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1 INTRODUCTION 
Retrospective think-aloud is a practical approach for evaluating user experience while avoiding interruptions 
in ongoing human-technology interaction. This can be done by postponing inquiries until actual interaction 
has ended. While retrospective inquiries are feasible to conduct, it has been argued that they may not provide 
valid accounts of emotional experiences that occurred during actual interaction (see e.g. [22,24] for 
elaborated discussions). This particularly pertains to assessing emotions, which is a central dimension in 
understanding user experience and interaction design [6,42].  Our research study is distinct from the work on 
retrospective think aloud (RTA) [47,52] by investigating the phenomenon at a deeper level. While RTA, as 
compared with its concurrent think aloud (CTA), was shown to produce comparable or even better results, 
there is a lack of explanatory insight. RTA focuses only on external verbalizations while ignoring underlying 
psycho-physiological processes. Grounded in the traditional usability paradigm, RTA typically addresses the 
cognitive rather than the emotional aspect of human-technology interaction.  Our work attempts to fill these 
gaps by analyzing the relation between actual interaction and recall through the lens of emotions with 
physiological and self-reported data. This is not trivial due to the  fleeting nature of emotions [100], which 
makes data collection challenging and essentially requires such data to be gathered in real time during actual 
interaction [24]. This is due to the gap between what we actually experience and what we can freely recall, 
an effect often referred to as the “memory experience gap” or “peak-end effect” [57,77,90].  

Yet, emotional data on user experiences have typically been gathered on the basis of study participants 
having to freely recall their experiences. Within HCI studies, emotional data have largely been gathered by 
administering questionnaires such as the Self-Assessment-Manikin (SAM) [6]. Such recall-based subjective 
measures have increasingly been complemented by their real-time objective counterparts, namely 
psychophysiological measures gathered through, e.g. Galvanic Skin Response (GSR), Heart Rate (HR) or 
other sensors [22,25,44,72,73,74,103]. In experimental design, SAM is typically filled in by participants 
during natural breaks in the interaction flow, e.g. after completing a task [49,71] (Section 2.4). This provides 
more accurate reflections of emotions as compared to gathering SAM ratings at the very end of a study, 
given the memory-experience gap. This contrast at least holds true given that participants have to rely on free 
recall when expressing their emotional accounts for an interaction design. 

As an alternative to free recall Omodei and McLennan suggested the Cued-Recall Debriefing (CRD) 
method  in 1994. CRD was developed as a way of re-immersing participants into previous events through 
video cues with the aim of enabling them to better recall their emotional experiences [83]. More recently, 
CRD has been applied in HCI studies where participants have interacted with a system while wearing 
psychophysiological sensors that capture objective emotional data in real time. To represent cues, video data 
of their system interaction were also recorded [9,22,24]. Other types of cues such as screenshots and 
contextual cues (photos, location, nearby Bluetooth-enabled devices, usage logs etc.) have also been used for 
similar purposes (cf. [26,59,93,105]). Overall, it is argued that successful re-immersion through, say, video 
cues, whether it is the entire recording in our empirical research (Section 3) or selected clips like in [13], can 
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enable study participants to re-experience emotions similar to when the original event took place [83]. Some 
work in the domain of HCI has recently been conducted to verify this claim [9,22,25]. In this study we 
extend previous work by further scrutinizing the robustness of the CRD method for use in HCI. This deeper 
understanding of the validity of CRD is relevant as the method has potential in complementing established 
ethnographic approaches used to study phenomena in the wild. Rogers and Marshall [81] suggest the use of 
psychophysiological data when conducting such studies as it enables continuous data gathering on emotional 
experiences.  

Overall, the main research objective driving this study is to examine the robustness of Cued-Recall 
Debriefing in terms of re-immersing participants to a level where emotional responses are comparable to 
those experienced during actual interaction. We operationalize the robustness in terms of the similarity of 
objective and subjective emotional responses measured during and after actual interaction with a system, i.e. 
if the emotional experiences between actual interaction and cued-recall are comparable, we consider CRD to 
be robust. To this end we applied physiological sensors measuring Galvanic Skin Response (GSR) and heart 
rate (HR) as well as subjective SAM ratings. Computing correlations between these data would enable us to 
gain further insights into the relationship between objective and subjective user experience measures. 

As a retrospective approach, CRD is susceptible to memory decay that can lead to inaccurate recall of 
associated emotions. This inaccuracy can be more severe when the time gap between the actual interaction 
and CRD session is 30 minutes or longer [31,106] since other activities interfere with the memory of 
interaction experiences. However, the time gap is not the only factor influencing our ability to recall and re-
immerse into past events. Previous studies have shown that the emotions we are currently experiencing 
influence how environments are perceived. The review paper by Zadra and Clore [108] highlights that fear 
for instance can influence low-level visual processes and sadness may change our susceptibility to visual 
illusions. The perceived incline of a hill as well as distance from a balcony to the ground are also influenced 
by emotional states. In relation to HCI, there are also indicators of particular emotional states influencing 
physical movement of, say, a mouse pointer, although different experiments provide varying findings on this 
[110]. Thus, emotions that arise between actual interaction and when entering a cued-recall debriefing 
session may also influence our ability to re-immerse into past events with comparable experiences. 

Consequently, we investigate how the robustness of CRD can be influenced by two factors:  intervening 
time and intervening affect. In terms of duration of intervening time, studies of the peak-end effect within 
psychology have shown the varied effects of different temporal gaps between emotions experienced and 
emotions recalled after the fact [57,91]; this finding has also been observed in HCI studies of interactive user 
experiences ( cf. [24]). In relation to CRD, we examine the level of correlation between emotions 
experienced during actual interaction and those during cued recall with different lengths of intervening time 
between these two phases.  

To further evaluate the robustness of CRD, we utilized affect priming to induce particular emotional 
states in participants towards the end of the intervening time period, i.e. after the actual interaction and prior 
to the cued recall session. The above arguments lead us to formulate the following two research questions 
(RQs): 

RQ1: To what extent does intervening time impact correlations between emotional responses measured 
during actual interaction and those during cued recall? 

RQ2: To what extent does intervening affect impact correlations between emotional responses measured 
during actual interaction and those during cued recall? 

To address these RQs, we conducted two empirical studies with different instantiations of the two factors, 
with the intervening time ranging from 0 hour up to 24 hours and the intervening affect from negative-
valence-low-arousal to positive-valence-high-arousal (Section 3). Altogether 100 participants from two 
countries (39 from Denmark and 61 from the UK) were involved, and valid sensor-based data from 81 of 
them were analysed (Section 3.4). Note that the involvement of the two experimental sites was to 
demonstrate the replicability of the methodological framework (with slight modifications) in different 
contexts, but without any intention of drawing any cross-country comparisons.  

Overall, the main contribution of this paper is threefold: 
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 Demonstrating the robustness of the Cued-Recall Debriefing method against the intervening time 
and intervening affect 

 Proposing the methodological framework for understanding the role of memory-experience gap in 
UX evaluation; 

 Providing further empirical data for evaluating the relationship between subjective and objective 
emotional measures of user experience. 

Subsequently, we outline related work in Section 2, followed by a detailed description of our 
experimental study design in Section 3. Next, we report on empirical results in Section 4, which are further 
discussed in Section 5. Finally, we reflect on the limitations of our work and draw conclusions, including our 
future work, in Section 6. 

2 RELATED WORK 
In this section, we present our reviews on four strands of existing work relevant to our study. Although 

our study specifically emphasizes the key UX dimension of emotions, it is related to a strand of well-
established work dealing with usability evaluation methods, including Retrospective Think-Aloud (RTA). 
The three other strands are related to research focusing on CRD, emotion and memory as well as self-
reporting of emotions.  Note that CRD (Section 2.2) is essentially a type of TA method, and, more 
specifically, a variant of RTA (Section 2.1).  CRD, as the name implies, is characterized by utilizing cues to 
support participants in recalling past events. Variations of CRD are defined by the type of cue (e.g. selected 
video clips vs. whole video) and the length of time gap (cf. no gap), which is related to memory biases 
(Section 2.3).  Typically, for user-based studies, apart from TA, other sources of data relevant for our study 
are collected to triangulate findings, e.g. psychophysiological data and self-reported emotional responses 
(Section 2.4). 

2.1  Think-Aloud (TA) Methods; Concurrent vs. Retrospective 
Since think-aloud (TA) methods were introduced to the field of HCI in the early 1980s [67], they have 

become de facto standards for usability testing [14,51,80].  In the span of 40 years, variants of the original 
TA [39] have been developed, which fall into two major types: concurrent (CTA) and retrospective (RTA).  
In case of CTA participants are asked to verbalize their thoughts when interacting with a system to complete 
given tasks whereas in case of RTA participants are asked to first perform the tasks in silence and then make 
a verbal report on the interaction, typically immediately but reporting can also be delayed by hours or even 
days.  

Both CTA and RTA have their respective strengths and limitations. The main argument for CTA is that 
real-time verbalizations reflect truly cognitive processes underlying the actual interaction with the system 
under evaluation. However, arguments against CTA are that it can be unnatural or even uncomfortable for 
participants to verbalize, especially when the task concerned is cognitively demanding, and that it can alter 
participants’ thought processes, interfere with the primary task and thus undermine the validity of the verbal 
data (cf. the notion of reactivity, [96]). In contrast, RTA is recognized for providing deeper insights into the 
reasons behind behavioral and emotional responses to the interaction. Drawbacks, however, are that RTA is 
prone to memory biases, omission (forgetting) and commission (fabrication) (cf. the notion of non-
veridicality, [96]) and that RTA prolongs a study session.   

To facilitate recall in RTA, cues are normally used, but it can also be unaided (i.e. uncued free recall). 
RTA is also known as “retrospective debriefing” [107], “cued retrospective reporting” [45], “Think Afters” 
[20], “cued recall debrief” (CRD) [22] (Section 2.2), and some other terms. Cues can range from a plain 
screen video of actual interaction to an augmented screen video overlaid with gaze scanpaths. Indeed, built 
upon the pioneering work of Russo [97], eye-fixations have increasingly been used as cues to stimulate recall 
[45,54,99]. In Study 2 of our research (Section 3.3) we have adopted this promising approach.  

In the context of usability evaluation quite a few studies have been conducted to compare CTA and RTA 
in terms of quantitative and qualitative outcomes such as number and severity of usability problems (UPs), 
task performance, and subjective perception of test session (e.g., mental load, comfort). A survey of the 
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related work (Appendix A), albeit not exhaustive, suggests that the relative cost-effectiveness of the two TA 
methods remained inconclusive. Despite Ericsson and Simon’s [40] theoretical defense against reactivity 
engendered by CTA, their stance has been challenged by empirical evidence cumulated over years 
[46,54,85], though counter results did exist [2].  On the contrary, the pessimistic view of RTA expressed by 
Ericsson and Simon [40] has also been queried. While some degree of non-veridicality has been identified, it 
could be mitigated with the use of powerful cues such as increasingly accessible gaze scanpaths.  

Overall, the benefits of mitigating reactivity and gaining deeper insights into usability issues can well 
justify the broader use of RTA, especially for cognitively and emotionally intensive tasks such as games.  

The above review indicates that think-aloud methods have evolved into different types in the last four 
decades. Fig. 1 illustrates the major types. The red texted types are variants of CRD, which we elaborate in 
the subsequent section.  Selected Cues are typically video clips with points of interest extracted from a full 
recording, which is used for the case of Whole Cues. 

 

Fig. 1. The classification of different think-aloud methods. (NB: the term “moderated” is built upon [51], but 
the role of a moderator is not only to issue prompts to remind a participant to think aloud but also to inquire a 

participant to comment on points of interest). 

2.2 Cued-Recall Debriefing (CRD) 
Cued-Recall Debriefing is an evaluation method that attempts to re-immerse participants into past 
experiences. CRD is a situated recall method based on the work of Omodei and McLennan [83], who 
challenged the intrusive and disruptive nature of known techniques, such as think-aloud and task 
interruption, for studying individuals’ decision making. Omodei and McLennan made use of head mounted 
cameras to achieve this in a field study of firefighters [83]. They used the recordings as cues during a 
debriefing session, which was performed within 60 minutes after completing the firefighting drills. In 
Omodei and McLennan’s work it is relevant to notice the importance of showing data with a first-person 
perspective. This explains why the participants wore head-mounted cameras while also having audio 
recordings of footfall, breathing, and spontaneous vocalization. This is needed in order to increase the level 
of re-immersion [83]. In practice CRD is conducted by showing the recordings to participants while they 
communicate with a facilitator or moderator, such as by thinking aloud and answering or rating questions. 

