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Abstract—In this paper we build on previous work related
to predicting the MSCI EURO index based on content analysis
of ECB statements. Our focus is on reducing the number of
features employed for prediction through feature selection. For
this purpose we rely on two methodologies: (stepwise) linear
regression and greedy forward feature subset selection. The
original dataset consists of 13 features (General Inquirer content
categories). Both methodologies provide an improvement in the
overall accuracy of the model, while reducing the number of
features employed. Through linear regression we achieve an
accuracy of 67.58% on the testing set by relying on six features,
while greedy forward selection enables an accuracy on the test
set of 69.50% while relying on eight features.

I. I NTRODUCTION
An important part of the information that is made available
to the public by different institutions, such as the European
Central Bank, is presented in text format. Different interested
parties, such as analysts and financial traders, follow such
information and incorporate the knowledge that is being
communicated into their actions. However, the sources of
information are numerous, and processing them comes with
a time cost. One of the most interesting current challenges in
this context relates to automatically extracting meaning, i.e.,
in the form of content, or sentiment, from textual information.
Additionally, the extracted meaning should be employable in
a practical context, such as determining the opinion on a new
product, or help in forecasting variable(s).
In this paper we build upon previous work [1], [2] towards
extracting content from European Central Bank (ECB) statments. These statements have been published monthly since
June 1998, and contain, next to an overview of key interest
rates for the coming month, an extensive overview of the
past state of the economy, as well as economical expectations
regarding the future. Our results in previous work indicate that
this information can be employed towards forecasting the state
of the European economy, and we have shown that based on
the content of ECB statements we can predict up or down
movement in the MSCI EURO index.

In this paper we look deeper into whether all content
categories that have been (manually) selected in previous work
do indeed have an influence on the MSCI EURO index. For reducing the number of features we rely on two methodologies:
(stepwise) linear regression and greedy forward feature subset
selection. Both methods lead to a reduction in the number
of features we employ in the model and, in the same time,
an increase in the accuracy of the fuzzy model in predicting
upward or downward movement in the MSCI EURO index.
The outline of the paper is as follows. In Section II we
present an overview of work related to our current endeavour.
Section III details the selection of the data as well as the data
processing steps. The fuzzy model is described in Section IV.
In Section V we describe the feature selection process that
we use for reducing the number of content categories used as
input. The results we obtain, as well as a discussion of these
results, are also presented. We conclude in Section VI.
II. R ELATED W ORK
In this paper we build on previous work [1], [2] related
to the prediction of the MSCI EURO index based on ECB
statements. In [1] we present an approach that is based
on employing the frequencies of words across 13 General
Inquirer (GI) content categories for predicting up and down
movement in the index. A more expressive approach towards
the same goal is presented in [2] where rather than focussing
on the frequencies of individual words, the authors employ
fuzzy grammar fragments [3]–[5]. Both works show that the
movement in the MSCI EURO index can be predicted based
on the content of ECB statements.
The first attempt at content analysis in an economic context
is presented in [6]. Here, the authors investigate the relationship between focus on wealth and wealth-related words
in the speeches of the German Emperor and the state of
the economy over the period 1870-1914. They find a strong
relationship between the focus on wealth and the state of the
German economy. More recent research, such as [7], relies

