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We develop an algorithm for a generalization of the multiple-instance learning model

in which a bag’s label is not based on a single instance’s proximity to a single target point.

Rather, a bag is positive if and only if it contains a collection of instances, each near one

of a set of target points. This algorithm is significantly faster in practice than others in

this model. We applied our algorithm on the protein sequence identification problem. Our

goal is to identify new proteins in a superfamily with low primary sequence conservation.

The low conservation of primary sequence in protein superfamilies such as Trx-fold makes

conventional methods difficult to use. Therefore, we use structural properties to build

our classifiers. These structural properties include secondary structure patterns as well as

various properties of the residues in the protein sequences. We use this information to model

proteins via our generalized multiple-instance learning algorithm. In 20-fold jack-knife tests,

some of our models performed quite well, with high true positive and true negative rates.

Since our techniques are very general, they should be applicable to other superfamilies with

low primary sequence conservation.
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Chapter 1

Introduction

In the conventional multiple-instance learning (MIL) model, a bag’s (boolean or real)

label is entirely determined by a single instance in the bag, e.g. for boolean labels, the bag’s

label is a disjunction of the instances’ boolean labels, each of which is typically determined

by the instance’s proximity to a single target point. But this is not sufficient for some

problems. In the generalized multiple-instance learning (GMIL) model introduced by Scott

et al. [29], the target concept is a set of points C = {c1, . . . , ck}, and the label for a

bag B = {b1, . . . , bn} is positive if and only if there is a subset of r target points C ′ =

{ci1 , . . . , cir} ⊆ C such that each cij ∈ C ′ is near some point in B. Here r is a threshold

indicating the minimum number of target points that must each be “hit” by some point

from B (the same point in B could hit multiple target points). In other words, if we define

a boolean attribute ai for each target point ci that is 1 if there exists a point bj ∈ B near it

and 0 otherwise, then the bag’s label is some r-of-k threshold function over the attributes

(so there are k relevant attributes and B’s label is 1 iff at least r of these attributes are 1).

Note that if r = 1 then this model is the conventional multi-instance model, except that

there are multiple target points and the final concept is a union of these points. If r = k

then a conjunctive model exists, where each target point must be hit by some instance in

B.

This learning model can be extended in an interesting way. If we let C̄ = {c̄1, . . . , c̄k′}
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be a set of “repulsion” points, then we can require a positive bag to not have any points

near each point of C̄ ′ = {c̄′i1 , . . . , c̄′ir′} ⊆ C̄ in addition to having a point near each point in

C ′. This means that to be positive, certain feature values have to be present in some points

of bag B, but also certain feature values must be absent.

Scott et al’s algorithm (which is called GMIL-1) for learning geometric concepts in

the GMIL model assumes that each bag is a multiset of at most n points from the finite,

discretized space X = {1, . . . , s}d. It then enumerates all the possible N = s(s + 1)/2d

axis-parallel boxes in X and creates two attributes for each box b: ab and āb. Given a bag

B ∈ Xn, the algorithm sets ab = 1 if some point from B lies in b and ab = 0 otherwise. Then

āb = 1− ab. These 2N attributes are then given to Winnow (defined in section 2.3), which

learns a linear threshold unit. The time complexity of this algorithm is Ω(s2d) per trial,

which is exponential in both log s (the number of bits needed to describe each instance)

and d. Therefore GMIL-1 does not scale well to high dimension (e.g. d > 5). But on

low-dimensional data, GMIL-1 was shown to be competitive with (and often superior to)

algorithms in the conventional multiple-instance learning model [29].

To allow scaling to higher dimensions, we created GMIL-2, which can be thought as

an approximation of GMIL-1. GMIL-2 has time complexity that is polynomial in d (so it

scales to higher dimensions), but also has complexity that is exponential in the size of the

set Ψ of points used to partition the space X. Thus we also describe ways to keep Ψ small

while not significantly increasing the generalization error of our algorithm. To analyze our

algorithm, we applied GMIL-2 to the protein superfamily identification problem which has

8 dimensions.

The rest of this thesis is organized as follows. In Chapter 2 we introduce background

and discuss related work, including the original algorithm GMIL-1. After that we describe

our new algorithm GMIL-2 in Chapter 3. In Chapter 4 we discuss our application of GMIL-

2 on protein superfamily identification problem and evaluate our algorithm. In Chapter 5
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we give our conclusions [29].



Chapter 2

Background and Related Work

2.1 Conventional Multiple-Instance Learning

The conventional MIL model was introduced by Dietterich et al. [6]. In their model,

each bag (multiple-instance example) is classified as positive if and only if at least one of

its elements is labeled as positive by the target concept. Their work was motivated by the

problem of predicting whether a molecule would bind at a particular site. They argued

empirically that axis-parallel rectangles (APRs) are good hypotheses for this and other

similar learning problems. This MIL model has been extensively studied [38, 2, 21, 20, 22,

36, 26, 35, 24, 1], along with extensions for real-valued labels [7, 25]. In most MIL work, the

label of a bag depends only on the label of a single point, and the label of each point typically

is assumed to depend on a single target point. Exceptions include some work of Maron et

al. [21, 22] in which a target concept can be a disjunction over multiple points. They also (in

a subset of their experiments) mapped each pair of instances to a new instance and added

spatial information about the instance pair, which defined a pairwise conjunctive type of

learning model. However, they found that allowing more than 2 disjuncts in the target

concept or taking more than 2 instances at a time proved computationally very difficult.

In other work, De Raedt et al. [24] generalizes MIL in the context of inductive logic

programming and defines an interesting framework connecting many forms of learning [4].

One of his generalizations allows relations between instances. However, the transformations
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he gives between the models have exponential time and space complexity.

2.2 Generalized Multi-Instance Learning

In the concept class of d-dimensional geometric patterns (introduced by Goldman

et al. [10]), each bag (multiple-instance example) is a multi-set of points in d-dimensional

space. Loosely speaking, each concept in the class can be thought of as a set of bags that

visually resemble each other. The notion of resemblance between two bags P and Q is

formalized by the Hausdorff metric [14]. The Hausdorff distance between bags P and Q

is

max
{

max
~p∈P

min
~q∈Q

{dist(~p, ~q)}, max
~q∈Q

min
~p∈P

{dist(~p, ~q)}
}

, (2.1)

where dist(~p, ~q) is the distance under some norm between points ~p and ~q. In other words, if

each point in P reports the distance to its nearest neighbor in Q and each point in Q reports

the distance to its nearest neighbor in P , then the Hausdorff distance is the maximum of

these distances. A concept is the set of all bags within some distance γ under the Hausdorff

metric of some “ideal” bag1 of ≤ k points (Figure 2.1 gives a one-dimensional example

with γ = 1 and k = 3). We can generalize Equation (2.1) by allowing dist to be a weighted

norm, and the weights can vary for each point in the model. By letting dist be the weighted

infinity norm, a target concept C is a set of ≤ k axis-parallel boxes and a bag B is positive

if and only if (1) every point of B lies in some box of C, and (2) every box of C contains a

point from B.

