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INTRODUCTION

Due to the ubiquitous nature of smartphones, users interact with them under varying environmental (e.g., in
noisy environments) and internal (e.g., under stress, in different moods) conditions. Previous research has shown
that environmental and contextual factors, such as cold ambience [12], ambient noise [44], encumbrance [38],
and walking [11] negatively affect mobile interaction and lead to situational impairments. This has given rise to a
growing body of work in HCI that aims to enable smartphones to detect when the user is situationally impaired and
subsequently adapt the interface to mitigate the effects of such impairments during mobile interaction [43, 46, 57].
Although prior research has emphasised the importance of understanding the effects of situational impairments [43, 49, 63], these studies mostly focus on environmental factors, such as cold ambience. In contrast,
relatively little work has investigated the effect of an important internal factor on mobile interaction: stress, a
mental state often experienced on a daily basis [1], which has been shown to negatively impact performance in
everyday activities (e.g., [16, 22, 39]).
In this paper, we investigate the effect of stress on task performance in smartphones. According to Lazarus
et al. [23], stress can be defined in terms of the relationship between an individual and an environment or
situation [51]. Given this notion [23] and the temporal effect of certain stressors (personal or work-related) on
human behaviour [26, 55], stress has been identified as a potential cause of situational impairment that is likely
to have an impact during mobile interaction [43].
In our study, we use the Trier Social Stress Test (TSST) [20] to induce stress in our participants in order to
measure its effect on three mobile interaction tasks: target acquisition, visual search, and text entry [44]. We
show that stress significantly reduces target access time and accuracy during target acquisition tasks compared to
the baseline, as well as completion time during visual search tasks. Further, we directly contrast the magnitude of
stress-induced situational impairments to other situational impairments based on results in the literature, namely
cold ambience [42] and ambient noise [44].
The main contributions of this paper are to quantify the effect of stress on mobile task performance, compare
its effect size to that of cold- and noise-induced situational impairments, and, hence, to contribute to the growing
body of research on situational impairments.

2

RELATED WORK

Previous work has highlighted that different environmental and contextual factors, such as cold ambience [12],
ambient noise [44], mobile state of the user [11], and encumbrance [38] can negatively affect mobile interaction.
These factors can cause users to experience situational impairments and, thereby, impact their performance during
mobile interaction [43]. For example, cold ambient temperature has been shown to adversely affect smartphone
input performance [12, 42]. In particular, throughput and accuracy drop significantly when performing acquisition
tasks under cold temperatures. Other studies have shown a negative effect of walking on text entry [11, 35] and
target acquisition tasks [48]. User encumbrance also negatively affects mobile interaction, resulting in decreased
accuracy, longer target acquisition times, and increased error rate [38].
Sarsenbayeva et al. [44] measured the effect of background noise on smartphone interaction performance.
The types of background noise presented in that study included music with fast and slow tempo, urban indoor
and outdoor noise, and meaningful and meaningless speech. Similar to our study, mobile input performance
was measured in terms of three common smartphone activities: target acquisition, visual search, and text entry.
Performance under ambient noise conditions was benchmarked against the silent condition. The authors found
that music reduced completion time during target acquisition tasks, while urban noise and speech increased
the text entry rate. Although a number of previous studies have investigated the effect of stress on interaction
with stationary technology (e.g., keyboard and mouse), the effect of stress on mobile interaction remains underexplored. For example, Karunaratne et al. [18] reported stronger keyboard taps amongst participants exposed to
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stressful conditions. Furthermore, Rodrigues et al. [40] investigated the effect of stress on mouse movements. The
authors found that stressed students, when presented with challenging questions, carried out significantly more
mouse movements [40].
In our study, we contribute to the growing body of research on situational impairments [43] by quantifying
the effect of stress on interaction with smartphones, an internal factor that has been shown to adversely impact
performance when using other technologies, such as desktop computers [18, 40, 62]. We achieve this by using
the TSST protocol [20] to induce stress in our participants, and measure changes to their performance while
completing typical smartphone tasks.

