
ABSTRACT

YANG, RUIXIN. Algorithms for Data-Driven Business Intelligence with Applications to
Revenue Optimization and Financial Forecasting. (Under the direction of Dr. Nagiza F.
Samatova).

Business Intelligence (BI) has emerged as an increasingly important area within the

support of data ecosystem and machine intelligence. BI systems, widely developed by

researchers from both academia and industry, are now used extensively in numerous do-

mains, including commerce, management, smart health, security, and financial market. In

particular, algorithms for BI have gained substantial interest due to their abilities to discover

new patterns and provide actionable insights. Thus, such algorithms have been adopted by

many business applications such as recommendation systems in E-Commerce, predictive

modeling in information systems, and marketing analysis. However, in a rapidly chang-

ing business and financial environment, traditional algorithms, such as frequent itemset

mining, association rule mining, support vector machines, and autoregressive-moving

average models could no longer meet the modern demands of different business goals.

Therefore, in this work, we focus on developing more effective data-driven BI, especially for

E-Commerce and financial markets analysis. We use revenue optimization and financial

forecasting as exemplar applications and anticipate our newly developed algorithms can

be applied to a variety of BI tasks.

In this dissertation, we first propose algorithms for revenue optimization in real time

utility-based recommendation. Recommender Systems (RS) in E-commerce are typically

used to suggest products to online shopping customers, and now play a key role in product

marketing strategies for major online retailers, such as Walmart Inc. and Amazon.com, Inc.

The main goal of such systems is to predict likely future customer desires and to trigger



purchases through the timely provision of product recommendations. Therefore, RS have

become indispensable tools for both customers and retailers. However, most existing RS

recommend products from customers’ point of view (i.e. likelihood of purchase by cus-

tomers) but ignore one of the most important business goals: the optimization of revenue.

Consequently, there is an increasing need to learn utility patterns online and provide near

real-time utility-based recommendations. To address these challenges, we first define the

utility of recommendation sets and formulate the problem of real time utility-based rec-

ommendation. We observe that online transaction streams are usually accompanied with

flow fluctuation, and based on that observation, we propose an Adaptive Online Top-K

(RAOTK) high utility itemsets mining model to guide the utility-based recommendations.

Additionally, three variants of this algorithm are described and we provide a structural

comparison of the four algorithms with discussions on their advantages and limitations.

Moreover, to make our model more personalized, we also take the buying power of cus-

tomers into account and propose a simple but effective method to estimate the consumers’

willingness to pay. Finally, extensive empirical results on real-world datasets show that the

proposed methodology works effectively and outperforms several state-of-the-art models

by average 20 percent.

In our second component, inspired by the concept of utility, we develop an intelligent

weighted fuzzy time series model for financial markets forecasting. It is well-known that

financial forecasting is an extremely challenging task given the complex, nonlinear nature

of financial market systems. To address this challenge, we present an intelligent weighted

fuzzy time series model, which builds upon our sine-cosine adaptive human learning

optimization (SCHLO) algorithm to search for optimal parameters for forecasting. New

weighted operators that consider frequency based chronological order and stock volume are

analyzed, and SCHLO is integrated to determine the effective intervals and weighting factors.



Furthermore, a novel short-term trend repair operation is developed to complement the

final forecasting process. Finally, the proposed model is applied to four world major trading

markets: the Dow Jones Index (DJI), the German Stock Index (DAX), the Japanese Stock

Index (NIKKEI), and Taiwan Stock Index (TAIEX). Experimental results show that our model

is consistently more accurate than the state-of-the-art models. The easy implementation

and effective forecasting performance suggest that our proposed model could be a favorable

market application prospect.

Finally, to further improve forecasting performance, we focus on combining Empirical

Mode Decomposition (EMD) with the weighted fuzzy time series model. Although financial

indices can be observed as single time series, they are actually an aggregation of many

sub-series generated by different institutions or individuals. Thus, creating forecasting

models based only on a single observed series may encounter bottlenecks. Therefore, we

present a new Intelligent Hybrid Weighted Fuzzy (IHWF) time series model based on EMD.

EMD is a time series processing technique to extract the possible modes of various kinds of

institutional and individual investors and traders, embedded in a given time series. Sub-

sequently, the proposed weighted fuzzy time series method, incorporates chronological

order-based frequency and Neighborhood Volatility Direction (NVD) components, is ana-

lyzed and integrated with Adaptive Sine-Cosine Human Learning Optimization (ASCHLO)

to determine the optimal universe discourse, intervals and weights. Finally, we evaluate

our model on actual 15 years trading data from TAIEX, and compare our findings to the

well-known forecasting models. The results show that the proposed method outperforms

the compared models in terms of one-day-ahead prediction accuracy.
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CHAPTER

1

INTRODUCTION

1.1 Background

Business Intelligence (BI) has emerged as an increasingly important area within the support

of data ecosystem and machine intelligence [4]. Base on a report from Stratistics MRC, the

Global BI market is expected to grow from $15.64 billion in 2016 to reach $29.48 billion

by 2022 with a CAGR of 11.1% [169]. According to an IBM Global CIO study, the collective

voice of more than 2,500 chief information officers (CIOs) worldwide points to BI and

analytics as the top visionary plan for enhancing their enterprises’ competitiveness [84].

BI, traditionally as an umbrella term, has been used to describe a bunch of concepts and
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methods to improve business decision making, ranging from standard reports to highly

sophisticated advanced statistics and also includes databases, underlying architectures,

tools and applications [112, 150, 199]. The major objectives of BI are to enable organizations

or companies to become smarter, work smarter, and make better decisions for conducting

appropriate analyses and performing actions [104, 180, 200]. BI systems, widely developed

by researchers from both academia and industry, are now used extensively in numerous

domains, including commerce, management, smart health, security and financial market

[11, 43, 46, 62, 123, 129, 149, 162, 176].

In particular, data-driven method, an advanced knowledge discovery technique of BI,

has gained substantial interest worldwide in the past decade, due to new patterns, dis-

coveries and insights can be obtained from various sources of business data. Thus, the

data-driven method has been adopted by many business applications such as recommen-

dation in E-Commerce, predictive modeling in information systems and marketing analysis.

Cnudde et al. [50] increased the user loyalty using spatial behavioral user data. Lee et al.

[105] adopted a multi-agent-based system for the profitable customers segmentation. Ab-

basi [1] presented a meta-learning framework to enhance financial fraud detection. Hahn

et al. [74] provided an integrated data models on applications of in-memory analytics in

the field of supply chain management. Huang et al. [80]mined interesting resource allo-

cation rules from event log to support business process management. Wu [201] Applied

frequent itemset mining to identify a small itemset that satisfies a large percentage of

orders in a warehouse. Ge et al. [63] designed a taxi business intelligence system using

route recommendation. Shambour et al. [161] proposed a trust-semantic fusion-based

recommendation approach for e-business application. Ballings et al. [17] presented an

ensemble of deep belief network combined with support vector regression for time series

forecasting. Wang et al. [186] forecasted stock market indexes using principle component

2



analysis and stochastic time neural networks. However, in a rapidly changing business and

financial environment, traditional data-driven methods, such as frequent itemset mining

[25], association rule mining [125], support vector machine [171], regression model of a time

series [210], autoregressive moving average model [156] could no longer meet the modern

demands of different business goals [22, 31, 33, 77, 111, 155, 164, 176, 204, 206]. Therefore,

in this work, we focus on developing more efficient data-driven methods for BI, especially

in terms of E-Commerce and financial market analysis. We use revenue optimization and

marketing forecasting as exemplar applications but believe our newly developed algorithms

can be broadly applied to various tasks.

1.2 Related Work

1.2.1 Recommender Systems for E-commerce

Recent years have witnessed the unparalleled success of ecommerce. For example, Amazon,

the online retailer giant, has become the fifth biggest U.S.-listed company with $350 billion

market cap [98]. Recommender Systems (RS) have played a vital role and will continue

to deeply influence e-commerce. They enable customers to quickly discover potential

purchases without wasting their time with many related searches, and they allow retailers

to boost their profits. With this increasing importance for both customers and retailers,

RS have attracted considerable attention from both industry and academia. Industries

are using these systems in new ways [109], and academics are researching how to opti-

mize them even further. A recommender system usually includes three steps: 1). acquiring

preference from customers’ input data; 2). generating the recommendation using proper

techniques; 3). finally presenting the recommendation results to customers [196]. Current

3



approaches include collaborative filtering (CF) [51], content-based filtering (CBF) [20],

and hybrid approaches [119]. These techniques usually ingest product ratings received

from customers and then suggest new products of potential interest [3]. Collaborative

filtering, which provides recommendations by the levels of similarity of other consumers’

preferences, is one of the most widely used algorithms in recommender systems [3, 53,

158]. This technique helps the consumer make a better and easier decision and also can

choose a product based on the consumers’ preference from a large pool of candidates.

More recently, Larrain et al. [103]made an extensive evaluation and comparison of time-

aware recommendation methods, addressing the problems of when to use the temporal

information and how to use weight the similarity between users and items by exploring the

effect of different time-decay functions. Loni et al. [120] demonstrated that Factorization

Machines can exploit additional representations of information inherent in the user-item

matrix to improve recommendation performance. Chen et al. [34] proposed a heteroge-

neous evolutionary clustering to gather users with similar interest into the same cluster

based on CF. Polato and Aiolli [148] used a boolean kernel to alleviate the sparsity issue

in CF contexts. Zhou et al. [217] introduced bias and confidence weights into CF and to

further improve the stability and accuracy of online CF. Wang et al. [194] used a hybrid user

similarity model for CF to evaluate the user similarity comprehensively and objectively.

Kant et al. [88] investigated a centroid selection approach for k-means clustering algorithm

to solve the sparsity problem of CF. Karabadji et al. [90] improved the CF approach by using

an evolutionary multi-objective optimization-based method to pull up a group of profiles

that maximizes both similarity with the active user and diversity between its members

which gained the performances in terms of both accuracy and diversity. Bellogin [21] pro-

posed a new perspective to analyze the user behavior by finding other users who have

similar sequential patterns instead of focusing only on similar ratings in the items. Another

4



widely used approach is content-based filtering (CBF) which exploits suitable items to users

based on the descriptions of items and user preferences [165]. A number of recent studies

in literature investigated CBF [24, 52, 89, 135, 146, 165, 203, 205]. Since CBF algorithms

employ profile information (such as purchases, queries and ratings) of active users, thus

can generate accurate recommendations even in the situation where CF systems encounter

new item and sparsity problems [3, 28, 211]. And therefore, many researchers [8, 9, 15, 18,

70, 92, 138, 144, 157] have chosen hybrid ways to achieve better performance.

1.2.2 High Utility Pattern Mining

In many real-world data-driven applications, data mining techniques are first adopted

to extract interesting and useful patterns from databases for supporting better decision

making. During past two decades, two fundamental tasks, frequent itemset mining (FIM)

[5, 25, 68, 76] and association rule mining (ARM) [6, 127], have received significant attention

for revealing these relationships. The goal of frequent itemset mining is to find items that

co-occur in a database above a given frequency threshold, without considering the quantity

or weight such as profit of the items [56]. For example, in market analysis, frequent itemset

mining from a transaction database refers to the discovery of the itemsets which frequently

appear together in the transactions [177]. And association rules are mined in two phases. In

the first phase, itemsets that frequently co-occur in transactions are mined. Subsequently,

in the second phase, rules are discovered from the generated frequent itemsets, considering

whether an item appeared in a transaction or not [99]. Although traditional ARM has been

successfully used in several businesses and scientific applications [76, 114, 136, 145], it

can only reveal relationships, impacted by the factor of frequency (presence or absence),

between items in databases. In other words, it does not consider other factors for evaluating
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patterns such as the price, utility, importance, weight, or cost of items or itemsets that

are less frequent but more profitable. In reality, most business applications often expect

more discovery in specification of item attributes (e.g. demands, profits and margins) to

get interesting patterns to plan ahead. For example, a retail business may be interested in

identifying its most valuable products (products who contribute significant profit to the

company). These are the items, may be sold in a full priced or high margin, but absent

from many transactions because not every customer would buy these items. Therefore,

it is not enough to discover more attractive patterns for decision maker only considering

items’ purchase quantities or occurrence frequencies [58]. To address this limitation of

traditional ARM and FIM techniques, high-utility itemset mining (HUIM) [32]was proposed.

Basically, utility is a measure of how "useful" (i. e., "profitable", "interested" or "import")

an item is. The utility of an item is based on two factors, i.e., local utility and external

utility. The local utility refers to importance of the items in the database, like the quantity

of the item sold in the transaction and the external utility means the importance of distinct

item, like a profit table [117, 177]. An item/itemset is called a high utility item/itemset if its

utility is larger than or equal to a minimum utility threshold user specified; otherwise, it is

called a low utility itemset. HUIM is an important task since it is useful to discover highly

profitable and interesting patterns and then more efficient and strategic business decisions

can be adapted to increase sales and profit. Thus, HUIM is essential to a wide range of

applications such as retail chain-stores [118], website click streaming analysis [116] and

biomedical applications [178]. Recently, many HUIM algorithms have been proposed to

gain a better performance. Liu et al. [118] introduced the concept of transaction weighted

utility (TWU) and mines high utility itemsets in a two-phase algorithm. Yao and Hamilton

[101] identified several mathematical properties of utility constraints and utilized two

pruning strategies, utility upper bound and support upper bound, for HUIM. Lan et al. [101]
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proposed a level-wise mining approach to find efficiently high utility itemsets in databases

and then they adopted an indexing mechanism to speed up the execution and reduce the

memory requirement in the mining process [102]. Ahmed et al. [7] presented a tree-based

candidate pruning technique, HUC-Prune, to capture important utility information of

the candidate patterns which can avoid the level-wise candidate generation process by

adopting a pattern growth approach. Tseng et al. [178]proposed two algorithms, UP-Growth

and UP-Growth+, where high utility itemsets is maintained in a tree-based data structure

named utility pattern tree such that candidate itemsets can be generated efficiently with

only two scans of database. Liu and Qu [116] introduced a new data structure called utility

lists to store both the utility information about an itemset and the heuristic information for

pruning the search space. Liu et al. [115] proposed a high utility itemset growth approach

that works in a single phase without generating candidates. The algorithm enumerates

itemsets by prefix extensions, prunes search space by utility upper bounding, and maintains

original utility information in the mining process by a novel data structure. Zida et al. [218]

introduced an array-based utility counting technique and utilized transaction merging and

database projection techniques to efficiently mine HUIs.