Intuitively, the above concept class captures the notion of visual similarity quite

effectively. However, in pattern recognition applications, this class is not robust against

noise or occlusions. Instead, often what is employed is what can be termed ranked half-

Hausdorff. First, the distance from the model to the pattern is computed, but not vice-

versa, since it is assumed that the model is accurate, but that the pattern may include
1 In pattern recognition parlance, the ideal bag is the “model” to which we compare the “images”.
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Figure 2.1: An example target concept of size k = 3 points, with three bags X1, X2, and
X3.

points unrelated to the model. Second, rather than taking the max over the distances from

the model to the pattern, instead the sth max is taken, to improve noise tolerance. The

final result can be stated as [14, 15, 30]:

max
~q∈Q

smin
~p∈P

{dist(~p, ~q)} , (2.2)

where maxs denotes the sth max, P represents the pattern, and Q is the model (i.e. the

“ideal” set of points representing the target concept). Again, if Equation (2.2) uses a

weighted infinity norm with variable weights for each point in Q, a target concept C is a set

of at most k axis-parallel boxes and a bag B is positive if and only if strictly fewer than s

boxes of C do not contain a point from B. This is equivalent to Scott et al.’s [29] generalized

MIL model with r = k − s (sans repulsion points). Adding a set Q̄ of repulsion points is

easy as well. In addition to checking if Equation (2.2) evaluates to at most a constant γ,

we check if the following equation evaluates to at least another constant γ′:

min
~q∈Q̄

s′min
~p∈P

{dist(~p, ~q)} . (2.3)

So now in addition to requiring that a bag B misses fewer than s boxes from C, we also

require that B hits at most s′ boxes from C̄.
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2.3 The First Algorithm for GMIL

The first GMIL algorithm (GMIL-1) [29] (adapted from Goldman et al. [10]) assumes

that each bag is a multiset of at most n points from the finite, discritetized space X =

{1, . . . , s}d. This algorithm enumerates all the possible N = s(s + 1)/2d boxes in the space

and creates two attributes for each box b: ab and āb. Given a bag B ∈ Xn, the algorithm

sets ab = 1 if some point from B lies in b and ab = 0 otherwise. Then āb = 1−ab. These 2N

attributes are then given to Winnow [19], which learns a linear threshold unit. Winnow is

very similar to the Perceptron algorithm. It is used for learning arbitrary linear-threshold

concepts that are allowed to change over time in the on-line model of learning, it updates its

weights multiplicatively rather than additively, which often yields much faster convergence,

especially in cases like ours when most inputs are irrelevant. Winnow associates a weight

Wi with each boolean attribute, if the Wtsum ≥ θ (where Wtsum is the sum of Wi over

all attributes, θ is threshold of Winnow), the bag is predicted 1, otherwise predicted 0.

Initially all weights Wi are set to 1. On a false negative prediction, for each attribute that

is 1, Winnow promotes the weight Wi by multiplying Wi by some constant update factor

α. On a false positive prediction, for each attribute that is 1, Winnow demotes the weight

Wi by dividing it by α.

Using the above remapping of bags to boolean attributes, the complement of a tar-

get concept of geometric patterns can be represented as a monotone disjunction over the

attributes, i.e. a disjunction with no negated variables. To see this, recall from Section 2.2

the two criteria that must be satisfied for a bag B to be positive: (1) each point in B

must lie in some box in the target concept, and (2) each box in the target concept must

contain a point from B. Let C = {c1, . . . , ck} be the boxes in the target concept and let

C ′ = {c′1, . . . , c′kcomp
} be a set of boxes whose union is exactly the complement of the union

of the boxes of C. Then Criterion 1 is violated iff some box c′i ∈ C ′ contains a point from
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B, i.e. if ac′i = 1. Criterion 2 is violated iff some box cj ∈ C is empty, i.e. if ācj = 1. Thus

for a bag B, the following disjunction is true iff B is negative:

∨

c′∈C′
ac′ ∨

∨

c∈C

āc ,

which is monotone since both a and ā are provided as original inputs to Winnow. Therefore

by inverting the bags’ labels and applying the remapping, the problem of learning geometric

patterns is reduced to learning a monotone disjunction.

Applying a well-known result of Winnow’s mistake bounds for learning monotone

disjunctions allows us to conclude that Goldman et al.’s mistake bound for this problem is

O(((k +kcomp)d log s). However, its time complexity is Ω(s2d), which is exponential in both

log s and d (though they assumed d was constant). As an example of why this is a problem

even for small d, consider the case where each point can only take on 20 values in each of 4

dimensions. Then the number of attributes to Winnow in this case is 2 · 2104 > 3.8× 109.

To address this issue, Goldman et al. partitioned the set of N boxes into groups such that

it is guaranteed that for each box b in a group G, all attributes ab have the same weight

in Winnow, as do all attributes āb. Thus their algorithm maintains only one representative

box per group G and exactly computes Winnow’s weighted sum by summing the products

of each group’s weight and its size:

N∑

i=1

ai wai + āi wāi =
∑

G∈G
|G| (aG waG + āG wāG),

where |G| is the number of boxes in group G, aG is the attribute for group G’s representative

box, and G is the set of all groups. The set of groups is built by using the points from all

bags to rectilinearly partition X (see Figure 2.2). The result is a set of regions such that

any pair of boxes bi and bj are in the same group if both have their “lower left” corners

in region Rw and their “upper right” corners in region Rz (they also defined groups that

had both their lower left and upper right corners in the same region). It is easy to see that

when the groups are constructed this way, for each pair of boxes b and b′ in the same group
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G, b and b′ contain the same subset of points from all bags. Thus ab = ab′ and āb = āb′ for

all bags, and all the Winnow weight updates are the same for attributes ab and ab′ as well

as āb and āb′ . Using this construction, at most O(m2d+1) groups are built, where m is the

number of points used to partition the space. Thus the exponential dependence on log s is

removed, but the exponential dependence on d still remains.