2.1

Cognitive and Physiological Effects of Stress

Behavioural and psychological scientists study the effect of stress on humans’ daily lives for a variety of reasons.
For example, researchers have aimed to identify the events leading to stress and how negative outcomes of
cumulative stress can be avoided [14].
Early work, showed a curvilinear relationship between arousal and task performance, particularly with very
high and very low levels of arousal inhibiting task performance, whereas moderate levels facilitate it [65]. More
recently, research has shown the negative effect of stress on human cognitive performance [67]. For example,
stress negatively affects working memory [27, 67] and verbal declarative memory [21, 37]. In addition, studies by
Payne et al. [39] and Jelici et al. [16] report adverse effects of stress on human cognition resulting in memory
impairments. Lupien et al. [26] also show that under stressful conditions, declarative memory is significantly
impaired compared to a non-stressful condition in a word-pairs recall task. Moreover, Kuhlmann et al. [22] show
that acute stress significantly delays memory retrieval. They utilise the TSST, a widely used protocol for inducing
stress in participants through two tasks: public speaking and arithmetic subtraction [20]. They then asked their
participants to recall pairs of words memorised at the beginning of the experiment. The results of this study show
that stressed participants have significantly reduced memory retrieval as compared to the control condition [22].
Wolkowitz et al. [64] report similar results showing that stress has a detrimental effect when recalling words
from a previously learnt list.
Further, Marquart [29] observed that stress decreased participants’ learning ability and results in non-adaptive
behaviour (e.g., longer reaction time when completing cognitive tasks [23]). Verville et al. [61] found that
participants who were exposed to a stressful condition required significantly longer time for recognising pictures
that were flashed on a screen as compared to a control group. This, however, is a contested finding as other
studies have shown that stress sped up participants’ performance during an image sorting task (e.g., [33]). In
addition, a reduction of task completion time resulted in a greater number of errors [33]. These results are similar
to a study by McKinney [32], where stress increased the number of errors in completing multiplication problems
and a learning syllables task.
Based on this rich literature we hypothesise that stress will hinder user performance in smartphone tasks. In
particular, participants under stress will be less accurate when compared to a baseline measurement.

2.2

Stress Detection Methods

Stress induces biological responses, which can thus be physiologically measured. Examples include changes in
skin conductivity [50], heart rate variability [56], muscle tension [56], and heart rate [47]. Several studies have
focused on the development of wearable technology that allows for the unobtrusive tracking of physiological
measures. As a result, a variety of wearables exists that track physiological measures (e.g., Empatica E4 wristband1 ,
Oura ring2 ).
1 https://www.empatica.com/research/e4/
2 https://ouraring.com/
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Several studies have attempted to detect stress from people’s interaction behaviour using sensor-based technologies [3, 14, 41]. For example, Hernandez et al. use a pressure-sensitive keyboard and a capacitive mouse
to detect the effect of stress during computer interaction. They found that more than half of their participants
increased their typing pressure under the stressful condition when compared to the control condition. They
also showed that the majority of participants (75%) covered more of the surface of the mouse when they were
stressed [14]. Furthermore, Exposito et al. [10] suggest using iPhone’s built-in keyboard pressure sensor to detect
stress. The authors show that under stressed conditions, participants typing pressure was higher when compared
to non-stressed conditions [10]. Prior research has also shown that the combination of wearable sensors and
smartphone interaction patterns can detect stress more accurately. For instance, Sano and Picard [41] achieved a
higher accuracy rate for stress detection (75%) compared to previous results (53%) that only used smartphone
interaction patterns [3]. Other stress detection methods are based on self-reports and questionnaires. For example, Cohen et al. [9] suggest the use of perceived stress as an objective stress measure. Further, Spielberger
and colleagues recommend asking participants to self-report their anxiety levels using the State-Trait Anxiety
Inventory (STAI) to identify the occurrence of stress [54].
In our study, we collect both sensor and self-report data to validate that we are indeed inducing stress in our
participants throughout the experiment. Namely, we use heart rate variability (HRV) derived from the data of an
Empatica E4 and collect self-report data using the STAI questionnaire.

3

METHOD

In this study, we investigate the effect of stress on performance on three common mobile interaction tasks: target
acquisition, visual search, and text entry. We use the experimental tasks developed in the study by Sarsenbayeva
et al. [44]. This allows us to directly compare the effects of stress-induced situational impairments with those
previously reported for cold-induced and noise-induced situational impairments. We describe each task in detail
below.

3.1

Smartphone Tasks

We used a Samsung Galaxy S7 smartphone (Android 7.0) with a 5.1-inch screen (1080×1920px) in this experiment.
This smartphone model was chosen in order to have an identical screen size and screen resolution to the
smartphone used in previous studies by Sarsenbayeva et al. [42, 44] on situational impairments. The three tasks
were presented to participants in a random order to avoid sequence effects. Participants first completed extensive
training until they were comfortable with each of the presented tasks, thus minimising any potential learning
effects. Both the training and actual tasks were completed while standing, and participants were instructed
to use only the index finger of their dominant hand for interaction, while holding the smartphone with their
non-dominant hand.
3.1.1 Target Acquisition Task. In the target acquisition task participants are asked to tap circular targets (radius
= 135 px) which appear one at a time at random locations on the screen. Each circle has an indicated centre and
participants are asked to tap the indicated center of the targets as precisely and quickly as possible. We log the
coordinates of the target’s centre, the participant’s touch point, and the elapsed time. The interface of the task is
shown in Figure 1-A.
3.1.2 Visual Search Task. In the visual search task, participants must find a target icon amongst 24 other icons
(100 × 100 px), arranged according to a 4 × 6 grid [13]. The target icon is first shown, participants can then take as
much time as needed to memorise it (Figure 1-B). In the subsequent screen they must find and tap the memorised
target among 24 icons (Figure 1-C). To minimise any potential learning effects, the application ensures that the
target is randomly selected and remaining icons are randomly distributed across the grid.
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Fig. 1. Interface of the application with Target Acquisition Task (A), Visual Search Task (B-C), and Text Entry Task with
user’s input for easy and difficult texts (D-E).

