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A B S T R A C T

The users' subjective experience of a technology's transparency is a crucial factor in human-computer interaction, 
shaping trust, satisfaction, and use. Technology transparency refers to different types of information, such as 
what the technology currently does, how it gets its results, and why. Depending on the use context, more or less 
transparency can be helpful and desired from a user experience perspective, posing a design challenge and 
making it important to assess and contrast both users' transparency perceptions and needs. In three studies (N1 =

191, N2 = 23, N3 = 73), covering different technologies, user groups, and methodological approaches, we 
developed the TechTra Scales — including TechTra-N for measuring users' transparency need and TechTra-P for 
users' transparency perception. Results support the relevance of differentiating between needs and perceptions, 
the scales' applicability and sensitivity to different technology interactions, and their validity. Moreover, we 
showed favorable scale properties and a high use intention of practitioners, underlining TechTra's significance for 
research and industry.

1. Introduction

Within human-computer interaction (HCI) and user experience (UX) 
research, transparency becomes an ever more central quality of tech
nology (Deters et al., 2025; Kohl et al., 2019). Along with the rise of 
artificial intelligence (AI) in private applications such as smart home 
systems and search engines, it is increasingly important for users to 
understand what the technology is doing and how it arrives at particular 
outputs to use the technology in a helpful and responsible way. For 
example, if a smart oven automatically shuts off while cooking, users 
should understand whether it did so due to a detected fire risk, a sensor 
error, or a misreading of routine usage. Technology transparency refers 
to users having the information they want about the technology (DIN 
Deutsches Institut für Normung e.V., 2023), especially to what it 
currently does, how it reaches its outcomes, and why (Hein & Die
fenbach, 2025; Hein et al., 2023; Miller, 2019). As a working definition, 
we may understand actual transparency as an adequate mental model of 
a technology's state and functioning. From a UX and design perspective, 
transparency is a particularly interesting and challenging construct, 
since a simple "the more the better" approach is not applicable 
(Felzmann et al., 2020). On the one hand, more transparency can help 

users to use the technology effectively and efficiently, resolve errors, and 
draw appropriate conclusions (e.g., Endsley, 2017; Hein & Diefenbach, 
2025; Vasconcelos et al., 2024). Furthermore, it can increase their sense 
of control, trust, and positive affect, leading to a higher willingness to 
use the technology (e.g., Calvaresi et al., 2025; Papenmeier et al., 2022; 
Procter et al., 2023; Shin et al., 2020). On the other hand, too much 
transparency can be overwhelming for users, exceeding their cognitive 
capacity and deteriorating their experience (Bitzer et al., 2023; Die
fenbach et al., 2022). This may also lead to an inappropriate use or 
reduced willingness to use the technology (Fox & Rey, 2024; Hein & 
Diefenbach, 2025; Hu et al., 2024; Springer & Whittaker, 2020). 
Correspondingly, the ongoing trend of minimalistic design (i.e., simple 
interfaces with as few components as possible (Gumber, 2023)) rather 
supports less transparency. To complicate things further, designing for 
transparency based on objective standards may not necessarily create 
transparency from a subjective user perspective, and vice versa. Users 
may not feel a lack of transparency if they actually do not understand 
what a technology is doing. Even if more transparency would be "good" 
for users (to support more adequate, informed technology use), they 
may not indicate this as a requirement in user tests. On the contrary, 
many attempts to increase transparency (e.g., through manuals, 
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tutorials) may be perceived as too complicated and not necessarily 
appreciated by users when evaluating a technology. Thus, transparency 
forms a moving target in UX design, for which simple design recom
mendations cannot be made.

It is therefore even more important for UX research to have tools to 
study users' transparency needs and perceptions in various situations, 
and, in a second step, use such insights as a basis for design recom
mendations. The present paper addresses this need and introduces the 
TechTra Scales to evaluate technology transparency from a UX 
perspective, separately assessing users' needs for and perceptions of 
transparency. Importantly, the scales are not intended to determine 
whether a technology is actually transparent (i.e., whether it conveys an 
accurate mental model of the technology) nor to serve as an evaluation 
of a technology in the sense that a high score indicates a superior 
product. For this purpose, additional research into the users’ actual 
understanding of the system is essential (e.g., knowledge-related ques
tions). However, measuring the subjective experience of users is crucial 
for UX research. For instance, it shows how different approaches to 
creating transparency lead to different perceptions, how much trans
parency users need depending on contextual factors, and how actual 
transparency and the experience and need for transparency can differ, 
which contributes to understanding perceptions of technology users and 
helps to create well-adapted transparency designs.

By now, since transparency is viewed as a more human-centered, 
subjective construct and less as an objective property of a technology 
(e.g., DIN Deutsches Institut für Normung e.V., 2023; Zednik, 2021), 
approaches for measuring transparency perceptions and needs have 
been developed. However, such measures are still lacking (Hein et al., 
2023; Naveed et al., 2024) and have shortcomings. Especially, they (1) 
have limited applicability for different products, (2) emphasize expla
nations as means of creating technology transparency, (3) focus on 
specific facets of technology transparency, (4) have a lengthy and un
wieldy structure, or (5) do not allow for target-performance comparison 
of technology transparency (see section 2.3 for a more detailed 
discussion).

Therefore, the present research contributes to the current literature 
by examining the meaningfulness of a distinction between users’ 
transparency needs and perceptions and by creating a widely applicable 
and comprehensive UX tool for assessing users' transparency perceptions 
and needs that allows for target-performance comparisons. More pre
cisely, the TechTra Scales serve the following purposes: 

• Providing insights into users' transparency perceptions and needs for 
diverse technological products and means to create technology 
transparency from a UX perspective

• Obtaining initial indications for the reasons of users' assessments and 
possible design approaches by integrating a broad range of trans
parency facets

• Forming a low-threshold user survey with fewer items that can be 
easily used by researchers and practitioners

• Enabling target-performance comparisons during product develop
ment and for existing technological products in research and 
industry

To reach these goals, we conducted three studies. After specifying 
important transparency facets and generating items, we selected the 
items and gained initial insights into the scales' validity through the first 
study. In the second study, we evaluated the scales with UX and usability 
professionals, while again evaluating the properties of both scales. 
Lastly, the third study tested the scales in a real technology interaction 
with a varied technology design and provided a closer look at the 
construct validity. The paper first describes important related work, 
focusing on the significance of technology transparency, its under
standing in existing research, and current approaches to measuring 
transparency as a UX variable. We then present the three consecutive 
studies on the development and validation of the TechTra Scales. 

Finally, we discuss all results and the TechTra Scales in terms of the 
relevance of target-performance comparisons in transparency design, 
the scales’ validity, their theoretical contributions, their practical 
application, and future research directions.

2. Related work

2.1. Relevance of technology transparency

A balanced transparency design of technologies has emerged as a 
crucial aim in research and industry because of negative effects of 
maladjusted transparency and legal requirements. Transparency was 
shown to influence both the experience and behavior of users (Bitzer 
et al., 2023; Bujold et al., 2022; Hein & Diefenbach, 2025; Shin et al., 
2020). Thus, it not only impacts the users' affect and satisfaction, but can 
also have far-reaching and safety-critical consequences through a 
change in users' behavior. For example, users who have a better mental 
model of the technology and understand how it works are more likely to 
recognize errors, correctly assess the accuracy of outputs, and act 
accordingly (Alonso & de la Puente, 2018; Gunning et al., 2021; Hein & 
Diefenbach, 2025). This can reduce the likelihood of technology-related 
accidents (e.g., with machines in the workplace) and poor 
technology-based decisions (e.g., through overreliance on economic or 
medical recommendations (Calvaresi et al., 2025)). Moreover, manu
facturers may also face consequences if they do not appropriately 
consider transparency when designing their products. On the one hand, 
an impaired UX and therefore a reduced willingness to use the product 
may result in a loss of sales (Hein & Diefenbach, 2025; Shin et al., 2020; 
Vorm & Combs, 2022). On the other hand, manufacturers have to fear 
legal action if they do not comply with regulatory requirements. This 
risk is increasing as political bodies are passing more and more laws that 
stipulate transparency (e.g., European AI Act, Digital Services Act, 
General Data Protection Regulation (European Commission, 2025; 
Goodman & Flaxman, 2017; Kaushal et al., 2024)). At the same time, it 
has to be recognized that different stakeholders may have different 
perspectives and desires in terms of transparency. For instance, com
panies may also prioritize profit over user satisfaction and autonomy, 
and thus, focus neither on improving users' subjective perception of 
transparency nor on creating a transparent technology design that em
powers users in their technology use. Yet, in times of a highly compet
itive market, users’ experiences are, in addition to legal requirements, 
ever more important for profitability (e.g., Gaborov and Ivetić, 2022) 
and should therefore not be neglected by stakeholders.

Given the increasing relevance of transparency, it is important to 
advance research in this area as findings can, for instance, inform po
litical decisions and help companies to design user-centered technolo
gies. However, a good methodological basis is crucial, enabling the 
transparency perceptions and needs of users to be measured reliably and 
validly. The present paper contributes to such sound methodology and 
to facilitate the investigation of when a specific transparency level and 
design is appropriate from a UX point of view. To this end, we first 
reflect on current research on technology transparency in the next sec
tions before we present our advanced tool.

2.2. Understanding and definitions of technology transparency in current 
research

In current research, researchers referring to the transparency of a 
technology use diverse terms such as interpretability, explainability, 
intelligibility, understandability, and transparency, partly applying 
them as synonyms. This inconsistent terminology and varying defini
tions result in a confusing research landscape for scientists and practi
tioners (Brennen, 2020; Hein & Diefenbach, 2025). For instance, 
Barredo Arrieta et al. (2020) and Mohseni et al. (2021) defined under
standability and intelligibility as having the same meaning. Likewise, 
transparency is deemed as being intertwined with understandability 
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(Barredo Arrieta et al., 2020), and transparency and explainability are 
seen as synonymous by some researchers and as distinct by others 
(Brennen, 2020; Mohseni et al., 2021). For AI systems, additional ad
jectives such as accountable, inspectable, reliable, or responsible 
emerged and further complicated the research area (Brennen, 2020; 
Capel & Brereton, 2023). The different understandings also show the 
partly objective views that are not focused on user perceptions, and the 
partly subjective, user-centered views on this research topic. For 
example, Mohseni et al. (2021) described transparent AI objectively as 
“an AI-based system that provides information about its 
decision-making process”, while Shin and Park (2019) stated that “[t] 
ransparency […] cannot be measured as feature[.] of algorithms […] 
because they involve subjective dimensions that can be experienced and 
perceived by users.”. Correspondingly, Shin (2021) highlighted “ability” 
in the term explainability, referring to the central role of users in making 
sense of systems’ explanations.