1.2.3 Intelligent Optimization Algorithm

Recently, with the intensive research in engineering, finance, medicine and other fields,

optimization problems have become more and more complex and challenging [75]. Thus,

methods for solving these problems have been a widely researched topic [134, 160]. The

traditional optimization methods are mainly based on gradient algorithm and linear or

nonlinear programming, such as the gradient descent method [67], Newton method [195],

quasi Newton optimization [66] and geometric programming [27]. Although these algo-
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rithms are easy to implement and also provide some useful strategies for the optimization

problem of the ideal models [106], they heavily rely on the initial starting point, the topology

of the feasible region and the surface associated with objective functions and thus easy

to fall into local optimum [57]. Besides, when solving large-scale complex optimization

problems, due to the difficulty and high cost of computation of gradient information [94],

gradient based algorithms are usually inefficient and cannot get ideal results.

To break through the bottleneck of the traditional optimization method, more recently,

various meta-heuristics have been developed to deal with complex optimization problems,

inspired by physical and biological systems. For instance, genetic algorithms [49]mimic the

evolution of living organisms with genetic operators such as the reproduction, crossover

and mutation. Simulated annealing [183] resembles the cooling process of molten metals

through annealing. Ant Colony Optimization (ACO) [54] takes inspiration from the foraging

and path making behaviors of ants. Particle swarm optimization (PSO) [95] copies the

behaviors of birds searching for food in a collaborative way. Artificial fish-swarm algorithm

[184] imitates the fish-swarm behaviors like the praying behavior, swarming behavior and

chasing behavior. Immune algorithm [209] emulates the defense process of the immune

system against its invaders in a biological body. Bees Swarm Optimization [91] models

the behaviors of honey bees collecting, processing and advertising of nectars. Compared

with traditional gradient-based algorithms, these nature inspired algorithms can tackle NP-

hard problems more effectively and efficiently with the advantages of broad applicability,

flexibility and ease of implementation. Therefore, meta-heuristic design has been drawing

increasing attention from researchers, and novels algorithms have been presented in the

latest decade such as the biogeography-based optimization algorithm [163], harmony

search (HS) [126], the hunting search algorithm [139], the chemical reaction optimization

algorithm [100] and the gravity algorithm [113]. However, most of these algorithms are
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originally designed to solve the continuous or discrete problems which cannot be directly

applied to binary-coding problems such as feature selection and knapsack problems, and

therefore various binary variants like the discrete binary PSO algorithms [96, 131], discrete

binary differential evolution algorithms [142, 187, 202], binary HS [65, 189] and binary

gravitational search algorithm [151] are proposed to extend the applications of algorithms.

Compared with real-coded or discrete-coded optimization algorithms, only a few binary-

coded algorithms have been proposed in recent years while more and more complicated

binary-coding problems arise. On the other hand, for many engineering problems with

low precision like the design of controllers [188], binary-coding algorithms may perform

better than real-coded algorithms in terms of search accuracy and the convergence speed

as infinite search space is mapped into finite solution space. In addition, binary algorithms

can be easily used to solve hybrid-coded problems in which real variables, discrete variables

and binary variables are included, which is an advantage for engineering applications.

1.2.4 Fuzzy Time Series Forecasting

Modeling and forecasting financial markets provide key information for risk management,

portfolio construction and financial decision making. However, financial markets are noto-

riously complex, dynamic, nonlinear, non-stationary, nonparametric, noisy and chaotic

systems [2], which can be influenced by many factors including economic cycle, government

policies, and investor psychology [215]. Therefore, forecasting such systems is extremely

challenging, and this area has attracted considerable worldwide attention both in research

and financial communities. Although many techniques [37, 108] have been developed for

forecasting financial markets, building an efficient model is still an attractive proposition

since even a tiny improvement in forecasting accuracy may have a huge impact on decision
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making for portfolio and risk managers. Therefore, researchers continue to strive to discover

ways to maximize the accuracy of financial market forecasting.

From a conventional statistical point of view, Box and Jenkins [26] established the Auto-

Regressive Moving Average (ARMA) model, which combines a moving average with a linear

difference equation. Although ARMA can make preliminary forecasts, it is restricted by cer-

tain requirements on the data, such as linear stationarity. To handle non-stationary datasets,

the Auto-Regressive Integrated Moving Average (ARIMA) model [26], was proposed under

the assumption of linearity between variables. However, conventional time series methods

only deal with linear forecasting models and variables must obey a statistical normal distri-

bution. In order to overcome this limitation, computational intelligence techniques, from a

non-statistical perspective, have been applied to forecasting financial markets. Schumaker

and Chen [159]Dai et al. [47] used support vector machines to forecast stock indices, and

de Oliveira et al. [140] and Huck [82] proposed forecasting models using an artificial neural

network. However, since the native financial markets include both nonlinear and vague

data [166–168], fuzzy logic is utilized to describe daily observations and has recently been

standing out as an important approach [172].

Thus, researchers are now showing an increasing interest in using Fuzzy Time Series

(FTS) models for financial market forecasting [36, 154] as well as many real-word financial

applications [10, 152]. The concept of FTS was first proposed by Song and Chissom to

forecast university enrollment. In a financial context, Teoh et al. [173] presented a model

incorporating trend-weighting into the FTS models and applied their model to the fore-

casting of empirical stock markets. Chen and Chang [38] handled fuzzy rules by clustering

algorithms and assigned different weights to clusters and applied their model to forecast

the Taiwan Stock Index(TAIEX). Then, Chen and Chen [40] continued to propose a method

for forecasting TAIEX based on fuzzy variation groups as well as main factor and secondary
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factor. By using high-order fuzzy logical relationships, Chen [39] also presented an approach

to forecast the TAIEX and the inventory demand based on FTS. Zhou et al. [216] developed

a portfolio optimization model combining information entropy and FTS to forecast stock

exchange in Chinese financial market. Avazbeigi et al. [13] applied three variable FTS for

forecasting the automobile production. Uslu et al. [181] considered the recurrence number

of the fuzzy relations in the defuzzification stage of FTS and applied their method to spot

gold forecast. Park et al. [143] developed bivariate fuzzy time series to predict TAIEX and

South Korea’s index. Wei et al.[198] forecasted the trend of TAIEX stock by combining a

linear model and moving average technical index. Chen and Chen [38] introduced the

probabilities of trends and proposed a modified fuzzy forecasting model with fuzzy-trend

logical relationship. Rubio et al.[154] proposed weighted FTS model based on the weights

of chronological-order and trend-order to forecast the future performance of stock market

indices. Although those approaches are slightly successful for the financial market forecast,

in the lately financial markets with high volatility, accurate forecasting tends to be more and

more difficult and challenging due to the rapid changes of trading rules and management

systems.
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2.1 Introduction

The mainstream recommendation techniques usually ingest product ratings received from

customers and then suggest new products of potential interest. However, few of these

approaches attempt to directly optimize business revenue— instead optimizing ‘proxy’

factors, such as customer purchase likelihood. Optimizing revenue directly is a more chal-

lenging task than predicting customer behavior since it involves a larger range of factors,

such as real time price, customer interest trend, retailers’ sale and so on. Therefore, the

economic utility of a product is important to take into account because it directly influences

the demand, and price, of each product.

In addition, existing online retailers, such as Amazon, Walmart and eBay, generate

millions of transactions as well as a large number of user generated contents in a real-

time manner. Furthermore, retailers now prefer to hold limited-time sales events to attract

customers, such as Black Friday, in which up to 426 items were sold per second on Amazon at

the end of 2013 [182]. This suggests that models need to learn from streaming data, not just

from large amounts of offline data. Thus, the rapidly-growing popularity of RS, combined

with the massive volumes of transaction flows, poses an urgent need for recommendation

models that can be learned in real time.

There have been some existing methods that address the task of revenue-based recom-

mendation [14, 121]. Although these methods include reasonable strategies that recom-

mend items based on revenue-optimization, they have considerable limitations. Specifically,

[14] focuses on static scenarios that are not useful in e-commerce due to its rapidly-changing

nature. [121] typically needs a lot of prior knowledge, such as user’s adoption rates for each

item over time. And also, few existing methods are able to process streaming information

in order to provide real time recommendations that are now becoming essential [61].
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Therefore, to address these challenges, we focus on the real time utility model for revenue

optimization since this model can truly reflect the integrated information towards revenue,

rather than only optimizes users’ adoption rate as previous works did. Specifically, we first

define the problem of utility-recommendation towards revenue optimization. Then we set

out a new research challenge: real-time utility-based recommendation. The major difference

between our recommendation problem and the problems tackled in prior studies is that we

take into account the retailer’s overall revenue, and we do this on streaming data. Also, since

in dynamic e-commerce environments, different potential recommendation itemsets could

earn different revenues for the retailer, and even the same itemsets could generate different

levels of revenue at different times of year (e.g., during the holiday season), it is very difficult

for traditional RS to tackle these problems. Therefore, we propose an Adaptive Online

Top-K high utility itemsets mining model (RAOTK) that extracts the utility information just

using real-time transaction flows, and monitors Top-K high utility itemsets to guide the

recommendations towards optimal revenue. Furthermore, we observe that only considering

utility may reduce the customers’ product adoption likelihood in some circumstances

(since high-utility purchases may be less common than everyday purchases). As such, we

derive three algorithm variants, which we call Adaptive Online Top-K HUIs mining with

Ratings (RAOTK-R), Adaptive Online Top-K HUIs mining with Frequency (RAOTK-F) and

Hybrid Adaptive Online Top-K HUIs mining with ratings and frequency (RHAOTK). Together,

these give us a comprehensive set of utility-based recommendation algorithms. Finally,

to improve accuracy and make our model more personalized to individual customers, we

take buying power of customers into consideration and propose a simple but effective

method to estimate the Online consumers’ Willingness to Pay (OWP). By adopting OWP,

the performance of the proposed framework is substantially enhanced.

We propose a framework for real time utility-based recommendation. The major contri-
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butions of this work are summarized as follows:

• We propose a real time utility-based recommendation method, which considers

transaction flow fluctuation (Section 2.2.2). We also propose an adaptive online

Top-K high utility itemsets mining model (Section 2.3.1) to guide the utility-based

recommendations in a real-time manner.

• We propose four efficient algorithms (RAOTK, RAOTK-R, RAOTK-F and RHAOTK) for

optimizing utility-based recommendations and we provide a structural comparison

of the four algorithms with discussion on their advantages and limitations (Section

2.3.2).

• We propose a simple but effective method to estimate the online consumers’ will-

ingness to pay (OWP), which accounts for buying power of customers, making our

model more personalized (Section 2.3.4).

• We perform extensive experimental comparisons on three real-world datasets (Ama-

zon, Foodmart and Chainstore). The results show that our algorithms (in particular

RHAOTK) can make real-time recommendations that help optimize revenue (Section

2.4).

2.2 Formulation

In this section, we give the definition of real time utility-based recommendation and also

introduce the concept of online transactions streams with flow fluctuation. Unlike most RS

that utilize databases (e.g., of user content) to build models, we require only a transaction

stream both for learning the model and for providing utility-based recommendations in

real-time.
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2.2.1 Problem Definition

As stated, the goal of real time utility-based recommendation is to optimize the total ex-

pected revenue. Let U = {ui } for i = 1,2, ..., n be a set of users in an online e-commerce

network. User ui makes revenue contribution ri to the retailer. The value ri can be divided

into two parts: target revenue and elastic revenue as follows:

ri = r T
i + r E

i (2.1)

where r T
i and r E

i represent the target and elastic components of the revenue, respectively.

Target revenue denotes the revenue derived from a user’s rigid demand [73]. For example, if

a user already knows the exact item that he or she wants to buy (for instance, an iPhone

6s Gray 64gb), the target revenue would be achieved by a direct purchase made by him or

her without needing a recommendation. Clearly, since this is a rigid demand from the user,

this demand is seldom impacted by recommendations from RS. On the other hand, elastic

revenue refers to all other revenue types, such as revenue from purchases that accompany

the main purchase (e.g., accessories for the iPhone). Elastic revenue also includes purchases

from random browsing (e.g., sales on front page) and purchases inspired by other types

of recommendation (e.g., unrelated items that other customers also bought). Thus, for

an online retailer with n users, the total revenue T R from these users can be obtained by

summing the revenue for each user. We therefore have:

T R =
n
∑

j=1

r j (2.2)
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Figure 2.1 Utility distribution for two different items with distinct adoption rate curves that vary
over time

The revenue generated from each item (I R ) depends on each item’s utility (I U ) and user’s

adoption rate (AR ), which can be formulated as Eq. 2.3.

I R = I U ×AR (2.3)

Figure 2.1 illustrates the revenues generated from two items (or products) over time.

We assume that I U is relatively constant with time, and so the I R is proportional to AR .

AR usually varies with time roughly in the form of a normal distribution [93]. This implies

that, for most items, there is a ‘golden’ revenue period. In this chapter, we call this a high

utility area. The dashed lines (Item A) correspond to a product with lower average adoption
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rate while the solid lines (Item B) represent a higher adoption rate item. Even though the

adoption rate of Item B is always higher than that of Item A, the high utility area (above

a fixed threshold) of Item A is larger than that of Item B at a given time. For intuitive

understanding here, to p t i ma l , labeled in Figure 2.1, represents revenue will be optimal for

each item. Our formulation of real time utility-based recommendations allows us to present

items to users at the right time to obtain the optimal total revenue T R across all users.

2.2.2 Data Model

Before discussing the proposed approaches in detail, it is important to introduce the type of

data we will be working with. Unlike most RS, we use online transaction streams to perform

the utility-based recommendation. The transaction stream is defined as T S = T1, T2, ..., Tm ,

where Tm is the most recent of m transactions. I = I1, I2, ..., In is a set of n distinct items such

that for each transaction Tk ∈ T S is a subset of w e and each item w e j ∈w e has two positive

values: one is q (I j , Tk ), which we call internal utility (e.g., quantity) of Tk and the other is

p (I j , Tk ) called external utility (e.g., price). Thus, we have ∀Tk ∈ T S , Tk = (I j , q (I j , Tk )|I j ∈ I ).

Figure 2.2 shows an example of a data stream containing nine transactions. Inside each

transaction, each letter represents an item and is associated with a purchase quantity (i.e.,

the internal utility). The corresponding item utilities are shown in Table 2.1.

