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Abstract

A backward smoothing approach was used to predict transmembrane
protein structure. The proposed scheme utilizes a stochastic dynamical system
with two-dimensional vector tragjectories consisting of a hydropathy index and
formal charge. Given a sequence of amino acids of unknown structure, each
residue was predicted to be or not to be in a transmembrane region by a
backward smoothing process. The proposed scheme, relative to the standard
smoothing schemes applicable to the proposed model, was evaluated using
publicly available benchmarking sequences. Our algorithm was found to yield
reasonably good resullts.

Introduction

Many machine-learning algorithms have been successfully applied to the analysis of
biological data. However, in many of the applications of machine learning to protein
structure, prediction problem accuracy must be further improved. We used our
algorithm on prediction problems for structures of one class of protein:
transmembrane proteins.

Transmembrane proteins have long been considered to be critical in understanding
biologica functions such as cell signaling, ion transport, and intercellular
communication [1][2][3]. It has been reported that approximately 45% of the drugsin
use today target G protein-coupled receptors (GPCRs) [4][5]. Some 20% to 30% of
genes in an average genome are estimated to encode membrane proteins [6]. Because
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of their biological and pharmaceutical importance, identification of transmembrane
helices in membrane proteins is a priority. Although promising methods in Xray
crystallography and nuclear magnetic resonance (NMR) have begun to open avenues
to the determination of these structures [7][8][9], the number of known three-
dimensional structures remains small [10][11][12]. Therefore, reliable algorithms to
predict transmembrane protein structures would be very useful.

There are two basic methods of looking at protein structure predictions. One basic
method is to use algorithms based solely on the construction principles of proteins
associated with the physicochemical properties of amino acids. No training is
involved. In this method, windowed averages of physicochemical quantities are taken.
There are several successful examples of algorithms of this type [13] [14] [15] [16]
[17] [18] [19] [20] [21] [22] [23]. The other basic method is to collect data sets of
known structures, extract their features, and use machine-learning algorithms to make
predictions. Some improvements have been made in using this type of algorithm, but
further advances are necessary to improve the reliability of predictions [10] [24] [25]
[26] [27] [28]. We used a novel machine-learning algorithm to predict protein
structures and evaluated the reliability of the predictions.

A machine-learning agorithm assumes that there are models and associated
parameters behind the available data sets. Generally, the degree of success of a
machine-learning algorithm depends on two factors: how well the model structure
characterizes the target molecule from which the data was taken, and how well the
learning algorithm incorporates the available data sets. Among protein structure
prediction problems, there are, in general, three important aspects in transmembrane
structure prediction:

i. The data is sequential with respect to a one-dimensional space variable, and a
particular amino acid is correlated with other amino acids.

ii. The data sets have uncertainties in that a particular structure may be observed to
have different amino acid sequences.

iii. The number of training data sets for learning is severely limited because of the
difficulties associated with using X-ray crystallography or NMR for
transmembrane proteins.

This paper considers the restricted class of transmembrane protein structure
prediction problems instead of general classes of problems. Specifically, we assumed
that a particular amino acid sequence is from a transmembrane protein, even though
predictions as to whether the sequence is water-soluble or a transmembrane protein
could have been attempted instead. A primary reason for this is because there are
severa very good tools available for such prediction problems [29]. The goal of this
paper is, given an amino acid sequence, to predict transmembrane regions, i.e., predict
whether each amino acid belongs to a transmembrane region.

These problems are nontrivial because, as previously mentioned, so few
transmembrane protein structures have been fully characterized. A finer model that
captures the nature of a set of data would improve prediction accuracy, provided that
a sufficient number of training data sets were available. Because there are so few
available data sets, serious consideration is essential to make both the model structure
and the associated learning algorithm as simple as possible without losing sight of the
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nature of the problem. Therefore, transmembrane protein structure prediction is a

significant challenge for machine-learning approaches.

