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Abstract

The behaviour of time series data from financial markets is influenced by a rich
mixture of quantitative information from the dynamics of the system, captured
in its past behaviour, and qualitative information about the underlying funda-
mentals arriving via various forms of news feeds. Pattern recognition of financial
data using an effective combination of these two types of information is of much
interest nowadays, and is addressed in several academic disciplines as well as
by practitioners. Recent literature has focused much effort on the use of news-
derived information to predict the direction of movement of a stock, i.e. posed
as a classification problem, or the precise value of a future asset price, i.e. posed
as a regression problem. Here, we show that information extracted from news
sources is better at predicting the direction of underlying asset volatility move-
ment, or its second order statistics, rather than its direction of price movement.
We show empirical results by constructing machine learning models of Latent
Dirichlet Allocation to represent information from news feeds, and simple näıve
Bayes classifiers to predict the direction of movements. Empirical results show
that the average directional prediction accuracy for volatility, on arrival of new
information, is 56%, while that of the asset close price is no better than random
at 49%. We evaluate these results using a range of stocks and stock indices
in the US market, using a reliable news source as input. We conclude that
volatility movements are more predictable than asset price movements when
using financial news as machine learning input, and hence could potentially be
exploited in pricing derivatives contracts via quantifying volatility.
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Forecasting, Technical Analysis, Computational Finance

1. Introduction

Data from financial markets offer challenging signal processing problems
and have attracted much interest from quantitative researchers and traders.

Email addresses: adam@adamatkins.co.uk (Adam Atkins), mn@ecs.soton.ac.uk
(Mahesan Niranjan), eg@ecs.soton.ac.uk (Enrico Gerding)

Preprint submitted to Elsevier January 16, 2018



The underlying complexity of the financial system that generates such data is
enormous, and hence data arising from the system can show both non-linear and
non-stationary characteristics. With easy availability of electronic data, there
is significant recent growth in their analyses, and such analyses translating into
automated trading systems, with one estimate suggesting algorithmic trades
accounted for 85% of market volume in 2012, compared to just 15% in 20031.
The derivatives markets, too, have grown significantly with the number of U.S.-
listed equity and index options averaging 16.5 million contracts daily across the
first five months of 20172 and the global exchange-traded options market was
valued at over 41 thousand billion US dollars in December 20163.

Optimisation of portfolios based on expected returns from financial instru-
ments (such as stocks) and uncertainties in their price movements (e.g. [4], [5],
[6]), pricing derivatives and other complex contracts based on some predicted
future value of an underlying asset7, and general time series analysis using a
myriad of univariate and multivariate analytical techniques8 have been explored
in literature, spanning a range of disciplines including statistics, quantitative
finance, signal processing and machine learning. These tools of quantitative
modelling, elementary forms of which are captured in the practice of technical
trading, complement what is termed fundamental analysis9 in which qualitative
information about an asset is used in combination with macroeconomic infor-
mation to make predictions about its value. Qualitative information used in
fundamental analysis includes periodic reports published by companies on their
profitability, payments of dividends etc. as well as news about them and the
economic environment, available via news feeds. More advanced data-driven
models including artificial neural networks and support vector machines have
been used in combination with traditional methods of technical analysis (e.g.
[10], [11], [12], [13], [14]), and varying degrees of success have been claimed.

An intriguing development that has significant bearing on the above is in
natural language processing and understanding, whereby news feeds and other
sources of textual information can be automatically mined and relevant informa-
tion extracted15. Information extracted from text has been successfully applied
in several disciplines; IBM’s question answering system Watson16, and the con-
struction of gene regulatory networks17 are examples of this. Coupled with
this is the exponential increase in information generated and propagated via
social media, with a much wider and faster reach18 to individual investors and
professional practitioners.

There are many examples of applying text mining to news data relating to
the stock market (e.g. [19], [20], [21]), with a particular emphasis on the predic-
tion of market close prices. An example is the work of Gidofalvi22, which, similar
to our own, uses a näıve Bayes classifier to predict close price direction on an
intraday basis using news as input. In addition to news feeds, sources of textual
and behavioural data used by researchers include StockTwits, GoogleTrends
and even Wikipedia page views23–25. Analysis of Google trends query volumes
led to the discovery and formation of “patterns that may be interpreted as ‘early
warning signs’ of stock market moves”25.

In terms of extracting information from social media, the work of Bollen et
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al. had a significant impact in the literature26. These authors derived a six di-
mensional representation of mood (Calm, Alert, Sure, Vital, Kind, and Happy)
by mining large volumes of tweets1. The resulting characterization of mood was
used to predict the direction of movement of the Dow Jones Index. However,
their claim of predicting daily up/down market movement at an accuracy of
86.7% was met with broad skepticism in the computational finance community.
Firstly, the prediction accuracy reported was the best of 8 models attempted in
the study and could be viewed as selective reporting. Secondly, the testing pe-
riod considered by the authors was very short, at only 15 trading days in total,
with 13

15 days predicted correctly. The uncertainty in this result is bound to be
high and not explored by the authors. Lastly, the authors test Granger causal-
ity between sentiment and financial time series. However, Granger causality
assumes stationary covariance (mean and variance unchanged) over time, which
is not the case for market prices, exhibiting non-stationary characteristics. The
authors do not explain whether or not they have adjusted for this assumption,
for instance by constructing data windows.

Despite this, the very idea of relating information extracted from news feeds
to market movement via the intermediate step of characterizing sentiments is an
elegant one. Overall emotions, both at the level of groups of traders and at the
level of wider society, is bound to influence the behaviour of financial markets.
While the behaviour of individual investors might be heavily modulated by
context, Bollen et al. correctly postulate that an overall collective signal which
influences trends in market behaviour may exist and this may be recoverable by
mining messages exchanged on social media. We address some of the concerns
in the work of Bollen et al. by testing on large, heterogeneous data sets.

