
Fusion: Practice and Applications (FPA)                                                       Vol. 12, No. 01. PP. 108-117, 2023 

 

108 
Doi: https://doi.org/10.54216/FPA.120107   
Received: January 23, 2023 Revised: April 14, 2023 Accepted: June 18, 2023 
 

 

 

 

 

 

 

Information Fusion for the Development of a Composite 

Indicator of Criminogenic Factors Using OWA Operators  

 
Adrián A. Alvaracín Jarrín*1, Stalin D. Cuji León2, Jairo Alexander Z. Orozco3, Mirzaliev 

Sanjar4 

 
1 ,2,3Universidad Regional Autónoma de los Andes, Riobamba, Ecuador 

4 Tashkent State University of Economics, Uzbekistan 

Emails: ur.adrianalvaracin@uniandes.edu.ec; stalincl99@uniandes.edu.ec; 

jairozo76@uniandes.edu.ec, s.mirzaliev@tsue.uz 

 

Abstract 

In this study, the issue of criminogenic factors in the Lizarzaburu parish of Riobamba-Ecuador is 

addressed, an area marked by a notable increase in crime. Recognizing the complexity of these factors 

and the need for an integrated approach for their analysis, the use of Ordered Weighted Averaging 

(OWA) operators for information fusion is proposed, aiming to create a composite indicator that 

allows for a holistic and accurate measure of criminality in the area. The implementation of OWA 

operators facilitates effective weighting of these factors, resulting in the creation of a composite 

indicator that more faithfully reflects the criminogenic dynamics of Lizarzaburu. This study not only 

provides a valuable tool for diagnosing crime in urban areas but also establishes a methodological 

foundation for future research and intervention policies in the field of public security. 

Keywords: criminogenic factors; OWA operators; composite indicator; information fusion; public 

security 

 

1. Introduction 

The incidence of crime in contemporary times has significantly manifested itself in various nations 

across the globe, particularly in Latin America. Empirical studies have confirmed the relationship 

between crime and the economic progress of a country, indicating that in developing nations, crime 

can act as an obstacle to economic growth, generating instability in economic, political, and social 

spheres [1]. 

High crime rates and a sense of insecurity hinder economic development, resulting in a reduction in 

the quality of life, decreased investment, high security costs, and a negative perception regarding law 

enforcement and regulations compliance. Crime undermines the rule of law and undermines the 

perception of security regarding property rights, leading to a decrease in a country's economic growth. 

In such cases, the economic effects of crime are more noticeable in developing countries due to the 

population's lack of preparedness to counteract these crimes. [2] 

The Ecuadorian city of Riobamba, located in the Andean region of the country, has a particular appeal 

due to its natural environment and rich cultural history. However, the socioeconomic context, 

inequality, and crime, like many Ecuadorian cities, are a perennial issue. The crime rate in this region 

has experienced a worrying increase in recent years. The country is experiencing a wave of violence 

in which the homicide rate, infanticide, presence of criminal groups, robberies, and violence have 

increased dramatically, with an alarming rise over a period of four years. 
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Studying crime in this specific area requires a rigorous scientific approach that integrates a variety of 

research methods and techniques for proper analysis. In such cases, the application of scientific 

methods is essential to understand the underlying factors contributing to crime and to design effective 

prevention and control strategies. [3] 

The fusion of information from various sources, such as police databases, judicial records, 

victimization surveys, and academic studies, is essential to obtain a comprehensive and accurate 

picture of the crime situation in the region. This multidisciplinary and holistic approach allows for 

addressing the complexity of crime from multiple perspectives and developing interventions tailored 

to the specific needs and characteristics of the community. [4], [5] 

In this sense, the application of aggregation operators [6] represents a promising tool for creating 

composite crime indicators. A general aggregation operator (𝐴) can be defined as a function that takes 

a set of 𝑛 input values (𝑥1, 𝑥2, … , 𝑥𝑛 and maps them to a single output value 𝑦, i.e., 

 

𝐴: [𝑎, 𝑏]𝑛 → [𝑎, 𝑏]        (1) 

 

where [𝑎, 𝑏] is the interval within which the input values and the output value lie. The exact nature of 

𝐴 depends on the specific aggregation method being applied. 

