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One solution supporting a healthy mental state for humans is controlling the environment with ambient intelligence technology. We are developing a mental support system for healthy people that automatically changes environmental conditions, such as sound volume and light color, depending on the user’s mental state, which is monitored according to physiological signals such as sympathetic nerve activity. In our previous basic study under laboratory-controlled conditions, the system was applied to improve the user’s concentration level as they performed calculation tasks. Results indicated that the system improved the task performance, but individual variations existed, with some users improving greatly but others much less. For the future practical application of the system, determining the causes of the variation in efficacy is important. Considering that the brain structure and activity differ according to an individual’s personality, we investigated the relationship between the user’s personality and task performance with our system’s support. The results showed a clear correlation between the extraversion score and task performance. Our study presents an example where the system’s efficacy is sensitive to the user’s personality and indicates the importance of considering the user’s personality when designing a mental support system based on ambient intelligence.
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INTRODUCTION
Maintaining mental well-being is important, especially in light of the COVID-19 pandemic that has forced urgent changes in our life and work styles. WHO (World Health Organization, 2020) has raised concerns over worsening of mental health because of the stress or fear caused by the pandemic. Studies have shown that stressors associated with telework can reduce well-being and eventually performance (Molino et al., 2020; Tarafdar et al., 2007). Thus, an urgent demand for developing a mental support system exists.
Over several decades, different methods and technologies have been studied to improve the mental state. However, these are not always universally effective and have different efficacies depending on the individual. A primary factor for this is the users’ personalities. For instance, the user’s personality plays an important role in accepting socially assistive robotics (SAR) for mental therapy and therapeutic performance (Tapus and Mataric, 2008). SAR affects the user’s mental state through multimodal cues to express empathy, including verbal and nonverbal (body movement) interactions as well as social distance. A social relationship between the robot and user can determine the success of SAR; therefore, user’s and robot’s personalities are considered important for further developing effective SAR (Esterwood and Robert, 2020).
A common method to improve the mental state is to use biofeedback. Many biofeedback schemes were developed for informing users of their autonomic nervous system activity based on their current heart rate and blood pressure (Purwandini Sutarto et al., 2012; Frank et al., 2010). This technology requires users to learn to control their involuntary physiological responses to enhance their mental state. Although compared to SAR, biofeedback involves a different kind of human–machine interaction, and its effectiveness is also related to personal traits (Jafarova et al., 2020). Similar to biofeedback, meditation/mindfulness is a useful self-regulatory approach for mental management. Takahashi et al. (2005) investigated the effects of personality on brain activity and found that changes in brain activity as measured by an electroencephalogram reflecting enhanced mindfulness were associated with personal traits. The mental state results from brain activity, and the abovementioned methods and technologies to improve the mental state ultimately try to affect or stimulate brain activity. Therefore, it is foreseeable that their effectiveness varies among individuals if the basic properties of the brain activity and structure differ with personalities.
Eysenck (1967) suggested a relationship between brain activity and personality by postulating that extraversion is related to cortical arousal. As alpha brain waves are correlated with a wakeful state (DeYoung et al., 2010), several studies investigated the relationship between brain waves and personalities, and their results have supported Eysenck’s claim (Tran et al., 2001; Gale et al., 2001). Research on the relationship between brain activity and personality has been expanded to include the brain structure and brain network activity, and the results revealed that the brain structure and dynamics of the default mode network are associated with personality (DeYoung et al., 2010; Tran et al., 2006). Overall, these studies found that brain activity is fundamentally different among individuals with different personalities. Accordingly, individual differences in brain responses to stimuli have been attributed to differences in personalities (Stenberg, 1994). Thus, the user’s personality is an important consideration when developing a mental support system.
We have been developing a mental support system for healthy people based on ambient intelligence (AmI). AmI is broadly defined as an information technology focused on supporting people using a digital environment that is sensitive, adaptive, and responsive to human needs and emotions (Friedewald et al., 2005). This technology is expected to provide solutions in the healthcare domain to both healthy and/or unhealthy people such as patients suffering from the Alzheimer’s disease (Acampora et al., 2013; Cavallo et al., 2015; Machado et al., 2021). In our previous basic study conducted under laboratory-controlled conditions (Iwashita and Ishikawa, 2021), we validated our system experimentally using the system to improve the user’s concentration (mental state), while measuring their current mental state; a sound speaker, an aroma diffuser, and colored lights were used to control the environment, while users conducted a calculation task for 45 min (Iwashita and Ishikawa, 2021). Our system helped many users improve their calculation scores, but the improvement varied significantly among individuals. For the future practical application of the current basic system, determining the causes of the variation in efficacy is important. In our system, the environmental changes are likely to stimulate the brain. Neuroscience research has revealed the relationship between neural response to stimuli and personality (Gurrera et al., 2001). Therefore, personality may alter the effectiveness of our system. So far, little research has been conducted on quantifying the effect of personality on the efficacy of AmI-based systems. As a case study, we investigated the relationship between the effectiveness of our system and user’s personality by analyzing the data from our previous study (Iwashita and Ishikawa, 2021).