This paper proposes a novel algorithm for predicting the transmembrane regions
in agiven test amino acid sequence. Contributions of this paper are listed below.

i. A novel prediction scheme is proposed for predicting transmembrane regions
utilizing a finite-state, stochastic dynamical system (Hidden Markov Model
(HMM)). The scheme is applied to our previously proposed model reported in
[30] and is evaluated in comparison with the Viterbi algorithm and other standard
smoothing schemes as well.

ii. HMM topology consists of open-loop connections of submodels made up of the
transmembrane region and loop region submodels. A stochastic dynamical system
runs concurrently with inner state dynamics, so that once the dynamical system
leaves a particular state, it never returns to that state. Some of the previous
HMMbased algorithms, in contrast, are designed to have five or seven states that
could be revisited.

iii. The results reported in section 111-.3 suggest that our proposed prediction scheme
yields reasonably good results.

Stochastic Dynamical System Approaches

The application of finite-state stochastic dynamical systems (also known as HMM) is
very broad and its techniques are suitable for characterizing the nature of sequential
data. These techniques have been used to solve a variety of problemsin, for example,
speech recognition and handwriting recognition. In the HMM framework, an
unob:?erved state sequence { |Q} "=1 is assumbed to exist behind an observed sequence
{IQ} =1

Approaches for predicting transmembrane regions based on HMMs have been
successfully realized in such tools as TMHMM [10][27] and HMMTOP [28]. Krogh
et a. defined seven types of statesin TMHMM: loop cytoplasmic, cap cytoplasmic,
helix core, cap non-cytoplasmic, short loop non-cytoplasmic, long loop non-
cytoplasmic, and globular domains. A probability distribution of the 20 amino acids,
which was learned from the training data set, was defined in each state taking into
account the grammar. Tusnady and Simon also proposed an HMM-based method in
HMMTORP [28]. This model employs five states (inside loop, inside helix tail, helix,
outside helix tail, and outside loop). This algorithm focuses on the differences in the
amino acid distributions in the structural parts, rather than on the amino acid
distribution itself.

In these approaches, as well as in our approach, the “state” of the HMM has a
value indicating whether the state is in a transmembrane region or a loop region. To
predict the transmembrane regions in such approaches an algorithm to determine an
“optimal” state sequence {Q'¢} plays a critical role in the performance of the
agorithm. We used a novel method to determine an optimal state sequence {Q'} for
predicting transmembrane regions.

Here, two of the standard approaches for predicting an optimal state sequence
{Q'} will be discussed. One of the commonly used algorithms for finding the most
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likely sequence of hidden states {Q'¢} for an HMM is the Viterbi agorithm. The
Viterbi algorithm is a dynamic programming approach to optimize the state sequence.
{Q}, given the observation sequence { O; . The Viterbi algorithm is implemented in
HMMTOP [28]:

{QiYic, = argmax P {0, AQ})
t

Another common algorithm for determining an optimal state sequence {Q'} can
be defined by:

Q; = <t]._?l‘lldkj (@ =¢q; | O1.--,Op. w. H). (1)
Generaly, in dynamical systems, estimation of
P(Q:|Oy.---, 0,4,
O4,--.0p), 1<t<T
is called smoothing, estimation of
PiQr| Ot O Opr oo . OF)

is called filtering, and estimation of

P | O Oy,
(_'):_ - OT _:u : l o fFa T

is called prediction. The algorithm defined in (1) can be described as a smoothing
method. This method isimplemented in TMHMM [10].

Now, let us recall our prediction algorithm proposed in [30]. In [30], {Q*t} is
defined as:

efort=1
Q::=qs
efort>1

Q) = argmax P(Q;=gq; | Oy, .0,

9i€{q;5.95+1}

w, H) (2)

where Q1 =q

This method is a revised method of (1), so that the predicted {Q ¢} Tt
incorporates topological consistency.

Here we propose a novel smoothing method to predict {Q '} Ti-1. the proposed
prediction scheme emphasizes the dependency on the previous state Q ., more than
the previous observation data (O, ..., Owy) once the previous state has been
estimated.
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- The Proposed Smoothing Approach ~
o fort=1
f—s; =1
o fort >1

Q7 = argmax P(Q, = ¢; | Oy, - -+ . O,
qi
Qi _y.w.H) 3)
(. v

Details of this method are presented in Sec. I1-F.
The performances of the methods described above are evaluated in Section I11.