These operators allow for the systematic combination of multiple variables, taking into account the 

uncertainty and variability inherent in the data [7], [8]. The advantage of aggregation operators lies in 

their ability to model different degrees of relative importance among variables and to capture the 

heterogeneity and complexity of social phenomena [9]. In this way, their application and utilization 

for crime are feasible. 

The exploration of aggregation operators constitutes a well-established area within decision sciences, 

with applications ranging from consolidating information for economic growth [10] to prioritizing 

disease genes based on networks [11]. Nearly all challenges associated with multi-criteria decision-

making (MCDM) rely on the use of aggregation operators to consolidate evaluations of alternatives 

based on multiple criteria. The choice of aggregation operator significantly influences the 

determination of the best alternatives. Over the past two decades, a wide range of aggregation 

operators have been introduced in scholarly articles. 

Among the operators, the Ordered Weighted Averaging (OWA) operator stands out as one of the most 

popular, having been applied in a wide variety of contexts [12], [13]. Other operators have emerged 

as extensions of the OWA, such as the Induced OWA (IOWA) [6], the Generalized OWA (GOWA) 

[14], the Fuzzy OWA (FOWA) [15], the Generalized Induced OWA, the Intuitionistic Fuzzy OWA 

(IFOWA), and the Induced Int-Fuzzy OWA (I-IFOWA) operator. Additionally, the Ordered Weighted 

Geometric (OWG) operator has been proposed in [16]. 

In this context, it is evident that the application of OWA operators in creating a crime indicator offers 

a robust and flexible methodology for integrating multiple variables and capturing the complexity of 

this social phenomenon. Its use can provide a valuable tool for assessing and monitoring the security 

situation in a specific region, as well as for formulating policies and strategies for crime prevention 

and control. 

The objective of this research focuses on exploring the potential of OWA operators in the design and 

development of a composite crime indicator that is adaptable to various situations. The fundamental 

purpose is to leverage the flexibility and capability of OWA operators to integrate multiple variables 

related to crime, considering their relative importance and the heterogeneity of factors influencing this 

social phenomenon. The goal is to develop a solid methodological approach that allows capturing the 

complexity and dynamics of crime, thus offering a more accurate and comprehensive representation 

of the situation in the Lizarzaburu region. In this sense, the aim is to contribute to the development of 

innovative analytical approaches that promote a deeper understanding and more effective management 

of public security in Ecuadorian urban and rural environments. 
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2. OWA operators  

 

The fusion of information involves combining multiple datasets to produce a single consolidated 

output. Aggregation operators represent a class of mathematical functions used specifically for this 

purpose. These operators take as inputs n values belonging to a domain D and generate a single value 

in that same domain. 

 

An OWA is defined as a function 𝐹: ℝ𝑛 →  ℝ of dimension n when associated with a vector W of 

dimension n, where each element 𝑤𝑗  of the vector belongs to the interval [0,1], and the sum of all 

elements of the vector is equal to 1. This definition is expressed mathematically as follows [17]: 

 

𝐹(𝑎1, 𝑎2, … , 𝑎𝑛) =  ∑ 𝑤𝑗𝑏𝑗
𝑛
𝑗=1       (2) 

Where 𝑏𝑗 represents the j-th ordered value of the 𝑎𝑗. 

OWAs are widely recognized in various applications, being considered one of the most popular in the 

field of information aggregation. Their versatility is evidenced in numerous applications, spanning a 

wide spectrum that includes everything from strategic decision-making to MCDM under different 

conditions of uncertainty. In the context of MCDM, the goal is to identify the best alternative among 

several options, taking into account multiple criteria. 

