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PROJECT OVERVIEW 

AI4Work investigates practical methods and tools for optimal sharing of work between humans 

and AI/robots. Due to the high level of uncertainty in modern organizations, an appropriate bal-

ance between human and machine activities must be found. To cope with the required flexibility 

and dynamics, Sliding Work Sharing (SWS), where this balance varies during the operation, de-

pending on the situational context, machine-based confidence levels, and human interactions, is 

likely to be the most appropriate for modern organizations.  

The vision of AI4Work is to improve communication and collaboration between humans, AI, and 

robots, allowing for an improvement of the working conditions within different processes in or-

ganizations in several domains in terms of increased efficiency of work, reduction in stress upon 

employees, increased confidence in decision-making processes, etc. 

The key challenge of AI4Work is to develop a set of common methods and tools (methodological 

framework, digital twin service platform, software building blocks for SWS) that can be applied 

in diverse sectors and with different AI/robotics services. The project is driven by six pilots in 

different sectors: logistics, manufacturing industry, construction, healthcare, education, and ag-

riculture. 

EXECUTIVE SUMMARY  

The AI4Work evaluation framework aims to assess the impact of AI-driven solutions on work-

place systems across multiple levels of granularity. The evaluation considers interactions between 

AI solutions and human stakeholders at various lifecycle stages, targeting a comprehensive un-

derstanding of their technical, operational, and social implications. The relevant stakeholder 

landscape is diverse, encompassing system actors, experts, decision-makers, and influencers. 

These stakeholders contribute to an evaluation that spans across technical performance, opera-

tional effectiveness, and social considerations. The evaluation methodology employs baseline 

and post-implementation comparisons and, given the sociotechnical nature of AI4Work, inte-

grates both qualitative and quantitative assessment methods. The goals of the AI4Work evalua-

tion framework are to provide actionable feedback for AI solution developers, identify best prac-

tices for AI integration, and generate insights on AI’s broader impact across different economic 

sectors.
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1 Introduction  

1.1 Purpose of this document 

Much of earlier work on the evaluation of AI solutions in work systems has primarily focused on 

techno-centric aspects, such as the technology itself and its technical outputs. However, recent 

advancements in the AI and robotics fields increasingly highlight the disruptive potential of these 

technologies regarding the imminent future of work. State-of-the-Art (SotA) approaches in the 

evaluation of AI solutions gradually shift attention towards more social aspects, acknowledging 

that technological changes impact the organization of work and the roles and perceptions of the 

workers involved. Aligned with this realization, the AI4Work project aims to implement AI so-

lutions that augment human resources in the work environment, placing the human at the center 

of the work system design. 

This report presents the initial version of the evaluation methodology for the AI4Work project. 

The evaluation methodology aims to provide a comprehensive and customizable framework for 

assessing the sociotechnical impact of AI solutions for work systems with human-AI or human-

robot collaboration. The framework is designed to evaluate AI solutions not only within the scope 

of AI4Work, but more broadly in the context of introducing such technologies in Industry 5.0 

human-centric work systems.  

Such design is necessitated by the evaluation requirements of the AI4Work project. AI4Work 

aims to introduce AI solutions in six pilots from diverse sectors, including logistics, manufactur-

ing, construction, healthcare, education, and agriculture. Thus, the initial version of the concep-

tual evaluation framework is designed based on two fundamental guidelines. First, the frame-

work's design is appropriately inclusive to have the capacity to meet the requirements of a diverse 

set of work systems. Second, the framework has the flexibility to be readily specialized for each 

pilot. These two guidelines imbue the framework with comprehensiveness and customizability 

traits, making it suitable for evaluating the impact of AI solutions in work systems for sectors 

going beyond the ones of the AI4Work pilots. 

1.2 Overview 

The AI4Work project incorporates a comprehensive monitoring and evaluation framework to as-

sess AI solutions in work environments. This approach ensures continuous tracking of technical, 

operational, and social performance through relevant Key Performance Indicators (KPI), align-

ing AI implementations with human-centered design principles. The proposed evaluation frame-

work acknowledges the sociotechnical nature of AI adoption, recognizing that technology im-

pacts work organization, worker roles, and worker perceptions.  

The monitoring and evaluation activities will take place continuously during development and 

periodically during the prototype use, comparing AI-enabled work systems against their initial 

states. The methodology adheres to international standards to evaluate health, safety, usability, 

and cost-benefit aspects. It proposes that human-AI collaboration is assessed based on opera-

tional efficiency, human trust, and cognitive workload. Further, it highlights the key role of Dig-

ital Twins in real-time monitoring, aiding ergonomic assessments, and optimizing AI integration. 
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This holistic evaluation approach aims to ensure AI solutions enhance both technological perfor-

mance and worker well-being. 

The evaluation framework can be employed to assess the impact of AI solutions at multiple levels, 

from individual workers to entire organizations, across different lifecycle stages. It involves both 

qualitative and quantitative methods, prioritizing objective data where possible and incorporat-

ing survey measurements and qualitative data when automated data generation is limited. Stake-

holders are categorized into system actors, experts, decision-makers, and influencers and are in-

volved in evaluation processes to ensure a multidisciplinary perspective. Key performance di-

mensions include technical (accuracy, reliability, security), operational (cost-effectiveness, flexi-

bility, sustainability), and social (AI acceptance, work design, ethics). The methodology will be 

customized to specific pilot needs and will be used to provide feedback for AI development, 

identify best practices, and assess the broader socioeconomic impact. The customized evaluation 

methodology and the interim and final evaluation results will be documented in future project 

deliverables. 

1.3 Relationship with Other Deliverables 

This deliverable documents the initial version of the evaluation methodology for the AI4Work 

project. The methodology development is informed by the pilot requirements documented in 

"AI4Work Pilots Requirements Analysis & Update of SOTA" (AI4Work D1.1 2024) and the project 

concepts and KPIs documented in "AI4Work Concept" (AI4Work D1.2 2024). The evaluation 

methodology is designed to assess the impact of AI4Work solutions on the work systems of the 

six pilots. The customization of the methodology to meet specific pilot needs and goals will be 

documented in "AI4Work Customized Evaluation Methodology" (AI4Work, forthcoming M18). 