3.1.3 Text Entry Task. In the text entry task, our participants are presented with a snippet of text (displayed on
the top-half of the screen), which they must re-type in a text box. The texts are of varying difficulty: 1) easy –
consisting of only one sentence with common words widely used on a daily basis (see Figure 1-D), 2) difficult
– consisting of several sentences chosen from Shakespeare’s sonnets (see Figure 1-E). In total we have 10 easy
sentences and 10 difficult sentences, and at each round of tasks a sentence is randomly selected by the application.
We validated the difficulty of the sentences with the Flesch-Kincaid readability test [19]. Easy sentences had an
average grade of 1.6 and difficult sentences had an average grade of 5.1.

3.2

Participants

We recruited 24 participants between 20 and 55 (M = 31, SD = 9.5) years old through our university’s mailing
lists and snowball recruitment with equal number of male and female participants to avoid gender bias [59].
Participants had a diverse range of educational backgrounds (e.g., Electrical, Mechanical, Infrastructure and Civil
Engineering, Agriculture, Entomology, Architecture, and Computer Science).

3.3

Procedure

To induce stress in our participants, we followed the TSST protocol [20]. TSST is a validated protocol used
to induce stress in study participants that has been widely used in Psychology research. The original TSST
protocol [20] describes three main stress points in the experiment: following a relaxation period (20 minutes),
following stress-inducing tasks (speech and arithmetic), and following post-stress recovery. Hence, we ask
participants to complete the smartphone tasks at these three points. The overview of the experimental procedure
is presented in Figure 2.
In order to validate whether our participants experienced stress throughout the experiment, we calculated
their heart rate variability (HRV) from the Empatica E4 wristband data, as HRV has been shown to correlate
with a person’s stress levels [56]. We also collected self-reported anxiety levels of the participants via the STAI
questionnaire [54], a tool commonly used by researchers conducting studies with the TSST to validate fluctuations
in stress levels. Sensor data was then cross-referenced with smartphone data using timestamps.
In line with the TSST protocol, participants were not aware that the study investigated the effect of stress on
mobile interaction, and were not informed that we would induce stress on them to avoid triggering anxiety-related
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Fig. 2. Experimental Procedure.

behaviours. Again, according to the TSST protocol, this is done to reduce participant bias and to let us observe
the natural reaction of participants to stress. The experimental design was approved by the Ethics Committee
of our university. The experiment duration was approximately 90 minutes per participant, including briefing,
training, data collection, and final interview. Each participant received a $30 gift voucher for participation.
3.3.1 Participant Briefing. The experiment took place at our institution’s usability lab, with an experimental setup
consisting of two adjacent rooms, as recommended by the TSST protocol. One room works as a desensitisation
room, where participants can rest and relax, while the other room is used for the stress-inducing tasks. Upon arrival,
we welcomed our participants to the desensitisation room. We then informed them that we are investigating their
cognitive performance as measured by their presentation skills and arithmetic skills, as well as their performance
in a range of smartphone tasks. We then asked participants to sign a consent form agreeing to participate in the
study and collected their demographic data (age, gender, background, dominant hand). Next, we instrumented
our participants with an Empatica E4 wristband, and instructed them to wear it throughout the experiment on
their non-dominant hand. Following this setup we asked our participants to complete all smartphone tasks for
training purposes. Participants trained with all three study tasks in random order until they were comfortable
with each one.
3.3.2 Baseline Measurements. After training, participants were left alone for 20 minutes, so that they could rest
and stabilise. During this period we provided them with reading material with neutral content to keep them
occupied and not cause any anxiety (descriptions and photographs of plants growing in different regions of the
world), as recommended in the TSST protocol [20]. We also asked them not to use their smartphone during this
time. Following, the participants were asked to complete a round of tasks on a smartphone. The purpose of this
stage was to create a baseline measurement of performance while not stressed. After finishing the tasks, the
participants completed the STAI questionnaire [54] to measure their perceived anxiety state.
3.3.3 Inducing Stress — Step 1. We guided our participants to the experiment room. Here, we provided them with
a scenario according to which they were applying for their dream job and needed to attend a hiring interview.
Participants were given 5 minutes to prepare a speech to convince a panel as to why they were the best candidate
for their dream job. We also informed them that their performance was going to be video-recorded and reviewed
by judges trained in public speaking. Once the preparation time was over, the participants were asked to deliver
their speech in front of the panel of three judges, who were, unbeknownst to the participants, confederates of the
research team. Participants had to speak for the entire 5 minutes, during which the panel members did not give
any feedback and maintained neutral facial expressions.
3.3.4 Inducing Stress — Step 2. Upon completing step 1, participants were asked to perform an arithmetic task.
We asked them to subsequently decrement 1022 by 13 and to say the number sequence out loud. The task is
inspired by the ‘Serial Sevens’ tasks [52], which is used in clinical tests to assess mental functions, and lasts for
5 minutes. In case of miscalculation, a researcher informed the participants of their error and they were asked
to restart the task from 1022. The purpose of the arithmetic task was to induce further stress on participants.
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After completing the arithmetic task, the participants completed a round of tasks on a smartphone under stress,
followed by the STAI questionnaire (Round 1).
3.3.5 Post-Stress Recovery. At this stage, we brought participants back to the desensitisation room and left them
alone for 10 minutes to rest and recover. We then asked them to complete a final round of smartphone tasks
and complete the STAI questionnaire (Round 2). According to the TSST protocol [20], cortisol level reaches its
peak during this moment of the experiment and, therefore, we wanted to assess their performance during mobile
interaction at this point.
3.3.6 Participant Debriefing. Finally, we debriefed participants about the real purpose of the study and explained
that it was expected to experience stress during the experiment. Further, we clarified that the tasks performed
during the experiment were unreasonably difficult and did not reflect upon their aptitude or ability. We also
informed them that we did not video-record their performance. We then conducted a short, semi-structured
interview with our participants, asking them to report on their subjective perception of the experiment and the
effect of stress on their performance.