For the present research and development of the TechTra Scales, we 
used technology transparency as an umbrella term for other existing 
terms (e.g., explainability, interpretability, understandability) because 
of several reasons. First, we thereby aligned with other researchers who 
organized the terminology and defined transparency as an overarching 
concept (Clinciu & Hastie, 2019; Mohseni et al., 2021; Shin & Park, 
2019; Turri et al., 2024), not further fragmenting the research land
scape. Second, transparency is a comprehensive construct (Eyert & 
Lopez, 2023; Turri et al., 2024), neither focusing on a specific outcome 
of transparent design (e.g., responsibility as suggested in “responsible 
AI”) nor referring to single approaches for creating transparency (e.g., 
explanations as suggested in “explainability”). Correspondingly, 
explainability is often described as a means to achieve transparency 
(Deters et al., 2023; Naveed et al., 2024). Third, transparency can be 
considered with all technologies and is not so closely connected to AI 
products as, for instance, explainability – since not only AI but also 
tangible, low-tech systems can be perceived as more or less transparent 
and create a need for transparent design (Colin & Martin, 2023; Hein & 
Diefenbach, 2025). Fourth, transparency as a term should be easier to 
understand for users compared to, for example, the less tangible concept 
of interpretability – especially when illustrated through different facets 
of transparency (e.g., how a technology works, what it does). Yet, the 
understandability was also tested in study 1 to ensure the suitability of 
the term for the TechTra Scales. Thus, based on previous works (DIN 
Deutsches Institut für Normung e.V., 2023; Hein et al., 2023; Naveed 
et al., 2024), in this paper, we broadly define technology transparency as 
users having their desired information about the technology, especially 
regarding what it currently does, how it reaches its outcomes, and why. 
This underlines the subjective nature of the construct by emphasizing 
the importance of user perceptions (Suh et al., 2025). From a user 
perspective, an ideal level of transparency is reached when the user gets 
all the “desired” information (rather than all the objectively required or 
possibly available information, which would be overwhelming), and 
users' transparency need emerges as a motivational state when this 
desire is not fulfilled. This broad UX-based definition was further 
developed by highlighting key components of transparency (see sections 
4 and 5.5). Crucially, we and the developed scales therefore do not focus 
on the users’ actual understanding of a technology and accuracy of their 
mental model but their perceived transparency as an independent, 
important variable that shapes user reactions to technological systems. 
Before describing our studies in detail, we first review the current 
technology transparency measures that provided a basis for our work.

2.3. Existing measures of technology transparency

In line with the lacking consistency of terms and definitions, different 
measures emerged in the field of technology transparency with various 
names and contents. According to the objective and subjective views on 
transparency, objective and human-centered evaluations (Vilone & Longo, 
2021) can be distinguished (see Naveed et al. (2024) and Lopes et al. 

(2022) for a similar differentiation). While the former include formal, 
mathematical metrics (e.g., percentage of correct rules), the latter 
comprise qualitative and quantitative studies with humans. Yet, evalu
ations and especially human-centered ones are increasingly but not al
ways included in current research (Hein et al., 2023; Naveed et al., 2024; 
Suh et al., 2025), risking users’ unfavorable reactions and far-reaching 
negative effects of maladapted transparency designs (see section 2.1). 
Focusing on human-centered measures, we present in the following an 
overview of currently used self-report scales while noting their short
comings. Since our goal was to create low-threshold scales that can be 
analyzed with less effort and in a standardized manner, we do not 
include qualitative measures (e.g., interviews, think-aloud protocols 
(Turri et al., 2024)). Thus, the following paragraphs outline found cat
egories of quantitative scales with pertinent examples.

Expert Assessment Scales as Proxies for Users' Transparency Evaluations. 
Expert surveys offer valuable ways to systematically assess transparency 
experiences based on specialist opinions. As an example, the Explanation 
Goodness Checklist (Hoffman et al., 2018) allows researchers or domain 
experts to evaluate features that render explanations good (e.g., un
derstandability, completeness, trustworthiness). Likewise, Deters et al. 
(2025) developed heuristics that can be used by software engineers to 
rate a system's explanation. While such expert surveys are useful for an 
initial investigation, the users' perspective remains critical for product 
design and can deviate from expert assessments (Hein et al., 2023; Werz 
et al., 2024). Furthermore, the checklist only allows yes or no ratings, 
which do not enable nuanced comparisons between different trans
parency designs and may be difficult to answer, as transparency rather 
involves a gradual perception (Felzmann et al., 2020; Vorm & Combs, 
2022).

Scales for Users' Satisfaction with Explanations. To better capture users' 
perspectives, Hoffman et al. (2018) developed the Explanation Satisfac
tion Scale, building on the Explanation Goodness Checklist with a more 
nuanced 5-point Likert scale. However, differences in item numbers and 
focus areas (e.g., usefulness to goals is not integrated in the checklist) 
impair the scales' direct comparability. The System Causability Scale 
(Holzinger et al., 2020) can also be applied to examine the perceived 
explanation quality, concentrating on the users' causal understanding. In 
addition, the xAI for Human-Agent Interaction Survey (Silva et al., 2022) 
with 30 items is available, capturing the transparency, usability, and 
simulatability of agent explanations and suggestions. The authors also 
proposed a 14-item version, which still needed to be validated. Overall, 
the scales focus on explanations as an important means of transparency 
but are therefore limited to this way of creating transparency and to 
developed products with fixed explanations. Moreover, only single fac
ets of transparency are captured (e.g., accuracy, trustworthiness), while 
not all facets may be desired by users. For example, users do not always 
seek complete explanations (Miller, 2019; Mueller et al., 2019) as the 
Explanation Satisfaction Scale asks for. Thus, assessing the users’ needs 
is essential to tailor transparency designs to users. Lastly, the scales 
partly target selected technologies and use contexts (e.g., agent assis
tance in the xAI for Human-Agent Interaction Survey).

Compiled Transparency Scales for Specific Studies. Several studies, such 
as those by Cramer et al. (2008), Wanner et al. (2022), Schott et al. 
(2024), and Shin (2021) have compiled items to assess transparency in 
specific contexts like art recommendations and online shopping assis
tants by mixing and modifying existing measures as well as adding 
self-generated items. Commonly, authors also created a single item to 
capture transparency (e.g., Buçinca et al., 2020; Cai et al., 2019; Ooge 
et al., 2022). This approach is efficient but simultaneously has weak
nesses. On the one hand, the measures are designed for the specific study 
setting and technology and, therefore, not universally applicable. On the 
other hand, they are not thoroughly evaluated, which may question the 
validity of findings. Accordingly, Naveed et al. (2024) described such ad 
hoc questionnaires as a common pitfall that should be replaced by 
standardized questionnaires.

Transparency-Related Subscales of Measures for Related Constructs. 
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Researchers also used items of broader measures, such as the perceived 
understandability factor of the Human-Computer Trust Scale (Madsen & 
Gregor, 2000) and the transparency factor of the Multidimensional Trust 
Questionnaire (Roesler et al., 2022). Although such subscales are prop
erly validated and can offer valuable insights into transparency, they 
were meant to contribute to another overarching construct and there
fore likely focus on specific facets of transparency (e.g., how a system 
works, the predictability of its actions), neglecting other important 
facets such as what (personal) data is used. Also, some scales are only 
usable for single technologies, such as the Human-Computer Trust Scale 
for decision support systems.

Scales for Associated Constructs. Transparency is frequently mixed 
with constructs such as trust, mental model accuracy, or usefulness 
(Lopes et al., 2022; Naveed et al., 2024; Nunes & Jannach, 2017). This 
resulted in long questionnaires with numerous constructs, such as the 
one by Deters et al. (2025), which contains 69 items and, for example, 
puts trustability and transparency on one level. Yet, trustability is rather 
a target outcome of transparency (Speith & Langer, 2023) and should be 
considered downstream of transparency. While being comprehensive, 
such measures may blur important distinctions between constructs. 
Also, they can reduce the comparability of results due to their different 
composition and result in lengthy, not user-friendly inquiries.

Scales for Users' Transparency Needs. In contrast to perceived trans
parency, only a few measures focus on user needs. For instance, 
Schoonderwoerd et al. (2021) integrated three transparency 
need-related items without considering transparency need as an inde
pendent construct, and in Ooge et al. (2022), participants just marked 
reasons with a cross, why they wanted an explanation. The Demand for 
Explainability Scale (Weber et al., 2021) stands out as a validated ques
tionnaire comprising seven items rated by users. Yet, it does not allow 
for a direct target-performance comparison as no compatible perfor
mance (i.e., transparency perception) scale exists. Also, the scale focuses 
on several facets of transparency (especially how a system works) and on 
explanations as one means of transparency. It additionally mixes items 
referring to a concrete technology design (e.g., “The system needs to be 
explained more.”), more general items (e.g., “Understanding how the 
system works is important to me.”), and not self-related items (e.g., “It is 
important that people understand how this system works.”). Thereby, it 
may dilute the measurement of the users' needs. For example, users 
might have a low transparency need (e.g., due to high technical 
knowledge) but could strongly agree with the statement that people 
should understand the systems’ functioning.

In conclusion, various scales for measuring technology transparency 
are currently available, but they have several shortcomings. More pre
cisely, they … 

• … often focus on specific technologies (e.g., recommender systems, AI 
agents) and are not universally applicable across technologies. A 
universal tool would be easier to use without the need to search for a 
context-specific one and could serve as a clear guideline for practi
tioners, encouraging user inquiries in design processes. Moreover, a 
broad applicability would enable comparisons of user evaluations 
across studies and technologies and should reduce the practice of 
scale adjustments that can compromise the validity and reliability of 
findings.

• … concentrate primarily on evaluating explanations provided by the 
technology. On the one hand, such measures typically require a 
developed product with concrete explanations, neglecting that 
transparency experiences should also be assessed early in the 
development process to prevent costly design errors. On the other 
hand, these tools lack applicability to more subtle transparency de
signs that increase understanding but are not clearly perceived as 
explanations or disclosures by users (e.g., icons, auditory or visual 
cues (Hein et al., 2024; van Berlo and Breves, 2025)). This creates the 
need for a tool that can be applied for various means to create 
transparency.

• … mostly assess a limited set of transparency facets (e.g., how a 
technology works), neglecting others such as its performance or use 
of personal data. A more comprehensive approach is needed to 
capture a broader range of transparency facets, making it possible to 
identify those that are most important to users for a specific product.

• … are partly lengthy and impractical. A more concise, user-friendly 
tool would encourage adoption in both academic and industry 
settings.

• … do not compare desired and actual transparency designs, making it 
difficult to identify gaps between the two. Since transparency needs 
vary across contexts, with too much transparency sometimes being 
counterproductive from a UX perspective, a refined approach should 
ensure that transparency designs align with user needs.

Nevertheless, the measures are fruitful approaches for creating an 
improved UX tool, as they provide inspiration for relevant transparency 
facets and item formulations that were already evaluated. Thus, our 
review formed the basis for the studies, which we explain in the next 
sections.

