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Abstract 

The Fifth Industrial Revolution, or Industry 5.0, fosters an innovative, resilient, competitive, and society-centered industry. This 
era emphasizes enhanced human-machine interactions, enabling individuals to manifest their creativity through personalized 
products and services. As smart factories evolve, the demand for flexibility and adaptability necessitates increased cognitive efforts, 
particularly in maintenance tasks critical to the flexibility of production systems. Despite the potential of emerging technologies 
like Augmented Reality and Artificial Intelligence to aid operators, the complexity of tasks combined with the novelty of such 
technologies can overwhelm workers, thereby impacting workplace well-being. To tackle these challenges, the DESDEMONA 
project, funded by the European Union through PRIN as part of NextGenerationEU, is developing a Decision Support System 
(DSS). This system aims to provide real-time suggestions for assigning the most suitable operators for maintenance tasks 
characterized by high cognitive demands. The DSS considers three primary factors: the operator's profile (including skills and age), 
their emotional state, and the availability of smart devices. This manuscript details the project's initial results, presenting a 
simplified mathematical model capable of ranking the optimal list of operators. To demonstrate the effectiveness of the DSS, it is 
compared, through a simulation approach, with a simulated maintenance supervisor. This comparison highlights the system's ability 
to identify, from the k-permutations of N operators, the number of optimal tuples that best fit the operational needs. 
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1. Introduction 

The advent of Industry 5.0 marks a paradigm shift towards a more human-centred approach in industrial operations, 
emphasizing the importance of well-being, creativity, and personalized experiences in the workplace [1]. Unlike its 
predecessor, Industry 4.0, which primarily focused on integrating cyber-physical systems and the Internet of Things 
(IoT) to enhance productivity and efficiency [2], Industry 5.0 aims to harmonize advanced technologies with human 
skills and well-being. This evolution is particularly significant in sectors where workers' cognitive and physical 
demands are high, such as maintenance operations. Maintenance tasks in industrial settings are often complex and 
carry substantial risks to health and safety [3]. Ensuring that operators are well-trained and in an optimal 
psychophysical state is crucial for minimizing these risks. An experienced operator who is fatigued is more likely to 
make errors than a less experienced but well-rested and cognitively sharp operator. Therefore, enhancing the well-
being of maintenance operators is paramount to improving safety and efficiency in industrial environments. 

The significance of this work lies in addressing one of the critical challenges faced in modern smart factories: the 
cognitive load associated with complex maintenance tasks. As smart factories become increasingly automated and 
interconnected, the role of human operators remains vital, particularly in maintaining and troubleshooting 
sophisticated machinery. However, these tasks often demand high cognitive engagement, leading to mental fatigue 
and potential errors, which can compromise safety and productivity. By developing a Decision Support System (DSS) 
that optimizes task assignment based on operators' cognitive load, this research contributes to the broader goal of 
enhancing human-machine interactions in Industry 5.0. Effective human-machine collaboration is essential in 
mitigating the cognitive demands placed on operators, ensuring that maintenance tasks are performed efficiently while 
safeguarding the well-being of workers. The DESDEMONA project addresses these challenges by proposing a system 
that not only considers the technical skills required for tasks but also the cognitive and emotional state of operators, 
thereby fostering a more resilient and adaptive industrial environment. 

The DESDEMONA project, funded by the European Union through PRIN as part of NextGenerationEU, addresses 
this need by developing a Decision Support System (DSS) designed to optimize task assignment in maintenance 
operations. This DSS aims to provide an easy-to-use tool for maintenance supervisors, facilitating their decision-
making process by considering the tasks' complexity and the operators' skills, workload, and psychophysical state. By 
integrating these factors, the DSS ensures that maintenance tasks are assigned to the most suitable operators, thereby 
enhancing both productivity and operator well-being.  

This manuscript details the initial results of the DESDEMONA project, presenting a simplified mathematical model 
capable of ranking the optimal list of operators for maintenance tasks. To demonstrate the effectiveness of the DSS, 
it is compared with a simulated maintenance supervisor using a simulation approach. This comparison highlights the 
system's ability to identify, from the k-permutations of N operators, the number of optimal tuples that best fit the 
operational needs. 