In a real time environment, transactions are generated constantly [219]. To better anal-

yse these transactions, we group several transactions into one batch and, in this way, we

discretize the continuous transaction stream. For example, if an online retailer receives 2,

2, 1, 4 and 3 transactions in a single 5-second window, we treat them all as one batch that

includes 12 transactions. Therefore, we now have successive batches Bi = Tk , Tk+1, ..., Tn

arriving at uniform time intervals. To analyze recent batches for trends, we introduce the
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Transaction ID Transaction  Transaction Utility 

T1  (A,1) (C,2) (D,2)  10 

T2  (A,2) (C,1) (E,4) (F,6) (G,3)  53 

T3    (A,4) (B,1) (C,5) (D,3)  26 

T4    (B,1) (C,4) (D,6) (E,2) (G,5)  42 

T5    (F,8)  40 

T6    (A,3) (B,1) (C, 4)  14 

T7  (B,1) (C,1) (D,1) (E,2) (F,1) (G, 1)  21 

T8  (D,1) (E,5) (G,4)  26 

T9  (C,3) (G,3)  9 

  Batch1

     Batch2

     Batch3

Window1

Window2

Figure 2.2 An example of transaction stream

Table 2.1 Item utility

Item  A  B  C  D  E  F  G 

Utility 2  4  1  3  3  5  2 

concept of window. Each window Wi includes l most recent batches which can be for-

mulated as Wi = Bs , Bs+1, ..., Bs+l−1. As new batch are most indicative of current trends, we

remove the oldest batch in the window wi every time a new batch arrives (Figure 2.2).

Definition 2.2.1. (utility of an item) The utility of item i j ∈ w e in transaction tk ∈ T S is

denoted by u (i j , tk ) and defined as

u (i , t ) = p (i j , T S )×q (i j , tr ) (2.4)

Definition 2.2.2. (utility of an itemset in a transaction) The utility of an itemset X in a

transaction Tk is denoted by u (X , tk ) and defined as

u (X , T ) =
∑

x∈X ∧X⊆Tk
u (X , Tk ) (2.5)
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Definition 2.2.3. (utility of a transaction) The utility of a transaction Tk is denoted by tu(T)

and defined as

t u (T ) =
∑

i∈Tk
u (i , Tk ) (2.6)

Definition 2.2.4. (utility of an itemset in a transaction stream T S) The utility of an itemset

X in a transaction stream T S is denoted as u (X ) and defined by

u (X ) =
∑

Tk∈T S∧X⊆Tk
u (X , Tk ) (2.7)

Definition 2.2.5. (Transaction-weighted utilization) The transaction-weighted utilization

of an itemset X is the sum of the transaction utilities of all the transactions containing X ,

which is donated by t w u (X ) and defined as

t w u (X ) =
∑

Tk∈T S∧X⊆Tk
t u (Tk ) (2.8)

Then, u (D , T1) = 2×2= 4;u ((BG ), T7) = 1×4+1×2= 6; t u (T8) = 3×1+3×5+2×4= 26;

t w u (AC ) = t u (T1) + t u (T2) + t u (T6) = 10+23+14= 47 and u (F ) = 2×8= 16.

In real world applications, transaction streams are always subject to fluctuation [27]—

day and night, weekday and weekend, holiday and working days, as well as seasonal peaks

and troughs. These are all components of transaction stream fluctuation (TSF). Figure 2.3

shows two common forms of TSF. As can be seen from the figure, transactions streams vary

considerably across time periods. Our method takes this into account.
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Figure 2.3 Examples of transaction streams fluctuation

2.3 Approach

To tackle the real time utility-based recommendation problem, we first build upon an adap-

tive Top-K high utility itemsets (HUIs) mining model to capture utility information from the

transaction stream with TSF. We then propose several recommendation strategies efficiently

towards the revenue optimization. Finally, we investigate variants that incorporate user

ratings and frequency of item sales.

2.3.1 Creating an Adaptive Model

As Eq. 2.3 shows, the item revenue depends on two factors: item utility and user’s adoption

rate. Usually, the adoption rate is not known for new items, which gives us a cold-start prob-

lem [213]. However, since transactions are generated automatically when users place orders,

it is possible to estimate both I R and AR through transactions streams using standard

Top-K high utility itemsets mining methods such as T-HUDS [219] and TOPK-SW [121].
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Figure 2.4 The curve of transaction flow transformation

Definition 2.3.1. (Top-K high utility itemset). An itemset X is called Top-K high utility

itemset (Top-K HUI) in transaction stream i f f there are less than k itemsets whose utilities

are larger than u (X ).

In general, Top-K high utility itemsets mining methods include three main steps (the

details can be found in [219] and TOPK-SW [121]):

(1) Tree construction (e.g., HUDS-tree in T-HUDS method);

(2) Mining Top-K HUIs on a window;

(3) Tree update (e.g., insert and remove transactions in the new batches into the tree).

Thus, it is possible to obtain utility information from transaction streams in real-time

using standard Top-K high utility itemsets mining methods such as T-HUDS [219] and

TOPK-SW [121]. However, these approaches do not take stream fluctuation into account

(and they are only methods for generating HUIs, not for producing recommendations).

T-HUDS is designed to handle low-volume transaction streams and use minimal memory,

whereas TOPK-SW is better able to process high-volume streams (but it is very memory-
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intensive due to its internal tree structures). In our approach, we switch between these two

algorithms according to the normalized threshold function in Eq. 2.9,

Φ=
1

1+ e −λ(T−δ)
(2.9)

where T is the number of transactions in a certain window and λ, δ are control parameters.

By using the normalized threshold, we can easily transform transaction flow rate t a load

factor Φ (in the range 0 to 1). This makes it simple to monitor whether the transaction flow is

heavy or light. Figure 2.4 shows this transformation andΦc is the threshold (or critical) value

of Φ that separate heavy and light flows. If Φ is smaller than Φc , we consider the transaction

flow is in a normal or light condition and thus we utilize T-HUDS to mine HUIs while, if Φ

is greater than Φc , we consider the system to be experiencing a heavy transaction flow and

TOPK-SW is adopted instead.

2.3.2 The RAOTK Model and Variants

In this section, we first propose an efficient algorithm named RAOTK (utility-based Recom-

mendation based on AOTK) for revenue optimization and then describe three algorithm

variants: RAOTK-R (RAOTK with Ratings), RAOTK-F (RAOTK with Frequency) and RHAOTK

(Hybrid RAOTK with ratings and frequency). Each of these includes a different strategy to

optimize revenue.

2.3.2.1 RAOTK

We first describe our utility-based recommendation algorithm called RAOTK (pseudo-

code in Algorithm 2.1). Our objective is to find a recommendation strategy that presents

items/itemsets in an optimal time manner to optimize the revenue that each user con-
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tributes. Since the RS may face a cold start [69] problem when insufficient data (e.g., on

user’s preferences) is available, our method exacts utility information just through the

transaction stream by adopting the proposed AOTK model. In a nutshell, the algorithm

starts with recommendation sets (R ) being empty (�) and, in each iteration, it adds to R the

items/itemsets that provide the potentially largest revenue. Unlike classical deterministic

characteristics of recommendation algorithms that may reduce the performance of recom-

mendation [61], to enhance accuracy for the cold start situation, we employ a probability

algorithm in our method. First, we propose the idea of itemsets normalization by utility

and then we use a weighted random selection process for generating recommendation

candidates.

The RAOTK algorithm also extends this to make use of user’s purchase history (P H )

which is usually easy to obtain in practice, and allows us to achieve better performance via a

personalization strategy. We use P H in two ways: firstly, we combine it with the Top-K HUIs

pool and, secondly, we insert P H into the transaction stream to generate personalized

recommendations.

Itemsets normalization by utility (INU). Let T K I =H U I1, H U I2, ..., H U Ik be a set of

Top-K HUIs and T K U = T K U1, T K U2, ..., T K Uk be a set of the utilities of corresponding

HUIs. We then have:

||T K UN ||=
k
∑

i=1

T K Ui (2.10)

where T K UN is total utility of T K I . The normalization of each H U I in T K I can be derived

from Eq. 2.11:

∧
T K Ui =

T K Ui

||T K UN ||
(i ∈ 1, 2, ..., k ) (2.11)

Clearly,
∧

H U Ii ∈ [0, 1] and
∑k

i=1

∧
H U Ii = 1
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Weighted random selection (WRS). Let p be a random number between 0 and 1 and

ζ= ζ1,ζ2, ...,ζm be an increasing sequence of
∧

H U I as in definition above.

Definition 2.3.2. (HUI increasing sequence). A sequence<
∧

H U I >k of terms ofζ is increasing

iff: ∀ j , k ∈ ζ : j < k ⇒
∧

H U I j <
∧

H U Ik

Thus, starting from 0 and ending at 1, we can get a set of continuous intervals C I =

C I1, C I2, ..., C Ik composed of ζwhere C Ii can be represented as:

C Ii = [
i−1
∑

m=1

ζm ,
i
∑

m=1

ζm ] (i ∈ 2, ..., k ) (2.12)

with C I1 = [0,ζ1]. Then the recommendation candidate will be decided by the value p as in

Eq. 2.13. This means that, if p falls in C Ii , the corresponding H U Ii will be selected.

R+ =H U Ii |p ∈C Ii (2.13)

where R+ is the candidate selected into the recommendation set R .

Personalized strategy (PS). When a user’s P H is available, RAOTK first links P H with

T K I . If there exist items/itemsets in P H that are also items/itemsets in T K I , the corre-

sponding H U I will be selected directly. More formally, let p h be a subset of P H , and the

recommendation candidate will be decided as Eq. 2.14:

R+ = arg max{T K U |(∃p h ∈ P H ∨p h ⊂ T K I )} (2.14)

where kp is the length of P H . Furthermore, besides linking T K I , RAOTK also combines

P H with the transaction stream T S . First, we randomly select an item named p h in the

user’s purchase history and then Eq. 2.14 shows how RAOTK generates recommendation

25



candidates. Note that, here we also adopt a probability method to guide the algorithm’s

choice of personalized strategy.

Definition 2.3.3. (utility of an itemset in a transaction stream T S) The utility of an itemset

X in a transaction stream T S is denoted as u (X ) and defined by

u (X ) =
∑

Tk∈T S∧X⊆Tk∧Im⊆X
p (Im , T S )×q (Im , Tk ) (2.15)

R+ = arg max{U (X , T Si )|(∃p h j ∈ P H ∨p h j ⊂ T Si )}

( j = 1, 2, ..., kp ; l = 1, 2, ..., kp )
(2.16)

For each recommendation, RAOTK determines which strategy should be adopted

through the use of a control parameter: utility entry rate Pu . If a random number (in the

range 0-1) pr < Pu , then the weighted random selection will be chosen, otherwise RAOTK

will use the personalized strategy to generate candidates.
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Algorithm 2.1 RAOTK
Input: Transaction stream T S , recommendation set size Kr , user setU and purchase history

P H , utility entry rate Pu

Output: Recommendation set R

R ←� and call algorithm AOTK to generate HUIs;

foreach u ∈U do

while |R |< Kr do

if P H ∈� then
INU and WRS as 2.3.2.1

else

foreach p h ∈ P H do
PS for T K I as 2.3.2.1

pr ← r a nd (0, 1) if pr < Pu then
INU and WRS as 2.3.2.1

else
random select p h ∈ P H PS for T S as 2.3.2.1

2.3.2.2 RAOTK-R

The second algorithm that we propose is RAOTK-R (pseudo-code in Algorithm 2.2). It incor-

porates ratings into RAOTK to improve the performance of utility-based recommendation.

We first give a definition of the utility based rating and then describe several strategies that

efficiently enable RAOTK to make use of rating information towards revenue optimization.

Utility-based rating. Generally, in an online e-commerce environment, users partici-

pate in shopping experiences and share feedback by evaluating products with numerical

ratings [97]. Although high ratings usually indicate a high user adoption rate for certain
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items, from the perspective of utility, high rating doesn’t guarantee high revenue for retailer.

Thus, we define utility-based rating (UR) as Eq. 2.17 to take both utility and rating into

consideration:

U R =U ×ℜ (2.17)

where U is item utility and ℜ is predicted ratings. We also use the following equation to

normalize U R :
∧

U Ri =
U Ri

ma x {U R }
(i ∈ 1, 2, ..., k ) (2.18)

UR-guided selection strategy. Instead of only utilizing the weighted random selection

strategy, RAOTK-R also uses U R to generate recommendation candidates with a probability

method. Let Ψ =Ψ1,Ψ2, ...,Ψm be the decreasing sequence of
∧

U R as definition above.

Definition 2.3.4. (UR decreasing sequence). A sequence <
∧

U R >k of terms of Ψ is decreasing

iff: ∀ j , k ∈Ψ : j < k ⇒
∧

U R j >
∧

U Rk

Then, for a certain random probability, RAOTK-R generates candidates as in Eq. 2.19:

R+ = arg max{
∧

U R } (2.19)

Modified personalized strategy (MPS) based on UR. Unlike RAOTK that just uses utility

for generating candidates when combining P H with T S , RAOTK-R adopts U R instead to

guide the selection as in Eq. 2.20 (compared to Eq. 2.14):

R+ = arg max{
∧

U R |(∃p h ∈ P H ∨p h ⊂ T S )} (2.20)

Similar to RAOTK, RAOTK-R also probabilistically determines the strategy to take. The

difference is that, since RAOTK-R has a unique UR-based selection strategy, we then use
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another control parameter: TS entry rate Pt (where Pt < Pu ) for selection. If Pu < pr < Pt ,

UR-based strategy will be adopted and if pr > Pt , RAOTK will use personalized strategy to

generate candidates over transaction stream.

2.3.2.3 RAOTK-F

Similar to rating-based methods, frequency is another widely used index in RS [64]. Thus,

we propose a third algorithm named RAOTK-F that includes sales frequency information

in utility-based recommendations. We first give a definition of utility-based frequency and

then describe how this modifies the algorithm.