Algorithm

Observation sequence {Og}

Consider an amino acid sequence of length T. In this paper, we consider the two-
dimensional vector trgjectory O; associated with amino acids, instead of the 20 letter
symbol sequence:

a.
{0y = (0},0H}
1 - .1 N2 = 442
O, evg, Oy € v,
j.‘1:|.-v-.}\_1 . Lg:]f\_}

The first component of output O is the hydropathy index; the KD index is used
in this paper1®. Even though the hydropathy index isreal valued, there are only afinit
number of index values ki, e.g., K1 = 17 for the KD index. The second component O%
is the formal charge associated with an amino acid®. Similarly, there is only a finit
number of formal charge values ky, i.e., +1, 0, and -1 (K2 = 3). A mgjor consequence
in considering these physicochemical indices instead of the 20 letter symbols is the
fact that account. That is, two amino acids with a similar hydropathy index can be
considered close to each other based on thisparticular metric. This allows operations
to avoit overfitting problems. Although these operations are sometimes called
“smoothing”, to avoid confusion, the term “anti-overfitting” will be used in this paper.

Unobserved sequence {Q¢}
One way of taking into account the sequential nature of the problem, i.e., the fact that
each amino acid is correlated with other amino acids, is to consider an unobserved

! There may be better hydropathy indices than the KD index, and as many as 80 different hydropathy
indices have been proposed.

2 Histidine can be assumed to have two possible formal charge values, depending on pH. The typical
pKavalue of histidine in proteinsin 6.0 [31]. This indicates that most histidine residues arein astate in
which the formal charge is 0. Therefore, the histidine formal charge will be assumed to be 0 in the
experiment reported in section I11. Since the number of histidines appears to be small in the data sets
used in our experiment, our tentative assumption did not appear to have a significant effect on
prediction performance.
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auxiliary sequence {Q of length T and to look at O; as an output with uncertainty.
This sequence { Q] Ti=1 IS a trgjectory of a finite-state inner stochastic dynamical
system indexed by a one-dimensional parameter t. Here Q; € {qu, ..., Oz}, Where g is
the state within an inner stochastic dynamical system, and N denotes the number of
states.

Joint probability distribution
Thejoint probability distribution of { O, Qg =1 is described by:

PO, QN | w,H)
= PUONT, Qo w. H)PUQI, | w. H)

T
= [[ PO}, 0F | Qu.w. H)

t=1

-
< P(Qy [ w.H) [] P(Q: | Qe w. H)
=2
-
= [[ PO} | Qe.w. H)P(O} | Qe w. H)
t=1

.
<« P(Qy [ w.H) [ P(Q: | Qioy.w. H)

where w is a parameter set and H stands for the underlying model structure. The
first two equationsin Eq. (4) arein the general form of a stochastic dynamical system,
whereas the last equation isan HMM, which will be used in this paper.

Schemes described by EqQ. (4) are sometimes successful for nonlinear time series
prediction problems, in which the inner dynamical system has in infinite number of
states [32], handwriting recognition problems [33][34], and online signature
verification problems [35], in which the inner dynamical system has a finite number
of states. In these three problem classes, index parameter t is time, whereas in a
protein primary sequences, t stands for spatia position from the N-terminus.
Specification Eg. (4) assumes that the inner stochastic dynamical system is the first
order, and the observations mechanism is independent (with respect to probabilities
involved) of the inner dynamical system, although generalizations are possible.

1). Emmission probabilities: The emission probabilities of the hydropathy index
and formal charge are defined as:

J”{'f')',l — “!l-u | Q; = q;,w, H) = b_él_’.‘_l
PO} = vy, | Q¢ = qi.w. H) = b}y,

i=1,- N ky=1--- K kyg=1,---,K,

where b4 and b satisfy the constraints b g € [0, 1], b4 € [0, 1] and
ZJ{?:l b gy = II~ZL‘;2=| W = 1.

In the formulation Eq. (4), emission probalities {b" .1} and {b? o} are assumed to
be independent for the sake of simplicity, whereasin readlity, they are not.
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2). Sate transition probabilities. State transition probability from state Q.1 = ¢ to
Q: = q; isdefined as:

P(Qy=q; | Qeer = s, w, H) = a;
ij=1,---,N

where aij e [0, 1] and - @i = 1.
3). Initial state probability: The probability of initial state Q; is defined as:

P(Qy=q|w. H):=m,
i=1,---,N

wherem; € [0, 1] and Y=y,

Model structure

Successful applications of machine learning algorithms crucialy depend on the

particular model structure chosen. Model structure must be carefully designed taking

into account the specific purpose(s) of the prediction problem as well as the available
data sets. HMM is no exception. A researcher may wish to design a model structure
that is as detailed as possible and takes into account many aspects of transmembrane
proteins. Because so few transmembrane protein structures are known, it would not be
feasible to tune the detailed models with many delicate parameters. This is one aspect
of the data fitting versus simplicity dilemma (Occam’ s razor).

