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SUMMARY: 
This protocol delineates the technical setting of a developed mixed reality application that is used for immersive analytics. Based on this, measures are presented, which were used in a study to gain insights into usability aspects of the developed technical solution. 

ABSTRACT: 
In medicine or industry, the analysis of high-dimensional data sets is increasingly required. However, available technical solutions are often complex to use. Therefore, new approaches like immersive analytics are welcome. Immersive analytics promise to experience high-dimensional data sets in a convenient manner for various user groups and data sets. Technically, virtual-reality devices are used to enable immersive analytics. In Industry 4.0, for example, scenarios like the identification of outliers or anomalies in high-dimensional data sets are pursued goals of immersive analytics. In this context, two important questions should be addressed for any developed technical solution on immersive analytics: First, is the technical solutions being helpful or not? Second, is the bodily experience of the technical solution positive or negative? The first question aims at the general feasibility of a technical solution, while the second one aims at the wearing comfort. Extant studies and protocols, which systematically address these questions are still rare. In this work, a study protocol is presented, which mainly investigates the usability for immersive analytics in Industry 4.0 scenarios. Specifically, the protocol is based on four pillars. First, it categorizes users based on previous experiences. Second, tasks are presented, which can be used to evaluate the feasibility of the technical solution. Third, measures are presented, which quantify the learning effect of a user. Fourth, a questionnaire will be presented that measures and evaluates the stress level when performing tasks. Based on these pillars, a technical setting was implemented that uses mixed reality smartglasses to apply the study protocol. The results of the conducted study show the applicability of the protocol on the one hand and the feasibility of immersive analytics in Industry 4.0 scenarios on the other. The presented protocol includes a discussion of limitations. 

INTRODUCTION: 
Virtual-reality solutions (VR solutions) are increasingly important in different fields. Often, with VR solutions (including Virtual Reality, Mixed Reality, and Augmented Reality), the accomplishment of many daily tasks and procedures shall be eased. For example, in the automotive domain, the configuration procedure of a car can be supported by the use of Virtual Reality1 (VR). Researcher and practitioners have investigated and developed a multitude of approaches and solutions in this context. However, studies that investigate usability aspects are still rare. In general, the aspects should be considered in the light of two major questions. First, it must be evaluated whether a VR solution actually outperforms an approach that does not make use of VR techniques. Second, as VR solutions are mainly relying on heavy and complex hardware devices, parameters like the wearing comfort and mental effort should be investigated more in-depth. In addition, the mentioned aspects should always be investigated with respect to the application field in question. Although many extant approaches see the needs to investigate these questions2, less studies exist that have presented results. However, the development of proper study measures is being recognized by recent presented works3. 

A research topic in the field of VR, which is currently topical, is denoted with immersive analytics. 
It is derived from the research field visual analytics, which tries to include the human perception into analytics tasks. This process is also well-known as visual data mining4. Immersive analytics includes topics from the fields of data visualization, visual analytics, virtual reality, computer graphics, and human-computer interaction5. Recent advantages in head-mounted displays (HMD) led to improved possibilities for exploring data in an immersive way. Along these trends, new challenges and research questions emerge like the development of new interaction systems, the need to investigate user fatigue or the development of sophisticated 3D visualizations6. In a previous publication6, important principles of immersive analytics are discussed. In the light of big data, methods like immersive analytics are more and more needed to enable a better analysis of complex data pools. Similar to VR solutions in general, less studies exist that investigate usability aspects of immersive analytics solutions. Furthermore, the domain or field in question should also be considered in such studies. In this work, an immersive analytics prototype was developed, and based on that, a protocol, which investigates the developed solution for Industry 4.0 scenarios. The protocol thereby exploits the experience method2, which is based on subjective, performance, and physiological aspects. In the protocol at hand, the subjective aspects are measured through perceived stress of the study users. Performance, in turn, is measured through the required time and errors that are made to accomplish analysis tasks. Finally, a skin conductance sensor measured physiological parameters. The first two measures will be presented in this work, while the measured skin conductance requires further efforts to be evaluated.