3. Study approach

We performed three consecutive studies, focusing on the item se
lection (study 1), adjustments of the scales (study 2), and testing of the 
scales in a real technology interaction (study 3). All studies were 
approved by the university's ethics committee (vote numbers: EK-MIS- 
2024-280, EK-MIS-2024-304, EK-MIS-2025-0335) and collected writ
ten informed consent of the participants to the data privacy. Moreover, 
we preregistered the studies and uploaded their materials, data sets, and 
analysis scripts to the OSF repository (see https://osf.io/w8g3k 
/overview?view_only=b0f496f48cf44818990bb3f58fad147d). 
Regarding tools, we implemented all questionnaires via Unipark and 
performed all quantitative analyses with R and RStudio. Participant 
recruitment was conducted through various channels, such as social 
media sites, direct requests, university platforms, snowball sampling, 
and HCI conferences. As a prerequisite for all three studies, participants 
had to be of legal age and proficient in English and, for study 3, as a 
laboratory study including interaction with a robot via voice commands, 
also in German.

4. Initial item generation

As a foundation for the first study, we generated a set of items to 
measure users’ transparency perception and need. Based on a compre
hensive literature review on definitions and existing questionnaires and 
an integration of previous research findings (e.g., Corbett & Dove, 2024; 
Hein & Diefenbach, 2025; Vorm & Miller, 2020), we identified core 
facets of transparency as listed in Table 1.

Subsequently, we generated two items per facet (see Table 2) based 
on the facet's meanings, existing questionnaires, and rules for item 
formulation (e.g., no double-barreled items, no complex sentence 
structures (Lenzner & Menold, 2016; Moosbrugger & Kelava, 2020)). 
This allowed us to examine different item formulations and sub-facets. 
We did not develop reverse-coded items because they would make the 
scales less easy to use and may be an additional source of variance (e.g., 
Suárez-Álvarez et al., 2018; Weijters & Baumgartner, 2012). To make 
valid target-performance comparisons possible and the scales easier to 
apply, we used the same facets and item wordings for both the trans
parency perception and need. Response options ranged from 1 (strongly 
disagree) to 7 (strongly agree) to get differentiated ratings and offer a 
neutral option if users do not have a strong opinion on a facet.

In addition to the items for each facet, we included three general 
items to assess transparency more broadly (e.g., general understand
ability) and to see if they yield comparable results and correlate with the 
facets. Thereby, we explored whether broader items are necessary to 
include, as focusing on the facets provides more precise information on 
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the reasons for users’ transparency experience and possible design so
lutions. Moreover, it would increase the ease of use if item beginnings 
are identical across scales. Nevertheless, the broader items served as a 
measure of validity. All initially generated items are listed in Table 2.

5. Study 1: Item selection and initial evaluation

In the first study, we selected items based on user evaluations of a 
broad range of technologies (Hein & Diefenbach, 2025). More precisely, 
we studied transparency perceptions and needs based on users’ 

experiences with 

• their washing machine as a tangible, less complex, and more estab
lished technology,

• the social media platform YouTube as a digital and frequently used 
website, and

• an AI-based chatbot (e.g., ChatGPT) as a new digital product using 
recent technological developments.

In addition, the study's goal was to gain insights into the validity of 

Table 1 
The transparency facets with exemplary references.

Facet Exemplary References

How “How” and “Conceptual Tree Model Visualization” as intelligibility types (Lim & Dey, 2009) 
“How does it work?” as trigger for explanations (Mueller et al., 2019) and explanation need (Hoffman, Mueller, et al., 2023) 
“How” as explanation type (Mohseni et al., 2021), transparency type (Hein & Diefenbach, 2025), category of explainability needs (Liao et al., 2020), and 
explanatory question (Miller, 2019)

Why “Why” and “Why not” as intelligibility types (Lim & Dey, 2009), explanation types (Mohseni et al., 2021), categories of explainability needs (Liao et al., 2020), and 
intelligibility queries (Wang et al., 2019) 
“Why didn't it do z?” as trigger for explanations (Mueller et al., 2019) and explanation need (Hoffman, Mueller, et al., 2023) 
“Why” as explanatory question (Miller, 2019) and transparency type (Hein & Diefenbach, 2025)

How to use “How do I use it?” as trigger for explanations (Mueller et al., 2019) and explanation need (Hoffman, Mueller, et al., 2023) 
“Control” as intelligibility type (Lim & Dey, 2009) 
“How to” as intelligibility query (Wang et al., 2019) 
“How to use” as transparency type (Hein & Diefenbach, 2025)

Performance “Certainty” as intelligibility type (Lim & Dey, 2009) and intelligibility query (Wang et al., 2019) 
“What can't it do? What are its limitations?” as trigger for explanation need (Hoffman, Miller, et al., 2023) 
“Performance” as category of explainability needs (Liao et al., 2020) and transparency type (Hein & Diefenbach, 2025) 
“Accuracy” as explanation attribute (Hoffman, Mueller, et al., 2023)

Data “Input[s]” as intelligibility type (Lim & Dey, 2009) and intelligibility query (Wang et al., 2019) 
“Data” as category of explainability needs (Liao et al., 2020) and transparency type (Hein & Diefenbach, 2025)

What “What did it just do?” and “What will it do next?” as triggers for explanations (Mueller et al., 2019) and explanation need (Hoffman, Mueller, et al., 2023) 
“Output[s]” as intelligibility type (Lim & Dey, 2009), intelligibility query (Wang et al., 2019), and category of explainability needs (Liao et al., 2020) 
“What” as explanatory question (Miller, 2019) and transparency type (Hein & Diefenbach, 2025)

Error details “What do I do if it gets it wrong?” and “How do I avoid the failure modes?” as triggers for explanations (Mueller et al., 2019) 
“What do I do if it gets it wrong?”, “How do I avoid the failure modes?”, and “How can I repair the tool or help it work better?” as triggers for explanation need (
Hoffman, Miller, et al., 2023) 
“Error details” as transparency type (Hein & Diefenbach, 2025)

Usefulness “How will it help me to do a better job?”, “What does it achieve?”, and “How much effort will this take?” as triggers for explanation (Mueller et al., 2019) and 
explanation need (Hoffman, Miller, et al., 2023) 
“Usefulness” as explanation attribute (Hoffman, Mueller, et al., 2023)

Trustworthiness “What do I do if I mistrust or distrust the tool?” as trigger for explanation need (Hoffman, Miller, et al., 2023) 
“Trustworthiness” as explanation attribute (Hoffman, Mueller, et al., 2023)

Table 2 
Initially generated items for both the perception of and need for transparency with references.

Facet Items for Perception of/ Need for Technology Transparency References for Inspiration

​ It seems transparent to me …/ It should be transparent to me … ​
How … how the technological product works. 

… what the logic of the technological product is.
(Hoffman et al., 2018; Mueller et al., 2019; Weber et al., 2021) 
(Hein & Diefenbach, 2025; Liao et al., 2020; Schmude et al., 2025)

Why … why the technological product behaves the way it does. 
… why the technological product shows a certain behavior in a specific situation.

(Cramer et al., 2008; Wanner et al., 2022; Weber et al., 2021) 
(Hein & Diefenbach, 2025; Silva et al., 2022)

How to use … how to use the technological product. 
… how to operate the technological product to achieve what I want.

(Hoffman et al., 2018; Madsen & Gregor, 2000; Mueller et al., 2019) 
(Hein & Diefenbach, 2025; Hoffman et al., 2018; Wanner et al., 2022)

Performance … how accurately the technological product works. 
… what the limitations of the technological product are.

(Hein & Diefenbach, 2025; Hoffman et al., 2018; Liao et al., 2020) 
(Hoffman, Miller, et al., 2023; Liao et al., 2020)

Data … what the behavior of the technological product is based on. 
… what personal data the technological product uses.

(Cramer et al., 2008; Deters et al., 2025; Wanner et al., 2022) 
(Hein & Diefenbach, 2025; Liao et al., 2020)

What … what the technological product is doing at the moment. 
… what the technological product will do next.

(Hein & Diefenbach, 2025; Hoffman et al., 2018; Mueller et al., 2019; 
Wanner et al., 2022) 
(Hein & Diefenbach, 2025; Hoffman et al., 2018; Mueller et al., 2019; 
Ooge et al., 2022)

Error details … what I have to do in case of an error. 
… what error messages or warnings of the technological product mean.

(Hein & Diefenbach, 2025; Hoffman et al., 2018; Mueller et al., 2019) 
(Hein & Diefenbach, 2025; Liao et al., 2020)

Usefulness … how the technological product assists me in reaching my goals. 
… how the technological product helps me to receive what I need.

(Hoffman et al., 2018; Madsen & Gregor, 2000; Wanner et al., 2022) 
(Hoffman et al., 2018; Hoffman, Miller, et al., 2023)

Trustworthiness … how much I can trust the technological product. 
… how reliable the technological product is.

(Hoffman et al., 2018) 
(Hoffman et al., 2018; Liao et al., 2020; Wijekoon et al., 2024)

General The technological product seems/should be easily understandable. 
The technological product provides me/should provide me with enough 
information to understand it. 
The transparency of the technological product is/should be satisfying.

(Deters et al., 2025; Shin, 2021; Wijekoon et al., 2024) 
(Deters et al., 2025; Hoffman et al., 2018; Silva et al., 2022) 
(Hoffman et al., 2018; Wijekoon et al., 2024)
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both scales after item reduction. In the next sections, we present the 
sample characteristics, the procedure and materials used, and the data 
analysis strategy. Then, we report the key results and item selection 
procedure. Lastly, we describe findings of the validity analyses, also 
examining the separate assessment of users' transparency need and 
perception.

5.1. Participants

218 individuals completed the questionnaire. We excluded 27 par
ticipants who did not rate all items on one of the two developed scales 
and answered the attention check item incorrectly. This resulted in a 
final sample size for the analyses of N = 191. The participants' ages 
ranged from 18 to 63 years, with an average of 27.36 years (SD = 7.40). 
61.67% of the sample identified as female and 38.33% as male. As the 
highest academic degree, 36.70% indicated having a university entrance 
qualification, 35.00% a completed vocational training, and 24.44% a 
university degree. Moreover, most participants were employees 
(65.00%, including public officials) or students (29.44%).