4

RESULTS

In this section, we report our results regarding the effect of stress on our participants’ performance across target
acquisition, visual search, and text entry tasks. We also report participants’ subjective assessments of their
performance in the aforementioned smartphone tasks.

4.1

Validation of Stress Occurrence

We used HRV to validate the presence of stress in our participants and followed the process, described by
McDuff and colleagues [31]. To generate HRV data from the bio-signals collected with the Empatica E4 sensor,
we performed the generic HRV analysis method as follows. First, we interpolated and re-sampled inter-beat
interval (IBI) data at 4Hz, to align the signals in a uniform time interval. Then we obtained an HRV power
spectrum in time series from the detrended interpolated IBI data, by applying the Fast Fourier Transform (FFT)
algorithm with a 512-sized slide window (i.e., a 512-sample or 128-second segment of a signal). We calculated the
HF (High-Frequency) powers of the HRV as the summation of the discrete points corresponding to the power
spectrum under 0.15 − 0.40Hz. As HF HRV was previously shown to be a reliable indicator of stress occurrence
[4], we used it for further validation of presence of stress in our participants. We acknowledge that HRV can
be a result of multiple factors apart from stress; however, we argue that in combination with the established
stress-inducing protocol and participants’ self-reports, we were able to reliably validate the occurrence of stress
during our experiment. In addition, we did not collect EDA data due to the following reasons. First, EDA data
collected from the wrist is shown to describe thermoregulatory relevant electrodermal phenomena, rather than
the psychophysiological nature of the response [8]. Second, EDA is better suited for validating stress caused
by discrete events (e.g., electrical shock) [7, 8, 51], whereas in our study participants experienced longitudinal
cumulative stress.
We applied a one-way repeated measures ANOVA, which yielded a statistically significant effect of stress
on heart rate variability (F (2, 24) = 6.54, p < 0.01). A Tukey HSD post-hoc comparison test (with Bonferroni
corrections) reveals that HRV values during Stress Induction (M = 32.84, SD = 20.89) and Post-stress Recovery
periods (M = 37.24, SD = 18.69) are significantly lower (p < 0.01) compared to HRV values during the baseline
measurements (M = 40.81, SD = 26.05). Since low values of HF HRV indicate a physiological presence of
stress [15], we can conclude from the HRV results that the participants were stressed after undergoing both the
speech and arithmetic subtraction tasks of the protocol. The mean values for HF HRV are visualised in Figure 3.
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Fig. 3. HRV (HF) Mean Values (95% Confidence Interval (CI))

Next, we examined participants’ self-reported anxiety values as measured by the STAI questionnaire as
collected following completion of each round of smartphone tasks. A one-way repeated measures ANOVA yielded
a statistically significant effect of stress on self-reported anxiety values (F (2, 24) = 10.23, p < 0.01). Post-hoc
comparisons using the Tukey HSD test (with Bonferroni corrections) indicated that participants were significantly
more anxious (p < 0.01) during Stress Induction period (M = 37.08, SD = 11.77) of the experiment compared to
the baseline values (M = 30.71, SD = 6.37). Furthermore, participants reported feeling significantly less anxious
(p < 0.01) during Post-stress Recovery period (M = 31.79, SD = 8.64) when compared to Stress Induction period.
The mean values for self-reported anxiety levels are presented in Figure 4.

Fig. 4. Self-Reported Anxiety Mean Values (95% CI)

From the sensor data and self-reported anxiety values we can conclude that the study protocol performed as
intended in terms of inducing stress in participants.

4.2

Target Acquisition Task

We measured the target acquisition performance in terms of target acquisition time (ms), offset (px) between
the target centre and the touch point, and effective throughput3 . First, we applied a one-way repeated measures
ANOVA to investigate the effect of stress on target acquisition time. The result showed a statistically significant
3A

measure of human performance in completing target selection tasks that describes the relationship between the difficulty of the task and
target acquisition time [28]
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effect of stress on time taken to hit a target (F (2, 24) = 17.05, p < 0.01). Post-hoc comparisons using the Tukey
HSD test (with Bonferroni corrections) indicate that participants take significantly less time to tap a circle in Stress
Induction (M = 534.77, SD = 124.43, p < 0.01) and Post-stress recovery periods (M = 520.18, SD = 126.52, p <
0.01) as compared to the baseline (M = 538.68, SD = 127.58). However, we found no statistically significant
difference between time taken to hit a circle between Stress Induction and Post-stress Recovery periods. Mean
target acquisition time values are presented in Figure 5.

