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Abstract. Protein homology prediction is a crucial step in templatebased protein structure prediction. The functions that rank the proteins
in a database according to their homologies to a query protein is the
key to the success of protein structure prediction. In terms of information retrieval, such functions are called ranking functions, and are often
constructed by machine learning approaches. Diﬀerent from traditional
machine learning problems, the feature vectors in the ranking-function
learning problem are not identically and independently distributed, since
they are calculated with regard to queries and may vary greatly in
statistical characteristics from query to query. At present, few existing
algorithms make use of the query-dependence to improve ranking performance. This paper proposes a query-adaptive ranking-function learning
algorithm for protein homology prediction. Experiments with the support vector machine (SVM) used as the benchmark learner demonstrate
that the proposed algorithm can signiﬁcantly improve the ranking performance of SVMs in the protein homology prediction task.
Keywords: Protein homology prediction, information retrieval, ranking
function, machine learning, support vector machine.

1

Introduction

A good ranking function is crucial for a successful information retrieval system
[1]. A ranking function is based on the measurement of the relevance of database
items to a query. Usually, there are multiple ways to measure the relevance of
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database items. An important issue is how to automatically and intelligently
combine these relevance measures into a powerful single function using machine
learning technologies [2,3,4,5].
Protein structures play an important role in biological functions of proteins.
Experimental approach to protein structure determination is both slow and expensive. Since homologous proteins (evolved from the same ancestor) usually
share similar structures, predicting protein structures based protein homologies
has been one of the most important problems in bioinformatics [6,7,8,9]. Protein
homology prediction is a key step of protein structure prediction and is a typical
ranking problem[10]. In this problem, the database items are protein sequences
with known three-dimensional structures, and the query is a protein sequence
with unknown structure. The objective is to ﬁnd those proteins in the database
that are homologous to the query protein so that the homologous proteins can
be used as structural templates.
The homology between two proteins can be captured from multiple views,
such as sequence alignment, sequence proﬁle and threading [11]. In this paper,
we will not focus on these homology measures or features, but on the machine
learning algorithms that integrate these features into a single score, i.e., a ranking
function, in order to rank the proteins in a database. Since the proposed algorithm is, in principle, applicable to general ranking-function learning tasks, we
will discuss the problem and describe the algorithm in a somewhat general manner. For example, when we say a ’query’ or ’database item’, it corresponds to a
’protein’ in our protein homology prediction problem, and ’relevant’/’relevance’
means ’homologous’/’homology’.
In ranking-function learning, the items (proteins in our case) in a database
are represented as vectors of query-dependent features, and the objective is to
learn out a function that can rank the database items in order of their relevances
to the query. Each query-dependent feature vector corresponds to a query-item
pair. Training data also consist of relevance (homology in our case) judgments for
query-item pairs, which can be either absolute (e.g., item A is relevant, item B is
not, while item C is moderate, etc.) or relative (e.g., item A is more relevant than
item B). The relevance judgments can be acquired from the manual annotation
of domain experts.
Algorithms for ranking-function learning mainly diﬀer in the form of training
data (e.g., absolute or relative relevance judgments), the type of ranking function (e.g., linear or nonlinear), and the way to optimize coeﬃcients. In early
years, various regression models were used to infer probability of relevance from
binary judgments, e.g., the polynomial regression [3] and the logistic regression [12,13]. Information retrieval can also be viewed as a binary classiﬁcation
problem: given a query, classify all database items into two classes - relevant
or irrelevant[2,14]. An advantage of viewing retrieval as a binary classiﬁcation
problem is that powerful discriminative models in machine learning, e.g., SVM,
can be directly applied and the resultant ranking function is discriminative.
Between regression and classiﬁcation is the ordinal regression. Ordinal regression diﬀers from conventional regression in that the targets are not continuous

