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ABSTRACT

The TSTMP database is designed to help the tar-
get selection of human transmembrane proteins for
structural genomics projects and structure model-
ing studies. Currently, there are only 60 known 3D
structures among the polytopic human transmem-
brane proteins and about a further 600 could be
modeled using existing structures. Although there
are a great number of human transmembrane protein
structures left to be determined, surprisingly only a
small fraction of these proteins have ‘selected’ (or
above) status according to the current version the
TargetDB/TargetTrack database. This figure is even
worse regarding those transmembrane proteins that
would contribute the most to the structural cover-
age of the human transmembrane proteome. The
database was built by sorting out proteins from the
human transmembrane proteome with known struc-
ture and searching for suitable model structures for
the remaining proteins by combining the results of a
state-of-the-art transmembrane specific fold recog-
nition algorithm and a sequence similarity search
algorithm. Proteins were searched for homologues
among the human transmembrane proteins in order
to select targets whose successful structure deter-
mination would lead to the best structural coverage
of the human transmembrane proteome. The pipeline
constructed for creating the TSTMP database guar-
antees to keep the database up-to-date. The database
is available at http://tstmp.enzim.ttk.mta.hu.

INTRODUCTION

Transmembrane proteins (TMPs) act as the gatekeepers of
cells as they control the transport of nutrients and drugs
into and out of cells, filter or amplify signals in neurotrans-
mission and perception. About 50% of all marketed phar-
maceutical drugs (1,2) target transmembrane proteins. Al-

though 25-30% of the proteomes are TMPs (3,4), the ratio
of TMPs in the PDB (5) database is still under 2% (6) despite
of the efforts of the various structural genomics projects.
Determining the 3D structures of membrane proteins is es-
sential to understand their functions and to develop more
effective drugs.

In the pioneer international structural genomics initia-
tives, membrane proteins were simply excluded from tar-
gets, since they were known to be complicated targets for
structure determination (7). Later, in the various TMP spe-
cific structural genomics projects, TMPs were identified as
proteins with two or more transmembrane segments (TMS)
predicted by the TMHMM method (8) in the selected
genome or in Pfam families, while proteins that had ho-
mologues in the PDB database were excluded (9-11). Since
expression, purification and crystallization are regarded to
be easier for prokaryote membrane proteins, the various
membrane specific structural genomics consortia focused
on developing experimental pipelines to determine prokary-
ote TMPs rather than eukaryote TMPs (11).

The prediction of protein crystallizability is an additional
step for target selection pipelines. XtalPred (12) uses the log-
arithmic opinion pool method to combine nine biochemical
or biophysical features extracted from TargetDB (13) into
a score. Prediction accuracy of crystallizability prediction
methods were increased by machine learning approaches
such as PPCPred (14) that is based on TargetDB as well,
however this application incorporated PepcDB (15) and the
source data were filtered more rigorously. PredPPCrys (16)
and Crysalis (17) were developed to overcome the problem
of the overfitting of supervised machine learning techniques
by feature selection and they were shown to be the most ac-
curate among other methods. G-protein-coupled receptors
(GPCR), for which the used structures resulted from mainly
engineered proteins and short fragments that have limited
usefulness for further modeling, were ordered by utilizing
special propensity score (18) but it was emphasized that
GPCRs are highly challenging to crystallize. A common
strategy in these methods is to incorporate the results of
disordered prediction methods, such as IUPred (19,20), to
exclude proteins with longer disordered region(s) from the
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potential targets. In our recent paper (21) we investigated
the usability of several disorder prediction algorithms on
TMPs and found that in silico methods overpredict disor-
dered regions in TMPs, especially in the N- and C-terminal
regions, therefore their usage in target selection protocols
may eliminate potential good targets. Another bottleneck
could be the influence of the low number of solved TMP
structures on the training sets. Moreover, all of the methods
listed above were developed to predict the crystallizability of
water soluble, globular proteins, therefore utilizing them on
TMPs might result in limited prediction accuracy.

While homology modeling and ab initio structure pre-
diction of globular proteins achieved high levels of struc-
tural genomics tasks, such as design of enzymatically ac-
tive proteins (22,23), in case of TMPs they lag behind in
this trends. This can be reasoned with the small amount of
structural information and inappropriate usage of bioinfor-
matical methods needed for ab initio structure prediction
algorithms, such as prediction of TMSs or generating align-
ments, where TMSs are in record. Nevertheless, ab initio
structure prediction methods using information of corre-
lated mutations in protein families, such the Evfold method
(24), can give accurately modeled structures of the TMPs,
but for good accuracy enormous amount of homologues is
needed.