Z

W 5

2

43

6

1

Figure 2.2: An example of how GMIL-1 constructs its groups.

The results of Goldman et al. [10] are purely theoretical. When implementing it for

application to generalized multiple-instance learning problems, Scott et al. [29] made certain

changes. First, they only used the attributes āb (which = 1 iff box b does not contain a point

from the current bag), then they accommodate the half-Hausdorff metric of Equation (2.2)

that generally tolerates more noise. They referred to this algorithm as “Half” and the

version that uses both ab and āb as “Full”, which also handles repulsion points. Second,

they noted that Winnow can learn r-of-k threshold functions rather than simple disjunctions

with a factor of r increase in the mistake bound. Thus Half automatically handles ranked

half-Hausdorff and Full automatically handles a natural definition of ranked full-Hausdorff.

Third, in some experiments they used clustering on the training set to preprocess the data
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to significantly reduce the number of points used to build the groups, hence speeding up the

algorithm. Fourth, other heuristic modifications were made to speed up training, employing

approximate methods to do bookkeeping in order to reduce training time. Finally, when

training is finished, only the attributes with high weight in Winnow (“heavy groups”) are

presented as the final hypothesis. This yields a more compact, interpretable hypothesis.

Such a representation gives immediate information about what portions of the instance

space are most relevant to classifying the bags. Pruning incrementally removes a fraction of

the remaining groups each round until the the new (pruned) classifier’s false negative error

rate increases unacceptably.

Scott et al. applied GMIL-1 on four different application areas: robot vision, content-

based image retrieval, protein sequence identification, and drug discovery [29]. The ex-

periments show that GMIL-1 is competitive with (and often better than) DD [21] and

EMDD [36], which are two of the better algorithms in the conventional MIL model. But

in these experiments GMIL-1 built around 4–7 million groups, requiring 500–700 Mb of

memory and around 30 hours to train. It was also found that after training was completed,

most of the groups could be thrown out with no impact on prediction error. Indeed, after

training at least 80% (typically more than 97%) of the groups with the lowest weight in

Winnow could be discarded and have a hypothesis that predicts nearly as well as the origi-

nal. This suggests that only a relatively very small subset of groups is needed to learn these

concepts well, which motivates our design of GMIL-2 described in Chapter 3.



Chapter 3

Our Algorithm GMIL-2

The basic learning algorithm for the GMIL model (GMIL-1) is inherently inefficient,

requiring hours of computation time and hundreds of megabytes of memory to train. In

this chapter a much faster and more memory-efficient algorithm (GMIL-2) is presented.

GMIL-2 can handle the requirements of real pattern recognition systems.

3.1 The Algorithm GMIL-2

GMIL-2 is similar to GMIL-1 in that it groups boxes together, assigns boolean at-

tributes to these groups, and gives these attributes to Winnow to learn an r-of-k threshold

function over these attributes. The key difference from GMIL-1 is how GMIL-2 builds the

groups. First, rather than using the union of points from all training bags, GMIL-2 uses a

set Ψ of representative points that capture the distribution of the training bags. Second,

rather than basing the construction of the groups on a rectilinear partition of X, GMIL-2

directly considers all subsets of Ψ.

3.1.1 The Basic Algorithm

Recall that the reason we can group boxes together in GMIL-1 is that the boxes in

each group contain the same set of points. For example, in Figure 2.2, the group defined by

regions W and Z is a set of boxes that contains and only contains points 2, 3 and 5. Instead
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of representing this group as a box, we can represent it as a set S = {2, 3, 5}. Any box that

contains points 2, 3 and 5 and does not contain points 1, 4 and 6 belongs to this group, such

as boxes b1 and b2 in Figure 3.1. So in this representation, any subset of {1, 2, 3, 4, 5, 6} is

a potential group. But not all of these subsets are valid groups, e.g. {4, 6} since any box

containing points 4 and 6 must also contain points 3 and 5. We can easily check if S is valid

by finding the smallest box containing S and comparing S with the point set contained by

the box. Also, if an unseen point p lies in a box of the group represented by S, the smallest

box containing {p} ∪ S must belong to this group. Another interesting fact we notice is

that b1 and b2 are not in the same group of GMIL-1. The group defined by regions RW

and RZ does not include b1. So we might yield a more compact group set for the same set

of points. All these facts lead us to define groups in a new way.

b1

b2

1

2

3 4

5

6

MBX1

MBX2

Figure 3.1: An example of how GMIL-2 constructs its groups.

Suppose a set of points Ψ is given as representatives of a distribution of points in

a d-dimensional feature space X. Let S be a subset of Ψ. We call the smallest box that

contains S the minimum bounding box (MBX) of S. A subset S ⊆ Ψ is valid if there is no

point p ∈ Ψ \ S that is contained by the MBX of S, otherwise invalid. Each valid subset S
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represents a group GS of boxes that contain and only contain S in Ψ. GMIL-2 enumerates

all such groups, that is, all valid subsets of Ψ. For each group GS , we define two attributes:

`S and ¯̀
S . Given a bag B ∈ Xn, the algorithm sets `S = 1 and ¯̀

S = 0 if for some point

p from B, the MBX of {p} ∪ S does not contain any point from Ψ \ S. Otherwise it sets

`S = 0 and ¯̀
S = 1. These attributes are then given to Winnow, which learns some r-of-k

threshold function over the attributes.

3.1.2 Building the Group Set

GMIL-2 needs to build the group set Γ = {GS | S ⊆ Ψ and S is valid.}. A naive

algorithm scans all 2|Ψ| subsets of Ψ and checks if they are valid. But such an algorithm

has time complexity exponential in the number of representatives.

We now describe our algorithm to build the set of groups Γ = {GS | S ⊆ Ψ and S is valid.}.

Obviously, brute-force enumeration and testing of all 2|Ψ| subsets of Ψ is impractical for

even moderately sized Ψ. Thus our algorithm for building the set of groups exploits the

geometric property that many of these 2|Ψ| subsets will be invalid. Our algorithm is similar

to breadth-first searching of the set of all possible groups. This BFS algorithm also leads

to a heuristic for choosing Ψ in such a way that allows |Ψ| to be quite large while keeping

|Γ| small.

Our BFS algorithm first puts into Γ the empty set and all singleton subsets {p} for

each p ∈ Ψ because all such subsets are valid. After that, it identifies all valid subsets with

size 2 and adds them to Γ, then valid subsets with size 3, and so on up to size |Ψ|. To find

all valid subsets with size k + 1, BFS looks at all size-k subsets. For each size-k subset S′,

BFS considers each point p ∈ Ψ \ S′. Each point p is added to S′ to form S′p = S′ ∪ {p}.

