Text Mining using Non-Negative Matrix Factorizations

V. Paul Pauca* Farial Shahnaz!

Michael W. Berry?

Robert J. Plemmons?

September 16, 2003

Abstract

This study involves a methodology for the automatic
identification of semantic features and document clus-
ters in a heterogeneous text collection. The methodol-
ogy is based upon encoding the data using low rank non-
negative matrix factorization algorithms to preserve
natural data non-negativity and thus avoid subtractive
basis vector and encoding interactions present in tech-
niques such as principal component analysis. Some ex-
isting non-negative matrix factorization techniques are
reviewed and some new ones are proposed. Numerical
experiments are reported on the use of a hybrid NMF
algorithm to produce a parts-based approximation of
a sparse term-by-document matrix. The resulting ba-
sis vectors and matrix projection can be used to iden-
tify underlying semantic features (topics) and document
clusters of the corresponding text collection.

Keywords: text mining, non-negative matrix fac-
torization, clustering, dimension reduction, semantic
feature identification.

1 Introduction

Non-negative matrix factorization (NMF) has recently
been shown to be a very useful technique in approximat-
ing high dimensional data where the data are comprised
of non-negative components. In a seminal paper pub-
lished in Nature [13], Lee and Seung proposed the idea
of using NMF techniques to find a set of basis func-
tions to represent image data where the basis functions
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enable the identification and classification of intrinsic
“parts” that make up the object being imaged by mul-
tiple observations. They showed that NMF facilitates
the analysis and classification of data from image or
sensor articulation databases made up of images show-
ing a composite object in many articulations, poses, or
observation views. They also found NMF to be a useful
tool in text data mining. In the past few years, several
papers have discussed NMF techniques and successful
applications to various databases where the data values
are non-negative, e.g., [6, 8, 9, 10, 11, 14, 15, 18].

More generally, matrix factorization techniques in
data mining fall under the category of vector space
methods. Very often databases of interest lead to a
very high dimensional matrix representation. Low-rank
factorizations not only enable the user to work with
reduced dimensional models, they also often facilitate
more efficient statistical classification, clustering and
organization of data, and lead to faster searches and
queries for patterns or trends, e.g., Berry, Drmac¢, and
Jessup [3].

NMF is a vector space method to obtain a represen-
tation of data using non-negativity constraints. These
constraints can lead to a parts-based representation be-
cause they allow only additive, not subtractive, combi-
nations of the original data. This is in contrast to tech-
niques for finding a reduced dimensional representation
based on singular value decomposition-type methods
such as principal component analysis (PCA) [12]. One
major problem with PCA is that the basis vectors have
both positive and negative components, and the data
are represented as linear combinations of these vectors
with positive and negative coefficients. In many appli-
cations, however, the negative components contradict
physical realities. For example, pixels in a gray scale
image have non-negative intensities, as do the spectral
radiance data obtained by remote sensing. Term fre-
quencies in text mining are non-negative as well. In
this paper, we demonstrate the use of NMF to automat-
ically identify semantic features and document clusters
of a heterogeneous text collection (encyclopedia).



2 Non-Negative Matrix Factorization

Given an initial database expressed as an n x m matrix
X, where each column is an n-dimensional non-negative
vector of the original database (m vectors), the standard
NMF problem is to find two new reduced-dimensional
matrices W and H, in order to approximate the original
matrix X by the product W H in terms of some metric.
Each column of W contains a basis vector while each col-
umn of H contains the weights needed to approximate
the corresponding column in X using the basis from W.
The dimensions of matrices W and H are n x r and
r x m, respectively. Usually, the number of columns
in the new (basis) matrix W is chosen so that r < m,
and in particular, 7(n + m) < nm. Here, the choice of
r is generally application dependent, and may also de-
pend upon the characteristics of the particular database
within the application.

The usual approach to the NMF problem is to
approximate X by computing a pair W and H to
minimize the Frobenius norm of the difference X —W H.
Mathematically, the problem can be stated as follows:
Let X € R**™ be a data matrix of non-negative entries.
Let W € R**" and H € R"*™ for some positive integer
r < m. The objective is then to solve the optimization
problem

: 2
(2.1) min[[X — WH|[E,
subject to W;; > 0 and H;; > 0 for each ¢ and j.