Here, we report a new target selection database for hu-
man TMPs based on the combination of a transmem-
brane specific fold recognition algorithm and a highly ac-
curate profile-profile sequence comparison. We compared
our data with previously published results of various tar-
get selection protocols. The strategy applied in the pipeline
for the development of TSTMP database is ‘transmembrane
protein specific’, and we believe data in TSTMP database
can be a useful source of structural genomics projects or
for any laboratories who want to solve the structure of hu-
man TMPs that have a great impact on the structural cov-
erage. Moreover, using the data collected in the TSTMP
database for structure modeling of TMPs can increase the
accuracy of these algorithms. The database is available at
http://tstmp.enzim.ttk.mta.hu.

MATERIALS AND METHODS
Data resources

The HTP (v1.4) database (4) was used as source of hu-
man TMPs and their topology definition. This version of
the database was created by running the CCTOP algorithm
(25) on the UniProt human reference proteome (2016_06).
CCTOP was shown to be the most accurate among the
state-of-the-art methods for discriminating between TMPs
and globular proteins and for topology prediction. The
PDTBM (26) database was utilized to search for TMPs with
solved 3D structures and for structures that could be used
as templates for homology modeling for other TMPs. Tar-
getTrack (27) database was incorporated into the pipeline in
order to facilitate monitoring of the crystallization progress
of each protein. For more details, see the Supplementary
Material.

RESULTS AND DISCUSSION
Data processing

The human transmembrane proteome. The HTP database
is a collection of human TMPs with predicted topologies.
To achieve the most accurate topology prediction, all pre-
dictions were enhanced with available structural and exper-
imental information from TOPDB (28). To ensure all infor-
mation is up-to-date, we updated all source databases be-
fore the creation of TSTMP or used the most up-to-date
version of them. HTP consists of 5609 TMPs whence 3102
TMPs were predicted to have two or more TMSs. These
proteins were examined to see whether they have a solved
structure or could be modeled, and were used to build the
TSTMP database. Bitopic TMPs were excluded from this
database to remain in the safe site of defining collection of
TMPs. A recently launched database, called Membranome
(http://membranome.org) of single TMS proteins provides
models for these TMPs (29).

Generating clusters for HTP. Cluster generation resulted
in 346 clusters with two or more members, containing al-
together 2117 proteins. In TSTMP, we define clusters as
groups of proteins that are connected to each other if se-
quence identity is supported by HHBIits, a profile based se-
quence searching and alignment method. In a cluster, pro-
tein structures may help to model each other in case any of
them has solved structure and there is a direct connection
between them. This definition is different from the more
widely used protein family interpretation. The largest clus-
ter consisted of 685 GPCR proteins mostly from Olfactory
protein family, with 24, 239 and 422 proteins with evidence
level of 3D’, ‘modelable’ and ‘target’, respectively. Olfactory
receptor 8S1 from this cluster is on the top of “The Most
Wanted’ list (see below), suggesting that the solved struc-
ture of this protein would help to model almost 400 proteins
of the cluster.

The 3D’ set.  Although the first structure of a TMP was re-
ported more than thirty years ago (30), structure of TMPs
are still underrepresented in PDB. Regarding the fold space
of TMPs only one fifth of all TMP’s fold are revealed so far
(31). This figure is even worse taking into consideration hu-
man TMPs. Altogether, 60 TMPs can be found in the ‘3D’
set, 24 from the same GPCR cluster and two proteins with
no homologues from HTP database. Thirty two 3D struc-
tures have seven TMSs — still unable to cover the structures
of all seven TMS proteins by reliable modeling—while there
are 14 structures with four TMSs and seven with six TMSs.
The length distribution of the solved TMP structures shows
a biased picture: almost two thirds of the structures are be-
tween 300 and 500 amino acids in length.

The ‘modelable’ set. The ‘modelable’ set contains 606 pro-
teins with at least one template structure that could be po-
tentially used to create a model of the protein. To determine
whether a protein is suitable for modeling we used both se-
quential and structural information, and only accepted hits
where the query is likely to be a relative of a structurally
solved protein based on sequence identity and a low en-
ergy structure could be built using a relative’s structure ac-
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Figure 1. The growth of polytopic proteins having solved structure (red) or those that could be modeled using existing structures (orange) until 2016. The
former curve was extrapolated until 2020 (red, dotted). The number of modelable proteins was estimated for cases when the target structures were chosen
randomly (orange dotted) or according to the order of “The Most Wanted’ set of TSTMP database (orange continuous).