Model H used in this paper consists of the following.

i. Themodel H carries afixed number of transmembrane regions M.

ii. The model H has an entirely “open-loop” structure consisting of alternating
connectins of transmembrane region submodels H(w,), v = 1, ..., M and loop
region submodels H(Ay), u=1, ..., M + 1.> Fig. 1 illustrates a schematic picture
of the model when M =7.

(a) Schematic diagram of a transmembrane protein in a lipid bilayer. The first loop
region corresponds to H(A;), whereas the first transmembrane region corresponds to
H(u), and so on.

% In contranst, transitions among submodels are allowed in TMHMM so the M is not fixed [10].
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KD index/Formal Charge

50 100 150 200 350
Resichies

Transmembrane region M— FormalCharge = KD intiex

(b) Schematic diagram of the proposed model structure and an example of the
observation trajectories when M = 7. The KD index plots are connected with linesin
order to show changes with respect to residues. Zero charges are not shown for
clarity.

Figure 1. The overall topology of the proposed model. Each submodel is connected
by the left-to-right topology.

(iii) Within a submodel H(Au) for aloop region, there are t(A,) states in which a
simple |eft-to-right topology with a self-loop is built in, as shown in Fig. 2(a). T(Ay) is
a parameter to be learned from the training data set.

(iv) Within a submodel H(u,) for a transmembrane region, there are t(u,) statesin
which asimple |eft-to-right topology with a self-loop is built in, as shown in Fig. 2(b).

(v) Each state i (i = 1, ..., N) is associated with a unique submodel H(uwy,) or
H(\).

Transmembrane

Loop Region Region

Hiw) Hiw)
T ()states T(w)states
- A - e A -~
(a) Submodel for Loop Region (b) Submodel for Transmembrane Region

Figure 2: Details of each submodel.

Learning
Here, the method to set HMM parameter vector w using a traiing data set and
hyperparameters is described.
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Consider the following available training data sets:

Dh'aéli = {Dh}le
= {{Ouh), F (b)) mih) ML,

=1 °

where Fi(h) € {A1, ...Am+1, M1, ..., Umn} IS @n annotation sequence which
denotes the region associated with observation O;, m(h) is the number of
transmembrane regions, and H is the total number of avaible sequences for the
training data set.

The proposed algorithm attempts to construct one model from one training data
set. Thus, if amodel Hy is given, only one training sequence Dy, will correspond. The
learned parameter vector can be denoted as wy := {{&;}, {bljk]_, b}, {mi}}.

Step 1: Number of transmembraneregions:
Learning My: For model Hp, the number of transmembrane regions My, is set to be the
same as the number of transmembrane regions of the training data m(h).

Mp := m(h)

Step 2: States:
The number of states in a submodel t,(Ay) and en(u,) depends on the number of
residues in each region nn(wy). Therefore, nn(Ay) and nn(uv) are defined prior to the
number of states.

The numbers of residues in the u-th loop region mp(A,) and in the v-th
transmembrane region nn(W,) are defined as:

Ty
Mn(A,) = Eﬂ\'p,‘_;._:._)\h. u=1---.m+1

t=1

Ty

Nalite) = E(SF{{'};:,_;I‘I. v=1,---,m

t=1

where § j; is the Kronecker delta* Note that the sum of 7 is equal to the total
length of the observation sequence T-:

m-+1 m

Z ”F;'_I\n] + Z }?ﬁ I.n“".l . Tlh :I
u=1 1

Learning th(Ay): th(Au), the number of states in a submodel for a loop region
Hn(Ay), is defined as:

1 Mh(Aw) < 130
ThiAu) = 4 x [pxnu(Aa)] 130 < nr(A.) < 300
G 300 < np(AL) (5)

“1fi=j, & =1, otherwise §; ;= 0.
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where p is a hyperparameter. Here, [X] denotes a floor function, which yields the
largest integer less than or equal to x.