CRD has also been used with screen-recording and eye-tracking as cues (e.g. [45]), where it was 
compared to think-aloud and free recall. In that study a set of circuit board problems were presented in a 
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software application, which participants had to solve. Samples were taken in the form of the participants’ 
speaking, using a code system that captured different aspects of the problem-solving process. It was found 
that free recall captured less actions and considerations than CRD, which in turn captured less than think-
aloud [45]. Information about intervening events during time delays between the actual interaction sequence 
and CRD was not specified. 

An example of CRD used with a long delay is Russell and Oren [93]. They logged 8 participants’ 
browser search sessions (screenshots) for more than 6 days. After the logging, they would select three search 
sessions from day 2, 4, and 6. The participants would then be shown a cue in the form of a screenshot and 
asked about what happened next and were asked to answer if they were “reasonably confident”. If they were 
unable to recall, the next screenshot from the same search would be shown until the test participants recalled 
correctly. The participants were able to accurately recall searches from two days ago. The amount of cues 
needed to recall confidently increased as the number of days between the searches and the recall session 
increased. This indicates that, while the CRD was successful, it may still be subjected to the undesirable 
effects of memory biases. 

The validity of CRD has been tested by Bentley et al. [9], by examining whether or not CRD could 
successfully elicit ‘true’ affective information. They had ten participants play through two game sessions, 
both immediately followed by CRD. Heart Rate (HR), skin perfusion, and breathing rate were recorded 
during game play and used to confirm the validity of the comments elicited through CRD, giving more 
representative results. During the debrief session, they identified positive and negative affective experiences, 
which they found to be visible in the physiological patterns as significant increases in HR and skin perfusion 
variability. Neutral affect experiences did not show any changes. Bentley et al. [9] also mentioned that 
physiological measurements in combination with CRD enabled identification of uncommented affective 
responses. Such measurements can be used as cues to improve the debrief data collection by prompting 
participants to retrieve information about what happened at particular points of interest (e.g. spikes or 
troughs of a waveform). 

Psychophysiological measurements were also used in a more recent study by Bruun and Ahm [24], who 
raised concern about the reliability of assessing the emotional dimension of UX retrospectively. For their 
experiment two versions of a system were created, one with seeded usability problems and one without. 
While interacting with the system, GSR measurements were collected to find points of interest in the video 
recordings, which were used as cues for CRD. Immediately after interaction the test participants were asked 
to rate their overall emotional state using SAM [24].  The output of the GSR sensor was presented as curves 
with peaks indicating aroused emotional states during actual interaction, which were related to the interactive 
experiences of the participants.  In CRD the researchers identified peaks in the GSR data and played back the 
associated video clips (cues) to participants, who were asked to comment on the clips and rate their 
recollected emotions using SAM.   Comparing the ratings from the overall emotional state with the averaged 
CRD ratings, they found significant differences in ratings in the seeded version, but not so in the unseeded 
version. This also confirms the peak-end rule in that the negative experience created a larger difference in 
ratings than the positive. This is in line with [7], which also found indications of a larger memory-experience 
gap when experiencing negative stimuli compared to positive stimuli. 

2.3  Bi-Directional Relation of Emotions and Memory 
Studies in psychology have dealt with the relationship between emotions and memory encoding and 
decoding. Studies have shown that emotionally exciting experiences with high levels of arousal enhance 
vividness of memories [79]. The study by Ochsner [81] showed that arousing emotional experiences, 
particularly of negative valence, were more prevalent in memory than experiences of positive valence and 
lower arousal levels. Thus, emotions impact memory encoding.  

The memory decoding process is also critical for our study, since cued-recall debriefing is a retrospective 
method for eliciting emotions, which are related to prior interaction experiences. These cues are given 
through video clips with the guiding principle that participants can be re-immersed to an extent where they 
re-experience similar emotions as they did during actual interaction. While emotions impact encoding, 
decoding from memory can conversely lead to emotional reactions. Buchanan [27] suggested that exposure 
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to reminders of emotional events elicits brain activity similar to that taking place during the original event. 
Retrieving an emotional event from memory may occur through exposure to specific and complete 
reminders, but also through partial reminders initiating memory decoding processes. Studies from neurology 
have shown that cued-recall activates the amygdala and the medial pre-frontal cortex in ways very similar to 
the activation seen during the original exposure of an emotional event [27].  The notion that affective 
experiences can serve as cues for memory decoding also forms the basis of affect priming theory [15,27]. 
Researchers in psychology have applied affect priming to successfully induce emotional states in 
participants. Affect priming has been widely used as a regulatory mechanism where researchers have utilized 
cues on for instance autobiographical events such as “when I got married” [79]. Specific event cues such as 
“my math exam”, in contrast to more generic events, lead to relatively higher emotional intensities once 
recollected [86].  

An aspect to consider is that partial cues are more common than specific and complete reminders [27]. 
This is critical for our present study on measuring correlations between emotions experienced during original 
exposure to events and emotions experienced during cued-recall debriefing. In using CRD we should expect 
participants to elicit emotional reactions while viewing video cues before specific reminders occur, i.e. even 
before seeing the entirety of specific events that led to emotional reactions. As an example, participants 
viewing their own interactions in retrospect would retrieve memories of particular experiences moments 
before the specific events actually show up in the video cues. This also explains the displacement between 
the GSR graphs in [22] where the responses in  original exposure were compared to those during recall. The 
study in [22] adopted a similar approach as this current study in validating the CRD method for use in HCI. 
In [22], these GSR graphs had similar patterns, yet displaced in time. Thus, while receiving cues from the 
original experience, participants may either: (a) Through partial cues anticipate what is about to happen in 
the clip (e.g. when pressing a particular button and the system crashes) or (b) Not anticipating what 
happened, but remembering the episode once the cue is specific and complete.  Case (a) should be more 
common to observe than (b) [27], and will lead to premature emotional responses since participants 
remember what is about to happen.  

A key point here is that we should not expect graphs of physiological signals obtained through actual 
interaction (original exposure) and retrospective viewing (cued-recall) to be directly comparable on the exact 
same temporal axis. Rather, in considering correlations, there is a need for calibrating the temporal axes by 
shifting the axes in order to obtain a firmer basis for comparison. In this respect it is of course also relevant 
to examine the level of axis shifting necessary to obtain optimal correlations between graphs. 

Furthermore, Murray and colleagues mention that more research is needed in order to examine the 
effectiveness of cued-recall in inducing emotional reactions [79]. That position is supported by Smith et al. 
[104] stating the retrieval of emotional memories is studied to a limited extent. 

2.4  Self-reported Emotional Measurement 
In the field of HCI, measuring emotions with psychophysiological data has a relatively shorter history than 
measuring emotions with self-reported scales. The former is typically referred to as an objective approach 
whereas the latter as a subjective one. Methodologically, it is always advisable to employ both approaches in 
research studies to triangulate empirical findings and thus strengthen the conclusions to be drawn.  
Nonetheless, it is not uncommon that objective and subjective emotional measures are not significantly 
correlated [13]. This may be related to the fact that the number of data points captured by different sensors 
continuously is much larger than that self-reported by participants, whose user experience would be 
undesirably disrupted when their interaction with a digital artefact was interrupted too often to report on their 
emotions. 

While such a contrast in the number of data points is a measurement issue, the more fundamental 
conceptual issue is the intricate relationship between the psychological and physiological domains [29].   
According to [29], a formal specification of psychological elements as a function of physiological elements 
is only possible in two types of relations: one-to-one and many-to-one.  Whereas one-to-one relations are 
intuitive and neat to analyse, they are rare and hard to prove, because there can be other psychological 
elements apart from the one of interest (e.g. arousal) that lead to the same physiological response (e.g. 
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increase in skin conductance). Hence, many-to-one relations are more probable. However, [29] state that we 
cannot assure whether a physiological response is a marker of a psychological state or a concomitant (or 
invariant) of that state, even though associated changes between the two are observed.  This line of reasoning 
can explicate some of the relationships between the two types of measures as reported in the related studies 
(e.g. [21,65,98]), because participants may respond physiologically to an experience that is not assessed with 
a specific psychological instrument such as a questionnaire (e.g., Self-Assessment Manikin [17]). 
Nonetheless, in acknowledging the high complexity of specifying functional mappings between the two 
domains, the current conceptualizations of their logical relations [29], while entailing further empirical 
evidence, lay a strong foundation for psychophysiological inferences about behavioural processes. 

Furthermore, an ongoing debate in emotion research is whether to conceptualize and measure emotions as 
distinct states (categories) or relative points along certain dimensions.  According to the distinct-state 
approach, each emotion should be examined as unique [55].  For instance, using Scherer’s  [100] component 
model of emotion, fear – one of the so-called basic emotions [36] - is associated with a distinct pattern of 
cognitive appraisal, experiential quality, physiological response, motor expression and behaviour tendency. 
The major issue lies with the distinct-state approach is that there are obvious overlaps and resemblances 
across states. The dimensional approach is the alternative, which involves identifying basic dimensions that 
account for the similarities and differences among emotional states. This approach was rooted in the work of 
Wundt from 1912 (cited in [35]), which was further explored by Osgood in the 1950s. Accordingly, three 
orthogonal dimensions were identified, including (a) evaluative or valence (pleasure – displeasure); (b) 
potency (dominance or control); (c) activity or arousal or activation.  Osgood’s three-dimensional model 
evolved into Semantic Differential Measures of Emotional States [94,95] and Self-Assessment Manikin 
(SAM) [18].  Subsequently, Russell argued to drop the dimension of dominance, which should be considered 
as antecedent or consequent of emotion rather than an emotion per se. However, some researchers even 
argued for the fourth dimension (i.e. predictability; [41]).  While the two dimensions of valence and arousal 
structure proved robust and reliable in general, there remain some terminological confusions as different 
researchers refer to the same constructs with different terms (cf. the review in [35]. 

SAM is a widely used pictorial tool for measuring emotions in HCI (Fig. 2).  The underlying assumption 
in using SAM is that individuals are the best source of information on their emotional experiences [70]. 
SAM consists of pictures of manikins in a scale for each of the dimensions: valence, arousal and dominance. 
SAM scales range from a smiling, happy figure to a frowning, unhappy figure for valence and from a wide-
awake, excited figure to sleepy, relaxed figure for arousal. The dominance dimension in SAM represents 
control with changes in size of the manikins, where a large figure implies maximum control in the situation.  
With the argument that dominance is inherently cognitive rather than affective, some researchers exclude 
this dimension when administering SAM. However, in accordance with the cognitive appraisal theory of 
emotion [37,38]  and the component-model of emotion [100], it is justifiable to include dominance as a 
constitute dimension of emotion.  
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Fig. 2. Self-Assessment Manikin (SAM) with three dimensions - Pleasure, Arousal and Dominance – being 
measured with 9-point scales (adapted from [18]). 

3 METHOD 
Two sets of laboratory-based experiments were conducted in two countries, Denmark and the UK, which are 
designated as Study 1 and Study 2 in their chronological order. Study 2 was essentially a replication of Study 
1, following the same research protocol but examining different levels of the two key variables – intervening 
time and intervening affect.  An additional feature in Study 2 was the use of gaze data derived from an eye-
tracker as additional visual cues to support cued-recall. Using eye-tracking scanpaths as augmented cues has 
been proven effective in previous studies (Section 2.1), and they were particularly relevant to Study 2 
because of the prolonged 24-hour delay.  

Subsequently, we describe the system (an email client seeded with usability problems), physiological 
sensors, procedures, and materials used in the two studies. Wherever appropriate, we provide separate 
descriptions for Study 1 and Study 2 (e.g., participants). All the procedures and equipment were pilot tested 
prior to the actual experimentation. 

Nonetheless, a caveat is that our research does not aim to demonstrate the impact of CRD on the quality 
of think-aloud verbal data (Section 2.1). In our study, talking was rendered impractical when the sensors 
were being attached to participants lest the psychophysiological signals would be corrupted.  Retrospective 
verbalizations could only have been made when participants would view the video playback for the second 
time after the sensors had been detached. However, such repeated exposure to the same video would likely 
lead to the extraneous learning effect that would not allow us to make any conclusive claim on the quality of 
verbalizations. 

