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ABSTRACT
Financial trading is a social activity that involves every par-
ticipant’s decision making. Meanwhile, people’s online be-
havior collectively creates the public emotion which affects
investors’ reactions and hence market movements. This pro-
cess can be modeled by connecting online social behavior and
future trading behavior to better understand mechanisms of
the stock movement so as to assist financial decision making.
In this paper, we investigate the query information of finan-
cially related Wikipedia pages, and show that early signs of
trading volume movements can be detected which expose fi-
nancial risks. We embed this information into a classic pairs
trading strategy acting on a large portfolio of stocks. Over
23% profits are seen when testing on the year of 2013 and
20% comes from the inclusion of online social data.

Categories and Subject Descriptors
H.2.8 [Database Management]: Database Applications -
Data Mining

General Terms
Algorithm, Measurement, Performance

Keywords
Social activity modeling, Wikipedia, Algorithmic trading

1. INTRODUCTION
Understanding the stock market to predict its movement

is of great interest to investors, businesses, and academia.
Sometimes overlooked by researchers, investing in stock-like
speculative assets is a social activity, for that the price move-
ment solely depends on people’s economic decisions and ac-
tions made to the trading market. People’s decisions, even
those of the most rational investors, are largely driven by
effects of psychological, social, cognitive, and emotional fac-
tors, which a great portion of the uncertainty and random-
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ness in the market is attributed to. Stock market data con-
tain extremely detailed records of economic decisions made
by traders. Besides the price data, trading volume, the num-
ber of shares transacted every day, is a more direct reflec-
tion of market interest and people’s intention. The financial
market and people’s social behavior are closely connected
and it is therefore justified to exploit factors from a social-
psychological standpoint in order to make profits.

A growing body of research has explored the use of data
mining methods [12] to assist stock trading. The exploration
social behaviors has also been popular. Changes in Google
Trend search volume [10] and Wikipedia usage patterns [9]
are linked to stock market moves. Web search and query
data were used by simple regression models to predict Dow
Jones Industrial Average (DJIA), trading volumes and other
financial indicators [7]. In [5] the author measured collective
mood states from Twitter feeds and demonstrated improve-
ment on DJIA prediction. The limitation of these works is
the lack of a large enough set of stocks, or a portfolio, to
minimize the risk. Although the recent work in [8] investi-
gated Twitter volume spikes using all S&P 500 stocks, the
stocks are executed rather individually.

In this work, we investigate whether the query data from
the popular online encyclopedia Wikipedia [3] can be linked
to profitable decision making in the stock market. Specif-
ically, we ask if changes in the viewing volume of pages
of companies relate to the trading volume of corresponding
stocks on the next day, and what insight do both volumes
provide to the price movement. The social behavior influ-
ence is incorporated into a profound trading strategy, acting
on a collective portfolio of stocks to minimize the risk. This
paper makes the following major contributions.

• We investigate the relationship of the Wikipedia query
volume and the trading volume, a critical information
from the stock market data, both regarding each indi-
vidual stock (and its company).

• On the basis of a classic trading strategy, pairs trad-
ing, we formulate an enhanced trading strategy incor-
porating social activity information, and demonstrate
the improvement on profitability.

The rest of the paper is organized as follows. Section 2
discusses the concept of pairs trading. Section 3 explains
the financial and social data we use. Section 4 describes in
detail our overall strategy and Section 5 demonstrates the
results in real-world testing. Section 6 concludes the work.

2. BACKGROUND



Pairs trading [13] is a statistical arbitrage strategy, where
a pair of stocks P and Q from the same industry or having
similar characteristics are expected to follow similar pat-
terns. When stock P outperforms stock Q, Q is bought long
while P is sold short. The risk from the overall market is
avoided as we bet on relative movements. The profitability
is therefore independent from the market condition. We de-
note Pt and Qt as the time series price signals of the two
stocks. By taking a logarithmic form and a derivative on
the returns of them over some period of time starting from
t0, we can model the system as

dPt

Pt
= αdt+ β

dQt

Qt
+ dXt (1)

where Xt is a stationary residual that oscillates around 0.
In many cases of interest, the drift α is trivial. The fact of
Xt being stationary indicates that the portfolio contains a
linear combination of P and Q oscillating near some statis-
tical equilibrium. Another way to understand it is that the
returns of P and Q (times β) are each other’s fair price and
should eventually converge to the same value.