The structure of the paper is as follows: section 2 provides a brief history of DSS and their applications, with 
particular attention to human resource management and maintenance operations; Section 3 presents the preliminary 
elements of the mathematical model; Section 4 introduces the interface and the main functionalities of the platform. 
Thus, the results of a simulation campaign are presented to demonstrate the effectiveness of the DSS compared to a 
simulated maintenance supervisor. Finally, section 5 discusses the results and outlines the next research steps. 

2. Research context 

Decision Support Systems (DSS) have evolved significantly since their inception in the 1960s [4]. Initially 
developed to assist in managerial decision-making [5], DSS are computer-based systems that help users make 
informed decisions by compiling useful information from raw data, documents, personal knowledge, and business 
models [6]. The primary goal of DSS is to enhance the decision-making process by providing relevant data and tools 
to analyze and visualize this data effectively. 

DSS has been widely implemented across various fields. In Table 1, below are collected some applications of DSS 
and the algorithms utilized. In the realm of Human Resource Management (HRM), DSS are used to optimize the 
allocation of human resources. These systems consider various inputs to assign tasks effectively. For example, the 
paper [7] discusses using data mart analysis to incorporate employee skills, availability, and past performance into the 
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decision-making process. Additionally, the paper [8] highlights the integration of psychological factors such as job 
satisfaction into HR DSS. Maintenance management is also a critical area in which DSS can play a pivotal role. 
Efficient task assignments in maintenance can significantly reduce downtime and increase the lifespan of equipment. 
However, literature on DSS specifically designed for maintenance management, particularly those incorporating real-
time data and operators' cognitive load, is sparse. Several studies have explored DSS in various maintenance contexts: 

 Predictive Maintenance: Utilizing machine learning algorithms to predict equipment failures and schedule 
maintenance proactively [9]. 

 Resource Allocation: Using optimization algorithms to allocate maintenance resources efficiently [10]. 
 Scheduling: Implementing heuristic algorithms to schedule maintenance tasks effectively [11]. 

 

Table 1. Some applications of DSS and the algorithms used. 

Field of application            Algorithm used References 

Finance                        Neural Networks              [12], [13], [14] 

Agriculture                    Fuzzy C-Means, Fuzzy logic, Partial Least Squares Regression (PLSR) [15], [16], [17] 

Supply Chain Management       Linear Programming, ALOHA Algorithm, Heuristic Techniques [18], [19], [20] 

Environmental Management      Genetic Algorithms           [21] 

Maintenance                    Fuzzy Analytic Hierarchy Process [10] 

ML Algorithm [11] 

Industry 4.0                   Analytical Framework         [22] 

Human Resource 
Management      

Data Mart Analysis           [7] 

Genetic Algorithm, MUSA      [8] 

 
Despite these advancements, there is a noticeable gap in the research regarding DSS that assigns maintenance tasks 

in real time based on the cognitive load of operators.  
Our research addresses this gap by proposing a DSS that dynamically assigns maintenance tasks considering the 

real-time cognitive load of operators. This approach ensures not only the efficient distribution of tasks but also the 
well-being of the maintenance staff, which is crucial in high-stress industrial environments. This novel approach aims 
to enhance both operational efficiency and human factors in Industry 5.0 settings. 

3. Model Requirements 

The developed Decision Support System (DSS) will aim to assist maintenance managers in effectively assigning 
maintenance tasks to available operators to minimize each operator's cognitive workload (CWL). The following key 
requirements have been identified: 

1. Task-Skill Matching Matrix: The system must link maintenance tasks to the required skills, allowing 
assessment of operator suitability. 

2. Operator-Skill Assessment: Operators are scored on their relevant skills to determine their capability for 
specific tasks. 

3. Cognitive Workload Classification: Each task is classified by its cognitive workload level (CWL) to ensure 
proper distribution of tasks based on mental effort. 

4. Preliminary Task Allocation: The system should generate an initial task allocation based on operator-task 
matching. 

5. Final Task Allocation Considering CWL: Task assignments are adjusted to balance CWL across operators, 
considering past workloads. 

6. User-Friendly Interface: The platform must provide an intuitive interface for easy task assignment and 
operator management. 
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Unlike conventional methods, this system will jointly consider the characteristics of both the operators and the 
maintenance tasks. This approach aligns with the Industry 5.0 paradigm, which prioritizes human well-being in 
redesigning production systems [23]. 