Fig. 5. Mean Target Acquisition Time (95% CI)

Then, we investigated the effect of stress on the touch accuracy during target acquisition. A one-way repeated
measures ANOVA showed a statistically significant effect of stress on the offset size (F (2, 24) = 20.11, p < 0.01).
Post-hoc comparisons using the Tukey HSD test (with Bonferroni corrections) indicate that touch offset size
is significantly larger in Stress Induction (M = 49.14, SD = 25.94, p < 0.01) and Post-stress Recovery periods
(M = 50.20, SD = 26.51, p < 0.01) as compared to the Baseline value of the offset size (M = 46.47, SD = 25.57).
However, we found no statistically significant difference in offset size between Stress induction and Post-stress
Recovery measurements (p > 0.05). Mean offset size values are visualised in Figure 6.

Fig. 6. Mean Offset Size (95% CI)

Finally, we studied the effect of stress on effective throughput. Effective throughput was calculated as suggested
by Soukoreff and MacKenzie [53]. A one-way repeated measures ANOVA did not show a statistically significant
effect of stress on the effective throughput during target acquisition tasks (p > 0.05).
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Visual Search Task

We measured the performance during the visual search task in terms of the time taken to memorise the target icon,
and the time taken to find the target icon. A one-way repeated measures ANOVA showed a statistically significant
effect of stress on the time taken to memorise an icon (F (2, 24) = 31.77, p < 0.01). Post-hoc comparisons using
the Tukey HSD test (with Bonferroni corrections) indicated that participants take less time to memorise an icon
in Stress Induction (M = 714.52, SD = 229.27, p < 0.01) and Post-stress Recovery periods (M = 702.31, SD =
200.85, p < 0.01) when compared to the baseline measurement (M = 800.51, SD = 331.15). However, we found
no statistically significant difference in the time taken to memorise an icon between the values measured during
Stress Induction and Post-stress Recovery (p > 0.05). Mean values for time taken to memorise an icon are
visualised in Figure 7.

Fig. 7. Mean Time to Memorise an Icon (95% CI)

Then, we conducted a one-way repeated measures ANOVA to investigate the effect of stress on time taken
to find a target. The results of the test did not show a statistically significant effect of stress on visual search
time (p > 0.05). Finally, we investigated the effect of stress on the number of errors during visual search tasks. A
one-way repeated measures ANOVA did not show an effect of stress on the number of errors.

4.4

Text Entry Task

We measured text entry performance in terms of character entry rate, number of total errors, and total error rate
as suggested by Soukoreff and MacKenzie [53]. Character entry rate was calculated as the time taken to enter a
character, while number of total errors was calculated as the sum of uncorrected and corrected errors. Finally,
total error rate was the ratio between the number of total errors and total entered characters. We conducted a
one-way repeated measures ANOVA to investigate the effect of stress on time per character entry. The results
did not reveal a statistically significant effect of stress on time per character entry (p = 0.056), with participants
tending to take less time per character entry after post-stress recovery time. Furthermore, a one-way repeated
measures ANOVA did not show a statistically significant effect of stress on the number of total errors (p > 0.05),
nor on total error rate (p > 0.05).
As we presented our participants with two types of texts: easy and difficult, we conducted a two-way repeated
measures ANOVA, accounting for the effect of difficulty and stress on the number of total errors and total error
rate. We did not consider this difference for the character entry rate, as this is already accounted for with text
difficulty. The results of the ANOVA showed a statistically significant effect of the difficulty of the text on the
number of total errors (F (1, 24) = 34.22, p < 0.01). However, we did not find an interaction effect between
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the difficulty of the text and stress (p > 0.05). Finally, a two-way repeated measures ANOVA did not show a
statistically significant effect of the difficulty of the text on the total error rate (p > 0.01).