A generalized extension to pairs trading is to evolve from a
pair to a portfolio to further reduce the risk. By decompos-
ing stock returns into systematic and residual components,
the equation will look like

dPt

Pt
= αdt+

m∑
j=1

βjF
(j)
t + dXt (2)

where the terms F
(j)
t , j = 1, . . . ,m represent returns of

some systematic factors that together determine the mar-
ket’s major trend. Our strategy uses Principle Component

Analysis (PCA) to find the systematic factors F
(j)
t , and the

resulting residuals are treated as trading signal indicators.

3. DATA COLLECTION

3.1 Stock Market Data
We obtained daily stock market data from Yahoo! Fi-

nance [4] for the top 100 large-capitalization stocks in the
S&P 500 index in a time span of four years between 2010-01-
04 and 2013-12-31. For each stock we consider two types of
data: stock daily closing price and stock daily trading vol-
ume. We eliminated stocks that have discontinuities within
this period (e.g. Facebook (FB) only started its trading mid
2012) and kept 94 large capital stocks. For each of the stock
price time series, we calculate its return ratio R of stock
prices time series S(t) over a time interval ∆t (1 day) as
follows:

R(t) = (S(t)− S(t−∆t))/S(t−∆t) (3)

Trading volume is the number of shares being transacted
in a day. An example of the daily trading volume of AAPL,
and the fraction of it in the portfolio throughout the year of
2013 (247 trading days) are shown in Figure 1.

3.2 Social Data
Wikipedia search volumes are obtained from the page view

statistics [1] provided by Wikimedia dump service [2]. The
data are saved every hour, containing request information of
all Wikipedia pages in that hour. The information includes
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Figure 1: The daily trading volume and fraction of
AAPL in 2013.
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Figure 2: The daily search volume and fraction of
Apple Inc. on Wikipedia in 2013.

the language of the page retrieved, the title of the page re-
trieved, the number of requests (further divided into the
number of editing requests and reading requests), and the
size of the content returned. The average size of the hourly
file is 250 MB. The total data size of all pages requested
throughout the year of 2013 is over 2.1 TB.

We gathered reading requests of the English pages of com-
panies relevant to the top S&P 100 stocks we are interested
in, and then aggregated the hourly volume into daily statis-
tics for the same consistent 4 years. An example in Figure 2
shows the resulting daily search volume of Apple Inc., the
company corresponding to the stock AAPL, throughout the
year of 2013. Also shown is the search volume fraction nor-
malized by the total search volume of all 94 companies.

4. METHODOLOGY
The general work flow is illustrated in Figure 3. We start

with three types of data—the trading prices, trading vol-
umes, and the corresponding Wikipedia query volumes of
of a portfolio of stocks, and proceed in three steps. First,
we attempt to find the equilibrium price for each stock in
the portfolio. The residual of each of the stock is used as
a trading signal indicator. When it is largely negative, the
corresponding stock is to be longed, conversely when it is
largely positive a stock is shorted. The threshold of residual
value that triggers signal generation, as well as the number
of components used are determined by training data (2010–
2012) and applied to blind test data (2013).

Second, we investigate the hypothesis that the social be-
havior measured by Wikipedia query volume is predictive
of stock trading volumes. Cross-correlation and Granger
causality analyses are applied to the trading volume and
corresponding Wikipedia query volume of the past n days.
The outcomes of these analyses are, relatively, a correlation
coefficient and a p-value.