The interim pilot evaluation will be based on the pilot implementation plans, as they will be doc-

umented in "AI4Work Pilots plan - Initial Version" (AI4Work, forthcoming M15), and the early 

prototypes per pilot, as will be documented in "AI4Work Pilots Specific Early Prototypes" 

(AI4Work D5.3-8, forthcoming M18). The interim evaluation results will be documented in 

"AI4Work Interim Pilots Evaluation" (AI4Work D6.2, forthcoming M24). The evaluation method-

ology will be refined throughout the project’s timeline and will be finalized in "AI4Work Evalu-

ation Methodology - Final Version" (AI4Work D2.4, forthcoming M30). The final pilot evaluation 

results will be based on the final prototype implementation plans, as they will be documented in 

"AI4Work Pilots plan - Final Version" (AI4Work D5.2, forthcoming M30). Accordingly, the final 

pilot evaluation results will be documented in "AI4Work Final Pilots Evaluation" (AI4Work D6.3, 

forthcoming M36). 

1.4 Structure of the Deliverable 

The remainder of the report is structured as follows. Section 2 provides a literature review on 

monitoring and evaluation and User Experience (UX) evaluation tools. Further, it documents 

relevant standards for the sociotechnical evaluation of AI4Work solutions. Section 3 details the 

methodology development, specifying the role of the units of analysis and use cases definition, 

stakeholder definition, performance dimensions, evaluation formats, and evaluation results and 

feedback. It also provides some examples of KPI specifications. Section 4 outlines the evaluation 

activities roadmap for the methodology customization. Finally, Section 5 concludes the delivera-

ble. 
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2 Literature Review 

2.1 Monitoring and Evaluation 

A methodology is required to continuously track the efficiency and effectiveness of the imple-

mented AI solutions during the project (monitoring) and to periodically evaluate their impact 

based on relevant KPIs (evaluation). AI4Work intends to implement technology (AI) to augment 

human resources in the work environment, thereby placing the human at the center of the work 

system design. Next to creating social impact, the AI solutions must also be technically sound 

and provide economic or operational value. Furthermore, there are interrelations between these 

dimensions. For example, accounting for social aspects can be crucial for organizational profita-

bility since lower employee satisfaction may lead to lower productivity, involvement, and reten-

tion rates. Similarly, technical excellence could provide a competitive advantage and contribute 

to the acceptance of the technology by the workers involved. Hence, KPIs from three important 

evaluation dimensions are included to evaluate the AI solutions within the work systems defined 

in AI4Work: social, technical, and operational. The set of the initial KPIs is documented in 

"AI4Work Concept" (AI4Work D1.2 2024), and the dimensions are further discussed in sections 

3.3.1, 3.3.2, and 3.3.3 of this deliverable. 

The assessment of the impact of applying new technologies within Industry, as reported in the 

context of Industry 4.0 and Industry 5.0 literature, has become more multi-faceted in recent years. 

Evaluations may be techno-centric, mainly focusing on the technology itself; they may also focus 

on operational benefits and expected financial returns. More recently, and particularly within 

Industry 5.0, the focus has shifted towards human-centric approaches (Kadir and Broberg 2021; 

Neumann et al. 2021; Waschull and Emmanouilidis 2023), acknowledging that changes in the 

technology and tasks applied in a work system may also impact the organization of work and the 

roles and perceptions of the workers involved in that work system. It can thus be seen that in-

creasingly a socio-technical system perspective is taken, considering human aspects, technical 

aspects, and their interrelation and aiming to jointly optimize the social and technical systems 

involved in the adoption of new technology in work systems.   

The monitoring and evaluation of the adoption of AI solutions in work systems is essential for 

maintaining social, technical, and operational goals. Continuous monitoring provides valuable 

insights into workplace dynamics, identifying errors and mistakes and detecting areas requiring 

improvement. Monitoring results can be fed into a continuous development cycle, driving itera-

tive enhancements and alignment with project objectives. Likewise, evaluation also plays a cru-

cial role in assessing the overall effectiveness and impact of AI solutions in work systems. 

Through periodic evaluations, it becomes possible to measure how well the redesigned work 

systems meet predefined goals and to identify any gaps between expected and actual outcomes. 

2.1.1 Monitoring and Evaluation System 

Monitoring and evaluation will not be a single, one-time activity in this project. Instead, it will be 

designed as a system of monitoring and evaluation applied over a period of time. This means that 

the monitoring and evaluation will be done throughout the project to provide feedback during 

the design and development phases and to reflect on the deployment phase of the AI solutions 

in operational settings (see Figure 1). Whereas monitoring can be done continuously or with a 

high frequency during the development phase, the evaluation activities will be periodically 
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performed at two moments. The results of continuous monitoring, testing, and validation of the 

AI solutions form input for the periodic evaluations.  

 

Figure 1. Overview of monitoring and evaluation 

The overall evaluation targets assessing the AI-enabled work systems, ideally comparing the in-

itial work system without AI solutions ('as-is' - using baseline measurements) with redesigned 

work systems including AI solutions ('as-they-have-become' - using post-implementation meas-

urements). Furthermore, based on a final analysis and synthesis of the evaluation results from 

the full prototype implementations, the identification of best practices can lead to some insights 

into the evaluation of the AI-enabled work systems in a (future) operational setting. It should be 

kept in mind that not all developments can be deployed within the timeframe of the AI4Work 

project. Therefore, these cannot be evaluated in an operational setting. Monitoring aims to track 

changes from baseline conditions. It focuses on activities and their outputs. It tracks activities 

progress towards outputs, which are intended to contribute to outcomes. Evaluation, on the other 

hand, aims to validate the achievement or not of outcomes, providing analysis regarding the ex-

tent to which outcomes were achieved.  

2.1.2 Standards Implications for Monitoring and Evaluation 

The design of AI solutions for use in work systems is a core aspect of research and innovation put 

forward through the AI4Work project, the AI4Work concept, and especially the sliding work 

sharing between humans and AI-enabled non-human work actors. However, the design of such 

AI solutions for work systems is recommended to follow certain principles, as typically recom-

mended in international standards on the design of work systems (e.g., ISO 6385:2016 2016, Er-

gonomic principles in the design of work systems). According to such standards, factors that are 

to be evaluated and monitored fall under the categories of technological, economic, organiza-

tional, and human factors, affecting the work behavior and well-being of working people as part 

of a work system. This is also in line with broader standards (e.g., ISO 26800:2011 2011 Ergonom-

ics - General approach, principles and concepts; as well as ISO 45001:2018 2018 Occupational 

health and safety management systems). This should be seen in light of the growing shift in 
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workplaces leading to workers being increasingly involved in knowledge work and less in phys-

ical activities, thereby highlighting the need to consider the mental and cognitive well-being and 

workload of workers, as advocated in (ISO 10075-3:2004 2004 “Principles and requirements con-

cerning methods for measuring and assessing mental workload”). 