4.5

Interviews

To familiarise ourselves with the data collected during the semi-structured interviews, we read through each
response and analysed it using the following process. One researcher printed participant responses and completed
initial coding, utilising a data-driven approach based on our aforementioned results. Then, three researchers
compared the initial codes and merged these according to their similarity (e.g., “I rushed the task” and “I got
progressively slower” merged to “Task completion time”). The three researchers then independently coded participants’ responses for each question as based on the initial codebook. We reviewed the final coding to identify
similarities that allowed thematic grouping. The main themes are described below.
4.5.1 Psychological Effects of Stress on Perceived Performance. The majority of the participants (N = 19) stated
that stress affected their behaviour. For instance, participants ended up rushing through the tasks when stressed.
Rushing the tasks affected their performance in terms of accuracy during target acquisition tasks. Example quotes
are: “I was more annoyed and just wanted to get the tasks done, so I rushed” (P13), “I think because I rushed the
task I got less accurate” (P17), “When I’m stressed I get adrenaline, and tap faster, but when I make a mistake I go
slower, but still not very accurate” (P14). These findings are in line with our quantitative data, that showed that
participants took significantly less time to tap circles when they were stressed as well as they were less accurate.
Participants also reported that stress had an effect on their ability to concentrate and focus. However, the
comments regarding concentration were not unanimous. While some participants (N = 8) claimed that stress
impaired their concentration, others claimed that stress sharpened their focus (N = 5). This concords with the fact
that, for some participants their perceived performance during visual search and text entry tasks was improved,
for example, “I felt I messed up during first few trials as I wasn’t paying attention, but stress made me focus better”
(P07), “After speech I couldn’t concentrate” (P20). While for others, their perceived performance deteriorated: “I
forgot the icons as I was stressed” (P04), “I was thinking about the icons, focused on them, but after the arithmetic
task I wasn’t focused on the icon, and 60% of the time i just pressed continue and was thinking what was the icon I
needed to find” (P17), “After presentation I couldn’t focus, when I was doing the icons task I was thinking about my
presentation and it took longer time to focus on the icon” (P18).
4.5.2 Physical Effect of Stress on Perceived Performance. We found that stress affected participants not only
psychologically, but also physically. Several participants (N = 5) claimed that stress had a physical effect on them.
All of these participants reported that they felt jittery under stress, and as a result they were less accurate when
completing target acquisition tasks. We recorded the following quotes from our participants: “I was more jittery
after the speech, my fingers were more shaky” (P09), “My fingers were shivering, especially after the presentation.
My head was cloudy, and I was not focused” (P14). These findings are in line with our quantitative results, which
show that participants are less accurate in target acquisition task when they are stressed.
4.5.3 Self-Reflection. We also found that several participants reflected on their performance in the speech and
arithmetic tasks. This self-reflection was mostly performed during the final part of the study when participants
were left alone in the desensitisation room for a post-stress recovery period. While some participants (N = 7)
expressed their concerns regarding their performance during the arithmetic task: “I was thinking that I could have
done better in the arithmetic task”, others (N = 7) reflected on their performance during the speech task: “I was
thinking how bad I did in the presentation” (P16). These comments indicate that even after the stress-inducing
tasks during post-stress recovery period, participants were still preoccupied with their performance.
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Table 1. Comparison of the Effects of Situational Impairments against Respective Baseline.
Baseline

Situational Impairments
Noise
Speech
Speech
Outdoor Meaningful Meaningless

Warm

Silent

No stress

Cold

Music
Fast

Music
Slow

Noise
Indoor

Stress

Post-Stress
Recovery

Time to tap
a circle, ms

593.00

591.84

538.68

603.00
+ 1.7%

577.76
- 2.4%

574.15
- 3.0%

583.56
- 1.4%

573.56
- 3.1%

592.81
+ 0.2%

609.38
+ 3.0%

534.77
- 0.7%

520.18
- 3.4%

Offset
size, px

41.34

39.38

46.47

42.66
+ 3.1%

42.95
+9.1%

42.11
+ 6.9%

41.06
+ 4.3%

40.91
+ 3.9%

42.90
+ 8.9%

39.47
+ 0.3%

49.14
+ 5.7%

50.20
+ 8.0%

Time to
memorise
an icon, ms

815.00

748.76

800.51

854.00
+ 4.8%

737.71
- 1.5%

745.15
- 0.5%

712.11
- 4.9%

743.56
- 0.7%

753.20
+ 0.6%

738.90
- 1.3%

714.52
- 4.6%

702.31
- 12.3%

Time to
find an
icon, ms

1632.24 1587.74

1602.45

1942.46 1564.70
+ 19.0% - 1.4%

1753.19
+ 10.4%

1543.12
- 2.8%

1633.15
+ 2.9%

1637.54
+ 3.1%

1520.99
- 4.2%

1496.50
- 6.6%

1506.38
- 6.0%

Character
entry rate,
ms/char

n/a

454.39

560.88

n/a

488.11
+ 7.4%

485.14
+ 6.8%

480.96
+ 5.8%

523.89
+ 15.3%

539.82
+ 18.8%

508.99
+ 12.0%

547.16
- 2.4%

495.83
- 11.6%

Total error
rate, %

n/a

7.54

7.46

n/a

7.45
- 1.2%

7.38
- 2.1%

8.54
+ 13.3%

8.22
+ 9.0%

7.09
- 6.0%

7.07
- 6.2%

10.50
+ 40.8%

9.40
+ 26.0%

Mean values per condition, relative change in % as compared to baseline.
Colour code explanation: Blue – findings of study on ambient temperature [42].
Yellow – findings of study on ambient noise [44]. Gray – findings of this study.