To assign maintenance activities to the available operators, the decision-maker can use the DSS in two distinct 
modes: the default mode and the customized mode. In the default mode, the decision-maker will use information 
related to maintenance tasks and operators’ skills preloaded into the software, sourced from surveys previously 
conducted by the authors. In the customized mode, the decision-maker will make personalized assessments of different 
variables. In presenting the model requirements, the system will be described assuming the default use mode, although 
the scenario to be evaluated can be customized by varying the system's parameters. 

The decision-maker's use of the DSS will mainly involve 3 phases (intended as the steps required to carry out a 
complete assignment process).  

The objective of the first phase, i.e., the preliminary task-operator assessment, is to define the degree of suitability 
of each of the available operators to perform a specific maintenance task. Notably, within this work's scope, tasks are 
assumed to be elementary operations (e.g. inspection of a hydraulic circuit, checking a fluid level in a tank, filter 
replacement, etc.) that constitute a complex maintenance activity. The information shown at this stage will be arranged 
in three matrices, shown in Figure 1. 

As can be seen, the first matrix of the DSS (Fig. 1a) is based on the combination of a set of maintenance tasks Tz 
(z = 1, 2,…, n) and of key operator skills affecting correct task execution fj (j = 1, 2..., m). They will be identified 
based on evidence from the literature and according to the opinion of industry experts, so they will be preloaded in 
the DSS and cannot be changed by the decision maker. The matrix will also show the assessment of the impact of 
operator skills on correct task execution Ev(fj,Tz). This value will be obtained as a weighted average of the individual 
scores provided by industrial experts responding to a survey conducted by the authors and will then be preloaded into 
the DSS. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

However, under the assumption of a customized use mode, it is possible for the decision-maker to determine, in his 
own opinion, the importance that each skill has on the correct accomplishment of each task. In correspondence with 
each of the identified tasks, an evaluation will also be reported on its objective CWL class (CWL(Tz)), i.e., very low 
CWL, low CWL, medium CWL, high CWL, and very high CWL. It will be defined based on the assessment of the 
objective complexity of maintenance tasks, obtained, for example, by calculating its information content following 
the Task Complexity Index (TACOM) [24]. In this case, since this result comes from the application of an analytical 
model, it will not be possible for the decision maker to change the value of the CWL(Tz). The second and third matrices 

Fig. 1. Information required in the DSS for the first phase (a) task-skills matrix; (b) operator-skills matrix; (c) evaluation 
of the degree of suitability of each operator in performing the z-th task.  
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illustrated during the first phase serve instead to define the characteristics of the available operators (Fig. 1b) and the 
degree of suitability of each in the execution of the z-th task (Fig. 1c). Specifically, in the second matrix, the decision-
maker will need to define the characteristics of each of the available operators Opk (k = 1, 2, ..., s) by scoring them 
according to the degree to which the individual operator possesses the j-th skill (Opkf1, Opkf2, ... Opkfj) (e.g., 0 indicates 
a poorly operator’s skill). Notably, in this case, the decision-maker must enter the variables, as they must reflect the 
specific industrial situation analyzed. Finally, in the third matrix, the DSS will allow the decision maker to know the 
degree of suitability of each operator in performing the z-th task. In particular, the DSS will carry out a combinatorial 
OpkScj,z evaluation, which will simultaneously take into account the degree of possession of the j-th skill by the k-th 
operator and the relative importance of the j-th skill on the successful performance of the z-th task. Finally, the DSS 
will combine the operator's ratings for the individual skills and define the overall suitability degree Ev(Opk,Tz). 

The second phase, i.e., the preliminary maintenance activity allocation, aims to provide the decision-maker with a 
preliminary list of maintenance activity allocations considering the suitability of available operators. The information 
displayed in this phase is illustrated in Figure 2. First, the decision-maker will need to select the tasks composing each 
maintenance activity (Fig. 2a). Based on the previously processed information, the DSS will then construct, for each 
maintenance activity Ap (p = 1, 2, ..., r), a matrix containing evaluations from each operator and a preliminary 
allocation list (Fig. 2b). This will be achieved through information processing using a multi-attribute utility analysis 
methodology, such as TOPSIS [25]. As can be observed, in the second phase, a preliminary allocation is made without 
considering the CWL associated with each activity. The objective of the third phase, i.e., the final allocation of 
maintenance activities, is to modify the preliminary allocation list to minimize the CWL to which each operator is 
subjected. The information illustrated in this final phase is depicted in Fig. 3. 