According to such standards, the evaluation and monitoring should consider criteria relating to 

the following: 

• Health and well-being  

• Safety 

• System performance 

• Usability 

• Cost-benefit 

Such criteria can be considered to belong to our earlier specified categories of operational and 

social factors, which need to be supplemented by technical performance (such as in evaluating 

AI and robotics performance). Monitoring focuses on tracking the progress of activities and in-

puts towards producing desired outputs. The contribution of outputs to desired outcomes is as-

sessed through evaluation. For each one of the above categories, the following examples of sub-

criteria are recommended: 

Health and well-being: Monitoring and evaluation can include subjective assessment, physiolog-

ical measurements, medical surveillance and measurements by psychological instruments. 

Safety: Industry has well-established practices regarding the monitoring and evaluation of work 

systems regarding safety, including: assessment of system reliability related to safety; incidence 

of errors; incidence of accidents; observations and recording of unsafe behavior; near-misses in-

cidence recording; hazard identification and risk assessments. 

System performance: This belongs to operational performance and needs to be monitored and 

evaluated according to domain-specific criteria. For example, in the manufacturing domain, it 

may include quality control metrics, productivity, etc. For more detail on this, refer to our cited 

examples of operational criteria included in the "AI4Work Concept" (AI4Work D1.2 2024). 

Usability: Usability is typically monitored and evaluated through effectiveness, efficiency, and 

satisfaction criteria. Note that effectiveness and efficiency in the usability context refer to the ef-

fectiveness and efficiency of the human-system (AI-enabled in the AI4work case) interaction, ra-

ther than process operational ones (see ISO 9241-11:2018 2018 Usability definitions and concepts). 

Cost-benefit: Such criteria are recommended for the monitoring and evaluation of the effect of 

new or amended work designs, as relevant to the AI4Work innovations. Included sub-criteria 

that can be considered are semi-quantitative evaluations, for example citing changes in produc-

tion loss, maintenance, reduced or increased sickness absence, etc. Positive work re-design effects 

should be translated into cost-benefits. 

Additionally, given the shift of human roles towards more cognitively rich and potentially cog-

nitively demanding tasks, monitoring and evaluation should in principle target the effects of 

AI4Work-introduced changes not only to physical but also to cognitive (mental) workload, in-

cluding stress, mental fatigue, and mental strain on workers. In principle, these may involve 
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different measurements, serving different purposes. Measurements with a low level of precision 

can be valuable for steering work orientation decisions (e.g. task analysis, subjective ratings and 

statements). Measurements with intermediate levels of precision can be used for screening and 

can guide further actions to take corrective measures to improve work conditions. More accurate 

mental workload assessment can be used to fine-tune and adjust specific work conditions. How-

ever, the latter requires more specialized measurements, often carried out by specialists in occu-

pational health, psychologists, or ergonomists. The AI4Work project is more likely to address 

orientation targets, and in specific cases screening ones, although it may still in principle provide 

recommendations for more specialized monitoring and evaluation beyond the project timeline 

and implementation scope, targeting the broader industry take-up of results. 

Overall, monitoring and evaluation needs to be concerned with key principles in selecting the 

appropriate criteria and measurement methods. These include: objectivity; reliability; validity; 

sensitivity; diagnosticity; generalizability; and usability. More details on the specific measure-

ment means will be included in the methodology customization for the pilot cases. Therein the 

specific activities and inputs which contribute to targeted outputs will be appropriately identified 

for monitoring purposes, and the contribution of such outputs to desired outcomes that fall 

within the scope of the customized evaluation criteria per pilot will be defined.  

2.1.3 Evaluation within the Human-AI Teaming Literature 

AI4Work deals with optimal work sharing between humans and AI/robots, aiming to improve 

communication and collaboration between humans, AI, and robots. Therefore, the body of liter-

ature on human-AI teaming in the workplace, which considers the combined capabilities of AI 

and humans synergetically, is relevant to the project. Several key characteristics of Human-AI 

Teaming (HAIT) can be derived from the literature of various disciplines (Berretta et al. 2023). 

First, in HAIT, humans and AI agents work interdependently towards shared goals, recognizing 

each other’s unique roles and contributions (Attig et al. 2024; O’Neill et al. 2022). Second, the AI 

systems involved in HAIT have a certain level of autonomy, distinguishing them from agents 

that merely assist or support human actions. Therefore, the AI agents in HAIT are recognized 

and perceived by humans as legitimate teammates, not just as (Berretta et al. 2023; O’Neill et al. 

2022). Third, there are dynamic roles for both humans and AI agents in HAIT, meaning that their 

roles may shift dynamically throughout the collaboration (Berretta et al. 2023; Holter and El-As-

sady 2024). With the proposed Sliding Work Sharing in AI4Work, tasks will also be dynamically 

allocated over time to human and/or technical resources, depending on the specific circum-

stances. This dynamic allocation of tasks within the human-AI teams can be initiated by a human 

(adaptable allocation), a non-human agent (adaptive allocation), or both (hybrid allocation) 

(Bernabei and Costantino 2024).  

HAIT can be viewed as a complex system where both the human and technological components, 

along with their interactions and organizational context, contribute to overall human-AI team 

performance and success. Effective HAIT requires that the AI agents’ decision-making processes 

are transparent and understandable to human team members, humans have appropriate levels 

of trust in the AI agents, autonomy and control of both humans and AI agents are properly de-

signed, and ethical considerations are addressed. Successful HAIT can lead to improved opera-

tional and social outcomes. However, the literature largely focuses on technological aspects from 

an engineering perspective, paying too little attention to the human and team components in the 

human-AI work systems (Berretta et al. 2023; Popa 2023). HAIT success can be measured by con-

sidering operational performance criteria, such as quality and completion time, but social criteria 
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related to the human team members’ perceptions and experiences need to be included as well, 

such as perceived cooperatively and teaming perception (Attig et al. 2024).   

2.1.4 Evaluation approaches 

Evaluation objectives can be assessed through distinct methodologies for AI solutions and hu-

mans. For instance, the operational performance of human workers can be measured by metrics 

like task completion time, quality of work, and error rates. On the other hand, the performance 

of AI solutions can be assessed using well-established metrics such as accuracy, precision, recall, 

F1-score, mean absolute error, mean square error, and R-squared error, depending on the task. 

These evaluation measures will be customized for pilot use cases in "AI4Work Customized Eval-

uation Methodology" (AI4Work, forthcoming M18). 

Evaluating the impact of human-AI collaboration is as important as assessing individual perfor-

mance. The overall performance impact can be measured by comparing baseline measures with 

post-implementation measures.  A continuous monitoring process is essential to track integration 

progress throughout the project. The data gathered during this process enables comparisons be-

tween scenarios with and without AI collaboration.  Furthermore, measures such as the extent to 

which human expertise and skills are effectively utilized, how AI contributes to reducing human 

errors, the level of user trust in the AI’s recommendations, and whether AI assistance improves 

task efficiency are recognized in the literature as key factors for evaluating human-AI collabora-

tion (Fragiadakis et al. 2024). 

