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ABSTRACT
Planning stock portfolios for long-term investments is a well-
known financial problem. Many data mining and machine learn-
ing strategies have been proposed to automatically predict the set
of uncorrelated stocks maximizing long-term portfolio returns.
Among others, the use of scalable itemset-based strategies has
recently been studied. Potentially, they can analyze large sets
of historical prices corresponding to thousands of stocks in the
worldwide market indexes. However, the current studies are still
limited to single markets.

This paper investigates the applicability of itemset-based strate-
gies for planning stock portfolios in a multi-market context. Scal-
ing the analyses towards multi-market scenarios poses a number
of research questions, among which the choice of the diversifica-
tion strategy, the influence of inter-market correlations among
stock prices, and the profitability of multi-market strategies com-
pared to single-market ones. This paper aims at answering to
the aforesaid questions by considering a state-of-the-art itemset-
based approach.

The experimental results show that itemset-based strategies
focus the generated portfolios on the outperforming markets.
Furthermore, the performance of multi-market strategies with
sector-based diversification is on average superior or comparable
to single-market ones.

1 INTRODUCTION
Forecasting the stock markets is a well-known financial problem.
It entails predicting the future prices of a set of stocks to drive
investments in the short-, medium-, or long-term. Predictions
are commonly driven by fundamental or technical analyses [8].
The former studies analyze the overall state of a company or a
business (e.g., earnings, production, manufacturing), whereas the
latter analyze the historical stock prices, which are assumed to
reflect all the external influences. Technical analyses often con-
sider both statistics-based indicators, computed on the sampled
stock prices, and graphical patterns, recognized from the price
time series, that are likely to be related to specific trends [20].

In this work, we focus on the analysis of the historical stock
prices to make long-term predictions. The aim is to generate a
portfolio consisting of a subset of market stocks whose prices
are likely to increase. To spread bets across multiple assets, thus
minimizing the losses in case forecasts turn out to be wrong,
portfolios are asked to be diversified, i.e., they should comprise
stocks from different sectors, markets, or geographical areas [4,
14].

In recent years, the diffusion of machine learning and data
mining techniques has prompted the financial sector and the
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research community to investigate their application to solve the
portfolio generation problem. For example, classification and re-
gression algorithms such as Neural Networks [15, 24], Decision
trees [2, 18], and Support Vector Machines [5, 12] have been
exploited to predict the future stock directions and prices, re-
spectively, based on the values of multiple dependent variables.
Alternative strategies entail the use of
(i) Time series analyses, to pinpoint significant temporal trends
in continuous stock signals [9, 11, 13, 25],
(ii) Clustering algorithms, to group stocks characterized by simi-
lar behaviors [16, 21],
(iii) Pattern recognition techniques, to recognize graphical pat-
terns coming from technical analyses [17], and
(iv) Particle swarm optimization and evolutionary algorithms, to
identify the stocks that maximize a given objective function [1, 7].

Itemset mining is an exploratory data mining technique that
focuses on discovering recurrent co-occurrences among items
in large transactional dataset [3]. For example, let us consider
a transactional dataset collecting the baskets of the customers
of a market, where each transaction (basket) consists of a set of
distinct items. Frequent itemset mining algorithms have been
exploited to discover combinations of items that are frequently
purchased together. Since items may have different importance
within the analyzed datasets (e.g., different prices and purchased
amounts) their occurrences in each transaction can be weighted [19].

Recently, in [6] a first attempt to apply itemset mining tech-
niques to generate diversified stock portfolios has been made.
Stocks are represented as distinct items in the dataset. A trans-
actional dataset collects the historical stock prices within a time
range. Each transaction corresponds to a distinct timestamp
within the given time range and contains all the quoted stocks
weighted by their price at the corresponding timestamp. Ac-
cording to the data model described above, itemsets represent
candidate stock portfolios consisting of sets of stocks of arbitrary
size. In [6] the most interesting itemsets are generated and ranked
according to the average return of the contained stocks as well
to their level of diversification in the portfolio.