Learning th(y): The number of statesin a submodel for a transmembrane region
Hn(Wy), Th(Wwy), is aparameter to be tuned.

Note:
The total number of states N can be described as:
.-‘\’1!. ‘/' n+1
N = Z Thift,) + Z Tr(AL).
v=1 u=1

Step 3: Statetransition probabilitie:
Learning a;: For each state g of a submodel for aloop region Hn(Ay), Set

(A -
Aij(Ay) = —— j=1+1

an
Ml A )
1] otherwise

where oy, is a parameter to be tuned.
For each state g; of a submodel for a transmembrane region Hp(u,), set

ay j=1i
Gis(py) = l—a, j=fi+1
0 otherwise
where o, is a parameter to be tuned.
Step 4: KD index emission probabilities:

Learning bYq: Step 4.1 (Flooring): For each state qi of a submodel for loop region
Hn(Ay), let

n({KD}. ki Ay) + O

E}:'i.llﬁ_,\ull =
n({K D} ki Ay) + Ba

KD Index k
within 'Hh{,\h'r

For eash state g of a submodel for transmembrane region Hp(u,), Set

n({KD}y. kyip,) + 6,

Z n({K D} k) + 5,
KD f'.'dfr.r ky

within EFT

"i.’.!m"-r“i' ) ==

where

n({ KD}, ki; Ay) := number of residues with KD index ki within loop region Hi(Ay).

n({ KD}, ki; W) := number of residues with KD index k; within transmembrane
region Hn(uy), and

S, and 3, are hyperparameters.
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Step 4.2 (Anti-overfitting):

The following operation is performed to avoid overfitting problems. As mentioned
earlier, this operation is also known as “ smoothing”. However, to avoid confusion, the
term “anti-overfitting” is used in this paper.

o=|ki—kj|+1 —p2
v :;] r_-}q_n( q)f_f.r
3 Yo 72
x=|ky—k;|—4 ma

where o is a hyperparameter and &; is anormalization constant.

In this algorithm, the emission probabilities are the same within individua
submodels. Note that Step 4.2 would have been impossible if the nearness between
two amino acids were note defined, which is the case when considering the sequence
of the 20 letter symbols. Also note that there are four amino acids out of 20 that have
the same KD index (-3.5): ASP, ASN, GLU, and GLN.

Step 5: Charge emission probabilities:
Learning b%: For state ¢ of asubmode! for loop region Hu(A,), let

n({Charge}, ka; Ay) + 7a
Z n({Charget, ko Ay) + 7a

Charge k2
within Hp (Ay)

by, (Au) =

For each state g; of a submodel for transmembrane region Hy(u), set

n({Charge}, ko; p1,) + 7,
Z n({Charge}, k2; 1) + vp

Charge kg
within Ha(we)

B2, (1) =

where

n({Charge}, ky; Ay) := number of residues with formal charge k. within loop
region Hn(Au),

n({Charge}, kz; W) := number of residues with formal charge k, within
transmembrane region Hn(wy), and v, and vy, are hyperparameters.

Step 6: Initial state probability s:
Since the proposed model utilizes left-to-right topology, the initial state probability ;
isset asfollows:

1 ifi=1
A = 0 otherwise

(6)
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Here, al steps of the learning phase are summarized below.

Learming
/— «l = ‘\\

For h = 1,---, H, the parameters 1, associated with
model ‘H;, are tramed by the traimng data D), as:

1) Define the number of transmembrane regions M,

2) Leam the number of states 7, (A, ) and 7 (fe,,)

3) Leam state transition probabilities a;

4) Leamn KD index emission probabilities b},

5) Leam charge emission probabilities b

6) Set initial state probability 7; ’

Note:

We chose not use the Baum-Welch-method learning algorithm for two reasons.
First, it often suffers from local minima. Second, we wanted to test our first trial
parameter values so that our proposed structure would make sense. Of couse, the
learning scheme must be improved in various ways including using Monte Carlo
methods, which is a subject of ongoing research.

Predictions
The proposed agorithm is designed to have two steps in the prediction phase: 1)
selecting the best model, and 2) predicting transmembrane regions.

Let Dieg := {O®}{=, be a test sequence. Note that in the prediction phase, m and
the associated annotation sequence {F;} are unknown. As previously mentioned, the
state sequence (Qi} is aso unobserved.

