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Abstract  

Private banking is a business area in which the investor requires tailor-made advice. Because of the 

current market situation, investors are requiring answers to difficult questions and looking for assurance 

from wealth managers. Private bankers need to have deep knowledge about an innumerable list of 

products and their characteristics as well as the suitability of each product for the client’s characteristics 

to be able to offer an optimal portfolio according to client expectations. Client and portfolio diversity 

calls for new recommendation and advice systems focused on their specific characteristics. This paper 

presents PB-ADVISOR, a system aimed at recommending investment portfolios based on fuzzy and 

semantic technologies to private bankers. The proposed system provides private bankers with a powerful 

tool to support their decision process and help deal with complex investment portfolios. The system has 

been evaluated in a real scenario obtaining promising results. 

 

Keywords: Semantic technologies; fuzzy logic; recommender systems; investment portfolio 

1. Introduction 

Private banking is a business area in which high net worth and/or high-income private individuals are 

offered tailor-made financial advisory, investment, and management services on a comprehensive, long-

term basis [23]cited in [24]. The origins of the private banking sector can be traced back to London’s 

goldsmith-bankers who, in the 17
th 

century, were described as “Goldsmiths keeping Running Cashes” in 

other words, giving negotiable receipts in exchange for silver and other valuables [41] cited in [7]. In the 

18
th

 century, private banks targeted two distinct groups within London (UK). In the City, bankers such as 

Glyn Mills served the banking needs of merchants and manufacturers, whereas in the West End, bankers, 

such as Child & Co and Drummonds, served the aristocracy and gentry [7]. 

  

Today, private banking can be described in terms of the services offered, the market environment, 

and the target group [24]. The services offered in private banking include traditional banking services as 

well as new added value services such as financial planning and alternative investments [74]. The private 

banking services differ from the financial services offered to individual customers in general [3]. These 

types of services are often long-term investments which are heterogeneous and highly complex, making it 

difficult for consumers to acquire enough knowledge about the services to be able to understand and 

influence their situation. Compared to retail banking customers, private banking customers are unique in 

that they have large deposits and high economic status. Consequently, banking executives have found that 

private banking customers require exceptionally high and consistent levels of service quality [52]. In 

short, private banking can be defined as a “high contact'” service, owing to the fact that customers' direct 

contact with service providers is relatively intense [52]. 

 

Back in 2005 the market environment in private banking was favourable. Financial markets have 

recovered since 2003, but clients are now more conservative [46]. In today’s environment, , obtaining top 

line revenue growth has become more difficult and achieving growth in client assets is becoming harder, 

with significant differences between onshore and offshore growth rates [46]. The target group of private 

banking is in practice often described in terms of the amount of the individual’s wealth (core affluents, 

high net worth individuals, ultra high net worth individuals) and how they came by it (old rich versus new 

rich) [24]. Today, clients in private banking are becoming more sensitive to price and service quality and 

are better informed and less loyal to banking institutions and advisors [24]. Furthermore, private banking 

now finds itself in a more competitive environment with additional competition from newer business 

models such as family offices and hedge fund providers [45].  
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Although private banks world-wide in 2009 were challenged by shrinking margins, an overriding 

trend in profitability during this last year cannot be observed. Some markets with traditionally high 

margins are becoming more competitive, whereas others continuously show stable margins [9]. 

According to [65] with asset values down, lower trading volumes and clients focused on lower margin 

products, revenue prospects are severely reduced; thus, clients are expecting more from their wealth 

manager, asking difficult questions and looking for assurance. Moreover with the current economic 

recession, stakeholders’ loyalty and support are very important to businesses [75]. 

 

Focused use of client relationship management (CRM) enabling tools and technology is now deemed 

to provide substantial competitive advantage. But CRM should support a true client-centric organization 

that addresses multiple channels with robust front-office technology tools [65]. For less wealthy clients, 

wealth managers are increasingly directing CRMs to follow specific advice-centric processes, thus, 

focusing their needs on recommendations and advisory systems. Following this trend, this paper presents 

PB-ADVISOR, a system based on fuzzy and semantic technologies, aimed at recommending investment 

portfolios to private bankers. 

 

The paper consists of five sections and is structured as follows. Section 2 reviews the relevant 

literature. Section 3 discusses the main features of PB-ADVISOR, including the conceptual model, 

algorithmics and architecture. Section 4 describes the evaluation of the tool, including a description of the 

sample, the method, results and discussion. Finally, the paper ends with a discussion of research findings 

in Section 5, and in Section 6 concluding remarks are presented. 

2. Literature Review 

Due to the increasing importance and maturity of Artificial Intelligence (AI), AI techniques and tools 

have been successfully used in a variety of business fields including marketing, accounting, management 

information systems and production management [12]. As a result, several works reflect the importance 

of AI as a support for financial issues. Within this area, there are several works that report interesting 

results: stock behaviour prediction (e.g. [13]; [66]), bankruptcy (e.g. [61]), credit scoring (e.g. [80]; [87]), 

financial crises and failures (e.g. [10];[48]) and credit card fraud (e.g. [77], [79]) to cite the most popular 

and recent cases. 

 

In the field of investment recommendation and portfolio selection and composition, the attractiveness 

of the field has led to many other initiatives. As is known a portfolio is a distribution of wealth among 

several investment assets such as stocks, bonds, and their derivatives. In this area, the use of genetic 

algorithms (e.g. [14];[43];[44];[54]), fuzzy logic (e.g. [32]; [37]; [55];[56]; [64] ;[68] ;[78]; [82]), neural 

networks (e.g. [21];[81];[26];[49]), decision support systems (e.g. [42];[55];[38];[70]) among several 

other techniques has proven to be just as effective in financial portfolio selection.  

 

Focusing on fuzzy logic, one of the components of PB-ADVISOR, several authors have 

recommended the incorporation of fuzzy theory into the interpretation of portfolio matrices with different 

applications: e.g. to optimize the selection of portfolio products [32],  to obtain optimal proportions of the 

assets for constructing a portfolio that respects investor-preferences [37],for strategic management [55], 

to assist managers in reaching a better understanding of the overall competitiveness of their business 

portfolios [56], to facilitate the interpretation of portfolio matrices used for strategy alternative(s) 

formulation and selection [64], to solve the portfolio problem when security returns are bifuzzy variables 

[78] and to define new dynamic portfolio selection strategy in the stock market [82]. 

 

Given that the investments market is a very complex environment, returns cannot always be 

accurately predicted from historical data, as they are beset with ambiguity and vagueness [43]. Therefore, 

fuzziness is useful to introduce vague goals for the expected return rate and risk in such environments. 

 

For a rational investor, the leitmotiv to ensure an increase in wealth is to diversify risk [58]. But in a 

world in crisis with asset values down, the work of private bankers has been dramatically altered: clients 

are expecting more from their wealth manager, asking difficult questions and looking for assurance [65]. 

To deal with this situation, private bankers need to seek alternative products to build a more diverse 

portfolio, including a wider range of products that cannot be controlled in a traditional way, thus requiring 

new recommendation systems centered on advice rather than trading. This system must be open to new 
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products (real estate, gold,…) along with traditional ones (bonds, stock…) in order to be able to produce 

more general and specific investment recommendations based on customer and product profiles. These 

recommendations must be made to the private banker, who will be responsible for transmitting this 

information to his or her customers; this system thereby gives his or her advice an added value. With the 

aim of responding to this need, this paper presents PB-ADVISOR, a tool based on fuzzy logic theory, 

semantic ontologies and expert systems. 