Formulations of aggregation operators have been developed that extend the functionality of the OWA 

operator and weighted mean, allowing for the weighting of variables according to their importance 

and adjusting the information valuation according to the decision maker's attitude. Among these 

formulations are the Weighted Ordered Weighted Averaging (WOWA) operator and the Ordered 

Weighted Averaging with Weights in Arithmetic Mean and the OWA (OWAWA) operator. [18] 

These operators allow the aggregation of sets of values using two weight vectors. One of these vectors 

corresponds to the weights in the arithmetic mean, while the other corresponds to the weights in the 

OWA operator. The OWAWA operator, in addition to merging the OWA and weighted mean 

operators, offers the possibility of adjusting the emphasis given to each of these operators. 

An OWAWA operator is defined as an OWAWA function: ℝ𝑛 →  ℝ of dimension n if associated with 

a weight vector W, where the sum of the elements of the vector is equal to 1, and each element of the 

vector belongs to the interval [0,1]. The OWAWA function is mathematically expressed as [18]: 

𝑂𝑊𝐴𝑊𝐴(𝑎1, 𝑎2, … , 𝑎𝑛) =  ∑ 𝑣̂𝑗𝑏𝑗
𝑛
𝑗=1       (3) 

Where 𝑏𝑗 is the j-th largest value of the 𝑎𝑖, each argument 𝑎𝑖 has an associated weight 𝑣𝑖 with the sum 

of the elements of the vector equal to 1, and each element belonging to the interval [0,1]. Additionally, 

𝑣̂𝑗 is calculated as a linear combination of two weights, one obtained from the OWA operator (𝑤𝑗) 

and another from the weighted average (𝑣𝑗), allowing the emphasis of each weight to be adjusted 

according to the corresponding value in the dataset, as shown in (3) [19].  

Establishing weights for an OWA operator presents a challenge that can be approached through 

various methods, such as utilizing relative linguistic quantifiers[6] . These quantifiers, which include 

terms like most, few, many, and all, can be depicted as fuzzy subsets within the unit interval. Of 

particular interest are the Regular Increasing Monotone (RIM) quantifiers, which are frequently 

applied in conjunction with OWA operators due to their characteristic properties[16]: 

• The quantifier value is 0 when the degree of membership is 0. 

• The quantifier value is 1 when the degree of membership is 1. 

• The quantifier value is non-decreasing as the degree of membership increases. 
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For instance, the RIM quantifier labeled "most" can be defined with parameters a = 0.5 and b = 0.7, 

resulting in a quantifier Q(r) that behaves as follows: it remains at 0 for r < 0.5, then transitions in a 

linear fashion as r varies between 0.5 and 0.7. 

 

Figure 1: Example of linguistic quantifier Q =“most” 

The vector associated with the weighted average can be obtained using the Analytic Hierarchy Process 

(AHP) method. 

𝑣̂𝑗 = 𝛽𝑤𝑗 + (1 − 𝛽)𝑣𝑗        (4) 

where 𝑣̂𝑗 represents the adjusted criteria importance vector, 𝑣𝑗 is the original weight of the criteria 

based on AHP, 𝑤𝑗  is the criteria importance vector obtained by another method, and 𝛽 is a parameter 

that adjusts the relative importance between 𝑤𝑗  and 𝑣𝑗. 

 

3. The Proposed Model 

 

The present research was based on a methodological approach aimed at developing a crime indicator 

in the city of Riobamba, Ecuador, using ordered weighted averaging (OWA) operators. This approach 

integrated various scientific techniques and procedures to identify and evaluate the most influential 

crime factors in the region, as well as to design a composite indicator that accurately and 

comprehensively reflected the criminal situation. 