Of course the matrices W and H are generally not
unique. Conditions resulting in uniqueness in the spe-
cial case of equality, X = WH, have been recently
studied by Donoho and Stodden [6], using cone the-
oretic techniques (See also Chapter 1 in Berman and
Plemmons [1]). Algorithms designed to approximate
X by solving the minimization problem (2.1) generally
begin by initial estimates of the matrices W and H,
followed by alternating iterations to improve these esti-
mates. Next, some existing non-negative matrix factor-
ization techniques are reviewed and some new ones are
described.

2.1 Multiplicative Method. A non-negative ma-
trix factorization algorithm of Lee and Seung [13] is
based on multiplicative update rules of W and H. We
call this scheme the multiplicative method, and denote
it by MM. A formal statement of the method is given
next.

Algorithm for MM

1. Initialize W and H with non-negative values, and
scale the columns of W to unit norm.

2. Tterate for each ¢, j, and 7 until convergence or stop:
WTX);

(WTWH)ej + eps
(XHT);.

(WHHT);c + eps

(c) Scale the columns of W to unit norm.

(a) Hej — Hej

(b) Wie — Wi,

Clearly the approximations W and H remain non-
negative during the updates. It is generally best to up-
date W and H “simultaneously”, instead of updating
each matrix fully before the other. In this case, after up-
dating a row of H, we update the corresponding column
of W. Matlab performs well with these computations.
In the implementation, a small positive quantity, say the
square root of the machine precision, should be added
to the denominators in the approximations of W and H
at each iteration step. We use a parameter eps = 107°
in our Matlab code for this purpose.

It is often important to normalize the columns of
X in a pre-processing step, and in the algorithm to
normalize the columns of the basis matrix W at each
iteration. In this case we are optimizing on a unit
hypersphere, as the column vectors of W are effectively
mapped to the surface of a hypersphere by the repeated
normalization.

The computational complexity of Algorithm MM
can be shown to be O(rnm) operations per iteration.
However, the initial factorization needs only be com-
puted in its entirety once. If data are added to the
database then it can either be added directly to the ba-
sis matrix W along with a minor modification of H, or
else if k is fixed, then further iterations can be applied
starting with the current W and H as initial approxi-
mations.

Lee and Seung [14] proved that under the MM up-
date rules the distance || X — W H]||% is monotonically
non-increasing. In addition it is invariant if and only
if W and H are at a stationary point of the objective
function (2.1). From the viewpoint of nonlinear opti-
mization, the algorithm can be classified as a diagonally-
scaled gradient descent method [8].

Several other methods have been proposed for non-
negative matrix factorization. (See [15] for a recent
survey). In particular, Lee and Seung [13] have also
provided an additive algorithm. Both the multiplica-
tive and additive algorithms are related to expectation-
maximization approaches used in image processing
computations such as image restoration, e.g., [17].
Hoyer [10] has suggested a novel non-negative sparse
coding scheme based on ideas from the study of neural
networks, and the scheme has been applied to the de-
composition of databases into independent feature sub-



spaces by Hyvarinen and Hoyer [11]. Other methods
based in part on orthogonal factorizations have been
considered by Liu and Yi [15]. Studies and compar-
isons of various algorithms for non-negative factoriza-
tions have been given by D. Guillamet et al [8, 9] and
by Liu and Yi [15]. Each approach has advantages and
disadvantages, but in general the algorithms examined
in these papers have been found to be effective on cer-
tain applications, and so the method of choice is often
application dependent.

2.2 Non-Negative Factorization with Point
Count Regularization. In this section we present a
new NMF algorithm based on a sparsity requirement
for H. Hoyer’s method [10] has the important feature
of enforcing a statistical sparsity for the weight matrix
H, thus enhancing the parts-based representation of the
data in W. The method requires choice of a regulariza-
tion, or penalty, parameter for use in an update scheme
for H. In the next section we propose a new NMF
approach which is similar to the neural network-based
scheme of Hoyer, but where sparsity in H is enforced by
a new point count regularization scheme by Mu, Plem-
mons and Santago [16]. We propose a least squares
approach to solve

in || X — WH|3
min [|[X — WH|[p,

which uses a point count regularization scheme [16] in
the computations that penalizes the number of nonzero
entries in the weight matrix H, often leading to a ba-
sis representation in W that better represents parts or
features on the database information in X. Again, the
approach relies on neural network concepts and forms
an extension of the work of Hoyer [10]. The algorithm
we propose uses a gradient descent-type scheme for it-
erating with respect to W, and a point count regular-
ized multiplicative-type scheme for iterating with re-
spect to H. We denote the algorithm by SC-PC for
non-negative matrix factorization with sparse coding by
point count reqularization.