3. PB-ADVISOR: Private Banking Portfolio Recommendations 

The interest in knowledge representation of investments portfolio is not new. Shyng et al. [69] 
classify personal investment portfolios as either conservative, moderate or aggressive. These authors 

establish the main categories for each one and highlight the principal factors related to these types of 

investment. In addition, this work analyzes the influence of emotions on the composition of investment 

portfolios. The literature reveals that psychological biases affect investor behaviour and prices [62]. As a 

consequence of this influence, dealing with an investor’s psychological biases is a complex problem for 

investment advisors. Another important factor in investment is risk tolerance. Both factors are part of the 

PB-ADVISOR approach. 

 
In PB-ADVISOR, the authors propose a multi-investment recommendation system based on 

semantic technologies and fuzzy logic. By combining both technologies with faceted searching, the 

system provides private bankers with tailor-made recommendations for their clients, based on their 

characteristics. The proposed system will provide the private banker with the most suitable portfolio for 

each investor, taking into account investor preferences and risk tolerance. The main steps of the proposed 

recommendation process are: 

 

1. Investor categorization based on facets. 

2. Determining the investor profiles based on social and psychological characteristics using 

Semantic and Fuzzy Logic approaches. 

3. Investment categorization based on facets. 

4. Investment (portfolio) classification based on Semantic and Fuzzy Logic approaches. 

5. Matching the portfolio characteristics with the investor categories. 

6. Obtaining a rich recommendation based on XBRL (eXtensible Business Reporting Language). 

 

Private bankers deal with clients from different environments. Despite the common criterion of 

maximizing benefit, clients usually feel more confident with other criteria such as the security of the 

investment. In these cases the risk profile and the psychological characteristics of the investor play an 

important part in the investment decision. Expert private bankers are able to recognize the profile of the 

investor and offer the best option. However, this point is highly subjective. For this reason, PB-Advisor is 

based on the risk tolerance of the investor in addition to other parameters such as profitability. 

 

The categorization of the investor and the investments is made using Faceted Classification. The 

characteristics of both investors and portfolios are represented by two domain ontologies, and the 

relationship between the investor profile and the desirable characteristics of the portfolio are represented 

by fuzzy rules. Finally, the output of the system is encapsulated under the XBRL standard. The following 

subsections detail each of the proposed steps. 

 

3.1 Faceted Classification and Semantic Annotation 

Faceted classification is an approach to the organization of information with origins in the field of 

library and information science. Faceted classifications are increasingly common on the World Wide Web, 

especially on commercial web sites [1]. In addition, they have been used to assist automated search and 

retrieval of information [11], to improve Web navigation [73], and have been extended to other fields and 

knowledge domains such as manufacturing process selection [33] as well as being used in collaboration 

with AI techniques [53]. 

 

A subject domain is first analyzed into component facets, and relevant facets are then synthesized 

into combinations to characterize items of interest. The flexibility of faceted classification lies in its 
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ability to describe a large number of items within the subject domain, including novel items, on the basis 

of a relatively economical and pre-defined set of facets and terms. The facets do not need to be ordered, 

nor be of the same type, although they should be clearly defined and mutually exclusive. 

 

Furthermore, faceted classification and ontologies offer a consistent structure for organizing 

resources effectively to use them on the Web. Faceted Classification has become of interest in organizing 

resources on the Web because it does not establish the relationships between classes, and the ontologies 

can formally express such relationships among fundamental concepts. Therefore, these approaches are 

more effective than traditional classifications for describing the kind of diverse and multidisciplinary 

subjects that are commonly found on the Web.  In this sense, semantic approaches and faceted 

classification have been used in the semantic related literature [28][30] in order to establish the 

classification and the relationship of diverse and multidisciplinary subjects. 

 

PB-ADVISOR incorporates these two approaches to improve and computerize the interaction with 

the private banker and the financial experts. These users will categorize the investor and the investment 

portfolio through the Web Interface of the Faceted Classification component. Afterwards, PB-ADVISOR 

determines the investor profile and the most interesting investment recommendations through semantic 

annotation and ontologies. 

 

3.2 Semantic Component. Investor and Investment Categorization 

PB-ADVISOR begins its duties with the categorization of the investor based on fuzzy logic and 

ontologies. The different characteristics to be ‘fuzzified’ for the investor categorization have been 

obtained from the literature and are based on two different perspectives: social and psychological issues. 

 

 
Figure 1. Investor Ontology - Social characteristics (Partial View - 1)  

 

 
Figure 2. Investor Ontology - Social characteristics (Partial View - 2) 

 

Both aspects are obtained by the faceted classification process of PB-ADVISOR and the interaction 

of the private banker and the financial experts. This faceted classification has been designed based on the 

research of Grable and Lytton [35][36], creating an interactive process to classify the investor. Therefore, 

taking into account these and the faceted classification process developed, PB-ADVISOR determines the 

investor profile automatically with respect to the risk tolerance. 

 

In order to gather all these aspects in a unified way, the use of an ontology is required. This ontology 

represents the social attributes of the investor (Figure 1 and Figure 2), such as gender, incomes or marital 

status. Apart from that, the ontology permits representation of psychological aspects such as self-esteem, 

emotion during risk, etc., (Figure 3 and Figure 4). The design of this ontology is based on previous 

literature e.g. [34][36][71]. 
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Figure 3. Investor Ontology - Psychological characteristics (Partial View - 1) 

 

 

 

 
Figure 4. Investor Ontology - Psychological characteristics (Partial View - 2) 

 
After the investor classification, the categorization of the products in the portfolio must be performed 

according to a set of characteristics. The characteristics of each product have been adapted from the FEF 

ontology [47] and the taxonomy of Gupta el al.[37]. Thus, each financial product is labeled according to a 

common vocabulary.  

 

 
Figure 5. Portfolio Investment Ontology. 

 

Figure 5 shows the investment ontology. This ontology represents the characteristics of the investment, 

such as volatility, liquidity, product or product risk. Based on these characteristics, it is necessary to 

determine which financial products coincide with the risk tolerance of the investor. To do so, each 

investment is classified according to some variables: product risk, interest rate risk, reference interest risk, 

operational risk, liquidity, volatility, short term return and long term return (all broken down with the 

labels Low, Average and High).The abandonment option is labeled true or false and, finally the product is 

divided into: Prime Retail Real Estate, Land, Mall Retail Real Estate, Building Real Estate, Fixed Term 

Deposits, Structured Deposits, Currency Deposits, Bonds, Startup Investments, and Solar Farms. 

 

The characteristics of the financial products in the portfolio will be categorized with linguistic labels 

using fuzzy sets according to the same terms employed in the investor categorization: Defensive, 

Conservative, Moderate and Aggressive. 

 

3.3 Fuzzy Logic Component. Investor Profile Estimation and Investment 

Categorization. 

Once the investor profile has been defined using the Faceted Classification and it has been 

categorized in the semantic process, the Investor Profile Estimation based on Fuzzy Logic begins. 

However, the evaluation of the investor risk tolerance requires certain knowledge and implies the 

subjective point of view of a financial advisor. For example, Grable and Lytton establish a score for each 

response in a questionnaire and the sum of all the scores determines the investor profile [35]. The 

categorization process is highly subjective and it is difficult to precisely determine the category for a 

given investor. For this reason, the previously mentioned categories have been ‘fuzzified’ for ease of 

expression and to determine the rules of membership based on the expertise of an investor advisor. 

 

Briefly, the fuzzy sets theory provides a framework for the representation of the uncertainty of many 

aspects of human knowledge. Nowadays, fuzzy rule based systems are being successfully applied to a 

wide range of real-world problems from different areas and in many real-world applications. Although a 
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system can be defined mathematically in a general sense, a fuzzy logic system representation is still 

preferred by engineers [57]. 
 