The research adopted a cross-sectional design, allowing for a snapshot of the crime situation in the 

region at a specific point in time. A mixed-method approach was used, combining quantitative and 

qualitative methods to collect and analyze data. This research is framed within an applied research 

design, aimed at solving practical problems and generating knowledge useful for decision-making. A 

mixed-method approach was employed, combining qualitative and quantitative methods, as well as 

participatory techniques involving experts, to integrate different perspectives and maximize the 

validity and reliability of the results. 

The adopted methodology consisted of several interrelated stages (Figure 2). Firstly, a comprehensive 

review of the literature related to crime in Riobamba and similar cities was conducted. This review 

aimed to identify the most relevant crime factors and their effects on public safety. Subsequently, the 

selection of the most appropriate crime factors for the analyzed region was carried out, for which an 

initial list was developed based on the literature review and consultations with security and 

criminology experts. This list included elements such as homicide rates, incidence of theft, presence 

of gangs, and drug trafficking, among others. 
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Figure 2: Proposed Model 

Subsequently, four evaluation criteria were established to screen among the selected factors, 

considering the frequency of occurrence (𝑐1), the severity of the impact (𝑐2), the feasibility of 

intervention (𝑐3), and the cost of implementing preventive measures (𝑐4). Based on this, a 

participatory approach involving experts was used to assign weights to the crime factors according to 

their relative importance, taking into account the previously established evaluation criteria. 

The utility vector is presented in sets, where each set 𝑉𝑗 =  {𝑣𝑗1, 𝑣𝑗2, … , 𝑣𝑗𝑛} represents the preferences 

associated with each criterion 𝑐𝑘 of factor 𝑅𝑗. Each value 𝑣𝑗𝑘 indicates the assessment of the relative 

importance of the criterion 𝑐𝑘 in relation to the factor 𝑅𝑗. This assessment is made on a normalized 

scale ranging from 0 to 1, where 0 represents the lowest preference and 1 is the highest preference. 

The normalization of preference values is carried out considering whether they are of benefit or cost 

type. For benefit-type criteria, the normalized value, denoted as 𝑣̃𝑗𝑘, is calculated using the formula: 

𝑣̃𝑗𝑘 =
𝑣𝑘 𝑚𝑖𝑛−𝑣𝑗𝑘 

𝑣𝑘 𝑚𝑖𝑛−𝑣𝑘 𝑚𝑎𝑥
         (5) 

For cost-type criteria, the formula used is: 

𝑣̃𝑗𝑘 =
𝑣𝑘 𝑚𝑎𝑥−𝑣𝑗𝑘 

𝑣𝑘 𝑚𝑎𝑥−𝑣𝑘 𝑚𝑖𝑛
         (6) 

Where 𝑣𝑘 𝑚𝑖𝑛 represents the minimum rating in relation to criterion k, and 𝑣𝑘 𝑚𝑎𝑥  is the maximum 

rating with respect to the same criterion. 

Subsequently, the vectors of the OWAWA operator are defined, where the V vector represents the 

importance of the criteria and the W vector represents the level of optimism/pessimism and, 

consequently, the level of risk.  

Each value in the V vector defines the importance of the corresponding criterion. To determine the V 

vector, the AHP method was used, which involves the identification of criteria and sub-criteria, as 

well as the assignment of weights through pairwise comparisons. 

In the subsequent stage, the normalized preference values were combined to obtain a single numerical 

value using the OWAWA operator. The values were ranked in descending order based on the obtained 

value. The use of aggregation operators provides flexibility and adaptability to the method. Another 

strength lies in the ability to directly obtain decision-maker preferences and represent them in weight 

vectors. 
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Based on the results of the relative importance analysis, a composite indicator was designed using the 

OWAWA operator. This indicator allowed the integration of different crime factors weighted 

according to their relevance and influence on public safety. Finally, the practical utility of the 

composite indicator in decision-making and public policy formulation was evaluated through the pilot 

application of the indicator in collaboration with local authorities and security experts. 