Step 1: Selection of the Best Moddl:
In this step, given atest residue sequence Dy, the best model Hy, is selected. Hy isthe
model that gives the largest joint probability distribution of { O, Qg {*;.

h = argmax [P (Do, Qr,.,, = v | W, Hp)]
h

= argmax
h all possible
paths{Qu} g !

P ({0} {Qe} Qrece = av | 0. Ha)]

Step 2: Prediction of Transmembrane Regions.

In this step, given a test residue sequence Dieg = {O®}{*®,, each residue O was
predicted to belong or not to belong to a transmembrane region by using the
unobserved state sequence {Of }{;.
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An amino acid residue associated with O™ was predicted to be in the v-th
transmembrane region w, if Q'+ € Hy(wy), or in the u-th Loop Region A, if Q' €

First, let us recall our prediction agorithm proposed in [30]. In [30], {Q } i, is
predicted as:

efort=1
Qi1:=qu
efort>1
Q! == argmax P(Q, =¢q; | O, ... OF,
gic{qj.qj+1}
w, IHJ} )
where Q] ;| = q; (7)

We attempted to predict {Of }{=, by performing the following operations:

~ Prediction of Transmembrane Regions ——————

o fort=1
Q1 =aq
o fort>1

Q) = argmax P(Q, = ¢ | O;***, ..., O .
qi

Qi_1. 0, 'H..,_. ) (8)
NS /

Note that both schemes begin with the same quantity g, at t = 1. In order to see
differences in the two prediction schemes, note that equation (7) searches for the state
which maximizes

P(Q, = q; | (_):l"'“".- . U:f’f.():”f. . U-}'f” ) (9)

whereas equation (8) maximizes

P(Qe = q; | OFt, ... Ot Q}_,). (10)

In equation (9), the target probability is conditional on all the observation data
(Of==t.... 0%*), whereas equaiton (10) does not take into account the earlier

observation data (0!, - ... 0!=). The latter equation (10), however, incorporates the

previous state, whereas the former equation does not consider the previous state.
Therefore, the proposed prediction scheme (8) emphasizes the dependency on the
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previous state @;_, over the previous state has been estimated. Although the

observation data contains information about Q;, they contain uncertainties as well
because they are regarded as realizations of random variables. Since the presumed
topology is highly structured (left-to-right topology), information could be of better
quality than (7).

Since our proposed scheme attempts to estimate Qt given (0. ... O**), this
could be regarded as a smoothing scheme, that is, a“backward” smoothing.

From abiological point of view, this scheme, could be explained as follows:

The proposed prediction scheme is designed to predict its annotation from t = 1,
which is the N-terminus of the protein. Since the translation process in protein
biosynthesis starts from the N-terminus, this scheme is anticipated yo yield good
results. Also, as an amino acid chain grows in the translation process, amino acids are
added at the carboxyl end of the chain. The growing chain, as the amino acids are
added to the end, will immediately tend to fold into a particular conformation.
Because of this tendency, when predicting the state Q'; at position t, it seems natural
to use the sequence information from t to Tieg, but not from 1tot —1.

For comparison, another method may be constructed by taking into account the
observation (Of*. ... 0i=t):

« fort="T
Qr =an
o« fort < T
Qf = argmax P(Q; = ¢ O"".... OF,

2:€{q;.95-1}
| w, th (11)
where Q w1 = .

Note that this scheme begins with the quantity qy at t = T, which is the C-terminus
of a protein. This method, that is, the “forward” smoothing scheme, uses the
observation data (O!=*,...,0i**) to estimate Q: In contrant, the proposed
“backward” smoothing method described in (8) begins with the quantity q; at t = 1,
and uses the observation data (O{<*, ..., 0%**).

All steps of the prediction phase can be summarized as follows:

e Prediction ~
For test data Dy 1= { Ot}
1) Select the best model by:

h = argmax [P (Dioat. l',;—",g"“H = qn | . Hh]
’J‘

2) Predict transmembrane region by predicting

{Qf }I;L' -
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Evaluation
In this section, we report the evaluation results of the novel algorithm we used. We
then discuss the performances of the five prediction methods applied to our proposed
model. The results summarized in Table 1.
(1) The proposed method (*backward” smoothing) described in (8) (referred
to as Method (i)).
(i)  Our previous method reported in [30] (referred to as Method (ii)).
(iii)  Thestandard Viterbi method (referred to as Method (iii)).
(iv) A standard smoothing method described in (1) (referred to as Method
(iv)).
(v) A “forward” smoothing method described in (11) (referred to as Method

(V).