All of the work reviewed above aims to predict market prices or changes in
prices from literature derived information. To the best of our knowledge, with
the sole exception of27, using information mined from news to predict second
order statistics such as volatility, or even volume traded in the markets has
not been attempted. Forecasting and modelling volatility, however, has been
of interest in quantitave modelling of financial data, with a rich literature on
statistical models and algorithms (e.g. [28], [29], [30]). The family of con-
ditional heteroskedasticity models (e.g. GARCH) are examples of time series
models with stochastic dynamics imposed on residual variances. Data-driven
approaches to modelling volatilities include the use of advanced machine learn-
ing methods such as support vector machines, to predict volatility changes from
previous values of the volatility time series31. There is some work in the litera-
ture in combining time series modelling of volatilities (GARCH) in combination
with news-derived data (e.g. [32], [33]). A standalone model in34 attempts to
correlate StockTwits posting volumes to volatility, though with no underlying
information extraction from natural language processing. The relationship be-
tween notes in federal reserve board meeting minutes to market volatility has
been explored in35, and is the attempt closest to the work in this paper. The

1www.twitter.com
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work reported in27 compares news-driven linear regression with GARCH mod-
elling, but the authors make no attempt at comparing the predictions against
predicting asset price movement.

In this paper, we explore the hypothesis that news-derived information is
likely to have a greater effect on the second order characteristic of market volatil-
ity than on the asset values or their direction of movement. We carry out an
empirical study and show evidence in support of this hypothesis. We construct a
Latent Dirichlet Allocation (LDA) model, which is effective in natural language
feature reduction, though proves to be computationally expensive to train. Clas-
sification is achieved using a näıve Bayes algorithm, which performs well despite
the simplistic assumption of feature independence.

The novel contribution we present is in making predictions about asset price
and volatility changes from news-derived information alone, as opposed to in-
tegrating with a time series model. This results (see the section on results) in
the prediction of volatilities giving rise to a small, yet statistically significant,
signal, and the direction of movement of the asset price itself performing no
better than random. Further, our work is illustrated on a much larger set of
data than what we find as usual in the literature. We assess the performance of
our model against a range of benchmarks, including a technical analysis model
making use of only time series data. We take account of non-stationarity in the
data firstly by applying a decay function to weight news in the feature vector
according to recency, and secondly by repeatedly training and testing models
on sliding temporal windows, and presenting results that quantify the variation
obtained across these different periods. In making a systematic comparison be-
tween predicting volatility and predicting close price movements, accounting for
non-stationarity in a systematic way and in the scale of the empirical evaluation,
our work goes substantially beyond what has been touched upon in27.

2. Data and Inference Algorithms

2.1. Financial Data

For empirical evaluation of the ideas, we used two stock indices (NASDAQ
Composite and Dow Jones Industrial Average) and two equities (Goldman Sachs
and J. P. Morgan), all covering the range 09 September 2011 to 07 September
2012. For purposes of analysis and dealing with non-stationarity, this data was
split into four sections (see Appendix A).

An empirical observation claimed in22 is that on average, there is a 20 minute
time lag between release of news and quantifiable impact on markets. After some
tuning on a small subset of data, we implemented all our predictions during 60
minute periods. This strikes a balance between excessive sparsity of the feature
vector and the effective time-lag over which news has effect on the market, as
selecting a short temporal window of analysis reduces the chance of observing a
term in the vocabulary while taking a long window may smooth out the dynamic
nature of relevant information.
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Minute-by-minute resolution intraday data available online at a start-up
algorithmic trading website2 called ‘The Bonnot Gang’ was downloaded for
the above assets during the period 09 September 2011 to 07 September 2012.
Periods of data with missing values were excluded so as not to skew the volatility
calculation. Missing values at the start or end of day were imputed using daily
data from Quandl’s Yahoo Finance database3.

2.2. News Data

For textual data, we used a portion of the Reuters US news archive from 09-
2011 to 09-2012, as this was considered a reliable length data set, surpassing the
length used in other literature (e.g. [26], [20], [36]). US news was used, as this
is most relevant to the US indices and assets we are predicting. Furthermore,
Reuters is considered a reliable source of financial news, with the Reuters-21578
collection being popular in the natural language processing community37. This
particular portion was selected because, when considering US market volatility
using the VIX S&P500 volatility index, it contains periods of both high and low
volatility for the US markets. It is beneficial to expose the predictor to different
market conditions to showcase its resilience.

Another advantage of using Reuters as a news source was that the archives
were friendly to scrape from, as each day had an archive page of the form:

http://www.reuters.com/resources/archive/us/YYYYMMDD.html

2.3. Volatility Estimation

Volatility was estimated as variance of log returns over each interval7, and
updated every hour using minute by minute data, i.e. from 60 returns, with
returns computed as ratios of close prices at adjacent points in time:

ri = log

(
Si

Si−1

)
σ2 =

1

N

N∑
i=1

(ri − r)
2
,

where Si is the asset price at time i, ri, the asset return at time i and r, the
mean return over the analysis window of N time points.

2.4. Machine Learning

Latent Dirichlet Allocation (LDA) followed by näıve Bayes classification was
the overarching machine learning model used in this study. LDA, introduced
in38, is widely seen as a powerful way of extracting topics across a range of text
data. More recently, outside of computational finance, the method has been used

2www.thebonnotgang.com/tbg/historical-data
3www.quandl.com/data/YAHOO
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in modelling of disease subtypes in cancer, where molecular level heterogeneity is
analogous to the variability seen in documents representing multiple underlying
topics39. Näıve Bayes, though making restrictive statistical assumptions, has
proved to be popular in text classification tasks due to its simplicity and high
empirical performance.

2.4.1. Latent Dirichlet Allocation

Latent Dirichlet Allocation (LDA)38 is a generative model that allows a set
of documents (observations) to be categorised into their underlying topics as
a method of feature reduction. A topic is a set of words, where each word
has a probability of appearance in documents labelled with the topic. Each
document is a mixture of corpus-wide topics, and each word is drawn from
one of these topics. From a high-level, topic modelling extrapolates backwards
from a set of documents to infer the topics that could have generated them
- hence the generative model. The underlying algorithm for assigning topics
to documents is collapsed Gibbs sampling. LDA effectively reduces features
and produces a set of comprehensible topics. However, on the downside it is
relatively computationally expensive (polynomial time complexity)40–42.