 

4. Results 

 

In the analyzed context, various crime factors are examined to evaluate their inclusion in the composite 

indicator. To carry out this process, the decision was made to select the evaluation criteria 

𝑐1, 𝑐2, 𝑐3, 𝑐4as described earlier. Subsequently, the assessment of each requirement was carried out 

with the chosen criteria, as illustrated in Table 1. 

 

Table 1: Assessment of the factors 

 

Factors 𝒄𝟏 𝒄𝟐 𝒄𝟑 𝒄𝟒 

Homicide rate 0.9 1 0.8 0.5 

Robbery index 0.5 0.8 0.7 0.6 

Frequency of sexual assaults 0.3 0.8 0.7 0.7 

Incidence of domestic violence 0.4 0.8 0.3 0.7 

Vandalism index 0.6 0.6 0.7 0.6 

Presence of gangs 0.7 1 0.9 0.8 

Drug trafficking 0.8 1 0.9 0.8 

Level of police corruption 0.6 0.8 0.6 0.6 

Incidence of cybercrimes 0.2 0.4 0.4 0.3 

 

 

The criterion associated with the cost of implementing preventive measures is classified as a cost-type 

criterion and is normalized following the procedure described in equation (5). On the other hand, the 

benefit-type criteria are normalized according to equation (4). The results of this normalization process 

are presented in Table 2. 

Table 2: Data normalization 

 

 

Factors 𝒄𝟏 𝒄𝟐 𝒄𝟑 𝒄𝟒 

Homicide rate 0.00 0.00 0.17 0.60 

Robbery index 0.57 0.33 0.33 0.40 

Frequency of sexual assaults 0.86 0.33 0.33 0.20 

Incidence of domestic violence 0.71 0.33 1.00 0.20 

Vandalism index 0.43 0.67 0.33 0.40 

Presence of gangs 0.29 0.00 0.00 0.00 
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Drug trafficking 0.14 0.00 0.00 0.00 

Level of police corruption 0.43 0.33 0.50 0.40 

Incidence of cybercrimes 1.00 1.00 0.83 1.00 

 

 

By applying the AHP method, the weight structure presented in Table 3 was derived. These weights, 

resulting from the hierarchical analysis, translate into a weight vector linked to the criteria, represented 

as V. This process of weight assignment is based on the systematic comparison and evaluation of the 

criteria, allowing for appropriate weighting that reflects their relative importance in the study context. 

 

Table 3: Data normalization 

 

 

Criteria C1 C2 C3 C4 

V 

weight 

vector 

C1 1 1/5 1/3 1/3 0.08 

C2 5 1 1 3 0.40 

C3 3 1 1 3 0.36 

C4 3 1/3 1/3 1 0.16 

 

 

The vector W, on the other hand, is defined as W = [0.2 0.35 0.2 0.25]. In this context, greater 

relevance is assigned to the weighted average, expressed as β = 0.4. The results obtained from the 

aggregation process are presented in detail in Table 4. This approach highlights the prioritization of 

certain criteria over others, reflecting a weighted consideration of information in generating results. 

 

Table 4: Aggregate Operator Results 

 

Factors OWAWA 

Homicide rate 0.87 

Robbery index 0.58 

Frequency of sexual assaults 0.51 

Incidence of domestic violence 0.33 

Vandalism index 0.48 

Presence of gangs 0.77 

Drug trafficking 0.79 

Level of police corruption 0.55 

Incidence of cybercrimes 0.25 

 

 

The results of the application of the aggregation operator show that the homicide rate, with a value of 

0.87, exhibits the highest weighting among all factors considered. This result suggests that the 

Homicide Rate has been identified as the most relevant factor in the studied context, indicating a 
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significant concern regarding public safety. Additionally, both Drug Trafficking and the Presence of 

Gangs obtained high values of 0.79 and 0.77 respectively, suggesting a strong inclination of experts 

to consider these factors as very predominant in the area's crime. 