 

 

Fig. 2. Information required in the DSS for the second phase (a) selection of the tasks that constitute the Ap activity to be assigned; (b) matrix for 
the preliminary allocation of the Ap activity. 

As can be observed, in this final phase, previously obtained information is combined with input from the decision-
maker. First, the definitive allocation list for each activity is provided considering the CWL to which each operator 
has been subjected in the three previous periods (TPq, q=1,2,3) and the CWL of activity Ap being assigned for the 
current period (TPc). It is worth noting that the CWL(Ap) is derived as the maximum CWL among the tasks comprising 
the activity. Therefore, if Ap consists of three tasks with CWL(Tz) of "medium," "low," and "very low," the CWL(Ap) 
will be "medium." In this case, the decision-maker will provide data on the CWL to which each operator has been 
subjected in previous periods (CWL(OpkTPq)) or, alternatively, import data stored on the platform regarding previous 
assignments, and the DSS will provide the modified allocation list. 

4. DESDEMONA Platform 

Maintenance tasks in industrial operations are diverse and often highly specialized. They can be grouped into 
broader categories called activities, which are associated with specific maintenance fields. The maintenance of these 
complex systems requires a precise allocation of skilled operators to specific tasks.  

Fig. 3. Matrix for the final allocation of the Ap activity. 

(a) (b) 
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degree of suitability of each operator in performing the z-th task. In particular, the DSS will carry out a combinatorial 
OpkScj,z evaluation, which will simultaneously take into account the degree of possession of the j-th skill by the k-th 
operator and the relative importance of the j-th skill on the successful performance of the z-th task. Finally, the DSS 
will combine the operator's ratings for the individual skills and define the overall suitability degree Ev(Opk,Tz). 

The second phase, i.e., the preliminary maintenance activity allocation, aims to provide the decision-maker with a 
preliminary list of maintenance activity allocations considering the suitability of available operators. The information 
displayed in this phase is illustrated in Figure 2. First, the decision-maker will need to select the tasks composing each 
maintenance activity (Fig. 2a). Based on the previously processed information, the DSS will then construct, for each 
maintenance activity Ap (p = 1, 2, ..., r), a matrix containing evaluations from each operator and a preliminary 
allocation list (Fig. 2b). This will be achieved through information processing using a multi-attribute utility analysis 
methodology, such as TOPSIS [25]. As can be observed, in the second phase, a preliminary allocation is made without 
considering the CWL associated with each activity. The objective of the third phase, i.e., the final allocation of 
maintenance activities, is to modify the preliminary allocation list to minimize the CWL to which each operator is 
subjected. The information illustrated in this final phase is depicted in Fig. 3. 

 

 

Fig. 2. Information required in the DSS for the second phase (a) selection of the tasks that constitute the Ap activity to be assigned; (b) matrix for 
the preliminary allocation of the Ap activity. 

As can be observed, in this final phase, previously obtained information is combined with input from the decision-
maker. First, the definitive allocation list for each activity is provided considering the CWL to which each operator 
has been subjected in the three previous periods (TPq, q=1,2,3) and the CWL of activity Ap being assigned for the 
current period (TPc). It is worth noting that the CWL(Ap) is derived as the maximum CWL among the tasks comprising 
the activity. Therefore, if Ap consists of three tasks with CWL(Tz) of "medium," "low," and "very low," the CWL(Ap) 
will be "medium." In this case, the decision-maker will provide data on the CWL to which each operator has been 
subjected in previous periods (CWL(OpkTPq)) or, alternatively, import data stored on the platform regarding previous 
assignments, and the DSS will provide the modified allocation list. 

4. DESDEMONA Platform 

Maintenance tasks in industrial operations are diverse and often highly specialized. They can be grouped into 
broader categories called activities, which are associated with specific maintenance fields. The maintenance of these 
complex systems requires a precise allocation of skilled operators to specific tasks.  

Fig. 3. Matrix for the final allocation of the Ap activity. 
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3020	 Ludovica Oliveri  et al. / Procedia Computer Science 253 (2025) 3015–30246 Oliveri et Al. / Procedia Computer Science 00 (2024) 000–000 

Each maintenance task has a set of required features that define the competencies needed to perform it successfully. 
On the other hand, operators can possess the required features to accomplish the tasks and, for this reason, must be 
ranked accordingly. Figure 4 presents a draft of the platform interface. This minimal design makes it possible to carry 
out the steps discussed in Section 3. The idea is to simplify the use of the application, allowing the person responsible 
for the maintenance operations to have only all the functionalities required on one screen.  