Instead, we aim to evaluate empirically the effectiveness of CRD by studying the extent to which 
participants experience similar emotions during cued-recall compared to actual interaction, and therefore are 
able to accurately recall and reflect after the fact. In addition, we aim to demonstrate the flexibility of CRD 
which can be delayed by up to 24 hours without any consequential impact on emotional recall. This can help 
mitigate the fatigue effect when participants are asked to carry out CRD immediately after actual interaction, 
especially a long evaluation session. 
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3.1  System 
As this research work focused on emotional experiences, we needed a system capable of inducing emotional 
responses in users. Previous studies have shown that negative stimuli elicit stronger responses than positive 
stimuli [24]. To this end we developed an email client seeded with usability problems.  The rationale is that 
people in general are familiar with an email client and have expectations how it typically works. A non-
usable email client with awkward behaviours can lead to mismatched or disconfirmed expectations [12], 
eliciting frustration and surprise in its users. 

3.1.1 Email Client 
The system was designed with a set of functionalities typical of an email client, such as a list of contact 
persons, file attachment, making drafts and mailing options. Using the email client, participants had to 
complete 11 tasks, 7 of which included seeded usability problems and the remaining 4 were designed 
following best practices according to established principles obtained from [10,88] (Table 1).  

To prevent the ordering effect, the sequence of the tasks was randomized with the exception of tasks T1 
and T2, which were always fixed in order as the first two tasks so that the participants could familiarize 
themselves with the basic functionality of the email client. Fig. 3 shows a screenshot of the developed email 
client. The bottom right shows a small window with the task instructions along with a red and a green button. 
The red button was selected if participants could not solve the task and wanted to skip it. The green button 
was chosen when participants believed they had solved the task. 

 

Fig. 3. The email client seeded with usability problems. 
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Table 1. List of eleven tasks; those marked with * (T5 to T11) are seeded with usability problems. 

Task Name Description 
T1 Send an email Send an email with any text to two contacts 
T2 Reply to an email Reply to an email 
T3 Save a draft Create an email and save it as a draft  
T4 Write and delete an 

email 
Write an email containing any text, save it a draft and delete it  

T5* Add attachment Add an attachment to an email 
 
*Seeded usability problem: When adding an attachment to an email, the 
program freezes for 2 seconds during the first three attempts. 

T6* Add contact Add a new contact to the contacts catalogue 
 
*Seeded usability problem: Upon pressing the “Add Contact” button, it 
fails to respond the first three times 

T7* Send a Draft Find a draft, either by creating an email and drafting it or selecting a pre-
created draft, and send it 
 
*Seeded usability problem: In attempting to open a draft to send, it throws 
an exception, effectively blocking the access 

T8* Create a draft Create a draft with the body: “I got £3.50, £5, and £2 from them.” 
 
*Seeded usability problem: When attempting to write a text containing 
special characters, the keyboard layout changed to a different language 
setting, making the characters unavailable 

T9* Write an email Create an email with the body: “Hi, my name is x and I am participating 
in a usability test” 
 
*Seeded usability problem: While typing an email, the caret randomly 
altered its location, making it difficult to write sentences without typing 
errors 

T10* Remove contact Remove a specific contact from the contacts catalogue 
 
*Seeded usability problem: When attempting to remove a contact from 
the contact list, the contact was not removed and the list turned black 

T11* Write an email 2 Write an email with the body text: “Hello, I am having a birthday party 
10 days from now, and this is your invitation.” 
 
*Seeded usability problem: In attempting to write a new mail, it results in 
a simulation of the “Microsoft Windows Not Responding” window 

3.2  Hardware for Physiological Measures 
To measure experienced emotions in real time we relied on two physiological sensors: Galvanic Skin 
Response (GSR) and Heart Rate (HR), which are commonly used in the research on measuring emotions 
(see e.g. [9,24,68,71,87]). GSR (or electrodermal activity, EDA) has been one of the most widely used 
response systems in the history of psychophysiology [33], given its ease of measurement and sensitivity to 
psychological states and processes. Experimental treatments that can induce changes in GSR typically induce 
changes in HR as well; measuring both is a usual practice. While we considered other types of physiological 
measures, such as facial expression with EMG and brain activity with EEG, factors such as intrusiveness 
(e.g. electrodes on face) and high costs (e.g. fMRI) were hindering. In fact, one key advantage of GSR and 
HR measures is the intuitiveness and affordability of the instruments involved. 

For GSR we used a Mindplace ThoughtStream [76], which measures the electrical resistance on the skin 
surface. This sensor returns a skin resistance value measured in MOhms and has a measuring frequency of 
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50ms. For HR we used an Arduino Mega 2560 with a Pulse-Sensor [69], that specifically measured Beats 
Per Minute (BPM) with a frequency of 20ms. 

Participants worked on a laptop running Windows 10, using an external mouse and keyboard to avoid 
static electricity and heat from the laptop. Such factors were discovered to affect sensors during pilot testing. 

Additionally, in Study 2 a desktop Tobii T-120 eye-tracker was used to capture participants’ gaze data, 
which were displayed as enriched visual cues to facilitate recall.  For instance, the scanpaths shown in Fig. 4 
were automatically generated by the eye-tracker to be part of the video playback.  We did not analyse any 
eye-tracking data as emotional responses. 

 

Fig. 4. Example illustrating a scanpath. 

3.3  Experimental Conditions 
Study 1 and Study 2 investigated the two main variables with overlapping as well as distinct levels (see 
Table 2 for an overview). Note that there is no intention to merge the data from the two studies, considering 
different contextual and personal factors that might influence participants’ responses.  

3.3.1 Intervening Time 
In our research, we examine the level of correlation between emotions experienced during the actual 
interaction and the cued recall session with different lengths of time gap between these evaluation phases. To 
establish a baseline group, we set a condition with no delay between the actual interaction and the cued-
recall (0 minute intervening time, see Table 2). Previous studies describe 20-30 minutes as the tipping point 
after which memory decay becomes too severe for free recall, cf. [31,106]. Hence, we introduced a delay of 
30 minutes. We additionally included longer intervening delays, including a group with 60-minute delay 
(Study 1) and another with a 24-hour delay (Study 2). This was done in order to observe the effects of 
extending beyond the tipping point.  
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Table 2. An overview of the levels of the two key variables in the two studies 

 
Intervening Time Intervening Affect 

  

Study 1 

0-minute (n=12) 
 
30-minute (n=12) 
 
 
 
60-minute (n=12) 

 
N/A 
 

 

Negative valence / high arousal 
Positive valence / high arousal 
Neutral valence / low arousal 
 

 

Negative valence / high arousal 
Positive valence / high arousal 
Neutral valence / low arousal 
 

Study 2 

0-minute (n=13) 
 
60-minute (n=13) 
 
 
24-hour (n=19) 

 

N/A 
 
Neutral valence / high arousal 
Neutral valance / low arousal 

 

 
 
Neutral valence / high arousal 
Neutral valance / low arousal 

 

3.3.2 Intervening Affect 
During the time that passes between the actual interaction and cued- recall session, participants may be exposed 
to different events that put them in an affective state that potentially influences their perception of the cues to 
be presented. Studies have shown that emotions influence how environments are perceived [108,110]. We 
aimed to control for the emotional experiences that participants would experience during the intervening time. 
For instance, a participant during the 60-minute intervening time played some video games and became 
excited. The excitement might influence the extent to which he could recall his emotional response when 
viewing the video in the cued recall session. We regulated such an influence through affect priming in which 
we induced affective states using the International Affective Picture System (IAPS) [17]. Studies have shown 
that priming images affects subsequent assessments where, e.g. the time needed to evaluate a target stimuli is 
significantly shorter when the prime and target are affectively congruent [50]. Avero and Calvo also note that 
affect priming with images is “a relatively robust phenomenon” [5]. The IAPS used for this study consists of 
approximately 1200 images with varying motifs, each with an associated value of valence and arousal. This 
type of stimuli was chosen as it is well documented and used extensively to induce emotional reactions [18,63]. 
Five clusters of stimuli (cf. Table 2), with each consisting of 15 images, were selected. Fig. 5 illustrates their 
distributions according to the two-dimensional model of arousal and valence. The images were presented to 
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the participants when they returned to the lab for the cued recall session before viewing the video recording.

 

Fig. 5. A plot of the IAPS images distributed on the arousal/valence dimensions. Circles illustrate IAPS 
images used in Study 1 (Red circle: positive-high arousal; Green circle: negative-high arousal; Blue circle: 
neutral-low arousal. Rectangles illustrate IAPS images used in Study 2 (Upper rectangle: neutral valence 

with high arousal; Lower rectangle: neutral valence with low arousal). 

Arguably we could measure the affective state without affect priming and presenting the IAPS images, 
however, the spread of affective states could be very broad in contrast to the selected states induced. This 
would limit our abilities to explain and discuss our observations.  

3.4  Participants 
In the following we outline participant details for Study 1 and Study 2. 
 Study 1: 39 participants, all computer science students, signed up for the experiment on a 

voluntary basis. Due to sensor failure we had to discard data sets from three participants resulting 
in a total of 36 participants for the study (17 female / 19 male), mean age 22.85 years (SD=2.68). 

 Study 2: 61 participants signed up for the study. Due to sensor failure, the physiological data of 
the first 16 participants were corrupted and discarded. Nonetheless, as each participant followed 
properly the experimental procedure and completed the SAM accordingly (Section 2.4; Fig. 2), we 
analyzed all 61 sets of SAM data and the valid 45 sets of physiological data (22 female / 23 male), 
mean age 27.4 years (SD: 3.12).  Participants were primarily students majoring in different 
subjects, such as informatics, engineering, and social science. 

In both studies, participants took a Big Five personality test [8,56]. Results showed no significant 
differences among the groups of participants. None of them had prior knowledge about the purpose of the 
study or the design of the email client, but were debriefed after the session. 

3.5  Procedure 
In the following we outline the three phases of our research protocol (Fig. 6). 
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3.5.1 Phase 1 - Initial interaction with the email client 
As the participants arrived at the usability lab, they were informed about the agenda of the experimental 
session, but at a level generic enough to not reveal its real purpose. We told participants that they were to try 
out a new email client and that we aimed to assess its robustness and the user experience. Upon approval of 
the agenda, participants signed a consent form and completed a questionnaire with demographic data such as 
name, age and current occupation. Then, they were asked to wear the sensors and informed about how they 
functioned and what they measured. Next, participants were asked to solve the set of 11 tasks with the email 
client (see Table 1), including typical ones such as adding/removing a contact, sending/writing/deleting an 
email. They had to press a green or red button, confirming that the task was completed or that they were 
unable to complete it (see Fig. 3, bottom right). To lower the risk of faulty sensor readings, participants were 
instructed to limit movement during interaction, and to use only one hand when interacting with the 
keyboard and mouse. Sensors were attached to participants’ non-dominant hand. The test started with a 3 
minute resting period to establish a baseline for the sensors. 

During the test, the screen and participants’ interaction with the email client were recorded using screen 
capture software.  After the end of the last task, all recordings were stopped and participants in the 0-minute 
intervening time condition moved directly to Phase 3 (cued-recall). All other participants had the sensors 
removed after which they were free to choose whether to stay in one of the waiting rooms nearby or leave 
the lab premises (most relevant for the 60 minute and 24 hour conditions). Participants would return to the 
lab at the agreed time. 

3.5.2 Phase 2 – Intervening Affect 
Once participants returned to the lab at an agreed upon time, they were led into one of the empty waiting 
rooms. There they were asked to sit and rest for three minutes before working on a task as part of the affect 
priming. The task started with displayed emotional stimuli in the form of a series of 15 IAPS images. Each 
picture was shown for 20 seconds. Participants who received positive affect priming would view IAPS 
images of positive valence only (i.e. the set marked by a red circle in Fig. 5), so and so forth. 

3.5.3 Phase 3 - Cued-recall with sensors 
Participants were asked to watch the video recording of their initial interactions with the email client from 
Phase 1. They were again asked to remain as motionless as possible and relax for the first 3 minutes to obtain 
a baseline measure of the physiological data. Participants that had been through the intervening affect in 
Phase 2 were re-equipped with sensors before the video was started. 
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Fig. 6. The research protocol consisting of 3 main phases. Hexagons indicate start in each phase. 

3.6  SAM  
To complement the objective psycho-physiological data, self-reported subjective measures of emotional 

responses were collected.   However, the main metrics we use to answer the research questions are mainly 
based on the real-time physiological data obtained in Phases 1 and 3 Fig. 6. These provide a considerable 
higher number of data points to calculate correlations. We therefore refer to Appendix C to view the SAM 
data results and analyses.  