5.2. Procedure and materials

In an online survey, participants first rated their perception of the 
three technological products in random order using the developed 21 
items (see Table 2), which were also presented in random order. Sub
sequently, they could indicate what could be improved about the items 
and filled out the short version of the Affinity for Technology Interaction 
(ATI-S) Scale (Wessel et al., 2019) (Cronbach's α = .81), of the Need for 
Cognition (NfC-S) Scale (Beißert et al., 2014) (Cronbach's α = .59), and of 
the Need for Closure (NFC-S) Scale (Roets & van Hiel, 2011) (Cronbach's 
α = .85). Then, they specified their transparency need for each tech
nological product via the Demand for Explainability Scale (Weber et al., 
2021) (Cronbach's α = .89) and the 21 need for transparency items (see 
Table 2). Again, the participants could comment on aspects they noticed 
about the items. Next, we asked for experience with and attitude to
wards the three technological products (one item each rated from 1 (very 
negatively) to 7 (very positively)), their understanding of the concept of 
technology transparency (one item rated from 1 (strongly disagree) to 7 
(strongly agree)), and their general need for technology transparency 
(two items rated from 1 (strongly disagree) to 7 (strongly agree), Cron
bach's α = .64). Lastly, participants indicated their demographics and 
could choose between course credit or a raffle of four 25€ vouchers as 
compensation. All materials can be found in the OSF repository (see 
section 3).

5.3. Data analysis

First, we calculated a one-sample t-test to explore whether the term 
technology transparency was deemed understandable by users, that is, 
whether the understandability rating significantly deviated from 4 as a 
neutral midpoint of the scale. Then, we analyzed the developed items for 
both scales using Cronbach's alpha and McDonald's omega, indicators 
for the response distribution (i.e., mean, median, standard deviation, 
range, skewness, kurtosis), corrected item-total correlations, and prin
cipal component analyses (PCAs). For the latter, we previously checked 
the Kaiser-Meyer-Olkin (KMO) index for sampling adequacy and Bar
tlett's test for sphericity. To determine the number of components, we 
ran parallel analyses. However, all PCAs were computed with two 
components to see the magnitude of loadings on the second component. 
We performed all analyses aggregated for the three technologies (re
ported in section 5.4) and separately for each technology (available in 
Supplementary material A). Additionally, we summarized the qualita
tive comments to support the item selection.

After item selection, we correlated the final scales with associated 
constructs to obtain insights into the scales' validity. As constructs, we 
examined the Demand for Explainability Scale, the three general items 

of the transparency perception and need scales, the general need for 
transparency, ATI, need for cognition, need for closure, as well as par
ticipants’ experience with and attitude towards the technology. Lastly, 
we compared the perception and need ratings between the three tech
nologies by one-way repeated measures ANOVAs with the technology as 
the independent variable and the final scales as the dependent variables, 
and subsequently, pairwise t-tests as post-hoc analyses.

5.4. Results

Participants indicated a high understandability of the term technol
ogy transparency (M = 6.11, SD = 1.00) that was significantly above the 
midpoint of the scale (t(180) = 28.41, p < .001). Moreover, the devel
oped items showed a high reliability through Cronbach's alpha 
(αPerception of transparency = .94, αNeed for transparency = .97) and McDonald's 
omega (ωPerception of transparency = .94, ωNeed for transparency = .97). The 
reliability changed little when one item was dropped (i.e., αNeed for 

transparency only changed to .96 for some items). Furthermore, the 
descriptive values for the response distributions and the corrected item- 
total correlations can be seen in Table 3. Skewness values affirmed 
symmetric response distributions and kurtosis values mesokurtic 
response distributions – with the second how to use item showing the 
greatest deviation from a normal distribution for perception of trans
parency. Also, item-total correlations were reasonably strong, support
ing that the items measured the same construct. For the transparency 
need, both error detail items and data 2 showed the lowest correlations, 
and for the transparency perception, additionally both how to use items 
yielded lower correlations. The how to use items also stood out slightly 
because of their high means, lower standard deviations and ranges.

Table 4 presents the results of the PCAs for both constructs. Consis
tent with the previous results, we found the lowest first factor loadings 
for transparency perception for items how to use 2, data 2, error details 1 
and 2. For transparency need, this was the case for data 2, error details 1 
and 2.

5.5. Item selection

Based on the quantitative results, qualitative statements, and theo
retical considerations, we selected the items for the final scales (see 
Table 5). In general, we strived for one item per facet to cover the 
different transparency facets. Thus, we chose how 1 because of its 
slightly higher factor loading and item-total correlation, and because the 
wording “logic of the technology” of how 2 was seen as unclear by 
participants. Why 1 and performance 1 were preferred due to similar 
quantitative findings and comments on the understandability of the 
facet's other item (“The meaning of why the technological product 
shows a certain behavior is not quite clear […]”, “Not every question 
make[s] sense for every technology (e.g., limitations of a washing ma
chine)”). The same applied for trustworthiness, where we kept the first 
item for clarity reasons (“Unsure about how to rate the reliability”). 
Since the findings for how to use were ambiguous, the first item was 
selected to increase the distinctiveness to the usefulness facet. For the 
latter, we retained the first item to enhance the fit to the facet, as the 
results also did not clearly favor one item.

However, for the data and what facet, we decided to integrate both 
items because they cover different aspects of the facets, and because the 
personal data facet was especially important to users in previous studies 
(Hein & Diefenbach, 2025; Wang et al., 2023; Weitz et al., 2022). 
Contrarily, we removed the error details items from the final scales as 
they showed less favorable results both quantitatively and qualitatively 
(e.g., “’Error’ could have different meanings for different technologies”) 
and may be difficult to answer when no error occurred during the 
technology interaction. The general items were also not retained because 
they yielded ratings comparable to those of the items for the facets, but 
do not allow for concrete design recommendations and make the scales 
less easy to use when not all items have the same beginning.

I. Hein et al.                                                                                                                                                                                                                                     Computers in Human Behavior Reports 22 (2026) 101025 

6 



5.6. Analysis of the final TechTra Scales

The final scales, including the concrete instructions and items, are 
available in Supplementary material B. For insights into the validity of 
the final scales, correlations with associated variables are available in 
Table 6. As assumed, the Demand for Explainability Scale, overall 
transparency need, and general items of the transparency need (see 
Table 2) correlated significantly positively with TechTra-N and general 
items of the transparency perception with TechTra-P. From the indi
vidual differences variables (i.e., ATI, need for cognition, need for 
closure), only the latter had a significant positive relation with TechTra- 
P. Yet, the experience with and attitude towards the technology as 
technology-dependent variables both correlated positively with Tech
Tra, showing that more technology experience and a more positive 
attitude towards it were associated with higher perceived but, for 
technology experience, also with needed transparency.

Furthermore, the differences between the three technologies on the 
scales matched our expectations based on previous research (Bitzer 
et al., 2023; Hein & Diefenbach, 2025; Wang & Yin, 2021) (see Fig. 1): 
While the AI chatbot was perceived as the least transparent, the need for 
transparency was highest for this technology. In contrast, participants 
rated the washing machine as the most transparent and their 

transparency need for this technology as the highest. However, 
TechTra-P and TechTra-N did not correlate significantly (r(181) = − .09, 
p = .337), which underlines the relevance of investigating both.

6. Study 2: Practitioner evaluation

After obtaining the first version of the TechTra Scales via the first 
study, the goal of the second study was to gain quantitative and quali
tative insights into professionals' evaluation of the scales. We therefore 
investigated 

• how both transparency scales were evaluated by UX/usability pro
fessionals and

• what can be done to improve the scales for them.

Additionally, we reexamined the reliability and relation between the 
perception and need scale. The following sections provide information 
on the study's participants, procedure and materials, and data analysis. 
Subsequently, we describe the quantitative and qualitative results and 
the adjustments made to the scales.

Table 3 
Descriptive values and corrected item-total correlation of each item across the three technologies.

Item a M SD Median Range Skewness Kurtosis Corrected Item-Total Correlation

Perception of technology transparency

How 1 4.79 1.14 4.67 [2.00; 7.00] − 0.27 − 0.27 .72
How 2 4.92 1.17 5.00 [2.00; 7.00] − 0.33 − 0.38 .72
Why 1 4.57 1.08 4.67 [1.67; 7.00] − 0.16 − 0.38 .77
Why 2 4.40 1.14 4.33 [1.67; 7.00] − 0.18 − 0.52 .74
How to use 1 6.00 0.73 6.00 [3.67; 7.00] − 0.67 0.02 .54
How to use 2 5.70 0.77 5.67 [2.33; 7.00] − 0.76 1.16 .50
Performance 1 4.75 1.07 5.00 [1.33; 7.00] − 0.34 − 0.20 .77
Performance 2 4.58 1.11 4.67 [1.67; 7.00] − 0.24 − 0.06 .61
Data 1 4.44 1.19 4.33 [1.67; 7.00] − 0.11 − 0.51 .71
Data 2 3.42 1.20 3.33 [1.00; 7.00] 0.23 0.04 .51
What 1 4.63 1.17 4.67 [1.00; 7.00] − 0.05 − 0.32 .62
What 2 4.59 1.11 4.67 [1.33; 7.00] − 0.14 − 0.12 .60
Error details 1 3.83 1.16 4.00 [1.00; 7.00] 0.22 − 0.37 .56
Error details 2 3.99 1.18 4.00 [1.00; 7.00] − 0.02 − 0.48 .54
Usefulness 1 5.48 0.88 5.67 [2.00; 7.00] − 0.63 0.81 .66
Usefulness 2 5.51 0.91 5.67 [2.67; 7.00] − 0.54 0.05 .65
Trustworthiness 1 4.31 1.03 4.33 [1.33; 7.00] 0.01 − 0.20 .69
Trustworthiness 2 4.66 0.94 4.67 [2.00; 7.00] − 0.17 − 0.04 .68
General 1 5.49 0.91 5.67 [2.67; 7.00] − 0.50 0.06 .62
General 2 5.09 1.02 5.00 [1.33; 7.00] − 0.56 0.44 .59
General 3 4.32 1.08 4.33 [1.33; 7.00] 0.00 − 0.12 .64

Need for technology transparency

How 1 4.54 1.20 4.59 [1.00; 7.00] − 0.34 0.22 .81
How 2 4.39 1.21 4.43 [1.00; 7.00] − 0.25 − 0.01 .72
Why 1 4.60 1.10 4.66 [1.67; 7.00] − 0.43 0.00 .82
Why 2 4.78 1.16 4.83 [1.67; 7.00] − 0.36 − 0.20 .79
How to use 1 4.68 1.29 4.72 [1.00; 7.00] − 0.30 − 0.17 .74
How to use 2 4.88 1.17 4.92 [2.00; 7.00] − 0.27 − 0.38 .79
Performance 1 4.96 1.02 4.97 [2.67; 7.00] − 0.12 − 0.43 .79
Performance 2 4.97 1.06 4.99 [2.33; 7.00] − 0.19 − 0.33 .73
Data 1 4.60 1.14 4.61 [1.67; 7.00] − 0.11 − 0.12 .78
Data 2 5.04 1.02 5.06 [1.33; 7.00] − 0.30 0.60 .60
What 1 4.37 1.27 4.38 [1.00; 7.00] − 0.16 − 0.04 .77
What 2 4.46 1.20 4.51 [1.00; 7.00] − 0.42 0.23 .78
Error details 1 5.12 1.16 5.16 [2.00; 7.00] − 0.37 − 0.29 .60
Error details 2 5.08 1.17 5.14 [2.00; 7.00] − 0.38 − 0.28 .61
Usefulness 1 4.66 1.19 4.69 [1.33; 7.00] − 0.23 0.01 .79
Usefulness 2 4.77 1.22 4.80 [1.00; 7.00] − 0.25 − 0.08 .81
Trustworthiness 1 5.03 1.12 5.09 [1.33; 7.00] − 0.47 0.14 .74
Trustworthiness 2 5.06 1.09 5.08 [2.00; 7.00] − 0.16 − 0.50 .80
General 1 4.33 1.30 4.34 [1.00; 7.00] − 0.11 0.15 .72
General 2 4.69 1.16 4.69 [1.00; 7.00] − 0.06 − 0.13 .82
General 3 4.73 1.09 4.72 [1.33; 7.00] − 0.05 − 0.08 .77

a See Table 2 for wordings of all items.
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6.1. Participants

