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Abstract. Subspace mapping methods aim at projecting high-dimensional data into a subspace where a speciﬁc objective function is optimized. Such dimension reduction allows the removal of collinear and irrelevant variables for creating informative visualizations and task-related
data spaces. These speciﬁc and generally de-noised subspaces spaces enable machine learning methods to work more eﬃciently. We present a
new and general subspace mapping method, Correlative Matrix Mapping
(CMM), and evaluate its abilities for category-driven text organization
by assessing neighborhood preservation, class coherence, and classiﬁcation. This approach is evaluated for the challenging task of processing
short and noisy documents.
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1

Introduction

Many data-oriented areas of science drive the need for faithfully representing
data containing thousands of variables. Therefore, methods for considerably reducing the number of variables are desired focusing on subsets being minimally
redundant and maximally task-relevant. Diﬀerent approaches for subspace mapping, manifold learning, and dimensionality reduction (DR) were proposed earlier [1,2]. A current challenge in information representation is the huge amounts
of text documents being produced at increasing rates. Using the well-known
vector space representation, or “bag of words” model, a corpus of documents is
described by the set of words that each document contains. This approach yields
a document-term matrix containing thousands of unique terms, and thus is very
likely to be sparse.
The text mining communities have developed methods for automatic clustering and classiﬁcation of document topics using speciﬁc metrics and kernels.
Yet fully developed human-in-the-loop approaches are rare to enable the user to
perform visual data exploration and visual data mining. While the automatic
learning of data is crucial, visualization is another key aspect for providing an
intuitive interface to contained information and for interactive tuning of the
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data/text mining algorithms. This makes DR methods indispensable for interactive text corpus exploration.
In this paper, we present an application of a recent DR method, Correlative Matrix Mapping (CMM), which has been successfully applied in other
domains [3]1 in the context of regression problems. This method is based on
an adaptive matrix metric aiming at a maximum correlation of all pairwise distances in the generated subspace and the associated target distances. Preliminary
work [4]1 showed some capabilities of this approach for the expert-guided visualization of labeled text corpora by integrating user feedback on the base of the
interpretable low-dimensional mapped document space. Here, we provide a comprehensive comparison of CMM and other competitive DR methods for creating
representative low-dimensional subspaces. Since machine learning methods rely
on distance calculations, we investigate how such projections with label-driven
distance metrics can improve representations of short and noisy text documents.
We refer to noisy documents as the ones that are not properly written in terms
of spelling and grammatical structure. Such documents are quite common in
business environments such as aircraft maintenance records, online help desk or
customer survey applications, and their analysis is thus highly relevant. Still,
much work in the information extraction literature is focused on well-formed
text documents.

2

Correlative Matrix Mapping (CMM)

Given n m-dimensional data vectors xj ∈ X ⊂ Rm , 1 ≤ j ≤ n, such that each xj
is associated to a q-dimensional vector lj ∈ L ⊂ Rq . For text corpora, n is the
number of labeled documents in the corpus, m is the number of terms in the
corpus and lj is the vector representation of the label of the document xj . CMM
aims at ﬁnding a subspace of X where the pairwise distances Dλ
X are in maximum correlation with those on the label space (DL ). Thus, pairwise distances in
the document-term space are sought to be in maximum correlation with those
distances on the label space. Here, DL is used as the Euclidean distance on the
label space and the λ superscript in Dλ
X indicates parameters of the adaptive
T
λ
i
j T
distance (DX )i,j = ((x − x ) · λ · λ · (xi − xj ))1/2 , where λ is an m × u matrix,
and u is speciﬁed by the user. This distance matrix metric resembles a MahaT
lanobis distance, where Λ = λ · λ has a rank of u. We obtain the parameter
matrix as
λ = arg max
r(DL , Dλ
(1)
X)
∗
λ

where r is the Pearson correlation. Locally optimal solutions for (1) can be obtained by gradient methods using its derivative with respect to λ [3]. It is worth
noting that while the number of rows of the λ matrix is constrained by the
number of terms in X, i.e. the document vector dimensionality, the number of
columns u, i.e. the dimensionality of the subspace, is deﬁned by the user. Note
1
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that λ · X deﬁnes a u-dimensional subspace that is an informative representation of the input space focused on its label association. If visualization is the
ultimate goal, a choice of u ≤ 3 is recommended. New documents with unknown
labels can be also projected to the new space by using the optimized λ matrix.
An open source package with the implementation of CMM is available at [5].