Utility-based frequency and UF guided selection strategy. A frequent item in e-

commerce is one that users often buy (in a given period of time). It is reasonable to rec-

ommend frequent items since the probability that users will buy them is higher than for

infrequent items. However, from the perspective of utility, high frequency doesn’t guarantee

high revenue for the retailer. Thus, we define utility-based frequency (U F ) in Eq. 2.21 to

take both utility and frequency into consideration:

U F =U ×ℑ (2.21)

where U is the item utility and ℑ is the item sales frequency. We also use the following

equation to normalize U F :

∧
U Fi =

U Fi

ma x {U F }
(i ∈ 1, 2, ..., n ) (2.22)

The remainder of the process is similar to that for RAOTK-R, but guided by U F instead of

U R .
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Algorithm 2.2 RAOTK-R
Input: Transaction stream T S , recommendation set size Kr , user set U , purchase history

P H , predicted ratingsℜ, utility entry rate Pu , T S entry rate Pt

Output: Recommendation set R

R ←� and call algorithm AOTK to generate HUIs;

foreach u ∈U do

while |R |< Kr do

if P H ∈� then

p ← r a nd (0, 1) if pr < Pu then
INU and WRS as 2.3.2.1

else
U R strategy as 2.3.2.2

else

foreach p h ∈ P H do
MPS for T K I as 2.3.2.2

pr ← r a nd (0, 1) if pr < Pu then
INU and WRS as 2.3.2.1

else if Pu < pr < Pt then
U R strategy as 2.3.2.2

else
random select p h ∈ P H and MPS for T S as 2.3.2.2

2.3.2.4 RHAOTK

The above two algorithm variants either utilize rating or frequency to guide the utility-

based recommendation. Since, for some circumstances, due to insufficient information

or misleading feedback provided by users, some predicted ratings do not reflect the true
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preferences of users, thus, if combined with frequency, the performance may be improved.

For example, assume a certain item is recommended to the user according to its predicted

rating but the sales frequency of this item is low. As a result, it may be hard for the user

to accept this recommendation. Conversely, high sales frequency does not mean high

predicted rating for a particular user. Thus, it makes sense to combine rating and frequency

in a hybrid utility-based recommendation scheme. As such, we propose a fourth algorithm

named RHAOTK that includes both. We first give a definition of hybrid utility evaluation

(HUE) and then describe the modified strategies adopted in RHAOTK.

Hybrid utility evaluation and HUE-guided selection strategy. Based on the above in-

sight and methods to get utility-based rating (Eq. 2.17) and utility-based frequency (Eq.

2.21), we propose an idea to evaluate utility in a hybrid manner:

H U E =
∧

U R ×
∧

U F (2.23)

where
∧

U R is the utility-based rating and
∧

U F is the utility-based frequency. We also use

the following equation to normalize H U E :

∧
H U Ei =

H U Ei

ma x {H U E }
(i ∈ 1, 2, ..., n ) (2.24)

HUE guided selection strategy.In RHAOTK, to utilize the hybrid information from

utility, rating and frequency, we modify Eq. 2.25 as the following in selection procedure.

R+= arg max
NR

{
∧

H U E } (2.25)

which means the items with top N R number of
∧

H U E candidates will be selected. Also
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regarding to personalized strategy, when combines P H with T S , RHAOTK adopts H U E to

guide the candidates generations as Eq. 2.26.

R+ = arg max{
∧

H U E |(∃p h j ∈ P H ∨p h j ⊂ T Si )}

( j = 1, 2, ..., kp ; l = 1, 2, ..., kp )
(2.26)

To summarize, the four proposed algorithms can be visualized by a 3-dimensional

graphical representation (Figure 2.5). As can be seen from figure, three item attributes

(utility, rating and frequency) are treated as 3 base coordinates. Based on this coordinate

system, RAOTK, represented by the brown vector, only considers utility information, while

RAOTK-R, represented by the green vector, combines utility with rating. Similarly, RAOTK-F,

represented by the magenta vector takes both utility and frequency into consideration.

Finally, RHAOTK, represented by the cyan vector includes all 3 types of information.

2.3.3 Algorithm Complexity

For RAOTK, the INU and WRS operation has the same time complexity O (l o g (T K I )) and

thus if P H ∈�, the complexity is O (U ×kr ×l o g (T K I )), otherwise, the complexity is O (U ×

((kr +Pu+P H )× l o g (T K I )+(1−Pu )× l o g (T S ))). And for the three variants, the UR, UF and

HUE has the time complexity O (l o g (U R )), O (l o g (U F )) and O (l o g (H U E )), respectively.

Here we only show the complexity of RAOTK-R due to the similarity. On the condition of

P H ∈�, the complexity is O (U ×kr × (Pu × l o g (T K I )+ (1−Pu )× l o g (U R ))), otherwise, the

complexity is O (U × ((kr +Pu +P H )× l o g (T K I )+ (1−Pu −Pt )× l o g (U R )+Pt × l o g (T S ))).
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Figure 2.5 3D representation of the algorithms

2.3.4 Online user’s Willingness to Pay (OWP) Estimation Model

To better employ the proposed methods for utility-based recommendation, in this section,

we propose an Online user’s Willingness to Pay (OWP) estimation model. Through this

model, we can approximately estimate user’s buying power to avoid some ineffective rec-

ommendations. Generally, our model compares average user’s buying power in transaction

streams with the current user’s buying power and then a coefficient named UWP will be

calculated accordingly to determine each user’s willingness to pay. More formally, let APC be

the average price of a category and UBP be the user’s buying power - these are represented
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in Eqs. 2.27 and 2.28, respectively.

AP C (m ) =

k
∑

i=1
G Pi |G Pi ∈Cm

||G P ||

(i = 1, 2, ..., k ; m = 1, 2, ..., M )

(2.27)

U B P (m , n ) =

l
∑

j=1
I Pj |(I Pj ∈Cm ∧ I Pj ∈ P Hn )

||I P ||

( j = 1, 2, ..., l ; m = 1, 2, ..., M ; n = 1, 2, ..., N )

(2.28)

where AP C (m )means the average price of category m (Cm ) and U B P (m , n ) represents

the n t h user’s buying power for category m . Also G P and I P are the global payment (that

all others users have paid for the category) and individual payment (that the current user

has paid for this category). So, the degree of the n t h user’s willingness to pay (UWP) for

category m is given by:

U W P (m , n ) =
U B P (m , n )

AP C (m )

(m = 1, 2, ..., M ; n = 1, 2, ..., N )
(2.29)

To locate the position user stands in the whole online population, here we use Figure 2.6.

for fuzzy classification. As can be seen from figure, we divide the UWP into five categories

in our OWP model and then based on this classification we optimize our utility-based

recommendation. More specifically, here we use neighbor rule considering the fuzzy char-

acteristics of OWP model. For example, when a user is tagged as "Middle-valuation", then

we will not recommend the items with lowest and highest price category (similar definition
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(2.0<UWP)
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Lower-valuation

(0.3<UWP<0.7)

Lowest-valuation

(UWP<0.3)

Middle-valuation

(0.7<UWP<1.5)

Figure 2.6 Real time utility distribution

as UWP category). Therefore, when making the recommendation decision, OWP can act as

a role of filter to avoid ineffective recommendation.

2.4 Empirical Evaluation

In this section, we first describe the datasets used for evaluation as well as our experimental

setup. Then, we conduct the process of parameter optimization and finally discuss the

results.

2.4.1 Datasets

We used 3 open-source datasets for the evaluation:

• Amazon [130]—this dataset consists of text-content reviews and item metadata that

includes descriptions, price, brand and co-purchasing info (such as “bought together”
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and “also bought”). The dataset includes 142.8 million reviews and 9.4 million prod-

ucts spanning May 1996 - July 2014. We selected two very distinct categories (Elec-

tronics and Clothing) and, for each category, we select the 10,000 most popular items

July 2010 – July 2014. We used a total of 100,000 transactions for each category.

• Foodmart [179]—this dataset, acquired from the Microsoft FoodMart 2000 database,

contains sales records collected through a series of supermarkets and grocery stores.

Each record includes: product, price, unit sale, purchase time, customer and store

name. The data includes 269,720 transactions associated with 1559 products.

• ChainStore [147]—this dataset, obtained from NU-Mine-Bench 2.0, consists of 1,112,949

transactions of a chain supermarket in California. The data contains product, price

and unit sale information, and includes a total of 46,086 items.

We chose these datasets in order to test our algorithms on three different real-world

scenarios: (1) where purchase history and ratings are available (Amazon), (2) where only

purchase history but no ratings are available (Foodmart), and (3) where neither are avail-

able (ChainStore). We assume that, in the real-world, a transaction stream will always be

available, but user reviews/ratings and purchase history may not.

2.4.2 Experimental Settings

We compared our algorithms with the following state of the art algorithms for revenue

optimization: G-Greedy [122], a recently proposed dynamic algorithm based on ratings to

maximize revenue; TopR (Top-rating) recommends to every user the k items with highest

predicted rating using MyMediaLite [59]; TopF (Top-frequency) recommends to every user

the k items with highest sales frequency [174]. To verify if the statement in [59] can be also
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applied to e-commerce, we include a baseline that generates random recommendations

[59]. As per the real-world scenarios described in Section 2.4.2, we were not able to test

all these algorithms against all the datasets (G-Greedy cannot work yet without ratings).

In all test cases, we are looking to optimize the Mean Total Revenue (MTR) achieved by

recommendation as follows:

M T R =

NT
∑

k=1

NU
∑

j=1

NM
∑

i=1
p (Ii , T S )×q (Ii , T S )

NT
(2.30)

where NT is the number of tests; NU represents the size of user set and NM is the number

of matched items (accepted recommendations). We randomly select 10000 successive

transactions in two categories of Amazon datasets for parameters study. Based on the results,

we select Pu = 0.4 for ROATK one parameter set: Pt =0.6 and Pu =0.2 for all three variants. For

transaction stream fluctation (TSF) setting, we generated a sinusoid to simulate fluctuation

with maximum 1000 batches and each package included a random number of transactions

ranging from 1 to 5. Here,Φc was set to 0.75 (roughly 1:3 of busy/idle time) and we generated

Top 200 HUIs for each transaction stream and 50 recommendation candidates (no repeated

recommendations) for each user. Note that the proposed algorithms are probability-based,

so we ran all the tests 10 times and averaged the results.

2.4.3 Parameter Analysis

RAOTK depends on one control parameter: the utility entry rate Pu , while RAOTK-R, RAOTK-

F and RHAOTK are each influenced by two parameters: the TS entry rate Pt and the utility

entry rate (modified as UR, UF, and HUE), Pu . To verify the performance under different

parameters, both categories of the Amazon dataset (Electronics and Clothing) were used.
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Figure 2.7 The results of RAOTK under different pt

In all cases, we are looking to optimize MTR achieved by recommendation as in Eq. 2.30.

Figure 2.7-2.10 show the MTR results for RAOTK for a range of values of Pt and also for

other three variants using different Pt and Pu values. The results shown RAOTK gains best

performance when the value of Pu is between 0.3 and 0.5. This indicates that selecting too

many HUIs regardless of user’s preferences may reduce performance. Based on this, we

select Pu = 0.4 for testing ROATK. For RAOTK-R, RAOTK-F and RHAOTK, the optimal value

for Pt was located between 0.6 and 0.7 and Pu was in the range 0.2 to 0.3. This indicates

that a roughly even balance of UR/UF/HUE algorithms, as compared to the personalized

pool, gives best performance. In this chapter, although we can set the parameters for each

algorithm separately to achieve the best performance, to be more generalizable, we only

use one parameter set: Pt =0.6 and Pu =0.2 for all three algorithms.
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Figure 2.8 The results of RAOTK-R under different pt and pu
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Figure 2.9 The results of RAOTK-F under different pt and pu
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2.4.4 Results and Analysis

To verify the revenue optimization ability and scalability, the proposed algorithms were

applied to three datasets listed in Section 2.4.1. Experimental results, based on optimization

of the MTR metric, are shown in Figure 2.11 (note that due to the scenario setting, OWP

didn’t apply for the ChainStore dataset).

It can be seen that RHAOTK outperforms other algorithms on all datasets. Specifically,

it outperforms G-Greedy by about 20% revenue gain and also the RAOTK-R and RAOTK-F

algorithms about 50% increase. Compared to TopR and TopF methods, the performance

of RHAOTK is approximately 2-3 times better. It is interesting to notice that, although [61]

mentioned that random news recommendations can sometimes perform better than those

from recommender systems, the results here, show that this is not the case. In addition, note

that even for the different categories in the Amazon dataset, the performance of RAOTK-R
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Figure 2.11 Mean total revenue obtained from all datasets

and RAOTK-F differ due to user’s different preferences. For example, people may like to use

the same type of electronics but have very different clothing preferences. Besides, the results

also show the effectiveness (10-20% gain compared to original method) of the proposed

OWP model in different cases.

2.5 Related Work

Most research into recommender systems in e-commerce has focused on models that

guide users towards products based on user’s predict ratings [45]. Generally, RS algorithms

can be classified into content-based (CBF) or collaborative filtering (CF) methods. Those

techniques usually use the ratings received from users on the products and then suggest

new products of potential interest [3]. However, these methods are all from the perspective

41



of customers but ignore one of the most important business goals: the optimization of

revenue.

Recently, there have been some existing methods that address the task of revenue

recommendation [14], [35], [48], [122]. Although these methods have good strategies to

recommend items based on revenue, [14], [35], [48] focus on static scenarios that have

limited value in real-world e-commerce due to its capricious nature. While [122] also often

needs prior knowledge of user’s adoption rates for each item over time and thus cannot be

applied to our case. We have argued that the ability to generate real-time recommendations

is becoming increasingly critical [61], and that the challenge of real time utility-based

recommendation is not well studied in the context of revenue optimization.