The proposed DSS within the DESDEMONA project is designed to meet the critical requirements outlined in 
Section 3. By leveraging a task-skill matching matrix, operator skill assessment, and cognitive workload (CWL) 
management, the DSS ensures that tasks are optimally assigned to operators. This approach minimizes the cognitive 
load on operators, thereby improving safety and efficiency in maintenance operations. The platform’s user-friendly 
interface further enhances the decision-making process by providing a clear and intuitive way for supervisors to 
manage complex maintenance tasks. Together, these features ensure that the DSS effectively addresses the challenges 
of task complexity and operator well-being, aligning with the goals of Industry 5.0. 

The maintenance supervisor can select among potential industrial sectors (Oil & Gas, Wind Power Plant, etc.); in 
this way, the tile “Activities” will show the maintenance tasks that characterize this field. For each activity of the field 
maintenance sector, it is possible to extend the menu tile and visualize each potential task that constitutes the activity 
(Figure 4a). In this way, the maintenance supervisor can select the tasks scheduled for that maintenance activity, that 
is the information required by the model in the matrix of Fig. 2a. Moreover, for each task of each activity – as discussed 
in Fig. 1a, Ev(fj, Tz) – it will be possible to modify the information regarding the features required that are initially 
retrieved from a database (Figure 4b).  

In order to determine the correct operators’ ranking, the platform presents within the same interface the list of the 
operators (retrieved from a database); in this way, the maintenance supervisor can select among the available ones (by 
using the tick/untick checkbox option). As shown in Figure 5a, the card associated with each operator shows the 
average score obtained as the mean of his/her features. Also, in this case, the maintenance supervisor can change the 
desired features (Figure 5b) before inquiring about the platform for the optimal operators’ ranking. This corresponds 
to compiling the information of the matrix of Fig.1b, Opkfj where Opk can be constituted by several task Tz. 

By clicking the button “Run Scenario”, DESDEMONA will perform the algorithm to populate the information of 
the matrices of Fig.1c, Figure 2b and of the optimal operators’ ranking of Figure 3. 

 

 

Fig. 4. Interface of DESDEMONA: (a) detail of the tasks and (b) feature values that the user can modify 

4.1. Optimal Ranking Algorithm 

This section presents the optimal ranking algorithm adopted in the project's current version, designed to select 
optimal operators for maintenance activities. As discussed in Section 3, the algorithm leverages a feature-based 
matching system, integrating task requirements with operator capabilities, to derive an optimal assignment. This 
approach ensures a deterministic yet efficient allocation of human resources in complex maintenance scenarios, 
optimizing performance and ensuring task completion with the highest quality and safety standards. 

(a) (b) 
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The DSS algorithm has been developed to address the selection of the optimal operators by systematically 
evaluating their skills against the ones related to each task and selecting the optimal set of operators for all maintenance 
scenarios that can be constituted by several activities and tasks. 
 
 

 

Fig. 5. Interface of DESDEMONA: (a) detail of the operator’s menu and (b) feature values of the operators that the user can modify 

Indeed, the DSS algorithm operates through a series of steps: 
1. Feature Extraction: each task and each operator are modelled, encoding their features into a vector.  
2. Feature Mapping and Calculation: extract the required features for each task and compare them with the 

operator features. 
3. Scoring: calculate the differences between task requirements and operator competencies to generate a 

match score. 
4. Aggregation: summarizing the scores across multiple tasks to rank the operators. 
5. Selection and ranking: ordering the operators based on their aggregate scores to determine the best fit for 

the tasks. 
Specifically, the Feature Extraction encodes the n-task and m-operators features (which are stored in a database) into 
two different groups of vectors that express the required proficiency levels of the different skills. 

Formally, let fj be the feature vector for the operator Opk and Tz be the feature vector for the zth task. Each element 
in these vectors represents a specific feature such as technical knowledge, manual dexterity, safety observance, etc.). 

In the Feature Mapping and Calculation, each task is broken down into its constituent features, which are mapped 
to corresponding operator features. The algorithm calculates the difference between each task feature and the 
corresponding operator feature. This step involves computing: 

 The Algebraic sum Sjz corresponds to the net difference between operator feature values and task feature 
values. This indicates the overall match level. 