All participants were practitioners in the field of UX/usability, 
including various jobs (e.g., UX/UI Designer, UX Engineer, UX Manager, 
Product Owner, User Researcher, UX Specialist, UX Writer, Usability 
Tester, UX Architect). A total of N = 23 participants completed the 
questionnaire. They were 24 to 58 years old with an average of 34.87 
years (SD = 9.66). As for their gender, 60.87% indicated female and 
39.13% male. Most participants had a university degree (73.91%) or a 
PhD (17.39%) in diverse backgrounds, such as psychology, computer 
science/HCI, and usability/UX. 82.61% of the participants were 
currently employed and 8.70% each self-employed or working students, 
covering jobs from UX researchers and designers to UX consultants and 

engineers, for instance. Most professionals (78.26%) were usually 
involved in the development of technological products, surveyed users 
or experts as part of product developments (M = 4.57, SD = 1.08), and 
used questionnaires in their professional life (M = 4.78, SD = 1.20; both 
scales from 1 (never) to 7 (every day)).

6.2. Procedure and materials

We implemented an online study in which participants were first 
screened for whether and what type of professional they are (i.e., 
whether they are usually involved in technology development or not). 
Then, they read information on the term of technology transparency and 
the goals of TechTra and could test both scales by filling them out for a 

Table 4 
Principal component analyses for both constructs across the three technologies.

Item a Perception of Technology Transparency Need for Technology Transparency

Component 1 loadings Component 2 loadings Communality b Component 1 loadings Component 2 loadings Communality b

How 1 .76 − .14 .60 .84 − .17 .73
How 2 .76 − .21 .63 .75 − .15 .59
Why 1 .80 .07 .64 .84 .02 .70
Why 2 .77 .15 .62 .82 .07 .67
How to use 1 .60 − .49 .60 .77 − .34 .71
How to use 2 .56 − .58 .65 .81 − .19 .70
Performance 1 .81 .08 .66 .82 .10 .68
Performance 2 .65 .10 .43 .76 .23 .63
Data 1 .75 .03 .57 .81 .10 .66
Data 2 .54 .55 .59 .63 .37 .53
What 1 .67 − .04 .44 .80 − .07 .64
What 2 .64 .07 .41 .80 − .10 .66
Error details 1 .58 .43 .52 .62 .55 .69
Error details 2 .56 .37 .45 .64 .57 .73
Usefulness 1 .71 − .33 .61 .82 − .18 .70
Usefulness 2 .71 − .38 .64 .83 − .19 .73
Trustworthiness 1 .72 .26 .59 .77 .26 .66
Trustworthiness 2 .72 .15 .54 .82 .23 .73
General 1 .67 − .29 .54 .75 − .35 .68
General 2 .63 − .04 .40 .84 − .24 .76
General 3 .67 .32 .56 .80 − .21 .68

a See Table 2 for wordings of all items.
b Communality describes the proportion of item variance that is explained by this two-factor solution.

Table 5 
Items of the final TechTra Scales.

Facet Items of TechTra-P/ TechTra-N

​ It seems transparent to me …/ It should be transparent to me …
How … how the technological product works.
Why … why the technological product behaves the way it does.
How to use … how to use the technological product.
Performance … how accurately the technological product works.
Data (data basis) … what the behavior of the technological product is based on.
Data (personal data) … what personal data the technological product uses.
What (observability) … what the technological product is doing at the moment.
What (predictability) … what the technological product will do next.
Usefulness … how the technological product assists me in reaching my goals.
Trustworthiness … how much I can trust the technological product.

Table 6 
Pearson correlations of the final scales with related variables.

Scale Demand for 
Explainability 
Scale

Overall 
Transparency 
Need

Transparency 
Need (General 
Items)

Transparency 
Perception 
(General Items)

ATI a

Scale
Need for 
Cognition 
Scale

Need for 
Closure 
Scale

Experience 
with 
Technology

Attitude 
Towards 
Technology

TechTra-P .12 .17* − .10 .71*** .03 − .13 .24** .26** .40***
TechTra-N .63*** .47*** .80*** − .10 .07 .08 .02 .25** .07

*p < .05, **p < .01, ***p < .001 (adjusted according to the Benjamini–Hochberg procedure).
a ATI = Affinity for Technology Interaction.
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chatbot as exemplary technology. Next, they evaluated TechTra using 
Likert scales and open-text responses. Precisely, we asked for the 
applicability, possibility of insights into reasons for responses, ease of 
use, suggestions for improvement, potentially lacking facets and un
suitable products, as well as the willingness to use. Finally, they 
voluntarily indicated further remarks, their demographic data, and ex
periences with surveys and questionnaires. As an incentive, they could 
participate in a raffle for two 50€ vouchers. The OSF repository shows all 
materials used (see section 3).

6.3. Data analysis

To reinvestigate the properties of the scales, we first calculated the 
Cronbach's alpha of both scales and their Pearson correlation. For the 
evaluation variables (e.g., applicability, ease of use), we then conducted 
one-sample t-tests to analyze whether the professionals' rating differed 
significantly from the midpoint of the scale as a neutral response. The 
qualitative data were inductively summarized based on content analysis 
according to Kuckartz (2014). We enhanced the credibility of this 
analysis through various strategies, such as letting two experienced re
searchers with different backgrounds (i.e., psychology, HCI) review the 
analysis processes and results, as well as building consensus on the im
plications of the results.

6.4. Results

We found a high reliability for both scales (αTechTra-P = .87, αTechTra-N 
= .93) and, as in study 1, no significant correlation between the scales (r 
(23) = .14, p = .537). Moreover, Table 7 shows the professionals' 
evaluations, indicating that they saw both scales as applicable and easy 
to use. They could also gain first insights into the users’ reasons for their 
assessments by looking at the items separately and were willing to use 

TechTra. These results changed little when we excluded the five par
ticipants who were not often involved in technology developments.

For a deeper understanding of the professionals’ view, Table 8 shows 
the qualitative findings, divided into positive and critical remarks.

6.5. Scale adjustments

Overall, the professionals evaluated TechTra favorably. Yet, they 
mentioned critical points, which we thoughtfully considered. By inte
grating researchers from different disciplines and consensus building, 
we decided on two adjustments of TechTra: First, we added an open 
response field for TechTra-P, asking for experiences that were decisive 
for the ratings, and two open response fields for TechTra-N, requesting 
what exactly users want to have transparent and what not. Thereby, we 
addressed the remark on the depth of insights and implemented a mixed- 
methods approach, which enables a better understanding of the un
derlying aspects of users' experiences (Naveed et al., 2024). Moreover, 
such qualitative responses can provide possible alternative reasons for 
ratings that the professionals also commented on. Yet, as the remark 
“importance of other constructs” suggests, experiences can be driven by 
contextual and individual factors. Such influences can additionally be 
ruled out during the analysis (e.g., by measuring AI literacy and inte
grating it as a covariate). Second, we altered the instructions for 
TechTra-P and TechTra-N (in parentheses) to “Please think of how 
transparent you experienced (wish) the technological product to be and 
rate your perceptions (needs) in terms of the statements below.”, 
addressing the comment on the scales’ presentation. However, we 
refrained from highlighting keywords as this is not possible in every 
software for implementing questionnaires.

We did not directly implement the other remarks for various reasons. 
Concerning the relevance for specific products/contexts, we already 
excluded items that might be difficult to answer across use cases in study 

Fig. 1. Differences in transparency perception and need between technologies: Means and standard errors of (A) TechTra-P ratings of transparency perception and 
(B) TechTra-N ratings of transparency need for the three technologies. *p < .05, **p < .01, ***p < .001 (adjusted according to the Benjamini–Hochberg procedure).

Table 7 
Means, standard deviations, and t-test results for professionals’ evaluation of TechTra.

Evaluation Variable a M SD t(22) b p Cohen's d

Applicability to investigate user transparency perception 5.57 1.08 6.95 <.001 1.45
Applicability to investigate user transparency need 5.48 1.24 5.72 <.001 1.19
Insight into user's reasons for transparency perception 5.43 1.08 6.37 <.001 1.33
Insight into user's reasons for transparency need 5.17 1.30 4.32 <.001 0.90
Ease of use 6.04 1.43 6.86 <.001 1.43
Willingness to use 5.26 1.54 3.92 <.001 0.82

a Evaluation variables were rated by N = 23 professionals on a scale from 1 to 7.
b The t-test results indicate whether professionals' evaluation of TechTra differed significantly from the neutral value of 4.
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Table 8 
Qualitative results of the professionals’ evaluation of TechTra.

Category Description Example Quotes Frequency 
a

Positive remarks

Usefulness TechTra was perceived as useful for research and inquiry into user needs, especially due to its 
standardization and the possibility of using it iteratively during product development.

"A standardized questionnaire for transparency would benefit my research in analyzing users' 
standpoints and perceptions […].” 
“I can well imagine asking about expectations at the start of a new product [ …] and then 
tracking […] transparency […] during iterative development.”

5 (21.7%)

Easiness TechTra was perceived as clear, easy to use, and easy to answer. "The questions are very clear and straightforward.” 
“Questions are [ …] easy to answer”

5 (21.7%)

Variety of aspects TechTra encompasses various important aspects of transparency. “I think the questionnaire asks a broad range of questions directed to transparency.” 
“I have the feeling that important (partial) aspects of transparency are addressed.”

4 (17.4%)

Overview TechTra offers an overview and first impression of user transparency needs and perceptions. “Since it is about overall perception or overall need, I think it is good that the items are 
formulated relatively generically.” 
“The questions provide an initial and general overview.”

3 (13.0%)

Wording The language was perceived as easily understandable. “Language used is not too technical, that is good.” 
“The items are comprehensible, and it is easy to understand which aspect of transparency 
they are aimed at.”