METHODS
Here, we briefly describe the methodology of our previous study where the experimental data were obtained (Iwashita and Ishikawa, 2021) and the new statistical analysis performed in this study.
Experimental Design
Our AmI-based system was applied to improving the concentration of participants. Participants played the countdown 25 square (C25S) calculation game (see below) for 45 min under different conditions with and without the aid of the AmI-based system while their sympathetic nerve activity was monitored according to the nasal skin temperature. During the first 8 min, the participants played the game with the three environmental devices (sound speaker, aroma diffuser, and lights) at their initial settings, which were set by the participants according to their preferences prior to the game. For the remaining time, participants played the game under one of three conditions: (1) user-only control (User), (2) random control (With Random), and (3) with the AmI-based system (With AmI). Under the User condition, environmental changes were controlled by participants without the aid of any system. Under the With Random condition, the system’s actions were determined randomly. The participants partook in three experiments under three different conditions at three different morning hours. Every experiment was executed at least 1 day apart in randomized order. After all the experiments took place, participants were asked to take the Maudsley personality inventory (MPI) test, which is a questionnaire designed to measure the two major dimensions of personality: extraversion and neuroticism (Eysenck, 1947).
Participants
Eleven healthy males aged 18–42 years, employees of DENSO CORPORATION, participated in the experiment. The experiment was approved by the local ethics committee at the DENSO CORPORATION. After receiving detailed written and oral instructions, participants provided their informed written consent to participate in the study. The experimental results of 9 of the 11 participants were described previously (Iwashita and Ishikawa, 2021). For the remaining two participants, one of the results from three experiments was excluded because they did not meet our criteria (i.e., they had enough sleep and no significant personal issue is ongoing). In the present study, we utilized the results of all 11 participants, except in two experiments because of the rationale described above. Accordingly, we had 10 participants’ data for the User condition, 11 participants’ data for the With Random condition, and 10 participants’ data for the With AmI condition.
AmI-Based System
The AmI-based system developed by us in a previous study works in an interactive way between the user and system (Iwashita and Ishikawa, 2021). Because the mental state is stochastic in nature, we employed an interactive method for realizing effective environmental control. This method monitors real-time biological signals (sympathetic nerve activity) to infer and improve the user’s current mental state and adapt the online environmental controls to the user’s preferences, which usually vary with the situation (e.g., work or leisure).
The AmI-based system estimates the user’s concentration level by monitoring the nasal skin temperature, which is known to increase as sympathetic nerve activity decreases (Wallin, 1981; Mizuno and Kume, 2015; Nozawa and Tacano, 2009). The estimated concentration level is then used to control environmental devices to enhance the concentration level as desired. Figure 1 shows the structure of the AmI-based system. The nasal skin temperature is normalized by subtracting the forehead skin temperature. The average nasal skin temperature for 2 min is used to determine control commands every 2 min, which was assumed as sufficient for the temperature to reflect sympathetic nerve activity. Only when the averaged nasal skin temperature increases, the system executes control commands to increase sympathetic nerve activity. The system is designed to adapt to a user’s environmental preferences based on their control commands. If the user changes the sound volume often, the system tends to change the sound volume rather than the aroma intensity and light color. Furthermore, the system evaluates the effects of control commands on the nasal skin temperature in real time, which it uses to update the function to generate effective control commands. If increasing the sound volume is not as effective as reducing the nasal skin temperature, the next command will decrease the sound volume. The detailed algorithm of each module is described in our previous paper (Iwashita and Ishikawa, 2021).
[image: Figure 1]FIGURE 1 | Diagram of the AmI-based system.
Random System
The random system determines the control commands for environmental devices randomly, without monitoring the user’s current nasal skin temperature. In the experiments, the control commands were executed with a 50% chance for any control command every 2 min (same as with the AmI-based system), and the degree of change was selected randomly.