 The Positive Sum (Pjz): The sum of positive differences where operator features exceed task requirements. 
This reflects areas where operators are overqualified. 

 The Negative Count (Njz): The number of negative differences where operator features are below task 
requirements. This highlights deficiencies in the operator's competencies. 

Given a task Tz with features {f1, f2,…, fm}and an Operator Opk with corresponding features {Op1, O2, …, Os} the 
differences are calculated as shown in equation 1: 

∆���𝑓𝑓�� = 𝑂𝑂𝑂𝑂��𝑓𝑓�� − 𝑇𝑇��𝑓𝑓��      (1) 
Where Δij(fk) represents the difference between the operator's feature value and the task's required feature value for 
feature fk . 

The third step of the algorithm assigns scores to operators based on the differences calculated in the previous step. 
The scores are used to evaluate the suitability of operators for specific tasks. Operators with fewer negative differences 
and higher positive sums are considered better suited for the tasks. For each operator Oi and Task Tj, it is possible to 
compute the following indexes:  

- Algebraic Sum Sjz : 𝑆𝑆�� = ∑ ∆��(𝑓𝑓�)�
���    (2) 

(a) (b) 
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The proposed DSS within the DESDEMONA project is designed to meet the critical requirements outlined in 
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management, the DSS ensures that tasks are optimally assigned to operators. This approach minimizes the cognitive 
load on operators, thereby improving safety and efficiency in maintenance operations. The platform’s user-friendly 
interface further enhances the decision-making process by providing a clear and intuitive way for supervisors to 
manage complex maintenance tasks. Together, these features ensure that the DSS effectively addresses the challenges 
of task complexity and operator well-being, aligning with the goals of Industry 5.0. 

The maintenance supervisor can select among potential industrial sectors (Oil & Gas, Wind Power Plant, etc.); in 
this way, the tile “Activities” will show the maintenance tasks that characterize this field. For each activity of the field 
maintenance sector, it is possible to extend the menu tile and visualize each potential task that constitutes the activity 
(Figure 4a). In this way, the maintenance supervisor can select the tasks scheduled for that maintenance activity, that 
is the information required by the model in the matrix of Fig. 2a. Moreover, for each task of each activity – as discussed 
in Fig. 1a, Ev(fj, Tz) – it will be possible to modify the information regarding the features required that are initially 
retrieved from a database (Figure 4b).  

In order to determine the correct operators’ ranking, the platform presents within the same interface the list of the 
operators (retrieved from a database); in this way, the maintenance supervisor can select among the available ones (by 
using the tick/untick checkbox option). As shown in Figure 5a, the card associated with each operator shows the 
average score obtained as the mean of his/her features. Also, in this case, the maintenance supervisor can change the 
desired features (Figure 5b) before inquiring about the platform for the optimal operators’ ranking. This corresponds 
to compiling the information of the matrix of Fig.1b, Opkfj where Opk can be constituted by several task Tz. 

By clicking the button “Run Scenario”, DESDEMONA will perform the algorithm to populate the information of 
the matrices of Fig.1c, Figure 2b and of the optimal operators’ ranking of Figure 3. 
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scenarios that can be constituted by several activities and tasks. 
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 The Positive Sum (Pjz): The sum of positive differences where operator features exceed task requirements. 
This reflects areas where operators are overqualified. 

 The Negative Count (Njz): The number of negative differences where operator features are below task 
requirements. This highlights deficiencies in the operator's competencies. 

Given a task Tz with features {f1, f2,…, fm}and an Operator Opk with corresponding features {Op1, O2, …, Os} the 
differences are calculated as shown in equation 1: 

∆���𝑓𝑓�� = 𝑂𝑂𝑂𝑂��𝑓𝑓�� − 𝑇𝑇��𝑓𝑓��      (1) 
Where Δij(fk) represents the difference between the operator's feature value and the task's required feature value for 
feature fk . 