Algorithm for SC-PC

1. Initialize W and H with non-negative values, and
scale the columns of W to unit norm.

2. Tterate until convergence or stop:
(a) We—W — w(WH — X)HT

(b) Set any negative values of IV to zero.
(c¢) Rescale the columns of W to unit norm.

(d) H—=H+«(WTX.J(WEWH+X./(S+7).A2)

Matlab notation .*, ./, and .A2, denoting compo-
nent wise multiplication, division and exponentiation,
respectively, are used in the update formula for H in

Step 2(d).

2.3 A Hybrid Method. In this section, we propose
a hybrid algorithm for NMF that combines some of the
better features of the methods discussed in Sections 2.1
and 2.2. First, we adopt the multiplicative algorithm
approach for computing an approximation to the basis
matrix W at each iterative step. This computation
is essentially a matrix version of the gradient descent
optimization scheme. Secondly, we compute the weight
matrix H using a constrained least squares (CLS)
model as the metric. The purpose is to penalize non-
smoothness and non-sparsity in H. This CLS model
is related to the least squares Tikhonov regularization
technique commonly used in image restoration [17].
Our algorithm, which we denote GD-CLS for gradient
descent with constrained least squares, is given next.

Algorithm for GD-CLS

1. Initialize W and H with non-negative values, and
scale the columns of W to unit norm.

2. Tterate until convergence or stop:

(XHT);,
(WHHT);c + eps

(a) Wi — Wi, , for each ¢ and

2

(b) Rescale the columns of W to unit norm.

(c) Solve the constrained least squares problem:

min((1; — W H; 3 + M1,

where the subscript j denotes the j** column,
for j = 1,...,m. Any negative values in H;
are set to zero.

As done in Algorithm MM, we use a small positive
parameter eps to avoid dividing by zero or very small
numbers and enhance stability in the computations for
W in Step 2(a). A small positive number A is involved
in computing the weight matrix H. In particular, A is
a regularization parameter that is used to balance the
reduction of the metric

1X5 = WH |5

with enforcement of smoothness and sparsity in H. Our
numerical approach for solving the constrained least
squares problem in Step 2(c) for the columns H; of
H makes use of an algorithm similar to one that we
employed in [17] for regularized least squares image
restoration.



3 Sample Text Collection

We have recently tested the effectiveness of these non-
negative matrix factorization techniques and report here
on how the promising GD-CLS method performed for
our text mining applications. An on-line version of
the 1989 Concise Columbia Encyclopedia (or CCE) [4]
was used to mine or discover the semantic features of
the heterogeneous articles/topics comprising the col-
lection’. Whereas the complete CCE contains 15,460
documents (yielding a dictionary of 29,670 important
terms), we have used a subset of the collection for
our Matlab-based experiments, namely the 1,063 “Let-
ter A” articles spanning 5,117 keywords. All unimpor-
tant terms (stopwords) [2] were removed using the GTP
(General Text Parser) [7] software environment. All
terms (or keywords) comprising the resulting dictionary
were required to occur at least twice (globally) across
the collection of articles and in two or more articles.

4 Computational Results

Having parsed the first 100 “Letter A” articles of the
CCE (see Section 3), we constructed a 5,117 x 100
term-by-document matrix X where each matrix element
(2;5) is the raw term frequency of keyword (or term)
i in document (article) j. Although not used for this
study, different term weighting functions (e.g., tf-idf,
log-entropy) can be used to improve the conceptual
discrimination of documents and global importance of
a keyword across the collection (see [2]).