2.4.2. Näıve Bayes Classification

Näıve Bayes is one of a wide range of supervised learning algorithms avail-
able for pattern classification. The algorithm’s popularity in text classification
stems from its simplicity. Specifically, in a multi-variate classification setting,
näıve Bayes models each feature as being independent of the others. This is a
simplistic assumption in the case of text processing because when text is rep-
resented as a normalised bag-of-word frequencies, word occurrence frequencies
are likely to be correlated. However, empirical experience as well as the need for
large amounts of data to estimate all pairwise correlations at high dimensions
(in p dimensions, we need to estimate p2/2 correlations) robustly tend to favour
the use of this classification approach43.

Thus, the motivation for selecting näıve Bayes as a classifier is that they
are simple to implement, perform similarly to more complex methods, such as
Support Vector Machines44, and also require only a relatively small amount of
training data to converge (estimate the parameters) as the whole covariance
matrix doesn’t need to be determined due to the independence assumption.
Also in one case45, a NB-LDA approach, with a similar design to ours, produced
positive results.

3. Text Processing

We used Python packages urllib and requests to fetch the news data, and
BeautifulSoup to parse the HTML and extract information between specified
tags. The system filters the news on a corpus-level using a keyword-based
approach, constructing a set of financial terms and discarding articles that did
not contain at least one of these terms. Appendix C shows the financial terms
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used in the retrieval process, which were constructed by hand using a small
holdout set of news articles. Filtering keywords were added to the set until
categories of news with a lower perceived relevance (e.g. sport and opinion) were
discarded, leaving only market, political, business and world news categories.

Extracted text was then subject to standard natural language processing
steps of tokenizing and stemming. Stop-words, short words (length < 3) and
Web addresses were removed. These steps were implemented using the NLTK

toolbox (WordPunctTokenizer for tokenisation and PorterStemmer for stem-
ming). A word list constructed from NLTK, augmented by the list used in46 was
used for stop-word removal. Removal of web addresses used a regular expression
matching rule.

3.1. Topic Modelling

To model the semantics of the article text and reduce the number of features,
we used Latent Dirichlet Allocation (LDA), using the article body and title as
separate topic models and then combining the resultant topic distributions into
a single feature vector. The LDA implementation used was ‘Online Latent
Dirichlet Allocation’ within the gensim47 Python library, which produces topic
models using a ‘memory-friendly’ stream48. Memory constraints were a major
consideration given the size of the corpus used. The topic modelling algorithm
took approximately 30 minutes of computing to converge when processing each 3
month period of textual data. The resulting topic model is a number of corpus-
derived topics that form a distribution. Each article is assigned a number of
topics from this distribution.

We chose the following parameters for our LDA model: Topics-body = 100;
Topics-title = 20; LDAPasses-body = 3; LDAPasses-title = 20; LDAChunks-
body = 2000; and LDAChunks-title = 200. Hierarchical Dirichlet Process
(HDP), which is a non-parametric topic model similar to LDA, was used to
initialise the number of topics.

3.1.1. Example topic model

The output of LDA is a set of topics, each topic contains unigram/bigram
tokens with a weighting applied to them. The weighting describes to what
extent this token contributes to the overall topic.

Table B.14, Appendix B is an example topic and captures foreign affairs arti-
cles concerning the Middle East in terms of war and oil, due to stemmed tokens
like: “oil”, “iran”, “syria”, “rule”, “attack”, “assad”, “govern”, “presid”, “mil-
itari”, “foreign” and “al qaeda”. Note the bigram token “al qaeda” is a major
component of the topic, though irrelevant to our goal, the semantic commonality
seems to be correctly extracted by the model.

3.2. Näıve Bayes Prediction Model

From the topic model, a list of topics was constructed of size 120 (100 body
topics, 20 title topics) for each 60 minute prediction interval: this list is one
feature vector in the feature space defined by the topics. The feature vector
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for an interval is a topic-count sparse vector, representing the number of times
each topic appears in articles within the interval. Some topics may appear more
than once, and some not at all. The target vector is then constructed by pairing
binary direction labels from market data to each feature vector: the label for
the next 60 minute period is used, as we are predicting this. For instance, we
are using news from 09:00AM - 10:00AM to predict the direction of movement
(increase/decrease) of volatility over period 10:00AM - 11:00AM and direction
of movement of close price from 10:00AM to 11:00AM.

Internally, a dictionary is used as a mapping between each topic and the
number of occurrences of the topic over a 60 minute interval. This feature vector
of topic frequency has a corresponding binary target vector for each period.

With the above representation, we trained a multinomial näıve Bayes model.
The model was run over 3 month periods, with the first half used for training and
the second half used for testing. Increasing the size of this temporal window
reduced the accuracy of classification, on the validation set, which is clearly
attributable to non-stationarity in financial markets.

Following49, we trimmed the temporal window over which predictions are
evaluated, excluding the first hour and the last half-hour of trading in any day,
as these periods tend to feature irregular patterns of trading, potentially biasing
the model.

A classic problem with such textual representations in fixed dimensional
vector spaces is probabilities being set to zero during intervals in which none
of the terms/topics are observed. This is dealt with by smoothing, and the
“Lidstone smoothing parameter” (α) was set to 0.0150.

3.3. Dealing with Non-stationary Data

Financial information is known to be non-stationary; i.e. any functional
relationship we learn over short periods of time, the mapping between news
and market movement in our case, can change with time. Hence, in estimating
models over a temporal window, we might expect distant past to be of less im-
portance than recent past. An approach we used to account for this observation
was implementing a decay function to weight the news data when training the
models. The 60 minute window of news was split into 6 intervals and the articles
were weighted in a decreasing manner across each interval as follows:

wi = wi−1 − 0.15,

where i ∈ {0...5} and w0 = 1.0, with interval i = 0 being closest to the
prediction period and i = 5 being furthest back (50 to 60 minutes) in time.