The instrument SAM (Self-Assessment Manikin) [18] was employed to complement the real-time 
physiological data, given its established psychometric properties.  A 9-point scale for each of the three 
dimensions – Valence/Pleasure, Activation/Arousal, and Control/Dominance – was used (Section 2.4).  As a 
pictorial emotional measurement tool, SAM was found to be applicable cross-culturally [28,78]. 
Furthermore, as the measure was taken after each task, to minimize cognitive load, the instrument used 
needed to be simple. Note, however, the post-task SAM data for Phase 1 and Phase 3 were only collected in 
Study 2.  
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3.7  Data Processing 
The sample distribution in our data was non-uniform, and data from the actual interaction and cued-recall did 
not always align fully. To account for this during analysis, the data from each sensor was processed in 4 
steps: 

1. Synchronizing data from cued-recall and test based on screen capture footage  
2. Artefact removal such as abnormal variations that are physically impossible to obtain  
3. Splitting data into tasks 
4. Account for missing data through hole filtering 

3.7.1 Synchronization 
The data from each sensor was synchronized using the screen capture footage of cued-recall. It was 
synchronized by discounting data from the cued-recall data set, if the data point was collected before the start 
of the initial resting period. This was done to compensate for delays in showing the video during cued-recall. 

3.7.2 Artefact Removal 
The removal of artefacts was treated differently for each sensor. For the GSR sensor, a moving median filter 
with a window size of 25 samples was applied. Artefacts were removed from the HR data by only 
considering samples where a heartbeat was measured. The GSR and HR data were pre-processed by 
replacing outliers with values corresponding to either the 1st or the 99th percentile of the data. 

3.7.3 Missing Data Filtering 
A sensor failing to record data manifests itself as missing data in either the actual interaction part or the 
cued-recall part of a data set. To account for this, when a period of missing data was present after 
synchronization, data from the same period in the other part of the data set was removed. This is illustrated 
in Fig. 7. 

 

Fig. 7. The blue and green lines are data from actual interaction and cued-recall, respectively. The holes are 
first identified, then all data within the holes are removed. Finally, the result is kept as the filtered data set. 

3.7.4 Time Shifting 
During cued recall, as mentioned in Section 2.3, participants may experience either (a) partial cues making 
them anticipate what is about to happen in the clip or (b) remembering the episode once the cue is specific 
and complete, i.e. not anticipating what happened.  Therefore, we should not expect graphs of physiological 
signals from original exposure and cued recall to be directly comparable on the exact same temporal axis. 
There is a need for calibrating the temporal axes, that is, shifting these axes in order to obtain an aligned 
basis for comparison. In this study, we shifted the relative positions of the axes in increments of 0.01 seconds 
up to a total of 20 seconds. We shifted the graph obtained through cued-recall in relation to the graph from 
actual interaction. For instance, a shift level of -0.01 means that the axis from cued recall was shifted 
leftward in relation to the axis from actual interaction. A positive shift mean rightward shifting of the cued 
recall graph. For each 0.01 shift we calculated correlation. Once correlations for all 0.01 increments within 
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the 20 seconds interval were calculated, we located the maximum (highest) correlation level along with the 
corresponding level of shifting. This algorithm and the calculation of correlations were all made in Python. 

In the results section that follows, we present the level of correlation obtained between the actual 
interaction and the cued-recall session for each of our experimental conditions. These correlations represent 
emotional reactions measured through the GSR and HR sensors. For each correlation result, we outline two 
versions: 1) Correlations based on using an optimal level of shifting and 2) correlations based on no shifting. 

The levels of shifting that would lead to optimal correlations were comparable across both studies and all 
our experimental conditions. Optimal shift level in terms of the GSR sensor data revealed a mean of -0.39 
seconds (SD= 4.51), i.e. the sensor data from the cued-recall session was shifted with less than half a second 
advance compared to the data obtained during the actual interaction. Note that this is the overall mean value 
across all 12 conditions and both studies. A one-way ANOVA (evaluated for normally distributed data 
through visual inspection of Q-Q plots, .95 level) revealed no significant differences in this respect F(11, 
66)=0.64, p=0.78. 

Considering the HR sensor data we found a mean shift level of 0.047 seconds (SD = 4.09) meaning the 
cued-recall graph was correlated with a slight retard compared to the HR data obtained during the actual 
interaction. Similar to the GSR data, an ANOVA test (also assessed for the normality assumption) revealed 
no significant differences between any conditions in the two studies F(11, 66)=0.44, p=0.92. 

3.8  Hypotheses 
Based on the literature review (Section 2), which informed the experimental design (Section 3.1-3.7), the 
following hypotheses are formulated,  H1-H3 are applicable to both Study 1 and Study 2 (as described in 
Section 3.2: GSR = galvanic skin response; HR = heart rate),  H4 for Study 1 with stimuli of different 
valence (in appendix C we also list H5-H7 regarding post-task SAM data). 

 H1: The GSR and HR measures taken during the actual interaction with a system are 
significantly correlated with those taken during the cued recall. 

 H2: Correlations between the GSR and HR measures taken during the actual interaction and 
those during the cued recall decrease significantly with the increase of the length of intervening 
time. 

 H3: Correlations between the GSR and HR measures taken during the actual interaction and 
those taken during the cued recall decrease significantly with the increase of the arousal level of 
the stimuli. 

 H4: Correlations between the GSR and HR measures taken during the actual interaction and 
those taken during the cued recall decrease significantly with the increase of the negativity of 
the stimuli. 

4 RESULTS 

4.1 Effect of Time on Correlations – Sensor Data 
This section outlines effects of the independent variable of time on the correlations of GSR and HR sensor 
data between actual interaction and the cued-recall debriefing sessions. 

4.1.1 Effect of time – GSR Study 1 

Fig. 8 shows a range of boxplots distributed according to using optimal graph shifting as mentioned in 
section 3.7.4 (grey) versus no shifting (white) for each of the three intervening time conditions (no waiting 
time, 0.5 hour wait or 1 hour wait). The boxplots express the level of correlation across all participants and 
tasks for the given time conditions within Study 1. As shown in Table 2, participants in the 0.5 and 1 hour 
delay conditions experienced different intervening affect. As an example, a subset of participants in the 0.5 
hour wait condition experienced “negative valence / high arousal” while others waited 0.5 hours but 
experienced “positive valence / high arousal” or “neutral valence / low arousal”. The same applies for the 1 
hour waiting time condition. For the purpose of analyzing the effect of time delay, we pooled all the stimuli 
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conditions under their corresponding time conditions as per Table 2. Thus, data from all participants in the 
0.5 hour waiting condition were pooled together to reflect the effect of this particular waiting time on sensor 
correlations between actual interaction and cued-recall. The same goes for participants in the 1 hour 
condition. 

 

Fig. 8. Study 1 time effects. Pearson correlations of GSR data between actual interaction and cued-recall are 
shown. Boxplots distributed according to using optimal graph shifting (grey) versus no shifting (white) for 

each of the three conditions (waiting time of 0 hours, 0.5 hour or 1 hour). N=12 for each condition. 

Table 3 outlines the mean level of correlation (Pearson) distributed according to optimal graph shifting 
versus no shifting for each of the three time conditions in Study 1. The mean level of correlation based on 
shifting varies between .469 and .542, which are statistically significant (Nmean no. of GSR datapoints=2161, p<.01) 
and is higher compared to not using shifting (.03 - .17). We note that N=2161 refers to the mean number of 
data points gathered by the GSR sensor for each participant.  A one-way ANOVA (tested for normally 
distributed data using visual inspection of Q-Q plots, .95 level) indicates a highly significant difference 
between the six data sets reflected in Fig. 8. F(5, 478)=27.29,  p<0.000. A Tukey HSD pairwise comparison 
(.95 level) of all shifted versus non-shifted correlation levels indicates significant differences (p=0). No 
significant differences were found between any of the shifted correlation levels (p=[.998;1]). This pattern is 
comparable to the cases of not applying shifting, i.e. no significant difference between these correlations 
either (p=[.996 - .998]). 

Table 1. Mean level of correlation distributed according to optimal graph shifting versus no shifting for each 
of the three conditions (waiting time of 0 hours, 0.5 hour or 1 hour). Pearson correlations of GSR data 

between actual interaction and cued-recall are shown. 

 Time Condition Mean SD 

Optimal shift 
No wait .469 .308 
0.5 hour wait .542 .383 
1 hour wait .529 .338 

No shift 
No wait .032 .419 
0.5 hour wait .17 .474 
1 hour wait .104 .434 
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In the following we revisit hypotheses H1 and H2 which relate to the correlation data obtained through 
the GSR sensor and the effect of time delay between actual interaction and cued-recall. H1 states that GSR 
measures taken during the actual interaction with a system and during the cued recall are significantly 
correlated. The above findings for Study 1 show correlation levels between actual interaction and cued-recall 
to be around the .5 level or above. This was also the case when at the different intervening time delays (0, 
0.5 and 1 hour). Thus, in case of Study 1, we accept H1. H2 states that correlations in sensor data decrease 
significantly as a delays get longer. By isolating the factor of intervening time delay we observed the 
tendency for correlation levels to increase from the shortest intervening time of 0 hours to the second 
intervening time level of 0.5 hour. From the second intervening time level to the third (and longest) of 1 hour 
we saw a slight decrease in correlation level. Yet, we did not find any significant differences between 
correlation levels caused by the factor of intervening time. Thus, we reject H2 based on the data obtained in 
Study 1. 

4.1.2 Effect of time – GSR Study 2 
The boxplots shown in Fig. 9 represent the effect of intervening time within Study 2 on GSR data 
correlations between actual interaction and cued-recall. Correlation data based on shifting versus no shifting 
is also represented (grey vs. white boxplots respectively). The independent variable of wait time spans a 
longer duration than in the previous study (0 hours, 1 hour and 24 hours). Here we also pooled participants 
experiencing different intervening stimuli as described in section 4.1.1. 

 

Fig. 1. Study 2 time effects. Boxplots distributed according to using optimal graph shifting (grey) versus no 
shifting (white) for each of the three conditions (waiting time of 0 hours, 1 hour or 24 hours). N=13 for the 

no wait and 1 hour wait conditions, N=19 for the 24 hour condition. Pearson correlations of GSR data 
between actual interaction and cued-recall are shown. 

Table 4 shows an overview of the mean correlations within each time condition in Study 2. Using 
shifting, correlations vary between .445-.535, which are statistically significant (Nmean no. of GSR datapoints=1.200, 
p<.01). In the case of not using shifting the correlations vary between .021 - .076. A one-way ANOVA 
(tested for normally distributed data using visual inspection of Q-Q plots, .95 level) indicates a highly 
significant difference between the six data sets reflected in Fig. 9 F(5,592)=31.01, p<0.000. A Tukey HSD 
pairwise comparison (.95 level) shows no significant differences between all shifted correlation levels 
(p=[.973;1]), which also applies when comparing between the non-shifted cases (p=[.996 - .999]). 
Comparing all pairs of shifted and non-shifted correlation levels indicates significant differences (p=0). 
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Table 2. Mean level of correlation distributed according to optimal graph shifting versus no shifting for each 
of the three conditions (waiting time of 0 hours, 1 hour or 24 hours). Pearson correlations of GSR data 

between actual interaction and cued-recall are shown. 

 Time Condition Mean SD 

Optimal shift 
No wait .445 .398 
1 hour wait .535 .33 
24 hours wait .512 .401 

No shift 
No wait .021 .495 
1 hour wait .069 .462 
24 hours wait .076 .498 

In terms of hypotheses H1 and H2 we see similar findings pertaining to the GSR sensor data compared to 
Study 1. In Study 2 we found correlation levels between actual interaction and cued-recall to be around the .5 
level or above, also when considering the different intervening time delays (0, 1 and 24 hours). For Study 2 
we also accept H1 while rejecting H2. 

4.1.3 Effect of time – HR Study 1  
The boxplots in Fig. 10 outline the level of correlation between HR data obtained during interaction and 
during cued-recall within Study 1. These reflect the time conditions of 0 wait, 0.5 hours wait and 1 hour 
wait. Data from participants experiencing different intervening stimuli were pooled together as described in 
section 4.1.1. 

 

Fig. 2. Study 1 time effects. Boxplots distributed according to using optimal graph shifting (red) versus no 
shifting (white) for each of the three conditions (waiting time of 0 hours, 0.5 hour or 1 hour). N=12 for each 

condition. Pearson correlations of HR data between actual interaction and cued-recall are shown. 