3 (13.0%)

Presentation The 7-point scale and item order led to a positive evaluation of how the items were presented. “I think it's good that a 7-point scale is used.” 3 (13.0%)
Target-performance 

comparison
Combining the TechTra Scales makes a direct target-performance comparison possible, also due to 
the similar wording.

“I [ …] think it's very good that the same [ …] wordings are used in […] the two 
questionnaires. Comparability of expectations and actual implementations is [ …] easily 
possible.”

2 (8.7%)

Applicability to contexts/ 
products

TechTra can be used in various contexts or for various products. “Quick inquiry possible in different settings.” 2 (8.7%)

Critical remarks

Depth of insights TechTra may provide more insights into reasons for users' answers, problematic product features, 
and design solutions. Open questions about reasons and wishes were desired.

„the questions are too closed to get a more specific insight of a user's reason for his or her 
answers” 
“I think open formats would also be necessary in any case to have a better understanding of 
why [users] have a lower need”

9 (39.1%)

Relevance for specific 
products/contexts

The relevance of items could depend on the technology and use context. Answers for complex 
products might vary for contexts, whereas for simple products, some items might be too detailed.

“I can [ …] imagine that certain items are less relevant for one product or another.” 
“For a simple website [ …] the questions about ‘understanding the current activity of the 
product’ are too in-depth.”

7 (30.4%)

Presentation TechTra's presentation could be improved by highlighting keywords and shortening the 
introduction while putting more emphasis on the scale's goal.

“the keywords in each line could be in bold so that it is immediately obvious what it is about.” 
“The introduction to the questionnaire could be more concise but more structured.”

5 (21.7%)

Wording Due to the similar wording, items may be interrelated and hard to differentiate. Also, the 
understandability could be improved by more practically oriented wording.

“1-2 questions are formulated very similarly, perhaps formulate in a more selective way.” 
“Might be beneficial to make questions more tangible, some are hard to understand.”

4 (17.4%)

Length of scales Fewer items may be beneficial for practical use where transparency is just one aspect. “A short-scale would be nice, maybe single-item or 3 items only.” 
“Generally, the questions should be shorter.”

4 (17.4%)

Limitations of need 
assessment

TechTra-N items might not measure true need due to ceiling effects or users' insufficient insight 
into their needs. Asking about the need might influence the perceived need.

"The second questionnaire could show ceiling effects.” 
“The participant may not be aware of their needs.”

4 (17.4%)

Alternative reasons for 
ratings

Items could be interpreted differently, as transparency might be influenced by other factors (e.g., 
previous technology experience, trust in the company, dependence on the product).

“Some parts […] might be clear for the user from the amount of interaction they already had 
[…] and not due to the displayed transparency.” 
“[My need] depends on how much I trust the providing company, how is the overall 
experience [ …], how much I need this product and whether I have time pressure.”

3 (13.0%)

Importance of other 
constructs

TechTra may integrate further interesting constructs. “No item that relates to ‘AI literacy’.” 
“Maybe it would help to measure different constructs […]. In many cases, there are different 
variables which are interesting.”

3 (13.0%)

Unsuitability of 
trustworthiness aspect

Trust was perceived as a consequence of transparency rather than a facet on a similar level. “To me, it can be transparent how a product works, what it does, which data it uses, etc., and 
the answers to that then build trust.”

1 (4.3%)

a Amount and percentage of the 23 participants who commented on the respective category.
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1 (e.g., error details). Also, participants can always choose the scale 
midpoint as a neutral response. Nevertheless, transparency perceptions, 
needs, and the items’ relevance should depend on the use case, and this 
dependence is a crucial reason for target-performance comparisons. 
Since twice as many participants commented positively on the wording 
and easiness as negatively, we did not alter the formulations but will be 
mindful of future remarks of participants. Future studies could also 
develop an even shorter version of the scales for a “quick and dirty” 
evaluation, but this would not capture all transparency facets and 
therefore reduce the insights gained. The mentioned limitations of the 
need assessment could be ruled out via study 1, as we showed significant 
differences between technologies. Nevertheless, further investigations 
should more deeply examine transparency needs in diverse use contexts. 
Lastly, we agreed with the critical remark that trustworthiness is more a 
consequence of transparency, but TechTra measures trustworthiness as a 
facet rather than an outcome of transparency (i.e., is it transparent to 
users whether they can trust the technology, rather than if they actually 
trust it).

7. Study 3: Application in real technology interaction and 
evaluation of construct validity

After refining the TechTra Scales through the second study, we 
applied TechTra to a real technology interaction and explored whether it 
is sensitive to changes in the technology's design and what relations exist 
to other constructs in terms of construct validity. Therefore, we posed 
the following research questions (RQs): 

• RQ1: How can the developed scale for measuring transparency 
perception (TechTra-P) reflect differences in the design of a tech
nology in a real interaction?

• RQ2: What effects does the design have on the developed scale for 
need for transparency (TechTra-N)?

• RQ3: How do TechTra-P and TechTra-N ratings relate to associated 
constructs?

More precisely, we assumed this hypothesis for RQ1: 

• Hypothesis: Users' perception of transparency is higher with an 
explanation of the technology's functioning than without such an 
explanation.

To investigate the RQs and hypothesis, we conducted a Wizard of Oz 
(WoZ) study with the humanoid Pepper robot and varied the technology 
design (no explanation vs. explanation) by the robot not explaining or 
explaining the functioning of an age estimation and a plant recognition 
(see Fig. 2 for Pepper's responses during the age estimation and the OSF 
repository mentioned in section 3 for the whole interaction scripts). WoZ 

means that participants believe they are interacting with an autonomous 
robot that is actually controlled by a human, the so-called wizard, sitting 
in an adjacent room (Kelley, 2018; Schecter et al., 2023). We chose the 
two robot functions (i.e., age estimation and plant recognition) because 
they allowed for a manipulation close to the central elements of the 
transparency definition, have similar characteristics to not dilute effects 
(e.g., both rely on visual cues), and enabled consistent responses of the 
robot across participants (e.g., same deviation of the age estimate from 
the true age for each participant). In the following, we describe the 
participants of the study, further information on the procedure and 
materials, and the data analysis methods. Then, we present the results 
separated by the three RQs and the scale analysis to again test the scale 
properties.

7.1. Participants

Participants were not considered if they did not rate all items of 
TechTra-P and answered the attention check item incorrectly (n = 2). 
Moreover, we excluded participants if they failed both manipulation 
checks, which asked whether the robot indicated how it estimated the 
age and identified the plant (n = 6). Thus, the final sample consisted of 
N = 73 participants with n = 39 in the no explanation and n = 34 in the 
explanation condition.

Participants’ ages ranged from 18 to 74 years, with an average of 
26.79 years (SD = 12.18). 60.27% identified themselves as female, 
38.36% as male, and 1.37% as having a diverse gender. The highest 
academic degree of most participants was a university entrance quali
fication (57.53%) and a university degree (35.62%). As employment 
status, 75.34% indicated being a student, 10.96% an employee 
(including public officials), and 5.48% a pensioner.

7.2. Procedure and materials

In the first part, participants indicated their demographics and 
experience with and attitude towards robots (items based on Heerink 
et al., 2009; Koverola et al., 2022; Nomura, 2014). Additionally, an item 
tested if they correctly identified the three plants lying in front of them 
(i.e., rose, sunflower, and tulip). Then, participants had an 
audio-recorded conversation with the Pepper robot under the guidance 
of the investigator, who followed a script (see OSF repository mentioned 
in section 3). Comparability was also enhanced by using a wizard who 
played predefined robot behaviors during the interaction according to 
the randomly assigned condition with or without explanation. In the 
condition with explanation, Pepper provided a verbal explanation of 
how it estimated the participant's age and recognized a plant shown by 
the participant, whereas in the condition without explanation, such 
explanations were not given. Participants were consistently estimated to 
be one year older based on the demographic information indicated at the 

Fig. 2. Variation of the technology design: A) Age estimation without explanation, B) Age estimation with explanation. The age estimate was adjusted by the WoZ by 
adding one year to the participant's actual age.
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beginning, and the plant recognition was always correct due to an audio 
and video connection to the wizard. Figs. 2 and 3 illustrate the study's 
setting. After the interaction, participants filled out TechTra-P and 
TechTra-N (see Table 5). Subsequently, they completed the Transparency 
of Robots Scale (Angelopoulos et al., 2024), AttrakDiff (Hassenzahl et al., 
2003), an adapted version of the ISONORM 9241/10-S (Pataki et al., 
2006), the Positive and Negative Affect Schedule (PANAS) (Watson et al., 
1988), and INTUI (Ullrich & Diefenbach, 2010). Next, the manipulation 
checks (see section 7.1) followed and a question each about the reasons 
they assumed for the robot's age estimation and plant identification. 
Afterwards, their technology self-efficacy (Hughes, 2013) and preferred 
compensation (course credit or 8€) were assessed. Lastly, the investi
gator noted the plant selected by the participant and any technical errors 
or irregularities during the testing. The measures and Cronbach's alpha 
for all subscales are available in the OSF repository (see section 3).

7.3. Data analysis

To investigate the effect of the technology design on the TechTra-P 
ratings (RQ1), we computed a two-sample, two-sided t-test. Addition
ally, we checked the robustness of the effect using an ANCOVA with the 
attitude towards and experience with robots as covariates. For com
parisons at the item level, a profile diagram was created. We also 
calculated a two-sample, two-sided t-test to compare the technology 
design conditions in terms of the TechTra-N ratings (RQ2). To further 
analyze the relation between the transparency perception, transparency 
need, and technology design conditions, we integrated a paired t-test 
comparing the TechTra-P and TechTra-N ratings, as well as a mixed 
ANOVA with the conditions as a between-subjects and the TechTra 
Scales as a within-subjects factor. Exploring the relations of the TechTra- 
P and TechTra-N ratings with associated constructs (RQ3), we looked at 
Pearson correlations of the TechTra Scales and the constructs studied (i. 
e., transparency of robots, interaction principles of the ISONORM 9241/ 
10-S, positive and negative affect, intuitive use, technology self- 
efficacy).

Additionally, we performed a scale analysis as in the first study. 
Therefore, we calculated the Cronbach's alpha and a PCA for each scale. 
For each item, we checked the distribution of responses (i.e., mean, 
median, standard deviation, range, skewness, kurtosis) and the cor
rected item-total correlation.

7.4. Results

7.4.1. Effects of technology design on transparency perception
Supporting our hypothesis and the applicability of TechTra to a real 

technology interaction, TechTra-P ratings were significantly lower in 
the no explanation (M = 3.96, SD = 1.35) than the explanation condition 
(M = 4.69, SD = 1.21), t(70.92) = − 2.43, p = .018, d = 0.57. The effect 
was even stronger when ruling out the influences of robot attitudes and 
experiences through the ANCOVA, F(1,69) = 6.95, p = .010, η2 = .08. 