In order to perform experiments, appropriate data sets must be obtained.
Currently, one of the most difficult problems in protein structure prediction in
general, and in transmembrane protein structure prediction in particular, is the
difficulty in obtaining appropriate data sets for experiments. We used two publicly
available data sets, one collected by Mdéller et al. [36], and another collected by
Kernytsky et al. [37].

The accuracy of the predictions of our algorithm as to whether particular amino
acids were from a transmembrane region is discussed below. Evaluation methods
follow those used in moller et al. [38]. The details of the evaluation methods are
described in section 111-2.

For comparison, using the same test data sets, we also tested the performance of
TMHMM [10]°, HMMTORP [28]° and SOSUI [29]’, which are three well-known
transmembrane structure prediction tools.

1) Data sets: Here, we describe the details of the data sets used in our
experiments. One is a data set collected by Mdller et al., which is a well-characterized
transmembrane protein data set [36]. This data set will be called Datasetl in this
paper. The other is a data set collected by Kernytsky et al., which is a benchmarking
data set [37]. This data set will be called Dataset2 in this paper. The sequences were
downloaded from their websites.® For training HMM parameters, sequences from
Dataset1 were used. For evaluation, sequences from Dataset2 were used.

Since the sequences in Datasetl were collected from the SwissProt database
released in the year 2000, the annotations have been updated. To copy with this
change, the authors updated the annotations and sequences by searching the UniPort
database by 1D or accession number.

In order to validate the performance of the proposed algorithm, sequences from
Dataset2 were used [37]. Dataset2 contains 2247 sequences, but without descriptions
of origins or annotations. Since the proposed algorithm targets only transmembrane

® http://www.cbs.dtu.dk.services TMHMM-2.0/

® http://www.enzim.hu/mhhtop/

" http://bp.nuap.nagoya-u.ac.jp/sosiu/

8 Data set collected by Moller et al.: ftp://ftp.ebi.ac.uk//testsets/transmembrane

Data set collected by Kernytsky et al.: http://cubic.bioc.columbia.edu/services/tmh_benchmark/
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proteins, we were required to select only transmembrane proteins.

In order to sect transmembrane proteins out of the 2247 sequences in Dataset2, we
ran a FASTA search against the entire UniPort database. We found 128 complete
matches that were annotated as transmembrane proteins in UniProt. All 128
sequences were used for testing.

Of the amino acid sequences in Datasetl and Dataset?, those with the following
clear annotations are used for out experiment:

DOMAIN CYTOPLASMIC, DOMAIN MATRIX, DOMAIN
EXTRACELLULAR, DOMAIN INTERMEMBRANE, DOMAIN PERIPLASMIC,
and TRANSMEM for which we have interpreted CYTOPLASMIC, MATRIX,
EXTRACELLULAR, INTERMEMBRANE, and PERIPLASMIC as loop segments
with TRANSMEM as a transmembrane segment.

The number of sequences used for training and testing is shown in Table . Thus,
using the two data sets described above, training data sets and test data sets were
selected asfollows:

Training dataset:

244 sequences of Dataset1 were used for training.
Test dataset:

128 sequences of Dataset2 were used for testing.

Table 1. Number of Sequences of Datasets used for Evaluation:

m Training Testing
1 69 34
2 17 9
3 19 8
4 38 18
5 13 8
6 18 16
7 28 11
8 6 6
9 3 1
10 8 5
11 1 0
12 21 11
13 1 0
14 1 1
15 1 0
Total 244 128

2) Evaluation criteria: The evaluation criteria of transmembrane region prediction
follows the method described in [38]. In order to define this performance criterion,
consider:
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True Positive (TP) Segments:

A TP segment must share at least nine residues with a transmembrane region of the
reference annotation. The following gives a schematic of this concent, where “T”
stands for an amino acid within a transmembrane region, while “-* stands for an
amino acid in aloop region.