cording to the TMFoldRec algorithm (32,33). According
to the data in the TSTMP database, the size of the ‘mod-
elable’ set would be increased by 797 (from 606 to 1403) if
the first 50 structures from ‘The Most Wanted’ set would
have been solved, and an additional 134 structures would
become modelable by solving the next 50 structures from
this set (see ‘Statistics/by evidence’ menu on the web page of
TSTMP). The modelable set can be downloaded as a whole,
or separately according to the level of how easy or hard task
are their modeling. We defined proteins as easily modelable
if they had at least one PDBTM structure with an identity
of 50% or above regarding only transmembrane segments.
Hard targets are defined as those modelable proteins that
only have PDBTM structures with a maximum of 25% iden-
tity in transmembrane segments. In the Supplementary Ma-
terial, we have provided two case studies on how the infor-
mation in the modelable set can help homology modeling
and ab initio structure prediction.

The ‘target’ set. The ‘target’ set may be a good starting
point to choose proteins with high number of homologues
that could be modeled by determining the structure of the
selected protein. A more successful attempt might involve
selecting close homologues with similar number of relatives
as it might increase the chance of successful crystallization
of the selected proteins (34). The ‘tfarget’ set contains 2436
proteins. Besides providing a list of targets, we created ‘The
Most Wanted’ list that shows how the human transmem-
brane proteome could be modeled with the minimum num-
ber of steps (i.e. with the smallest number of crystallized
proteins). We have sorted the proteins based on how many
‘target’ homologues they have, and selected the one with the
highest number of relative targets. Then, we removed all en-
tries from the list that could be modeled based on the se-
lected protein and iterated this process until every human
transmembrane proteins were covered.

Prediction of crystallizability. 'We have tried several pro-
tein crystallization prediction methods listed in the Intro-

duction to check their prediction accuracy on TMPs. Since
these methods were trained on globular proteins, we did not
expect that they could be used on TMPs. Indeed, none of
them could properly distinguish the crystallization propen-
sity of membrane proteins; regardless we have checked it on
proteins from the ‘3D’ or ‘target’ sets. As a consequence of
the poor prediction accuracies of these methods on TMPs,
we did not include the results of crystallizability predictions
into the TSTMP database.

The home page of the TSTMP database

The home page of the TSTMP database was created by us-
ing the common Apache+PHP+MySQL triplets with the
Bootstrap library. The database can be downloaded either
by selecting the whole database or various subsets of the
database in XML format. It can be searched by identi-
fiers, by number of homologous entries either in the Human
Transmembrane Proteome or in the TargetTrack database.
Users can also search by the status of the corresponding
TargetTrack entries. We provide several statistics about the
rate of the growth in the number of solved TMP structures
as well as the yearly distribution of the number of mode-
lable proteins either by following our target selection strat-
egy or by randomly choosing TMPs from target set (sece
‘Statistics/by number of homologues’ menu). The page of
‘Statistics by TargetTrack status’ shows the current distri-
bution of TargetTrack (selected, cloned, expressed, etc.) sta-
tuses in the three evidence levels defined by our database
(‘3D’, ‘modelable’, ‘target’). We also provide a map created
from the distribution of the number of homologues over
the various statuses defined in the TartgetTrack database in
order to help structural genomics laboratories to simplify
their target selection. For example, according to this table,
there are 107 TMPs in ‘selected’ status with only one target
homologue. Solving the structures of these TMPs would not
increase the ‘modelable’ protein set significantly. As an op-
posite example, there is one protein in ‘purified’ status that
has 22 homologues, the Solute carrier family 22 member 1,
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3DSpecs

Modbase/membrane

Figure 2. Comparison of the results of various target selection protocols.
Proteins having ‘3D’/’modelable’ evidence are inside the Venn diagram
(38). Outside the circles, the number of proteins marked as targets by all
three methods is shown.

solving the structure of this protein would have higher im-
pact on the ‘modelable’ set of human TMPs.

Current and past statistics of the TSTMP database

We used the same pipeline with earlier structure database
versions (for PDB and PDBTM, from 2007 to 2016) to in-
vestigate the changes of different statistics. Most interest-
ingly, none of the structures of ‘The Most Wanted’ set from
different years was determined in a later time, however they
became ‘modelable’ eventually. Laboratories seemed to pre-
fer to solve structures that already have a relative in PDB:
since 2007, only 26.7% of the proteins’ status changed right
from ‘zarget’ to ‘3D, in the rest of the cases their structure
were determined only after they could already be modeled,
which suggests these laboratories prefer to solve proteins
where there are preliminary knowledge about the structure.
We examined clusters containing at least two members in
which all proteins are above ‘target’ status (i.e. the whole
cluster could be modeled). Apparently, the number of the
proteins in these clusters grows linearly over the years, but it
is the result of determining new 3D structures in the clusters
rather than growing the number of fully modelable clusters
(Supplementary Figure S5).