Specifically, participants with a positive attitude towards robots 
generally perceived the transparency to be higher, F(1,69) = 13.96, p <
.001, η2 = .15, while the experience with robots had no significant effect 
on TechTra-P ratings, F(1,69) = 2.00, p = .162. Furthermore, Fig. 4
shows that participants had a higher transparency perception on all 
items in the explanation than the no explanation condition. This was 
also reflected in the qualitative responses. In the explanation condition, 
statements occurred such as „When pepper tried to guess my age […], he 
precisely explained how he managed to do so.“, while in the no expla
nation condition, an exemplary statement was “Analyzing the face and 
flower, it is impossible to understand how the robot arrives at the 
results.”.

7.4.2. Effects of technology design on transparency need
Regarding TechTra-N, we did not find a significant difference be

tween the conditions, t(70.79) = − 0.35, p = .730, as assumed. At the 
item level, participants especially wanted to have transparency about 
how far they can trust the robot (M = 6.45, SD = 1.17) and what per
sonal data it uses (M = 6.22, SD = 1.08). Less relevant to them was how 
the robot works (M = 5.26, SD = 1.70) and what it will do next (M =
5.42, SD = 1.42). Accordingly, participants indicated in the qualitative 
responses that they do not want precise information on the functioning 
(e.g., “I don't need to know exactly in detail how the technology 
works.”). Likewise, statements referred to the robots' next actions (e.g., 
“I don't think that it’s important to have the robot explaining during the 
conversation what it will do next […]. This would make any conversa
tion feel unnatural […].”).

The paired t-test underlined the participants’ different ratings on 
TechTra-P and TechTra-N in that the transparency perception (M =
4.30, SD = 1.33) was lower than the transparency need (M = 5.87, SD =
0.86), t(71) = 9.03, p < .001, d = 1.06. In addition, the interaction effect 
of the condition and the TechTra scale in the mixed ANOVA was not 
significant, suggesting that the chosen manipulation did not signifi
cantly lead to a higher need fulfillment, F(1,71) = 3.73, p = .057.

7.4.3. Relation of transparency perception and need with associated 
constructs

Table 9 presents the correlations between the TechTra Scales and 
associated constructs. Like in the other two studies, transparency 
perception and need did not correlate significantly. Moreover, as ex
pected, especially TechTra-P showed significant correlations with the 
scales measured.

7.4.4. Scale analysis
Cronbach's alpha indicated a good to high reliability of both scales 

(αTechTra-P = .91, αTechTra-N = .79) (Kline, 2016). Supplementary material 
C also presents the descriptive values, corrected item-total correlations, 
and results of the principal components analyses. As suggested by the 
high internal consistency of TechTra-P, results showed high item-total 
correlations, response distributions close to a normal distribution, and 

Fig. 3. Setting of the study: A) View of the participant on the Pepper robot and the investigator, B) Participant showing Pepper one of the plants to recognize.
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loadings on the first component of at least .66. For some items, 
TechTra-N ratings differed more from a normal distribution, had lower 
item-total correlations and loadings. The results are likely due to the 
concrete operationalization in the study, since especially the items with 
the lowest and highest ratings were affected. For instance, the lep
tokurtic (i.e., sharper) distribution of the trustworthiness item suggested 
that participants consistently had a high need for insights on the robot's 
trustworthiness. Likewise, the lower item-total correlation and loading 
on the first component of the how item represented that this item 
received the lowest need ratings. Nevertheless, parallel analyses of both 
scales suggested the existence of one component.

8. Discussion

Users' experience of a technology's transparency gained significance 
in HCI research and industry, but a broadly applicable and compre
hensive UX tool for assessing and comparing users' transparency needs 
and perceptions was still missing. We closed this research gap by 
developing the TechTra Scales – consisting of TechTra-N for measuring 
transparency need and TechTra-P for assessing transparency perception 
– in three consecutive studies: 

• In the first study (N = 191), we selected ten items for each scale based 
on users' experience with three different technologies. The item 
choice depended on quantitative and qualitative analyses and the 
coverage of key facets of transparency, while simultaneously aiming 
for an economic, concise measurement. Furthermore, we obtained 
promising results for the scales' validity, such as correlations with 
related measures but not between the scales, and expected differ
ences between the technologies.

• The second study tested the scales with UX and usability professionals 
(N = 23). The experts evaluated the scales favorably, and both scales 
were highly reliable without correlating significantly. Thus, only 
small adjustments were made by adding in-depth qualitative ques
tions and revising the introduction.

• In the third study (N = 73), we applied the scales to a real robot 
interaction, in which we varied the robots' design in a between- 
subjects design (no explanation vs. explanation). As assumed, 
TechTra-P ratings were higher in the explanation than the no 
explanation condition, while TechTra-N ratings did not differ be
tween groups. Again, meaningful relations with associated measures, 
the independence of both scales, and expected scale properties were 
found.

The results of all studies are discussed in the following sections, 
focusing first on the importance of target-performance comparisons for 
technology transparency and the validity of the scales. Subsequently, we 
present the theoretical contributions and practical implications of our 
research and scales. To conclude, we describe limitations of the studies 
along with central areas for future research.

8.1. Relevance of target-performance comparison in technology 
transparency investigations

As stated in previous research on technology transparency (Barman 
et al., 2024; Liao et al., 2020; Liao & Varshney, 2022) and consistent 

Fig. 4. Differences in transparency perception at the item level: Average ratings and standard errors of TechTra-P ratings for each item, separated by the technology 
design conditions (no explanation vs. explanation).

Table 9 
Pearson correlations of TechTra-P and TechTra-N with related constructs.

TechTra-P TechTra-N

TechTra-P — .13
TechTra-N .13 —
Transparency of Robots Scale
– Illegibility − .62*** − .30*
– Explainability .59*** .15
– Predictability .61*** .20
AttrakDiff
– Attractiveness .27* .36**
– Pragmatic quality .38** .33*
– Hedonic quality .10 .24
ISONORM 9241/10-S
– Suitability for the user's tasks .25 .17
– Self-descriptiveness .42** .02
– Controllability .16 .01
– Conformity with user expectations .35** .18
– Use error robustness .41** .12
– User engagement .29* .20
– Learnability .34** .13
Positive and Negative Affect Schedule (PANAS)
– Positive affect .13 .21
– Negative affect − .07 − .08
INTUI Questionnaire
– Gut feeling − .24 − .21
– Effortlessness .28* .15
– Magical experience .15 .21
– Verbalizability .52*** .12
Technology Self-Efficacy .23 .23

*p < .05, **p < .01, ***p < .001 (adjusted according to the Benjamini–Hochberg 
procedure).
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with its increasing importance in the HCI and UX field (Andrada et al., 
2022; European Commission, 2019; Usmani et al., 2023), transparency 
was shown to be a need of users in the studies conducted. This was 
apparent, for instance, in study 3 where the participants provided on 
average a high TechTra-N rating (i.e., 5.87 out of 7 scale points). 
However, the need's relevance depended on the technological product. 
For example, users had a higher transparency need for AI-based chatbots 
than for YouTube and their washing machine (see study 1), suggesting 
that one cannot simply assume a consistently high need level and that 
need assessments are crucial to implement adequate transparency de
signs with regard to UX. Furthermore, transparency needs were also 
found to depend on the use context and user characteristics (Cech, 2021; 
Hein & Diefenbach, 2025; Huff Jr et al., 2021; You et al., 2023, see also 
qualitative responses in studies 2 and 3), which makes user needs even 
more of a moving construct and context-specific assessments essential. 
Likewise, the perceptions of transparency altered between technologies 
(study 1) and their designs (study 3). They also differ between target 
groups (Huff Jr et al., 2021; Liao & Varshney, 2022) and the technol
ogy's use cases (e.g., according to the users' experience and knowledge 
(Bitzer et al., 2023; DIN Deutsches Institut für Normung e.V., 2023; Hein 
& Diefenbach, 2025)), which renders the measurement of transparency 
perceptions non-trivial for UX research.

Moreover, transparency needs and perceptions were independent in 
all three studies, showing that it is not possible to draw conclusions from 
one to the other and that a separate assessment is useful – and thus the 
implementation of both TechTra-P and TechTra-N. A comparison of the 
scales can then determine whether a product is designed insufficiently or 
overly transparently to meet users’ subjective needs. More precisely, the 
TechTra Scales can identify relevant transparency facets for a particular 
technology and potential gaps in their realization from a UX point of 
view. This enables design recommendations and a well-adjusted trans
parency design through an iterative use of the scales.

8.2. Supported validity of the TechTra Scales

The validity of the TechTra Scales was supported in the three studies 
conducted. We showed meaningful relations of the scales with associ
ated constructs and validated measures, and corresponding to the non- 
significant correlation between TechTra-N and TechTra-P, different 
patterns for both scales. For instance, TechTra-N correlated more 
strongly with the Demand for Explainability Scale and users' general 
transparency need than TechTra-P, while TechTra-P was more closely 
linked to users' general transparency perception (see study 1). Similarly, 
all factors of the Transparency of Robots Scale correlated highly with 
TechTra-P but not with TechTra-N in study 3. The results indicate that 
while TechTra overlaps with related constructs in terms of construct 
validity, it also captures distinct aspects, supporting the need to study 
technology transparency separately from other UX constructs. For 
example, TechTra-P had positive, yet mostly moderate relationships 
with established design guidelines (e.g., self-descriptiveness, conformity 
with user expectations), the technology's attractiveness, and its intuitive 
use. The results further highlight that transparency is rather a pragmatic 
quality facilitating an effective and efficient technology use than a 
stimulating, hedonic quality. Correspondingly, transparency did not 
significantly correlate with affect and magical experience during tech
nology use. Interestingly, participants with higher transparency per
ceptions indicated acting more effortlessly but at the same time more 
deliberately with an improved ability to verbalize operating steps, 
suggesting that transparency enhances cognitive processing and mental 
model development without impairing the users' experience.

Furthermore, participants' interindividual characteristics (i.e., af
finity for technology interaction, need for cognition, need for closure, 
technology self-efficacy) mostly did not correlate significantly with the 
TechTra Scales. This again emphasizes that the transparency need is 
context-dependent and worth investigating for each technology. 
Nevertheless, users' technology-specific characteristics (i.e., their 

experience with and attitude towards the particular technology) may 
serve as first indications for users’ transparency perceptions and needs 
since they positively influenced TechTra-P and TechTra-N in studies 1 
and 3.