Table 5 gives an overview of the mean correlation levels. When using shifting the mean varies between 
.5-.63, which are statistically significant (Nmean no. of HR datapoints=5208, p<.01). A one-way ANOVA (tested for 
normally distributed data using visual inspection of Q-Q plots, .95 level) indicates a highly significant 
difference between the six data sets reflected in Fig. 10 F(5, 476)=58.36, p<0.000. A pairwise comparison 
(Tukey HSD, .95 level) reveals no significant differences between any of the shifted correlation levels 
(p=[.356;.999]), which is similar to the cases not applying shifting (p=[.996-.999]). Comparing all pairs of 
shifted and non-shifted correlation levels indicates significant differences (p=0). 
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Table 3. Mean level of correlation distributed according to optimal graph shifting versus no shifting for each 
of the three conditions (waiting time of 0 hours, 0.5 hour or 1 hour). Pearson correlations of HR data 

between actual interaction and cued-recall are shown 

 Time Condition Mean SD 

Optimal shift 
No wait .506 .239 
0.5 hour wait .63 .232 
1 hour wait .555 .264 

No shift 
No wait .022 .391 
0.5 hour wait .052 .445 
1 hour wait .075 .37 

Correlations of HR data between actual interaction and cued-recall in Study 1 are slightly higher than 
those for the GSR sensor. In Study 1 we found correlation levels between actual interaction and cued-recall 
to be around the .5-.6 level when considering the different intervening time delays (0, 0.5 and 1 hour). 
Therefore we also accept H1 in terms of HR data correlations and again reject H2 due to the non-significant 
differences in correlation levels between delays.  

4.1.4 Effect of time – HR Study 2 
The boxplots shown in Fig. 11 represent the effect of time stimuli from Study 2 (0 hours, 1 hour and 24 
hours) on HR correlations. Similar to the analyses above, we pooled data from participants experiencing 
different intervening stimuli during the waiting time. 

 

Fig. 3. Study 2 time effects. Boxplots distributed according to using optimal graph shifting (red) versus no 
shifting (white) for each of the three conditions (waiting time of 0 hours, 1 hour or 24 hours). N=13 for the 

no wait and 1 hour wait conditions, N=19 for the 24 hour condition. Pearson correlations of HR data between 
actual interaction and cued-recall are shown. 

Table 6 outlines correlation means. When using shifting the correlations vary between .47-.49, which are 
statistically significant (Nmean no. of HR datapoints=5208, p<.01). A one-way ANOVA (tested for normally 
distributed data using visual inspection of Q-Q plots, .95 level) indicates a highly significant difference 
between the six data sets reflected in Fig. 11 F(5, 590)=97.26, p<0.000. A Tukey HSD comparison test (.95 
level) indicates no significant differences between any of the shifted correlations (p=[.999 - .1]). This also 
applies when comparing between the non-shifted cases (p=[.999-1]). Comparing all pairs of shifted and non-
shifted correlation levels indicates significant differences (p=0). 
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Table 4. Mean level of correlation distributed according to optimal graph shifting versus no shifting for each 
of the three conditions (waiting time of 0 hours, 1 hour or 24 hours). Pearson correlations of HR data 

between actual interaction and cued-recall are shown. 

 Time Condition Mean SD 

Optimal shift 
No wait .471 .239 
1 hour wait .476 .234 
24 hours wait .493 .236 

No shift 
No wait -.014 .342 
1 hour wait -.051 .306 
24 hours wait -.021 .317 

Considering Study 2, the correlations of HR data between actual interaction and cued-recall were slightly 
lower than those for the GSR sensor. HR correlations are just below .05 no matter which of the time delay 
conditions (0, 1 and 24 hours) are taken into account. Thus, for Study 2 and the HR data, we accept H1 but 
reject H2 as there were no significant differences in correlation levels between delays. 

4.2 Effect of Stimuli on Correlations – Sensor Data 
This section outlines effects of the independent variable of stimuli on the correlations of GSR and HR sensor 
data between actual interaction and the cued-recall debriefing sessions. 

4.2.1 Effect of stimuli – GSR Study 1 
Fig. 12 shows the effects on correlations when introducing different valence stimuli for Study 1. 

Correlations are based on GSR data obtained during actual interaction and cued-recall. A subset of 
participants in both the 0.5 and 1 hour waiting time conditions experienced positive stimuli as the 
intervening affect, while others experienced negative or neutral valence stimuli. To analyse the effect of such 
intervening stimuli, we pooled correlation data from all participants that experienced e.g. positive valence, 
hereby combining data from 0.5 and 1 hour waiting time conditions. From left to right the boxplots show the 
positive stimuli condition. This positive stimuli leads to a mean GSR correlation between actual interaction 
and cued-recall of .545 using shifting, which is statistically significant (Nmean no. of GSR datapoints=2161, p<.01) 
and .076 not using shifting. Similar levels of GSR correlations are seen in case of introducing neutral and 
negative stimuli, which are also statistically significant in cases of shifted values (Nmean no. of GSR 

datapoints=2161, p<.01). Table 7 outlines the means and standard deviations. 

 

Fig. 4. Study 1 stimuli effects. Boxplots distributed according to using optimal graph shifting (blue) versus 
no shifting (white) for each of the three conditions (positive, neutral and negative stimuli). N=6 for the 
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positive stimuli condition, N=13 for the neutral stimuli condition, N=5 for the negative stimuli condition. 
Pearson correlations of GSR data between actual interaction and cued-recall are shown. 

A one-way ANOVA (tested for normally distributed data using visual inspection of Q-Q plots, .95 level) 
indicates a highly significant difference between the six data sets reflected in Fig. 12 F(5,318)=15.62, 
p<0.000. A Tukey HSD pairwise comparison reveals no significant differences between shifted correlation 
levels (p=[.999;1], .95 level). This pattern is comparable to the cases of not applying shifting, no significant 
difference between these correlation levels either (p=[.603-.999], .95 level). Comparing all pairs of shifted 
and non-shifted correlation levels indicates significant differences (p=0, .95 level). 

Table 5. Mean level of correlation distributed according to optimal graph shifting versus no shifting for each 
of the four conditions (no stimuli, positive, neutral and negative stimuli). Pearson correlations of GSR data 

between actual interaction and cued-recall are shown. 

 Time Condition Mean SD 

Optimal Shift 
Positive .545 .268 
Neutral .539 .409 
Negative .516 .322 

No shift 
Positive .076 .416 
Neutral .176 .502 
Negative .105 .355 

Hypothesis 4 states that correlations between the GSR measures taken during actual interaction and 
during cued recall decrease significantly with the increase of the negativity of the stimuli. The above results 
from Study 1 show a slightly lower correlation level when introducing negative valence compared to positive 
valence and neutral valence. Yet, this difference is not significant and hence we reject H4. 

4.2.2 Effect of stimuli – GSR Study 2 
Fig. 13 shows the effects of different arousal stimuli on the correlation between actual and cued-recall GSR 
data. Data was obtained during Study 2 and pooled as per the description in section 4.2.1 and instead based 
on the waiting times of 1 hour and 24 hours relevant for this specific study. In case of high arousal stimuli 
we see correlations of .55 when using shifting (blue boxplot), which are statistically significant (Nmean no. of 

GSR datapoints=2161, p<.01). Correlation level is .075 when not using shifting (white boxplot). These levels are 
similar to those of introducing low arousal, which are also significant when using shifting (Nmean no. of GSR 

datapoints=2161, p<.01). Table 8 outlines the means and standard deviations. 
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Fig. 5. Study 2 stimuli effects. Boxplots distributed according to using optimal graph shifting (blue) versus 
no shifting (white) for each of the two conditions (high arousal and low arousal). N=17 for the high arousal 

stimuli, N=15 for the low arousal condition. Pearson correlations of GSR data between actual interaction and 
cued-recall are shown. 

A one-way ANOVA (tested for normally distributed data using visual inspection of Q-Q plots, .95 level) 
indicates a highly significant difference between the four data sets reflected in Fig. 13 F(3, 422)=38.55, 
p<0.000. A Tukey HSD pairwise comparison reveals no significant differences between shifted correlation 
levels (p=[.886;.999], .95 level). This pattern is comparable to the cases of not applying shifting, no 
significant difference between these correlation levels either (p=[.999-1], .95 level). Comparing all pairs of 
shifted and non-shifted correlation levels indicates significant differences (p=0, .95 level). 

Table 6. Mean level of correlation distributed according to optimal graph shifting versus no shifting for each 
of the two conditions (high arousal and low arousal). Pearson correlations of GSR data between actual 

interaction and cued-recall are shown. 

 Time Condition Mean SD 

Optimal shift 
High arousal .55 .371 
Low arousal .491 .375 

No shift 
High arousal .075 .518 
Low arousal .071 .445 

In case of Study 2 we introduced stimuli that differed in terms of arousal levels (high vs. low). This 
relates to hypothesis H3 stating that correlations between the GSR measures taken during actual interaction 
and during cued recall increase significantly with the increase of the arousal level of the stimuli. In Study 2 
we found that the correlation level of the high arousal condition to be slightly higher than for the low arousal 
condition, although the differences were non-significant. Thus, we reject H3. 

4.2.3 Effect of stimuli – HR Study 1 
Fig. 14 provides an overview of the effects on correlations when introducing different valence stimuli in 

case of Study 1. Correlations are based on HR measures during actual interaction and cued-recall and data is 
pooled as described earlier. The boxplots show that the positive stimuli leads to a mean correlation of .677 
using shifting and .059 without shifting. In terms of shifting, correlation level is statistically significant 
(Nmean no. of HR datapoints=5208, p<.01). This is similar to the mean level of correlation seen in case of 
introducing neutral and negative stimuli.  
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Fig. 6. Study 1 stimuli effects. Boxplots distributed according to using optimal graph shifting (green) versus 
no shifting (white) for each of the three conditions (positive, neutral and negative stimuli). N=6 for the 

positive stimuli condition, N=13 for the neutral stimuli condition, N=5 for the negative stimuli condition. 
Pearson correlations of HR data between actual interaction and cued-recall are shown. 

A one-way ANOVA (tested for normally distributed data using visual inspection of Q-Q plots, .95 level) 
indicates a highly significant difference between the six data sets reflected in Fig. 14 F(5,318)=41.35, 
p<0.000. A Tukey HSD pairwise comparison reveals no significant differences between shifted correlation 
levels (p=[.292;1], .95 level). This is similar to the case of comparing all pairs without using shifting 
(p=[.728-.1], .95 level). Comparing all pairs of shifted and non-shifted correlation levels indicates significant 
differences (p=0, .95 level). 

Table 7. Mean level of correlation distributed according to optimal graph shifting versus no shifting for each 
of the three conditions (positive, neutral and negative stimuli). Pearson correlations of HR data between 

actual interaction and cued-recall are shown. 

 Time Condition Mean SD 

Optimal shift 
Positive .677 .23 
Neutral .577 .239 
Negative .537 .285 

No shift 
Positive .059 .419 
Neutral .028 .38 
Negative .162 .463 

 
We now return to hypothesis 4 on the decrease in correlation levels as a result of negativity of induced 

stimuli. In terms of the above HR data, we observed that the negative stimuli condition lead to a lower 
correlation level compared to the positive and neutral stimuli conditions. The difference, however, was not 
significant and we reject H4 once more as we did in case of the GSR data. 

4.2.4 Effect of stimuli – HR Study 2 
Fig. 15 gives an overview of the effects of different arousal stimuli from Study 2 on the correlation between 
actual and cued-recall HR data. Data was pooled as described previously. Table 10 outlines the means and 
standard deviations. In case of the high arousal stimuli we see correlations of .505 when using shifting 
(leftmost green boxplot) and -.031 when not using shifting (leftmost white boxplot). Correlation level when 
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using shifting is statistically significant (Nmean no. of HR datapoints=5208, p<.01). These levels are similar to those 
of introducing low arousal stimuli during the waiting periods. 

 

Fig. 7. Study 2 stimuli effects. Boxplots distributed according to using optimal graph shifting (green) versus 
no shifting (white) for each of the two conditions (high arousal and low arousal). N=17 for the high arousal 
stimuli, N=15 for the low arousal condition. Pearson correlations of HR data between actual interaction and 

cued-recall are shown. 

A one-way ANOVA (tested for normally distributed data using visual inspection of Q-Q plots, .95 level) 
indicates a highly significant difference between the four data sets reflected in Fig. 15 F(3, 420)=124.8, 
p<0.000. A pairwise comparison test (Tukey HSD) shows no significant differences between shifted 
correlation levels (p=[.994;.1], .95 level), which is similar when comparing all pairs of non-shifted 
correlations (p=[.999-1], .95 level). Comparing all pairs of shifted and non-shifted correlation levels 
indicates significant differences (p=0, .95 level). 