The presented study involves several research fields, particularly including neuroscience aspects and information systems. Interestingly, considerations on neuroscience aspects of information systems have recently garnered attention by several research groups7,8, showing the demand to explore the use of IT systems also from a cognitive viewpoint. Another field that is relevant for this work constitutes the investigation of human factors of information systems9,10,11. In the field of human-computer interaction, instruments exist to investigate the usability of a solution. Note that the System Usability Scale is mainly used in this context12. Thinking Aloud Protocols13 are another widely used study technique to learn more about the use of information systems. Although many approaches exist to measure usability aspects of information systems, and some of them have been presented very long ago14, still questions emerge that require to investigate new measures or study methods. Therefore, research in this field is very active12,15,16. 
 
In the following, the reasons will be discussed why two prevalently used methods have not been considered in this work. First, the System Usability Scale was not used. The scale is based on ten questions17 and its use can be found in several other VR studies18 as well. As this study mainly aims at the measurement of stress19, a stress questionnaire was more appropriate. Second, no Thinking Aloud Protocol20 was used. Although this protocol type has shown its usefulness in general13, it was not used here as the stress level of study users might increase only due to the fact that the think aloud session must be accomplished in parallel to the use of a heavy and complex VR device. Although these two techniques have not been used, results of other recent studies have been incorporated in the study at hand. For example, in previous works21,22, the authors distinguish between novices and experts in their studies. Based on the successful outcome of these studies, this protocol makes use of this presented separation of study users. The stress measurement, in turn, is based on ideas of the following works15,19,21,22.

At first, for the study, a suitable Industry 4.0 scenario must be found for accomplishing analysis tasks. Inspired by another work of the authors23, two scenarios (i.e., the analysis tasks) have been identified, (1) Detection of Outliers, and (2) Recognition of Clusters. Both scenarios are challenging on one hand, and highly relevant in the context of the maintenance of high-throughput production machines on the other. Based on this decision, six major considerations have driven the study protocol presented in this work:

1. The solution developed for the study will be technically based on mixed reality smartglasses (see Table of Materials) and will be developed as a mixed reality application.
2. A suitable test must be developed, which is able to distinguish novices from advanced users.
3. Performance measures must be developed considering time and errors.
4. A desktop application must be developed, which can be compared to the immersive analytics solution.
5. A test must be developed to measure the perceived stress level. 
6. In addition to the latter point, features shall be developed to mitigate the stress level while a user accomplishes the procedure of the two mentioned analysis tasks.

Based on the six mentioned points, the study protocol incorporates the following procedure. Outlier Detection and Cluster Recognition Analysis tasks have to be accomplished in an immersive way using mixed reality smartglasses (see Table of Materials). Therefore, a new application is developed. Spatial sounds shall ease the performing of the analysis tasks without increasing the mental effort. A voice feature shall ease the navigation in the developed application for the mixed reality smartglasses (see Table of Materials). A mental rotation test shall be the basis to distinguish novices from advanced users. The stress level is measured based on a questionnaire. Performance is evaluated based on the (1) time a user requires for the analysis tasks, and based on the (2) errors that were made by a user for the analysis tasks. The performance is compared with the accomplishment of the same tasks in a newly developed and comparable 2D desktop application. In addition, a skin conductance device is used to measure the skin conductance level as a possible indicator for stress. Results to this measurement are subject to further analysis and will not be discussed in this work. The authors revealed in another study with the same device that additional considerations are required24.

Based on this protocol, the following five research questions (RQs) are addressed:
RQ1: Do spatial imagination abilities of the participants affect the performance of tasks significantly?
RQ2: Is there a significant change of task performance over time?
RQ3: Is there a significant change of task performance when using spatial sounds in the immersive analytics solution?
RQ4: Is the developed immersive analytics perceived stressful by the users?
RQ5: Do users perform better when using an immersive analytics solution compared to an 2D approach?