on the GI dictionary for explaining market prices and trading
volumes. The author finds that a relationship exists between
a daily Wall Street Journal column, ‘Abreast of the Market’,
and the market prices and trading volumes of that day for the
stocks discussed in the column. In [8] the authors develop a
method for the automated extraction of basis expressions that
indicate economic trends. They are able to classify positive
and negative expressions which hold predictive power over
economic trends, without the help of a dictionary.
Other research has focussed on the extraction of sentiment
from free text in an economic context. In [9] the authors focus
on eight dimensions of sentiment: Joy, Sadness, Trust, Disgust,
Fear, Anger, Surprise and Anticipation, and are able to provide
visualizations of how these eight sentiments evolve over time
on some concept, e.g., Iraq, based on news messages. The
results are validated against ratings of human reviewers of
the news messages, and the method performs satisfactorily
in visualizing the evolution of these sentiments over time
regarding the studied concepts.
Staying in the realm of sentiment mining, we signal an
approach in [10] related to the extraction of term subjectivity and orientation from text. The approach starts with
two training sets consisting of Positive and Negative words,
respectively. It extends these two sets with WordNet synonyms
and antonyms of the words found in the sets. Next, a binary
classifier is generated by a supervised learner that is able
to categorize vectorized representations of terms and classify
them as Positive or Negative. Extraction of fuzzy sentiment
is done in [11], where the authors are able to assign a fuzzy
membership of Positive or Negative to a set of words using
the Sentiment Tag Extraction Program (STEP).
The approach we present in this paper differs from the
above approaches in that it relies on selected content categories
from GI, and employs a fuzzy model for the prediction of
movements in the MSCI EURO index. Rather than focussing
on sentiment, we select a total of thirteen categories from GI
and employ the percentages of words that fall under those
categories as document fingerprints for the individual ECB
statements. By using a fuzzy model, we are able to investigate
how each category impacts the index, and draw economic
conclusions from here. This is different from the approach that
stands closest to the research outlined in this paper, namely
[7], as it does not aggregate all content categories into one
single indicator, thus losing the ability to question the impact
of the different content categories on the explanandum.
Finally, current work presents feature selection performed
on the content categories selected from General Inquirer.
Through this process, we select a subset of relevant content
categories with the purpose of improving the robustness of
our model. Feature selection algorithms can be characterized
under two types, feature ranking and subset selection. We
focus on subset selection, where we search for the optimal
subset of features, i.e., content categories [12]. Subset selection
algorithms can further be divided into wrappers and filters.
While wrappers evaluate each possible subset of features in
the search space against a model, filters do not rely on a

performance measure that requires a model [13].
III. DATA P ROCESSING
In this section we provide an overview of the data we
employ for our goal and the model we design. In the first
part, an overview of the used data is provided. The second
part focusses on steps that are needed to prepare the data from
which fuzzy model can be developed.
In our approach, we require data from two different sources.
On the one hand, we employ ECB statements available from
the ECB press website [14]. Additionally, we employ the
MSCI EURO index, available from the Thomson One Banker
website [15]. As the index is available starting from 31
December 1998, we select both the statements and the index
values for the period 1 January 1999 to 31 December 2009.
An ECB statement as employed for our current purpose
consists of different parts. The first part deals with the key
ECB interest rates and their levels for the coming months.
The following four parts deal with the economic and monetary
analysis, as well as the fiscal policies and structural reforms.
These first five parts are considered relevant for the question
at hand. Finally, approximately the second half of an ECB
statement consists of questions and answers from the press
directed towards the president of the ECB. For the current
scope, we consider the Q&A part of an ECB statement relevant
only indirectly, and only focus on the part describing the
current and expected future state of the economy.
The relevant parts of the ECB statements for the selected
period are extracted by using an HTML wrapper from the ECB
press website. Upon successful extraction, each statement is
annotated for parts of speech using the Stanford POS Tagger
[16], [17]. Based on the part of speech annotation, we extract
only the adjectives from the text. It should be noted that all
ECB statements, at least in the part we consider relevant for
the current purpose, follow a similar structure. For this reason,
we believe that the adjectives in the text could provide a good
discrimination among the different statements.
Upon creating, for each ECB statement from the relevant
period, the set of all adjectives contained in the text, the data
are fed to the General Inquirer web service. Based on this
input, GI is able to generate a document fingerprint consisting
of the percentages of words from the document that fall under
each category supported by GI. GI currently supports over 300
content categories, but for our current purpose we only focus
on 13 of them, namely [18]:
•
•
•
•
•
•
•
•

Positiv, consisting of 1045 positive words,
Negativ, made up of 1160 negative words,
Strong, consisting of 1902 words implying strength,
Weak, containing 755 words implying weakness,
Ovrst, consisting of 696 words indicating overstatement,
Undrst, containing 319 referring to understatement,
Need, made up of 76 words related to the expression of
need or intent,
Goal, consisting of 53 words referring to end-states
towards which muscular or mental striving is directed,
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Data processing steps