The main advantages of itemset-based approaches are (i) the
interpretability of the generated model and (ii) the scalability of
the extraction algorithms, which can be applied to very large
datasets [22]. On the one hand, the interpretability of the mined
itemsets allows domain experts to manually explore the top
ranked itemsets to make appropriate decisions. On the other
hand, the scalability of the itemset mining process makes the port-
folio generation process portable to multi-market domains. The
algorithm can analyze large stock datasets acquired from multi-
ple markets and automatically recommend diversified worldwide
investments with limited human effort. However, to the best of
our knowledge, the application of itemset-based strategies in
multi-market contexts has not been investigated yet.
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2 CONTRIBUTION
This paper investigates the applicability of itemset-based strate-
gies for planning diversified stock portfolios in a multi-market
context. Extending the scope of the stock data analysis from
single markets to multiple ones poses the following research
questions:
Choice of diversification strategy. Stocks can be categorized
based on different strategies, such as the industrial sector of the
underlying company, the market index of the stock, the national-
ity of the company, or the country/continent associated with the
market index. These categorizations can be exploited to diversify
investments across uncorrelated assets. In multi-market contexts,
the choice of the diversification strategy is not trivial, as it could
relevantly affect the performance of the stock portfolio planner.
The research questions we would like to address in this study can
be formulated as follows: Which type of diversification strat-
egy better preserves the portfolio profits? Which type of
diversification strategy allows optimally spreading invest-
ments across multiple assets?

Influence of inter-market stock correlations. Studying the
correlation between the prices of multiple stocks is crucial for
professional traders and private investors to take appropriate
decisions. However, analyzing the influence between the stocks
belonging to multiple markets is potentially challenging, because
the number of stocks indexed in worldwide markets is very large.
Itemset-based approaches [6] allow domain experts to set the
desired levels of average return and diversification according to
the chosen stock categorization. Under these constraints, a set
of candidate portfolios is generated. The top ranked portfolios
include the stocks with maximal average return and with a di-
versification level at least equal to the set least diversification
level. Therefore, the outperforming markets are likely to be over-
weighted, while the stocks indexed in under-performing markets
are likely to be under-weighted. The research question we would
like to address in this study can be formulated as follows: Does
the majority of the portfolio stocks belong to outperform-
ing markets? Are the stocks in the portfolio correlated in
terms of membership index?

Comparison between different scenarios. Extending the scope
of the analysis towards multiple markets gives professional traders
and private investors new opportunities of investment on for-
eign markets. Considering a larger number of considered stocks
not only simplifies the process of diversification of the invest-
ments, but also allows traders to move investments towards most
profitable markets. However, a quantitative evaluation of the
benefits for itemset-based approaches of considering multiple
markets at the same time compared to single-market analyses is
still missing. The research question we would like to address in
this study can be formulated as follows: Are the portfolios gen-
erated from multiple markets more profitable than those
generated from single markets?

In this study we investigated the use of different diversifica-
tion strategies in multi-market scenarios to gain insights into
the effectiveness of itemset-based strategies on large stock data.
Furthermore, we analyzed the generated portfolios to understand
to what extent inter-market stock correlations are considered in
the recommended portfolios. Finally, we empirically compared
the performance of single- and multi-market recommendations
in different scenarios.

The rest of the paper is organized as follows. Section 3 summa-
rizes the main steps of the diversified stock portfolio planner [6].
Section 4 describes the experimental design. Sections 5, 6, 7 dis-
cuss the choice of the diversification strategy, the influence of
inter-market stock correlations, and the comparison between mul-
tiple and single market strategies, respectively. Finally, Section 8
draws conclusions and discusses the future research perspectives
of this work.

3 THE DIVERSIFIED STOCK PORTFOLIO
PLANNER

DISPLAN (Diversified stock portfolio planner) [6] is an itemset-
based strategy for generating diversified stock portfolios based
on the analysis of historical stock prices. It relies on the following
steps:
Stock data collection and preprocessing. This step focuses
on crawling historical stock prices and collecting them into a
unique dataset. It takes as input a list of stocks and a time range.
It acquires the daily closing prices of all the considered stocks
and stores them into a weighted transactional dataset. Each row
in the dataset (called transaction) corresponds to a different times-
tamp and contains the prices of all the considered stocks at the
corresponding timestamp. Each pair ⟨stock, price⟩ occurring in
the dataset is denoted as weighted item.
Weighted itemset mining. This step analyzes the correlations
between stock prices based on weighted itemset mining tech-
niques [19]. It takes as input the weighted transactional dataset
prepared at the previous step and a taxonomy aggregating stocks
into higher-level categories. For example, to each stock the cor-
responding industrial sector can be assigned.