2.6 Conclusions

In this chapter, we have addressed a new research challenge - that of real time utility-

based recommendation for revenue optimization, and proposed four algorithm variants to

solve this challenge. We combine an adaptive online Top-K high utility itemsets mining

model with rating and frequency information. In addition, to make our algorithms more

personalized, we also take the buying power of customers into consideration and then

propose a simple but effective method to estimate the consumers’ willingness to pay. Finally,

we conduct extensive experiments on Amazon, Foodmart and ChainStore datasets to show

the effectiveness of the proposed algorithms.
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CHAPTER

3

AN INTELLIGENT WEIGHTED FUZZY

TIME SERIES MODEL BASED ON A

SINE-COSINE ADAPTIVE HUMAN

LEARNING OPTIMIZATION ALGORITHM

AND ITS APPLICATION TO FINANCIAL

MARKETS FORECASTING
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3.1 Introduction

During the last decade, the world stock market cap has soared by 133% (from 28 trillion

to 65 trillion), especially in emerging markets, e.g., the market cap of China and India has

exploded by 1479% and 639%, respectively [85]. Thus, driven by the market power, stock

market prediction plays an increasingly important and even crucial role in economic deci-

sions [72]. However, since the financial markets are complex and nonlinear systems which

can be influenced by various factors, such as economic cycle and government policies, it is

extremely challenging to do an accurate stock forecasting, and thus has attracted consider-

able worldwide attention, in both the research and financial community. Subsequently, a

variety of forecasting approaches have been developed [36, 83, 86, 133, 170, 175, 185, 197,

207]. Among these approaches, researchers have recently shown a renewed interest in using

Fuzzy Time Series (FTS) models for stock forecasting [36, 40, 154, 193], as FTS possesses

the universal approximation property in nature and has thus been successfully used in

many financial applications in the real world [10, 60, 128, 152]. The concept of FTS was first

proposed by Song and Chissom to forecast university enrollment. In a financial context,

Teoh et al. [173] presented a model that incorporated trend-weighting into the FTS models,

and applied their model to the forecasting of empirical stock markets. Chen and Chen

[40] proposed a method for forecasting the Taiwan Stock Index (TAIEX) based on FTS and

fuzzy variation groups. By using high-order fuzzy logical relationships, Chen et al. [39] also

presented an approach to forecast the TAIEX and inventory demand based on FTS. Zhou et

al. [216] developed a portfolio optimization model combining information entropy and FTS

to forecast stock exchange in the Chinese financial market. Uslu et al. [181] considered the

recurrence number of the fuzzy relations in the defuzzification stage of FTS, and applied

their method to spot gold forecast. Rubio et al.[154] proposed weighted FTS model based
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on the weights of chronological-order and trend-order to forecast the future performance

of stock market indices.

Although these approaches show reasonable success for stock data forecasting, they

have several drawbacks. On one hand, it is known that the length of intervals, as well as

weighting factor, influence forecast accuracy in FTS, which leads to many models that

are very sensitive of parameters settings in real world applications [154]. On the other

hand, most models only depend on the trend indicated by the fuzzy logic group, but ignore

the large influence of the short-term trend developed by neighbor series. In addition, few

methods consider the stock volume, one of the most important metrics in stock analysis,

which may also weaken the forecast accuracy, since stock volume is closely related with the

trend.

In this chapter, the initial goal is to address the above weaknesses of existing FTS models.

To this end, we first develop and deploy a novel evolutionary algorithm, Sine-Cosine adap-

tive Human Learning Optimization (SCHLO), to optimize the FTS and required parameters

automatically and globally. Human Learning Optimization (HLO), which was presented

recently by [190], is an evolutionary computation method, and has been successfully used to

resolve optimization problems in different applications [30, 191, 192]. Thanks to the simple

but effective structure of HLO, it does not need the gradient information in its optimization

procedure, which is very suitable for the FTS optimization. Second, new weighted operators

that consider the frequency based chronological order and stock volume are analyzed and

integrated with SCHLO for optimization. Finally, a novel short-term trend repair operation

is developed to complement the final forecasting process.

The rest of this chapter is organized as follows. In Section 3.2, we briefly review the

basic concepts of a fuzzy time series forecasting model [37]. In Section 3.3, we introduce

the concepts of standard HLO techniques proposed by Wang et al [190] and present the
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proposed SCHLO. In Section 3.4, we propose a new FTS forecasting approach based on

optimal partitions of intervals and hybrid weighting factors, obtained concurrently by

SCHLO. In Section 3.5, we analyze the experimental results of the proposed FTS forecasting

method and several state-of-the-art weighted fuzzy time series methods, when applied

to forecasting several stock indices (Dow Jones Index (DJI), German Stock Index (DAX),

Japanese Stock Index (NIKKEI) and Taiwan Stock Index (TAIEX)). Finally, the conclusions

are discussed in Section 3.6.

3.2 Preliminaries

In this section we review some basic concepts, including fuzzy sets, fuzzy time series,

fuzzy-trend logical relationship groups, and a fuzzy time series forecasting model.

3.2.1 Fuzzy Time Series

Song and Chissom [166–168] first introduced the concept of a fuzzy time series, based on

the fuzzy set theory [208].

Definition 3.2.1. [208] Let U = {u1, u2, ..., un} be the universe of discourse. The fuzzy set A in

the universe of discourse U can be defined as follows:

A = fA(u1)/u1+ fA(u2)/u2+ ...+ fA(un )/un (3.1)

where fA is the membership function of the fuzzy set A, fA : U → [0, 1], and fA(ui ) denotes the

degree of membership of ui belonging to the fuzzy set A, with fA(ui ) ∈ [0, 1] and 1≤ i ≤ n.

Definition 3.2.2. [167] Let Y (t )(t = ...,0,1,2, ...), a subset of R (set of real numbers) be the
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universe of discourse in which fuzzy sets fi (t )(i = 1, 2, ...) are defined. If F(t) is a collection of

fi (t )(i = 1, 2, ...), then F(t) is called a fuzzy time series on Y(t)(t=...,0,1,2,...).

Definition 3.2.3. [167] Let F (t −1) = Ai and F (t ) = A j . The fuzzy logical relationship between

F (t −1) and F (t ) is referred by Ai → A j , where Ai is called the left-hand side and A j is the

right-hand side of the fuzzy logical relationship.

Definition 3.2.4. [37] Suppose there are fuzzy logical relationships with the same left-hand

side Ai such that Ai → A j 1, Ai → A j 2, ..., Ai → A j n . These fuzzy logical relationships can be

grouped into a fuzzy logical relationship group, shown as Ai → A j 1, A j 2, ..., A j n .

Definition 3.2.5. [154] Let F (t −1) = Ai and F (t ) = A j , for i , j = 1, 2, ..., m, which is denoted

as Ai → A j . Then k = j − i is the jump associated to this fuzzy logical relationship.

3.2.2 Fuzzy Time Series Forecasting Model

Over the past decade, many fuzzy time-series models have been proposed by following

Song and Chissom’s Definitions [166–168]. Among these models, Chen [37] proposed a

model by applying simplified arithmetic operations in forecasting algorithms, replacing

the complicated max-min composition operation introduced by Song and Chissom, and

thus is more effective. Since we will modify Chen’s model to a new weighted FTS, we first

illustrate its procedure, as follows:

Step 1 Partition the universe of discourse. First, according to the min and max values in

the dataset, define the Dmi n and Dma x variables and choose two arbitrary positive

numbers, D1 and D2, to partition the universe of discourse, i.e., U = {Dmin−D1, Dmax+

D2}. Then divide this universe into equal length intervals, i.e., u1, u2, ..., um .
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Step 2 Define the fuzzy sets and fuzzify the historical data. Using the defined sub intervals

in former step, the fuzzy sets are defined as Eq. 3.2 and each historical datum in

time series is fuzzified its corresponding fuzzy set accordingly.

Ai =
0

u1
+

0

u2
+ ...+

0.5

ui−1
+

1

ui
+

0.5

ui+1
+ ...+

0

um
, i = 1, 2, 3, ...m . (3.2)

Step 3 Establish fuzzy logic relationships (FLRs) and fuzzy logic relationship groups (FLRGs).

FLRs are grouped based on the current states of the data according to Definition

3.2.4.

Step 4 Calculate the forecast values. Let F (t ) = Ai . If there is only one fuzzy logical relation-

ship in the sequence, and Ai → A j , then F (t +1), the forecast output, equals A j . If

Ai → A1, A2, ..., Ak , then F (t +1) equals A1, A2, ..., Ak . If there are no fuzzy relationship

groups, then the forecast output equals Ai .

Step 5 Defuzzify. If the forecast F (t +1) = Ai 1, Ai 2, ...., Ai k , the forecast values at time t+1

are calculated as

F i na l (t +1) =

∑k
j=1 Mi j

k
(3.3)

where Mi 1, Mi 2, ..., Mi j are the defuzzified values of Ai 1, Ai 2, ...., Ai k , respectively, and

F i na l (t +1) is the final forecast.
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3.3 Sine-Cosine Adaptive Human Learning Optimization Al-

gorithm

Recently, the human learning optimization algorithm [190], inspired by human learning

mechanisms, has been successfully applied to real world applications, in large part due

to its excellent global search ability and robustness to various problems [30, 191, 192].

In this section, we first introduce the basic techniques of HLO, and then propose a sine-

cosine adaptive mechanism to further improve the performance of HLO. In HLO, three

learning operators, i.e., the random learning operator, individual learning operator, and

social learning operation, are used to yield new candidates to search for the optima, which

simulates the human learning process. The detailed processes can be found in [190]. The

binary-coding framework is adopted in HLO, and consequently an individual in HLO is

represented by a binary string as shown in Eq. 3.4,

xi =
�

xi 1 xi 2 · · · xi j · · · xi M

�

, xi j ∈ {0, 1} , 1≤ i ≤N , 1≤ j ≤M (3.4)

where xi denotes the i -th individual, N is the size of population, and M is the dimension

of the solution. Each bit of a binary string is initialized as “0” or “1” randomly, which stands

for a basic element of the knowledge or skill that people want to learn and master. After

generating N individuals, an initial population is obtained, shown in Eq. 3.5, for solving
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problems.

X =




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























x1

x2

...

xi

...

xN































=































x11 x12 · · · x1 j · · · x1M

x21 x22 · · · x2 j · · · x2M

...
... ...

...

xi 1

...

xN 1

xi 2

...

xN 2

· · ·

· · ·

xi j

...

xN j

· · ·

· · ·

xi M

...

xN M































(3.5)

3.3.1 Random Learning Operator

To emulate the phenomena of randomness in human learning, a simplified random learning

operator was developed for HLO, shown in Eq. 3.6.

xi j =R a nd (0, 1) =







0, 0≤ r a nd ()≤ 0.5

1, e l s e
(3.6)
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3.3.2 Individual Learning Operator

An individual knowledge database (I K D ) is used to store personal best experiences, used

to mimic and implement the individual learning of humans, shown in Eqs. 3.7-3.8

I K D =































i k d1

i k d2

...

i k di

...

i k dN































, 1≤ i ≤N (3.7)

i k di =








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






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
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i k di 2
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
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


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
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


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... ...

...
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...

i ki L1

i ki p 2

...

i ki L2

· · ·

· · ·

i ki p j

...

i ki L j

· · ·

· · ·

i ki p M

...

i ki LM































, 1≤ p ≤ L

(3.8)

where i k di denotes the I K D of person i , L is the pre-defined number of solutions saved

in the I K D , and i k di p stands for the p -th best experience of person i . When HLO con-

ducts individual learning, it generates new solutions based on the knowledge in the I K D ,

following Eq. 3.9

xi j = i k di p j (3.9)
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3.3.3 Social Learning Operator

To emulate the process of learning from sharing experiences, the social knowledge data

(S K D ) is used to preserve the knowledge of the population, as shown in Eq. 3.10

S K D =
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s k dq

...

s k dH































=































s k11 s k12 · · · s k1 j · · · s k1M

s k21 s k22 · · · s k2 j · · · s k2M

...
... ...

...

s kq 1

...

s kH 1

s kq 2

...

s kH 2

· · ·

· · ·
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· · ·

s kq M
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
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























, 1≤ q ≤H

(3.10)

where H is the size of the S K D and s k dq is the q -th solution in S K D . Based on the

knowledge in the S K D , HLO can perform social learning, as shown in Eq. 3.11, to generate

better solutions in the search process.

xi j = s kq j (3.11)

In summary, HLO emulates three human learning operators (random, individual, and

social) to yield new solutions and search for the optima. These learning operators are based

on the knowledge stored in the individual knowledge data (I K D ) and individual knowledge

data (S K D ), and can be further integrated and operated to improve learning as shown in
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Eq. 3.12

xi j =



















R a nd (0, 1), 0≤ r a nd ()≤ p r

i ki p j , p r < r a nd ()≤ p i

s kq j , e l s e

(3.12)

where p r is the probability of random learning, and the values of (p i −p r ) and (1−

p i ) represents the probabilities of performing individual learning and social learning,

respectively.

3.3.4 Sine-cosine Adaptive Mechanism

In this chapter, we observe that the individual and social learning parameter p i as well

as random learning parameter p r are extraordinarily important, since they directly de-

termine the balance between exploration and exploitation, and consequently influence

the performance of the algorithm. However, it is not easy to set the optimal parameters

of meta-heuristics, as they usually depend on the problems. Moreover, it is very hard to

get rid of local optima in some types of complex optimization problems. Thus, it is very

critical to determine when to increase (decrease) p i and p r for the purpose of increasing

(decreasing) the exploration/exploitation ability. As a result, the monotonous linear adap-

tive mechanisms are not that effective. Therefore, we propose a new adaptive mechanism

based on sine-cosine to dynamically strengthen the search efficiency and relieve the effort

of the parameter setting, as follows

p r = p rmid+p rmid× cos (I t e + r ) (3.13)
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Figure 3.1 Adaptive mechanism for p i and p r

p i = p imid+p rmid× sin (I t e + r ) (3.14)

r =







0, 0≤ r a nd ()≤ 0.5

1, e l s e
(3.15)

where p rmi d and p imi d are the middle point of fluctuation of p r and p i , respectively,

and I t e is the current iteration number. Fig 1 shows the change of the parameters. In

this way, various combinations of p r and p i are generated, so that the SCHLO is able to

intelligently handle the complex optimization cases.
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3.4 A Novel Weighted Fuzzy Time Series Method Based on

SCHLO

In this section we propose a novel weighted FTS forecasting method based on SCHLO

(WFTS-SCHLO). Specifically, we first propose several modifications for the basic FTS

method, by introducing three types of weights. These weights not only consider the fre-

quency based chronological order, but also take the stock volume into consideration. In

addition, based on our observation that there is a big influence of the short-term trend de-

veloped by neighbor series, we further propose a novel short-term trend repair operation to

complement the forecasting process. Then, SCHLO is utilized to find the optimal partitions

of intervals in the universe of discourse and the optimal weight factors simultaneously,

based on the historical training data. Next, using the optimal settings obtained by SCHLO,

the proposed model fuzzifies the historical data on each trading day into fuzzy sets, and

establishes fuzzy logic relationship groups. Finally, based on the fuzzified historical testing

data, the model performs defuzzification and uses the obtained optimal weight factors to

calculate the forecast outputs.

3.4.1 The Proposed Weighted FTS Model

In our model, the trapezoidal fuzzy numbers [208] with midpoints of intervals [37] are used

to analyze and derive the forecast values.