4.6

Comparison between Situational Impairments

In this section, we compare stress-, cold- and noise-induced situational impairments. This comparison allows us
to increase our understanding on the impact of different situational impairments, thus contributing towards this
growing research agenda.
We present the mean values for the following variables in Table 1: time taken to tap a circle, size of the offset,
time taken to memorise an icon, time taken to find an icon, character entry rate, and total error rate in typing. The
last two variables are not available for the cold-induced situational impairments, as the authors did not quantify
performance during the text entry task under cold ambience [42]. Furthermore, we calculate the magnitude of
the impact of each situational impairment, when compared to their respective baseline (as a percentage). Given
these calculations and the fact that the experimental tasks were identical between the three studies, we are
able to directly compare magnitudes of the effects of each factor causing situational impairments (stress, cold
ambience [42], ambient noise [44]).
From the table, we observe that when it comes to hitting buttons and icons on the screen (target acquisition)
stress has a more detrimental effect than other situational impairments, even than cold. In fact, our results show
that during post-stress recovery, participants are less accurate at hitting targets than when they are exposed
to cold ambience. Further, stress affected participants differently when compared to noise: character entry rate
dropped by −11.6% and total error rate increased by +26.0%.
Interestingly, however, in Table 1 we see although stress is detrimental to target acquisition, its effect is not as
acute as the one of music with fast tempo (+9.1%), and meaningful speech (+8.9%). Nevertheless, we can conclude
that the effect of stress is the greatest on memorising time (−12.3%) compared to cold or ambient noise.
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DISCUSSION

Our findings suggest that even though we do not find a significant effect of stress on throughput in the target
acquisition task, it does lead participants to favour speed to the detriment of accuracy. We also show that under
stress our participants are quicker to memorise an icon during the visual search task. However, our results do not
reveal a significant effect of stress on the text entry task. Below we discuss our findings with regard to existing
work. We then discuss the benefits and potential future contributions of this research to the HCI community.

5.1

Effects of Stress on Interaction

Our results show that the target acquisition time and memorising time are significantly shorter when participants
tap circles and complete visual search tasks after the post-stress recovery period. Our findings are in line with
prior literature, which shows that people tend to rush and require significantly less time to complete tasks when
stressed [33]. Moreover, our participants confirm this behaviour during the interview sessions. They mention
that stress caused them anxiety and discomfort, and, hence they rushed through the tasks. Furthermore, the
participants report that stress affected their concentration and focus. As a result, they did not pay attention to the
icon shown during the visual search task. Instead, they proceeded to the next screen for the sake of completing
the task.
Additionally, our results show that stress causes our participants to be less accurate when performing target
acquisition tasks. This result also reflects prior literature, which shows that people tend to have higher error rates
in completing tasks when stressed [33]. Interestingly, this is also the case in the post-stress recovery measurements.
During our interviews the participants claimed that they spent this post-stress recovery period self-reflecting on
the tasks, which kept them stressed throughout the recovery period. Consequently, their performance during
mobile interaction was negatively affected. Our findings are in line with literature [20], as the authors of the
TSST report a high cortisol level in participants during the post-stress recovery period.
Nevertheless, our findings do not show a statistically significant effect of stress on effective throughput in the
target acquisition task. This result is in line with prior findings by MacKenzie and Isokoski, where they show that
throughput remains constant when target acquisition time and accuracy drop during tapping tasks [28]. This can
be explained by the fact that throughput accounts for both speed and accuracy and as these two variables change
in opposite directions, throughput does not significantly change [28]. However, we note that while throughput
remained relatively constant in this scenario, this is likely not to be the case when a stressed user interacts with a
real-world application that has a cost associated with errors.
Furthermore, our results show that text difficulty had a larger effect on performance during the text entry task
than participant stress levels. Regarding the text entry task several participants (N = 9) report that they made
comparatively more errors after they experienced stress. While our quantitative results show a tendency towards
this being the case, this effect was not statistically significant.

5.2

Contrasting Situational Impairments

Previous work has highlighted the importance of accumulating knowledge within different areas of HCI for the
formation of paramount research themes [24, 25]. Here, we contribute towards this notion by contrasting the
magnitudes of the effects of different situational impairments on mobile interaction.
Previous work, utilising the same tasks reported in this study, has shown that text entry rate is significantly
affected by ambient noise, particularly when considering meaningful speech (speech in a language the participant
understands) [44]. However, in our study, participants’ performance during text entry (in terms of character entry
rate) was not significantly affected by stress, suggesting that stress has a smaller effect on participants’ ability to
perform text entry compared to meaningful speech. This is not surprising given the nature of the text entry task.
Meaningful speech is particularly disruptive when a person is thinking about what they should say or write [30].
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Furthermore, in Table 1 we can see that the effect of cold ambience on the target access time was opposite to the
one of stress. To be precise, target acquisition time was longer in cold environment [42]; however, it was shorter
during the post-stress recovery period (as compared to the relative baselines). This can be explained by the nature
of the environment, as cold ambience decreases manual dexterity [60], and hence, increases the completion time
for the tasks involving fine-motor manipulations [66]. Whereas, stress is known to increase anxiety [23], thus
leading people to rush to complete the tasks [33]. This effect was also highlighted in our qualitative data; and
is applicable not only for tasks requiring fine-motor skills, but also for visual search tasks. For example, our
participants spent less time on memorising and searching for icons, as compared to the participants from the
study presented in [42], where they took longer time both to memorise and find icons. Interestingly, cold-, noise-,
and stress-induced situational impairments have a roughly comparable adverse effect on the tapping accuracy.
This can be explained by the nature of the task, as both external and internal factors affect accuracy in only one
direction – negative. The only difference is the magnitude of the effect, shown in detail in Table 1.