PB-ADVISOR will characterize investors according to their tolerance for risk, depending on their 

social and psychological characteristics. This will create a set of fuzzy rules to define the investor Risk 

Tolerance (RIInv) from two clusters of variables: Social Behaviour (SB) and Psychological Behaviour 

(PB). These sets of variables were defined from the characteristics obtained through questionnaires and 

included in the faceted classification process. Two examples of these sets, SB and PB, are depicted below: 

 

(1) RIInv = SB {Age, Incomes, Marital Status, Gender and Education} AND PB{Confidence, 

Character, Risk Taker, Emotion On Risk, Risk Description} 

 

Some of the variables of the previous SB and PB clusters could be characterized by fuzzy values, 

which would lead to a fuzzy set for each of the variables. Therefore, in the design and implementation of 

a fuzzy logic system, there is an option to choose which of the three most popular membership functions 

to use: triangular, Gaussian or trapezoidal. In this paper, the triangular and trapezoidal membership 

functions have been used for the fuzzy sets. Using these functions means that the performance rate will be 

very fast, although the level of accuracy will be lower than with either of the membership functions.  

 

Focusing on the SB cluster, the membership function of the fuzzy variables, age and income, are 

adapted from [16] and [17] respectively. In these fuzzy sets, the labels and values for each characteristic 

are obtained from the cited questionnaires. The age and income variables have been defuzzified because 

they have continuous numerical values. The domain of discourse associated with the fuzzy sets of the SB 

cluster has been adapted from [71] and is as follows: Defensive, Conservative, Moderate and Aggressive. 

The rest of the variables of the SB cluster (marital status, gender and education) used to characterize the 

investor are categorical and do not need to be fuzzified. 

 

The psychological variables of the PB cluster, such as sensation-seeking and self-esteem, have 

linguistic labels and have been defuzzified to obtain numerical values. The universe of discourse 

associated with the PB fuzzy sets for psychological risk aversion has been adapted from that proposed by 

Grable and Lytton [36] to fit with the SB fuzzy sets: Defensive (Low), Conservative (Below-average), 

Moderate (Above-average) and Aggressive (High). 

 

The traditional notation for the fuzzy sets was defined by Lotfi Zadeh [84] and has been used in 

PB-ADVISOR for the definition of the PB and SB sets. After defining these fuzzy sets, the fuzzy 

inference rules may be used to represent the relation between these fuzzy sets. 

 

The first step in the fuzzy component of PB-ADVISOR is the definition of a number of fuzzy 

rules to describe investors socially. Taking into account the number of variables of the SB and PB sets, a 

large number of rules are generated. An example of these types of rules to define the aggressive investors 

according to their social characteristics would be: 

 

(2)  IF Age is Middle Aged AND Gender is Female AND Marital Status is Married THEN 

Investor is Socially-Conservative 

 

It is generally believed that younger investors take greater risks in anticipation of higher returns. With 

increasing age, they rebalance the portfolio in favor of safer and more secured (though somewhat lower) 

returns. In the finance literature, it is held that women invest more conservatively and are less likely to 

hold risky assets than men. They do not rebalance their portfolios frequently and prefer a buy-and-hold 

strategy. Finally, there are marital-status influences on consumption, savings and investment behaviour. 

 

The psychological fuzzy rules are similar and define each investor within the same domain. For example: 

 

(3) IF Risk Taker is Average AND Confidence is Little AND Emotion On Risk is Danger THEN 

investor is Psychologically-Conservative 

 

To be able to obtain the full set of social rules that model this problem, all theoretically possible 

combinations of Pt rules were considered, taking into account the number of antecedents p and the 
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number of input fuzzy sets Ap considered for each antecedent. Thus, for each consequent, the theoretical 

number of possible rules is: 

 

(4) Pt = 
n

nA for n = 1....p; 

 

In addition, linguistic labels have been traditionally used as modifiers of fuzzy sets - equivalent to 

what would be the natural language adverbs. The interpretation in the fuzzy model of these statements is 

the composition of the membership function with a simple arithmetic operation.  

 

Many approaches to linguistic approximation have been developed with the use of sets of predefined 

primary terms (e.g. small, medium, large), linguistic modifiers or hedges (e.g. not, much, very, more or 

less) [50]. Linguistic modifiers produce a semantic alteration of the fuzzy set: for example, traditional 

linguistic modifiers such as very or fairly produce concentration or dilation respectively. In other words 

they might both increase and decrease the uncertainty. Concentrations tend to concentrate the elements of 

a fuzzy set by reducing the degree of membership of all elements that are only “partly” in the set [67]. For 

this purpose, the original membership function is raised to a value p, since p> 1. Dilations stretch or dilate 

a fuzzy set by increasing the membership of elements that are “partly” in the set. For this purpose, the 

original membership function becomes the nth root or the p value is raised such that p Є [0, 1][83]. 
 

In this research the authors have used the linguistic adverbs or modifiers defined in  

Table 1. 

 

 

 

Table 1. Linguistics adverbs included in PB-ADVISOR 

The membership functions included in  
Table 1 have been calculated taking into account the linguistic approximation proposed by Eshragh and 

Mamdani [20] and Lakoff [51]. Hence, with these new linguistic labels, very, ‘highly’, fairly, somewhat 

and ‘a bit’ (sorted by relevance), there will be fine-tuning of the categorization of risk that an investor 

takes, both at a social and psychological level. 

 

After the definition of the fuzzy component of PB-ADVISOR, a matrix was constructed to gather the 

social and psychological factors of the investor The motivation for this matrix is the Business Portfolio 

Analysis Matrix [18][72], a tool that uses quantified performance measures and growth targets to analyze 

a firm’s business units (called strategic business units, or SBUs, in this analysis) as though they were a 

collection of separate investments.  The Business Portfolio Analysis Matrix is one of the most important 

instruments used in the literature as an analytical and strategic tool to maintain the financial sustainability 

of a business [5], [6], [8], [19]. Furthermore, several authors have recommended the incorporation of 

fuzzy theory into the interpretation of portfolio matrices to assist managers in different scenarios and 

tasks e.g. [32],  [37], [55], [56], [64], [78], [82]. 

 

In this proposal, the vertical axis represents the social behaviour (instead of the market growth rate) 

and the horizontal axis symbolizes the psychological behaviour (instead of the relative market share). 

Following the position of the labels in the business portfolio analysis, the labels for the SB and PB sets 

are placed in the matrix based on relevance. Accordingly, in PB-ADVISOR, the Business Portfolio 

Analysis Matrix gives a series of quadrants that locate the investor’s risk tolerance within these two 

dimensions. The fine-tuning (performed by the linguistic adverbs) can move the location of an investor 

within the same quadrant, bringing it closer to its adjacents.  

 

Linguistic Adverb Membership function 

Very µvery A(x) = (µA (x))
2
 (Concentration of the fuzzy set) 

Highly µhighly A(x) = µA
5/4

 (x) (Concentration of the fuzzy set) 

Fairly µregular A(x) = µA
3/4

 (x) (Dilation of fuzzy set) 

Somewhat µsome A(x) = µA
1/2

 (x) (Dilation of fuzzy set) 

A bit µsome A(x) = µA
1/4

 (x) (Dilation of fuzzy set) 
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Thus, the fine-tuning performed by the linguistic adverbs for investor 1 can be summarized in the 

following rule: 

 

(5) [Investor 1] fairly Conservative (social) AND highly Conservative (psychological) 

 

 

Finally, for the following investor categorization “fairly Socially-Conservative and highly 

Psychologically-Conservative” the graphical example of this behaviour is shown in Figure 6. 