Our intent in applying the GD-CLS to this small
collection was to assess the benefits of a parts-based
factorization of the term-by-document matrix X for the
semantic analysis of heterogeneous (multiple concepts)
text. Using Matlab, we approximate the ¢ x d (sparse)
matrix X via

.
(4.2) X~WH=>Y WiH",

k=1

where W and H are ¢t x r and r x d, respectively,
non-negative matrices. WWj denotes the kth column
of W and H* denotes the kth row of the matrix H.
Clearly, the non-negativity of W and H facilitate a
parts-based representation of the matrix X whereby
the basis (column) vectors of W or W; combine to
approximate the original columns (documents) of the
sparse matrix X. The outer product representation of
WH in Eq. (4.2) demonstrates how the rows of H or
H* essentially specify the weights (scalar multiples) of
each of the basis vectors needed for each of the rank r

TWe note that Lee and Seung [13] used articles from the Grolier
Encyclopedia to test Algorithm MM discussed in Section 2.1.

Table 1: GD-CLS performance on CCE (Letter A)
with the data matrix X of size 5,117 x 100.

A ‘ |X — WH||% nnz(H) Time (sec)
0.1 ‘ 2078.53 1,758 460.05
0.01 788.87 1,923 460.65
0.001 617.52 2,132 459.50

Table 2: GD-CLS performance on CCE (Letter A)
using S = XTX.

A | ||S = WH||2 nnz(H) Time (sec)
0.1 ‘ 37.54 2,198 14.73
0.01 32.83 2,158 15.93
0.001 32.94 2,071 17.73

parts of the representation. As described in [13], we can
interpret the semantic feature represented by a given
basis vector W}, by simply sorting (in descending order)
its ¢ elements and generating a list of the corresponding
dominant terms (or keywords) for that feature. In turn,
a given row of H having d elements (i.e., H*) can be
used to reveal documents sharing common basis vectors
Wg, i.e., similar semantic features or meaning. The
columns of H, of course, are the projections of the
columns (documents) of X onto the basis spanned by
the columns of W.

An alternative approach (see [5] where this ap-
proach is used for summarizing video) to identifying
document clusters of similar meaning would be to con-
struct a d x d similarity matrix S = X7 X, where X is
the matrix X whose columns have been scaled (normal-
ized) to unit length?. In this case, each element of S
(say sij) would reflect the cosine of document (column)
vectors 7 and j in a simple vector space representation
of the original term-by-document matrix X. Document
content is then modeled using a parts-based represen-
tation of the non-negative matrix S to automatically
reveal document clusters or sets having similar cosine
As a caveat, of course, high cosine relevancy
measures do not always guarantee high semantic simi-
larity among documents (see [2, 3]).

Tables 1 and 2 illustrate the performance of the
GD-CLS method for computing the NMF of the
5,117 x 100 matrix X and 100 x 100 similarity matrix
S when r = 50 basis vectors are generated. In these
tables, nnz(H) denotes the number of nonzeros in the
50x 100 matrix H and all execution times reflect elapsed

SCores.

?Scaling each column X}, by || X||2 suffices here.



CPU times obtained using Matlab version 6.5 on a Sun
Microsystems SunBlade 1000 workstation®. Notice that
as A increases, the Frobenius norm of the error increases
(more so with X than S). However, we note that the
sparsity of H decreases for the NMF of X with larger
A. This reflects the enforcement of smoothness (or spar-
sity) for larger choices of the regularization parameter
A (see Section 2.3). For the NMF of S, we have ob-
served no significant effects on the error ||S— W H||% or
sparsity of H with different choices of A, which is quite
promising in terms of robustness of this approach.

In Table 3, we demonstrate five semantic features
(columns of W) obtained from the three different NMF
models represented by Table 1. The topics represented
include: chemistry, Greek mythology, the Persian Gulf,
philosophy, and the Civil War. One anomaly is observed
in the basis vector s obtained for the NMF(X)
with A = 0.01 where two different concepts are clearly
represented by this vector (medicine and the Civil
War). Overall, we notice no significant difference in the
interpretability of the basis vectors W with different
choices of the regularization parameter A.

Table 4 lists the articles (by title) identified by the
nonzeros of each H* which would be present in the kth
part of the approximation to X in Eq. (4.2). Each part
(or span of W}) can be used to classify the documents so
the sparsity of H greatly affects the diversity of topics
with which any particular semantic feature can be asso-
ciated. As an alternative to the document clustering of
NMF(X), Table 5 lists the articles identified by the rows
of H (i.e., H*) when computing the NMF(S). For the
most part, the same five semantic features (topics) from
Table 4 are identifiable with each NMF model specified
by Table 2. Articles in Tables 4 and 5 are ranked (left-
to-right) according to the magnitude of the elements in
H*. These preliminary results suggest that many of the
partsproduced by the NMF(S) can be noisyin the sense
that diverse topics are shown to span the same seman-
tic features (basis vectors W ). Further tests (especially
with larger text collections) are needed to better under-
stand the quality of document clustering produced by
the NMF of the similarity matrix S.