322

Y. Fu et al.

but ﬁnite and diﬀers from classiﬁcation in that the ﬁnite targets are not nominal but ordered [15,16]. Methods were also proposed to directly learn to rank
things instead of learning the concept of relevance. For example, Joachims addressed the ranking-function learning problem in the framework of large margin
criterion, resulting in the Ranking SVM algorithm [5]. Learning to rank has
drawn more and more attention from the machine learning ﬁeld in recent years
(e.g., [17,18]).
A major characteristic of ranking-function learning is that the feature vector
of each database item is computed with regard to a query. Therefore, all feature
vectors are partitioned into groups by queries (each group of data associated
with a query is called a block in this paper). Unlike traditional learning tasks,
e.g., classiﬁcation and regression, in which data are assumed to be independently
and identically distributed, the ranking data belonging to the same block are correlated via the same query. We have observed that the data distributions may
vary greatly from block to block [19]. The same value of a feature may indicate
relevance in one block but irrelevance in another block. In the pure ranking algorithms that take preference judgments as input and do not aim to estimate
relevance, e.g., Ranking SVM [5], training is performed so that rankings are only
consistent within training queries. In this case, the diﬀerence between queries
does not pose an obstacle to learning a pure ranking function. However, few efforts have so far been devoted to explicitly making use of the diﬀerence between
queries to improve the generalization performance of learned ranking functions.
Since queries in practice diﬀer in various ways, no single ranking function performs well for all queries. A possible way to improve ranking performance is to
use diﬀerent ranking functions for diﬀerent queries [20].
In this paper, we describe a query-adaptive ranking-function learning
algorithm for the protein homology prediction task. Our approach, called KNearest-Block Ensemble Ranking, is motivated by the intuitive idea of learning
a ranking function for a query using its similar queries in training data instead of using all available training data. Note that by similar we do not mean
sequence similarity, but rather similarity in distributions of query-dependent
data. To avoid online training, we employ an ensemble method. On each data
block (corresponding to a query protein) in training data, an individual ranking
model is trained oﬄine in advance. Given the data block derived from a new
query, the k ranking models trained on the k most similar blocks to the given
block are applied separately to the given block and the k groups of ranks are
aggregated into a single rank. In this way, incremental learning is also supported. As support vector machines (SVMs) [21] have been extensively studied
in recently years for ranking-function learning and have been shown to have
excellent performance (see, e.g., [5,15,14,17]), we use the SVM as the benchmark learner in this work. Experiments on a public dataset of protein homology
prediction show that the proposed algorithm performs excellently in terms of
both ranking accuracy and training speed, signiﬁcantly improving the ranking
performance of SVMs.
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Algorithm

In this section, we describe our K-Nearest-Block (KNB) approach to ranking.
Below is the terminology used in this paper.
Query-Dependent Feature Vector. Given a query (a protein sequence here),
a database item (a protein sequence with known structure) is represented as
a vector of (query-dependent) features that measure the relevance (homology) of the database item to the query. Each query-dependent feature vector
corresponds to a query-item pair.
Block. A block B is a group of instances of query-dependent feature vectors
associated with the same query. Each block corresponds to a query. A block
usually includes several hundreds or thousands of feature vectors, which are
computed from the most homologous proteins in a database according to
some coarse scoring function.
Training Block. A training block is a block with relevance judgements for all
of the feature vectors in it.
Test Block. A test block is a block in which the relevance judgments are unavailable and are to be made.
Block Distance. A block distance D(Bi , Bj ) is a mapping from two blocks
Bi and Bj to a real value that measures the dissimilarity between the two
blocks.
k Nearest Blocks. Just as the name implies, the k nearest blocks to a block
are the k training blocks that are most similar to this blocks according to a
block distance deﬁnition.
The block structure of data is a unique feature of the ranking problem. We believe
that the diﬀerences among blocks, if appropriately used, can be very valuable
information for training more accurate ranking models. One straightforward idea
is that given the test block corresponding to a new query, all n training blocks
should not be used to learn a ranking model, but only the k(n) most similar
training blocks to the test block should be used. This is the block-level version of
the traditional K-Nearest Neighbors method for classiﬁcation or regression and
thus can be called the K-Nearest Block (KNB) approach to ranking.
Three important sub-problems in the KNB approach are:
1. How to ﬁnd the k nearest training blocks?
2. How to learn a ranking model using the k nearest blocks?
3. How to choose the value of k?
Diﬀerent resolutions to the above three sub-problems lead to diﬀerent implementations of the KNB method for ranking. High speed is a most crucial factor
for a real-world retrieval system. Generating a new ranking model for each new
query seems to apparently conﬂict with the above criterion. Therefore, the second sub-problem is especially important and needs to be carefully addressed.
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K Nearest Blocks (KNB)

To ﬁnd the k nearest blocks to a given block, a distance between blocks must
be deﬁned in advance. In general, the block distance can be deﬁned in various
ways, either domain-dependent or independent.
The most intuitive way is to represent each block as a vector of block features.
Block features are variables that characterize a block from some views. For example, block features can be the data distribution statistics of a block. Given a
vector representation of blocks, any vector-based distance can serve as a block
distance, such as Euclidean distance or Mahalanobis’ distance.
For simplicity and generality, we employ a domain-independent vector presentation of blocks and use Euclidean distance in this paper. Each block is represented by the statistics of each feature in the block, that is,
Φ(Bi ) = μi1 , σi1 , μi2 , σi2 , · · · , μid , σid ,