Table 8. Mean level of correlation distributed according to optimal graph shifting versus no shifting for each 
of the four conditions (no stimuli, high arousal and low arousal). Pearson correlations of HR data between 

actual interaction and cued-recall are shown. 

 Time Condition Mean SD 

Optimal shift 
High arousal .505 .241 
Low arousal .465 .229 

No shift 
High arousal -.031 .304 
Low arousal -.035 .323 

For hypothesis H3, which state that correlations of HR measures increase as arousal level increases. In 
Study 2 we found that correlation level of the high arousal condition to be higher in comparison to the low 
arousal condition. This difference was not significant and H3 is rejected. 

5 DISCUSSION 
Cued recall debriefing (CRD) is a research method for gaining insights into participants’ thoughts and 
feelings in connection to a system after they have interacted with it.  This is to address the issue of flow 
interruption when participants are required to think aloud concurrently or they are stopped intermittently to 
describe their felt experiences. There can be different reasons to defer CRD to a later time, not immediately 
following the completion of actual interactions with a system.  Participants may be cognitively and 
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emotionally exhausted after working out some challenging tasks with a complex system.  A salient reason is 
to avoid the adverse effect of fatigue on participants, especially when the duration of actual interaction is 
long, say an hour. 

Nonetheless, as a retrospective approach, CRD is susceptible to memory decay, leading to missing or 
inaccurate recall of events and associated emotions. Such omission and inaccuracy can be more severe when 
the time gap between the actual interaction and CRD session is non-trivial, say 30 minutes or longer 
[31,106], because other activities irrelevant to the interaction may interfere with the memory of interaction 
experiences. 

The main research question we aimed to answer with our empirical results is how the two variables – the 
length of time delay and the type of external stimuli immediately preceding CRD – influence the consistency 
between emotional experiences elicited in actual interaction and those in viewing the video of the 
interactions.  Such consistency is an indicator to what extent participants can re-immerse into the events 
retrospectively, and we have assessed it in terms of our research hypotheses, which we revisit here with 
regard to our findings. 

5.1  Revisiting the Hypotheses 
In this section, we revisit each of the four hypotheses presented in Section 3.8 by summarizing the related 
key findings. 

5.1.1 H1: The GSR and HR measures taken during the actual interaction with a system are 
significantly correlated with those taken during the cued recall 

H1 was confirmed.  For both Study 1 and Study 2, results under different conditions show that there are 
statistically significant correlations between the two sets of GSR measures (i.e. actual interaction and cued-
recall) and between the two sets of HR measures.  

However, the average correlations under different conditions are generally higher in Study 1 than those in 
Study 2, though the order of magnitude is consistent within the respective study, as shown in Table 11 
(extracted from the results in Section 4.2). 

Table 9. Summary of shifted correlations for GSR and HR measures per factor (intervening time, 
intervening affect) for the two studies. 

 Intervening Time  Intervening Affect 
 GSR HR  GSR HR 

Study 1 0.513 0.555 

 

0.533 0.597 
Study 2 0.497 0.493 0.521 0.485 

Several plausible explanations for the observed discrepancies can be identified. First, in terms of 
intervening time, Study 2 included a 24-hour group, which presumably should have lower recall accuracy. 
Second, stimuli of neutral valence used in Study 2 as compared with those of positive and negative valence 
could have less impact on recall. Third, participants in Study 2 were more heterogeneous in terms of 
educational background, culture, and age as compared with a cohort of computer science students in Study 1. 
The gender ratio was well balanced in both studies. 

We also chose to gather subjective data through SAM ratings in order to further validate our findings. 
Overall we only found a smaller subset of cases in which subjective ratings differed between actual 
interaction and cued-recall (see Table C1 in appendix C). Isolating the effect of the intervening time, we 
found that only two of eleven tasks (T4 “Write and delete email” and T5 “Add attachment”) showed 
significant differences in subjective ratings during actual interaction and cued-recall. These observations 
suggest that the length of intervening time did not have any significant impact on the extent to which the 
participants could recall their emotions. Similar findings apply in terms of the intervening affect, where only 
one of eleven tasks (T2 “Reply to email”) shows a significant difference in ratings between actual interaction 
and cued-recall. This suggests that the intervening affect played no role in influencing the participants’ 
emotional recall.  This can be attributed to the successful re-immersion in the tasks with the augmented cues, 
which could in principle eliminate the effect, if any, of the emotion induced by the IAPS images. Finally, we 
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also examined the relationship between the objective physiological data and subjective self-report data (see 
Appendix C, Table C5 for actual interaction and Table C6 for cued-recall).  None of the mean GSR data for 
actual interaction or cued-recall were significantly correlated with the SAM ratings. In contrast, significant 
correlations were found between the mean HR data and SAM ratings for two tasks (T2, T5) in the case of 
actual interaction and for four tasks (T1, T8, T9, T10) in the case of cued-recall. A plausible explanation is 
the contrasting number of data points between GSR/HR and SAM. For example, the number of GSR/HR 
data points for participant P03 of Study 2 is in the order of thousands per task, ranging from 1725 to 4931.  
Collapsing a spread of values into the single mean value (in order to compare to SAM ratings) might be 
problematic as it cancels out highs and lows of emotional changes. Also, while previous studies have indeed 
found correlations between objective physiological data and subjective ratings of emotions, particularly 
between measures of GSR and arousal ratings [30,61,109], others have found such correlations to be more 
elusive. Choi et al. [30] found significant positive correlation between objective HR data and subjective 
pleasure ratings but negative correlations between HR data and dominance ratings. Similarly, Albanese and 
colleagues found correlations between objective and subjective data in some situations, but not in others [1]. 
In their study it was found that HR measures correlate with subjective ratings when participants were at rest, 
but not so when exercising. 

5.1.2 H2: Correlations between the GSR and HR measures taken during the actual interaction and 
those taken during the cued recall decrease significantly with the increase of the length of 
intervening time 

H2 was rejected.  Surprisingly, the length of intervening time had no significant effect on the level of 
correlation in Study 1 or Study 2. Another unexpected observation is that for both the GSR and HR 
measures, the 0-hour group in Study 1 and Study 2 had the lowest correlation, albeit the differences were not 
statistically significant. A possible explanation is that the participants might reflect on the experimental 
activities during the intervening period, because wearing those specific sensors and interacting with the 
email client with seeded usability problems were not mundane tasks.  Their reflection could reinforce their 
memory of the events in the experimental session [3], which did not erode with time as assumed. 

5.1.3 H3: Correlations between the GSR and HR measures taken during the actual interaction and 
those taken during the cued recall decrease significantly with the increase of the arousal level of the 
stimuli 
H3 was rejected based on the findings of Study 2.  Two sets of images of neutral valence with low and high 
levels of arousal were presented to the participants with the assumption that the latter would induce stronger 
emotions, interfering with the recall of past experiences.  However, no expected effect on performance in 
terms of lower correlation levels was observed.  Similar to our analysis of the unexpected findings for H3, 
the role of frequent exposure to the related images can be a contributing factor for the no-significant-
difference phenomenon.  

Nonetheless, the visual stimuli might still work in “rinsing” so-called “emotional noises” that participants 
would bring to the CRD session (e.g., responses of other emotion-inducing activities in which participants 
have been engaged during the waiting time).  However, to ascertain the regulating function of such stimuli, a 
control study is required where participants are not presented any pre-selected stimuli when the intervening 
time is over and shortly before a CRD session. 

5.1.4 H4: Correlations between the GSR and HR measures taken during the actual interaction and 
those taken during the cued recall decrease significantly with the increase of the negativity of the 
stimuli 

H4 was rejected based on the related findings of Study 1.  In fact, the correlations for the negative stimuli 
were the lowest (cf. the positive and neutral ones; Table 7 and Table 9) for both GSR and HR, albeit the 
differences were statistically insignificant. The assumption of negativity dominance [92] might not always be 
the case in an HCI context. According to the notion of negativity bias, the images with negative contents 
might stimulate the participants with potent unpleasant emotions that would bias their recall of the actual 
interaction.  In contrast, the images with positive contents might exert the beneficial effect, enhancing the 
participants’ attention [43,66] to the cued recall exercise. Consequently, the performance of the latter could 
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have been better than that of the former in terms of higher levels of correlations between the two sets of 
psychophysiological measures taken in the actual interaction and CRD session. However, the predicted trend 
could not be statistically demonstrated. 

This surprising finding can be explicated by the argument that the impact of the IAPS images may be 
compromised after their extensive use [32] in a number of research studies in various domains. The 
participants might be exposed to a subset of the images or similar entities beforehand in other contexts. 
Another observation is the increasing use of image-sharing social media [84], especially among young adults 
like the participants in Study 1; this may result in their overexposure to negative images and thus 
insensitivity towards such contents.  

While we were aware of the availability of GAPED – a new set of images as an alternative to IAPS – 
created by Scherer and colleagues [32], we opted for IAPS because of its wider scope of validation in terms 
of cultural contexts.  Nonetheless, it is reasonable to anticipate that GAPED can be comparably powerful in 
the coming years due to the expanding related validation work. 

Another explanation could be that affect priming only has a temporary effect from the beginning of the 
cued-recall session and arguably does not cancel out all intermediary emotions experienced during the time 
delay. Nevertheless we did not observe any significant differences across the different intervening stimuli, 
hereby suggesting that CRD is robust in terms enabling participants to re-immerse into past experiences 
independent of the time delay (at least up to 24 hours) and intervening experiences. 

5.2  Implications 
Omodei and McLennan originally argued that successful re-immersion through video cues would enable 
study participants to re-experience emotions similar to when the original event took place [83]. While some 
recent work in the field of HCI has been conducted to verify this claim [9,22,25], our findings provide 
further indication of the validity of using cued-recall debriefing to retrospectively uncover emotional 
reactions of study participants. This work extends previous studies by systematically showing that factors of 
intervening time and intervening affect does not seem to significantly impact the re-immersion that takes 
place during cued-recall debriefing based on videos showing participants’ interactions with a system. 

A widely applied method such as experience sampling was proposed in the 1980’s by Larson and 
Csikszentmihaly [64] as a way to let study participants report on their experiences during the day by, for 
instance, prompting at random or fixed moments [101]. However, while reducing the bias of the memory-
experience gap, this also burdened participants and interfered with their daily activities [101]. As a response 
to this, Kahneman suggested the Day Reconstruction Method [58] in which participants reflect on their daily 
experiences towards the end of the day, which has also been used in HCI studies (cf. [62]). The Day 
Reconstruction Method, however, is based on free recall, hereby being susceptible to the memory-experience 
gap, which is critical to consider when aiming to understand emotional reactions given their fleeting nature 
[24,100]. CRD leans on the advantages of both experience sampling and day reconstruction as cues gathered 
throughout the day can be used to report experiences at the end of the day. Given this backdrop, we elaborate 
on the implications of these findings for CRD in the wild. 

Our contribution indicates that CRD, due to its stability in re-immersing over time and across various 
intervening stimuli, has the potential of complementing established ethnographic approaches used to study 
phenomena in the wild. This should be considered as an alternative to experience sampling and day 
reconstruction. As Scollon argues, it increases response rates if study participants can elaborate on their 
experiences at a later, more convenient time than is the case in typical experience sampling studies [101], 
and CRD seems to be robust for up to 24 hours after the fact. Rogers and Marshall [81] suggest the use of 
physiological data when conducting studies in the wild as they enable continuous data gathering on 
emotional experiences. The insights gained about the necessity of an intervening time period for a CRD 
session and of a “reset procedure” (or emotional rinsing) as the prelude of such a delayed CRD session can 
have considerable implications for research practice. These insights challenge the assumption that more 
consistent recall of thoughts and emotions can occur if CRD takes place immediately after the actual 
interaction when the memory is still fresh than if CRD is delayed. Thus, our work provides a critical step 
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further towards enabling HCI researchers to use CRD with physiological sensors for studying emotional 
reactions experienced in naturalistic settings. 

An examples use-case may be to measure emotional reactions over the course of a day through GSR or 
HR sensor. This can be done without interfering with daily activities as opposed to experience sampling and 
would give insights on e.g. high and low arousal episodes occurring during a day. Such measures can be 
coupled with automatic recordings of video, photos or other contextual data to provide cues that enable valid 
reflections of emotional experiences. Thus, besides the quantitative physiological data, study participants can 
describe their experiences qualitatively using cued-recall, hereby providing subjective insights into their 
experiences. Indeed, studies utilizing CRD are emerging in HCI with study participants wearing 
physiological sensors like in our case in order to enable reflections of the past, not only through video cues 
[9,22,24] but also through other types of cues based on screenshots and contextual cues such as photos, 
location data, nearby Bluetooth-enabled devices, usage logs etc. [26,59,93,105]. Our study is, to the best of 
our knowledge, the first to go beyond early exploration of CRD as we systematically assess its validity with 
regards to the factors of intervening time and affect. 