5 Concluding Remarks

We have demonstrated how a hybrid algorithm for
computing the NMF can be used effectively in text
classification. The proposed GD-CLS algorithm can
be used to compute a parts-based approximation X ~
W H of a sparse term-by-document matrix X in which
the quality of approximation (error reduction) can be

3500 MHz UltraSPARC-1IIe processor with a 256KB L2 cache,
512MB DRAM and 20GB internal disk.

enhanced by an enforcement of smoothness and sparsity
in H. Further work is needed in exploring the effects of
different term weighting schemes (for X') on the quality
of the basis vectors Wj and document clustering using
the parts-based representation of the similarity matrix
S. Designing a robust C++4 implementation of GD-
CLS within the GTP software environment [7] will
facilitate a more comprehensive study of the benefits
of NMF for text mining applications.
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Table 3: Twenty dominant terms from selected basis vectors (columns of W, where X ~ WH) with different
choices of A. Terms are listed in descending order of W;; values for basis vector k.

A k | Terms
0.1 1 | oil, arab, al, 1980, persian, major, pipelines, sw, refinery, prov, refining, iran, invasion, head, damaged, delta,
shipping, discovered, 1908, 1976
0.1 4 | st, thomas, founder, built, espoused, burned, influential notre, secured, dialectic, aristotle, canon, plato,
anticipated, bernard, writings, view, collected, monk, aquinas
0.1 11 | slavery, north, moral, abolitionists, slaves, high, weld, emancipation, campaign, civil, opposed, pres, especially,
washington, strength, war, active, established, led, 1833
0.1 28 | base, water, bases, compound, solution, acids, strong, turn, solutions, proton, weak, properties, exhibit, ions,
bitter, pair, electrons, resulting, amphoterism, readily
0.1 44 | achilles, killed, hector, troy, greek, war, son, body, slew, persuaded, disguised, quarreled, girl, river, attempted,
odysseus, bathing, trojan, remained, dragged
0.01 8 | st, thomas, founder, anticipated, marriage, burned, influential, notre, dialectic, students, canon, collected, plato,
espoused, theology, theological, logic, built, drew, regarded
0.01 12 | oil, arab, al, 1980, persian, 1908, pop, 1976, prov, pipelines, delta, damaged, head, invasion, refinery, sw,
refining, iran, discovered, major
0.01 14 | water, acids, strong, compound, acid, solution, properties, yield, number, theory, weak, common, turn, charged,
theory, weak, common, turn, charged, potassium, exhibit, electrons, proton, acidic, red
0.01 16 | aspirin, effect, anti, inflammatory, reducing, acetaminophen, similar, fever, medicine, irritating, analgesic, stomach,
moral, slavery, abolitionists, slaves, emancipation, north, war, campaign
0.01 39 | achilles, killed, troy, hector, greek, war, son, body, found, girl, camp, bathing, river, friend, die, trojan,
agamemnon, persuaded, slew, odysseus
0.001 1 | acid, base, solution, water, bases, solutions, theory, properties, strong, ions, pair, acids, yield, compound, paper,
proton, weak, hydrogen, common, electrons
0.001 6 | abolitionists, moral, slavery, north, emancipation, slaves, pres, established, society, anti, religion, states, civil,
high, goal, phillips, revival, strength, active, propaganda
0.001 28 | st, thomas, ended, paris, regarded, fame, aristotle, influential, notre, dialectic, theological, theology, canon,
writings, plato, monk, monastery, non, espoused, marriage
0.001 37 | oil, arab, 1980, pop, persian, 1976, city, forces, iran, delta, sw, prov, refining, refinery, invasion, damaged, head,
pipelines, discovered, 1908
0.001 42 | achilles, war, killed, greek, troy, hector, son, body, found, paris, friend, river, bathing, hero, mythology, wounded,

girl, camp, disguised, die




Table 4: Ten CCE articles (identified by row elements of matrix H) whose projection involves a span of the basis
vector ;. Articles are listed in descending order of Hy; values for basis vector k.