 

  
Figure 6. Bi-dimensional matrix for investor behaviour 

 

Each quadrant is divided into sections that correspond to the linguistic labels explained previously. 

The numerical conversion of these labels can be seen in Figure 6, and corresponds with a value in the 

range [0-1]. 

 

Traditionally, research on portfolio recommendation has focused on financial rather than 

psychological aspects of the investor. However, in order to fully satisfy investor expectations it is 

important to take into account investor feeling regarding the investment. 

 

In this sense, the ‘fuzzification’ of the rules of financial product selection is based on the concept of 

matrices (see Figure 7 for further details) as well as on a set of fuzzy rules to describe portfolio 

investment. These rules have been obtained with the expertise of an investor advisor for Spanish 

investors. Examples of these types of rules, according to their characteristics, would be: 

 

(6) [Investment 1] IF Liquidity is moderate AND Product is Prime Retail Real Estate AND 

Volatility is normal THEN investment is Socially-Moderate and Psychologically-Conservative 
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(7) [Investment 2] IF Product Risk is low AND Liquidity is low AND Product is Solar Farms 

AND Long Term Return is low THEN investment is Socially-Aggressive and Psychologically-

Aggressive 

 

The linguistic labels, very, highly, fairly (not labeled), somewhat and a bit, allow fine-tuning in the 

categorization of investment risk. The membership functions of these modifiers or hedges are defined in  

Table 1. The variables Product (Prime Retail Real Estate, Land, Mall Retail Real Estate, etc.), 

Abandonment Option (yes or no), Operational Risk (high, medium or low), Interest Rate Risk (high, 

medium or low) and Product risk (high, medium or low) are not fuzzy because they have categorical 

values. The membership functions for the remaining investment variables have been defined by the 

expert. 

Finally, a matrix has been constructed which represents the fuzzy investment categorization 

based on the social behaviour (vertical axis) and the psychological behaviour (horizontal axis) of the 

investor. This provides a series of quadrants that enable each investment to be located according to the 

investor's risk tolerance. In addition, the fine-tuning (performed by the linguistic adverbs) can move the 

location of an investment within the same quadrant, bringing it closer to its adjacents. An example of this 

behaviour can be observed through the following investment (Investments 1 and 2 in Figure 7):  

 

(8) [Investment 1] somewhat Moderate (social) and fairly Conservative (psychological). 

(9) [Investment 2] highly Aggressive (social) and some Aggressive (psychological). 

 

 

  
Figure 7. Fuzzy portfolio matrix based on investor’s risk tolerance 

3.4 Investor and Investments Matching and Products Recommendation 

At this point, PB-ADVISOR could provide a set of investments for the investor taking into account 

the social and the psychological features of both investor and investments. However, the recommendation 

made by the system would be imprecise because PB-ADVISOR will only return recommendations that 

are very close within the same quadrant. For this reason and using the knowledge obtained in the research 

of Ghazinoorya et al.[32], a series of geometric concepts will be used to define areas of influence in the 

matrices around each investor or investment. This means that an investor or investment can form 

Moderate

Aggressive

Conservative

Defensive

Investment

1

Investment 2

X

X

AggressiveModerateDefensive Conservative

Psychological Behaviour

Social behaviour

fairly

somewhat

highly
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relationships with various quadrants in each matrix, thereby allowing greater freedom of choice for the 

recommendation system. 

 

To obtain the figure associated with the area of influence, the system will calculate the possible shift 

or offset, in each of “x” and “y “axis, from the point at which the investor or investment is located within 

the fuzzy matrix. Therefore, the area of influence appears as an ellipse whose horizontal axis corresponds 

to the psychological characteristics and the y-axis to the social ones. The ellipse is characterized by the 

point where the investment or the investor is located within a quadrant (x0. y0) and the two semi-axes that 

correspond to the freedom of decision (FD) in the social and psychological direction. The offset 

associated with this equation is as follows: 

 

 

(10)  

 

 

where i and j are the social and psychological characteristics. The geometrical fine-tuning to move 

inside a quadrant within the range [0-1] is obtained by using the values of the weights W shown in Table 
2. These values are determined for each Psychological and Social variable by the expert based on his 

knowledge and expertise. 

 

Psychological Behaviour Aggressive Moderate Conservative Defensive 

Characteristic 1 Value 1 Weight [0-1] Weight [0-1] Weight [0-1] Weight [0-1] 

 …     

 Value n Weight [0-1] Weight [0-1] Weight [0-1] Weight [0-1] 

…      

Characteristic n Value 1 Weight [0-1] Weight [0-1] Weight [0-1] Weight [0-1] 

 …     

 Value n Weight [0-1] Weight [0-1] Weight [0-1] Weight [0-1] 

Social Behaviour     

Characteristic 1 Value 1 Weight [0-1] Weight [0-1] Weight [0-1] Weight [0-1] 

 …     

 Value n Weight [0-1] Weight [0-1] Weight [0-1] Weight [0-1] 

…      

Characteristic k Value 1 Weight [0-1] Weight [0-1] Weight [0-1] Weight [0-1] 

 …     

 Value n Weight [0-1] Weight [0-1] Weight [0-1] Weight [0-1] 

Table 2. Weight table for social and psychological characteristics (Investor and Investment) 

 

For example, for the investor profile defined in the rules (2) and (3) the offsetx, and offsety will be 

assessed only for the columns Socially-Conservative and Psychologically-Conservative, based on the 

weights associated with the correct values of the characteristics of the investor. The calculation process 

applied for investor 1 defined in rules (2) and (3) (or Figure 6) is the following: 

 

(11) FDInvestor1 = (offsetx,offsety) = (Evalpsyco,Evalsocial)= ((0.910/3)/2, 

(2.102/3)/2)=(0.15, 0.35)  
 

Then, the area of influence around each investment or investor in the matrices will be calculated 

using an ellipse with center (x0.y0), horizontal deviation (x0- offsetx, x0+ offsetx’) and vertical deviation 

(y0- offsety, y0+ offsety’).  

 

For the ellipse associated with the area of influence the equation of an ellipse in Cartesian 

coordinates with the center at point (x0. y0) is used: 

 

(12) (x-x0)
2
/a

2
 + (y-y0)

2
/b

2
 = 1 
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where a> 0 and b> 0 are the semi-axes of the ellipse (a corresponds to the x-axis, b the y-axis) and 

correspond to the offset on the x axis and the offset on the y-axis, respectively. 

 
Therefore, in the example of investor 1, the ellipse will have the horizontal deviation (x0- 0.15, x0+ 

0.15) for psychological characteristics and vertical deviation (x0- 0.35, x0+ 0.35) for social characteristics. 

The values x0 and y0 are obtained through the fuzzy process defined in the Fuzzy Logic-Based Investor 

Profile Estimation (Section 3.3). 

 
PB-ADVISOR applies this calculation process for each investment of the portfolio to make the 

matching between the investor and the investments and to thus offer a suitable recommendation.  

 
Following with the example of Investor 1, Figure 8 shows the areas of influence over the fuzzy 

matrices for this investor (based on rules (2),(3)and (5) and Figure 6)and the investments 1 and 2(based 

on rules (6),(7),(8) and (9)and Figure 7). 

 

 

  
Figure 8. Geometrical approximation for the area of influence in investor and investment matrix 

  

To find the recommendation of investments that best fits the characteristics of an investor, the 

investment and investor are both represented by means of a matrix structure (Figure 8). In such a matrix 

structure, the columns represent the psychological behaviour and the rows represent the social behaviour. 