Then BFS builds the MBX bp for each S′p and adds to Ψ the largest set S′′p ⊆ Ψ contained

by bp. Note that we might have |S′′p | > k + 1. That set is still added to Ψ. For example,

in Figure 3.1, adding 2 into {3, 5} yields a valid subset S′2 = S′′2 = {2, 3, 5}. But adding 4
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into {3, 6} yields S′4 = {3, 4, 6} and S′′4 = {3, 4, 5, 6}. Then S′′4 is added to Ψ. It tries to add

a point p to each valid size-k subset Sk where p ∈ Ψ \ Sk. Then it builds the MBX b for

{p} ∪ Sk and puts the largest set S′ ⊆ Ψ contained by b into Γ. Since any size-(k + 1) valid

subset can be built by adding one or more points to a valid subset with size less than k +1,

according to Theorem 1, the algorithm is guaranteed to find all valid size-(k + 1) subsets.

Theorem 1 For any valid non-empty subset S ⊆ Ψ, ∃S′ : S′ ⊂ S and S′ is valid and

∃p : p ∈ S \ S′, MBXS = MBXS′∪{p}.

Proof: Since S is not empty, there is a point p1 ∈ S. Let S1 = {p1, then S1 ⊂ S and S

is valid. Then we pick a point p2 from S \ S1 and let S2 = S1 ∪ {p2}. MBXS2 must lie

in MBXS . Otherwise MBXS is not the smallest box that contains S since S2 ⊂ S. Then

we build a new subset S′2 that is the set of points from Ψ that is contained by MBXS2 .

Since MBXS contains MBXS2 , MBXS must contain S′2. So S′2 ⊂ S and S′2 is bigger than

S′1 = S1 and also valid.

By repeating the above procedure, we can get a series of S′i. At each time S′i gets

bigger and S \S′i gets smaller. So for at most |S| times, we will get an S′i such that S′i+1 = S

is built by adding a point pi+1 into S′i unless S is not valid. Then S′i and pi+1 are what we

claimed in Theorem 1.

The time complexity of our BFS building algorithm is O(
∑|Ψ|

k=1 ρi|Ψ|) = O(|Ψ||Γ|),

where ρ is the number of valid size-k subsets. So the computation time is decided by the

total number of groups. Since |Γ| ≤ min{2|Ψ|, |Ψ|2d}, at worst case, the time complexity

of the BFS algorithm is |Ψ| times of either that of the scanning algorithm or GMIL-1’s

building algorithm. That means the speed of our BFS algorithm is relatively close to other

two algorithms even in the worst case if Ψ is small. If Ψ is big, the scanning algorithm and

GMIL-1 both need a great amount of time. However usually not all subsets can be valid,

especially when Ψ is big. Thus |Γ| is often much less than min{2|Ψ|, |Ψ|2d}.
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3.1.3 Selecting Representatives

Obviously the more representatives that are used, more accurately they represent the

true distribution of the points in the bags. This tempts one to let Ψ be the union of the

points in all the training bags. However this could make |Γ| prohibitively large. Thus we

need to reduce |Ψ|. One way is clustering all the points in the training bags and setting Ψ

to the set of point representatives of these clusters.

Intuitively, the larger Ψ is, the better our resolution will be of the instance space

and the better our algorithm will learn. However, because point representatives of clusters

will typically lie in general position (i.e. not lie on the same low-dimensional hyperplanes),

increasing |Ψ| using only cluster representatives will dramatically increase |Γ|. To see this,

note that if most subsets of the points in Figure 3.1 were collinear instead of in general

position, the number of distinct valid groups would decrease significantly. This motivates

our method of building Ψ: first we set Ψ to be the point representatives of a small number

of clusters (e.g. 5). Then we add many random points (e.g. 100) to Ψ that are collinear

with these point representatives.

5

2

43

6

1

Figure 3.2: An example of how GMIL-2 adds additional points.
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Specifically, first we cluster all points in training bags into N clusters. Then we build

a grid G such that the intervals on each dimension are defined by the projections of N

clusters on this dimension. Let ΩG be the set of all crossing points on G. We choose the

N clusters and K additional random points from ΩG as our representatives. For example,

in Figure 3.2, we add 4 additional points that are white. A valid subset that contains

points 3 and 5 must also contain another two white points. In addition, the values of these

additional points come from N clusters instead of any other random values. The heuristic

is that these values should have more valuable information than any other arbitrary values

if our clusters are meaningful.

3.2 Contrasting GMIL-1 with GMIL-2

Obviously the only difference in the running of both learning algorithms is the makeup

of the group set Γ. Here we present some more detailed comparisons between the group

sets under various special cases of the representative sets.

First consider when Ψ for GMIL-2 is the union of all points in all training bags. Let S

be a valid subset of Ψ and let ΓS
1 be the union of all groups for GMIL-1 whose boxes contain

exactly S. Then the GMIL-2 group represented by S is exactly equal to ΓS
1 , `S = aG and

¯̀
S = āG for all training bags, and the two algorithms are equivalent. The only difference is

that the set of groups (i.e. the set of attributes given to Winnow) is smaller for GMIL-2.

One special case of GMIL-2 is putting all points in training bags into Ψ. Then each

valid subset S is equal to a group G of GMIL-1 whose representative box is the MBX of

S. Both groups contain the boxes that contain the same set of points of training bags.

That means `S = aG and ¯̀
S = āG for all training bags. We see that the set of groups

built in GMIL-2 is identical to those built in GMIL-1, when taken with respect to training

since Winnow can learn the same threshold function for both algorithms. However the

number of attributes of GMIL-2 is often less than GMIL-1 because GMIL-2 can put all
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boxes containing the same set of points into one group, which GMIL-1 cannot guarantee.

For example, in Figure 3.1, b1 and b2 are not in the same group of GMIL-1 although they

contains the exactly same set of points. Thus GMIL-2 would get a more compact group set

than GMIL-1 in this case.

Now consider the case when GMIL-2 builds its grid on a set of representative points

rather than the union of all points in all bags. Now since the points in Figure 3.1 are only

representatives, it is possible that there is e.g. a point x from the training bags that lies

in box b1 but not in b2. From its use of the grid to build its group set, GMIL-1’s groups

can recognize this fact, but GMIL-2’s subset-based construction of Γ prevents this. Thus

GMIL-2 operates in a space with lower resolution than GMIL-1, and the only way it can

match GMIL-1’s resolution is to set Ψ = ΩG . If this is the case, then the two algorithms

are again equivalent.