A caveat to consider though, is that participants in our study were asked to view ~20 minutes of data 
showing their entire interaction with an email client. This will not be feasible to do for data captured over the 
course of an entire day. Studies within HCI and Lifelogging have discussed this issue, which we touch upon 
in the following. Lifelogging studies focus on using wearable technology to make people reflect on and 
describe episodes from their daily lives [26]. Such studies have used image data for some time with the 
purpose supporting study participants in describing daily events. The SenseCam developed by Microsoft is 
an example of  a widely applied camera for such studies (cf. [4,11,53,59,60,89,102]). SenseCam captures an 
image every 30 seconds, yet, while providing much data, the amount can be overwhelming for participants, 
who likely may not wish to browse through 20,000+ images taken over the course of a day. Therefore, some 
filtering is necessary in order to select a manageable set of data that is then presented to study participants at 
the end of the day. SenseCam can do this through light and facial recognition sensors and a recent study have 
utilized a GSR sensor for selecting and presenting images based on the daily events that led to the highest 
levels of arousal [26]. 

Studies from HCI have also applied a manual approach to data filtering by letting study participants 
interpret physiological data on their own in order to extract and describe the most important episodes that 
happened during a day. Such manual filtering was based on showing raw GSR data in one study [23] while 
another applied visual transformation into abstract shapes and colours, although with varying preference 
[105]. Thus, the vast amount of cues captured throughout an entire day can be filtered in terms of extracting 
and presenting the most critical cues, and this can even be done by the study participants themselves 
[23,105]. Our study shows the potential of participants being able to re-immerse themselves into past 
experiences up to 24 hours after the fact, which implies that cued-recall can be considered a valid 
complement to established ethnographic data collection methods utilized to study phenomena in the wild. 
Furthermore, using physiological sensors in conjunction with CRD has the potential of enabling quantitative 
and qualitative insights into people’s emotional experiences at a more fine-grained scale than seen in studies 
based on experience sampling and day reconstruction. 

5.3  Limitations 
A caveat is that we did not identify a time threshold (i.e. the intervening time duration) or a stimulus type 
(i.e. the intervening affect with a specific combination of valence and arousal level) to produce the highest 
possible quality of CRD, which entails different experimental setups. Future work should entail 
identification of sweet spots in terms of these factors, which for instance could be to uncover more precisely 
at which point the intervening time duration leads to a decline in CRD’s ability to re-immerse into past 
experiences. Furthermore, the effect of the intervening affect could have been gauged by measuring a 
participant’s affective state immediately after she has viewed the IAPS images. The challenge, however, is to 
identify a right instrument that is valid, usable but short enough to ensure that the induced affective state 
remains. Nonetheless, this can lead to a paradoxical question whether such a measuring process would alter 
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the state being measured or even become yet another form of affect priming. We aim to explore this 
intriguing issue in our future work. 

Also, a constraint of our studies is that in the first viewing of the video (Phase 3 in Fig. 6), participants 
could not perform a running commentary because any talking can interfere with sensor measurements. 
Hence, we cannot draw any conclusion about the qualitative insights gained through cued-recall. However, 
the original study conducted by Omodei and McLennan [83] report on CRD enabling “direct, vivid, and 
immediate feedback about what an individual was actually doing at each point on the course and what 
thoughts, feelings, choices, plans, and decisions directed these actions”. This is also corroborated in [26] 
where it is reported that participant through CRD could “vividly recall details about their past experiences”. 
Nonetheless, we deem that it is relevant, as our future work, to conduct empirical studies to compare 
systematically the quality of retrospective think-aloud (TA) with cues to that without cues (cf. Section 2.1). 
In both conditions, physiological data (e.g. HR, GSR) for tracking emotional responses will be taken to 
substantiate the findings of this present work. Note, however, the feasibility of the planned work relies much 
on the availability of mobile wearable sensors with desirable characteristics, including their 
stability/sensitivity to bodily movements associated with TA (controlling noisy data), usability (minimising 
physical comfort), and affordability. 

It is extremely resource-demanding for handling a vast body of psychophysiological data. Within-subject 
experimental design is difficult, if not impossible, to implement for this research work whereas between-
subject one requires a good number of participants. These and other practical concerns have not allowed us 
to incorporate in our research studies the corresponding control groups, i.e. the  groups without any 
intervening time are not presented any pre-selected stimuli to examine the relationship between the quality of 
CRD and the variables of interest. 

6 CONCLUSION 
Over the course of two studies, we examined the robustness of Cued-Recall Debriefing (CRD) as a 
retrospective method for assessing user experience. In our studies of CRD robustness we analysed the effect 
of varying the duration of intervening time between actual interaction and CRD sessions. We also induced 
experiences of varying valence and arousal combination towards the end of the intervening time period to 
see how these impact CRD experiences. The main dependent variable is the level of correlation in 
physiological sensor data between actual interaction and CRD. For both studies we applied GSR and HR 
sensors and showed significant levels of correlation between actual interaction and CRD, regardless of the 
size of time delay (30 minutes, 60 minutes or 24 hours). We also found significant correlations across all 
valence experiences (positive, neutral and negative) and two levels of arousal (high and low). That level of 
correlation, however, required the datasets from actual interaction and CRD to be shifted with a few seconds 
(~.4 seconds). Results in terms of subjective SAM ratings are more mixed, although with the main tendency 
of insignificant differences in ratings between actual interaction and cued-recall. Overall, we argue for the 
robustness of CRD, which can be applied in diverse settings in today's research landscape.  Finally, as 
psychophysiological sensors have become more wearable, further work is needed to assess their uses in the 
wild outside the confinements of the lab. 
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Appendix A: A survey of the related work on comparing concurrent think aloud 
(CTA) and retrospective think-aloud (RTA) 1 Table 12. 
 

Table 10. Comparison studies on concurrent think-aloud (CTA)and retrospective think-aloud (RTA) in the 
context of usability testing. 

Author Year System Comparison Key Findings 
Bowers & 
Snyder [16] 

1990 Microsoft 
Word 

CTA vs. RTA  
 

CTA: Descriptive comments 
RTA: Explanatory comments/ 
Enhancement suggestions 

Hansen [48] 1991 Text editor Cued RTA: plain 
video playback vs. 
gaze-paths video 
playback 

RTA gaze-paths: more problem-
focused verbal comments 

Ohnemus & 
Biers [82] 

1993 Databased 
management 
system 

CTA vs. Immediate 
RTA vs. 24-hour-
delayed RTA 

RTA > CTA:  feedback for design 
CTA ~ RTA: Task performance 
RTA immediate ~ RTA delayed:  
value of verbal data 

Branch [20] 2000 Multimedia 
encyclopedia 

CTA vs. RTA uncued CTA and RTA provide 
complementary information  

Van den Haak, 
De Jong & 
Schellens [47] 

2003 Online library CTA vs. RTA  
 

CTA ~ RTA: Total number of 
UPs; Severity of UPs; Experience 
with TA; Task performance 

van Gog, Paas, 
van 
Merriënboer, & 
Witte [45] 

2005 Computer-
simulated 
electronic 
circuit 

CTA vs. RTA uncued 
vs. RTA gaze-paths 
video playback 

CTA > RTA gaze-paths > RTA 
uncued:  amount of problem-
solving process information 
(action, how and why) 

Guan, Lee, 
Cuddihy & 
Ramey [46] 

2006 Problem-
solving tasks  

RTA plain video 
playback, validated 
with gaze-paths, not 
used as cues 

RTA: Low risk of fabrication; 
Reliable despite omission; 
Validity unaffected by task 
complexity 

                                                                 
1 Those related studies with primary tasks not involving interactive technology should be analysed separately. For instance, Russo et al 1989 
conducted a comparison study on problem-solving tasks with four TA conditions: CTA, RTA with one’s own solution (response-cued) , RTA 
with the original problem (stimulus-cued), RTA with eye-fixations data (prompted). Their results showed that CTA led to lower task 
performance (reactivity) and RTA had the issues of omission and fabrication (nonveridicality). Kuusela and Paul (2000) conducted a 
comparison study on decision-making tasks on insurance offers between CTA and RTA (free-recall, un-cued) and concluded that CTA 
outperformed RTA in terms of number of verbal protocol segments.  
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Eger, Ball, 
Stevens & Dodd 
[34] 

2007 Search Engine CTA vs. RTA plain 
video playback vs. 
RTA gaze-paths video 
playback 

RTA gaze-paths > RTA plain > 
CTA: More UPs; Useful for 
evaluating more complex system 

Hyrskykari et al 
[54] 

2008 Car brokerage 
website 

CTA vs. RTA gaze-
paths video playback 

RTA > CTA: More data of higher 
quality; cognitive > behavioural 

Peute, de Keizer 
& Jaspers [85] 

2015 Digital health 
tech 

CTA vs. RTA CTA < RTA: Lower task 
performance for complex tasks; 
longer time, more errors, lower 
completion rate. 
CTA > RTA: More UPs of minor 
cosmetic nature. 
RTA > CTA: Verbalisations 
explanatory, more useful for 
redesign, more insights into 
complex UPs 

McDonald, 
Zhao & 
Edwards [75] 

2013 University 
website 

CTA vs. RTA 
stimulus-cued (the 
website evaluated) 
 

CTA>RTA: Number of UPs 
RTA> CTA: Better understanding 
about causes and impacts of UPs 

Alhadreti & 
Mayhew [2] 

2018 University 
library 
website 

CTA vs. Hybrid 
(CTA+RTA) vs.  
RTA plain video 
playback 

CTA ~ Hybrid > RTA: more UPs, 
minor problems on layout; cost-
effective (time) 

Appendix B: Data normalization algorithm 
Here below is a concise description of the algorithm for data normalization, which is based on 

Braithwaite & Watson [19]. 
a) Read recorded data from HR and GSR files and split them into the different tasks (and resting 

period). Splitting of Recall data is based on "Video playback started" event in ExternalEvents. 
Values less than 0 are ignored, as those are clearly sensor faults. 

b) Outliers (less than Q1 - 1.5 * IQR and larger than Q3 + 1.5 * IQR) are identified and removed for 
each task data sets (including resting period). 

c) Minimum value during resting period is identified and all values in tasks less than this value are 
removed from the data sets.  

d) Overall maximum is identified, by checking for the largest value in all the tasks. 
e) Currently the Z-score values are calculated with the formula "ZScore = (SCR - mean) / stdev" 

based on the cleaned datasets (outliers and values less than resting period minimum are removed).  
Specifically, mormalized values are calculated for each value, by subtracting 
minimumDuringResting and dividing by the personal range (maximumValueOverAllTasks - 
minimumValueDuringResting).  
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Appendix C: SAM Data 

C.1.1  SAM Data Collection Method 
The Self-Assessment Manikin (SAM) [18] was employed in Study 2 (phases 1 and 3) to complement the 

real-time physiological data.  We used a 9-point scale for the three dimensions – Valence/Pleasure, 
Activation/Arousal, and Control/Dominance, see section 2.4. 

The two independent variables of Study 2 were the length of time with three levels (0-hour, 1-hour and 
24-hour) and the stimuli of neutral valence with two levels of arousal (High, Low).  Each participant was 
asked to complete SAM after each task in Phase 1 and Phase 3 (Fig. 6 in the main text).   

 Actual-Task{i} (i = 1 to 11):  In the actual interaction phase, after each of 11 tasks has been 
performed; 

 Recall-Task{i} (i = 1 to 11): In the cued-recall phase, after the video of each of 11 tasks has been 
viewed;  

C.1.2  SAM Hypotheses 
The variable SAM-delta is operationalized as subtracting a Recall SAM rating from its corresponding 

Actual SAM Rating; this is applied for each of the three dimensions (Pleasure, Arousal and Dominance). The 
following SAM-related hypotheses (H5-H6) are formulated: 

 H5:  There are no significant differences in the SAM ratings between the Actual and Recall tasks 
for all the eleven tasks. 

 H6:  There are significant differences in the SAM-delta ratings (a) among the three groups with 
different lengths of intervening time (0-hour, 1-hour and 24-hour); (b) between the two stimuli 
groups (High arousal vs. Low arousal). 