The product will be represented in this matrix structure in the form of ellipses. Investors will also be 

represented according to their social and psychological characteristics. In this way, both investors and 

investments are plotted into the matrix according to their characteristics. As shown in Figure 9, once the 

ellipses for representing investments and investors have been plotted, they can overlap each other. This 

overlap, along social and psychological lines, will occur between areas of influence of both products and 

investors (Figure 9).The more overlapped area between an investment and an investor, the more suitable 

the investment for that investor. If investment ellipses do not overlap the investor ellipse, then the 

suitability of the investment can be measured by means of the distance between ellipses: the nearer the 

investment, the more suitable it is for the investor. 
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Figure 9. Different geometrical recommendations with priority 

 

To prioritize the recommendations of the portfolio, it has to be determined whether or not there is an 

overlap between the areas of influence of the investor and the investment. In the first instance, the priority 

is defined according to the percentage of overlap of each product with the investor: a higher percentage 

means a higher priority. In the second instance, in the absence of overlap, the distance between the 

different ellipses of investment and the investor will be calculated: a shorter distance implies the highest 

priority. In this case, the minimum distance is defined following the Euclidian equation: 

 

(13)  
 

where (x, y) denotes a generic point of the ellipse of the investor and (a, b) a generic point of the ellipse 

of the investment. Thus, the expression associated with the minimum distance by the partial derivatives of 

each variable must be minimized: 

(14)  
 

where f (x, y, a, b) reaches extreme values are the solutions of the proposed system. 

 

3.5 Rich Recommendation 

Corporations have been posting financial information on the Web since the mid-1990s. Indeed, 

the corporate finance and investor relation functions were “early adopters” of Web technology. Use of the 

Web for financial reporting is now globally pervasive. Furthermore, the ability to acquire, communicate, 

and disseminate business information is vital for investor and management decision-making. Today’s 

ever-growing amount of information and the diverse formats in reporting business and financial data 

make collecting and publishing it all a major challenge for global organizations. Until recently, there was 

no standard format for communicating accounting information. As a result, organizations had to manually 

assemble it from often-incompatible information systems to prepare financial reports. 

 

To remedy this situation, the international normalization bodies proposed an open and free 

standard, namely XBRL (eXtensible Business Reporting Language), based on XML (eXtensible Markup 

Language) and structured in direct compliance with accounting regulations[22].The use of XML and 

XBRL may create markets and opportunities that previously did not exist. The eXtensible Markup 

Language (XML) is a language that defines a set of codes or tags that can be attached to the text to 

describe its meaning. XBRL is a variant of XML specifically designed to provide the semantics of text 

associated with business reporting. Both are designed to help achieve the goal of interoperability. In other 



14 

words, one organization should be able to exchange data and use the information system services 

provided by another organization independent of the technology platforms that both use. 

 

Finally, thanks to this component PB-ADVISOR will enable the private banker to operate more 

efficiently and better leverage his core capabilities.  

 

3.6 Architecture and components of PB-ADVISOR 

Figure 10 depicts a three-layer scheme that represents PB-ADVISOR architecture along with its 

main interactions. The two main actors of PB-ADVISOR are the private banker and the expert. The 

first actor deals with the system and communicates the recommendations to the investor when the process 

is finished. The second actor, the expert, puts all his experience into the system to refine the 

recommendations of PB-ADVISOR. Before the system can be used, the financial products must be 

labeled according to the terms of the financial ontology, and the rules for matching the financial products 

with the investor’s risk profile must be defined. 

 

 

 
Figure 10. PB-ADVISOR architecture, components and interactions. 

 

The overall functionality of the proposed system is based on the following steps: 

 

1) [Interface (I/F) Layer] In the first step, the private banker interacts with Faceted Classification 

component to determine the risk preferences and social aspects of the investor(s), as well as the 

particular characteristics of the investment, such as how much money the investor wants to 

spend. 

 

2) [Logic and Persistence Layer] Once the investor has been categorized using the Faceted 

Classification, the Reasoning Engine extracts the useful information for the investor ontologies 
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that will feed the Fuzzy System, i.e. the information about social and psychological 

characteristics. The Fuzzy Engine determines the risk profile of the investor, based on the fuzzy 

set rules defined previously. 

 

3) [Logic and Persistence Layer] Once the risk profile of the investor has been established, the 

fuzzy system determines the characteristics of the financial products in terms of fuzzy 

expressions. 

 

4) [Logic and Persistence Layer] Based on the fuzzy results, the financial products are selected 

from the product database by the Reasoning Engine. These products have been previously 

described and semantically annotated according to the expert’s criteria and the financial 

ontology. 

 

5) [Logic and Persistence Layer] The system generates a set of portfolios based on the selected 

products and the characteristics of the investment. 

 

6) [Logic and Interface (I/F) Layer]The portfolios are rated according to their characteristics and 

are recommended to the private banker using XBRL format, thereby improving the efficiency, 

consistency and transparency of these financial recommendations. 

 

Taking into account the layers of PB-ADVISOR, the architecture and components are structured into 

three layers: 

  

(I) Interface Layer (I/F).The user interface consists of two different components. The 

Faceted Classification Component interacts with the private banker and the expert in order to 

determine the profile of the investor and to fine-tune the portfolio investments. Then, the Faceted 

Classification is performed in order to determine the investor profile and the investment 

characteristics. Following that, the Reasoning Engine component of the Logic Layer classifies 

the investor and the investment through the corresponding ontologies. 

 

When the questioning processing is finished, PB-ADVISOR presents a recommendation 

regarding the most suitable portfolio according to the investor profile through the second 

component, the Rich Recommendation I/F. The output of the system is encapsulated in XBRL 

format as it has become a standard means for businesses to communicate over the Internet. 

Furthermore, the Interface Layer allows for the management of financial products, as well as the 

definition of the fuzzy sets and fuzzy rules that enable the creation of the investment portfolios. 

All these components are based on a web interface which is available in a private area of the 

website developed. 

 

(II) Business Logic Layer. The business logic layer consists of three components: 

the Fuzzy Engine, the Reasoning Engine and the Rich Recommendation Engine. The Fuzzy 

Engine evaluates the defined fuzzy rules in order to determine the investor’s profile. When the 

investment advisor represents his knowledge through the Interface Layer, the Fuzzy Engine 

validates the fuzzy sets and the fuzzy rules. Afterwards, the semantic information relative to the 

characteristics of the investors and the investment products is retrieved by the Reasoning Engine. 

This component has been developed based on the Jena framework. Jena provides Resource 

Description Framework (RDF) and Ontology Web Language (OWL) support as well as an API 

for writing and extracting data from OWL descriptions. It is an open source framework that 

complies with the requirements of the platform proposed in this paper, and furthermore, the 

research team had experience with this framework. 

 

Finally, the Rich Recommendation Engine encapsulates the products’ recommendations 

following the XBRL syntax.  

 

(III) Persistence Layer. This layer is divided into four components: Investor Ontologies, Fuzzy Rules, 

Investment Ontologies and Semantic Annotation. The first component stores the investor profile 

and categorization using the ontologies defined in OWL. The second component stores the fuzzy 

sets and the fuzzy rules in a database. The system’s database also stores the relationships 
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between the fuzzy rules and the characteristics represented by the ontologies. The third 

component stores the knowledge of the investment products, with the relations between the 

investment products and the investment profiles. Finally, all the characteristics of the investors 

and the financial products are defined by means of OWL ontologies using the Semantic 

Annotation component. 