A k | Titles of Articles
0.1 1 ABADAN, ABILIENE, ABIDJAN, ABU DHABI, ABDULLAH, ACCRA, ACAPULCO
ABU SAID IBN ABI AL-KHAIR, ABU AL-ALA AL-MAARI, ABU AL-FARAJ ALI OF ESFAHAN
0.1 4 | ABELARD, PETER; A‘BECKET, THOMAS; ABRAHAM; ABOLITIONISTS; ABBASID; ABILENE;
ABSENTEE OWNERSHIP; ABORTION; ACHAEA; ACHAEMENIDS
0.1 11 | ABOLITIONISTS, ABERNATHY, RALPH; ACHESON, DEAN GOODERHAM; ACID RAIN; ABSTRACT
EXPRESSIONISM; ACETYLENE; AACHEN; ACLU; ABBOTT AND COSTELLO; ABRAMS, CREIGHTON W.
0.1 28 | ACIDS AND BASES; AARON, HANK; ACAPULCO; ACETHYLCHOLINE; ABEL, NIELS HENRIK;
ACID RAIN; ACETYLENE; ABSOLUTE ZERO; ABBERATION OF STARLIGHT; ABSCAM U.S.
0.1 44 | ACHILLES; ABRAHAM; ABEL; ACHAEA; AACHEN; AARDVARK; ABRAMS, CREIGHTON W _;
ABD AL-HAMID; ABSALOM; ACADIA
0.01 8 ABELARD, PETER; A‘BECKET, THOMAS; ACADIA; ABRAHAM; AALTO, ALVAR; ABU AL-ALA
AL-MAARI; ACHAEMENIDS; ABOLITIONISTS; ABBAS I; ACHILLES
0.01 12 | ABADAN; ABU DHABI; ABDULLAH; ABILENE; ABU SAID IBN ABI AL-KHAIR; ABU AL-ALA
AL-MAARI; ABU AL-FARAJ ALI OF ESFAHAN; ABIDJAN; ACAPULCO; ACCRA;
0.01 14 | ACIDS AND BASES; ABACUS; ACID RAIN; ABSOLUTE ZERO; ACETYLCHOLINE; ACACIA; AARON;
ACNE; ACETYLENE; ABEL, NIELS HENRIK
0.01 16 | ACETAMINOPHEN; ABOLITIONISTS; ABRAVANEL; ACNE; ABDOMEN; ABALONE; ABU HANIFA;
ACOMA; ABBAS I; ABIDJAN
0.01 39 | ACHILLES; ABEL; ABRAHAM; ABDULLAH; AARDVARK; ABSALOM; AAKJAER, JEPPE; ABRAMS,
CREIGHTON W.; AACHEN; ACHAEA
0.001 1 ACIDS AND BASES; ACNE; ACID ROCK; ACAPULCO; ABEL, NIELS HENRIK; ABERRATION OF
STARLIGHT; ACETONE; AARON, HANK; ABCESS; ACACIA
0.001 6 ABOLITIONISTS; ACHESON, DEAN GOODERHAM; ACLU; ACETAMINOPHEN; ACHEBE, CHINUA;
ABU BAKR; ABRAMS, CREIGHTON W.; ABANDONMENT; ACONAGUA; AARON
0.001 28 | ABELARD, PETER; A‘BECKET, THOMAS; AALTO, ALVAR; ACHAEMENIDS; ABU AL-ALA
AL-MAARI; ABBAS [; ACADIA; ABRAHAM; ABOLITIONISTS; ABSENTEE OWNERSHIP
0.001 37 | ABADAN; ABDULLAH; ABU DHABI; AALTO, ALVAR; ABU SAID IBN ABI AL-KHAIR; ACAPULCO;
ABILENE; ABRAMS, CREIGHTON W.; ABBASID; ACETYLENE
0.001 42 | ACHILLES; ABEL; ABDULLAH; ABRAMS, CREIGHTON W.; AARDVARK; ABCESS; AALTO, ALVAR;

ACANTHUS; AAKJAER, JEPPE; ABU AL-ALA AL-MAARI




Table 5: CCE article clusters as determined by ten (or less) dominant components of each basis vector W}, where
S =XTX ~WH. Articles are listed in descending order of Wj;;, values for basis vector k.