Definition 3.4.1. A fuzzy number A is said to be a trapezoidal fuzzy number, A = (a , b , c , d ),
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if its membership function has the following form:

µ
eA(x ) =











































0, x < a

x−a
b−a , a ≤ x ≤ b

1, b ≤ x ≤ c

d−x
d−c , c ≤ x ≤ d

0, x > d

(3.16)

Definition 3.4.2. Let A = (a1, b1, c1, d1) and B = (a2, b2, c2, d2) be trapezoidal fuzzy numbers,

and let λ be a real number. Then,

A⊕B = (a1+a2, b1+ b2, c1+ c2, d1+d2) (3.17)

λA =







(λa1,λb1,λc1,λd1) λ≥ 0

(λd1,λc1,λb1,λa1) λ≤ 0
(3.18)

Assume there are m intervals, which are u1 = [d1, d2], u2 = [d2, d3], ... , um−1 = [dm−1, dm−2],um =

[dm , dm+1]. The fuzzification process is as shown in Eq. 3.19 and the standard FLRs and

FLRGs are determined according to Definitions 3.2.3 and 3.2.4

fuzzify(F (t )) = Ai i f u (Ai ) =max[ u (Az )] f o r a l l z (3.19)

where where z = F (1), F (2), ..., F (t ) is the datum at time t ; and u (Az ) is the degree of mem-

bership of F (t ) under Az .

Following the above preparations of FTS, we next turn to the proposed weighting rules

that consider the frequency based chronological order and the stock volume. Generally,
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in our model, the forecast of stock is based on the trend of FTS in two aspects. One is

pattern trend (P T ), and the other is long-term trend (LT ). Specifically, for P T , suppose

we have observed the stock data F (t ) = st for t = 1,2, ..., N , and they are all assigned to

a fuzzified number Ai (e.g., f u z z i f y (F (N )) = An ) Our task is to predict F (N + 1). After

prediction, we will check if the same fuzzified number exists in the historical data, if it is

equal to An , and where the trend continues afterwards. As for LT , it means the model will

not focus on F (N ) but on the whole history data since as economy, the stock has its own

cycle [16]. The long-term trend, LT , will now focus on F (N ), but instead on the entirety of

the historical data, as, similar to the economy, stocks have their own cycle. Thus, we scan all

the F LR s and determine what the current cycle is, and what follows. Since the frequency,

chronological order, and stock volume all have a large influence over the trend in stock

time series data, we propose the following weight factors for getting an accurate P T and

LT .

3.4.1.1 PT Weight Factor

Let F (t0)→ Ap and F (t0+1)→ Aq , with V (t0) and V (t0+1), where V stands for stock volume,

have three relationships, t0→ t0+1, V (t0)→V (t0+1) and Ap → Aq . The weight associated

with this FLR, based on the two data points, is defined as follows:

wd =V (t0) ∗V (t0+1) ∗ s q r t [t0+ (t0+1)] (3.20)

Considering there may be lots of data in a logical relationship, Ap → Aq , the total weight

associated with this FLR is calculated as

wr =
∑

j
wd (3.21)
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where j is the number of data combinations that fall into the same F LR . On the other side,

Ap can also constitute many F LR s , namely Ap → Ak 1, Ap → Ak 2,..., Ap → Ak o , which forms

P T . Therefore, we have the P T weight as:

w k
P T =

w k
r

∑

o wr
(3.22)

where o is the number of F LR s Ap constitutes.

3.4.1.2 LT Weight Factor

Inspired by the jump theory in [154], here we use a jump metric together with the proposed

wd to measure the LT . Let δ = p − q be the jump between a F LR . Obviously, δ can be

positive, negative, and zero (representing a rise, fall, and square position in stock context).

Similar to P T , the total weight associated with δ is calculated as

w∆ =
∑

c
wd (3.23)

where c is the number of data combinations formed from the same jump. Accordingly, The

LT weight is calculated as

w k
LT =

w k
∆

∑

b w∆
(3.24)

where b is the number of deltas.

Based on the proposed P T and LT weight factors, we have a rough picture of the current

trend and are able to do the forecast. However, we find it is not enough to only take P T and

LT into account, since these two metrics are not closely related to the short-term trend.

In other words, although they have considered the chronological order, there is still the

possibility that the movement of a stock is largely influenced by a short period, only within
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a few days (e.g, the stock may continue to drop after a nose dive caused by ”black swan

event”). Therefore, the short-term trend should be carefully addressed. To this end, we

propose a short-term trend repair operation to further improve the forecast performance.

3.4.1.3 Short-term Trend Repair Operation

Let sl be the length of a short-term period we observed before the last observed data. Thus,

we have the sequence F (t −sl ), F (t −sl +1),..., F (t −1), F (t ) and the corresponding fuzzified

numbers A. Here, we use a differential strategy to recognize the short-term trend as follows.

D i f f (sl ) = A(t−sl+1)−A(t−sl )

D i f f (sl−1) = A(t−sl+2)−A(t−sl+1)

......

D i f f (2) = A(t−1)−A(t−2)

D i f f (1) = A(t )−A(t−1)

(3.25)

Then, we have a differential sequence D S = [D i f f (sl ), D i f f (sl −1), ..., D i f f (2), D i f f (1)]

for this short-term period, and to simulate three closing quotations (rise, fall, and square

position), D S is simplified to the following form:

D Sc =





c mp
�

D i f f (sl ) , 0
�

, c mp
�

D i f f (sl −1) , 0
�

, . . . , c mp
�

D i f f (2) , 0
�

, c mp
�

D i f f (1) , 0
�



 (3.26)

where c mp is the compare operation with 0, and it only returns -1, 0 and 1. The short-term

trend is now represented by D Sc , and the model will learn from historical data to output
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the result of this trend. Using a similar step, we have:

D Sc 1 => c mp
�

D i f f (0)1, 0
�

D Sc 2 => c mp
�

D i f f (0)2, 0
�

...

D Sc n => c mp
�

D i f f (0)n , 0
�

(3.27)

where D i f f (0) is the differential result between the fuzzified numbers A of next days data

and the last observed data in sequence. In other words, it is the output of the current

differential sequence. Since some D Ss in the historical data may be the same, the model

groups all the same D Ss by simply adding the corresponding output, and finally the model

gets the comprehensive trend results.

3.4.2 Fuzzy Forecast Outputs

In the forecasting step, we propose to use a linear combination of the above weight strategies

and repair operation, as shown in Eq. 3.28

eAt+1 =α eAP T +β eALT +γ eAR O (α+β +γ= 1) (3.28)

where

eAP T =w 1
P T Ak 1⊕w 2

P T Ak 2 .... ⊕w o
P T Ak o (3.29)

eALT =w 1
LT At+∆1⊕w 2

LT At+∆2 .... ⊕w b
LT At+∆b (3.30)

eAR O = At+D i f f (3.31)
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Here, t means the time stamp of last observed data.

3.4.3 Algorithm of the weighted fuzzy-trend time series method based

on SCHLO

In this section, SCHLO is utilized to find the optimal partitions of intervals in the universe

of discourse and the optimal weight factors simultaneously. The proposed weighted FTS

forecasting method proceeds as follows:

Step 1 Let the universe of discourse U of the main factor be [Dmi n −D1, Dma x +D2], where

Dma x and Dmi n are the maximum value and the minimum value of the historical

training data of the main factor, respectively; D1 and D2 are two proper positive real

values to let the universe of discourse U cover the noise of the testing data of the

main factor.

Step 2 Specify the control parameters of SCHLO, such as population size, p rmi d , and p imi d .

Randomly initialize the population, including interval length m and three weights

α, β , γ for optimization. The fitness values are calculated and initial I K D s and

S K D are generated. Each individual does the following sub-steps to calculate the

fitness value:

(a) Based on the generated interval length, define the fuzzy sets on U and fuzzify

the historical data as Eq. 3.19.

(b) Establish F LR s from the fuzzy time series, and F LR s and F LRG s according

to Definitions 3.2.3 and 3.2.4.

(c) Defuzzify and calculate the forecast outputs. Specifically, the algorithm first

calculates P T and LT weight factors and derives the eAP T and eALT according
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to Eq. 3.29 and Eq. 3.30, respectively. Then, short-term trend repair operation

is performed to get eAR O . Based on the obtained eAP T , eALT , and eAR o SCHLO

generates α, β , γ. The model can calculate eAt+1 according to Eq. 3.28. Finally,

the one-step forecast will be the middle point of the interval-valued mean of

eAt+1.

(d) Calculate the fitness value, i.e. the root mean square error (RMSE), as follows:

R M S E =

√

√

√

∑tmax

t=1 (Ft −Rt )
2

tmax
(3.32)

where tma x denotes the number of trading days of the historical training data,

Ft , denotes the forecast value of the validation datum on trading day t , and Rt

is the actual value of the historical validation datum on trading day t .

Step 3 Improvise new individuals. The new solutions are yielded by performing the adap-

tive p r and p i rule and the learning operators shown in Eqs. 3.12-3.15.

Step 4 Calculate the fitness of new candidates. The fitness value of new individuals is

computed as steps 2.1-2.4.

Step 5 Update the I K D s and S K D according to the fitness of the new individuals.

Step 6 Check the termination criterion. If the termination criterion is not met, steps 3 — 5

will be repeated to keep searching for the optimal parameters, otherwise go to the

next step.

Step 7 Based on the obtained optimal parameters, the model performs steps 2.1 — 2.4 to

calculate the final forecast on the test datasets.

62



3.5 Real-World Experiments and Results

3.5.1 Stock Market Data and Experimental Settings

To evaluate the forecast accuracy of the proposed model, we analyze data sets from four

major world trading markets (DJI, DAX, NIKKEI and TAIEX) obtained from Yahoo Finance

(https://finance.yahoo.com/). For every stock market index, we work with daily values

collected over three years, from January 2014 to December 2016. Data from 2014 and 2015

are used for training and validation, and data from 2016 is for testing. Similar to mainstream

financial forecast methods, a daily rolling horizon strategy is applied. Specifically, this

strategy preserves the size of each training set by eliminating the first observation and

by including the last observed quotes. Thus, the FLRs and FLGs, as well as all weighting

factors, are then re-evaluated. To compare the performance of the WFTS-SCHLO, four

state-of-the-art fuzzy time series methods with various strategies [42, 154, 193, 207] as well

as a standard HLO based WFTS (WFTS-HLO) are used for comparison. The performance is

measured by RMSE, Eq. 3.32. All of the parameters for the baseline models are set to those

reported in the initial publications. For our model, WFTS-SCHLO, the population size is

30, p imi d is set to 0.1, and p rmi d is set to 0.9. The number of iterations is fixed at 300. All

implementations are in Python, and programs were run on a PC with an Intel Core CPU

i7-4790 @3.60GHz and 16 GB RAM.

3.5.2 Results and Analysis

Fig. 2 shows the time series of the daily observations and the daily forecasts provided by

WTFS-SCHLO for the year 2016. Table 3.1 shows that WTFS-SCHLO consistently outper-

forms the baseline methods, having the lowest RMSE for its predictions in every market,
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Figure 3.2 Time series of the daily observations and the daily forecasts provided by WTFS-SCHLO
for the different markets in year 2016

which means our model has the best forecasting accuracy. In order to analyze the forecast

error achieved by each method, a statistical analysis was carried out. Table 3.2 shows the

adjusted p -values of the pairwise statistical comparisons of the RMSE forecast errors, per-

formed through the paired t-test at Holm’s adjustment. The statistical analysis reveals that

there are significant differences between our model and the other forecasting methods, in

favor of the proposed model.
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Table 3.1 The Forecast performance (RMSE) of four stock markets

Markets
Models Yu

model [207]
Cheng

model [42]
Wang

model [193]
Rubio

model [154] WTFS-HLO WTFS-SCHLO

DOJ 174.81 172.51 468.36 141.59 139.06 136.53
DAX 137.23 138.74 335.29 132.92 130.09 127.53

NIKKEI 267.37 262.04 514.18 284.77 259.40 252.29
TAIEX 82.17 82.84 199.35 74.54 72.91 69.46

Table 3.2 Adjusted p -values of the pairwise comparison of the RMSE forecast errors between WTFS-SCHLO with different
models

Markets
Models Yu

model [207]
Cheng

model [42]
Wang

model [193]
Rubio

model [154] WTFS-HLO

DOJ 6.41e-3 0.002 4.54e-12 0.021 0.038
DAX 0.008 1.84e-3 5.07e-10 0.017 0.029

NIKKEI 0.012 0.019 7.30e-11 5.25e-3 0.034
TAIEX 0.026 0.015 4.81e-10 0.031 0.042
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3.6 Conclusions

In this chapter, an intelligent weighted fuzzy time series model is presented for financial

market forecasting. The model utilizes a sine-cosine adaptive human learning optimization

algorithm to search for the optimal parameters, improving forecasting performance. New

weighted operators that consider frequency based chronological order and stock volume

are analyzed and integrated with SCHLO to determine the effective universe discourse

and intervals. Furthermore, a novel short-term trend repair operation is developed to

complement the final forecasting process. Finally, the proposed model is applied to data

from four major world trading markets, the Dow Jones Index, the German Stock Index, the

Japanese Stock Index, and Taiwan Stock Index. The experimental results demonstrate that

the proposed model consistently outperforms its counterparts, in terms of accuracy. The

easy implementation and effective forecasting performance suggest our proposed model

could be a favorable market application prospect.
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4
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4.1 Introduction

Previous research has shown that the volatility of financial market is often influenced by dif-

ferent investment behaviors between various institutions and/or individual investors [212]

such as psychological differences [137], investment experiences [132], short and long-term

expectations [71]. and even different interpretation of government policies [12]. Therefore,

although the observation of the financial market is a single time series, it can be a mix-

ture of several sub-series generated by different institutions or individuals. Thus, creating

forecasting models based only on a single observed series is not enough and may lead to

bottlenecks. On the other hand, most models only depend on the historical trend indicated

by the fuzzy logic group but ignore the big influence of the volatility direction indicated

by neighborhood. In addition, many existing models are very sensitive to parameters set-

tings such as the length of interval and thus forecast accuracy will be much reduced with

inappropriate parameter settings in various real-world applications [41].