Try, containing 70 words indicating activities taken to
reach a goal,
• Means, made up of 244 words denoting what is utilized
in attaining goals,
• Persist, 64 words indicating endurance,
• Complet, consisting of 81 words indicating the achievement of goals,
• Fail, which consists of 137 words that indicate that goals
have not been achieved.
By feeding the adjectives from each relevant ECB statement
to GI, we obtain a matrix of percentages that indicate for each
document, for each content category, the percentage of words
in that document that fall under that category. Upon generating
this matrix, we normalize using min-max normalization across
each content category. This resumes to applying Equation 1
individually to each datapoint, for each variable in the dataset
(note that the min and max operations are applied over all
values of each variable).
•

xi = (xi − min(x))/(max(x) − min(x)),

(1)

(2)

where Rk is the k-th rule in the model rule base, x =
[x1 . . . , xn ]T is the antecedent variable and Ak = Ak1 , . . . , Akn
are the fuzzy sets corresponding to the antecedent variables.
The rule consequent y k is an affine combination of the
parameter vector ak , and the scalar offset bk . The consequents
of the affine TS model are hyperplanes in the product space
of the inputs and the output.
To form the fuzzy system model from the data set with N
data samples, given by the regressor X = [x1 , x2 , . . . , xN ]T
and the regressand Y = [y1 , y2 , . . . , yN ]T where each data
sample has a dimension of n (N >> n), the structure is first
determined and afterwards the parameters of the structure are
identified. The number of rules characterizes the structure of
a fuzzy system. In this study the number of rules is the same
as the number of clusters. Fuzzy clustering in the Cartesian
product-space X × Y is applied to partition the training data
into K clusters. The partitions correspond to the characteristic
regions where the system behavior is approximated by local
linear models in the multidimensional space.
In this work, we use the fuzzy c-means (FCM) [22] algorithm. As result of the clustering process, we obtain a fuzzy
partition matrix U = [μki ]. The fuzzy sets in the antecedent
of the rules are identified by means of the matrix U that have
dimensions [N × K], where K is the number of rules in the
rule base. One dimensional fuzzy sets Akj are obtained from
the multidimensional fuzzy sets by projections onto the space
of the input variables xi . This is expressed by the point-wise
projection operator of the form
μAkj (xi ) = projj (μki ),

(3)

where xi is the i-th datapoint for variable x.
Finally, we obtain the data on the MSCI EURO index from
Thomson One Banker (T1B). We extract monthly, end-ofmonth data for the period January 1st 1999 until December
31st 2009. An overview of the all the data processing steps is
provided in Figure 1.

after which the pointwise projections are approximated by
Gaussian membership functions.
When computing the degree of fulfilment βk (x) of the kth rule, the original cluster in the antecedent product space
is reconstructed by applying the intersection operator in the
Cartesian product space of the antecedent variables:

IV. T HE F UZZY M ODEL

βk (x) = μAk1 (x1 ) ∧ μAk2 (x2 ) ∧ . . . ∧ μAkp (xp ).

Several techniques can be used in fuzzy identification. One
possibility is to use identification by product-space clustering
to approximate a non-linear problem by decomposing it into
several subproblems [19], [20]. The information regarding the
distribution of data can be captured by the fuzzy clusters,
which can be used to identify relations between various
variables regarding the modelled system.
Takagi and Sugeno (TS) [21] fuzzy models are suitable
for identification of nonlinear systems and regression models.
In this work, we address the prediction of the MSCI EURO
index as a regression model. A TS model with affine linear
consequents can be interpreted in terms of changes of the
model parameters with respect to the antecedent variables as
well as in terms of local linear models of the system. An affine
TS model has the following structure:

(4)

Other t-norms, such as the product, could also be used instead
of the minimum operator. The consequent parameters for each
rule are obtained by means of linear least square estimation,
which concludes the identification of the classification system.
After the generation of the fuzzy system, rule base simplification and model reduction could be used [23], but we did not
consider this step in our current study.
V. F EATURE S ELECTION ON C ONTENT C ATEGORIES
In this section we detail upon the feature selection performed on the ECB dataset. The setup of our experiments,
with a focus on the fuzzy model, is oulined in Section V-A.
The feature selection process and the corresponding results are
described in Section V-B. We provide a discussion of these
results in Section V-C.