Social aspects can be assessed through various measurements that encompass key human factors. 

The evaluation methodology for assessing human-centricity can include qualitative and quanti-

tative assessments (Waschull and Emmanouilidis 2023). The qualitative measurements can be 

collected in an evaluation workshop or focus/stakeholder groups. Quantitative metrics are esti-

mated through experiments conducted on a prototype or an implemented system. If the system 

is still in the definition or development phase and lacks a full prototype context, focus groups can 

also be used for estimation. 

Mental workload is one of the social aspects, as it directly impacts operator performance and 

well-being. The mental workload can be defined as a ratio between task complexity and a per-

son’s cognitive capacity to meet task demands (Wang et al. 2021). Reliable qualitative approaches 

like the NASA Task Load Index (Hart and Staveland 1988) and Thurstonian Scaling (Dudek and 

Koniarek 1995) are widely used to assess workload levels. These tools provide valuable feedback 

for optimizing system design to ensure efficiency and reduce cognitive strain. Fatigue is another 

critical consideration in evaluating human-centric workplaces. Physiological metrics, such as 

heart rate variability (HRV) and electrodermal activity (EDA), can effectively measure fatigue 

levels. These metrics can be collected in real-time using wearable devices, enabling continuous 

monitoring of worker well-being and offering actionable insights for improving workplace con-

ditions. 

Usability and acceptance of AI systems are also integral to social goals. These factors can be meas-

ured using Likert-scale questionnaires or user interviews (Cherubini et al. 2023; Fragiadakis et al. 

2024). Such tools capture user satisfaction and the ease of interaction with AI technologies, ensur-

ing systems are designed to meet human needs effectively. Together, these evaluations support 

the broader aim of creating technology that prioritizes human well-being and performance. 
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Digital twins are an effective approach for facilitating real-time monitoring of physical environ-

ments due to their capability to create dynamic, data-driven representations. Studies demonstrate 

that digital twins support both social-centric and performance-centric monitoring, enabling the 

achievement of broader monitoring objectives. For instance, integrating real-time data and simu-

lation tools within digital twins facilitates ergonomic monitoring of manual work activities, 

providing real-time assessments and supporting decision-making to improve working conditions 

(Greco et al. 2020). Additionally, digital twin-based integrated monitoring systems have shown 

significant utility in performance monitoring. In terms of performance monitoring, digital twins 

also enable comprehensive oversight of operational processes. Digital twins can provide real-

time visualization and analysis of production data, such as cycle times, operational histories, and 

machine performance metrics (Choi et al. 2022). 

2.2 UX Evaluation Tools 

The evaluation of user experience (UX) is a fundamental aspect of research in human-computer 

interaction (HCI) and AI-human collaboration. As digital systems, including AI and robotics, be-

come increasingly embedded in work environments, a comprehensive understanding of how us-

ers interact with these systems is essential for ensuring usability, efficiency, and overall well-

being. UX evaluation methodologies provide a structured approach to analyzing how technology 

integrates into human workflows, how much it affects cognitive and physical demands, and 

whether it aligns with broader ethical and psychological considerations.  

UX evaluation is theoretically grounded in cognitive psychology, ergonomics, and interaction 

design, drawing from multiple disciplines to assess how users perceive, understand, and engage 

with digital systems. Early frameworks for usability testing emphasize that well-designed sys-

tems should be intuitive, transparent, and aligned with human cognitive processes (Nielsen 1994 

usability heuristics; Shneiderman 2000 eight golden rules). These foundational principles have 

been extended to AI-driven work environments, where interaction is often more complex, requir-

ing users to interpret and respond to AI-generated decisions. The shift from deterministic soft-

ware systems to probabilistic AI models necessitates new evaluation methodologies that consider 

not only traditional usability metrics but also explainability, ethical implications, and human 

trust in automation. 

Assessing trust and acceptability is concerned with examining AI adoption's psychological and 

emotional aspects, including explainability, fairness, and trust dynamics. Trust in AI is a multi-

dimensional construct influenced by system transparency, reliability, and user familiarity with 

AI-based decision-making (Hoff and Bashir 2015). Studies in human factors and automation bias 

have demonstrated that both excessive trust (over-reliance) and insufficient trust (under-reliance) 

can lead to errors in AI-assisted decision-making (Lee and See 2004). Explainability plays a critical 

role in shaping trust, as users are more likely to accept AI recommendations when they under-

stand the underlying rationale (Doshi-Velez and Kim 2017). 

Ergonomics and well-being assessment measures AI systems' physical and cognitive impact on 

users, ensuring that automation enhances rather than hinders working conditions. AI systems 

must be designed to consider human factors, including workload distribution, stress reduction, 

and physical ergonomics (Szopa and Soares 2021). In industrial and healthcare settings, wearable 

sensors and motion tracking technologies have been utilized to assess posture, movement effi-

ciency, and the risk of repetitive strain injuries associated with AI-assisted workflows. Addition-

ally, physiological metrics such as electrodermal activity and heart rate variability provide 
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objective indicators of stress and cognitive strain, offering insights into how AI systems impact 

worker well-being (Boucsein 2012; Shaffer and Ginsberg 2017). Research has shown that excessive 

cognitive load, particularly in high-stakes environments, can lead to mental fatigue and de-

creased decision-making performance, reinforcing the need for AI interfaces that support rather 

than overwhelm human operators (Matthews and Hancock 2017). 

2.2.1 Quantitative Approaches for UX evaluation 

Quantitative methods in UX research provide objective, numerical data that facilitate the meas-

urement and comparison of AI system performance, usability, and user engagement. These meth-

ods rely on structured tools that generate statistically valid results, allowing researchers to iden-

tify trends and patterns in human-AI interactions.  

One widely used quantitative measure is the System Usability Scale (SUS; see Annex for an ex-

ample of a SUS evaluation questionnaire), a standardized instrument designed to assess the usa-

bility of interactive systems (Brooke 1996). SUS provides a numerical score based on user percep-

tions of effectiveness, efficiency, and satisfaction, making it an effective tool for benchmarking AI 

system usability across different contexts. Empirical research has demonstrated that SUS scores 

strongly correlate with overall user satisfaction and task efficiency, reinforcing its reliability as a 

usability metric (Bangor, Kortum, and Miller 2008). 