The weighting was then applied to the topic model by multiplying the num-
ber of topics across an interval by the weight, w. During ad-hoc testing, marginal
performance improvements were observed (∼ 0.5% accuracy) when using this
weighting on the analysis window.

3.4. Bigram model

Another enhancement to the basic model was the use of bigrams, thought to
capture a greater level of semantic information than unigrams. For example, in
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our data set, phrases such as “money market” or “bailout money” can be cap-
tured as a single token when represented as bigrams, whereas in the unigram
model the tokens would be separated and so the context and true meaning of
‘money’ as being related to the money markets would be lost in the first case.
Similarly, in the second case, the negative implication of money used for bailing
out an entity would not be captured, and a singular unigram token ‘money’
might wrongly be seen as a positive one. Extracting bigrams is straightforward
within the NLTK library and collocation detection was performed using point-
wise mutual information as criterion. We did not find trigrams to be useful
features, probably due to the inevitable data sparsity issue.

3.5. Chi-squared feature reduction

The feature set constructed in this way is of very high dimensionality. In
order to reduce the dimensions, thus to deal with the problem of the “curse of
dimensionality”, we implemented a Chi-squared feature selection method. In
our model we rank by χ2 and select the 30 best features/topics from this.

An alternative way of dealing with high dimensions is to project the data onto
the principal subspace obtained from a Principal Component Analysis (PCA).
During experimental comparisons, Chi-squared feature selection produced accu-
racy results with less variance. Further, PCA projections, not being constrained
to be positive, sometimes produced negative outputs which were incompatible
with our classifier.

3.6. Luhn’s cut-off

A fundamental statistical aspect of word usage in natural language relates
to a skewed distribution known as Zipf’s law, which states that the frequency of
usage of a word is in inverse proportion to its rank in a usage frequency table.
Consequently, the most frequent term occurs twice as frequently as the second
most frequent term which occurs twice as frequently as the third, and so on. To
avoid difficulties caused by the dominance of frequently used words in learning
and rare words only appearing in the training and test sets, upper and lower
cut-offs are enforced on the usage frequency table, known as Luhn cut-offs51.
This is then reflected in the dictionary. The resulting significant words have
greater discriminative power than words outside the cut-offs.

In our implementation we used: UpperCutoff-body = 0.5; UpperCutoff-title
= 0.75; LowerCutoff-body = 3; and LowerCutoff-title = 2. Lower cutoffs are an
absolute number of documents, and terms that occur in less than this amount
were excluded. Upper cutoffs are a percentage of documents. Upper and lower
cut-offs were specified using a gensim method, which filters the dictionary. The
exact location of the cut-offs are tunable parameters which we set by analysing
a small validation set of the data.
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4. Technical analysis model

4.1. Rationale

A parallel model was constructed using features derived from the time-series,
rather than using news as input for predictions. This model is a benchmark to
assess whether or not volatility is an ‘easier’ prediction problem in general. For
instance, in the case where both volatility and asset price are as predictable
as one another in a time-series model, any claim that a news-based model has
a greater ability to predict volatility than asset price would be made stronger,
as a model using a different set of explanatory variables found no significant
difference in predictability. Furthermore, comparing the performance of pre-
dictions based solely on time-series data against those based solely on news
data over similar prediction periods provides some performance context for the
news-based classifier, especially when making literature comparisons, as much
of the historic literature is centred around using time-series data alone for such
forecasts, with only more recent literature looking at alternative data.

The technical analysis model makes use of various technical indicator func-
tions, which transform price data to provide additional value over exclusively
using price data as input. Technical indicators (Appendix D) were chosen based
on previous literature usage52 and their combined ability to capture as many
market properties and dynamics as possible, while keeping the feature vector as
small as possible, to avoid problems associated with high dimensional feature
sets (‘The Curse of Dimensionality’). The indicators span momentum oscilla-
tors, trend identifiers, mathematical smoothing and volatility categories.

4.2. Implementation

Time series data was decimated from 1-minute to 5-minute resolution in
order to produce 12 open, high, low, close (OHLC) data points over each 60
minute period. Technical indicators were derived at each data point, resulting
in 12 values per indicator for each 60 minute period. In total, nine technical
indicators encapsulate various market properties, with their calculation and
rationale described in greater detail in Appendix D. On top of this, OHLC were
input alongside OHLC average and volatility, although these are not strictly
technical indicators, they provided some additional signal. This resulted in 15
indicators in total, producing 15× 12 = 180 features for each 60 minute period.

The final feature vector represents a ‘lagged’ input from t to t−55 for each in-
put feature, with up/down volatility and close label of the next period as target,
in the same manner as the news-based predictor. Technical indicator calculation
was performed in the well-known TA-Lib4 library, using Python bindings to call
C++ functions. Input feature vectors were scaled to fit a Gaussian distribu-
tion with 0 mean and unit variance before training and testing of the learning
algorithm took place.

4www.ta-lib.org
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A Support Vector Machine was favoured as the underlying predictive algo-
rithm over other methods, due to its ability to handle relatively high dimensional
data, and to position the hyperplane such that the margin between classes is
maximised. This property leads to robust classification. Refer to53 for a thor-
ough explanation of the mathematics involved. Contrary to a similar model
by Kim52, a linear kernel yielded better results on the model tuning data set
than radial basis or polynomial kernels. A final C value of 20 was used, as too
low values resulted in over-generalisation and high training error, and too high
values were over-fitting the training data. Model selection and tuning occurred
on the same validation set as the news-based predictor (2014/15 data), how-
ever the temporal window was larger, spanning 22-09-2011 – 07-09-2012. As
normal, training occurred on the first half of the dataset and testing on the sec-
ond half. Technical analysis model predictions are produced from 22-09 rather
than 09-09 (for the news model) as the technical indicator functions require a
look-back portion of data before values can be produced. Longer training and
testing windows are used because, on the validation set, it was observed that
the technical analysis predictor didn’t exhibit the same level of non-stationary
behaviour as the news predictor, so didn’t require short training windows, and
in fact produced better results with longer training windows. This is expected,
as patterns learnt from time series data are likely to change less readily than
patterns based on news data, where over time news topics evolve more freely
from bullish to bearish sentiment or vice versa.