Figure 1 summarizes the presented protocol with respect to two scales. It shows the developed and used measures and their novelty with respect to the level of interaction. As the latter is the most important aspect when using features in a VR setting, this scale was used to show the novelty of the entire protocol shown in this work. Although the evaluation of the aspects within the two scales is subjective, the overall evaluation is based on the current related work in this context as follows: One principle is the use of abstractions of the environment for a natural interaction, in which the user has become attuned. It can be referred to this principle, as the visualization of point clouds seems to be intuitive for users and the recognition of patterns in such clouds has been recognized as a manageable task in general. Another principle is to overlay affordances6. Hereby, the use of spatial sounds, which correlate to the proximity to a searched object, is a primary example. The authors recommend to tune the representations in a way that most information is located in the intermediate zone, which is most important for the human perception. The authors did not include this principle, as they wanted to encourage the user to find the best spot by themselves as well as to try to orientate themselves in a data visualization, which is too large to be shown at once. In the presented approach, no further considerations of the characteristics of the 3D data to be shown were made. For example, if a dimension is assumed
to be temporal, scatterplots could be shown25. The authors consider this kind of visualization generally interesting in the context of Industry 4.0. However, it has to been focused on a set of visualizations for the study of this work. Moreover, a previous publication25 focused on the collaborative analysis of data. In this work, this research question was excluded due to complexity of addressed issues in this study. In the presented setup here, the user is able to explore the immersive space by walking around. Other approaches26 offer controllers to explore the virtual space. In their study26, the focus is set on usability via the System Usability Scale (SUS)17. A previous publication27, in turn, has conducted a study for economic experts for immersive analytics, but with virtual reality headsets. They complain about the limited field of view for other devices, such as the used mixed reality smartglasses in this work (see Table of Materials). Their findings show that beginners in the field of VR were able to use the analytics tool efficiently. This matches with the experiences of this study, although in this work beginners were not classified with VR or gaming experience. In contrast to most VR solutions, mixed reality is not fixed to a position as it allows to track the real environment. VR approaches such as28 mention the use of special chairs for a 360° experience to free the user from his desktop. The authors of29 indicate that perception issues influence the performance of immersive analytics; for example, by using shadows. For the study at hand, this is not feasible, as the used mixed reality smartglasses (see table of materials) are not able to display shadows. A workaround could be a virtual floor, but such a setup was out of the scope of this study. A survey study in the field of immersive analytics30 identified 3D scatterplots as one of the most common representations of multi-dimensional data. Altogether, the aspects shown in Figure 1 cannot be found currently as a protocol to investigate usability aspects of immersive analytics for Industry 4.0 scenarios.

PROTOCOL: 

All materials and methods were approved by the Ethics Committee of Ulm University, and were carried out in accordance with the approved guidelines. All participants gave their written informed consent.

1. Establish Appropriate Study Environment

NOTE: A controlled environment was conducted to cope with the complex hardware setting. The used mixed reality smartglasses (see Table of Materials) and the laptop for the 2D application were therefore explained to the study participants.

1.1. Check the technical solution before each participant; set in default mode. Prepare the questionnaires and place next to a participant.

1.2. Have participants solve tasks from the use cases outlier detection and cluster recognition in one session (i.e., average time was 43 min). Furthermore, start half of them with the outlier detection, while starting the other half of them with the cluster recognition task. Randomly determine the initial use case. After that, alternate uses cases.

1.3. Start the study by welcoming the participants and introducing the goal of the study, as well as the overall procedure.

1.4. Have participants using the skin conductance measurement device (see Table of Materials) adhere to a short resting phase, to receive a baseline measure.

1.5. Have all participants fill out the State-Trait Anxiety Inventory (STAI) questionnaire31, prior to the start of the experiment. 

1.5.1. Next, have the participants perform the mental rotation test (see Figure 4, this test evaluated the spatial imagination abilities), which was the basis to distinguish high from low performers (high performers are advanced users, while low performers are novices), followed by the spatial sound test to measure spatial hearing abilities of a participant.

NOTE: A median split of the test scores in the mental rotation test32 was used to distinguish low from high performers.

1.6. Randomly separate participants into two groups; to start either with the task on outlier detection or cluster recognition, while continuing with the other use case afterwards. Further note that for the cluster recognition task, half of the participants first started with the used mixed reality smartglasses (see Table of Materials), and then used the 2D application, while the other half first started with the 2D application, and then used the mixed reality smartglasses (see Table of Materials). Make the decision for the group assignment as before (i.e., first decision randomly, then alternate). 