The ratio of TMPs in PDB is around 2%, and this pro-
portion has not changed in the past years. Since this data
is highly redundant, (e.g. the same protein was often crys-
tallized multiple times), the number of different proteins re-
lated to these structures were also investigated (Supplemen-
tary Figure S6A). Counting only the unique (all species or
only human) proteins, these values are even worse. We fitted
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exponential curves to each plot as it was described by Dick-
erson in PDB Newsletter—1978. Even if the growth of all
solved membrane protein structures is exponential as it was
shown carlier by others (35), the rise of the curve is rather
linear than exponential considering only unique structures.
On Supplementary Figure S6B the same statistics are shown
considering only polytopic TMPs.

We extrapolated the number of solved structures until
2020 and examined the ratio of ‘modelable’ proteins in case
the determined structures are chosen randomly or from
‘The Most Wanted’ set. Although crystallizability is af-
fected by a huge amount of unforeseen or not investigated
factors, in an optimistic case the number of ‘modelable’ pro-
teins could be doubled by using our ranking (Figure 1).

Comparison to other target selection databases and methods

A comparison was made to similar databases/methods to
reveal the extent of the overlap of proteins marked as ‘zar-
get’ between different resources. For this purpose, we se-
lected ModBase/membrane (36) and 3DSpecs (37). Both
databases suggest targets for crystallizing and provide a
list of proteins with corresponding PDB structure (if any).
Since these databases were not updated since 2013 and 2011
(respectively), for a fair comparison we have used the hy-
pothetical ‘2011” version of TSTMP (i.e. we used the same
pipeline with the 2011 versions of the source databases).
Only proteins listed in all three databases were taken into
account.

3DSpecs categorizes proteins as ‘Solved’, ‘Not Solved and
Template Found’ and ‘Not Solved and No Template’ which
corresponds to our ‘3D’, ‘modelable’ and ‘target’ defini-
tion. They further categorize proteins by their type, for
this comparison only integral membrane proteins were se-
lected. ModBase/membrane does not have such evidence
level, therefore we simply used a 25% sequence identity
threshold (a transmembrane protein was assumed to be
solved or modeled >25% identity with the assigned PDB
entry). To overcome the differences caused by short crys-
tallized fragments, only those proteins were considered as
‘modelable’ /°'3D’, where all transmembrane helices were
covered by the corresponding PDB entry.

Figure 2 shows how many of the proteins were listed
as ‘3D’ /’modelable’ by these resources and the extent of
the overlap between them. Outside the circles, the num-
ber of the proteins marked as ‘zarget’ by all databases is
shown. 3DSpecs highly overestimates ‘3D’ /’modelable’ pro-
teins, and the agreement between the three methods is only
14%. Only 21% of the proteins could be assigned in all meth-
ods, which can be explained by the superficial TMP filtering.
Both methods used TMHMM to predict the initial trans-
membrane proteome by defining a protein to be TMP if
TMHMM predicted two or more and three or more TMS in
ModBase/membrane and 3DSpecs, respectively. Although
selecting polytopic membrane proteins from the human ref-
erence proteome is regarded as sufficiently addressed by ex-
isting methods (34), Supplementary Figure S7 clearly shows
that using TMHMM for this task leads to different start-
ing sets compared to the result of the CCTOP algorithm.
Moreover, TSTMP exploits both structural and sequential



information to define the evidence level of proteins, leading
to a more accurate estimation of ‘modelable’ proteins.

Conclusions and future directions

We would like to help speeding up the process of structural
genomics of the human TMPs, since despite the huge striv-
ing of the nine structural genomic centres of TMPs, there
are still only sixty 3D structures of human TMPs known,
and about 606 ones are modelable. In this database, we ex-
amined the possibility of modeling a protein structure as-
suming prior knowledge about its relatives and provided a
list of target proteins from the human transmembrane pro-
teome, as well as a strategy to achieve a higher structural
coverage. Extending the number of modelable TMPs can
help to understand their function, to develop drugs and to
improve TM specific homology modeling, threading or de
novo structure prediction algorithms. Although membrane
protein crystallization is very challenging and crystalliza-
tion propensity of different targets are obviously not equal,
we believe our database could serve as a guide to select
those proteins, whose structures would have a great impact
on the structural coverage of human transmembrane pro-
teome. Since preliminary knowledge about a protein helps
the structure determination, we also provide list of mode-
lable proteins, based on how easy to homology model or
predict their structure de novo. We would like to update
TSTMP database regularly, following the updates of the
source databases (HTP, PDBTM, UniProt).

SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.
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