(1)

where μik and σik are the mean and the standard deviation of the k-th feature
in block Bi , respectively. The distance between two blocks Bi and Bj then is

D(Bi , Bj ) =  Φ(Bi ) − Φ(Bj ) 2 .
(2)
2.2

KNB Ensemble Ranking

Given the k nearest blocks, the next step is to learn a ranking model from the
selected training data. The most simple resolution is to train a global model
on the union of all selected blocks. However, as we pointed out previously, a fatal
drawback of doing this is that a training process has to be conducted online for
each new query while the training time to be needed is totally unknown. This is
unacceptable for a practical retrieval system.
To overcome the diﬃculty of online training, we propose to use an ensemble
model. First, on each training block, a ranking model (called a local model)
is trained oﬄine. All local models are saved for future use. When a new query
comes, a test block is generated and is compared to all training blocks. The k
nearest training blocks to the test block are identiﬁed and the k corresponding
local models are separately applied to the test block. Then, the k groups of
relevance predictions are aggregated together to generate the ﬁnal single rank for
the query. Figure 1 gives the ﬂowchart of the KNB Ensemble Ranking method.
In principle, any ranking model can serve as the local model in the KNB
Ensemble Ranking method. Since SVMs have recently been extensively explored
for ranking, we choose the classiﬁcation SVM as the base learner and compare the
resulted KNB ensemble SVM with other SVM-based ranking methods. Another
reason for using SVMs is that previous best results on the data set used in this
paper (see next section for detail) were mostly obtained with SVMs [19,22,23,24].
For aggregation, we simply sum over all the predictions made by selected local
models with block distances as weights; that is,

1
M odeli (B ∗ ),
(3)
Relevance(B ∗ ) =
D(B ∗ , Bi )
∗
i∈I
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New query

Generate the test block B*

Find the k nearest training

Training blocks

blocks to B*

Train on separate blocks
Predict for B* using the k
corresponding local models

Local Models

Aggregate the k groups of

Off-line part

predictions on block B*

Rank

Fig. 1. Flowchart of the KNB Ensemble Ranking method

where I ∗ is the index of the k nearest training blocks to the test block B ∗ and
M odeli (B ∗ ) denotes the predictions made by the local model trained on block Bi .
Compared to the global model, the ensemble model used in the KNB ranking
method has several advantages:
– Firstly, training is fast. The time needed for training a learner (e.g. SVM)
often increases nonlinearly with the number of training examples. Training
on separate blocks is a divide-and-conquer strategy and thus is faster.
– Secondly, test is fast. KNB-based global model must be trained online for
each new query, while local models can be trained oﬄine in advance.
– Thirdly, incremental learning is supported. When a new training block comes,
a new local model can be trained on it and be added into the repository of
local models.
– Fourthly, a training block can be easily weighted according to its distance
from the test block.
– Finally, an ensemble model often outperforms a global model in complex
learning problems.

3

Experiments

In this section, we apply the KNB ensemble ranking algorithm to the protein
homology prediction problem and demonstrate that the algorithm is superior to
other SVM-based ranking methods in both ranking accuracy and training speed.
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Table 1. Statistics of the protein homology data set

Training data
Test data

3.1

#Queries Block size #Examples #Features
153
145,751
∼ 1000
74
150
139,658

Data Set

Protein homology search is a routine task in current biology and bioinformatics researches. The task of protein homology prediction is to rank/predict the
homologies of database proteins to a query protein. In this paper, we use the
KDDCUP2004 data set of protein homology prediction [25]. In this data set,
each database protein is characterized by 74 features measuring its homology to
the query protein. The data are generated by the program LOOPP (Learning
Observing and Outputting Protein Patterns), a protein fold recognition program
[26]. The homology features include length of alignment, percentage of sequence
identity, z-score for global sequence alignment, etc. [11]. On this data set, we have
obtained the Tied for First Place Overall Award in the KDDCUP2004 competition. In the original winning solution, we successfully developed and used the
intra-block data normalization and support-vector data sampling technologies
for ranking-function learning [19].
The statistics of the data are summarized in Table 1. They include 153 training queries and 150 training queries. For each query, the examples (candidate
homologous proteins) were obtained from a preliminary scoring/ranking function. The labels (homology judgments) are in binary form (0 for homology and
1 for non-homology) and are available for training data. Labels for test data
are not published. The predictions for test data can be evaluated online at the
competition web site. This provides a relatively fair manner for researchers to
test and compare their methods.
For computing the block distance, we globally normalize the query-dependent
features so that the mean is zero and the variance is one in the whole training
data. For training local SVMs, we locally normalize the features so that the
mean is zero and the variance is one within each block. We found that this
kind of intra-block normalization resulted in improved prediction performance
compared to the global normalization [19].
3.2