In the third step, we take the residual-based trading sig-
nal, the trading volume (current) and and the Wikipedia
query volume (current, but predictive to the future), and
deploy enhanced trading strategies. Three types of strate-
gies are designed, each leverages more information than its
predecessor, with (1) residual signal only, (2) residual and
Wiki, and (3) residual, Wiki and trading volume.
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Figure 3: Diagram outlining 3 steps of methodology.

4.1 Does search volume cause trading volume?
We first associate each stock with its Wikipedia page. An

alignment of dates is necessary since the stock is only traded
on trading days (Monday to Friday excluding holidays) but
page view data are gathered everyday. Lags are introduced
so that the Wikipedia data is always n days prior to trading
data, thus serving a predictive purpose.

Correlation and causality analyses are conducted at dif-
ferent time lags. The cross-correlation obtains a coefficient
value R between two series A without shift and B shifted by
a lag τ , along with the mean values of each. It is computed
as:

R(τ) =

∑
t ((A(t)− µA) (B(i− τ)− µB))√∑

t (A(i)− µA)2
√∑

i (B(t− τ)− µB)2
(4)

The Granger causality test [6] is performed to analyze
causal relations. It is a statistical hypothesis test to deter-
mine whether A is useful in forecasting B, by building two
autoregression processes for B, one without and the other
with A as an external input, and examining the difference
in accuracy with an F-test.

For both methods three years data of 2010–2012 (754 data
points) are used. Figure 4 and Figure 5 show respectively
the result of cross-correlation analysis and Granger causal-
ity test. Measurements are carried out on all 94 time series
pairs at different time lags, and the distribution of values
is seen in the form of box plots. The median value, 25th
and 75th percentile as well as outliers are shown for each
lagging condition. In each method besides the intended pair
of search volume vs. trading volume (top), another pair of
search volume vs. stock price (bottom) is also included for
comparison. The return of price (Equation 3) is used in
calculation. Results from both analyses show that the for-
mer pair has a stronger connection than the latter pair. In

fact, search volume and stock price show no evident statis-
tical correlation at all. As the lag increases the relationship
weakens. In terms of the search volume vs. trading volume
cross-correlation (Figure 4(a)), the median correlation of all
stocks is highest when there is a 1-day lag between Wiki
and trading. All lag conditions see positive correlation at
the bottom 25th percentile and above. Granger causality
outputs a p-value of a hypothesis test, the null hypothesis
being the search volume do not Granger-cause the trading
volume, or the stock price. From the result shown in Fig-
ure 5, the p-value is much lower in (a) compared to in that
in (b). The null hypothesis is rejected so that we have a high
level of confidence to say that the search volume Granger-
causes trading volume. We observe that search volume has
the highest Granger causality relation with trading volume
for a lag of 1 day (p-value<0.05).

The rationale behind the observation that an increase of
view counts of a company’s Wiki page leads to an increase
of future trading decisions, is that people tend to conduct
“research” about companies prior to making decisions. The
page viewing act represents the investor’s behavior of gath-
ering information and analyzing consequences. Note that
the trading volume consists of both buying and selling ac-
tions. A stock is “hot” when the trading volume is high but
not necessarily “in favor of”.

1 2 3 4 5 6 7
−0.2
−0.1

0
0.1

Lag in DaysC
or

re
la

tio
n 

C
oe

ffi
ci

en Wiki Volume vs Stock Price

1 2 3 4 5 6 7
−0.5

0

0.5

Lag in DaysC
or

re
la

tio
n 

C
oe

ffi
ci

en Wiki Volume vs Stock Trading Volume

(a) 

(b) 

Figure 4: Correlation analysis: (a) between Wiki
volume and stock trading volume, (b) between Wiki
volume and stock price (return). Green dashed lines
indicate the position of 0 correlation.

4.2 Portfolio trading strategy
We first introduce a baseline strategy and the basic form

of group-wise pairs trading strategy.

• A percentile-based strategy. Everyday the best per-
forming top 10 percentile and the worst performing 10
percentile stocks are selected. On the next day, go
short the top percentile stocks and long the bottom.