NOTE: For the outlier’s detection task, note that one group received sound support, while the other part of the group received no sound support. The decision was determined like before (i.e., first decision randomly, then alternate).

1.7. Concluding the session, have participants answer the State-Trait Anxiety Inventory (STAI) questionnaire31 again, as well as the self-developed questionnaire, and a demographic questionnaire. Altogether, a session took about 40 to 50 minutes.

1.8. Store the data, which was automatically recorded by each application, on the laptop's storage after the session was accomplished.

2. Study Protocol for Participants

2.1. Prepare the experiment (see Figure 2 for the room of the experiment) for each participant. Present the desktop PC, the used mixed reality smartglasses, and hand out the questionnaires.

2.2. Inform the participants that the experiment will take 40 to 50 minutes.

2.3. Decide for the first participant whether a skin conductance measurement is done. Alternate this decision for the next participants based on the first decision. Prepare the skin conductance measurement device33 and inform the participant to put on the device. Request a short resting phase from participants to receive a baseline measure for their stress level. 

2.4. Request participants to fill out the State-Trait Anxiety Inventory (STAI) questionnaire31 and inform them that it measures the perceived stress during the experiment.

2.5. Conduct a mental rotation test.

2.5.1. Inform participants that their mental rotation capabilities are evaluated and usher them in front of a desktop computer. Inform participants about the test procedure. Note that they had to identify similar objects that had different positions in a simulated 3D space. 

2.5.2. Inform participants that only two of the five shown objects are similar and that they will have 2 minutes for the entire test. Inform participants that seven tasks could be accomplished within the given 2 minutes and tell them that performance measures are recorded for each accomplished task.

2.6. Evaluate spatial sound abilities.

2.6.1. Inform participants that their spatial sound abilities are evaluated and usher them in front of a desktop computer. Inform participants about the test procedure. Explain to participants that six sound samples must be detected, which will be played for 13 seconds each. 

2.6.2. Inform participants that they have to detect the direction (analogously to the four compass directions) of which the sound is coming from.

2.7. Evaluate outlier detection skills.

2.7.1. Request participants to put on the mixed reality smartglasses. Explain to them that outliers must be found within the world created for the mixed reality smartglasses. 

2.7.2. Further inform them that an outlier is a red-marked point, all other points are white-marked. Explain then to them that they must direct their gaze to the red-colored point to detect it. 

2.7.3. Further inform the participants that not only visual help is provided, additionally environmental sounds support them to find outliers. Provide the information to the participants that they have to accomplish 8 outlier tasks, meaning that 8 times within the virtual world, the red-colored point has to be found. 

2.7.4. Tell participants which information will be recorded: required time for each task, length of walking, and how their final moving position is looking like related to their starting position. Finally tell participants that the red-marked point changes to green if it was detected (see Figure 3).

2.8. Evaluate cluster recognition skills.

2.8.1. Decide for the first participant whether firstly to use the mixed reality smartglasses or to usher the participant to a desktop computer. Alternate the decision for the next participants based on the first decision.

2.8.2. Request participants to put on the mixed reality smartglasses. Inform participants how to find clusters within the world created with the used mixed reality smartglasses. Emphasize to the participants that they had to distinguish between overlapping clusters by moving around them. 

2.8.3. Explain to participants that they can navigate in the virtual world and around the clusters using voice commands. Finally tell participants that they had to detect six clusters.

2.8.4. Request participants to remove the used mixed reality smartglasses. Usher participants to a desktop computer and tell them to use the software shown on the screen of the desktop computer. Inform them that the same type of clusters like shown in the used mixed reality smartglasses had to be detected using the software on the desktop computer (see Figure 7 and Figure 8).

2.9. Request participants to fill out three questionnaires, namely the State-Trait Anxiety Inventory (STAI) questionnaire31, a self-developed questionnaire to gather subjective feedback, and a demographic questionnaire to gather information about them.

2.10. Request participants to remove the skin conductance measurement device33 if they were requested in the beginning to put it on.

2.11. Relieve participants from the experiment by saying thanks for the participation.

REPRESENTATIVE RESULTS: 
Setting up Measures for the Experiment
For the outlier detection task, the following performance measures were defined: time, path, and angle. See Figure 6 for the measurements.