Thus for special cases, the two algorithms build equivalent group sets. If only a

subset of all training points or grid points is used as representative points, GMIL-2 can be

treated as an approximation to GMIL-1. The time complexity of GMIL-2 is polynomial in

d but in the worst case exponential in |Ψ|. Thus we can now scale up our algorithm to high

dimensions without much of a time complexity increase. However, we obviously cannot use

all points from the training bags, which means we learn on a reduced resolution. It has

been confirmed by experiments on smaller-dimensional data that GMIL-2 is significantly

faster than GMIL-1 [32]. Tao et al.’s results show that GMIL-1 requires 500-700 Mb of

memory and ran for around 30 hours to train on a single data set. In contrast, in the same

experiments GMIL-2 used less than 50 Mb of memory and finished training in less than one

hour on average with no statistically significant change in generalization error. We now test

to see if GMIL-2 is also suitable for high-dimensional data. We applied GMIL-2 on protein

super family identification problem in which case d = 8. In the following chapter I will

discuss the protein super family identification problem and present the experiment results.



Chapter 4

Applying GMIL-2 to Protein Superfamily Identification

4.1 Protein Superfamily Identification Problem

Protein families generally consist of proteins with similar function, and superfamilies

are collections of related families. Generally, proteins are added to databases much faster

than they can be tested to determine to which superfamily they belong. Thus a fundamental

problem in computational biology is searching protein databases to find candidate members

of a specific superfamily, which can then be tested in the lab to verify membership.

Many successful search methods are based on hidden Markov models (HMMs, e.g. [8])

built on the amino acid sequences of known members of the superfamily. This method is

useful if the superfamily exhibits primary sequence conservation, i.e. if the sequences are

similar to each other in their chains of amino acids (represented by letters from a 20-

character alphabet). However, some superfamilies of proteins, such as thioredoxin fold

proteins (Trx), lack this property, i.e. they have low primary sequence conservation and are

only similar in the higher-order structures that they “fold” into. For example, in Figure 4.1,

segments of five Trx-fold proteins are shown with each sequence identified by its ID from

the Protein Data Bank (http://www.rcsb.org/pdb/). Only the two cysteines (C, marked

by asterisks) are fully conserved in the alignment, and very little else is even partially

conserved. These two cystines form a redox motif designated by the CxxC motif. This is

typical of Trx-fold proteins.
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* *

1A8L: ...KLIVFVRKDHCQYCDQLKQLVQEL...
1BED: ...PVVSEFFSFYCPHCNTFEPIIAQL...
1QK8:A ...LVFFYFSASWCPPCRGFTPQLIEF...
1F9M:A ...PVVLDMFTQWCGPCKAMAPKYEKL...
1MEK: ...YLLVEFYAPWCGHCKALAPEYAKA...

Figure 4.1: Alignment of segments of five Trx-fold proteins, indexed by PDB ID.

The low conservation of primary sequence in protein superfamilies such as Trx-fold

makes conventional methods difficult to use. Therefore, in this work we use structural

properties to build our classifiers. These structural properties include various properties

of the residues in the protein sequences. We use this information to model proteins via

algorithms in the generalized multiple-instance learning model.

4.2 Property-Based Sequence Analysis

Recently, Kim et al. [17] studied G Protein-Coupled Receptors in the following way.

They processed each candidate protein, computing for each amino acid seven properties:

GES hydropathy index [9, 11], solubility [3], polarity, pI, Kyte-Doolittle index [18], α helix

index [5], and molecular weight. For each property, one value is computed per amino acid,

so the sequence of n amino acids is transformed to a sequence of n numbers. Kim et al.

then computed summary statistics (mapping to a single-instance learning model) of these

numeric sequences and inferred a linear discriminant function to separate GPCRs from

non-GPCRs. Their results were good for GPCRs, but Trx has been much more difficult

to learn in a single-instance model [28], because mapping the sequences to their summary

statistics loses significant information that reveals fundamental properties of the proteins

(e.g. that in all the Trx-fold proteins, positions k through ` have high solubility). Such

information is not only useful in identifying new members of the family, but it also may

reveal to a biochemist in more detail why certain proteins belong to a family and others
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do not. This information might also be useful in other applications such as predicting the

function of a specific protein by measuring similarities of a candidate protein’s signature to

the signatures of proteins with known function.

When mapping the property sequences to multiple-instance examples, the first coor-

dinate of point p in bag P relates to the position in the original sequence of~b’s corresponding

amino acid. E.g. if amino acid x is 25% downstream from the start of the sequence, then

we would expect ~b’s first coordinate to be about 25% of the way from the origin to the final

point. More specifically, since all the MIL algorithms applied to this data set are looking

for similar property values in certain regions of each positive bag, it is critical that these

regions have similar coordinates in the first dimension, lest the algorithms fail to detect

the similarities. Since the lengths of the sequences vary significantly (even among only the

positive sequences), correctly aligning them is a challenge. This problem is compounded

by the low primary sequence similarity, which prevents us from using conventional multiple

sequence alignment algorithms.

To answer the problem of setting the first coordinate, we used a näıve and simple

mechanism to align the sequences in our experiments. First we aligned the two conserved

cysteines (marked by asterisks in Figure 4.1) in all sequences, since this CxxC motif (or

a similar one) appears in all Trx-fold proteins. Then (since it is known that all Trx-fold

proteins extend at most 180 amino acids beyond the motif) we used the next 180 symbols

of each sequence, discarding everything else that lay beyond that point. If a sequence was

not long enough to go 180 symbols past the CxxC, it was linearly rescaled so that the last

symbol was in position 180. Finally, since it is also known that Trx-fold proteins extend at

most 20 positions upstream of the motif, we also used these 20 positions, yielding a sequence

of length at most (and often strictly less than) 204, mapped to a space that spans [1, 204].

Examples are shown in Figure 4.2.

To keep the 7 properties of each amino acid and its position information, the primary
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* *

123456789012345678901234567890123456789012345679
1 HDEVVLWKHDFIVVEFYAPWCGHC-----------K------......
2 FKNVVLESSVPVLVDFWAPWCGPC--R-I--I-A--P-V--V......
3 ----------AQTVIFGRSGCPYC--V--R-A--K-D--L-A......
4 NFEQALAAHRHLLVEFYAPWCGHCKALAPEYAKAAAQLKAEG......
5 MESVRSLVEDKPVVIFSKSSCCMC--H-S-I--Q-T-L--I-......