5.3

Implications for Research and Design

Previous research has emphasised the importance of understanding the effects of situational impairments on
mobile interaction, as it further enables the construction of sensing mechanisms to detect situational impairments
and, thus, adapt the interface accordingly [43]. Our study shows that stress can impair mobile interaction, and,
hence, this information can be used to adapt the interface to accommodate such impairments. For instance, to
mitigate the effects of stress-induced situational impairments on target acquisition tasks, it is possible to increase
target sizes or use techniques proposed in the literature to improve input accuracy, such as GraspZoom [34]
and Fat Thumb [6]. GraspZoom allows zooming on a particular part of the screen with a long press using only
the thumb [34]. Fat Thumb includes only two interaction gesture modes: panning and zooming, with gesture
being defined by the contact size of the thumb [6]. We acknowledge that the effect size of stress on interaction
performance might not seem to be strong enough to impair the user experience in real world scenario. However,
we expect that when completing more complex tasks on a smartphone, the effect size would be more pronounced.
However, it is necessary to first detect stress before adaptation actually takes place. Wearable sensors have
successfully been leveraged for this purpose by measuring physiological measurements such as skin conductivity [50] and heart rate variability [56]. In our study we use HRV measured through a wearable device alongside
self-reports, to confirm that participants are indeed being affected by the TSST protocol. Beyond sensor data and
self-reports, previous work has shown that daily stress can also be inferred from smartphone usage, personality
traits, and weather data [5]. Moreover, the Intel Mobile Heart Health [36] prototype uses data from sources
such as mobile phone-based ecological momentary assessment and a small electrocardiograph sensor with an
accelerometer to detect changes in heart rate variability, activity, and mood. If individualised threshold values
are reached, the mobile phone delivers cognitive behavioural and mindfulness techniques designed to reduce
stress [36]. Within the literature on situational impairments, there are also several examples of sensor information
being used to detect certain contextual factors. For example, Goel et al. [11] used a smartphone’s accelerometer to
detect if the user is walking. Similarly, Sarsenbayeva et al. suggested using the smartphone’s battery temperature
to detect cold-induced situational impairments [45].
Ultimately, this detection should ideally be performed unobtrusively and without creating additional stress [14].
Unobtrusive and continuous stress detection would benefit mobile device users. For example, an individual
being aware of their exposure to stress, could change their behaviour to eliminate unnecessary stressors [14]. A
smartphone’s operating system that understands the user’s application usage behaviour [17, 58], and having
detected the user being stressed, could prevent unnecessary notifications or updates being presented [14], and
adapt the interface to minimise errors.
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Limitations

We acknowledge a number of limitations in our study. First, the study settings were strictly controlled. It is
possible that in a more naturalistic environment, participants can experience a stronger level of stress. However,
it was necessary to follow an established protocol to strictly control stress induction and avoid causing harm to
our participants. The types of smartphone tasks presented in this study were limited to target acquisition, visual
search, and text entry, whereas, in a naturalistic environment, users may perform more complex tasks, requiring
more cognitive demand [2]. Nevertheless, in this study we reported a statistically significant effect of stress on
basic smartphone tasks (e.g., target acquisition and visual search), which suggests that this effect would be more
pronounced when completing more complex tasks during mobile interaction. Furthermore, we did not find any
statistically significant effect of stress on text entry tasks. However, we acknowledge that stress might have an
impact on text entry performance with more complex sentences. Future research is needed to investigate this
assumption. Finally, we restricted our participants to only one interaction mode with the smartphone – using the
index finger. We argue that controlling the interaction mode was necessary to draw a fair comparison between
the effects of stress, ambient noise [44], and cold ambience [42].

6

CONCLUSION

In this work, we investigate the effects of stress on performance on three common mobile interaction tasks: target
acquisition, visual search, and text entry. We use the Trier Social Stress Test to induce stress on participants. Our
findings show that the target acquisition time and the time to memorise an icon become significantly shorter
during stress and post-stress recovery periods. We also show that stress deteriorates participants’ accuracy during
target acquisition tasks. These findings can be used to inform how interfaces should adapt to accommodate such
impairments.
We then compare the effects of cold-, noise-, and stress-induced situational impairments on performance
during mobile interaction. Our results show that the effect was more pronounced on target acquisition tasks in
terms of task completion time and accuracy. Our findings on the effects of stress on mobile interaction extend our
understanding of situational impairments. This knowledge is paramount to inform the development of adaptive
interfaces that accommodate such impairments.
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