Another essential quantitative tool is the NASA Task Load Index (see Annex for an example of a 

NASA-TLX questionnaire), which evaluates cognitive workload by measuring six dimensions: 

mental demand, physical demand, temporal demand, effort, performance, and frustration (Hart 

and Staveland 1988). High workload scores may indicate that AI-generated recommendations are 

difficult to interpret or require excessive effort from users. Research in automation and human 

factors engineering has shown that cognitive workload is a key determinant of user trust and 

efficiency in AI-assisted decision-making (Parasuraman and Manzey 2010). 

2.2.2 Integrating Usability Goals into AI UX Evaluation 

A core component of UX evaluation in AI systems is ensuring that the technology aligns with 

well-established usability goals, which extend beyond mere efficiency and functionality. The 

framework presented in Figure 2 is adapted from Sharp, Rogers, and Preece’s seminal work In-

teraction Design: Beyond Human-Computer Interaction (Sharp, Rogers, and Preece 2019), a 

widely recognized text in the field of Human-Computer Interaction. This usability model high-

lights a set of interconnected goals that contribute to a human-centered UX evaluation method-

ology. These goals provide a comprehensive structure for assessing AI-driven interfaces and de-

cision-support systems, ensuring that they are usable, effective, emotionally engaging, and satis-

fying for users. 
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Figure 2. Usability goals 

Usability evaluation in AI systems must incorporate multiple dimensions that influence human 

interaction. One of the primary concerns is efficiency and effectiveness, which determine how 

well an AI system supports users in completing tasks quickly and accurately. These dimensions 

align with traditional usability metrics such as task completion time, error rates, and cognitive 

load assessment, which have been widely used in evaluating interactive systems (Brooke 1996; 

Hart and Staveland 1988). Additionally, ensuring that AI-driven systems are safe and reliable is 

crucial, particularly in high-stakes environments such as healthcare, finance, and autonomous 

systems, where faulty AI recommendations could have severe consequences (Hoff and Bashir 

2015).  

Beyond functional usability, AI UX evaluation must also consider learnability and memorability. 

AI interfaces should be designed to minimize cognitive load, making it easier for users to grasp 

their functionality and retain knowledge over time. Research in usability heuristics suggests that 

intuitive interfaces significantly improve user trust and long-term adoption (Nielsen 1994). If us-

ers find AI interactions too complex or unpredictable, their willingness to rely on the system di-

minishes, reducing the effectiveness of automation. Furthermore, emotional and motivational as-

pects play a significant role in AI acceptance. As illustrated in Figure 2, usability extends to as-

pects such as engagement, reward, and creativity support, which influence how users perceive 

and interact with AI. Studies indicate that users are more likely to adopt and trust AI systems 

when they find interactions aesthetically pleasing, enjoyable, and emotionally fulfilling (Langer 

et al. 2021).  

This usability framework illustrates the interconnected nature of these goals, emphasizing that 

AI-driven systems must balance functional performance with human engagement and safety. To 

develop a robust UX evaluation methodology, researchers must integrate quantitative and qual-

itative approaches to assess usability across these dimensions. Standardized usability scales, such 

as the System Usability Scale and the NASA Task Load Index, provide numerical assessments of 

efficiency, task complexity, and user satisfaction. These structured instruments are valuable for 

benchmarking usability across different AI implementations and identifying potential friction 
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points in AI-human collaboration. Meanwhile, qualitative assessments, including user inter-

views, sentiment analysis, and think-aloud protocols, allow a deeper exploration of subjective 

experiences, emotional responses, and ethical concerns surrounding AI adoption (Kuniavsky 

2012; Paltoglou and Thelwall 2012).  

By incorporating insights from Rogers et al.’s usability framework, AI UX evaluation methodol-

ogies can be structured to ensure they are both holistic and adaptive. The combination of func-

tional, cognitive, and emotional usability factors provides a more comprehensive understanding 

of how AI systems integrate into real-world contexts. This model reinforces the need for iterative 

and dynamic UX evaluation, ensuring that AI technologies evolve in alignment with human 

needs, industry standards, and ethical considerations. 
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3 Methodology Development 

3.1 Units of Analysis and Use Cases Definition 

The AI4Work solutions affect the pilots’ processes at varying degrees of granularity, ranging from 

individual workers to overarching organizational effects. Although it is feasible that the evalua-

tion activities focus on a single granularity degree from a methodological perspective, since the 

scope of AI4Work is inherently sociotechnical, the evaluation activities can provide a more com-

prehensive view of the impact of the solutions by incorporating data produced at different granu-

larity levels. 

In addition, the employment of AI4Work solutions is heterogeneous across pilots as the relevance 

of certain submodules varies with the pilots’ application domains. The scope of the evaluation, 

therefore, may either focus on the impact of multiple interacting solutions working together to 

achieve a shared system goal or on the impact of individual AI4Work solutions. The two scopes 

are not mutually exclusive, and, given enough data, evaluations might also have a multilayer focus, 

such as examining both a single solution and the overall work system. 

Further, human interactions with the used AI4Work solutions occur at every stage of their lifecy-

cle, e.g., during installation, operation, maintenance, and updating. Accordingly, proper evalua-

tion of the solutions’ impact during different lifecycle stages should involve baseline measure-

ments taken before, and post-implementation measurements at various time points during de-

sign and development. 

Finally, the primary objective of the evaluation activities is to document differences in the tech-

nical, operational, and social KPI measurements before and after the use of the AI4Work solu-

tions. Differences in differences methods can be used to evaluate the causal impact of the solu-

tions, on any occasion that permits establishing control groups. Nonetheless, the involved pilots 

concern experimental small-scale settings and the ability to establish control groups that would 

allow causal interpretations of the documented differences is limited within the timeframe of the 

AI4Work project. 

Consequently, the evaluation’s main units of analysis in AI4Work are the work systems at a 

use case level that include the AI4Work solutions and the humans interacting with these solu-

tions. The use cases draw data from various granularity levels, have a multilayer focus, and 

concern different lifecycle stages. They are selected so that they form a representative subsam-

ple of all the pilots and the respective use cases documented in "AI4Work Pilots Requirements 

Analysis & Update of SOTA" (AI4Work D1.1 2024). 

3.2 Stakeholder Definition 

The AI4Work solutions concern systems involving interconnected technical, operational, and so-

cial aspects. The introduced solutions interact with the incumbent human workforce and legacy 

technical systems of the application domain. Thus, a comprehensive evaluation of the effects of 

the entrant solutions on existing production environments entails gathering data from the tech-

nical, operational, and social dimensions of the focal work system. 