Figure 4.2: Simple alignment of segments of five Trx-fold proteins. Pproteins 1, 2, 3 and 5
are rescaled.

sequence of n amino acids is transformed to a sequence of n ∗ 8 numbers. Each amino acid

is mapped to 8 numbers, the first number is its position in the sequence, and the remaining

7 numbers are its 7 properties. Therefore each amino acid is mapped to a point in an

8 dimensional space, the entire sequence is a set of multiple points in that 8-dimensional

space. This nicely fits the generalized multi-instance learning model. Then we smoothed

these property sequences with a size-16 Guassian kernel to filter out noise before we use these

profiles sequences as inputs to the GMIL-2. The “kernel” for smoothing defines the shape

of the function that is used to take the average of the neighbouring points. A Gaussian

kernel is a kernel with the shape of a normal distribution curve. A protein sequence is

described by a set of variables x1 through xn, and for each xi, there is a value xij for

the ith amino acid index value at the jth position. Thus xi1 through xik constitutes a

profile of the protein in terms of the ith amino-acid property index. So each raw profile is

smoothed by applying the Sliding Window Recognizer [33], which transforms the profile as

follows: x′ij =
∑s

k=−s wj−kxj−k, where s is the kernel size and w is the kernel window, in

our experiments s = 16.

4.3 Experimental Results

We ran two tests of our algorithm on protein data. In both tests, we filtered our data

to reduce primary sequence similarities, since the goal of this application is to identify new
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Trx sequences that are highly dissimilar to known ones.

4.3.1 Random Data Sets

As a first test of GMIL-2, we applied it on large, random data sets, constructed as

follows. First we filtered our positive and negative sets such that no two sequences were

more than 80% similar [34], finally yielding 183 positives and 197 negatives. We then split

our data into three sets of approximately equal sizes: A, B, and C. Kim et al.’s [17] seven

properties (listed in Section 4.2) were computed for each amino acid in each sequence in

each set, the position information of each amino was extracted from the aligned sequences,

and added into the sequence property files. Then we ran 3 experiments: training on each

pair of sets from {A,B, C} and testing on the third. Our results were a true positive rate

around 0.74 and true negative rates around 0.88.

In contrast, we summarize Wang et al.’s results [34], who applied other approaches

to this problem. They used the hidden Markov model tool SAM on the original (primary)

sequences (a common approach in biological sequence analysis) and on predicted and true

secondary structures of the sequences. A protein’s secondary structure is a linear sequence

of these higher-order structures. When a protein folds on itself in three-dimensional space,

amino acids that are near each other together form various higher-order structures, such as

α helices and β sheets [31]. Also, similar to Kim et al., they computed summary statistics of

the properties (e.g. mean and variance of the derivatives) to map the multiple-instance data

that we used to single-instance data, which they gave to a support vector machine. HMM

trained on the primary sequences had true positive and true negative rates around 0.99,

HMM trained on predicted secondary structure had both true positive and true negative

rates around 0.82, HMM trained on true secondary structure had both true positive and

true negative rates around 0.70, and SVM had both true positive rate around 0.81 and

0.85 for true the negative rate. The sequences are so similar that standard HMM-based
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approaches perform slightly better. This implies that in fact 80% inter-sequence similarity

is high enough for HMM on primary sequence to be the preferred modeling technique. Since

the goal of our work was to identify new, highly-dissimilar sequences (i.e. ones that cannot

be detected by HMM on primary sequence), we conducted another test. In the next section

we describe our jack-knife test on highly dissimilar sequences.

4.3.2 Jack-Knife Tests

Within our data set, there are many similar sequences, which means that the experi-

ments of Section 4.3.1 are inappropriate to evaluate our methods for the purpose they were

designed: to identify new families that are highly dissimilar to known ones, i.e. identify

sequences that primary sequence-based HMMs cannot. Since our goal is to identify new

families, the sequences in our data set should be highly dissimilar to each other. Thus we

constructed a new positive set of Trx-fold proteins such that primary sequence conservation

between each pair of sequences was so low that SAM was unlikely to identify any one with

a model built on the rest. We started by randomly selecting one sequence from a set S of

1100 known Trx-fold sequences, placing it in our positive set P , and built an HMM M on

P using SAM. We then used M to score the other 1099 Trx-fold sequences from S \P (“\”

denotes set difference, i.e. those sequences that are in S but not in P ) and added to P the

one with the highest E-value (i.e. the least similar one). We then iteratively built a new

HMM on P , scored the remaining sequences in S \ P , and added to P the sequence with

largest E-value until |S| = 25. We chose as our new positive data set the 20 most distinct

sequences that this procedure found (see Table 4.1) also of very low similarity. Pairwise

identity of sequences from the set of 20 ranged from 0.32 to 0.82, averaging 0.48, and a

jack-knife test using HMM on primary structure only found one of these sequences. The

set of non-Trx-fold proteins remained the same as Section 3.1. In these 20 sequences, 17

of them have the CxxC motif, 2 of them have the CxxS motif, and the final sequence has
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neither CxxC nor CxxS motif. Due to the small number of Trx-fold proteins available in

our data set, we performed a jack-knife (leave-one-out cross-validation) test. We held out

one Trx-fold protein for use in testing and used the rest for training, repeating once for each

of the 20 Trx-fold proteins in the data set. Since the multiple-instance learning algorithm

requires both Trx-fold and non-Trx-fold proteins for training, we split the non-Trx-fold pro-

teins set into 8 sets of approximately equal sizes (20 sequences in each set), then trained

our algorithms on the 19 Trx-fold proteins plus one of the 8 sets of non-Trx-fold proteins,

and tested on the held-out Trx-fold protein plus the remaining 7 sets of non-Trx-fold pro-

teins. We repeated this for each of the 8 sets of non-Trx-fold proteins. Thus totally we ran

20× 8 = 160 experiments. So all error rates reported are only on sequences that were not

used to build the models.

As we discussed in Chapter 3, if we use all points in all the training examples for our

set Ψ, this could make the total number of groups |Γ| prohibitively large. Thus we clustered

all the points in the training examples into N clusters, then we added K additional random

points (N = 5, K = 80 in our experiments), using these points as our representatives Ψ to

build group sets for GMIL-2.

The results are summarized in Table 4.2, true positive and true negative error rates

are reported for each hold out negative set, the error rate is the average error rave over all

20 runs. The true negative rate is 75%. The true positive rates in the Table 4.2 are the

fractions (out of 20) of the set of Trx-fold proteins that GMIL-2 correctly identified. Since

each held out Trx-fold protein was used as a test example in 8 experiments (one for each

negative set), we gave GMIL-2 credit for correctly classifying the held-out positive if that

held-out positive example was successfully identified at least half the time.

