known to contain TMHs, that is, we have provided estimates that hold for about one-fourth of all proteins in
most organisms. Do the same methods also correctly
recognize the other three-fourths as non-TMP, that is,
soluble proteins? Many proteins entering the secretory
pathway have signal peptides that resemble TMHs (and
are occasionally also embedded as TMHs).50,51 More
recent methods account for this phenomenon (Table I).
However, older methods not accounting for signal peptides often confuse these with TMHs (Table I). Therefore, we differentially assessed nonmembrane proteins
with and without signal peptides. For proteins without
signal peptides, TMHMM2 and Philius appeared best at
distinguishing soluble proteins and TMPs (FPR<2%,
Table II). For proteins with signal peptides, the FPR for
TMHMM2 shot up (>20%) because it does not account
for signal peptides. In contrast, Philius still remained
below 3% error except for proteins with signal peptides
from Gram-positive bacteria for which the error
increased to 12% (which was still the best performance,
followed by PolyPhobius, SPOCTOPUS, and Phobius;
Table II). Phobius, PolyPhobius, and Philius performed
best overall for proteins with and without signal
peptides. Similar conclusions have been suggested
previously.28
On the flip side of the coin, Philius had the lowest
sensitivity in detecting TMPs, that is, its power in recognizing proteins without TMHs came at the price of missing many TMPs. To put Table II in context of an entire
organism, we applied the FPRs and sensitivity for
eukaryotic proteins to the complete human proteome
(Methods). Based on this estimate, Phobius and Philius
gave the best compromise between missing (Table II:
sensitivity) and over-predicting TMPs (Table II: FPRs for
soluble eukaryotic proteins with and without signal peptides). Both predict 2.9% of the proteome incorrectly as
either TMPs or soluble proteins, followed by TMHMM2
(4%) and PolyPhobius (6%). Given the good PolyPhobius prediction for the TMH locations (Fig. 1), and the
very fast runtime of Phobius it might be an option to
run Phobius first to find TMPs and PolyPhobius afterward to predict where the TMHs are.
PROTEINS

481

J. Reeb et al.

Several of the older methods that had access to significantly less data during development than more recent
methods were among the top performers in terms of distinction between TMPs and soluble proteins without signal peptides. Namely, SOSUI (from 1998) and TMHMM2
(2001) with average FPRs<2%. On the other hand, very
recent methods, using the most up to date datasets, did
not necessarily distinguish well between TMPs and soluble
proteins, as exemplified by MEMSAT-SVM.
Among the methods that do not account for signal
peptides, TopPred2 and SCAMPI stood out as very poor
filters: they incorrectly predicted at least one TMH for
almost every soluble protein with a signal peptide. In
both cases, most misclassifications originated from mistaking a signal peptide for a TMH (Supporting Information Table S7: FPR(SP)). In fact, SCAMPI was developed
on a datasets of soluble proteins and TMPs that did not
contain signal peptides.39 As suggested before,49 MEMSAT3 consistently performed worst among the methods
accounting for signal peptides.
For most methods, signal peptides in proteins from
Gram-positive bacteria constituted the toughest challenge. This difference might be explained by the fact
that signal peptides in Gram-positives are longer and
more hydrophobic than those in Gram-negatives.58
However, many of the mistakes in Gram-positives could
not be attributed to confusing signal peptides with
TMHs (directly measured by FPR(SP)). In fact, most
mistakes (FPR) were made outside the regions of the
signal peptides (Supporting Information Table S7:
FPR(SP) much smaller than FPR). The differences
between eukaryotic and Gram-negative proteins were
similar albeit less substantial, yielding the overall tendency for the FPR in proteins with signal peptides:
Gram-positiveseukaryotes>Gram-negatives.
Some methods are more CPU intensive than
others

The 12 TMH prediction methods could be separated
into three groups according to their runtime (Supporting
Information Table S8): Fast methods (TopPred2,
SCAMPI, TMHMM2, HMMTOP2, and Phobius) predicted >100 proteins per minute on our machines (single core, AMD Opteron 2431, Supporting Information
Table S8). Slow methods (PHDhtm, PolyPhobius, MEMSAT3, and SPOCTOPUS) predicted 4–11 proteins per
minute, and the slowest method (MEMSAT-SVM) took
several minutes for one protein.
Effect of larger sequence database is
ambiguous