The third step of the algorithm assigns scores to operators based on the differences calculated in the previous step. 
The scores are used to evaluate the suitability of operators for specific tasks. Operators with fewer negative differences 
and higher positive sums are considered better suited for the tasks. For each operator Oi and Task Tj, it is possible to 
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- Positive Sum Pjz : 𝑃𝑃�� =  ∑ ∆��(𝑓𝑓�)∆��������    (3) 

- Negative Count Njz: 𝑁𝑁�� =  ∑ 1∆��������    (4) 

The aggregation phase, the fourth step of the algorithm, aggregates the scores across multiple tasks to form a 
comprehensive evaluation of each operator. This step involves summing the algebraic sums, positive sums, and 
negative counts for each operator across all tasks they are evaluated against. For a set of tasks {T1, T2, …, Tz} and an 
operator Opk, it is then possible to compute: 

- Total Algebraic Sum Si: 𝑆𝑆� = ∑ 𝑆𝑆��
�
���    (5) 

- Total Positive Sum Pi: 𝑃𝑃� = ∑ 𝑃𝑃��
�
���     (6) 

- Total Negative Count Ni: 𝑁𝑁� = ∑ 𝑁𝑁��
�
���    (7) 

The last step, Selection and Ranking, uses aggregated scores to rank the operators. The ranking process prioritizes 
operators with the lowest negative counts (indicating fewer deficiencies) and higher algebraic sums (indicating better 
overall match). The final selection ensures that the best-suited operators are chosen for the tasks. In other words, 
operators are classified primarily by their negative total count Ni and secondarily by their total Algebraic Sum Si. 

4.2. Simulation Campaign 

The primary objective of the proposed simulation campaign is to demonstrate the advantages of using 
DESDEMONA and benefit from a deterministic optimal ranking algorithm for given maintenance activities. In 
contrast, human supervisors rely on experience and heuristic approaches, which can be subjective and prone to errors, 
especially as the number of available operators increases. To illustrate this, it is possible to compare DESDEMONA 
with an analytical model based on probability theory. 

Assuming 𝑛𝑛 operators, there are 𝑛𝑛! possible permutations of operator rankings. A human supervisor, selecting 
operators randomly or based on heuristic judgment, has a probability of choosing the optimal ranking by chance as 
follows: 𝑃𝑃correct ranking = 1/n!. This model assumes a uniform distribution, implying that each permutation is equally 
likely. As the number of operators increases, the factorial growth of permutations leads to a rapid decrease in the 
probability of a correct selection by a human supervisor. For example, with two operators (𝑛𝑛 = 2), there are 2! = 2 
possible rankings, leading to a 50% chance (1/2!) for the supervisor to hit the optimal ranking. With three operators 
(𝑛𝑛 =3), there are 3! = 6 possible rankings, leading to a 16.67% chance (1/6). Therefore, as 𝑛𝑛 increases, the probability 
of hitting the optimal ranking decreases exponentially, demonstrating that human supervisors are less likely to make 
the decision as the number of available operators grows. 

A series of simulations were conducted to validate the algorithm's effectiveness, varying the number of available 
operators from 2 to 10. Each simulation is characterized by 10,000 iterations, where an iteration models a generic 
maintenance scenario constituted by two main activities with three tasks each. Using the model of equations (1-7), the 
optimal algorithm can provide a deterministic ranking of operators, compared against a simulated human supervisor's 
choice. The human supervisor's selections will be modelled using a uniform distribution, reflecting the random nature 
of their decisions due to the increasing complexity. This experimental design aims to quantify the algorithm's 
advantage and highlight its practical implications in enhancing the efficiency and effectiveness of maintenance 
operations. Table 2 shows the simulation results for a maintenance supervisor to select the optimal operators. As 
shown, the simulation model with 10,000 iterations converges to the theoretical result if the number of operators is 
less than 7 (in the scenario with five operators, the max relative error is 10.00%). Moreover, as the number of operators 
grows, the probability of the maintenance supervisor hitting the optimal ranking decreases exponentially, indicating 
the challenges in decision-making in more complex settings. 

The "Optimal Tuples" row shows another interesting result achieved thanks to the simulation approach. It allows 
identifying, among the k-permutations of N, the number of optimal tuples of operators (with k = 2, 3,…, 10) that have 
been identified. This demonstrates the model's capability to discern between more or less effective operator groupings 
and emphasizes the practical utility of simulation in optimizing team structures. In other words, DESDEMONA 
retrieves the tuples of operators that perform better, regardless of the allocation of maintenance activities and tasks. 
This represents an important practical result that could significantly influence strategic planning and operational 
efficiency, providing a clear guide to assembling teams based on their potential for success in various tasks.  
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Table 2. Simulation results and comparison with theoretical model 