Experimental Setup
Figure 2A displays the experimental setup. The environmental devices were a natural sound speaker (i.e., a smartphone application), an aroma emitter (Aroma Join Corporation, Japan), and three smart lightbulbs (PHILIPS, the Netherlands). The participants selected two of five natural sounds (wave, rain, café, village, and magma) as their preferences beforehand. The sound volume, aroma intensity, and light color were controlled by the device controller application (Figure 2B). The sound volume was scaled to 0–100, which corresponded to ∼15–70 dB. The volumes of the two sounds could be specified separately. The aroma intensity was scaled 0–5, which corresponded to spray times of 0–5 s in increments of 1 s. The light color was scaled as 0–100, which ranged from red to purple. The system output was the sound volume for the louder of the two chosen sounds (the volume of the softer sound was determined by keeping the volume ratio of two ongoing sounds same), the aroma intensity, which was converted to a 0–100 scale from the 0–5 scale displayed on the controller, and the light color. Both the nasal and forehead skin temperatures were measured with Polymate I, which is a biological signal recorder (Miyuki Giken Corporation, Japan).
[image: Figure 2]FIGURE 2 | Experimental setup, device controller display, and Countdown Twenty-five Square (C25S) calculation game.(A) Experimental setup equipped with sound speakers, aroma diffuser, and three smart lights.(B) Device controller implemented on a smartphone.(C) C25S calculation game. When the 25 calculations of the game have been completed, the score, elapsed time, and total points are displayed (not shown in the figure).
Experimental Tasks
Figure 2C shows the C25S calculations. C25S is an educational PC game/free application comprising simple 25 summation or subtraction calculations and is available at https://nll.red/masu100/index_S.html. We obtained permission from the developer to use it. Once a participant clicked on the start button, they had to calculate an equation, which was selected randomly by the system from 25 possible choices. They had to input the answer by clicking a number displayed on the right side of the screen within 5 s. If the participant could not answer correctly within 5 s, it was counted as a “fail,” and the next equation was selected randomly. After all 25 equations were done (i.e., the game ended), participants repeated the game by clicking the start button again until a total time of 45 min had elapsed. The content of the game refreshed each time the start button was clicked. Participants could only manipulate the device controller before starting each game, and they were allowed to perform shoulder and arm stretches between games to reduce the fatigue caused by long-term mouse operation. The points scored in each game were calculated as follows:
[image: image]
where [image: image] is the number of correct answers and [image: image] is the time (s) elapsed per game.
Analysis
To perform a statistical analysis on the effect of personality on the system efficacy, we used a linear mixed-effect model, which can integrate continuous (personality scores) and categorical (condition—User, With Random, and With AmI) predictors under a repeated experimental design. The linear mixed-effect model was tested in R (version 4.0.2) with the lmer4, lmerTest, and car packages, with the alpha set to 0.05. The predictors were the conditions (User, With Random, and With AmI) and one of the MPI scores (extraversion or neuroticism), including the interaction between them. The task performance was the reference variable, and the participant was included as a random intercept. The task performance was defined as the trend line of the time series of the points. Post hoc analysis was adjusted with the Bonferroni method. The correlation coefficient (r) was calculated using Pearson’s correlation in R (“cor.test” function; version 4.0.2).
RESULTS
As an example, Figures 3A–C show the nasal skin and environmental changes of a participant, and Figures 3D–F show the corresponding task performance. The task performance was evaluated according to the slope of the trend line of the time series of points (i.e., a of y = ax + b). The points tended to increase under the With AmI condition, but not under the other conditions. Our previous study showed that the task performance statistically improved under the With AmI condition (Iwashita and Ishikawa, 2021), but individual differences were observed in the level of improvement.
[image: Figure 3]FIGURE 3 | Example of a participant’s time courses for the nasal skin temperature, environmental manipulations, and task performance. (A–C) Time courses for the nasal skin temperature and environmental manipulations of the sound volume, aroma intensity, and light color under three conditions (User, With Random, and With AmI). (D–F) Time courses for the task performances according to the points scored in each C25S game. The trend lines (dotted line) and approximation formulas are also shown.