Therefore, to address the above weakness of existing FTS models, a novel Intelligent

and Hybrid Weighted Fuzzy (IHWF) time series model is proposed in this chapter. We

first adopt Empirical Mode Decomposition (EMD) [79] to extract the possible modes of

various kinds of institutional and individual investors embedded in an observed time

series. Then, we propose a New Weighted FTS (NWF) that considers both chronological-

order based frequency and the neighborhood volatility direction (NVD). The NWF will

perform the proper forecasting according to various sub-series extracted by EMD and

all the predicted results are aggregated as the final forecast. Finally, to optimize the NWF

automatically and globally, a novel evolutionary algorithm, Adaptive Sine-Cosine Human

Learning Optimization (ASCHLO), is developed and deployed. To the best of our knowledge,

no existing FTS models decompose the financial time series to analyze the inner forecast
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process. The solution framework designed in this research is unique and significantly

improves the forecast accuracy.

4.2 Preliminaries

This section briefly reviews the relevant studies on empirical mode decomposition, fuzzy

sets and fuzzy time series.

4.2.1 Empirical Mode Decomposition

Empirical Mode Decomposition, introduced by Huang et al. [79] is an adaptive decomposi-

tion method for nonlinear and non-stationary time series data using the Hilbert-Huang

transform (HHT). The EMD is based on the simple assumption that any signal consists of

different components, thus any data may have different coexisting modes of oscillations at

the same time. Given this, the time series can be decomposed into a group of zero mean

and quasi-periodic signals. Each component is called an intrinsic mode function (IMF),

and this is added to a residue series that represents the different scales of the original time

series. Together, these form the adaptive and physical basis of the data as given in Eq. 4.1:

x (t ) =
m
∑

i=1

ci (t ) + r (t ) (4.1)

where x (t ) is the original time series data, each ci (t ) represents the i th IMF, and r (t ) is the

residual component. The detailed procedure of EMD is briefly explained in Algorithm 4.1.

The EMD components (IMFs and residue signal) represent different characteristics of

the original signal. Fig. 1, an example of the decomposed TAIEX from 2004, demonstrates

this difference. As can be seen from the figure, each component has different characteristics
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Algorithm 4.1 Empirical Mode Decomposition

1: Identify all extrema (local maxima xma x [n ] and minima xmi n [n ]) of the time series x (t )
2: Connect xma x [n ] by a cubic spline to define the upper envelope, U (t ), and xmi n [n ] by a

second cubic spline to define the lower envelope, L (t )
3: Calculate mean of the envelope m (t ), i.e., m (t ) = (U (t ) + L (t ))/2
4: Compute the difference to obtain an IMF candidate h (t ) = x (t )−m (t ).
5: Check if h (t ) satisfies the condition of an IMF property, i.e., the envelopes are symmetric

with respect to zero mean under certain criteria
6: if h (t ) is an IMF, take h (t ) as the i th IMF, and replace x (t ) with the residual Ri (t ) =

x (t )−h (t ). Otherwise, repeat Steps 2 to 5 until a valid IMF function h (t )i s f o und .

which implies that the market is driven by different investment modes at same time. For

example, IMF1 may represent High-Frequency Trading mode while residual could represent

a Long-Term Investment mode.

4.2.2 Fuzzy Time Series

Song and Chissom [166–168] first introduced the concept of a fuzzy time series, based on

the fuzzy set theory [208].

Definition 4.2.1. [208] Let U = {u1, u2, ..., un} be the universe of discourse. The fuzzy set A in

the universe of discourse U can be defined as follows:

A = fA(u1)/u1+ fA(u2)/u2+ ...+ fA(un )/un (4.2)

where fA is the membership function of the fuzzy set A, fA : U → [0, 1], and fA(ui ) denotes the

degree of membership of ui belonging to the fuzzy set A, with fA(ui ) ∈ [0, 1] and 1≤ i ≤ n.

Definition 4.2.2. [167] Let Y (t )(t = ...,0,1,2, ...), a subset of R (set of real numbers) be the

universe of discourse in which fuzzy sets fi (t )(i = 1, 2, ...) are defined. If F(t) is a collection of

fi (t )(i = 1, 2, ...), then F(t) is called a fuzzy time series on Y(t)(t=...,0,1,2,...).
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Figure 4.1 The IMFs and residual of TAIEX from 2004 decomposed by EMD

Definition 4.2.3. [167] Let F (t −1) = Ai and F (t ) = A j . The fuzzy logical relationship between

F (t −1) and F (t ) is referred by Ai → A j , where Ai is called the left-hand side and A j is the

right-hand side of the fuzzy logical relationship.

Definition 4.2.4. [37] Suppose there are fuzzy logical relationships with the same left-hand

side Ai such that Ai → A j 1, Ai → A j 2, ..., Ai → A j n . These fuzzy logical relationships can be

grouped into a fuzzy logical relationship group, shown as Ai → A j 1, A j 2, ..., A j n .

Definition 4.2.5. [154] Let F (t −1) = Ai and F (t ) = A j , for i , j = 1, 2, ..., m, which is denoted

as Ai → A j . Then k = j − i is the jump associated to this fuzzy logical relationship.
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4.3 Adaptive Sine-cosine Human Learning Optimization Al-

gorithm

Human Learning Optimization (HLO), which was presented recently by [190], is an evolu-

tionary computation method inspired by the human learning mechanisms, and has been

successfully used to resolve optimization problems in different applications [30, 191, 192].

Due to the simple but effective structure of HLO, it does not need the gradient information

in its optimization procedure, which is very suitable for the FTS optimization. In this sec-

tion, we first briefly introduce the basic techniques of HLO and then propose the adaptive

sine-cosine mechanism to further improve the performance of HLO.

In HLO, three learning operators - a random learning operator, an individual learning

operator, and a social learning operator - are used to yield new candidates to search for the

optima. These attempt to mimic human learning processes, as described in more detail in

[190]. The learning operators are based on the knowledge stored in the individual knowledge

data (I K D ) and social knowledge data (S K D ), and can be further integrated and operated

to improve learning as shown in Eq. 4.3

xi j =



















R a nd (0, 1), 0≤ r a nd ()≤ p r

i kp j , p r < r a nd ()≤ p i

s kq j , e l s e

(4.3)

where i k and s k are individuals in I K D and S K D . p r is the probability of random learning,

and the values of (p i−p r ) and (1−p i ) represents the probabilities of performing individual

learning and social learning, respectively.

Adaptive Sine-cosine Mechanism Based on our observation, the parameters p i and
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p r are extremely important. Since the search balance between the exploration and ex-

ploitation are directly determined by these two parameters, they consequently influence

the performance of the algorithm. However, in basic HLO, the value of the two parameters

are set with fixed value by trial and error which may have a big impact on performance,

especially for various types of complex optimization problems. Therefore, we propose a new

adaptive mechanism based on sine-cosine to dynamically strengthen the search efficiency

and relieve the effort of the parameter setting as Eqs. (4.4-4.5),

p r = p rmid+p rmid× sin (I t e ) (4.4)

p i = p imid+p rmid× cos (I t e +1) (4.5)

where p rmi d and p imi d are the mid-points of fluctuation of p r and p i , respectively, and

I t e is the current iteration number. In this way, various combinations of p r and p i are

generated, so that ASCHLO is able to intelligently handle complex optimization cases.

4.4 The Intelligent and Hybrid Weighted Fuzzy Time Series

Model Based on ASCHLO

We propose a novel intelligent and hybrid weighted fuzzy time series model (IHWF) based on

ASCHLO. We first apply the EMD technique to decompose the original financial time series

into several sub-series and then introduce a concept of the neighborhood volatility direction

(N V D ). By integrating two types of weights, we modify and improve the basic FTS model.

These weights not only consider the chronological-order based frequency but also take
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N V D into consideration. Subsequently, we use this weighted FTS to develop a forecasting

model for each sub-series, and to make the corresponding prediction for possible modes

extracted from original observations. In this process, ASCHLO is globally utilized to optimize

the associated parameters such as the partition of intervals, the weight factors both in

N V D and forecast process. Finally, the final forecasting result of the original time series is

calculated by aggregating all the forecasting results of extracted modes obtained through

appropriate IHWF model.

4.4.1 The Proposed Weighted FTS Model

In our model, the trapezoidal fuzzy numbers [208] with midpoints of intervals [37] are used

to analyze and derive the forecast values.

Definition 4.4.1. A fuzzy number A is said to be a trapezoidal fuzzy number, A = (a , b , c , d ),

if its membership function has the following form:

µ
eA(x ) =











































0, x < a

x−a
b−a , a ≤ x ≤ b

1, b ≤ x ≤ c

d−x
d−c , c ≤ x ≤ d

0, x > d

(4.6)

Definition 4.4.2. Let A = (a1, b1, c1, d1) and B = (a2, b2, c2, d2) be trapezoidal fuzzy numbers,

and let λ be a real number. Then,

A⊕B = (a1+a2, b1+ b2, c1+ c2, d1+d2) (4.7)
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λA =







(λa1,λb1,λc1,λd1) λ≥ 0

(λd1,λc1,λb1,λa1) λ≤ 0
(4.8)

Assume there are m intervals, which are u1 = [d1, d2], u2 = [d2, d3], ..., um−1 = [dm−1, dm−2]

and um = [dm , dm+1]. The fuzzification process is as shown in Eq. 4.9 and the standard F LR s

and F LRG s are determined according to Definitions 4.2.3 and 4.2.4

fuzzify(F (t )) = Ai i f u (Ai ) =max[ u (Az )] f o r a l l z (4.9)

where z = F (1), F (2), ..., F (t ) is the datum at time t ; and u (Az ) is the degree of membership

of F (t ) under Az .

Following the above background on FTS, we introduce the proposed weighting rules

considering the neighborhood volatility direction and chronological-order based frequency.

In our model, all forecasts are based on two aspects of FTS: one is neighborhood volatility

direction (N V D ) , and the other is long-term trend (LT ) analysis.

4.4.1.1 Neighborhood Volatility Direction

Suppose we have observed stock data F (t ) = st for t = 1, 2, ..., N and they are all assigned to

a fuzzified number Ai (e.g., f u z z i f y (F (N )) = An ), let F (t0)→ Ap and F (t0+1)→ Aq . When

predicting F (N +1), traditional fuzzy logical groups (F LR s ) only consider the historical

trend based on An . For example, if An constitutes several F LR s in a historical time series,

i.e., An → Ak 1, An → Ak 2, ..., An → Ak p , the output of the forecast will be either the mean

or the median of these intervals. However, this inference has two deficiencies which may

negatively impact the forecast performance: firstly, if An does not belong to any F LR s

(e.g., the index reaches record highs or lows), this inference will be invalid; secondly, the
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Figure 4.2 Illustration of NVD

model ignores short-term trends at the current point. To illustrate this, consider the time

series in Fig. 2 - we now have F (N ) (labeled as point O ) and need to forecast F (N + 1).

Assume there are four historical points (i.e., P1, P2, P3, P4 in Fig. 2), which have the same

fuzzified number as O - traditional methods will then take all four points into consideration.

However, financial markets usually have their own inertial trend [23] and from Fig. 2, O is

currently in an up-trend, indicated by its neighborhood. So it is not appropriate to take

P2 and P4, which could have negative impact, into account. Therefore, to address these

deficiencies, we propose the concept of neighborhood volatility direction.

Definition 4.4.3. Let F (t ) = Ak 1, F (t − 1) = Ak 2, ..., F (t − n ) = Ak n , where Ak n is fuzzified

number and n is a small positive integer. The neighborhood volatility direction for F (t ) is

denoted as N V D (t ) = [Ak 1, Ak 2, ..., Ak n ].

Definition 4.4.4. Suppose i, j are two data points in a certain time series, let N V D (i ) =

[Ak 1, Ak 2, ..., Ak n ] and N V D ( j ) = [A ′

k 1, A
′

k 2, ..., A
′

k n ]. The NVD distance (DN V D ) is defined as
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follows:

DN V D = |Ak 1−A
′

k 1|+ ... + |Ak n −A
′

k n | (4.10)

In the proposed method, the top-N historical points with the shortest distance will be

determined and weighted for the current forecast by DN V D . The weight associated with

these points is chronological-order, as follows:

w k
NVD =

tk
∑

n t
(4.11)

where tk means the time stamp of k th point selected.

4.4.1.2 Long-Term Trend

Inspired by jump theory in [154], here we also use jump metric together with chronological-

order to measure the long-term trend:

Definition 4.4.5. [154] Let F (t −1) = Ai and F (t ) = A j , for i , j = 1,2,3..., which is denoted

as Ai → A j . Then k = j − i is the jump associated to this fuzzy logical relationship.

Let∆ be the jump between a F LR . Obviously,∆ can be negative, zero and positive (rep-

resents rise, square and fall in stock context). Similar to N V D , the total weight associated

with∆ is calculated as:

w∆ =
∑

m
t (4.12)

where m is the number of data combinations constitute the same jump. Accordingly, the

LT weight is calculated as:

w q
LT =

w q
∆

∑

p w∆
(4.13)

where p is the number of jumps in time series.
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4.4.2 Fuzzy Forecast Outputs

In the forecasting step, for each IMF, we propose to use a linear combination of the above

weight strategies as shown in Eq. 4.14

eAt+1 =α eAN V D +β eALT (α+β = 1) (4.14)

where

eAN V D =w 1
N V D Ak 1⊕w 2

N V D Ak 2⊕ .... ⊕w o
N V D Ak n (4.15)

eALT =w 1
LT At+∆1⊕w 2

LT At+∆2⊕ .... ⊕w q
LT At+∆p (4.16)

and where t is the time stamp of most recently observed data. Similar as IMFs, the final

forecast is calculated as Eq. 4.17

eFt+1 = γ eFa g g r + (1−γ) eFLT (4.17)

where eFa g g r is aggregated results of all IMFs and eFLT is calculated similar as eALT based on

actual observed data.

4.4.3 Algorithm for IHWF based on ASCHLO

In this section, ASCHLO is globally utilized to find the optimal partitions of intervals in the

universe of discourse and the optimal weight factors including the number of top-N points

selected (N T P ), N V D weights and LT weights simultaneously. The proposed model is

now presented as follows:

Step 1: Apply EMD to decompose the original time series x (t ) to IMF components ci (t )(i =

78



1, 2, 3, ..., m ) and one residual component r (t ).

Step 2: For each IMF and residual component, let the universe of discourse U be [Dmi n −

D1, Dma x +D2], where Dma x and Dmi n are the maximum and the minimum values

of the historical training data; D1 and D2 are two positive real values to allow the

universe of discourse U to cover the noise of the testing data.