 

Figure 3: Relative Importance of Crime Factors in Public Safety Assessment 

On the other hand, the Incidence of Cybercrimes presents the lowest value of 0.25 among all evaluated 

factors. This could indicate that, although cybercrime incidence is an emerging concern, its impact on 

overall crime in the region is minor compared to other types of crimes. 

In this case, the creation of the composite indicator can include as many factors as desired, depending 

on the complexity and specificity of the situation studied. The ability to incorporate multiple factors 

provides a more comprehensive and detailed view of the crime situation in the region, allowing for a 

more accurate and exhaustive assessment of associated risks and challenges. The inclusion of a wide 

range of relevant factors, such as the homicide rate, drug trafficking, and gang presence, among others, 

allows for capturing the complexity and interrelation of various aspects influencing crime. However, 

it is important to consider that the inclusion of a large number of factors can increase the complexity 

of the indicator and the difficulty in interpreting the results. Therefore, it is essential to carefully select 

the most relevant and significant factors and ensure that the resulting indicator is understandable and 

useful for decision-making and policy formulation. 

It is important to note that the results obtained may vary depending on the particular context of each 

community or situation. The selection of specific factors and the weights assigned to each one can 

significantly influence the outcome of the crime index. Therefore, it is essential to consider the unique 

characteristics of each environment when applying this methodological approach. Additionally, it 

should be noted that this crime index does not exhaust all possible variables that may contribute to the 

criminal phenomenon. In future research, other additional factors could be considered to enrich the 

analysis and provide a more comprehensive understanding of the criminal dynamics in the studied 

community, as well as in other related contexts. 

5. Discussion 

The use of aggregated operators in the field of crime evaluation has proven to be an effective 

methodological strategy for synthesizing information from multiple factors. In this study, the 

application of the weighted OWAWA operator has allowed for the construction of a composite 

indicator that integrates significant criteria, providing a precise and weighted representation of the 

criminal dynamics in Lizarzaburu. The relevance of this approach lies in its ability to capture the 

complexity of crime by considering the relative importance of each factor, thus providing a more 

comprehensive view of the criminal situation. 

Furthermore, the application of these operators in security management and crime prevention has 

important implications, as it provides decision-makers with an effective tool to identify and prioritize 
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intervention areas in different scenarios. In this way, it is possible to design more effective prevention 

strategies by focusing on the critical factors that influence crime. 

Similar to the current study, the research conducted by [20] observed the use of different aggregation 

tools to create composite indices and evaluate their potential effects on mitigation and adaptation 

efforts. On the other hand, in [21], they create and apply a composite indicator to map the urban public 

infrastructure of a Brazilian city. In this context, it is evident that the specific applications of the 

OWAWA operator and its ease in creating robust composite indicators may vary depending on the 

context and objectives of each study. 

However, there were very few references to the use of aggregated operators in the context of crime 

analysis and even fewer in the context of creating composite indicators. Nevertheless, the results 

obtained in this study suggest that the use of aggregated operators, such as OWAWA, can be highly 

beneficial for integrating multiple factors in a weighted manner and obtaining a comprehensive 

measure of crime in a particular geographical area. 

 

6. Conclusion 

 

In this study, a composite crime indicator was developed for the Lizarzaburu Parish using ordered 

weighted averaging (OWA) operators. The methodology employed a combination of quantitative and 

qualitative techniques, along with the participation of security and criminology experts. Through this 

approach, the most relevant crime factors in the region were identified and evaluated, leading to the 

design of a composite indicator that accurately reflected the crime situation. The use of weighted 

operators allowed for greater flexibility in weighting factors, facilitating model adaptation to the 

specific needs of the studied community. The obtained crime index provides a useful tool for assessing 

and monitoring the security situation in the community, as well as informing the formulation of crime 

prevention policies and strategies. However, it is essential to acknowledge the limitations and consider 

the possibility of integrating other relevant factors to improve the accuracy and applicability of this 

approach in the field of study and other related fields. 
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