It extracts interesting patterns, called frequent weighted item-
sets, from the weighted transactional dataset. A weighted itemset
is a set of stocks of arbitrary length, which represents a candi-
date stock portfolio. The extracted weighted itemsets satisfy the
following properties:
(i) The average daily return of all the stocks in the itemset is
above a given minimum return threshold minret.
(ii) The percentage of stocks belonging to different categories
(according to the input taxonomy) is above a given diversification
threshold mindiv.
Portfolio generation. This step analyzes the extracted item-
sets to identify the best candidate stock portfolios satisfying all
the user requirements. To make the extracted patterns promptly
usable by investors for stock portfolio planning the mined item-
sets are first ranked in order of (i) decreasing length (i.e., num-
ber of contained stocks) and (ii) average daily return. The top
ranked itemsets are deemed as the most appropriate hints for
buy-and-hold (long-term) investors. More specifically, the item-
sets containing the maximal number of stocks are selected as best
candidate portfolios, because they satisfy all user requirements
(by construction) and contain the maximal number of stocks thus
allowing investors to spread their bets over the largest number
of different assets. In case of ties, the itemset with maximal least
average return is considered as the best candidate stock portfolio
because it achieved maximal profit on historical data. On equal
terms (i.e., same length and average daily return) the analyst is
asked to decide which itemset is deemed to be the most appropri-
ate stock portfolio to consider based on his personal judgment
and experience.
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4 EXPERIMENTAL DESIGN
We analyzed stock data acquired by means of the Yahoo! Finance
APIs [23]. To crawl data, we performed several API requests to
retrieve the closing stock prices of several stocks from different
market indexes. Each request produces a different stock dataset,
which consists of the closing prices of the requested stocks within
the considered time period sampled at the desired frequency. In
our analyses, we considered the daily closing prices of the stocks
in two representative years, i.e., 2008 and 2013. Year 2008 is rep-
resentative of an unfavorable condition for worldwide financial
markets, i.e., the rise of the global financial crisis, whereas year
2013 represents a favorable market condition, i.e., the boom of
U.S. markets. Analyzing opposite market scenarios allows us to
perform a fair assessment of the portfolio generator with different
settings.

To study the performance of the itemset-based portfolio plan-
ner in a multi-market context, we classified market indexes based
on the corresponding opening timezone as follows: (i) Europe,
with approximate opening times from 9am to 5.30pm CET. (ii)
Asia and Oceania, with approximate opening times from 2am to
9.30am CET. (iii) North and South America: with approximate
opening times from 3pm to 10pm CET. As European indexes we
considered the following ones: the Bruxelles Stock exchange (BEL
20) (20 stocks), the Paris market (CAC 40) (40 stocks), the London
Financial Times Stock Exchange (FTSE 100) (98 stocks), the Ital-
ian stock exchange (FTSE MIB 40) (40 stocks), the General Athens
Composite Index (GD) (59 stocks), the HDAX Deutscher Aktien
index (GDAXI) (109 stocks), the OMX Stockholm 30 (OMX) (25
stocks), and Oslo Bors All Share Index (OSEAX) (127 stocks). As
Asian and Oceania Indexes we considered the following ones: the
BSE Sensex (BSESN) Based on the Bombay Stock Exchange (In-
dia), the FTSE Straits Times Index (STI) based on the Singapore Ex-
change (29 stocks), the Hang Seng Index (HSI) based on the Hong
Kong Stock Exchange (50 stocks), the NIFTY 50 (NSEI) consisting
of companies listed on the Bombay Stock Exchange (BSE-India)
(50 stocks), the NZX 50 (NZ50) based on the New Zealand Stock
Exchange (NZSX) (39 stocks), the S&P/ASX 200 (AXJO) based
on the Australian Securities Exchange from Standard & Poor’s
(199 stocks), and the Taiwan Capitalization Weighted Stock Index
TAIEX Index (TWII) (898 stocks). As North and South America
Indexes we considered the following ones: the Brazil Broad-Based
Index (IBRA) (116 stocks), the US Dow Jones Industrial Average
(DJI) based on the New York Stock Exchange (30 stocks), the
Brasilian Indice Bovespa (BVSP) (63 stocks), the IPC Index (MXX)
based on the Mexican Stock Exchange (34 stocks), the IVBX 2
Brasilian Index (IVBX) (50 stocks), the MERVAL Index (MERV)
based on the Stock Exchange of Buenos Aires (Argentina) (12
stocks), the US Nasdaq Stock Market index NASDAQ-100 (NDX),
the US S&P 500 (GSPC) (502 stocks), and the Canadian S&P/TSX
Venture Composite Index (SPCDNX) (338 stocks). The Europe
timezone comprises 518 stocks, the Asia and Oceania timezone
1118 stocks, while the North and South America 1147. Here-
after we will denote as market-based categorization the stock
categorization based on the considered indexes. We considered
also a sector-based stock categorization according to the Industry
Classification Benchmark (http://www.icbenchmark.com/).