Table 4.3 reports the performance of GMIL-2 on each of the 20 Trx-fold proteins from

the jack-knife test. A “0” in an entry indicates the that protein was successfully identified

from the testing set. Each Trx-fold protein was tested 8 times because GMIL-2 was trained
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Table 4.1: Summary of the 20 positive sequences

accession number motif putative class
gi: 13400018 SxxC, CxxC Thioredoxin
gi: 14602058 CxxC Thioredoxin
gi: 19698793 CxxC Thioredoxin
gi: 2194076 CxxC Thioredoxin
gi: 7512732 CxxC Thioredoxin
gi: 443281 CxxC Thioredoxin
gi: 1076496 CxxC PDI
gi: 840745 CxxC Thioredoxin
gi: 1421133 CxxC Gluteredoxin
gi: 129727 CxxC, CxxC PDI
gi: 15229353 CxxS, Gluteredoxin
gi: 14787802 KxxC, PDI
gi: 14729415 CxxC, CxxC PDI
gi: 13122603 CxxC, Gluteredoxin
gi: 11494247 CxxC, Thioredoxin
gi: 15150492 CxxC, Gluteredoxin
gi: 13358154 CxxC, Thioredoxin
gi: 24372070 CxxC, Thioredoxin
gi: 23483739 CxxS, CxxS PDI
gi: 16763418 CxxC, PDI
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Table 4.2: Summary of results on the jack-knife tests on the set of 20 Trx-fold proteins with
motif-based alignment. “TP” is true positive rate, “TN” is true negative rate.

neg set TP TN
1 0.60 0.79
2 0.45 0.67
3 0.65 0.75
4 0.55 0.75
5 0.75 0.75
6 0.50 0.75
7 0.65 0.75
8 0.45 0.76

on the other 19 Trx-fold proteins and 8 different negative sets, one for each set. The last

column of the table is the total number of misses of that protein in all experiments. It

shows 15 Trx-fold proteins were successfully identified and 5 were not, so the overall true

positive rate of GMIL-2 trained on property profiles of motif-based alignment sequences is

75%.

In contrast, we summarize results from Wang et al. [34], who applied other approaches

to this problem. They used HMM, SVM on the primary sequences and on predicted sec-

ondary structures of the sequences. Their results are summarized in Table 4.4. The SVM

model and the model built on predicted secondary structure (PSI-PRED [16], New Prior)

were the overall best performers, correctly identifying 10/20 and 10/20 positives and over

0.885 and 0.81 of the negatives. Our algorithm could identify 15/20 positives, outperforming

all their experiments.
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Table 4.3: Summary of which sequences were found by each classifier in the 20-fold jack-
knife test on motif-based alignment. “0” indicates a hit, “1” a miss. A Trx protein is
condsidererd correctly predicted if its total misses is ≤ 4.

Negative Set
accession number 1 2 3 4 5 6 7 8 miss
gi:443281 1 1 0 0 0 0 0 1 3
gi:1076496 1 0 1 1 0 1 1 0 5
gi:840745 0 0 0 0 0 0 0 1 1
gi:1421133 1 1 1 1 1 1 1 0 7
gi:129727 0 0 0 0 0 1 0 0 1
gi:15229353 0 1 0 0 0 0 0 1 2
gi:14787802 1 0 1 1 1 1 1 0 6
gi:13400018 0 1 0 0 0 0 1 1 3
gi:14729415 0 1 1 0 0 1 0 1 4
gi:13122603 0 0 0 0 0 0 0 0 0
gi:11494247 1 0 1 0 1 1 0 0 4
gi:15150492 0 1 0 1 1 0 0 1 4
gi:13358154 0 0 0 1 1 0 1 0 3
gi:24372070 0 1 0 1 0 1 0 0 3
gi:23483739 1 0 0 0 0 0 1 1 3
gi:16763418 0 1 1 0 0 0 0 0 2
gi:14602058 0 1 1 1 0 1 0 1 5
gi:19698793 0 1 0 0 0 0 0 1 2
gi:2194076 1 1 0 1 0 1 1 1 6
gi:7512732 1 0 0 1 0 1 0 1 4
sum 8 11 7 9 5 10 7 11
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4.4 Secondary Structure Alignment

In the experiments of Section 4.3, we extract the position information of each amino

acid from the motif-based alignment of primary sequences, using this position information as

the first coordinates of points of multi-instance learning examples. But the linear rescaling

of the subsequence downstream of the motif seems inappropriate since the Trx-fold of each

sequence is of a different length. I.e. our alignment mechanism probably does not align some

critical subsequences very well. Since secondary structure of Trx-fold proteins is conserved,

it is natural to try to use this information to align our sequences.

A protein’s secondary structure is a linear sequence of higher-order structures. When

a protein folds on itself in three-dimensional space, amino acids that are near each other

together form various higher-order structures, such as α helices and β sheets [31]. In

addition to the conserved CxxC motif, for secondary structure, three α-helices and four

β-sheets are organized in a specific pattern (a β-α-β-α-β-β-α motif). For most sequences,

the CxxC motif is located between the first β-strand and the first α-helix in the fold, so the

entire motif is β-CxxC-α-β-α-β-β-α [23, 13]. Therefore, even though the protein primary

sequences are not conserved and thus primary sequence alignment could not get valuable

position information, one can use the structural pattern to align these proteins. It should

be noted, however, that some Trx-fold proteins allow insertions and deletions of secondary

structures, which complicate matters. Imperfect secondary structure prediction brings more

complication.

For each sequence, we first used PSI-PRED [16] to predict the secondary structure of

each sequence. The secondary structure sequence of proteins were aligned using SAM [12].