TABLE I
C LASSIFICATION ACCURACY AS A FUNCTION OF NUMBER OF CLUSTERS
No. of clusters
2
3
4
5
6
7
8
9
10

TABLE II
R EGRESSION COEFFICIENTS

Avg. Accuracy (%)
63.42
59.47
57.11
56.50
54.58
53.56
52.39
52.47
53.69

Content Category
Positiv
Negativ
Strong
Weak
Ovrst
Undrst
Need
Goal
Try
Means
Persist
Complet
Fail

A. Experimental Setup
For the experiments, we used a dataset of 122 ECB statements, from the period January 1st, 1999 until December 31st,
2009. For each experiment, a random sample consisting of
70% of the dataset is selected for the purpose of training,
while the remaining 30% is employed for testing.
The generated output of the system consists of the predicted
level of the MSCI EURO index at the end of the month.
However, our focus is on predicting whether the index will
move up or down by the end of the month. For this purpose,
we compare the predicted value with the known previous value
of the index (the value of the previous month), and transform
the generated output into a prediction of whether the index
will be up or down by the end of the month.
In order to limit the effects of an economic crisis on
the model, the training data are randomly selected, and the
accuracy of the model is tested on the remaining data. We
repeat this procedure 100 times, generating random training
and testing sets each time, where the training set comprises
70% of the dataset, and the testing set the remaining 30%.
We set the number of clusters for the fuzzy model to 2. The
number of clusters is determined through experimenting with
different number of clusters in the fuzzy model, by employing
all 13 variables, as displayed in Table I. We assume that, for a
smaller number of content categories, the number of clusters
will not increase, and thus perform all experiments with two
clusters.

Coefficient
-0.2161
-0.4574
0.2436
-0.4492
0.0184
-0.1670
0.0672
-0.1422
0.0177
0.0416
-0.1284
-0.3919
-0.0023

TABLE III
R EGRESSION STATISTICS
Statistic
R2
F-value
p-value

Value
0.6485
15.3260
< 10−4

words across each content category) as regressors. The regression coefficients that we obtain for a multiple linear regression
applied to the previously described regressand and regressors
are presented in Table II. Note that both the regressor, as well
as the regressand, are normalized prior to the calculation of
the regression coefficients.
The statistics of the regression are presented in Table III. As
can be observed from this table, the model obtained through
multiple linear regression is significant, apparent from the
relatively high F-value, with a corresponding p-value of 0.
We plot the regression coefficients, from highest to lowest,
in Figure 2, in an attempt to identify a possible “elbow”, i.e.,
the optimal number of variables to be included in the model
based on the values of the regression coefficients.
As visible from Figure 2, no such point can be identified,
thus providing no indication for removing any of the variables
already included in the model. For this reason, we move on

B. Feature Selection
0.45
0.4
0.35
Regression Coefficient

In this section we describe the feature selection process
that enables us to reduce the number of GI content categories
employed for modelling the MSCI EURO index. As previously
stated, the 13 content categories that we employ in this study
have been manually selected based on the content type they
describe. For this reason, some form of feature selection
should be employed on the 13 content categories in order to
ensure that all categories are relevant in making predictions on
the index. We focus on two methods for this purpose, namely
linear regression and greedy forward search by employing the
fuzzy model.
1) Linear Regression: Feature selection can be performed
by relying on linear regression [24], [25], where the actual
levels of the MSCI EURO index are used as regressand, and
the document fingerprints (consisting of the frequencies of
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Fig. 2.
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TABLE IV
S TEPWISE REGRESSION STATISTICS
Value
0.6345
33.2677
< 10−4