5. Benchmarks and Measures

Various measures were used for performance evaluation of the news-based
model (ModelN), and to test the relationship between news-derived information
and market movements, briefly outlined below:

5.0.1. Single Direction (SD)

Over short windows of time, market movements can be monotonic (Bear or
Bull). Hence always predicting the direction of movement as being Up or Down
is a useful benchmark.

5.0.2. Random Walk (RW)

The random walk benchmark predicts that whatever happened in one period
will happen in the next. Over long periods of time, the accuracy of random walk
converges to 50%.

5.0.3. Technical analysis model (ModelTA)

The technical analysis model forms predictions based solely on time-series
data.
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Table 1: Performance of predicting directional changes in close price and volatility of various
assets during the period 09/09/2011 to 07/12/2011, with first half of the period for training
and the second for testing.

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
Close Price

DJI 49.2 53.3 50.0 50.0 49.2 49.0 47.1 -0.018 122
NASDAQ 53.3 59.8 46.7 53.3 53.3 54.3 52.9 0.079 122

Goldman Sachs 48.7 58.0 52.9 47.1 48.7 46.8 45.6 -0.061 119
J.P. Morgan 51.7 45.8 48.3 51.7 51.7 51.1 48.4 0.019 120

Volatility
DJI 56.6 46.7 49.2 50.8 56.6 58.2 54.8 0.150 122

NASDAQ 61.5 44.3 50.0 50.0 61.5 63.0 60.3 0.244 122
Goldman Sachs 50.4 46.2 47.9 52.1 50.4 51.7 48.3 0.028 119

J.P. Morgan 62.5 40.0 45.0 55.0 62.5 62.2 62.1 0.235 120

5.0.4. Classifier Performances

To quantify performance of classifiers, we used several measures taken from
information retrieval literature: accuracy, recall, precision, F1 score and Matthews
correlation coefficient (MCC). With TP representing True Positives, FP repre-
senting False Positives (and TN and FN denoting True and False Negatives,
respectively) these performance measures are defined as:

Recall =
TP

TP + FN

Precision =
TP

TP + FP

F1 =
2(Precision× Recall)

(Precision + Recall)

MCC =
TP ∗ TN − FP ∗ FN

(TP + FP )(TP + FN)
(TN + FP )(TN + FN)

Using a range of measures as performance metrics, instead of accuracy of
classification alone to quantify results, is important in this context because the
positive (Up) and negative (Down) movements in the market data can be highly
unbalanced.

We used Welch’s unequal variances t-test on the accuracy values to compare
performances with the null hypothesis H0 being that volatility is as predictable
from news as close price and a p−value threshold of 0.05 to reject H0. Fur-
ther, we confirmed using D’Agostino and Pearson’s test that both volatility and
close price data were normally distributed, hence satisfying the requirement for
applying the t-test.

6. Results

Table 1 shows the performance of predicting changes in close prices and
volatilities using the different performance measures considered during the 122
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60 minute periods defined from September to December 2011, after excluding
periods with missing data and the start/end of day periods as discussed previ-
ously. We note that in prediction accuracies and the F1 measure, model based
prediction of volatility changes is significantly better than those of market close
prices. Further, this was a period during which the Dow Index remained fairly
stable while the NASDAQ showed a decline. This is reflected in the perfor-
mances of the SD Down and SD Up predictors of close prices of these indices,
both remaining at 50% for DJI and SD Down showing an accuracy of 53.3%
on NASDAQ. Model based predictions using extracted information, however,
does not perform any better than these when predicting close prices. In pre-
dicting index volatilities, however, while SD Down and SD Up perform no
better than chance, model based predictions are at 56.6% for DJI and 61.5%
for NASDAQ. Similar observations can be made about the two equity close
prices and volatilities, too. Similar, detailed results of predicting volatility and
price movements across these securities, partitioned into four different temporal
segments and evaluated by the various criteria are given in Appendix A.

Table 2 summarises the detailed results by taking weighted averages (weighted
by the number of data) of each of the analysis windows and assets, a total of
1695 different test samples. The summary shows that prediction accuracies of
volatilities using information derived from news are better than those of predict-
ing close price of the underlying assets, to a high level of statistical significance.
Furthermore, when comparing each of these against a random walk prediction
strategy, we see that predicting volatility movements is significantly better than
the RW model, whereas in predicting close prices, this is not the case. Fig-
ure 1 also summarises the same information as boxplots and shows the average
performance of random walk models (bold dot on figure).

Table 3 shows the same data and comparisons for ModelTA. The most
notable result here is that there is no statistically significant difference in accu-
racy between predicting volatility and close price using time-series data. Fur-
thermore, close price prediction accuracy significantly outperforms the random
walk benchmark in this case, contrary to the results of ModelN. This helps
strengthen the hypothesis that volatility is more predictable than close price
when using news-derived information as input, as these results help show that
it isn’t the case that volatility is an ‘easier’ prediction problem.

Although the random walk benchmark is common in literature54, it may
not be fully applicable to volatility. The volatility random walk accuracy is
consistently a lot lower than the random walk for close price and far from the
expected 50% convergence, due to the decreased likelihood of finding adjacent
periods of increasing/decreasing volatility. A solution to this is to use pseudo-
random number generation to define the random benchmark, or in our case
to define a static benchmark of 50%. It should be noted that when using a
50% accuracy benchmark with zero standard deviation, t-test p-values were
still within the same significance thresholds and were largely unchanged.