• Portfolio-based pairs trading strategy. PCA is used
to find the market fair value of each stock. Stocks are
longed the next day if their current value is below their
market fair value, and shorted otherwise.

We then propose two enhanced strategies that take into
account social behavior trends. Each has two variations.

1. Enhanced strategy with residual + Wiki, denoted as
ES-1. The residual is High if it is larger than zero, and
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Figure 5: Granger causality: (a) between Wikipedia
volume and stock volume, (b) between Wikipedia
volume and stock price. Green dashed lines indicate
the positions of p = 0.1 and p = 0.05.

is Low otherwise. The Wiki query volume is High if
it is higher than its past 40-day moving average value,
and is Low otherwise.

(a) If residual is Low, go long the stock; if residual is
High and Wiki is High, go short the stock; other-
wise do nothing.

(b) If residual is Low and Wiki is High, go long the
stock; if residual is High and Wiki is High, go
short the stock; otherwise do nothing.

2. Enhanced strategy with residual + Wiki + trading
volume, denoted as ES-2. The High/Low criteria of
residual and Wiki are the same as above. The trad-
ing volume is High if it is higher than its past 40-day
moving average value, and is Low otherwise.

(a) If residual is Low, go long the stock; if residual
is High and Wiki is High and trading volume is
High, go short the stock; otherwise do nothing.

(b) If residual is Low and Wiki is High and trading
volume is High, go long the stock; if residual is
High and Wiki is High, go short the stock; other-
wise do nothing.

This strategy is formed based on the assumption that
whenever trading volume is too low, the stock is more prone
to risk and its price movement tends to follow not evident
trends but rather random walks. In this case we reduce the
transactions conducted. We either close short positions (as
in ES-1-a and ES-2-a) or be even more conservative and close
both long and short positions (as in ES-1-b and ES-2-b).

5. BACK-TESTING RESULTS
The back-testing experiments consist in running the sig-

nals through historical data, and simulating trades according
to designed strategies. We assume all trades are done at the
closing price of that day, and in each transaction every stock
is given the same amount of dollar value.

Daily Profit and Loss (PNL) can be calculated as the ex-
cess return gained divided by the investment amount. The
cumulative PNL that totals all net profits and losses by suc-
cessive addition of daily PNLs is then calculated. It results

in a percentage of profit or loss over a period of time. The
annualized Sharpe ratio [11] is also widely used by financial
associations. The idea is to not only look at return amounts
but also pay attention to risks. The ratio measures the ex-
cess return per unit of deviation.

Sharpe =
µPNL(t)

σPNL(t)

∗
√
n (5)

where µPNL(t) and σPNL(t) stand for the mean and stan-
dard deviation of daily PNL over some period of time. n is
the number of trading days in a year (therefore annualized).
We approximate

√
n as 16. The Sharpe ratio gives higher

values to better investment options.
First we compare two basic strategies. The 4-year-end

PNLs and Sharpe ratios are shown in Table 1; the cumu-
lative PNLs over the 4-year period are shown in Figure 6.
The baseline percentile strategy is not performing well. Even
though it ends at a 4-year-end PNL of 6.3585% by the end
of 2013, along the time it easily got to a 0 return or even
negative. Moreover, lots of oscillations are observed which
indicate a high risk of this strategy. In contrary, the PCA
based pairs trading is a much stabler strategy. The reason is
that it attempts to find price discrepancy not only by look-
ing at current return, but also turning to the history to find
common components within a portfolio.