Operators 2 3 4 5 6 7 8 9 10 

Simulation Result 50.00% 17.09% 3.96% 0.75% 0.130% 0.010% 0.020% 0.000% 0.000% 

Theoretical Result 50.00% 16.66% 4.167% 0.83% 0.1389% 0.0198% 0.0025% 0.0003% 0.00003% 

Relative error 0.00% -2.54% 4.96% 10.00% 6.40% 49.60% -706.40% 100.00% 100.00% 

Optimal Tuples 66 282 731 1,244 1,458 1,172 583 160 19 

Theoretical Tuples 90 720 5,040 30,240 151,200 604,800 1,814,400 3,628,880 3,628,880 

5. Conclusions 

The DESDEMONA project, funded by the European Union through PRIN as part of NextGenerationEU, addresses 
the critical need to optimize task assignments in maintenance operations within the framework of Industry 5.0. This 
Decision Support System (DSS) provides an easy-to-use tool for maintenance supervisors, facilitating their decision-
making process by considering not only the complexity of tasks but also operators' skills, workload, and 
psychophysical state. By integrating these factors, the DSS ensures that maintenance tasks are assigned to the most 
suitable operators, thereby enhancing both productivity and operator well-being. This novel approach aims to improve 
both operational efficiency and human factors in Industry 5.0 settings, ultimately contributing to a more resilient, 
competitive, and society-centered industry. 

The DESDEMONA project's initial results demonstrate the DSS's effectiveness through a simplified mathematical 
model capable of ranking the optimal list of operators for maintenance tasks. A simulation comparison with a 
simulated maintenance supervisor highlights the system's ability to identify the best fit for operational needs from the 
k-permutations of N operators. As the number of operators grows, the effectiveness of human decision-making can 
decrease, thus emphasizing the importance of DSS support. Future research steps will involve further refining the DSS 
to incorporate more real-time data, integrate cognitive workload features, and refine the mathematical algorithm to 
ensure its applicability to a broader range of industrial contexts. This ongoing development will ensure that the DSS 
remains a valuable tool for optimizing maintenance operations and promoting the well-being of industrial workers. 
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The aggregation phase, the fourth step of the algorithm, aggregates the scores across multiple tasks to form a 
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overall match). The final selection ensures that the best-suited operators are chosen for the tasks. In other words, 
operators are classified primarily by their negative total count Ni and secondarily by their total Algebraic Sum Si. 

4.2. Simulation Campaign 
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advantage and highlight its practical implications in enhancing the efficiency and effectiveness of maintenance 
operations. Table 2 shows the simulation results for a maintenance supervisor to select the optimal operators. As 
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less than 7 (in the scenario with five operators, the max relative error is 10.00%). Moreover, as the number of operators 
grows, the probability of the maintenance supervisor hitting the optimal ranking decreases exponentially, indicating 
the challenges in decision-making in more complex settings. 

The "Optimal Tuples" row shows another interesting result achieved thanks to the simulation approach. It allows 
identifying, among the k-permutations of N, the number of optimal tuples of operators (with k = 2, 3,…, 10) that have 
been identified. This demonstrates the model's capability to discern between more or less effective operator groupings 
and emphasizes the practical utility of simulation in optimizing team structures. In other words, DESDEMONA 
retrieves the tuples of operators that perform better, regardless of the allocation of maintenance activities and tasks. 
This represents an important practical result that could significantly influence strategic planning and operational 
efficiency, providing a clear guide to assembling teams based on their potential for success in various tasks.  
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both operational efficiency and human factors in Industry 5.0 settings, ultimately contributing to a more resilient, 
competitive, and society-centered industry. 

The DESDEMONA project's initial results demonstrate the DSS's effectiveness through a simplified mathematical 
model capable of ranking the optimal list of operators for maintenance tasks. A simulation comparison with a 
simulated maintenance supervisor highlights the system's ability to identify the best fit for operational needs from the 
k-permutations of N operators. As the number of operators grows, the effectiveness of human decision-making can 
decrease, thus emphasizing the importance of DSS support. Future research steps will involve further refining the DSS 
to incorporate more real-time data, integrate cognitive workload features, and refine the mathematical algorithm to 
ensure its applicability to a broader range of industrial contexts. This ongoing development will ensure that the DSS 
remains a valuable tool for optimizing maintenance operations and promoting the well-being of industrial workers. 
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