The information gathering process includes, but is not limited to, understanding the technical 

system (its functionalities and task requirements), the social system (the workforce and job 
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design), and the overarching organizational context, such as the company’s strategic goals. The 

diverse nature of the evaluation objectives necessitates involving a multidisciplinary team when 

designing and implementing the evaluation process.  

The stakeholder selection is domain-specific. During the customization phase of the evaluation 

methodology ("AI4Work Customized Evaluation Methodology", forthcoming M18), domain-rel-

evant stakeholders will be thoroughly identified and categorized according to their roles and ex-

pertise. Table 1 documents and exemplifies the four main categories from which the customiza-

tion phase will seek to form multidisciplinary stakeholder teams. Preparatory work involving 

relevant stakeholders (project pilots, project management, and technology providers) is per-

formed during ongoing AI4Work and pilot meetings. 

Table 1. General stakeholder categories 

Category Examples 

System actors: Human agents of systems af-

fected by AI4Work solutions. 

Application domain labor, such as research-

ers, operators, and system engineers. Stu-

dents and healthcare services consumers. 

System experts: System designers and technol-

ogy providers. 

AI4Work solution designers and developers. 

Pilot-specific AI designers. Pilot-specific 

technology developers. 

System decision-makers: Human agents af-

fected by AI4Work solutions with decision-

making responsibilities. 

Managers with domain-specific know-how 

and know-why, e.g., human resources, strat-

egy planning, and quality. 

System influencers: Human agents with gen-

eral interest and public outreach in AI4Work 

relevant areas. 

Communities and media.  National and EU-

level innovation clusters. 

The stakeholder team for AI4Work evaluation activities is (and continuously will be) assem-

bled before the pilots’ evaluation begins. The initial coordination of this process is led by 

Work Package (WP) 6 (RUG) and augmented by pilot representatives. The process involves 

system actors, experts, and decision-makers, as well as potentially relevant influencers. 

3.3 Performance Dimensions 

The application of AI4Work solutions to all six project pilots entails technical, operational and 

social elements. Human-centricity lies at the core of the orchestrating SWS design philosophy.   

Early feedback from monitoring and evaluation activities aims to inform the solution develop-

ment process to maximize the potential of their human-centric aspects. 

The evaluation framework draws on insight from human factors, ergonomics, work design, op-

erations management, artificial intelligence, ethics, and safety. It adheres to the standards and 

guidelines detailed in "AI4Work Concept" (AI4Work D1.2 2024) and in Section 2.1.2. Moreover, 

the set of the initial KPI dimensions is documented in "AI4Work Concept" (AI4Work D1.2 2024) 

and the adjustment of these KPIs to the customized requirements of the AI4Work’s pilots will 

take place in "AI4Work Customized Evaluation Methodology" (AI4Work, forthcoming M18). The 

performance indicators for the pilot evaluation are categorized into three main groups: technical, 

operational, and social. These categories aim to cover all aspects relevant to integrating AI4Work 

solutions into the six pilots, providing a comprehensive framework for introducing SWS archi-

tectures in diverse economic sectors extending outside the domains of the project’s pilots. 
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The initial set of KPI dimensions was developed during the design of the AI4Work concept 

and documented in "AI4Work Concept" (AI4Work D1.2 2024). The introduced KPIs are cate-

gorized according to whether they concern technical, operational, or social evaluation aspects. 

Their customization according to pilots’ needs will take place in "AI4Work Customized Eval-

uation Methodology" (AI4Work, forthcoming M18) and the KPIs will continuously be refined 

throughout the project’s timeline. 

3.3.1 Technical 

The criteria of the technical dimension evaluate the performance of AI4Work solutions from a 

software capabilities perspective. The focal aspects of the technical evaluation dimension are ac-

curacy, latency, reliability, robustness, safety, scalability, and security. These criteria evaluate the 

capacity of AI4Work's solutions to achieve the desired outcomes in a dependable manner. 

Accuracy refers to the system's ability to make correct predictions or decisions based on the input 

data. Latency evaluates the responsiveness of the system, particularly in real-time applications 

where delays can result in inefficiencies or critical failures. Reliability and robustness assess the 

system's performance consistency over time and under varying conditions, ensuring resilience 

against unexpected disruptions or changes in input data. These characteristics collectively con-

tribute to the dependable operation of AI systems. 

Moreover, the technical evaluation dimension emphasizes safety, scalability, and security to ad-

dress practical application challenges. Safety pertains to minimizing risks to humans and infra-

structure. Scalability measures the system's capability to maintain performance as workloads in-

crease. Finally, security focuses on safeguarding data and preventing unauthorized access or ma-

nipulation, a critical aspect in maintaining trust and compliance with data protection regulations. 

3.3.2 Operational 

The operational dimension includes criteria that evaluate the performance of AI4Work solutions 

from an economic and production performance perspective. Key evaluation aspects are cost met-

rics and cost-benefit ratios, cycle times, delivery reliability, deployment or installation costs, en-

vironmental sustainability, (perceived) quality, production and routing flexibility, productivity, 

and returns on investments. These criteria help determine the added value and economic feasi-

bility of integrating AI4Work solutions (or more general work-sharing AI solutions) into work-

place processes. Since AI4Work solutions are in a pilot phase, some of these aspects may be dif-

ficult to measure accurately. Nonetheless, the evaluation framework provides a comprehensive 

approach to assess operational aspects of AI4Work solutions not only in the pilot phase but also 

in future production implementations. 

Cost metrics and cost-benefit ratios assess the financial implications of adopting AI4Work solu-

tions. Metrics such as deployment and installation costs, as well as ongoing operational expenses, 

aim to measure the investment required. Return-on-investment analysis provides indicators of 

potential profitability. Additionally, cycle times and delivery reliability examine compliance as-

pects with production constraints, such as production timelines and output consistency. 

Further, this evaluation dimension assesses operational flexibility and sustainability. Production 

and routing flexibility focus on the production process’s ability to adapt to varying workflow 

needs. Environmental sustainability focuses on corporate responsibility and regulatory require-

ments such as minimizing energy consumption and waste. Productivity metrics aim to evaluate 
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the added value of AI4Work solutions from a (market) supply-side perspective. Perceived quality 

focuses instead on (market) demand-side aspects, such as customer and stakeholder satisfaction 

with the output. 

3.3.3 Social 

The social evaluation dimension focuses on the impact of AI4Work solutions from a human cen-

tricity perspective. Since the AI4Work concept introduces a novel approach to integrating AI so-

lutions into workplace environments, this evaluation framework emphasizes three intercon-

nected themes: the dynamics of human-AI interaction, the design of work systems, and adherence 

to ethical principles. The "AI4Work Concept" outlines a detailed set of criteria for evaluation, 

covering a wide range of factors related to human well-being and workplace functionality 

(AI4Work D1.2 2024). 