Time was recorded until a red-marked point (i.e., the outlier) was found. This performance measure indicates how long a participant required to find the red-marked point. Time is denoted as time (in milliseconds) in the results.

While participants tried to find the red-marked point, their walking path length was determined. The basis of this calculation was that the used mixed reality smartglasses (see Table of Materials) collect the current position as a 3D vector relatively to the starting position at a frame rate of 60 frames per second. Based on this, the length of path a participant had walked could be calculated. This performance measure indicates whether participants walked a lot or not. Path is denoted as Pathlength in the results. Based on the Pathlength, three more performance measures were derived: PathMean, PathVariance, and BoundingBox. PathMean denotes the average speed of participants in meter per frame, PathVariance the erraticness of a movement, and BoundingBox denotes whether participants had intensively used their bounding box. The latter is determined based on the maximum and minimum positions of all movements (i.e., participants that often change their walking position revealed higher BoundingBox values).

The last value that was measured is denoted with AngleMean and constitutes a derived value of the angle, which is denoted with AngleMean. The latter denotes the rotation between the current position and the starting position of a participant at a frame rate of 60 per second. Based on this, the average rotation speed in degrees per frame was calculated. Derived on this value, the erraticness of the rotation using the variance was calculated, which is denoted as AngleVariance.

To summarize the purposes of the calculated path and angle values, the path indicates whether users walk much or not. If they are not walking much, it might indicate their lack of orientation. The angle, in turn, should indicate whether participants make quick or sudden head movements. If they are doing sudden head movements multiple times, again, this might indicate a lack of orientation.

The state version of State-Trait Anxiety Inventory (STAI) questionnaire31 was used to measure the state anxiety, a construct similar to state stress. The questionnaire comprises 20 items and was handed out before the study started, as well as afterwards to evaluate the changes in the state anxiety. For the evaluation of this questionnaire, all positive attributes were flipped (e.g., an answer '4' becomes a '1'), and all answers are summed up to a final STAI score. The skin conductance was measured for 30 randomly selected participants by using the skin conductance measurement device (see Table of Materials)33.

For the cluster detection task, the following performance measures were defined: time and errors. Time was recorded until the point in time at which participants reported how many clusters they have detected. This performance measure indicates how long participants needed to find clusters. Time is denoted as Time (in milliseconds). Errors are identified in the sense of a binary decision (true/false). Either the number of reported clusters was correct (true) or not correct (false). Errors are denoted with errors.

The state version of State-Trait Anxiety Inventory (STAI) questionnaire31 was used to measure the state anxiety, a construct similar to state stress. The questionnaire comprises 20 items and was handed out before the study started, as well as afterwards to evaluate the changes in the state anxiety. For the evaluation of this questionnaire, all positive attributes were flipped (e.g., an answer '4' becomes a '1'), and all answers are summed up to a final STAI score. The skin conductance was measured for 30 randomly selected participants by using the skin conductance measurement device (see Table of Materials)33.

After the two task types have been accomplished, a self-developed questionnaire was handed out at the end of the study to ask for participant's feedback. The questionnaire is shown in Table 1. Furthermore, a demographic questionnaire asked about gender, age, and education of all participants.

Overall Study Procedure and Study Information
The overall conducted study procedure is illustrated in Figure 9. 60 participants joined the study. The participants were mostly recruited at Ulm University and software companies from Ulm. The participating students were mainly from the fields of computer science, psychology, and physics. Ten were female and 50 were male. 

Based on the mental rotation pretest, 31 were categorized as low performers, while 29 were categorized as high performers. Specifically, 7 females and 24 males were categorized as low performers, while 3 females and 26 males were categorized as high performers. For the statistical evaluations, 3 software tools were used (see Table of Materials). 