Table 1: Two Basic Strategies 4-Year Comparison
Strategy 4-year Sharpe Ratio 4-Year-end PNL

Baseline 0.2721 6.3585%
Pairs-PCA 1.5250 12.4633%

On top of PCA-based pairs trading, we proposed an en-
hanced strategy with four variations, depending on whether
the trading volume is included and whether single or both
sides of trades (long/short) are affected by Wiki activity in-
formation. Parameters are adjusted according to training
data (01-04-2010 to 12-31-2012) and strategies are blind-
tested on the 1 year test data between 01-02-2013 and 12-
31-2013. Figure 7 shows the 1-year cumulative PNLs of them
along with the two baselines. We can see that by including
social activity information (all the ES-∗), the performance
is largely boosted. Adding trading volume into the formula
does not seem to show much effect (comparing ES-1-∗ with
ES-2-∗). Having social activity information impact short or-
der decisions (removing short orders when Wiki volume is
not as high) is better than having it impact both long and
short orders (comparing ES-∗-a with ES-∗-b).

Table 2 displays the 2013 year-end PNL values and Sharpe
ratios of all six strategies. While PNL might be the sin-
gle number many individual investors care about, often the
Sharpe ratio tells a better story. Comparing the first two
rows, Baseline and Pairs-PCA, we found the PNLs are very
close. However the Sharpe ratio is what tells these two
strategies apart, at least from 2013’s performance. The
Baseline strategy was at negative gains for a lot of time
during 2013, and even though it eventually picked up, the
reliability of this strategy is far less compared to Pairs-PCA.
Another interesting fact comes from a comparison of ES-
1-b and ES-2-b. Although the former ended up with a
slightly higher cumulative PNL, the latter had an advan-
tage in Sharpe ratio. These two measures, when combined,
are very helpful for picking up reliable strategies.
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Figure 6: 4-year Cumulative PNLs of a percentile
baseline strategy and the pairs trading with PCA.
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Figure 7: Cumulative PNLs of all strategies.

Table 2: Six Strategies 2013 Comparison
Strategy 1-year Sharpe Ratio 1-Year-end PNL

Baseline 0.6711 3.1113%
Pairs-PCA 2.0268 3.3697%

ES-1-a 2.6798 23.6996%
ES-1-b 2.0655 17.5623%
ES-2-a 2.6569 21.7989%
ES-2-b 2.2179 17.4297%

6. CONCLUSION
Investing in speculative assets such as stocks to generate

profits is of both great interest and enormous challenge. A
proper financial decision-making requires a profound under-
standing of the market, as well as people’s behavior. Online
social data from the increasingly popular social sites such
as Wikipedia are an important resource for behavior study,
which can help detect the trend of market movement and
provide insights to trading strategy construction.

In this work, we formulate our strategy of profitable trad-
ing on the basis of two rationales: (1) the history tells a
lot, and (2) the future can be indicated. We constructed a
portfolio of top S&P 100 stocks, and leveraged their histor-
ical price data to reveal systematic components of a stock’s
movement, and regard their combined form as the relative
market fair price that a stock is eventually going to con-
verge to. A large and diverse portfolio is formed and PCA
is used to separate the systematic components from idiosyn-
cratic components. By doing this, the strategy outperforms
an arbitrage baseline by over 6% in profit within a 4-year
period.

Furthermore, we investigated the popular online encyclo-
pedia Wikipedia page viewing data to examine the relation-
ship of social activity and trading activity. We also studied
whether such a relationship can be linked to subsequent de-
cision making in the stock market. Our results are consistent
with the hypothesis that Wikipedia data may have provided
insights into future trends in the behavior of financial mar-
ket actors. In our analysis, we find evident correlation and
causality between the page view volume of articles relating
to companies of stocks and the trading volume of that stock
on a future day. Thus the social activity data can be re-
garded as an early indicator of market activity. Strategies
are formed incorporating the indicator and profits of up to
23.7% are seen in the year of 2013. The same basic strat-
egy without social modeling has achieved a profit of 3.37%.
Thus over 20% of the gained profit comes from the informa-
tion brought by social activity indicators.

Future work includes the investigation of semantic net-
works, public moods and social hotspots from more sophis-
ticated and structured data (e.g. texts, sentiments). Data
from various social sites such as Twitter, Google and blogs
can be aggregated to provide different aspects of information
regarding the stock trading.
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