Key evaluation aspects of the human-AI interaction theme include agency, ease of use, and AI 

acceptance, which play pivotal roles in acquiring know-how in effectively integrating AI solu-

tions into existing workflows. Moreover, the criteria address the AI solutions' communication 

capacity from a human experience perspective, with factors such as explainability and interpret-

ability. 

In the work design theme, the evaluation framework encompasses job design and well-being 

considerations. Evaluation aspects such as task variety, skill variety, and feedback from peers 

focus on the impact of solutions on creating engaging and fulfilling work experiences. Mental 

and physical demands, physical ergonomics, and interdependence within teams concern the hu-

man workers' well-being. These evaluation aspects aim to identify whether AI integration en-

hances collaboration, reduces stress, and supports employees in achieving their professional 

goals. 

Finally, the ethical evaluation theme emphasizes aspects such as fairness, inclusivity and privacy. 

The inclusivity aspect focuses on whether the diverse needs of a workplace environment are con-

sidered. The privacy aspect examines whether sensitive information is protected. The fairness 

aspect focuses on whether the AI4Work solutions are designed to treat workers without biases 

and discrimination. 

3.3.4 KPI Specification Examples 

Relevant KPIs need not be uniformly defined across pilots. Evaluation aspects that are relevant 

for certain pilots might not be applicable to other pilots. For instance, while cycle time measure-

ments are relevant for manufacturing operations, they are less applicable in the healthcare or 

education domains. Thus, the effective evaluation of AI4Work solutions calls for customized 

KPIs.  

Nonetheless, the specification of customized KPIs can be harmonized to ease cross-domain com-

parisons whenever feasible and facilitate the distillation of best practices. Table 2, Table 3, and 

Table 4 provide three examples, one for each dimension defined in "AI4Work Concept" (AI4Work 

D1.2 2024), of KPI definitions for various application domains. The template guiding the specifi-

cation of the three examples and future customized KPIs that will be defined in "AI4Work Cus-

tomized Evaluation Methodology" (AI4Work, forthcoming M18) is provided in the Annex. 
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Table 2. A technical KPI definition example 

Name AI Model Accuracy 

Description AI model accuracy measures how often the AI system produces correct outputs 

compared to a predefined ground truth. It reflects the model’s ability to make pre-

cise predictions or classifications without errors.  

Scope AI model, inference system 

Formula AI Model Accuracy (%) = Number of Correct Predictions / Total Predictions × 100 

Unit of measure % 

Range Min = 0%; Max = 100%  

Trend The higher, the better 

Timing Periodically 

Audience Data Scientist, AI Engineer, Quality Assurance, Operations Manager 

Production methodology Discrete / Batch / Continuous 

Notes This KPI is critical for ensuring AI solutions provide accurate results. Accuracy 

should be balanced with precision and recall, especially in cases of imbalanced da-

tasets.  

Table 3. An operational KPI definition example 

Name Allocation Ratio 

Description The allocation ratio is the relationship of the aggregate actual unit busy time (AUBT) 

over all work units involved in a production order to the actual order execution 

time (AOET) of a production order. 

Scope Product, production order, and plant 

Formula Allocation Ratio = SUM {AUBT/AOET} 

Unit of measure % 

Range Min = 0%; Max = 100%, >100% is possible for overlapping operations.  

Trend The higher, the better 

Timing Periodically 

Audience Supervisor, Manager 

Production methodology Discrete / Batch / Continuous 

Notes This is a KPI relevant to work sharing concepts for both human and non-human 

work entities. The allocation ratio is an index for the wait times and delay times. It 

shows how much of the throughput time of a production order is caused by actual 

processing. Too much wait and downtime extend the throughput time. Effective 

and efficient work sharing would normally be expected to have a positive impact 

on this KPI.  
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Table 4. A social KPI definition example 

Name Stress Impact Ratio 

Description The Stress Impact Ratio measures the relationship between the perceived stress lev-

els of human workers (PSL) interacting with AI-supported systems and the total 

operational time spent on tasks (TOT). It reflects how effectively the AI solution 

mitigates or contributes to workplace stress during task execution. 

Scope Individual worker, organizational unit 

Formula Stress Impact Ratio = PSL/TOT 

Unit of measure Stress score per time 

Range Non-negative real number 

Trend The lower, the better 

Timing Periodically 

Audience Supervisor, HR, Manager 

Production methodology Discrete / Batch 

Notes This KPI is relevant to evaluating the human-AI collaboration experience, particu-

larly in environments where AI systems influence workloads, decision-making, or 

task pacing. Stress levels can be gathered via surveys, biometric data, or self-report-

ing tools integrated into the workflow. 

3.4 Evaluation Formats 

The evaluation methodology aims to utilize both qualitative and quantitative analysis. Whenever 

feasible and appropriate, quantitative evaluation formats will be defined. Quantitative formats 

will be based on objective and subjective measurements. Objective measurements can, for example, 

be gathered from usage data of the solutions and IoT devices distributed by pilots. Subjective 

measurements can be gathered using evaluation surveys. Since self-reported data are more sus-

ceptible to framing and cultural biases, the evaluation activities can primarily, but not necessarily 

exclusively, focus on objectively measured data for pilots having the capacity to generate such 

data. In cases of pilots where objective quantitative measurements are not feasible, the evaluation 

activities can rely on subjective measurements. Finally, qualitative analysis can be used for pilots 

having only few stakeholders and limited ability to generate data with sufficiently large sample 

size for quantitative analysis. 

On the quantitative side, location, dispersion, and other statistics of baseline and post-implemen-

tation measurements of customized KPI can be compared. Such comparisons can inform the rel-

evant stakeholders about the covariation of the introduced AI4Work solutions with the measured 

KPIs. Nonetheless, baseline and post-implementation comparisons do not admit causal interpre-

tations because they do not exclude the possibility of other varying confounding factors. In cases 

where establishing meaningfully large control groups is feasible for certain pilots, differences in 

differences methods can be used to evaluate the causal impact of the used solutions on the meas-

ured KPIs. 



 D2.3 Evaluation Methodology - Initial Version 

31.03.2025  Version 1.0  Page 18 

Confidentiality: Public Distribution 

On the qualitative side, interviews with stakeholders, coding methods, and identification of focal 

themes can be used as primary evaluation methods. Baseline and post-implementation qualita-

tive comparisons will be used to discuss the relevant evaluation aspects. 

The collection of evaluation-relevant data will be coordinated by the pilot representatives and the 

evaluation team led by RUG. Baseline data for the customized KPIs has to be obtained before the 

early prototype installation. Post-implementation data will be collected at various time points 

after the installation of the early and final prototypes.  