In this paper, a statistical analysis was performed to evaluate the effectiveness of the system with regard to personality. The linear mixed-effects model indicated that neuroticism had insignificant statistical effect on task performance [condition: degree of freedom (df) = 2, chi-square = 0.9, p-value = 0.89930; neuroticism-score: df = 1, chi-square = 0.1, p-value = 0.69860; condition*neuroticism-score: df = 2, chi-square = 1.1, p-value = 0.58530]. In contrast, the model indicated that the conditions and interaction between conditions and extraversion score had a significant effect on the task performance (condition: df = 2, chi-square = 9.1, p-value = 0.01067; extraversion score: df = 1, chi-square = 2.0, p-value = 0.15231; condition* extraversion score: df = 2, chi-square = 18.2, p-value = 0.00011). First, we compared task performance under various conditions, as in our previous study (Iwashita and Ishikawa, 2021). Figure 4A shows the averaged slope of the trend line of the points for all participants under the three conditions. The slope value was significantly higher under the With AmI condition than under the User condition (Wilcoxon test, Z-score = 2.3, p-value = 0.0391, adjusted by the Bonferroni correction, effect size r = 0.77). The slope value did not differ significantly between the With Random and User conditions (Wilcoxon test, Z-score = 0.7, p-value = 0.5703, adjusted by Bonferroni correction). These results were consistent with those of our previous study (Iwashita and Ishikawa, 2021). Next, we investigated the relationship between task performance and extraversion. Figures 4B–D show the correlation between the performance and extraversion score under each experimental condition. The relationship between extraversion and task performance differed depending on the condition. No correlation was observed under the User condition (r = 0.031), a negative correlation was observed under the With Random condition (r = −0.574), and a positive correlation was observed under the With AmI condition (r = 0.672). These results suggest that, when the environmental control was automated, an association existed between extraversion and task performance, whether positive or negative.
[image: Figure 4]FIGURE 4 | Effect of the system on the task performance and relationship between the task performance and personality. (A) Effects of the three conditions on task performance as the slope of the trend line; the error bars represent the SEM of the slope of the trend line. Relationship between the extraversion score and task performance as the slope of the trend line: (B) User, (C) With Random, and (D) With AmI.
DISCUSSION
The present research showed that our AmI-based system had a positive correlation with the extraversion score, whereas the random system had a negative correlation. Our results can be interpreted by considering the work of (Matthews and Amelang, 1993), who investigated the relationship between task performance and brain waves. They found that extraverts performed better when their alpha waves were low in power, whereas introverts performed better when their alpha waves were high in power. Generally, alpha wave activity is low when cortical arousal is high and vice versa. Moreover, sympathetic nerve activity increases with high cortical arousal and vice versa (Lim et al., 1996). Therefore, extraverts may perform well when sympathetic nerve activity is high (i.e., high arousal state), whereas introverts perform well when sympathetic nerve activity is low (i.e., low arousal state). Our system is designed to manipulate environmental devices to increase the sympathetic nerve activity while the activity was decreasing. Thus, our AmI-based system may be more effective for extraverts than introverts. For introverts, a system controlling environmental devices to reduce sympathetic nerve activity may help improve task performance.
The random system showed a negative correlation between the task performance and extraversion score. This may be because the randomly timed environmental control did not effectively increase sympathetic nerve activity, which seems to be helpful for extraverts. The random system seemed to be slightly more effective for introverts than our AmI-based system, which indicates that the environmental control was sometimes effective. Thus, some of the random controls had a positive effect on the task performance of introverts.
When the environment was controlled by the user without any support from a system, there was no correlation between the task performance and personality. These results highlight that task performance is sensitive to personality when the environment control is supported by a system. Therefore, to develop an effective AmI-based mental support system fitting each user, personality is an important consideration. Especially, utilizing the known differences in brain activity for each personality will be helpful for system design. For example, we can design a system that reduces sympathetic nerve activity for introverts. Alternatively, moderate changes to the sound volume may help prevent stimulating excessive brain activity because introverts tend to demonstrate higher tonic cortical arousal than extraverts (Kumari et al., 2004).
To apply the current study in practical situations, our system must be validated under not only laboratory conditions but also real-life conditions. Moreover, the system must employ more user-friendly sensors such as noninvasive sensors to monitor sympathetic nerve activity. In future work, we aim to extend this study to a larger and more diverse sample under diverse real-life situations/scenarios to further validate the system.
Here, we presented only a case study on the relationship between personality and the efficacy of a system trying to improve concentration. However, personality should also have an effect when systems are trying to improve other mental states, such as relaxation. Future studies on the correlation between personality and the efficacy of mental support systems can help lead to a better understanding of human–machine interactions and the development of better AmI for mental support.
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