 

4. Numerical Example of PB-ADVISOR 

For a better understanding of the proposal, a numerical example has been included in this section. 

The private banker introduced the characteristic of the investor, John Doe, in PB-ADVISOR through the 

Faceted Classification Interface.  Afterwards, the Reasoning Engine and the Fuzzy Engine determined the 

following SB and PB sets: 

 

RIInv=( 

SB = {Age = Senior, Incomes = Middle High, Marital Status = Divorced, Gender = Male, 

Education = Graduate}  

AND 

PB = {Confidence = Great Deal, Character = Somewhat Optimistic, Risk Taker= High, Emotion 

On Risk = Opportunity, Risk Description = After Research} 

) 

 

Based on the fuzzy rules defined by the expert and the linguistic adverbs, the resulting categorization 

of the investor is: 

 

(1) The investor John Doe is Somewhat Psychologically-Aggressive and Fairly Socially-Moderate 

 

On translating this rule to the business portfolio analysis matrix, the following representation is 

obtained:  

 

 
 

Figure 11.Matrix representation of the investor John Doe. 

 

The three investments selected for this numerical simulation are Currency Deposit, Startup 

Investment and Solar Farms, which are labeled  Investment A, Investment B and Investment C.  
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Based on the fuzzy rules defined by the expert and the linguistic adverbs, the resulting categorization 

of investments A and B is: 

 

(2) Investment A is Highly Psychologically-Moderate and fairly Socially-Moderate 

(3) Investment B is Somewhat Psychologically-Aggressive and Somewhat Socially-Conservative 

(4) Investment C is Highly Psychologically-Aggressive and fairly Socially-Moderate 

 

The translation of these fuzzy sets and rules to the business portfolio analysis matrix is shown in 

Figure 12: 

 

 
Figure 12. Matrix representation of Investments A and B 

 

Next, the expert has fine-tuned a set of values for the weights used in equation ¡Error! No se 
encuentra el origen de la referencia., by which the following FDs are obtained for the investor and 

the investments by applying the equations mentioned in the previous section: 
 FDinvestor= (0.48 , 0.39) 

 FDInvestment A = (0.47,  0-40) 

 FD Investment B = (0.19,  0-40) 

 FD Investment C = (0.17,  0-55) 

 

Finally, to find the recommendation of product portfolio that best fits the characteristics of the 

investor John Doe, four ellipses will be plotted. The first ellipse represents, taking into account the 

FDinvestor, the area of influence of the investor. The other three ellipses represent, based on FDInvestmentA, 

FDInvestment B and FDInvestmentC, the area of influence of each investment. In Figure 13, these ellipses and the 

overlapped areas for this example are shown. 
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Figure 13.Geometrical recommendation with priority for investments A and B. 

 

 In this example the overlapped area of investment B over the area of the investor area is larger 

than the overlapped area of investment A, so the system will propose the first as the best option for the 

investor John Doe. Investment C has no overlapped area; thus, the system returns it as the last option. By 

default, PB-ADVISOR shows the private banker the first two investments as its recommendation. To 

increase interoperability, this recommendation is encapsulated using XBRL. 

5. Empirical Evaluation Process in PB-ADVISOR 

The following section describes the empirical evaluation of the proposal. The final aim of this study 

is to determine whether PB-ADVISOR serves as a valid recommendation system in a controlled 

environment. 

5.1 Research  Design 

To check the validity of the proposed recommendation system an experimental phase was carried out 

in this research. This experiment had to take into account expert’s criteria and the customer profile 

according to the investor and financial ontologies. The evaluation was composed of two phases. The aim 

of Phase 1 was to provide a set of test cases in order to execute Phase 2. Firstly, the private banker 

interacts with PB-ADVISOR, through the Faceted Classification Interface defined for the categorization 

of the investors. Secondly, a set of experts analyze a set of investments offered by Spanish financial 

entities in order to categorize them according to the psychological and social risk profile of their possible 

investors. Both investor and investment categorizations are processed by PB-ADVISOR in Phase 2. 

Figure 14 summarizes the phases of the research design. 
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Figure 14. Research design summary. 

 

In detail, Phase 1 consists of two steps related with the inputs of PB-ADVISOR. First, 30 investors 

were selected to participate in this experiment. The private banker interacts with PB-ADVISOR through 

the Faceted Classification Interface to determine the psychological and social profiles of risk aversion for 

each investor (as described in Section 3). The estimated investment of each investor is 1 million euros. 

The investor profile defined through this process is then used in Phase 2 to provide the most suitable 

investment recommendations for him. Secondly, 30 products were selected and categorized according to 

the different social and psychological features of the potential investor. This classification was carried out 

by the six experts using the Delphi method. Each expert assigned each product to a square of a grid that 

represented the most appropriate social and psychological profiles for the product. Ten kinds of financial 

products for providing recommendations were selected: (1) Prime Retail Real Estate, (2) Land, (3) Mall 

Retail Real Estate, (4) Building Real Estate, (5) Fixed Term Deposits, (6) Structured Deposits, (7) 

Currency Deposits, (8) Bonds, (9) Startup Investments, (10) Solar Farms. A financial expert selected 3 

real products of each kind. The products are identified by a numerical category (between 1 and 10) and a 

sequential number (between 1 and 3), e.g. product 10.3 is the third product of the solar farms category.  

 

Once all of the investors and the financial products had been labeled, Phase 2 began. At this moment, 

the private banker, through the faceted classification, describes the profile of the investor (focusing on 

social and psychological characteristics). PB-ADVISOR obtains a set of two recommendations for each 

investor using the matching process described in Section 3. Simultaneously, based on the same investor 

classification, the six experts (financial advisors) made a recommendation of two products to be 

compared with the results of PB-ADVISOR. Agreement among the experts for the recommendation was 

achieved using the Focus Group method. 

 

Therefore, and to summarize, the private banker would have four different recommendations for each 

investor, two provided by the expert and other two by PB-ADVISOR. Next, in order to determine the 

accuracy of the PB-ADVISOR results, Precision and Recall and F1 measures were used to measure the 

degree of relevance of the recommendations provided by PB-ADVISOR with respect to the experts’ 

recommendations. Recall and precision measures reflect the different aspects of annotation performance. 

 

The next subsection describes the population sample used in this evaluation and the results obtained 

in each phase. 

5.2 Sample 

The sample used to implement the evaluation of this research is divided into two different sets: 

the investors and the experts.  

 

In the first set, 30 individuals took part in the experiment (14 men and 16 women with an 

average age of 35.1). These investors were master’s degree students and faculty at  Universidad Carlos III 

de Madrid, who had different risk profiles according to their social and psychological characteristics. 
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Secondly, to provide recommendations and to categorize the investments, a group of six expert 

investment advisors was used, with an average of 9 years’ experience in the Spanish private banking 

sector. 

 

The next section details the main results obtained for Phases 1 and 2 of the evaluation process. 

5.3 Results: Phase 1 

As introduced in the previous section, in Phase 1 two different categorizations were created: (1) 

the investor by the private banker and (2) the investment by six experts. 

 

In the second, the Delphi method was used to categorize the different recommendations taking 

into account the decisions of the six experts. To achieve this, first, Kendall’s coefficient of concordance 

(W or Kendall’s W) was computed to measure the level of agreement among the experts. The six experts 

obtained a coefficient of agreement of W= 0.6732. Finally, agreement between experts was achieved by 

applying the Delphi method. The final classification of the products selected for the evaluation is depicted 

in Figure 15. Furthermore, each quadrant has a sequential number, between 1 and 16 assigned, for 

identification.  