In summary, the evaluation activities will employ baseline and post-implementation measure-

ments of the customized KPIs. The evaluation will use various quantitative and qualitative 

evaluation methods and formats to accommodate the data-generating capacities of AI4Work's 

pilots. The evaluation activities will rely on quantitative analysis, baseline and post-imple-

mentation comparisons, and qualitative analysis. 

3.5 Evaluation Goals 

The methodology's goals are threefold. First, to provide feedback to the AI4Work solutions’ de-

velopers, the pilot representatives, and the project’s management team for monitoring purposes. 

Second, to evaluate and identify best practices from the use of AI4Work solutions in the pilots. 

Third, to provide best practices for the use of the AI4Work solutions in a diverse set of economic 

sectors going beyond the pilots’ application domains. 

The results of the evaluation methodology will be communicated to the relevant stakeholders at 

various stages of the AI4Work project to achieve its three goals. In particular, the interim evalua-

tion results will be documented in Deliverable 6.2 and the final results in Deliverable 6.3. Finally, 

best practices distilled from the evaluation experience during the AI4Work’s timeframe will also 

be documented in Deliverable 6.3. 
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4 Evaluation Activities Roadmap 

The evaluation activities are split into four phases: (1) scenario assessment and customization, (2) 

baseline measurements, (3) early prototype monitoring and evaluation, and (4) final prototype 

evaluation.  These phases are documented in Figure 3. 

 

 

Figure 3. Evaluation methodology phases 

The first phase focuses on the customization of metrics belonging to the different dimensions of 

the evaluation methodology. Such customization is based on the analysis of the use cases defined 

in "AI4Work Pilots Requirements Analysis & Update of SOTA"(AI4Work D1.1 2024). The analysis 

will be based on pilot requirements and technology implementation features, drawing from pilot 

documentation available within the project, previous relevant reports and other relevant infor-

mation from ongoing project meetings. The customization process will start by mapping the en-

visioned processes of the use cases and listing all relevant stakeholders involved. Additionally, 

the interaction between humans or existing systems with AI4Work solutions will be investigated 

for each use case.  

The second phase aims to establish a benchmark by evaluating the current use case operations. 

Baseline KPI measurements serve as a reference against which the post-implementation KPIs can 

be evaluated.  

The third phase aims to assess the impact of AI4Work solutions in the different use cases. The 

data gathered at this phase will be used for two purposes. First, they will be used for implemen-

tation monitoring. Early prototype measurements can provide feedback to the technology pro-

viders and pilot partners of AI4Work. Second, the data will be used for the interim evaluation. 

The interim evaluation offers an assessment of the effects of the AI4Work early prototypes on 
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pilots' work systems. In addition, it lays the ground for establishing best practices for applying 

AI4Work solutions in a diverse set of economic sectors. 

Lastly, after all solutions have been fully developed, the final evaluation is performed to deter-

mine the changes achieved in the different use cases with the implementation of AI4Work solu-

tions. The best practices for applying SWS technologies are refined according to the findings of 

the final evaluation. 
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5 Conclusion 

This report reviews previous work in the fields of human-AI teaming, UX tools, and monitoring 

and evaluation methodologies. Moreover, it introduces the initial version of the AI4Work evalu-

ation methodology. The methodology is designed to support comprehensive monitoring and 

evaluation of AI4Work solutions in the six project pilots and provide best practices for the use of 

AI4Work solutions in a diverse set of economic sectors going beyond the pilots’ application do-

mains. Furthermore, it is flexibly designed to address specific requirements of the pilots for the 

customization taking place in future AI4Work deliverables. The framework emphasizes the spec-

ification of units of analysis, stakeholder definitions, performance dimensions, and evaluation 

formats. 

Compared to early work of evaluating AI solutions that primarily focused on the technological 

aspects, the AI4Work evaluation methodology examines work systems from a holistic sociotech-

nical perspective. In alignment with Industry 5.0 principles, the methodology recognizes the im-

portance of human factors in the successful integration of AI solutions into work systems and 

incorporates concepts from SotA literature on human-AI collaboration evaluation and ergonomic 

and well-being standards. 

Finally, the report outlines the roadmap of evaluation within the scope of AI4Work. The evalua-

tion activities are planned to be conducted in four phases: scenario analysis and customization, 

baseline measurements, early prototype monitoring and evaluation, and final prototype evalua-

tion. The methodology will be further refined and customized in future project deliverables. 
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Annex 

KPI Specification Template 

 

Name Name of the KPI 

Description A brief description of the KPI 

Scope Identification of the element that the KPI is relevant for, which can be a 

work unit, work center or production order, product or personnel 

Formula Mathematical formula of the KPI  

Unit of measure The basic unit or dimension in which the KPI is expressed 

Range Logical upper and lower limits of the KPI 

Trend Identifies improvement direction (higher or lower is better?) 

Timing How KPI is recommended to be calculated (on demand, periodically, 

real time) 

Audience User group category (e.g. operators, supervisors, managers) that KPI is 

intended for / is relevant to.  

Production meth-

odology 

Discrete / Batch / Continuous 

Notes E.g. constraints/usage, other information 
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Example of SUS evaluation questionnaire 

 

#  Statement  Strongly 

Disagree 

(1) 

(2) (3) (4) Strongly 

Agree (5) 

1  I think I would like to use this sys-

tem frequently.  

     

2  I found the system unnecessarily 

complex. (Reverse scored)  

     

3  I thought the system was easy to 

use.  

     

4  I think I would need the support of 

a technical person to use this system. 

(Reverse scored)  

     

5  I found the various functions in this 

system well integrated.  

     

6  I thought there was too much incon-

sistency in this system. (Reverse 

scored)  

     

7  I would imagine that most people 

would learn to use this system very 

quickly.  

     

8  I found the system cumbersome to 

use. (Reverse scored)  

     

9  I felt very confident using the sys-

tem.  

     

10  I needed to learn a lot of things be-

fore I could get going with this sys-

tem. (Reverse scored)  
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Example of NASA-TLX questionnaire 

 

#  Dimension  Definition  Rating (0-100)  

1  Mental Demand  How much mental effort was re-

quired to use the AI system?  

 

2  Physical Demand  How physically demanding was us-

ing the system?  

 

3  Temporal Demand  How much time pressure did you 

feel while using the system?  

 

4  Performance  How successful did you feel in diag-

nosing patients with AI system sup-

port? (0 = Poor, 100 = Excellent)  

 

5  Effort  How much effort did it take to use 

the AI system effectively?  

 

6  Frustration  How stressful or irritating was it to 

use the system?  
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