Additionally, differences in TechTra ratings between technologies 
and technology designs matched our assumptions and previous results 
(Bitzer et al., 2023; Hein & Diefenbach, 2025; Wang & Yin, 2021). 
Hence, the perceived transparency was highest for the washing machine, 
significantly lower for YouTube, and lowest for AI-based chatbots, 
whereas the opposite was the case for the transparency need (see study 
1). This reflected identified factors of users' transparency experiences, 
such as the complexity of and familiarity with the technology (Bitzer 
et al., 2023; Hein & Diefenbach, 2025; Wang & Yin, 2021). Also, our 
variation of the robot's design in study 3 affected TechTra-P but not 
TechTra-N ratings. This was reasonable since we just manipulated 
whether the robot provided an explanation for its behavior but not 
altered the use context. Moreover, we made only small changes between 
the groups to test how sensitive TechTra-P is to design modifications. For 
instance, we implemented slight non-verbal transparency cues such as 
head movements (e.g., focusing on the user's face for the age estimation) 
in both conditions and merely added the verbal explanation in the 
explanation condition. Nevertheless, medium-to-high effect sizes 
emerged, which support the sensitivity of TechTra.

8.3. Theoretical contributions

Our work provides several theoretical contributions to current 
research on HCI and technology transparency. First, we contributed to 
unravelling the term and method confusion by clarifying the under
standing of transparency and its role among other terms (e.g., explain
ability, interpretability). In study 1, we also found that transparency as a 
term was perceived as highly understandable by users, which further 
underlines its suitability for UX research. Moreover, we presented an 
overview of existing UX measures for technology transparency and their 
shortcomings and developed the TechTra Scales to address the limita
tions. Thus, our research can serve as guidance for future work, bringing 
together various lines of research (e.g., on the different terminologies).

Second, we compiled key facets of transparency as the respective 
research landscape is confusing with overlapping terms, diverse labels 
for the same facet, and different levels of granularity. We carefully 
selected and empirically evaluated the facets, forming a set of crucial 
facets that concretize the definition of technology transparency and 
should be considered when evaluating transparency perceptions and 
needs. Moreover, the aspects can serve as an inspiration for transparency 
design by showing what can be made transparent.

Third, we gained insights into the relations between technology 
transparency and central constructs in existing research, such as the 
attractiveness of a technology, its interaction principles, and intuitive 
use perceptions. This helps to embed transparency into the network of 
other UX constructs and provides a basis for further tests on construct 
validity. In addition, it facilitates the selection of appropriate UX mea
sures for concrete research projects and technology developments. 
Importantly, we also showed that differentiating between transparency 
perceptions and needs is crucial, which was neglected in prior research.

8.4. Practical application of the TechTra Scales

The TechTra Scales can be used both in research and industry. In 
research, TechTra-N can be applied to systematically investigate trans
parency needs for diverse technologies, use contexts, and different 
stakeholders. More precisely, the TechTra-N items can reveal differences 
in the relevance of the individual transparency facets from a UX 
perspective. TechTra-P can separately be integrated into studies to test 
transparency perceptions of specific technology designs and to compare 
them. Again, researchers can identify possible reasons for participants’ 
perceptions by focusing on the items. Moreover, combining the scales is 
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useful for testing the effectiveness of transparency manipulations in 
explainable AI (xAI) and adjacent research areas. Overall, using the 
TechTra Scales as a validated and standardized tool should increase the 
soundness of findings and the comparability between studies.

In the industry, TechTra-N can serve as a need analysis before 
designing a technological product. The scale shows how relevant a 
transparent design is for the specific product based on user assessments 
and which transparency facets should be prioritized accordingly. After 
developing a prototype, manufacturers can then apply TechTra-P and 
test the alignment of the users' perceptions with the need analysis. This 
facilitates identifying target-performance gaps and improving the users' 
experience. More detailed insights and ideas for improvement can be 
gained by examining users' qualitative responses alongside the quanti
tative ratings (see studies 2 and 3). The scales can also be used directly 
one after the other, as the three studies showed, which is advantageous if 
a product is already developed and designed or if the product develop
ment process needs to be accelerated. Nevertheless, the legally regulated 
and ethically driven requirements for transparency as well as the ac
curacy of users’ mental models should always be taken into account (e. 
g., European Commission, 2025; Narayanan, 2023), while the TechTra 
Scales should additionally be used for a UX-based optimization of the 
transparency design.

In general, the scales are applicable to previous, accumulated expe
riences of users (see study 1) and recently experienced technology in
teractions (see study 3), which allows for a closer look at different 
applications and functions of the technologies. In research, this can also 
help to investigate how single transparency experiences influence the 
overall memory-based experience of the product or how past experi
ences affect the perception of a new interaction.

8.5. Limitations and future research

The present research has some limitations that should be addressed 
in future studies. Although we investigated interindividual differences 
(e.g., experience with the technology, affinity for technology interac
tion), there are more such variables that may influence TechTra ratings. 
For example, we did not examine cultural differences that likely impact 
transparency needs and perceptions, according to previous research 
(Chien et al., 2024; Kang et al., 2025; Peters & Carman, 2024). Chien 
et al. (2024) found that Western cultures perceived data privacy as more 
important and trusted AI services less than Eastern cultures. Considering 
a greater prevalence of AI in Eastern countries (IBM, 2024), this reflects 
our finding that transparency perceptions tend to be higher with more 
technology experience. Moreover, not only technology-related but also 
domain-related experiences and knowledge (i.e., about the technology's 
application domain, such as healthcare or finance) could alter scale 
ratings (Hein & Diefenbach, 2025; Sokol & Flach, 2020). Additionally, 
the predominantly young age of participants in our studies could have 
influenced our results, highlighting the importance of further assessing 
differences between various user groups and characteristics.

Also, the construct validity of the TechTra Scales and their relations 
to other measures should be further investigated, especially for those 
constructs that showed poor internal validity and Cronbach's alpha 
below <.60 (Kline, 2016), that is, the Need for Cognition Scale in study 1 
and the interaction principle of user error robustness in study 3. For 
other measures, such as the gut feeling subscale of INTUI, we found 
questionable values between .60 and .70 (Kline, 2016). Therefore, re
lations of the TechTra Scales to these measures should be reexamined. 
Moreover, correlations with further constructs and alternative measures 
for the included constructs should be explored. For instance, the Ques
tionnaire for the Subjective Consequences of Intuitive Use (QUESI) 
(Naumann & Hurtienne, 2010) can be used in addition to the INTUI. As 
other constructs, one could include UX and usability (e.g., User Experi
ence Questionnaire (UEQ) (Laugwitz et al., 2008), System Usability Scale 
(SUS) (Brooke, 1996)) and technology acceptance (e.g., items of the 
Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh 

et al., 2003) or Technology Acceptance Model (TAM) (Venkatesh & Bala, 
2008)). For our studies, we carefully selected measures to avoid overly 
long surveys that could impair the participants' concentration and data 
quality, excluding several constructs due to their overlap with integrated 
scales (e.g., the UEQ measures the same facets as the AttrakDiff), their 
looser connection to technology transparency, and their inconsistent 
definition in research (e.g., technology acceptance). Yet, these measures 
should now be examined to refine the construct network of technology 
transparency.

Furthermore, TechTra should be applied to other technological 
products and use cases. We already used a broad range of technologies 
from mature to emerging and physical to digital products (i.e., washing 
machine, YouTube, AI-based chatbot, humanoid robot). However, other 
technology application areas should be investigated to determine the 
scales’ applicability to diverse domains, such as manufacturing (e.g., 
automation systems), healthcare (e.g., medical imaging systems), 
automotive (e.g., self-driving vehicles), finance (e.g., fintech solutions), 
and e-commerce (e.g., recommendation algorithms). Thereby, it would 
be especially valuable to differentiate between technologies used in 
lower-stakes and high-risk, probably privacy-sensitive situations (e.g., 
video games vs. biometric authentications), as we did not include 
higher-risk use cases. For instance, we will apply the scales in hospital 
and digital health settings and investigate the influence of perceived 
technology relevance on transparency experiences. Moreover, future 
studies should include further technologies with different design chal
lenges, such as Extended Reality (XR), which combines physical and 
digital components (Norval et al., 2023), and incorporate single- and 
multi-purpose systems (e.g., calculators vs. smartphones). Accordingly, 
multiple purposes of one technology should be examined and compared 
on the basis of hypotheses relating to differences in TechTra ratings.

Moreover, a closer investigation of TechTra-N is needed since we 
manipulated the transparency perception in study 3 but not the need. 
This could also be done via different use cases and stakes, as suggested in 
previous research (Hein & Diefenbach, 2025; Liebherr et al., 2025). For 
instance, transparency needs should depend on the existence of barriers 
to goal achievement, such as technology errors (Konopka et al., 2024) or 
the degree of expectation fulfillment (de Zoeten et al., 2024; Riveiro & 
Thill, 2022; Springer & Whittaker, 2020). A diverse manipulation of 
transparency needs could also reveal the extent of users' potential ten
dency to give socially acceptable answers, which could have influenced 
the participants’ ratings in our studies. Manipulations of transparency 
needs and perceptions can additionally target specific transparency 
facets of the TechTra Scales (e.g., if the technology makes it transparent 
what personal data is used), which should then be reflected in the rating 
of the respective item. Nevertheless, future research should ideally cover 
evaluations based on immediate technology interactions (as in study 3) 
and on prior experiences (as in study 1) to further test the applicability 
of the scales to both contexts. In addition, field studies are necessary to 
investigate the scales in real-world settings with more critical conse
quences of (lacking) transparency for users (Naveed et al., 2024). This 
should also include the use of the scales during technology development 
in industry, as this could provide more insights into the critical aspects 
(e.g., ceiling effects of need ratings, item wording) considered by the 
professionals in study 2 and show further areas for improvement. This 
approach would also provide more insights into different perspectives 
on the practical applicability of the scales, as the sample of professionals 
in study 2 was rather small.

9. Conclusion

The paper presents the TechTra Scales as a new tool to measure needs 
for and perceptions of technology transparency (see Supplementary 
material B for a ready-to-use template of the scales). Addressing prior 
shortcomings, the scales offer a widely applicable and comprehensive 
method for low-threshold target-performance comparisons to inform 
design recommendations from a UX perspective. Developed through 
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three consecutive studies, the scales showed good reliability and 
construct validity results with meaningful relations to associated mea
sures. In addition, the non-significant correlation between the need 
(TechTra-N) and perception (TechTra-P) scales highlights the impor
tance of distinguishing between both constructs. The scales also revealed 
differences between a broad range of technologies and different tech
nology designs. Moreover, UX and usability practitioners evaluated the 
scales as easily applicable and would use them in their professional lives, 
underlining the practical relevance of TechTra for product development 
in industry. For researchers, the tool and paper are of theoretical and 
practical interest as they help unravel the term and method confusion in 
technology transparency research, introduce key transparency facets, 
clarify relations between technology transparency and other crucial 
constructs, and provide a validated tool for future studies. Future 
research should further investigate the scales’ validity and use them in 
diverse contexts to test their applicability and sensitivity to design and 
situational changes.
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