Step 3: Specify the control parameters of ASCHLO, such as population size, p rmi d , and

p imi d . Randomly initialize the population, including interval length l and three

weights, i.e., N T P , α, β and γ for optimization. The fitness values are calculated

and initial I K D s and S K D are generated. Each individual performs the following

sub-steps to calculate the fitness value:

(a) Based on the generated interval length, define the fuzzy sets on U and fuzzify

the historical data as Eq. 4.9.

(b) Establish F LR s from the fuzzy time series, and F LR s and F LRG s according

to Definitions 4.2.3 and 4.2.4.

(c) Defuzzify and calculate the forecast outputs. Specifically, the algorithm first

calculates N V D and LT weight factors and derives the eAN V D and eALT accord-

ing to Eq. 4.15 and Eq. 4.16, respectively. Based on the obtained eAN V D and eALT ,

as well as N T P , α, β and γ generated by ASCHLO. The model can calculate

eAt+1 according to Eq. 4.14. Finally, the one-step forecast will be the middle

point of the interval-valued mean of eAt+1.

(d) Calculate the fitness value, i.e. the root mean square error (RMSE), as follows:

R M S E =

√

√

√

∑tmax

t=1 (Ft −Rt )
2

tmax
(4.18)
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where tma x denotes the number of trading days of the historical training data,

Ft , denotes the forecast value of the validation datum on trading day t , and

Rt is the actual value of the historical validation datum on trading day t .

Step 4: Improvise new individuals. New solutions are yielded by performing the adaptive

p r and p i rule and the learning operators shown in Eqs. 4.3-4.5.

Step 5: Calculate the fitness of new candidates. The fitness value of new individuals is

computed as steps 3.a—3.d.

Step 6: Update the I K D s and S K D according to the fitness of the new individuals.

Step 7: Check the termination criterion. If the termination criterion is not met, steps 3—6

will be repeated to keep searching for the optimal parameters, otherwise go to the

next step.

Step 8: Based on the obtained optimal parameters, the model performs steps 3.a—3.d to

calculate the final forecast on the test datasets.

Step 9: Ultimately, the forecasting results of all extracted IMFs and residual component

obtained by appropriate IHWF model are aggregated as the final forecast for the

original financial time series using Eq. 4.1 and Eq. 4.17.
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Table 4.1 The comparison of per-year RMSE and average RMSE for different models when forecasting the TAIEX from Novem-
ber to December (1990 to 2004). Overall, our model (IHWF) obtains the lowest average RMSE, and is the highest ranked model.

Year
Models Chen

[37]
Yu
[207]

Lee
[107]

Huarng
[81]

Egrioglu
[55]

Cai
[29]

Chen
[40]

Cheng
[44]

Wang
[193]

Zhang
[214]

IHWF

1990 249.31 227.15 278.94 199.65 182.42 187.10 172.89 168.77 232.58 176.25 173.12
1991 80.49 61.27 91.62 54.96 49.43 39.58 72.87 46.63 75.12 43.70 42.58
1992 60.05 67.75 78.59 61.03 50.61 39.37 43.44 45.53 64.30 40.35 39.10
1993 110.84 105.39 122.48 117.62 104.34 101.26 103.21 105.30 121.07 102.94 101.78
1994 112.07 135.29 141.13 88.34 78.50 76.32 78.63 77.17 128.96 69.38 67.83
1995 79.85 70.22 77.75 64.20 62.29 56.05 66.66 50.34 74.12 52.99 47.61
1996 54.64 54.31 59.82 52.95 51.33 49.45 59.75 53.19 55.43 51.16 52.30
1997 148.29 133.04 166.70 135.99 129.51 123.98 139.68 131.45 147.62 113.54 112.16
1998 167.84 151.27 184.55 136.46 132.07 118.41 124.44 115.89 166.94 114.93 115.05
1999 149.80 142.01 165.39 131.85 125.47 102.34 115.47 100.74 152.11 102.77 109.36
2000 176.57 191.31 277.82 121.78 156.58 131.53 123.62 125.62 225.82 150.39 129.58
2001 148.66 167.79 171.02 149.97 113.20 112.59 123.85 113.04 128.01 112.33 110.25
2002 101.40 75.11 112.45 89.13 85.95 60.33 71.98 62.94 92.07 66.41 68.85
2003 74.35 66.47 128.45 53.38 65.67 51.54 58.06 51.16 132.88 52.66 51.23
2004 82.32 72.34 75.58 67.11 61.14 50.33 57.73 54.25 58.40 54.95 54.15

Average RMSE 119.76 114.71 137.11 101.62 96.56 86.67 94.15 86.80 123.69 86.98 84.99
Ranking 9 8 10 7 6 2 5 3 11 4 1
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4.5 Real-World Experiments and Results

4.5.1 Stock Market Data and Experimental Settings

To evaluate the forecast accuracy of the proposed IHWF model, the actual trading data

of Taiwan Capitalization Weighted Stock Index (TAIEX) is used as benchmark. We work

with daily values collected over 15 years, from January 1990 to December 2004 and also

adopt the ten-month/two-month split for training/testing. That is, the historical data of

the TAIEX of each year from January to October is used as the training set and the data from

November to December is used as the test set. This is the same split used in existing fuzzy

forecasting methods [29, 40, 44, 55, 214]. We compare the performance of the proposed

IHWF model with ten well-known fuzzy time series methods using a variety of strategies

[29, 37, 40, 44, 55, 81, 107, 193, 207, 214]. The performance is evaluated using RMSE as in

Eq. 4.18.

All of the parameters for the baseline models are set to those reported in the initial

publications. For our model, the population size is 30 and the NVD length is 2. p imi d

and p rmi d are set to 0.9 and 0.1 respectively. The number of iterations is fixed at 50. All

implementations are in Python, and experiments were run on a PC with an Intel Core CPU

i7-4790 @3.60GHz and 16 GB RAM.

4.5.2 Results and Analysis

Table 4.1 shows a comparison of per-year RMSE and the average RMSE for different methods

when forecasting the TAIEX from 1990 to 2004. We also include the ranking of different

methods in the bottom row. From the above comparisons, we can observe that the proposed

IHWF method does not always outperform the baselines for each year, but it does best in
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Figure 4.3 The actual daily quotes and the forecasts provided by IHWF for TAIEX from November
to December (1999 to 2004). Time is measured in working days.

one third of the years (5 out of 15). These kinds of mixed results are very common in the

field of stock market prediction because different drivers and forces are influencing the

stock market during a given time period (for instance, ‘bear’ and ‘bull’ markets). However,

the long time span over which we performed our experiments does provide evidence for the

efficacy of our proposed method, which leads to the lowest average RMSE shown in Table

4.1. Finally, Figure 4.3 shows time series of daily forecasts provided by IHWF alongside the

actual daily observations for the year 1999—2004. We surmise that the IHWF model is more

effectively addressing the hysteresis problem of stock index forecasting, especially when

the market exhibits cycles of boom (e.g., Year 2001) and bust (e.g., Year 2000). Although it

is very hard to do the accurate forecast in some periods with more volatile (especially in

a very short time span), our model can still capitalize the market trend which may help

investors do a better decision making.
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4.6 Conclusions

A new intelligent hybrid weighted fuzzy time series model has been presented for financial

market forecasting. The model uniquely combines empirical mode decomposition with a

novel weighted fuzzy time series method and is enhanced by an adaptive sine-cosine human

learning parameter optimization method. The proposed algorithm considers chronological-

order based frequency and, in addition, a neighborhood volatility direction is analyzed and

integrated with ASCHLO in order to determine the effective universe discourse, intervals

and weights. The proposed model is evaluated against actual trading data from the TAIEX

index from 1990 to 2004. Our experimental results demonstrate that the method addresses

the hysteresis problem of stock market forecasting, and outperforms its counterparts over

the long term, in terms of RMSE. The combination of a relatively simple implementation

and effective forecasting performance suggests that our proposed model is suitable for

next-generation market forecasting applications.
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CHAPTER

5

CONCLUSIONS AND FUTURE WORK

5.1 Conclusions

This dissertation has presented several efficient data-driven methods for BI, especially in

terms of E-Commerce and financial market analysis. We started by motivating this work

from the observations that few of current recommendation approaches attempt to directly

optimize business revenue — instead optimizing ‘proxy’ factors, such as customer purchase

likelihood.Optimizing revenue directly is a more challenging task than predicting customer

behavior since it involves a larger range of factors, such as real time price, customer interest

trend, retailers’ sale and so on. Therefore, the economic utility of a product is important to
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take into account because it directly influences the demand, and price, of each product.

To do so, in Charter 2, we focus on the real time utility model for revenue optimization

since this model can truly reflect the integrated information towards revenue, rather than

only optimizes users’ adoption rate as previous works did. Specifically, we first define the

problem of utility-recommendation towards revenue optimization. Then we set out a new

research challenge: real-time utility-based recommendation. To solve this challenge, we

combine an adaptive online Top-K high utility itemsets mining model with rating and

frequency information. In addition, to make the algorithms more personalized, we also

take the buying power of customers into consideration and then propose a simple but ef-

fective method to estimate the consumers’ willingness to pay. Finally, we conduct extensive

experiments on Amazon, Foodmart and ChainStore datasets to show the effectiveness of

the proposed algorithms.

Inspired by the concept of utility, in Chapter 3, we develop an intelligent weighted fuzzy

time series model for financial markets forecasting.we first develop and deploy a novel

evolutionary algorithm, Sine-Cosine adaptive Human Learning Optimization (SCHLO), to

optimize the FTS and required parameters automatically and globally. Human Learning

Optimization (HLO). Thanks to the simple but effective structure of HLO, it does not need

the gradient information in its optimization procedure, which is very suitable for the FTS

optimization. Second, new weighted operators that consider the frequency based chrono-

logical order and stock volume are analyzed and integrated with SCHLO for optimization.

Finally, a novel short-term trend repair operation is developed to complement the final

forecasting process. we analyze the experimental results of the proposed FTS forecasting

method and several state-of-the-art weighted fuzzy time series methods, when applied to

forecasting several stock indices (Dow Jones Index (DJI), the German Stock Index (DAX),

the Japanese Stock Index (NIKKEI), and Taiwan Stock Index (TAIEX). Experimental results
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show that our model is consistently more accurate than the baseline methods. The easy

implementation and effective forecasting performance suggest our proposed model could

be a favorable market application prospect.

In Chapter 4, we notice that although the observation of the financial market is a single

time series, it can be a mixture of several sub-series generated by different institutions or

individuals. Thus, creating forecasting models based only on a single observed series is

not enough and may lead to bottlenecks. On the other hand, most models only depend

on the historical trend indicated by the fuzzy logic group but ignore the big influence

of the volatility direction indicated by neighborhood. Therefore, to address the above

weakness of existing FTS models, a novel Intelligent and Hybrid Weighted Fuzzy time series

model is proposed in this chapter. We first adopt Empirical Mode Decomposition to extract

the possible modes of various kinds of institutional and individual investors embedded

in an observed time series. Then, we propose a New Weighted FTS that considers both

chronological-order based frequency and the neighborhood volatility direction. The NWF

will perform the proper forecasting according to various sub-series extracted by EMD

and all the predicted results are aggregated as the final forecast. Finally, to optimize the

NWF automatically and globally, a novel evolutionary algorithm, Adaptive Sine-Cosine

Human Learning Optimization , is developed and deployed. To the best of our knowledge,

no existing FTS models decompose the financial time series to analyze the inner forecast

process. The solution framework designed in this research is unique and significantly

improves the forecast accuracy.
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5.2 Future Work

Business intelligence, especially driven by the data, is one of the most attractive fields of

interdisciplinary research. There are many directions that could be expanded upon the

work we presented in this dissertation.

5.2.1 Scope for Revenue Optimization

In this dissertation, we optimize the revenue based on recommender system. Thus, a future

study might consider the further improvement of recommender system for the revenue

purpose. Although recommendation for e-commerce now has been much more compre-

hensive, we still have several challenges such as context-aware and interaction limitations.

[78, 153]. Cross-domain recommendation is a trend of next generation of commendation.

For example, the appropriate recommendations are not only based on the browsing history,

purchase history or product utility information but also related to the email conversation,

social network activities or even weather changes. Therefore, how to connect these do-

mains and deign the algorithms which can efficiently do the recommendation for revenue

optimization based on these multi-domain data should be a very interesting future work.

In addition to recommender system, some researchers have shown their interests to-

wards revenue optimization from the perspective of dynamic pricing model [19], sequential

purchase contexts [141] and resource allocation [87]. Therefore, depends on the demands

of revenue optimization, another future work might consider the hybrid model with het-

erogeneous perspectives such as economic pricing model or heuristic approach together

to achieve some synergy between different mechanisms for the objective of revenue opti-

mization.
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5.2.2 Scope for Financial Forecasting

The current proposed fuzzy time series model is based on the pure time series data. As

we know, on the one hand, the financial markets nowadays can be influenced or quickly

act upon the emergencies or breaking news [124]. On the other hand, advanced internet

technologies allows us to incorporate previously unexplored sources, such as text, image

and even video data from social media or social network, into modern forecasting models

[110]. Obviously, unlike the pure time series data, we need to handle huge volumes of

different types of data. Considering the fast development of various neural network and

deep learning techniques nowadays, it is very promising to introduce these techniques to

our model. Also, with the help of the powerful GPU computation resources, the researchers

could not only build a hybrid model incorporating heterogeneous data but can also track

the dynamic changes of financial market more efficiently and also explore the potential

power of the plenty history data of different types.

Besides, the global financial markets are becoming more interactional. For example, if

the stock market of USA slumps, then the Chinese market next day would open lower. Also,

the crude oil market may still have some impact of the stock market. Therefore, another

future study might consider incorporating multiple markets to train the model using various

inputs.

In addition, although the financial market changes dynamically, it still has its intrinsic

economic rules. For example, no mater how the market fluctuates, it always see-saws

from bull and bear market with the periodicity. Thus, we may consider to introduce some

economical knowledge for improving the robustness of the model.

Finally, in Chapter 4, we introduce the basic EMD to decompose the time series and the

forecast performance is influenced by the results of EMD. Thus, another interesting future
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work might be creating heuristic or approximation methods for EMD which can adaptively

optimize the IMFs and residual for a better decompose results, especially for the financial

markets. In this way, the forecast results may be much improved.
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