 

The investments and investor categories were thus used as the inputs of Phase 2 in PB-

ADVISOR in order to provide the most suitable investment recommendations for each investor. 

 
Figure 15. Product categorization using the Delphi method. 

5.4 Results: Phase 2. 

Two kinds of recommendations are obtained as the output of this phase. The first is given by the 

system and the other by the experts. Each of them recommends two products, depending on the investor 

profile. 

 

During this phase, PB-ADVISOR provides a set of two recommendations by the private banker for 

the investors identified in Phase 1. At the same time, experts also provide a set of investments for the 

investors in order to compare the results with PB-ADVISOR. The expert recommendations are carried out 
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by a group of experts using the Focus Group method (which allows agreement among the experts’ points 

of view). The estimated investment for each investor is 1 million euros and both PB-ADVISOR and the 

experts recommend the most suitable products in the portfolio under this condition. 

 

Table 3 shows the two recommendations provided by PB-ADVISOR for each investor, and the 

corresponding recommendation of the experts.  

 

Investor 
PB-ADVISOR 

Recommendation 1 

PB-ADVISOR 

Recommendation 2 

Expert 

Recommendation 1 

Expert 

Recommendation 2 

1 6.1 4.2 5.2 4.1 

2 2.1 7.2 7.1 7.2 

3 2.3 3.3 2.3 8.1 

4 3.1 2.2 3.1 1.1 

5 4.2 1.1 3.1 6.2 

6 10.2 9.3 9.3 10.2 

7 5.3 5.1 5.2 5.1 

8 9.2 8.3 9.2 8.3 

9 1.2 3.1 1.2 1.1 

10 7.1 6.2 7.1 6.2 

11 7.2 2.1 9.3 10.2 

12 3.3 7.3 3.3 10.1 

13 1.1 3.1 1.1 2.2 

14 4.1 5.2 4.1 6.1 

15 8.2 4.1 8.2 4.2 

16 1.3 3.2 1.3 3.2 

17 4.2 6.3 4.2 8.2 

18 7.3 10.1 7.3 10.1 

19 10.2 9.3 9.3 7.2 

20 6.1 4.2 6.1 5.2 

21 3.2 1.3 2.2 3.1 

22 9.1 2.3 8.1 2.3 

23 2.1 7.1 9.3 7.1 

24 3.1 1.1 1.3 1.1 

25 2.2 2.1 2.2 3.2 

26 10.3 10.1 10.3 7.3 

27 9.3 10.2 9.3 3.3 

28 1.2 3.1 1.2 1.3 

29 8.2 4.1 5.2 4.1 

30 5.2 4.1 5.2 5.3 

Table 3. PB-ADVISOR recommendations vs. expert recommendations 

Before considering the accuracy of the system, the coverage measure should be mentioned. This 

measure is related to the number of products the system recommends with respect to the total of available 

products in the system. Low values of coverage imply that the system only recommends a low number of 

products among the total available. Private bankers usually have a great deal of products available, but 

sometimes they do not recommend a number of products for different reasons (for example, lack of 

confidence in these products, the market situation, or the expert’s personal point of view). In the same 

way, the intelligent recommenders systems could avoid recommendation of some products because of the 

particular characteristics of the decision rules on which the decision is based. Considering the two 

recommendations of PB-Advisor, the coverage of the system is 90%. According to [40] the coverage 

should be measured in combination with accuracy. In the following step, the accuracy analysis was 

performed. 

 

In order to determine the accuracy of the PB-ADVISOR results, Precision and Recall and F1 

measures were used to measure the degree of relevance of the recommendations provided by PB-

ADVISOR with respect to the experts’ recommendation. The following results describe several 
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perspectives regarding the implementation of this analysis. In this first analysis, the products 

recommended by the experts were considered correct recommendations. The overall result establishes 

that if the first or second recommendation of PB-ADVISOR coincides with those recommended in the 

same order by the experts it is then considered a correct investment. Next, the second analysis determines 

that if the first product recommended by PB-ADVISOR coincides with the first recommendation of the 

experts it is then considered a correct investment. Finally, the last analysis establishes that if the second 

product recommended by PB-ADVISOR coincides with the second recommendation of the experts it is 

then considered a correct investment. 

 

Table 4 shows the values obtained in the first Precision and Recall and F1 study. Precision, 

Recall and F1 values are the same because the number of correct recommendations is the same as the 

number of recommendations offered by PB-ADVISOR.  

 

  

 Precision, Recall and F1 

Overall PB-ADVISOR Recommendations vs. Overall Expert 

Recommendations. 

 

0.467 

First PB-ADVISOR Recommendation vs. First Expert 

Recommendation. 

 

0.600 

Second PB-ADVISOR Recommendation vs. Second Expert 

Recommendation. 
0.333 

Table 4. Precision and recall analysis for product recommendations. 

 

For the second analysis, each recommendation is considered correct when PB-ADVISOR and 

the experts provided the same order for the two products. Table 5 shows Precision and Recall results for 

each PB-ADVISOR recommendation with respect to the two products offered by the expert. In this 

particular case, it is important to note that Precision and Recall scores are different, since correct 

investments are not equal to suggested investments.  

 

 Precision Recall F1 

Both PB-ADVISOR Recommendations vs. Both 

Expert Recommendations. 
0.517  0.258 0.344 

Table 5. Precision and recall values for both expert recommendation 

 

 

The above results show the values of Precision and Recall with respect to the expert 

recommendations. However the precision of PB-ADVISOR can be measured with respect to the products 

of the categories recommended by the expert. For example, if the expert proposes investments from the 

category Conservative-Conservative (cell 10), the Precision and Recall is calculated considering all the 

products categorized as Conservative-Conservative to be correct investments. Table 6 shows the results 

obtained for the described Precision and Recall measures considering the results for each investment. 

 

 

 Precision Recall F1 

PB-ADVISOR Cell Recommendation vs. Investments in 

the correct Cell. 
0.566 0.147 0.233 

First PB-ADVISOR Cell Recommendation vs. 

Investments in the Cell of First Expert 

Recommendation. 

0.766 0.233 0.357 

Second PB-ADVISOR Cell Recommendation vs. 

Investments in the Cell of Second Expert 
0.366 0.108 0.168 
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Recommendation. 

Table 6. Precision and recall results for investments with correct categorization 

 

The values of Precision and Recall are the mean of the precision and recall values for each 

recommendation of PB-ADVISOR. Table 7 presents the results obtained if the set of correct products is 

extended to all products categorized in both categories determined by the expert for each investment 

window. 

 

 Precision Recall F1 

Both PB-ADVISOR Cell Recommendations vs. Any 

Expert Cell Recommendations. 
0.833 0.229 0.359 

First PB-ADVISOR Cell Recommendation vs. Any 

Expert Cell Recommendations. 
0.866 0.260 0.400 

Second PB-ADVISOR Cell Recommendation vs. Any 

Expert Cell Recommendations. 
0.800 0.237 0.365 

Table 7. Precision and recall and F1 results for recommendations in categories proposed by the 

experts 

6. Discussion 

The goal of the designed evaluation is to check the validity of the proposed recommendation 

system. The experiments carried out have taken into account expert criteria and the customer profile 

according to the investor and financial ontologies. To evaluate the performance of the system, Precision 

and Recall and F1 metrics were used to measure the degree of relevance of the recommendations 

provided by PB-ADVISOR with respect to the experts’ recommendation. 