To simulate long-term stock investments, we applied the fol-
lowing procedure: (i) We trained the itemset-based model and
generated the diversified stock portfolio on the first 7-month time
period. (ii) We tested the model by virtually buying the stocks
at the beginning of August and selling the whole portfolios in

the following year. We varied the selling date in the date range
between August, 1st 2013 and August, 1st 2014.

We simulated both long and short selling investing positions.
Long selling entail buying the stocks because its price is likely
to increase thus yielding a profit in case the price has increased
when the stock is sold. Conversely, short selling is the practice
of selling stocks that are not currently owned, and subsequently
repurchasing them at the end of the investment. If the price
decreases, the short seller profits, since the cost of (re)purchase
is less than the proceeds received upon the initial (short) sale.
Conversely, the short selling position closes out at a loss if the
stock price rises prior to repurchase [10].

In the following section we will analyze also the impact of
the algorithm parameters on the quality of the training models.
Notice that the portfolio profits are lower bound estimates of
the actual profits as stocks may be sold one by one rather than
altogether and the investments can be reconsidered during the
whole period (not only at the end). Furthermore, payoffs produced
by intermediate sells can be reinvested during the same time
period. Finally, transactions costs and local taxes and fees were
not considered.

5 CHOICE OF THE DIVERSIFICATION
STRATEGY

We compared the performance of the itemset-based stock portfo-
lio planner (hereafter denoted as DISPLAN for the sake of brevity)
by using two alternative diversification strategies:
(i) a market-based strategy, where stocks are picked from different
indexes to limit intra-market stock correlations (independently
of the industrial sector of the considered stocks), and
(ii) a sector-based strategy, where stocks picked from different
sectors (independently of the underlying market index).

As representative examples, in Figures 1, 2, and 3 we plotted
the relative returns achieved in year 2013 by the portfolio gener-
ated by DISPLAN on the markets of the Asia and Oceania, Europe,
and North and South America timezones with both market- and
sector-based diversification. For all the considered timezones we
reported the results achieved by using long selling positions (see
Section 4) and by setting the minimum diversification threshold
to 70% (i.e., at least seven stocks out of 10 must belong to different
categories). The minimum return threshold values enforced to
discard non-profitable sets of stocks are 11%, 9%, and 12%, re-
spectively. To compare DISPLAN performance with that of the
considered indexes for each configuration, we plotted also the
percentage variation of the benchmark indexes as well as those
of an aggregate index consisting of all the underlying indexes
the same timezone.

The achieved results show that applying a sector-based di-
versification yields significantly higher profits compared to ap-
plying a market-based strategy (e.g., in the Asia and Oceania
timezone on July, 1 2014 the average variation of the sector-
based strategy is 120% vs. the 18% of the market-based one). The
motivations behind the achieved results are the inherent spar-
sity of the market-based categorization compared to the sector-
based one and the stronger influence of sector-driven stock price
movements. Specifically, by applying sector-based diversification
within each category the algorithm can choose among a quite
large number of stocks. Among the per-sector candidate stocks,
some of them are likely to outperform the benchmarks. Therefore,
the stocks that under-perform the corresponding sector can be
discarded. Conversely, to satisfy the least diversification level, the
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market-based strategy could be forced to pick stocks that under-
perform the corresponding markets index as well. Furthermore,
the number of candidate indexes per timezone is still limited
(8 for Europe and Asia and Oceania, 10 for South and North
America). Thus, in large portfolios to achieve high diversification
levels the stocks belonging to low-performing indexes cannot
be neglected. On the other hand, the intra-sector correlations
among stock prices appear to be stronger than intra-market ones.
For example, a drop of the oil price negatively influences all the
correlated stocks independently of the market index. In summary,
based on the achieved results it turns out that considering a stock
categorization based on sectors prevents the DISPLAN algorithm
from making inappropriate decisions.

6 ANALYSIS OF INTER-MARKET STOCK
CORRELATIONS

The stock portfolios generated by the DISPLAN algorithm may
include stocks belonging to multiple markets. Hence, it is interest-
ing to investigate how the inter-market correlations among stock
prices could affect the performance of the DISPLAN algorithm.

Figure 4 shows, as representative case study, the relative re-
turns achieved in year 2013 by the portfolio generated by DIS-
PLAN (with long selling position) in both multi- and single-
market scenarios. Specifically, as representative study, we re-
ported the performance of the portfolio generated by DISPLAN
from the analysis of the stock data related to all the markets in
the Asia and Oceania timezone as well as the performance of the
portfolios generated by DISPLAN from each index in the same
timezone. Notice that since the AXJO, HSI, and STI indexes did
not produce any single-market portfolios satisfying the minimum
return and diversification constraints, the corresponding curves
were omitted.