69

68

Model Accuracy

Statistic
R2
F-value
p-value

TABLE V
F UZZY MODEL PERFORMANCE
Training
Testing

Min (%)
62.35
50.00

Max (%)
82.35
83.33

Mean (%)
70.88
67.58

St. dev.
3.78
6.54

67

66

65

64

Weak Persist Undrst Ovrst

to stepwise regression, where we increasingly add significant
variables starting from an empty set. The significance is
determined by their associated F-value or p-value. Through
this method, six variables are added to the model, namely:
Positiv, Negativ, Strong, Weak, Undrst, and Complet. The
statistics of the model obtained by employing only these 6
content categories are presented in Table IV.
The performance of the fuzzy model trained only using
these 6 content categories, in terms of the accuracy in predicting up or down movement in the MSCI EURO index
is presented in Table V. The results are averages over 100
randomly built models, where 70% of the data is used for
training. The one-tailed paired t-test performed on the results
of 100 experiments by relying on content categories selected
through stepwise regression and the original results in [1]
is much lower than 0.05, indicating a statistically significant
improvement of the average accuracy.
Given the order of variables selected by stepwise regression,
we proceed to building fuzzy models on an increasing number
of variables, where the variables are added based on their
regression coefficient, from highest to lowest. The results
hereof are graphically presented in Figure 3. Note that the
same number of variables providing the best accuracy is
selected as obtained through stepwise regression.

65

Model Accuracy

Fail Negativ Try

Fuzzy model accuracy (greedy forward selection)

2) Greedy Forward Feature Subset Selection: In this section we present the feature selection that we perform on the
13 content categories by employing directly the fuzzy model
through greedy forward subset selection [26]. The variable
selection process is as follows. We start by adding to the model
the variable that provides the best accuracy in the prediction
of upward or downward movement in the MSCI EURO index,
computed as average over 100 generated models. We keep on
adding variables to the model such that the added variable in
combination with the content categories already included in
the model provides the best accuracy. We repeat this until all
content categories have been included in the model, regardless
of the improvement in accuracy they provide. The results of
this analysis are graphically depicted in Figure 4.
The model achieves optimum accuracy with 8 features,
namely: Weak, Persist, Undrst, Ovrst, Goal, Strong, Positiv,
and Complet. The maximum level of accuracy obtained equals
69.5%, and decreases afterwards with the addition of new
content categories. The one-tailed paired t-test performed on
the results of 100 experiments by relying on content categories
selected through greedy forward selection and the original
results in [1] is much lower than 0.05, indicating a statistically
significant improvement of the average accuracy.
C. Discussion
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In this section, we discuss two aspects related to our
results. First, we provide a discussion on the current results in
comparison with results obtained in previous work. Second,
we provide an interpretation for the selected features, both
through the linear regression as well as the greedy forward
feature subset selection, and look at these results both from
an economic perspective, as well as from the perspective of
content analysis.
In Table VI, we provide an overview of the results we obtain
in the current work, as well as the results from [1]. As can be
observed from this table, both feature selection methods that
we have applied have led to, next to a significant reduction
in the number of features, an increase in the accuracy of

the model on the testing dataset. While the feature selection
through linear regression leads to an improvement of 4.55%,
the features selected through greedy forward selection provide
an even larger improvement equal to 6.47%.
It can thus be concluded that a reduction in the number of
features leads to an increase in the accuracy of the model on
the testing set, for both the methods that we apply. The number
of features is also reduced for both methods. We further
note that linear regression provides a higher reduction in the
number of features than greedy forward search. Although
greedy forward search improves the overall accuracy of the
model, it also uses a slightly higher number of features, thus
raising the question whether the increase in performance is
justified by the increase in the number of features. As our
main goal is an increase in accuracy, we deem the cost of
adding the two features reasonable.
In Table VII we present an overview of the features selected
by both models. The features in this table are not presented
in the order of their significance. Rather, we focus on the
overlap between the features selected through both methods.
As apparent from this table, there is a significant overlap
between the features selected by both methodologies. Roughly
83% of the features selected through the linear regression
method are present in the features subset selected through the
greedy forward search approach.
We note that five of the selected features in the case of linear
regression, namely Positiv, Negativ, Strong, Weak, and Undrst,
are also the content categories with the largest coverage of
words in the General Inquirer dictionary. This result relates
to the intuition that, the more words that are included in
a content category, the better the discrimination provided
when predicting the MSCI EURO index. Additionally, the
content category Complet is included in the features selected
through linear regression. This is a category that indicates the
completion of goals. The content categories Positiv, Negativ,
Strong, and Weak are intuitively also the features that should
provide the best discrimination of the dataset. Positiv and
Negativ are general indicators of the sentiment being conveyed
through the ECB statement, while Strong and Weak provide
an indication of how strong the conveyed sentiment is. Linear
regression also includes Undrst as selected feature, a collection
of words indicating de-emphasis and caution. It can thus be
concluded that caution in the ECB statements is related to
changes in the MSCI EURO index.
Although the Negativ content category is not included as
relevant feature by greedy forward feature subset selection, the
same method selects three content categories not in the feature
set selected through linear regression, namely Ovrst, Goal,
and Persist. The inclusion of Ovrst is rather intuitive when
Undrst is selected. This category provides an indication for
the emphasis specified in the text. The Goal category relates
to words that indicate muscular or mental striving, and we thus
conclude that goals set in an ECB statement have an impact
on values of the index. Finally, the Persist category consisting
of words that indicate endurance influences the index, and we
thus conclude that persistence in the language used by the