 

On analyzing the results presented in section 5.2, and taking into account the order of both 

recommendations of the system and the experts, the Precision, Recall and F1 overall result is 46.7% 

(Table 4). However, if we only focus on the first recommendation of PB-ADVISOR, i.e. the system and 

the experts give the same product as first option, the performance increases up to 60%. Focusing on the 

second recommendation, 33.3% of products offered by PB-ADVISOR are the same as those 

recommended by the experts. Moreover, in the second test performed, if the system recommendation 

(first or second) appears in any of the experts’ recommendation, the analysis shows 51.7% for Precision, 

25.8% for Recall and 34.4% for F1 (Table 5). These results may be regarded as satisfactory and at the 

end of this section they will be compared with those from other proposals. 

 

In the last two analyses, the precision of the system is measured with respect to the products of the 

categories recommended by the expert, i.e. the cells where the products recommended by the expert and 

the system are located. If the order of the recommendations is taken into account, the Precision value 

increases up to 56.6% for both products and up to 76.6% for accuracy if we only look at the first 

recommendation (Table 6). Finally, if the system recommendation (first or second) appears in any of the 

expert’s recommendations, the precision value is 83.3%, and if only the first recommendation of the 

system coincides with any of expert’s products, the precision value is 86.6%. 

 

Furthermore, and going a step further, it is of interest to compare the performance of PB-

ADVISOR with other recommender systems. The use of Precision and Recall metrics for analyzing the 

effectiveness of recommender systems has been proven by several authors in different domains [27]. 

 

Garcia-Crespo et al. [31] present a recommendation system for individual investors. This 

previous system does not incorporate faceted search nor the rich recommendations described, and the 

rules are oriented towards the individual investment of small investors. The best approach for this system 

achieves 32% for precision and 32% for recall.  
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Zanker and Jessenitschnig [85], for example, define a recommender system for suggesting useful 

and interesting items to users in order to increase user satisfaction and online conversion rates in e-

commerce environments. In this research, the authors compare the performance of different 

recommendation strategies computing the accuracy of the recommendations by means of the precision, 

recall and F1 metrics. In this research, the best results obtained within the experiments performed are 

9.21% for precision, 27.58% for recall and 13.81% for F1. 

 

In this context of e-commerce, Zanker et al. [86], formalize the different variants of a constraint-

based recommendation problem based on consistency and compare the performance of different 

constraint-based recommendation mechanisms in offline experiments on historical data using Precision 

and Recall metrics. In this case, the Precision, Recall and F1 values obtained by the authors are 23.80%, 

9.12% and 13.09%, respectively. 

 

 García et al. [29], propose a semantic hotel recommendation expert system, based on the 

consumer’s experience of recommendations provided by the system. Precision, Recall and F1 metrics 

measure the degree of relevance of the recommendations of the fuzzy system compared with the opinion 

of experts in the domain. In the two tests performed, the system recommendations are on the same level 

as the experts, with 58% and 76% of the system star recommendations coinciding with those of the 

experts. 
 

 Finally, Wang and Cheng-Ting [76], propose a recommender system for predicting consumers’ 

purchase behaviour in Taiwan electronic commerce. To evaluate the performance of information 

retrieval, the authors use precision, recall and F1 measures. In this case, the best results obtained in the 

three experiments are 94% for precision and 91% for recall. 

 

Up to now, the obtained results with Precision, Recall and F1 measures have been compared. 
Cremonesi et al. [15] take into account only the recall and F1 measures for 7 different algorithms in the 

domain of movies. The best results shown in said work are 29% for precision and 45% for F1. We found 

that in our main approach, the recall value is higher (46.7% vs. 29%).   

 

Recommendation Recall F1 

PBAdvisor vs. Expert (Table 4) 46.70% 0.467 

PBAdvisor vs. Both Experts (Table 5) 51.70% 0.258 

PBAdvisor vs. Correct cell (Table 6) 14.70% 0.233 

PBAdvisor vs. Any expert cell (Table 7) 22.90% 0.359 

Portfolio [31] 32,00% 0.320 

Conversion rates[85] 27.58% 0.138 

E-Commerce [86] 9.12% 0,131 

Consumer Behaviour Prediction[76] 91.00% 0.968 

Movies[15] 29.00% 0.450 

Table 8.Comparison with other recommender systems in terms of Recall and F1 

Table 8 summarizes the results of PB-Advisor with respect to other recommender systems. 

Despite the fact that the domains are not comparable, we found that PB-Advisor results are quite 

acceptable when comparing them with other recommender approaches. In particular, when compared 

with [31], the increase in F1 by 14% highlights the benefits of the proposed system. This increase is more 

than patent when compared with [85] (PB-Advisor improves by 160% F1 figures) and [86]  (174%). 

However, PB-Advisor, due to the intrinsic complexity of the functional scenario is below the 

achievements of [76] (62%) and [15] (20%), where recommendations are more accurate. 

 

 With respect to the coverage metric, this measure is not employed in all of the studies. For this 

reason it is difficult to establish clear conclusions in this sense. The coverage of PB-Advisor is 90% with 

respect to the 77.8% of [31] (which have comparable domains) reflecting the improvements of PB-

Advisor.  
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There is a large variety of recommendations with acceptable accuracy results making PB-

ADVISOR a powerful tool for private bankers. Therefore, based on Precision, Recall and F1 metrics, the 

results obtained from PB-ADVISOR are within the expected behaviour for recommendation systems. 

Hence, and taking into account this asseveration, PB-ADVISOR is capable of offering a set of 

recommendations that will be accepted most of the time, based on the investor profile and the product 

portfolio described by the experts. 

7. Conclusions and Future Work  

The number of investment products and the complexity of today’s markets have given rise to a need 

for new tools for private bankers. In fact, the number of products offered is ever-growing and in constant 

flux. New tools for easing the work of private bankers who advise their clients on a daily basis about how 

to invest their money are, therefore, a necessity. 

 

This article has presented PB-ADVISOR a multi-investment recommendation system based on 

semantic technologies and fuzzy logic. By combining both technologies with faceted searching, the 

system provides private bankers with tailor-made recommendations for their clients, based on those 

clients’ characteristics. The semantic characterization of the investments and their characteristics enable 

the private banker to recommend a wide spectrum of products with very diverse characteristics. 

Characteristics of investors are also semantically represented. The relations between investments and 

investors are defined by means of fuzzy rules that are able to represent expert advisor knowledge. In this 

way, the system is able to recommend new products by including and annotating their characteristics in 

the knowledge base. The results obtained have shown that the system is able to offer recommendations 

comparable with those from experts in the field.  

 

On comparing the experimentation results with other recommender approaches, the precision of PB-

Advisor is remarkable, taking into account that, due to the great variety of products and characteristics, it 

is common for several experts to provide different recommendations for the same client in the same 

context. The precision of PB-Advisor with the investment categories is near 83%. This means that most of 

the times PB-Advisor provides a recommendation of the same category as that provided by the experts. 

How these results can be improved is part of future research. 

 

As previously stated, the characteristics of the private banking area and the current economic 

situation make advisement a difficult process.  As in many other recommending areas, the point of view 

of experts is the main source of knowledge. Further research should be focused on the collaboration 

among experts on the characterization of investments and the definition of the fuzzy rules that guide the 

recommendation process. The approach of Alonso et al.[4], providing a consensus support system, could 

be an interesting starting-point for achieving agreement between experts in the definition of the rules that 

guide PG-Advisor. Also the inclusion of ratings [25] in the recommendations could be applied to improve 

the proposed system. Finally, in addition to the new features, the enlargement of the experimental samples 

with more population, experts and products will be addressed in future work. 
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