Frequencies, percentages, means, and standard deviations were calculated as descriptive statistics. Low and high performers were compared in baseline demographic variables using Fisher's exact tests and t-Tests for independent samples. For RQ1 -RQ5, linear multilevel models with the full maximum likelihood estimation were performed. Two levels were included, where level one represents the repeated assessments (either in outlier detection or cluster recognition), and level two the participants. The performance measures (except errors) were the dependent variables in these models. In RQ 1, also Fisher's exact tests for the error probabilities was used. In RQ3, the time differences when using spatial sounds versus no sounds were investigated. The STAI scores were evaluated using t-Tests for dependent samples for RQ4. In RQ5, the effect of the 2D application versus the used mixed reality smartglasses (see table of materials) was investigated, using McNemar's test for the error probability. All statistical tests were performed two tailed; the significance value was set to P<.05.

The skin conductance results have not been analyzed and are subject to future work. Importantly, the authors revealed in another study with the same device that additional considerations are required24.

For the mental rotation test, the differences between participants were used to distinguish low from high performers. For the spatial ability test, all participants showed good scores and therefore were all categorized to high performers with respect to their spatial abilities.

At first, important results of the participants are summarized: Low and high performers showed no differences in their baseline variables (gender, age, and education). Descriptively, the low performers had a higher percentage of female participants than high performers and high performers were younger than low performers. Table 2 summarizes the characteristics about the participants. 

Regarding results for RQ1, for the cluster recognition task, low and high performers did not differ significantly for the 2D application (4 errors for low and 2 errors for high performers) and the 3D approach (8 errors for low and 2 errors for high performers). For the outlier’s detection task, high performers were significantly faster than low performers. In addition, high performers required a shorter walking distance to solve the tasks. For the outlier’s task, Table 3 summarizes the detailed results.

Regarding results for RQ2, significant results emerged only for the outlier’s detection task. The BoundingBox, the Pathlength, the PathVariance, the PathMean, the Angle-Variance, and the AngleMean increased significantly from task to task (see Table 4). The recorded time, in turn, did not change significantly from task to task using the mixed reality smartglasses (see Table of Materials).

Regarding results for RQ3, based on the spatial sounds, the participants were able to solve the tasks in the outlier detection case quicker than without using spatial sounds (see Table 5).

Regarding results for RQ4, at the pre-assessment, the average state on the STAI scores were M = 44.58 (SD = 4.67). At post-assessment, it was M = 45.72 (SD = 4.43). This change did not attain statistical significance (p = .175). Descriptive statistics of the answers in the self-developed questionnaire are presented in Figure 10. 

Regarding results for RQ5, the mixed reality smartglasses (see Table of Materials) approach indicates significantly faster cluster recognition times than using a desktop computer (see Table 6). However, the speed advantage when using the mixed reality smartglasses (see Table of Materials) was rather small (i.e., in a milliseconds range).

Finally note that the data of this study can be found at36.

FIGURE AND TABLE LEGENDS: 
Figure 1: Investigated Aspects on the scale Interaction versus Novelty. The figure shows the used measures and their novelty with respect to the interaction level.

Figure 2: Pictures of the study room. Two pictures of the study room are presented.

Figure 3: Detected Outlier. The screenshot shows a detected outlier.

Figure 4: Example of the mental rotation test. The screenshot shows the 3D-objects participants were confronted with; i.e., two out of five objects in different positions with the same object structure had to bet detected. This figure has been modified based on this work35.

Figure 5: Setting for the Spatial Ability Test. In (A), the audio configuration for the task Back is shown, while, in (B), the schematic user interface of the test is shown. This figure has been modified based on this work35.

Figure 6: Illustration of the Setting for the Task Outlier’s Detection. Three major aspects are shown. First, the outliers are illustrated. Second, performance measures are shown. Third, the way how the sound support was calculated is shown. This figure has been modified based on this work35.

Figure 7: Illustration of the Setting for the Task Cluster Recognition. Consider the scenarios A-C for a better impression, participants had to change their gaze to identify clusters correctly. This figure has been modified based on this work35.

Figure 8: Illustration of the Setting for the Task Cluster Recognition in Matlab. The figure illustrates clusters provided in Matlab, which was the basis for the 2D desktop application.

Figure 9: Overall Study Procedure at a Glance. This figure presents the steps participants had to accomplish, in their chronological order. This figure has been modified based on this work35.

Figure 10: Results of the self-developed questionnaire (see Table 1). The results are shown using box plots. This figure has been modified based on this work35.