ECB in the statements has an impact on markets.
Finally, we present surface plots for selected pairs of content
categories in Figure 5. Here, the values of content categories
are plotted against the actual levels of the MSCI EURO index
rather than upward or downward movement. These surfaces
have been obtained from a fuzzy model generated on the
eight content categories selected by the greedy forward feature
subset selection. We note that the relationship between the
index and the Strong and Weak content categories is almost
linear, while for the other selected content categories the
relationship with the index is highly nonlinear, coming to
support our choice for a fuzzy system in modelling the MSCI
EURO index based on ECB statements.
We further note that high levels of understated words lead to
higher levels of the index, and the same relationship holds for
the Strong content category. When both Goal and Strong are
high, or when both of them are low, the levels of the index are
low, with some variability for in-between these extreme values
for both content categories. Finally, we note that the frequency
of positive words has a positive impact on the index up to a
certain level; beyond this level, increases in the frequency of
words in ECB statements leads to a decrease in the expected
value of the MSCI EURO index.
VI. C ONCLUSIONS AND F UTURE W ORK
In this paper we build on previous work [1], [2] related to
predicting the MSCI EURO index based on content analysis
of ECB statements. Our focus is on reducing the number of
features employed for prediction through feature selection. For
this purpose we rely on two methodologies: (stepwise) linear
regression and greedy forward feature subset selection. The
original dataset consists of 13 features (General Inquirer content categories). Both methodologies provide an improvement
in the overall accuracy of the model, while simultaneously
reducing the number of features employed. Through linear
regression we achieve an accuracy of 67.58% on the testing
set by relying on 6 features, while greedy forward selection
enables an accuracy on the test set of 69.50% while relying
on 8 features.
A large proportion of the features selected through both
methodologies consist of those content categories that have
the largest coverage in terms of words they are described
by. We find this result intuitive, since a higher number of
words provides for a more fine-grained distinction between
statements that result in an upward movement in the index,
and those resulting in downward movement, respectively. The
remaining features that are selected related to overstatement
and understatement, a general indication of the sentiment
contained in ECB statements, as well as to the completion
of goals, striving towards goals, and persistence in achieving
those goals.
Future work will focus on a larger number of content
categories. The current dataset includes 13 content categories
selected manually and based on their coverage as well as an
intuition behind what market look for in ECB statements.
A deeper analysis will take all General Inquirer categories

TABLE VI
R ESULTS OVERVIEW
Results from [1]
Linear regression
Greedy forward search

Accuracy on testing set (%)
63.03
67.58
69.50
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MSCI EURO
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6
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Surface plots for selected pairs of content categories and the MSCI EURO index

TABLE VII
S ELECTED FEATURES OVERVIEW
Linear regression
Positiv
Strong
Weak
Complet
Undrst
Negativ

1
0.5

Greedy forward search
Positiv
Strong
Weak
Complet
Undrst
Ovrst
Goal
Persist

into account, and select only those that are significant regarding movement in the MSCI EURO index based on the
methodologies outlined in this paper. Additionally, learning
dictionaries such as the General Inquirer from text, based on
some performance measure such as an European index, should
provide interesting challenges for future research.
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