Using evolutionary information as input can improve
predictions.6,35,38 For the five evaluated methods that
use such information (cf. Table I), we compared performance for generating alignments from the small
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Swiss-Prot database (545,000 proteins, release 2014_04)
and from a larger database based on the complete UniProtKB merged with PDB, redundancy reduced at 98%
sequence identity (21.7 million proteins, release
2014_04, Methods). The effect varied with MEMSATSVM benefiting most from the 40 times larger database
(DQok>5 pp). PHDhtm and MEMSAT3 remained
largely unaffected (DQok 5 0.5 pp), while PolyPhobius
performed slightly worse (DQok 5 22.6 pp). For the
subset of new proteins, SPOCTOPUS and MEMSAT3
reached Qok 5 34%, while the other three methods
reached Qok 5 31%. Overall, the reasons for these observations remain unclear. One issue could be that on such
large databases the number of returned hits exceeds the
number of hits expected during development of the
method and therefore the majority of them are discarded resulting in a set of low variance. Since the
search parameters, the methods use are in nearly all
cases not easily customizable and since the larger database also significantly increased the runtime, we recommend using a small database. The prediction results
presented in this work were based on alignments built
from Swiss-Prot.

CONCLUSION
We have evaluated how well 12 transmembrane helix
(TMH) prediction methods correctly identify all experimentally observed TMHs and how well they distinguish
between proteins with and without TMHs (Table I). The
analysis used a newly created dataset of 190 nonredundant high-resolution alpha-helical TMPs. Forty-four of
these 190 proteins were not sequence similar to any protein used for development of the 12 methods.
For our analysis, we used a performance measure
which reflects the fraction of proteins in a dataset for
which all TMHs are correctly predicted according to
annotations of either OPM or PDBTM (Qok). Further,
we introduced more stringent criteria than previous
scores (difference between predicted and observed TMH
endpoints maximally five residues, Qok, Table III) to
account for the fact that subsequent experimental and
computational methods based on TMH predictions often
need precise membrane boundaries.64,65 A global score
such as Qok with our new stringent criteria was crucial,
because traditional per-residue scores suggested unrealistically high performance (Supporting Information Figs.
S5 and S6).
When combining several aspects of performance and
runtime, PolyPhobius appeared to be the best method,
followed by MEMSAT-SVM (Fig. 1). Our observation
that performance dropped for many methods when evaluated on proteins for which structures were published
after the method development, once again, highlighted
the continued problem of over-training. Conversely,
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some of this drop could be explained by the fact that
newly determined structures contain important novel
information that will be needed to improve prediction
methods of the future.
Earlier analyses suggested lower performance for
eukaryotic TMPs than for bacterial TMPs.25,33 Our
result, in contrast, suggested the opposite: performance
was lower for bacterial than for eukaryotic TMPs
(Fig. 1C).
We confirmed that the best methods accurately distinguish between proteins with and without TMPs (Table
II). Problems arose when testing soluble proteins with
signal peptides. But even for those, at least for eukaryotes
and Gram-positive bacteria, the best methods (Phobius
and PolyPhobius) maintained error rates below 10%
(Table II). Interestingly, the incorporation of evolutionary information did not help to improve much in this
respect (PolyPhobius adds evolutionary information to
Phobius and performs slightly worse, Table II). In contrast, all methods performing best in correctly predicting
TMHs used evolutionary information. The fact that
some methods need much less CPU-resources than
others (differences of over two orders of magnitude)
complicated the overview even more.
We did not explicitly evaluate re-entrant helices. These
are predicted by only two of the 12 methods and we did
show that our overall results did not change significantly
for the subset of proteins without re-entrant helices.
However, the growth in experimental information about
re-entrant helices and their importance for topology prediction should encourage future method developers to
account for this important type of membrane helices
more explicitly. Another open problem was underlined
by the comparisons between the TMH and the DSSP
annotations, and between methods optimized to predict
alpha-helices in general and TMHs: we do not have a
tool that combines TMH prediction with a general secondary structure prediction in one model, although
many proteins do.
Our analysis was limited by several constraints, most
importantly by the limitation in the dataset size. Nevertheless, we answered our initial question by providing a
good impression what method to use for which task.
Finally, we concluded that future improvements are both
feasible and needed.
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