The mean accuracy of volatility classification for ModelN, taken across all
of the time slices of evaluation and over all the considered assets is 55.6%,
whilst the accuracy of classifying close price direction is 49.4%. Note that
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Table 2: Summaries of comparisons of ModelN and random-walk predictions of volatility and
close price. Test for significance shows clear difference between predicting volatilities and close
prices from news-derived information. While ModelN prediction accuracies of volatilities are
significantly better than that of a random-walk model, this does not hold for predicting asset
price movement. N = 16 intervals used, containing a total of 1695 prediction periods.

Volatility Close price

Mean 55.566 49.386
StdDev 4.212 3.772
P value 0.0001 (<0.05)

Volatility RW

Mean 55.566 41.302
StdDev 4.212 3.494
P value 0.0000 (<0.05)

Close price RW

Mean 49.386 50.331
StdDev 3.772 5.581
P value 0.5795 (>0.05)

across the different assets and time intervals of evaluation, the maximum and
minimum accuracies for volatility prediction are 62.5% and 48.1% whereas the
corresponding values for close price predictions are 57.7% and 42.6%. Thus,
while volatility is predicted with higher accuracy and the average prediction
performance appears small, it is possible to see parts of data in which the claims
made could be far higher. This, we believe is the case in previous literature,
showing empirical results over much smaller datasets without giving details of
variation shown here.

7. Conclusions and Discussion

In this paper, we have shown empirical results that information extracted
from textual news sources can be used in predicting directional changes in mar-
ket volatility. In particular, we have shown that the changes in volatility are
better predicted than the changes in the close price of an asset or an index of
assets. Though the inability to predict close price movement any better than
random contradicts previously published results, our results suggest that infor-
mation in news, influencing markets via sentiment-driven behaviour essentially
affects second order statistics of the financial system.

The result that second order statistics better relate to news can indeed be
exploited in trading, via pricing of derivatives. Our current research focuses
on the relationship between news-derived information and implied volatilities
of underlying stocks, computed by inversion of option pricing formulae (e.g.
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Table 3: Summaries of comparisons of ModelTA and random-walk predictions of volatility
and close price. Contrary to the above, both volatility and close price ModelTA accuracies
significantly out-perform the random-walk benchmark and furthermore there is no significant
difference in accuracy between predicting volatility and close price using time-series data.
N = 4 intervals used, containing a total of 2275 prediction periods.

Volatility Close price

Mean 55.533 56.375
StdDev 2.910 0.868
P value 0.6179 (>0.05)

Volatility RW

Mean 55.533 39.940
StdDev 2.910 1.510
P value 0.0007 (<0.05)

Close price RW

Mean 56.375 49.908
StdDev 0.868 1.819
P value 0.0030 (<0.05)

Black-Scholes, [7]). We are also interested in the relationship to explicit models
of volatility, such as stochastic volatility models, where we believe parameters
characterizing the dynamics of volatility can be extracted from news-derived
information. Comparisons should be made between forecasted volatility and the
implied and realised volatility of near term at-the-money options, to ascertain
whether or not volatility movements are expected, and priced into the options
market, or if there exists some exploitable inefficiency.

It is important to note that the prediction results we report are based only
on information derived from the news source and no other input is used. Hence
the accuracy results cannot be directly compared with accuracies reported in
the literature on models that make predictions based on time series (predictions
from past values). It is striking that news-derived information alone contains
a level of signal strong enough to predict the direction of movement of market
volatility. Clearly, a model that includes even just previous volatility values is
likely to display higher levels of accuracy. Future work, using either ModelN
or ModelTA as part of a trading strategy, should consider the magnitude of
volatility or asset price changes. This magnitude should subsume the bid-ask
spread plus any transaction costs incurred, in order to be profitable. As di-
rectional changes in volatility may in some cases be too small to trade, one
solution is to adapt the model to form a regression, or to trade securities known
for large directional changes, based on historical analysis. Also, DJI and NAS-
DAQ Composite predictions may be traded through (volatility) index tracker
funds, as they are not tradable securities, unlike GS and JPM. Tracking er-
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Figure 1: Summary of prediction accuracies of volatilities and close prices over the 12 month
period 09/09/2011–09/09/2012. The box plot shows the variation across the different finan-
cial instruments, evaluated at different time periods (see Appendix A for individual results).
The solid horizontal lines show the mean accuracies and the filled circles show random walk
accuracies of the two models.
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ror between the tradable security and the index may affect profitability, unless
predictions were made on tracker fund prices instead.

Aside from the novelty of the emprical study and results, the discrete decay
function for dealing with non-stationary news data will be of use to researchers
or practioners developing similar models. Although, a smoother continuous
function, chosen based on historical data, may model the phenomena more
accurately and could yield more significant performance improvements.

The freely available news source we used was not pre-filtered in any way, lacks
any accompanying structured metadata, and is likely to contain a significant
amount of noise, contributing to the higher standard deviation in accuracies
for ModelN compared to ModelTA. In the financial setting, it is possible
to purchase pre-filtered and targetted news (from Reuters itself, for example).
Such news is likely to improve prediction accuracies further, leading to a stronger
input signal for a trading strategy. In addition to this, our future work will be
focused on systematic optimization of the many model parameters (e.g. topic
model and cut-off parameters in the vocabulary section). The feature selection
method, based on the Chi-squared criterion, considers features one at a time.
More elaborate methods such as greedy forward selection (known as wrapper
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methods) and their joint optimization with the performance metrics (e.g. [55])
also forms part of our current research. Moreover, the TA benchmark classifier
features were selected manually, based on literature usage. More thoughtful
feature selection methods, such as genetic algorithm optimisation of a wider
feature set, may improve predictive accuracy.

In terms of computational model performance of ModelN, to maintain rea-
sonable running time on a single 2.5GHz Intel Core i7 machine, a compromise
was taken on topic model perplexity. Model accuracy improvement (lower per-
plexity) is possible by making use of the distributed computing capabilities of
the gensim topic modelling library, allowing for more iterations under the same
time constraints, although these gains would likely be outweighed by acquiring
cleaner news data, model selection and hyperparameter optimisation. ModelN
predicts market movements using patterns learned from macro news activity,
with no company/stock/sector specific filtering involved. The advantage of this
approach is that the large sample of news articles produces a dense topic distri-
bution over each 60 minute prediction window. Subsequent issues arising from
highly sparse data are avoided, and don’t need to be considered by the predictive
model. High-level filtering (e.g. at a sector-level) may still lead to appropriately
dense topic distributions, so can be considered for future developments.