Performance Evaluation

Four metrics are used to evaluate the performance of a ranking method. They
are TOP1, RKL (average rank of the last relevant item), APR (mean average
precision), and RMS (root mean squared error). Each of the four metrics is ﬁrst
computed on individual blocks, and then averaged over all blocks.
TOP1. (maximize) TOP1 is deﬁned as the fraction of blocks with a relevant
item ranked highest. It measures how frequently a search engine returns a
relevant item to the user at the top position.
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RKL. (minimize) RKL is deﬁned as the average rank of the last relevant item.
It measures how many returned items have to be examined sequentially in
average so that all relevant items can be found. If the purpose is to ﬁnd out
all relevant items, then RKL is a more suitable metric than TOP1.
APR. (maximize) APR is deﬁned as the average of a kind of average ranking
precision on each block. The average precision on single block is quite similar
to the AUC (Area Under presision/recall Curve) metric. APR provides an
overall measurement of the ranking quality.
RMS. (minimize) RMS is the average root mean square error. It evaluates how
accurate the prediction values are if they are used as estimates of relevance
(1 for absolute relevance and 0 for absolute irrelevance).
The ﬁrst three metrics exclusively depend on the relative ranking of the items in
a block while RMS needs relevance estimates. Since the target values are binary,
we found that to a large extent RMS seems to rely on a good normalization of
the prediction values more than on a good ranking or classiﬁcation. Therefore,
we place emphasis on the ﬁrst three metrics, although we have obtained the best
result of RMS on test data.
To evaluate a learning algorithm and perform model selection, cross validation
is the most widely used strategy. Since the performance measures for ranking
are calculated based on blocks, it becomes natural to divide the training data by
blocks for cross validation. We extend the traditional cross validation method
Leave-One-Out (LOO) to a block-level version which we call Leave-One-BlockOut (LOBO). Given a training data set, the LOBO cross validation puts one
block aside as the validation set at a time and uses other blocks for training. After
all blocks have their turns as the validation set, an averaged performance measure
is computed at the end. The LOBO cross validation is diﬀerent from both the
traditional LOO and the n-fold cross validation. It is a graceful combination
of these two common cross validation strategies, taking advantage of the block
structure of ranking data.
3.3

Results

Four algorithms are compared, including the standard classiﬁcation SVM, the
Ranking SVM, the KNB global SVM, and the KNB ensemble SVM. For Ranking
SVM, relative relevance judgments are derived from binary labels. In all experiments, the SVMlight package [27] is used. In most cases, the linear kernel is used
for SVM training, based on the following considerations:
– High speed is crucial for a real-word retrieval system and linear ranking
function are more eﬃcient than nonlinear ones. Especially, a linear SVM
can be represented by a weight vector while a nonlinear SVM has to be
represented by a group of support vectors, the number of which is in general
uncontrollable.
– Nonlinear kernels introduce additional parameters, thus increasing the diﬃculty of model selection. In our case, experiments have shown that training
with nonlinear kernels, e.g., RBF kernel, on the entire data set we used is
extremely slow and does not show better results.

328

Y. Fu et al.

Table 2. Cross-validation performance on training data set (the results of Standard
SVM and Ranking SVM were obtained after intra-block data normalization, a method
we previously proposed [19]; otherwise they would perform much worse. It is the same
with Table 3).
TOP1
(maximize)
Standard SVM
0.8758
Ranking SVM
0.8562
KNB global SVM
0.8889
KNB ensemble SVM 0.8889
Method

RKL
(minimize)
51.94
36.83
45.18
39.50

APR
(maximize)
0.8305
0.8257
0.8560
0.8538

RMS
(minimize)
0.0367
N/A
0.0354
0.0357

Table 3. Performance on test data set
TOP1
(maximize)
Standard SVM
0.9133
Ranking SVM
0.9000
KNB global SVM
0.9067
KNB ensemble SVM 0.9067
Method