By enforcing a minimum diversification level among sectors
of 70% (mindiv=70%), the multi-market portfolio consists of the
same stocks selected by the best performing single-market port-
folio, i.e., the one generated for the TWII index of Taiwan (see
Figure 4(a)). Conversely, while setting the highest possible value
of sector-based diversification level (mindiv=100%), all the stocks
in the portfolios must belong to a different sector. The maximally
diversified portfolio differs from the former one because a stock
from the AX index (JBH) was selected. The sector of stock JBH
under-performed the benchmark index in year 2013. However,
stock JBH performed better than the benchmark sector (approxi-
mately +15%). For this reason, despite the higher diversification
of the new portfolio its relative returns are still relatively high.
On the contrary, by setting the diversification threshold to its
maximal value the portfolio generated from the single-market
TWII index significantly decreases its relative returns, because
the added stocks under-performed the benchmark sector index
(see Figure 4(b)).

7 COMPARISON BETWEEN MULTI- AND
SINGLE-MARKET STRATEGIES

We compared multi- and single-market strategies to assess the
applicability of the DISPLAN system in a multi-market scenario.
The results, which were summarized in Figure 4 for a represen-
tative case study (Asia and Oceania, long selling position, year
2013), show that the the multi-market approach performed better
than most single-market strategies while it performs as good
as the best performing single-market one. Therefore, applying
the itemset-based portfolio generation strategy is particularly

appealing, as it allows us to diversify investments across multi-
ple market indexes without significantly degrading the portfolio
returns.

Figure 5 shows the performance of the DISPLAN algorithms
by setting a relatively high minimum return threshold (16%).
The results show that the multi-market strategy performed as
good as the best single-market strategy (the one corresponding
with the best performing index). Conversely, many single-market
strategies appear to be less effective because few candidate stocks
are selected. The motivation behind is that, given a large number
of candidate stocks from multiple markets, the likelihood that a
set of highly profitable stocks diversified over sectors is found is
higher. The more stocks the algorithm can analyze, the most likely
a profitable and diversified stock portfolio can be discovered. To
avoid data overfitting the number of stock data samples should
be at least on the order of the number of analyzed stocks.

8 CONCLUSIONS AND FUTURE WORK
In this paper, the application of itemset-based approaches to
generating diversified stock portfolios in a multi-market scenario
has been studied. Given a stock categorization and a dataset
collecting the historical prices of a potentially large set of stocks,
itemsets representing profitable yet diversified stock portfolios
can be automatically extracted and recommended to investors,
professional and not. The scalability of itemset-based techniques
prompted their application in a multi-market scenario, where the
following issues have been addressed.

(i) The choice of the diversification strategy is not immediate,
because in multi-market contexts investors could spread bets
across either markets or sectors. Based on the achieved results,
sector-based diversification yielded significantly better results
due to the good balancing between the stocks across sectors.

(ii) The inter-market correlations among stocks are properly
handled by the itemset-based strategy, as the most profitable
stocks are selected independently of the underlying market index.

(iii) Multi-market strategies performed better than or as good
as single-market ones in most of the performed experiments.

Future works will entail applying itemset-based strategies on
datasets collecting historical stock prices at finer time granulari-
ties. The aim is to apply itemset-based models to drive medium-
and short-term investments (e.g., intra-day trading). Furthermore,
we will try to apply more advanced itemset mining techniques,
such as utility and probabilistic itemset mining, in order to (i)
shape investments according to the amounts of stocks already
in the portfolio, and (ii) take stock volatility and risk levels into
account.
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Figure 1: Market- vs sector-based diversification: Average percentage variation w.r.t. August, 1 2013. Asia and Ocean mar-
kets, long strategy,mindiv=70%,minret=11%
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Figure 2: Market- vs sector-based diversification: Average percentage variation w.r.t. August, 1 2013. Europe timezone. Long
selling position.mindiv=70%,minret=9%
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(a) Market-based strategy
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(b) Sector-based strategy

Figure 3: Market- vs sector-based diversification: Average percentage variation w.r.t. August, 1 2013. North and South
America timezone. Long selling position.mindiv=70%,minret=12%
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Figure 4: Multi-market vs single-market: Average percentage variation w.r.t. August, 1 2013. Asia and Oceania timezone.
Long selling position.minret=11%.
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Figure 5: Effect of high minimum relative return thresh-
old: average percentage variation w.r.t. August, 1 2013.
Asia and Oceania timezone. Long selling position.
mindiv=70%,minret=16%
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