As noted in the introduction, our results are based on a wide range of assets,
split into temporal windows to deal with non-stationarity in the data, which is
in contrast to several publications in recent literature which quote empirical
results on selective periods in time (e.g. [49]). Hence we believe the hypothesis
we advance about news-derived information being a better predictor of volatility
than of market price changes is robustly demonstrated in this work.
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Appendix A. Detailed Results

Here, we give detailed results on model and benchmark prediction accuracies.
The news-based model (ModelN) is evaluated across four three-month periods,
and the technical analysis model (ModelTA) is evaluated across a single one
year period. In each period, the first half of data are used for training and the
second for testing. The results below are the predictive accuracy of the model
and benchmarks on the test set.

Appendix A.1. News-based Model Results

Appendix A.1.1. Predicting Changes in Volatility

Table A.4: Predicting Change in Volatility: 09/09/2011 – 09/12/2011

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
DJI 56.6 46.7 49.2 50.8 56.6 58.2 54.8 0.150 122

NASDAQ 61.5 44.3 50.0 50.0 61.5 63.0 60.3 0.244 122
Goldman Sachs 50.4 46.2 47.9 52.1 50.4 51.7 48.3 0.028 119

J.P. Morgan 62.5 40.0 45.0 55.0 62.5 62.2 62.1 0.235 120

Table A.5: Predicting Change in Volatility: 09/12/2011 – 09/03/2012

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
DJI 52.8 38.7 47.2 52.8 52.8 52.5 52.4 0.046 106

NASDAQ 54.8 40.4 48.1 51.9 54.8 54.7 54.7 0.093 104
Goldman Sachs 59.4 42.6 47.5 52.5 59.4 59.3 58.9 0.182 101

J.P. Morgan 56.7 40.4 45.2 54.8 56.7 56.4 56.4 0.119 104
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Table A.6: Predicting Change in Volatility: 09/03/2012 – 09/06/2012

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
DJI 57.4 37.0 44.4 55.6 57.4 57.2 57.3 0.134 108

NASDAQ 48.1 40.7 45.4 54.6 48.1 48.1 48.1 -0.046 108
Goldman Sachs 53.0 42.0 35.0 65.0 53.0 52.0 52.5 -0.054 100

J.P. Morgan 59.8 44.9 40.2 59.8 59.8 60.0 59.9 0.167 107

Table A.7: Predicting Change in Volatility: 09/06/2012 – 07/09/2012

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
DJI 54.6 44.3 43.3 56.7 54.6 58.2 54.0 0.137 97

NASDAQ 57.7 39.2 45.4 54.6 57.7 57.5 57.6 0.143 97
Goldman Sachs 51.7 34.5 48.3 51.7 51.7 52.5 50.7 0.046 87

J.P. Morgan 49.5 35.5 47.3 52.7 49.5 51.2 46.4 0.017 93

Appendix A.1.2. Predicting Changes in Asset Price

Table A.8: Predicting Change in Close Price: 09/09/2011 – 09/12/2011

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
DJI 49.2 53.3 50.0 50.0 49.2 49.0 47.1 -0.018 122

NASDAQ 53.3 59.8 46.7 53.3 53.3 54.3 52.9 0.079 122
Goldman Sachs 48.7 58.0 52.9 47.1 48.7 46.8 45.6 -0.061 119

J.P. Morgan 51.7 45.8 48.3 51.7 51.7 51.1 48.4 0.019 120

Table A.9: Predicting Change in Close Price: 09/12/2011 – 09/03/2012

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
DJI 47.2 45.3 59.4 40.6 47.2 45.4 46.0 -0.131 106

NASDAQ 52.9 46.2 53.8 46.2 52.9 52.7 52.7 0.048 104
Goldman Sachs 42.6 53.5 43.6 56.4 42.6 44.1 42.5 -0.132 101

J.P. Morgan 43.3 44.2 49.0 51.0 43.3 43.3 43.1 -0.133 104

Table A.10: Predicting Change in Close Price: 09/03/2012 – 09/06/2012

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
DJI 47.2 58.3 53.7 46.3 47.2 48.2 46.5 -0.039 108

NASDAQ 50.9 56.5 51.9 48.1 50.9 50.8 50.8 0.015 108
Goldman Sachs 45.0 49.0 42.0 58.0 45.0 46.7 45.3 -0.092 100

J.P. Morgan 47.7 46.7 56.1 43.9 47.7 49.6 47.3 -0.021 107

Table A.11: Predicting Change in Close Price: 09/06/2012 – 07/09/2012

Security ModelN RW SD Up SD Down Recall Precision F1 MCC N
DJI 57.7 42.3 52.6 47.4 57.7 59.2 57.1 0.174 97

NASDAQ 51.5 48.5 49.5 50.5 51.5 52.2 49.3 0.039 97
Goldman Sachs 48.3 48.3 54.0 46.0 48.3 46.3 45.9 -0.076 87

J.P. Morgan 52.7 45.2 46.2 53.8 52.7 53.0 52.8 0.055 93

23



Appendix A.2. Technical Analysis Model Results

Appendix A.2.1. Predicting Changes in Volatility

Table A.12: Predicting Change in Volatility: 22/09/2011 – 07/09/2012

Security ModelTA RW SD Up SD Down Recall Precision F1 MCC N
DJI 58.3 37.7 47.8 52.3 58.3 58.8 56.5 0.162 575

NASDAQ 53.7 39.8 47.5 52.5 53.7 53.4 53.0 0.064 570
Goldman Sachs 58.4 40.4 48.0 52.0 58.4 59.3 58.0 0.180 565