3

Experiments

We selected four alternative DR methods that make use of label information and
allow exact out-of-sample extension, and we used them to compare to CMM.
Linear Discriminant Analysis (LDA) aims at ﬁnding optimal discriminant
directions by maximizing the ratio of the between-class variance to the withinclass variance [7]. Since its solutions require inverses of covariance matrices, it
usually has ill-conditioning problems for high-dimensional data. Therefore, we
also calculate a simpliﬁcation of this approach based on the diagonal matrices of
the covariance matrices, referred to as LDAd . Canonical Correlation Analysis (CCA) is a well-known technique for ﬁnding correlations between two sets
of multidimensional variables by projecting them onto two lower-dimensional
spaces in which they are maximally correlated [8]. Although this method is
strongly related to CMM in the sense that both look for optimal correlations,
CMM does not adapt data and labels space, but adapts distances in the data
space. Neighborhood Component Analysis (NCA) aims at learning a linear transformation of the input space such that the k-Nearest Neighbors method
performs well in the transformed space [9]. The method uses a probability function to estimate the probability pi,j that a data point i selects a data point j
as its neighbor after data mapping. The method maximizes the expected number of data points correctly classiﬁed under the current transformation matrix.
Maximally Collapsing Metric Learning (MCML) aims at learning a linear
mapping where all points in the same class are mapped into a single location,
while all points in other classes are mapped to other locations, i.e. as far as
possible among data points of diﬀerent classes [10]. This algorithm uses a probabilistic selection rule as in NCA. However, unlike NCA the optimization problem
is convex, and thus MCML transformation can be completely speciﬁed from the
objective function. The Matlab Toolbox for Dimensionality Reduction [2] was
used for all methods except for CCA taken from the Statistics Toolbox [6].
3.1

Data

We used the publicly available Aviation Security Reporting System (ASRS)
Database Report Set [11] and extracted the narrative ﬁelds of documents belonging to 4 out of 24 topics: Bird or animal strike records, Emergency medical service
incidents, Fuel management issues and Inflight weather encounters. Each topic
has 50 documents, thus providing a total of 200 documents. 6048 rare terms were
discarded yielding 1829 unique terms. Two major challenges are faced. First, the
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average length of each document is only a few sentences, which makes it diﬃcult
to extract statistically signiﬁcant terms. Second, texts are riddled with acronyms,
ad hoc abbreviations and misspellings.
Binary representations are used for the document-term matrix, i.e. the component for to the k th term of the j th document xj is 0 if the term is not present
and 1 otherwise. This binary weighting approach is appropriate given the short
length of the documents for which the frequency of a term might inﬂate its
importance. In the case of CCA and CMM, the four label vectors (0,0,0,1),
(0,0,1,0), (0,1,0,0), and (1,0,0,0) are used for class representation, thus, inducing
equidistant classes. In LDA, NCA and MCML integer values are used for class
assignment, because they do not quantify label dissimilarities.
For each experiment, 80% of the corpus was used for training, while the remaining documents were held-out for testing. This process was restarted 10
times, so that a new testing set was obtained in each iteration for implementing
a repeated random sub-sampling validation scheme. All the applied DR algorithms showed convergence during the optimization phase, with the exception
of MCML which, despite of its convex cost function, required a time-limiting
stopping criterion, because of its excessive run time. Since NCA and CMM
use iterative methods for optimization, diﬀerent early stopping criteria were
sought using a portion of the training set. Otherwise, these methods are likely
to overﬁt training data. Since meaningful visualization is desirable for many
tasks, all our experiments were deliberately constrained to 2- and 3-dimensional
subspaces.
3.2

Assessing Subspace Mapping Performance

We divide diﬀerent assessments applied on the methods into three types. The
first aims at evaluating the embedding without using label information. Two
performance metrics are used: the area under the extrusion/intrusion tendency
curve (B) and neighborhood ranking preservation (Q) [12]. B quantiﬁes the tendency to commit systematic neighborhood rank order errors for data pairs in
the projection space (B is not bounded; the closer to zero, the better), while
Q measures k-ary neighborhood preservation (Q varies between 0 and 1; the
closer to one, the better). The second quality class considers label information namely cohesion, which is the ratio of the pairwise Euclidean distances of
documents belonging to a same class to the pairwise distances of documents of
diﬀerent classes. The third class of assessments also uses label information.
It evaluates the potential of supervised learning methods to exploit the given
low-dimensional space for classiﬁcation. It may be argued that the better the
classiﬁcation accuracy is, the better the projection is. Classifying from a lowdimensional space may produce better results due to the removal of collinear
or irrelevant variables. Thereby, we used k-nearest neighbors (kNN), Decision
Trees (DT), Support Vector Machines (SVM) using a Radial Basis Function
kernel (rbf) and using a multi-layer perceptron kernel (mlp).
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Results