A k | Titles of Articles
0.1 18 | ABELARD, PETER; ACADIA; ABRAVANEL; ABBASID; ABILENE; ABU AL-ALA AL-MAARI; ABE KOBO;
ABSENTEE OWNERSHIP; ABOLITIONISTS; ABBAS I
0.1 20 | ABOLITIONISTS; ACHESON, DEAN GOODERHAM; ABSTRACT EXPRESSIONISM; ABERHART,
WILLIAM; ACID RAIN; AACHEN; ACHEBE, CHINUA; ABDUL-JABBAR, KAREEM; ABERNATHY, RALPH;
ABU AL-FARAJ ALI OF ESFAHAN
0.1 36 | ACHILLES; ABEL; ACHAE; AARDVARK; ACCOUNTING; ACANTHUS; ABRAHAM; ABD AL-HAMID;
ABRAMS, CREIGHTON W.; AAKJAER, JEPPE
0.1 39 | ACID ROCK; ACIDS AND BASES; ACID RAIN; ACNE; ABU SIMBEL; ACOUSTICS; ACHAEA; ABRASIVE;
ACCRA; AAKJAER, JEPPE
0.1 43 | ABILENE; ABADAN; ABU DHABI; ACAPULCO; ACCRA; ABDUL-JABBAR, KAREEM; ABIDJAN; ABEL,
I(ORWITH) W(ILBUR); ABSOLUTE ZERO; ACANTHUS
0.01 1 | ACHESON, DEAN GOODERHAM; ABERDEEN, GEORGE HAMILTON-GORDON; ABOLITIONISTS;
ABRAMS, CREIGHTON W.; ABEL, [(ORWITH) W(ILBUR); AACHEN; ABERHART, WILLIAM; ACADIA;
ABERNATHY, RALPH; ABD AR-RAHMAN
0.01 3 | ACHILLES; AACHEN; ABRAMS, CREIGHTON W.; ABEL; AARDVARK; ABRAHAM; ABSCESS; ABD
AL-HAMID; ACHAEA
0.01 23 | ABILENE; ABADAN; ABU DHABI; ABDUL-JABBAR, KAREEM; AACHEN; ABUJA; ACCRA; ABU SAID
IBN ABI AL-KHAIR; ABELARD, PETER; ABIDJAN
0.01 37 | A* BECKET, THOMAS; ABELARD, PETER; ABOLITIONISTS; ABDUL-JABBAR, KAREEM; ABRAHAM;
ABBASID; AACHEN; ABILENE;
0.01 40 | ACIDS AND BASES; ACID ROCK; ACID RAIN; ACNE; ABEL, NIELS HENRIK; ABU SIMBEL;
ACAPULCO; ACOUSTICS; ABERRATION; ABSOLUTE VALUE
0.001 2 | ABADAN; ABILENE; ABU DHABI; ABDULLAH; ACAPULCO; ABU SAID IBN ABI AL-KHAIR;
ABDUL-JABBAR, KAREEM; ACCRA; AACHEN; ABEL, (ORWITH) W(ILBUR)
0.001 12 | ACIDS AND BASES; ACID RAIN; ACID ROCK: ACNE; ABEL, NIELS HENRIK; ACAPULCO; ACOUSTICS;
ABERRATION; ABERRATION OF STARLIGHT; AARON, HANK
0.001 17 | ACHESON, DEAN GOODERHAM; ABERDEEN, GEORGE HAMILTON-GORDON; ABOLITIONISTS;
ACADIA; ABEL, [(ORWITH) W(ILBUR); ACCRA; ABIDJAN; AARON, HANK; ABILENE; ACOUSTICS
0.001 19 | ABRAMS, CREIGHTON W.; AACHEN; ACHILLES; ABDULLAH; ACHAEA; ABERDEEN, GEORGE
HAMILTON-GORDON; AALTO, ALVAR; ABOLITIONISTS; ABD AL-HAMID; ABEL, I(ORWITH) W(ILBUR)
0.001 40 | A BECKET, THOMAS’; ABELARD, PETER; ACETYLCHOLINE; ABBAS I; ABEL, [(ORWITH) W(ILBUR);
ACHAEMENIDS; ABU DHABI; ACACIA; ABRAVANEL