Table 1: Self-developed questionnaire for user feedback. It comprises 7 question. For each question, participants had to determine a value within a scale from 1-10, whereby 1 means a low value (i.e., bad feedback), and 10 a high value (i.e., a very good feedback).

Table 2: Participant sample description and comparison between low and high performers in baseline variables. The table shows data to the three demographic questions on gender, age, and education. In addition, the results of the two pretests are presented.

Table 3: Results of the Multilevel Models for RQ1 (Outlier Detection Using the Smartglasses). The table shows statistical results of RQ1 for the outlier’s detection task (for all performance measures).

Table 4: Results of the Multilevel Models for RQ2 (Outlier Detection Using the Smartglasses). The table shows statistical results of RQ2 for the outlier’s detection task (for all performance measures).

Table 5: Results of the Multilevel Models for RQ3 (Outlier Detection Using the Smartglasses). The table shows statistical results of RQ3 for the outlier’s detection task (for all performance measures).

Table 6: Results of the Multilevel Models for RQ5 (Cluster Recognition Using the Smartglasses). The table shows statistical results of RQ5 for the cluster recognition task (for all performance measures).

DISCUSSION: 
Regarding the developed mixed reality smartglasses (see Table of Materials) application, two aspects were particularly beneficial. The use of spatial sounds for the outlier’s detection task was positively perceived on one hand (see the results of RQ3). On the other, the use of voice commands was also perceived positively (see Figure 10).

Regarding the study participants, although the number of recruited participants was rather small for an empirical study, the number is competitive compared to many other works. Therefore, a larger-scale study is planned based on the shown protocol. However, as it showed its feasibility for 60 participants, more participants are expected to reveal no further challenges. It was discussed that the selection of participants could be broader (in the sense of the fields the participants are coming from) and that the number of baseline variables to distinguish between high and low performers could be higher. On the other, if these aspects are changed to higher numbers, the protocol itself has not to be changed profoundly.

In general, the revealed limitations do not affect the conduction of a study based on the protocol shown in this work, they only affect the recruitment and the used questions for the demographic questionnaire. However, one limitation of this study is nevertheless important: the overall required time to finish the experiment for one participant is high. On the other hand, as the participants did not complain about the wearing comfort or that the test device is burdening them too much, the time of conducting the overall protocol for one participant can be considered acceptable. Finally, in a future experiment, several aspects have to be added to the protocol. In particular, the outlier detection task should also be evaluated in the 2D desktop application. Furthermore, other hardware devices like the used mixed reality smartglasses (see Table of Materials) must be also evaluated. However, the protocol seems to be beneficial in a broader sense.

The following major insights were gained for the presented protocol. First, it showed its feasibility for evaluating immersive analytics for a mixed-reality solution. Specifically, the used mixed reality smartglasses (see Table of Materials) revealed their feasibility to evaluate immersive analytics in a mixed-reality application for Industry 4.0 scenarios. Second, the comparison of the developed used mixed reality smartglasses (see Table of Materials) application with a 2D desktop application was helpful to investigate whether the mixed-reality solution can outperform an application that does not make use of VR techniques. Third, the measurement of physiological parameters or vital signs should be always considered in such experiments. In this work, stress was measured using a questionnaire and a skin conductance device. Although the latter worked technically properly, the authors revealed in another study with the same device that additional considerations are required24. Fourth, the spatial ability test and the separation of high and low performers was advantageous. In summary, although the presented protocol seems to be complex at a first glance (see Figure 9), it showed its usefulness technically. Regarding the results, it also revealed its usefulness.

As the detection of outliers and the recognition of clusters are typical tasks in the evaluation of many high-dimensional data sets in Industry 4.0 scenarios, their use in an empirical study is representative for this field of research. The protocol showed that these scenarios can be well-integrated in a usability study on immersive analytics. Therefore, the used setting can be recommended for other studies in this context.

As the outcome of the shown study showed that the use of a mixed-reality solution based on the used smartglasses (see Table of Materials) is useful to investigate immersive analytics for Industry 4.0 scenarios, the protocol might be used for other usability studies in the given context as well.
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