J.P. Morgan 51.7 41.9 49.4 50.6 51.7 51.8 51.6 0.035 565

Appendix A.2.2. Predicting Changes in Asset Price

Table A.13: Predicting Change in Close Price: 22/09/2011 – 07/09/2012

Security ModelTA RW SD Up SD Down Recall Precision F1 MCC N
DJI 57.0 50.6 51.3 48.7 57.0 57.1 56.4 0.139 575

NASDAQ 54.9 52.3 50.2 49.8 54.9 55.2 54.1 0.101 570
Goldman Sachs 56.6 47.3 47.4 52.6 56.6 56.6 56.6 0.129 565

J.P. Morgan 57.0 49.4 48.5 51.5 57.0 57.0 57.0 0.140 565

Appendix B. Example topic model

Table B.14: Example LDA topic model output, for one topic. Tokens are multiplied by their
respective weight/probability within the topic. The topic as a whole is the sum of all tokens
occurring in this topic, multiplied by their respective weight.

Weight Token Weight Token Weight Token
0.005 govern + 0.005 state + 0.004 would +
0.004 al qaeda + 0.004 last + 0.004 countri +
0.004 oil + 0.004 iran + 0.004 peopl +
0.003 one + 0.003 forc + 0.003 secur +
0.003 two + 0.003 offici + 0.003 syria +
0.003 kill + 0.003 unit + 0.003 also +
0.003 presid + 0.003 minist + 0.003 month +
0.003 told + 0.003 group + 0.002 nation +
0.002 new + 0.002 syrian + 0.002 could +
0.002 power + 0.002 assad + 0.002 attack +
0.002 foreign + 0.002 militari + 0.002 polit +
0.002 includ + 0.002 intern + 0.002 plan +
0.002 china + 0.002 may + 0.002 week +
0.002 day + 0.002 back + 0.002 parti +
0.002 time + 0.002 sinc + 0.002 million +
0.002 south + 0.002 protest + 0.002 call +
0.002 elect + 0.002 rule
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Appendix C. Financial terms

Table C.15: List of allowed financial terms, for article filtering

acquisition disaster gdp liabilities shareholders
assets dollar germany liquidity shares
australia domestic gold luxembourg singapore
austria dow goldman market spain
balance earnings greece markets spread
bank earthquake gross merger stability
bankrupt economic growth morgan stanley
bankruptcy economist hedge mortgage states
belgium economy hong nasdaq sterling
blackrock egypt hsi netherlands stock
bloomberg england hurricane norway stocks
bonds eur/usd index oil suisse
budget euro inflation options sweden
canada europe interest peace switzerland
capital european invest portugal syria
china exchange investment pound terrorism
collapse fall investors product turkey
cost finance ireland profit uk
credit financial israel rate union
crisis finland italy recession united
csi300 foreign j.p. revolution usa
currency forex japan rise usd/eur
debt france jones russia usd/gbp
default funds jpm s&p500 volatility
denmark gains kingdom sachs war
derivatives gbp/usd kong sales zealand
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Appendix D. Technical Indicators

Table D.16: Indicators used in the technical analysis time series model, on 5-minute resolution
data. Ct, Ht, Lt are close, high and low prices at t, respectively. t follows 5 min. increments.

Indicator Calculation Description & Rationale

Exponential
Moving Av-
erage
(EMA)

ema(t) =
2

n+ 1
× (Ct − ema(t− 1)) + ema(t− 1)

where n = 6

Greater weight is given to re-
cent data, so the indicator reacts
more quickly to price changes
than Simple Moving Average.
Look-back period of 30 mins ap-
propriate for hourly predictions.

Commodity
Channel In-
dex (CCI)56

cci(t) =
tp(t)− smaperiod=n(tp(t))

Dc ×md(t)

where tp(t) =
Ht + Lt + Ct

3
; Dc = 0.015; n = 20;

md(t) =

∑t−n
i=t |smaperiod=n(tp(t))− tp(i)|

n
;

smaperiod=n = simple moving average, look-back n mins

Measures mean ‘true price’ devi-
ation to indicate trends and ex-
treme market conditions, as well
as overbought and oversold sce-
narios.

Average Di-
rectional
Move-
ment Index
(ADX)57

adx(t) =
adx(t− 1)(n− 1) + dx(t)

n
where n = 14; dx = directional movement index 57

Non-directional indicator, mea-
suring trend strength. ADX is
calculated with a look-back of 14
mins.

Kaufman
Adaptive
Moving Av-
erage
(KAMA)58,59

kama(t) = kama(t− 1) + sc(t)× (Ct − kama(t− 1))

where sc(t) = (er(t)× (pf − ps) + ps)
2

and er(t) =
|Ct − Cper |∑t−per

i=t |Ci − Ci−1|
;

per = 10; pf = 2; ps = 30

Adjusts for noise by incorporat-
ing volatility into moving av-
erage. Useful for smoothing
short time periods containing
wide swings followed by price re-
adjustments.

Average
True Range
(ATR)57

atr(t) =
tr(t− 1)(n− 1) + tr(t)

n
where tr(t) = TrueHigh(t)− TrueLow(t); n = 14

and TrueHigh(t) = max(Ht, Ct−1);

TrueLow(t) = min(Lt, Ct−1)

A measure of volatility, using a
look-back period (n) of 14 mins.

Momentum
(MOM)52

mom(t) = Ct − Ct−4

Simple trend identification by
quantifying the change of a se-
curity’s price over time.

Williams’
%R56 %R(t) = 100× Ht−Ct

Ht−Lt

Aids in identifying trends and
overbought/oversold scenarios.

Rate of
change
(ROC)60

roc(t) = ( Ct

Ct−n
− 1)× 100

Momentum indicator that mea-
sures percentage change in price
between two periods. Look-back
(n) is 10mins.

Relative
Strength
Index (RSI)

See [57], [56]

A momentum indicator, which
attempts to capture whether a
security has been overbought or
oversold by comparing the mag-
nitude of recent gains to recent
losses.
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