Annotated ------- ITTTTTTTTTTTTTIT--------
Predicted ----- TTTTTTTTTTTTTTTT--------~-

False Negative (FN) Segments:
An FN segment is a transmembrane region that is not predicted; this is schematically
described by:

Annotated ------- TTTTTTTTTTTTTTIT--------
Predicted ------c-c-mmmm e e e e e oo o

False Positive (FP) Segments:
An FP segment is a predicted transmembrane region that is not a transmembrane
region in the reference protein test set. Thisis schematically described by:

Annotated --------mmmm e mememmaa-
Predicted ------- TTTTTTTTTTTTTTT--------

Note: Each predicted transmembrane region should correspond to only one reference
transmembrane region. This excludes the posibility of double counting TP segments.
For instance, the following prediction has one TP and one FN instead of two TP
segments:

Annotated ----- TTTTTTTTT-TTTTTTTTTT-----
Pradicted ----- TTTTTTTTTTTTTTTTTTTT---- -

Accuracy of transmembrane region prediction is defined by:
Transmemebrane region prediction accuracy

_ (1 _ n(FN) +n(FP))
= n(TP) + n(FN)

where n(TP), n(FN), and n(FP) denote the number of True Positive segments,
False Negative segments, and False Positive Segments, which we presume is the
criterion in Mofller et al. [38]. However, the equation is not explicitly written.

3) Results: The results are shown in Table Il. The proposed *“backward”
smoothing method (Method (i)) gave:

n(TP) = 585, n(FN) = 29, n(FP) = 18, and

Transmemebrane region prediction accuracy = 92.3%.

Figure 3 illustraces some of the prediction results using the *backward”
smoothing method. Note that Methods (i) through (v) use the same model and same
parameters. As one can see from Table Il, however, the proposed “backward”
smoothing method (Method (i)) performs reasonably well.

Precise comparisons with other prediction algorithms are difficult because the
sequences used for their training could have been different, as mentioned earlier. For
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comaprison purposed, however, we tested the same test sequences against three well-
known tools for predicting transmembrane helices.

Tablell: Accuracies of Transmembrane Region Predictions

M ethods/tools n(TP) n(FEN) n(FP) Accuracy
Method (i) 585 29 18 92.3%
Method (ii) 582 32 21 91.4%
Method (iii) 582 32 21 91.4%
Method (iv) 567 47 23 88.6%
Method (v) 583 31 20 91.7%
TMHMM 563 51 28 87.1%
HMMTOP 580 34 47 86.8%
SOSUI 544 70 29 83.9%

. Amonsd [ S Y ) A S I

“ Predicied | I [T T 111 |

_ Amneeed | [ - [ - 1

.b Predoied | I. _I ] ..I I.. ] |_ _.I |
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' Prediond | [T 1 11T T T T T T[T 1
Amneeated [T T T T T T T 1 |
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[ Tramszmsedbeans Begion
—

Figure 3: Typica Transmembrane Region Prediction Results. Numbers denote
number of residues from the N-terminus.

Conclusions
We proposed a novel scheme (the “backward” smoothing scheme) to predict
transmembrane regions utilizing a finitestate, stochastic dynamical system. The
proposed prediction scheme described in (8) emphasizes the dependency on the
previous state Q ;; over the previous observation data (O, ..., Or1) once the previous
state has been estimated. Since the model structure employs a left-to-right topology,
the proposed scheme was anticipated to yield better results than the prediction scheme
reported in [30]. The experimental results reported in section 111-.3 suggest that the
“backward” smoothing scheme did perform reasonably well.

Although it produced reasonable results, the algorithm has several drawbacks and
anumber of aspects that need to be improved, as described below.
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The “backward” smoothing scheme is a general form that could be applied to
applications of HMM. Applying the proposed scheme to other models, such as
Bayesan HMM [34], is an interesting idea, and further improvement is
anticipated.

. When the probability distribution landscape is not simple, a one-time

parameter/state estimation, including the Baum-Welch method, as well as the
algorithm reported in this paper, has limited success. The proposed learning
algorithm is too simplistic, and a more advanced procedure is called for.
Parameters, hyperparameters, and states as well can be inferred via a Bayesian
framework where the Monte Carlo method can be utilized [32]. This s the subject
of our ongoing research.

Sidedness (interior/exterior) can be predicted in situations where formal charge
trajectories could be more important than the present problems.
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