RKL
(minimize)
59.21
45.80
45.90
40.50

APR
(maximize)
0.8338
0.8369
0.8475
0.8476

RMS
(minimize)
0.0357
N/A
0.0379
0.0364

– In the KNB SVM ensemble approach, the linear local SVMs can be easily
combined into a single linear function before prediction, thus decreasing the
online computational burden. Moreover, it has been shown that in ensemble
machine learning, a good generalization ability is often achieved using weak
(e.g., linear) base learners rather than strong (e.g., nonlinear) ones.
– The use of linear kernel is fair for all the SVM-based methods compared.
The only parameter in the linear SVM is the parameter C, the tradeoﬀ between
training error and learner complexity. Another parameter in the KNB-based
methods is k, the number of selected local models. To do model selection and
performance evaluation on the training data, we use the LOBO cross-validation
as described above. Table 2 gives the best results obtained using various methods.
It shows that on the TOP1, APR and RMS metrics, KNB-based methods are
superior to the other two methods. On the RKL metric, the Ranking SVM
obtains the best result. On all metrics, the KNB ensemble SVM is comparable
or superior to the KNB global SVM.
On the test data, predictions, made by models trained with the parameter
values optimized for each metric, were evaluated on online. Table 3 gives the test
results. The KNB ensemble SVM obtains the best results on the RKL and APR
metrics among the four methods. In fact, they are the best known results on
these two metrics (up to the time that this paper is submitted). On the other two
metrics, KNB ensemble SVM does not perform best. However, the diﬀerences are
very small and once again we argue that the RMS metric is very sensitive to the
normalization of prediction values. On average, the solution of KNB ensemble
SVM is the best result among all the original and subsequent submissions to the
competition (http://kodiak.cs.cornell.edu/cgi-bin/newtable.pl?prob=bio).
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50
Our Result
Previous Best Result

RKL (minimize)

48
46
44
42
40
38
10

12
14
16
18
k in KNB Ensemble Ranking

20

Fig. 2. RKL performance on test data set vs. k in KNB ensemble SVM in comparison
with previous best result
Table 4. Training speed comparison
Method
Standard SVM
Ranking SVM
KNB global SVM
KNB ensemble SVM

Training mode Training time (seconds)
Oﬄine
95
Oﬄine
32255
Online
dependent on k
Oﬄine
9

It is also found that the KNB ensemble SVM is not sensitive to k, the number of
selected nearest blocks. Figure 2 shows the RKL result of KNB ensemble SVM on
the test data with the k as a variable. It can be seen that between a large range of
the value of k (from 10 to 20), the RKL is rather stable and is considerably better
than the previous best result obtained by Foussette et al. [22].
Besides the ranking accuracy, the training speed is another important factor.
Table 4 lists the training mode and training time of the four methods. Standard
classiﬁcation SVM and Ranking SVM are trained on all available blocks. KNB
global SVM is trained online on selected k nearest blocks, and the training time
is dependent on k and is unpredictable in practice. For KNB ensemble SVM,
local SVMs are trained oﬄine on separate blocks. We can see that the oﬄine
training of KNB ensemble SVM only costs 9 seconds, 3600 times faster than
ranking SVM. These experiments were performed on a Solaris/SPARC Server
with 8 Sun Microsystems Ultra-SPARC III 900Mhz CPUs and 8GB RAM.

4

Conclusion and Future Work

In this paper, we have proposed a K-Nearest-Blocks (KNB) ensemble ranking
algorithm with SVMs used as the base learners, and applied it to the protein
homology prediction problem. Experiments show that compared to several other
SVM-based ranking algorithms, the proposed one is signiﬁcantly better on most
performance evaluation metrics and meanwhile is extremely fast in training

330

Y. Fu et al.

speed. Here, we have used a public data set. It is possible to develop more
measures of protein homology to improve the accuracy of protein homology prediction. On the other hand, since the method is domain-independent, it is in
principle applicable to general ranking problems. A potential problem with the
KNB approach is that when the number of training blocks becomes very large,
ﬁnding the k nearest blocks may be computationally expensive. However, all
methods for expediting the traditional K-Nearest Neighbor method can also be
used for the KNB method. In addition, we used a very simply deﬁnition of block
distance in this paper. In fact, it can be improved in various ways, for example,
reﬁnement of block features, feature selection, distance learning, etc. We will try
to address some of these aspects in our future work.
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