We will focus on the results obtained on the testing set, while the training set results are still available for the reader. Table 1 shows the average of the computed
metrics of the diﬀerent DR methods when they are projected into a 2D space. It
can be observed that most methods have an intrusive embedding, i.e. a tendency
to positive rank errors in the subspace. Not surprisingly, NCA has the highest
average preservation of the k-ary neighborhoods, since this is what its mapping is trying to capture. Yet the diﬀerence is not statistically signiﬁcant with
CMM when a Dunnett test [13] is performed with a 1% familywise probability
error.
Although CMM does not have the lowest cohesion value, due to the variance
of this metric, no signiﬁcant diﬀerence can be drawn here. Looking at the performance of the classiﬁcation methods, CMM signiﬁcantly outperforms all the
other methods with the exception of NCA with the kNN method. Nevertheless,
no signiﬁcant diﬀerence was found between CMM and NCA with kNN.
Results for the 3D projection show a very similar behavior as the one showed
for the projections into the 2D space (Table 2). We can see that LDAd has a good
classiﬁcation accuracy when DT are used, although no signiﬁcant diﬀerences with
CMM and NCA were found. We can also see that CMM made an improvement
on most of the metrics.
In summary, LDA and CCA had poor performances in most metrics. These
methods compute their optimal value in closed-form (using eigenvectors or inverse of covariance matrices), and thus the computation might get corrupted
due to the large number of variables and relatively small number of documents.
LDAd has better performance than LDA. However, most of the components
of the parameter matrix in LDAd are zero. This yields a cluttered projection of the data points to a few locations, which is not convenient on most
cases.
The remarkably poor performance of MCML might be due to an underﬁtting
situation. It is worth saying that MCML is the most compute-intensive method
by far and its calculations last more than 50 times the amount of time spent
on any other algorithm. Moreover, delaying its stopping criterion does not seem
to dramatically improve its performance. Finally, it is important to note that
Table 1. Comparison of DR methods using 2D spaces: rank-based quality measures
(Q/B), cohesion, and classiﬁcation accuracies of four classiﬁers.
LDA
LDAd
Train Test Train Test
Q
B

0.534 0.563 0.515
0.015 0.049 0.007

Cohesion 0,113 0,324 0,118
kNN
SVMrbf
SVMmlp
DT

0.842
0.238
0.237
0.884

0.250
0.258
0.230
0.268

0.626
0.238
0.249
0.652

NCA
Train Test

MCML
Train Test

CCA
CMM
Train Test Train Test

0.503 0.599 0.613 0.533 0.548 0.521 0.539 0.544
0.014 0.039 0.046 -0.058 -0.040 0.009 0.025 0.042

0.596
0.033

0,134 0,158

0,210

0.590
0.258
0.230
0.605

0,197

0,259

0,305 0,000 0,312 0,058

0.950 0.703
0.714 0.363
0.349 0.358
0.955 0.608

0.731
0.474
0.348
0.785

0.373
0.375
0.300
0.360

0.988
0.738
0.738
0.988

0.358
0.310
0.378
0.335

0.986 0.685
0.984 0.638
0.824 0.605
0.991 0.683
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Table 2. Comparison of DR methods using 3D spaces: rank-based quality measures
(Q/B), cohesion and classiﬁcation accuracies of four classiﬁers.
LDA
LDAd
Train Test Train Test

NCA
Train Test

MCML
Train Test

CCA
CMM
Train Test Train Test

0.537 0.573 0.536 0.527 0.608 0.618 0.540 0.559 0.517 0.548 0.560 0.617
0.017 0.046 0.014 0.019 0.049 0.043 -0.071 -0.043 -0.004 0.026 0.079 0.040

Q
B

Cohesion 0,085 0,324 0,149 0,173 0,157 0,202

0,253

0,298

0,006 0,314 0,081 0,213

0.750
0.310
0.328
0.653

0.773
0.755
0.411
0.828

0.450
0.405
0.305
0.415

0.991
0.811
0.833
0.991

kNN
SVMrbf
SVMmlp
DT

0.872
0.238
0.237
0.928

0.268
0.258
0.230
0.263

0.716
0.233
0.246
0.761

0.673
0.263
0.248
0.723

0.976
0.622
0.363
0.972

0.415
0.265
0.325
0.343

0.990
0.974
0.971
0.990

0.743
0.650
0.658
0.695

CMM either on the 2D or 3D projection is the most stable method, since it
gets the ﬁrst or second best values for all the metrics. More speciﬁcally, CMM
is the only method that has a consistent classiﬁcation accuracy when SVM is
used. Additional results that were not included here for a matter of space can
be looked up in [14].

5

Conclusions

Subspace mapping allows visualization of high-dimensional spaces on an informative plotting space, suitable for visual data mining methods. Additionally,
projections into low-dimensional spaces allow a reduction of the storage of data
points and lead to improved prediction capacity of a subsequently applied supervised method. We emphasize the advantages of applying linear subspace
transformations, since they provide a simple interpretation of the new space.
Moreover, they guarantee exact out-of-sample extensions. Methods that make
use of calculation of eigenvectors may not be the best option when the input
data dimensionality is considerably high.
This paper described the applicability of diﬀerent DR methods for short and
noisy text documents. This is the ﬁrst work where CMM is compared against
other well-established DR methods. From the results showed in Section 4 we
can state that our proposed method CMM represents a competitive subspace
mapping method, with the advantage of more stable behavior than the other
methods tested in this work. NCA was its closest competitor, especially for Q
and k-NN.
As future work, we plan to extend this development by considering a semisupervised scenario. In this case the system can automatically classify documents
and, at the same time, the user can provide its feedback about reclassifying a
document or indicating the irrelevance of a term. Moreover, the system should
adapt its behavior from the user feedback and correct future actions.
We thank NSERC, PGI-UNS (24/ZN16), the DFG Graduate School 1564, and
MINCyT-BMBF (AL0811 - ARG 08/016) for their ﬁnancial support.
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