Since each residue in secondary structure sequence of a protein corresponds to an amino acid

in its primary sequence, for every amino acid of the truncated primary sequence obtained

in the above experiments, we could find its position in the secondary structure sequence.
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Table 4.4: Summary of which sequences were found by each classifier in the 20-fold jack-
knife test. “H” indicates a hit, “M” a miss, and “NH” a near hit (E-value in (0.1, 1.0]).
For SAM-based algorithms, Prim means primary structure, PS means predicted secondary
structure, PSI means secondary structure is predicted by PSI-Pred, Pre means secondary
structure is predicted by PREDATOR, U means using uniform prior, N means using new
prior, M means hidden Markov model, SVM means using SVM method.

accession M M PS M PS M PS M PS SVM SVM
number Prim PSI N PSI U Pre N Pre U PS PSI PS Pre
gi: 13400018 M M M M M M H
gi: 14602058 M NH NH H M M M
gi: 19698793 M H H H M M M
gi: 2194076 M H H M M M M
gi: 7512732 M M H H H H H
gi: 443281 H H H H M H M
gi: 1076496 M M M M M M M
gi: 840745 M H H NH M H M
gi: 1421133 M H M NH M H M
gi: 129727 M H M NH M M H
gi: 15229353 M M M M M M M
gi: 14787802 M M M M M H M
gi: 14729415 M M M M M H M
gi: 13122603 M M M M M H H
gi: 11494247 M H M H M H M
gi: 15150492 M M M M M H H
gi: 13358154 M H H M M M M
gi: 24372070 M M M NH H M M
gi: 23483739 M H NH M M M H
gi: 16763418 M H M NH M H H
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This position information was then added to the same 7 properties we used in Section 4.2

to replace the previous position information obtained from motif-based alignment.

If our classifier were used to search a sequence database, we obviously would not

know which alignment (positive or negative) to align candidate sequence S to. So we would

align S to both, getting bags S+ and S−. Each would be labeled by our classifier, and the

prediction that is most confident (|Wtsum− θ|, Wtsum is the sum of Wi over all attributes, θ

is the threshold of Winnow) is the final prediction. For example, if a candidate sequence is

aligned to positive alignment, and is predicted “Trx” with Wtsum = 157602, θ = 174962, so

|Wtsum − θ| = 17360. Then we aligned it to negative alignment, it is predicted “non-Trx”

with Wtsum = 190575, |Wtsum − θ| = 15613, so the final prediction is negative.

We realigned the secondary structure sequences of Trx-fold proteins and non-Trx-

fold proteins. The secondary structure sequence of Trx-fold proteins were aligned based

on the model of non-Trx-fold proteins and build non-Trx-fold proteins secondary structure

sequence based on the model of Trx-fold proteins. Then we repeated the jack-knife test

of Section 4.4. The results were summarized in Table 4.5 and Table 4.6. Predictions

predicted positive by both classifiers were predicted Trx-fold proteins with high confidence.

For those that were predicted non-Trx proteins by both classifiers, we predicted those non-

Trx. For those that disagree between the two classifiers, we compared their confidences and

went with the strongest prediction. The final results of our jack-knife test are summarized

in Table 4.5 and Table 4.6. The average true negative rate is 65%, 14 out of 20 Trx-fold

proteins were identified successfully at least half the time, so the true positive rate is 70%.

Compared with Wang et al.’s best results (SVM) whose TP is 50% and TN is 0.885%

[34], our GMIL-2 has better perfromance on TP rate. Since our techniques are very general,

they should be applicable to other superfamilies with low primary sequence conservation.

We also did the similar test on secondary structure of random data sets, our results

were a true positive rate around 0.16 and true negative rates around 0.89, while Wang et
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Table 4.5: Summary of combined results on the jack-knife tests on the set of 20 Trx-fold
proteins secondary structure sequences. “TP” is true positive rate, “TN” is true negative
rate.

neg set TN
1 0.8541
2 0.6473
3 0.5209
4 0.5503
5 0.6564
6 0.6659
7 0.5389
8 0.8004
average 0.654275

al.’s HMM on same data set could achieve 0.82 true positive and true negative rate. So

for those proteins whose sequences are similar, our GMIL-2 can not outperform HMM, but

have better performance on very dissimilar sequences.
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Table 4.6: Summary of which sequences were found by each classifier in the 20-fold jack-
knife test based on secondary structure sequence aligned on both right and reverse model,
the prediction of a protein goes with the strongest prediction. “0” indicates a hit,“1” a
miss.

Negative Set
accession name 1 2 3 4 5 6 7 8 miss
gi—443281 1 0 0 0 1 1 0 0 3
gi—1076496 1 0 0 0 1 0 1 1 4
gi—840745 0 0 0 0 0 0 0 0 0
gi—1421133 1 1 1 0 0 0 0 1 4
gi—129727 1 0 0 0 0 0 0 0 1
gi—15229353 1 1 1 1 1 1 1 1 8
gi—14787802 1 1 1 1 0 0 1 1 6
gi—13400018 1 0 1 1 1 0 1 1 6
gi—14729415 1 1 1 1 0 0 0 0 4
gi—13122603 1 1 0 1 0 0 0 0 3
gi—11494247 1 0 0 0 0 0 0 0 1
gi—15150492 1 0 0 0 0 0 0 0 1
gi—13358154 1 0 0 0 0 0 0 1 2
gi—24372070 0 0 0 0 0 0 0 0 0
gi—23483739 1 1 1 0 1 1 1 1 7
gi—16763418 1 1 0 1 1 1 0 1 6
gi—14602058 0 0 0 0 0 0 0 0 0
gi—19698793 1 0 0 0 0 0 0 0 1
gi—2194076 1 1 0 0 1 1 1 1 6
gi—7512732 0 0 0 0 0 0 0 1 1



Chapter 5

Conclusion

While the standard MIL model is powerful, there exist applications with natural

target concepts that cannot be represented. This is what motivated the prior introduction

of Scott et al.’s GMIL model, along with the algorithm GMIL-1 to learn geometric concepts

in it. Here we presented GMIL-2, a much faster algorithm (in practice) than GMIL-1.

GMIL-2 uses a compact group set based on a set of representative points. It has the same

generalization ability as GMIL-1 and needs much less time and memory to train [32].

To test GMIL-2 with high-dimensional data, we applied it to protein super family

identification problem. The Trx-fold super family is a very important set of proteins with

very low similarity in primary sequence. In this work we have applied generalized multiple

instance learning to this problem, focusing on structural information rather than primary

sequence. The GMIL-2 model built on the properties profile using primary sequence position

information could achieve the positive rate 75% and true negative rate 75%, while Want et

al.’s HMM could achieve 98negative rate but only 5% true positive rate. The GMIL-2 model

built on the properties profile using secondary structure sequence position information could

achieve the positive rate 70% and true negative rate 65%, Want et al.’s SVM could achieve

88.5negative rate but only 50% true positive rate [34].

Because the experimental results are affected by the multiple alignment of proteins,

in future we could try different alignment tools to achieve better results. The other future



34

work is choosing different points representatives. The selection of ψ will affect the resolution

and the number of group sets. So far we are using the cluster points and its collinear random

points, in the future we could try different selection of points representatives
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