In Study 2, both objective physiological data (GSR, HR) and self-report subjective data were collected. 
As discussed in Section 2.4, it is uncommon that these two sets of data are not significantly correlated [11]. 
The related hypothesis is formulated as follows: 

 H7:  There are no significant correlations between the objective physiological data and self-report 
SAM data.  

C1.3   SAM Results: Effect of Time and Stimuli - Post-task SAM Ratings 
Significant differences in SAM ratings between actual and recall tasks 

As the data are not normally distributed (Shapiro Wilk test, p <.05), non-parametric two-related sample 
(within-group) Wilcoxon Signed Ranks tests were used to evaluate whether the participants, for each of the 
eleven tasks, had different ratings for each of the three SAM dimensions after actual interaction and after 
cued-recall.  Table C1 summarizes the findings.   
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Table C1. A summary of the results of significant differences in the SAM ratings between actual interaction 
and cued-recall.  When a significant difference (p<.05) for a dimension is detected, the corresponding 

symbol (P = Pleasure, A = Arousal, D = Dominance) together with Z value of Wilcoxon Signed Ranks test is 
entered in the respective cell. The red bordered columns, T4 and T10, show the highest and lowest number 

of significant differences under different conditions, respectively. 

 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 

All  
(N=61) 

P 3.18 
D 2.37 

̶ P 2.19 
D 2.73 

D 2.92 ̶ P 1.96 P 2.3  
D 2.56 

̶ ̶ ̶  ̶

Time: 0-h  
Stimuli-No 
(N=18) 

P 2,57 
D 1.99 

̶ ̶ ̶ D 2.05 ̶ P 2.2 ̶ ̶ ̶ ̶ 

Time: 1-h  
(N=21) 

P 2.35 ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶ ̶ 

Time: 24-h  
(N=22) 

̶ D 2.22 D 2.37 D 3.13 ̶ ̶ ̶ ̶ ̶ ̶ A 2.63 

Stimuli-
High 
(N=23) 

P 2.31 ̶ ̶ D 3.11 ̶ ̶ ̶ ̶ ̶ ̶ ̶ 

Stimuli-
Low  
(N =20) 

̶ P 2.42 ̶ P 2.27 ̶ ̶ ̶ ̶ ̶ ̶ ̶ 

Some interesting patterns emerged.  When considering all conditions, the number of significant 
differences in any of the three dimensions (P, A or D) of the SAM ratings between the actual interaction and 
cued-recall sessions was low (cf. 17 out of 66 cells in Table C1) with a notable contrast between T4 (4 out of 
6 conditions) and T10 (none).  In fact, T10 was a simpler task involving one action (remove an email) as 
compared three actions for T4 (write -> save -> delete an email). Note that T10 was seeded with usability 
problems while T4 was not. 

Table C2. Descriptive statistics of the SAM ratings for the two tasks over all participants. For T4, the 
difference in the Dominance rating between actual interaction and cued-recall was significant whereas none 

of the dimensions was significant for T10. 

N = 61 (All 
participants) 

T4 T10 
Actual Interaction Cued-Recall Actual Interaction Cued-Recall 

Mean SD Mean SD Mean SD Mean SD 
Pleasure 6.38 1.54 6.11 1.58 5.97 1.57 5.55 1.81 
Arousal 3.66 1.85 3.39 1.74 4.13 1.85 3.90 1.85 
Dominance 7.36 1.78 6.75 1.91 6.41 1.99 6.05 2.07 

The descriptive statistics (Table C2) show that in both actual interaction and cued-recall, T10 had lower 
Pleasure and Dominance ratings than T4. In contrast, T10 had higher Arousal ratings than T4. These suggest 
that the usability problems seeded in T10 might undermine positive feeling and sense of control while 
increasing the activation level, and that the respective levels remained irrespective of the intervening time 
and stimuli.  In fact, 12 out of 17 significant differences were tied to T1, T2, T3 and T4, which were not 
seeded with usability problems. We argued that the usability problems seeded in the other tasks (T5-T11) led 
to stronger emotional responses in the participants, who could recall them more consistently with the given 
cues.  Overall, H5 was rejected. 

Significant differences in SAM-delta ratings across the conditions 

We looked into the extent to which the participants change their ratings from the actual interaction to 
cued-recall sessions.  The range of changes can be from -8 to +8, given the 9-point Likert scale of SAM we 
used. To render visualisation less complicated (Fig. C1), we grouped the changes into five sub-ranges: 
Decreased by -5 to lower bound (-6, -7 or -8); Decreased by -1 to -4; Unchanged (0); Increased by 1 to 4; 
Increased by 5 to upper bound (6, 7 or 8).  
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In general, Pleasure and Arousal showed similar patterns. For most of the tasks, the percentages of 
Unchanged and Decreased by -1 to -4 were comparable and slightly higher than Increased by 1 to 4.  The 
percentages of the extreme changes at both ends were relatively small (less than 5%).  However, Dominance 
showed a different pattern: the percentage of Decreased by -1 to -4 was higher than that Unchanged for 
seven tasks.  The percentage of the extreme change Increased by 5 to 7 was higher than in the case of 
Pleasure and Arousal.  Among the eleven tasks, T7 (‘Send a Draft’ with seeded usability problem) showed a 
unique pattern for all three ratings: The percentage of Increased by 1 to 4 was higher than that of the other 
subranges.  As shown in  Table C1 (the first row), the increases in the Pleasure and Dominance ratings were 
statistically significant. The seeded usability problem of T7 caused the blocked access to draft emails, 
leading to unpleasant feeling and perceived loss of control in the participants during actual interaction 
(MeanPleasure = 3.74, SD =1.58; MeanDominance = 3.69, SD=2.02), but the intensity of these negative 
emotional responses reduced over time in cued-recall (MeanPleasure = 4.21, SD=1.87; MeanDominance = 
4.48, SD=2.39). 
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Fig. C1. Changes in the SAM ratings (a) Pleasure (top), Arousal (middle) and (c) Dominance (bottom) 
across the eleven tasks and over all cases (N = 61). 

 To evaluate H6a and H6b, for each of the eleven tasks, we computed delta ratings for each of the three 
SAM dimensions for each participant. In other words, each participant had 33 delta ratings (i.e. 3 dimension 
x 11 tasks).  As the delta scores were not normally distributed (Shapiro Wilk test, p <.05), non-parametric k-
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independent (between-group) Kruskal-Wallis tests were used to evaluate whether there were significant 
differences among the three intervening time groups (0-hour, N = 18; 1-hour, N = 21; 24-hour, N = 22).  

Results showed that among the 33 SAM-delta ratings, only two were significant, namely Pleasure for T4  
(H = 5.96, df = 2, p = 0.05) and Dominance for T5 (H=7.21, df =2 , p = 0.027) (for descriptive statistics, see 
Table C3).  Note that T4 is ‘write and delete email’ without seeded usability problems whereas T5 is ‘add 
attachment’ with seeded usability problems (Table 1 in the main text).  Mann-Whitney tests were used to 
evaluate the  delta Pleasure ratings for T4.  The 0-hour group differed significantly from the 1-hour (U = 
118, Z = 2.059, p = 0.039) and from the 24-hour groups (U = 119.5, Z = 2.23, p = 0.026), indicating that 0-
hour group tended to increase their Pleasure ratings (M = 0.44, SD = 1.25) whereas the 1-hour and 24-hour 
tended to decrease their ratings (M=0.57, SD = 2.23; M= 0.55, SD = 1.26) in the Recall phase.  Similarly, in 
case of Dominance for T5, results of the Mann-Whitney tests showed a highly significant difference between 
0-hour and 24-hour (U = 100, Z = 2.681, p<.001), with the 0-hour group decreasing their Dominance rating 
during cued-recall (M = 1.5, SD = 2.75) and the 24-hour group increasing it (M=0.86, SD = 2.32).   

Table C3. Descriptive statistics for the Pleasure-delta ratings for T4 and Dominance-delta ratings for T5 
where significant differences among the three intervening time groups were found.  

Pleasure-Delta for T4 Mean SD Medium Range 
0-hour (N=18) -0.44 1.25 0 (-4) to 1 
1-hour (N=21) 0.57 2.23 1 (-4) to 7 
24-hour (N=22) 0.55 1.26 0.5 (-2) to 3 

Dominance-Delta for T5 Mean SD Medium Range 
0-hour (N=18) 1.5 2.75 1 (-2) to 8 
1-hour (N=21) 0.1 2.57 1 (-6) to 4 
24-hour (N=22) -0.86 2.32 -1 (-6) to 4 

Similarly, Mann-Whitney tests were applied to evaluate whether there were significant differences 
between the two intervening affect groups (i.e. High- and Low-arousal-stimuli).  Results showed that there 
was only one significant difference in the Pleasure-delta for T2 (U = 152, Z = 1.953, p = 0.05) (for 
descriptive statistics, see Table C4), indicating that the High-arousal-stimuli group tended to increase their 
Pleasure rating (M = 0.04, SD = 1.80), though slightly, whereas the Low-arousal-stimuli group tended to 
decrease it (M=1.00, SD =1.59).  

Table C4. Descriptive statistics for the Pleasure-delta ratings for T2 where significant difference between 
the two intervening affect groups was found.  

Pleasure-Delta for T2 Mean SD Medium Range 
Low-Arousal (N=23) -0.04 1.79 0 (-4) to 4 
High-Arousal (N=20) 1 1.59 1 (-2) to 4 

Correlation between SAM ratings and GSR/HR data 

To verify the hypothesis on the relationship between the objective physiological data and subjective self-
report data, bivariate Pearson’s correlation tests between the two sets of data were computed, given the 
normal distribution (Shapiro Wilk test, p>0.05).  Prior to that, the data normalization process of GSR/HR 
data [19] was carried out to control individual differences, and then the mean GSR/HR per task was 
calculated.  

Results are shown in Table C5 (actual interaction) and Table C6(cued-recall).  None of the mean GSR 
data for actual interaction or cued-recall were significantly correlated with the SAM ratings. In contrast, 
significant correlations were found between the mean HR data and SAM ratings for two tasks (T2, T5) in the 
case of actual interaction and for four tasks (T1, T8, T9, T10) in the case of cued-recall.  

To examine whether there would be the peak-end effect as observed in [19], we computed the 
correlations between the maximum GSR/HR measures (i.e. the peak value) of a specific task and the 
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corresponding post-task SAM ratings; the same for the last GSR/HR measures of that task (i.e. the end 
value).  For GSR of actual interaction, T7 had significant correlations for the peak and end value, and T8 for 
the peak value. For GSR of cued-recall, none of the tasks had any significant correlation for the peak and 
only T7 for the end. A slightly different pattern was observed for HR: for actual interaction, two tasks (T8 
and T9) for the peak and two tasks (T6 and T7) for the end were significant; for recall, only one task (T8) for 
the peak and four tasks (T2, T3, T8 and T9) for the end.  Overall, the Peak-End effect was not strongly 
supported by the findings.  

Table C5. Correlations between SAM ratings and  GSR/HR data per task (T) for actual interaction. N = 45, 
ns.= non-significant. In case of significant correlation (p<.05), the corresponding symbol (P=Pleasure, 

A=Arousal, D=Dominance) and r value is entered in the respective cell. 

 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 
GSR (mean) ns ns ns ns ns Ns ns ns ns ns ns 
GSR (peak) ns ns ns ns ns Ns P(.42) 

D(.38) 
A(.35) ns ns ns 

GSR (end) ns ns ns ns Ns Ns P(.36) 
D(.37) 

ns ns ns ns 

HR (mean) ns A(.34) ns ns A(.31) 
D(.32) 

Ns ns ns ns ns ns 

HR (peak) ns ns ns ns ns ns ns P(.32) D(.33) ns ns 
HR (end) ns ns ns ns ns P(.32) D(.31) ns ns ns ns 

Table C6. Correlations between SAM ratings and GSR/HR data per task (T) for cued-recall. N = 45, ns.= 
non-significant. In case of significant correlation (p<.05), the corresponding symbol (P=Pleasure, 

A=Arousal, D=Dominance) and r value is entered in the respective cell. 

 T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 
GSR(mean) ns ns Ns ns ns ns ns ns ns ns Ns 
GSR (peak) ns ns Ns ns ns ns ns ns ns ns Ns 
GSR (end) ns ns Ns ns ns ns A(.31) ns ns ns Ns 
HR (mean) ns ns Ns ns ns ns ns P(.31) P(.31) P(.41) 

A(.37) 
Ns 

HR (peak) ns ns Ns ns ns ns ns D(.33) ns ns Ns 
HR (end) ns A(.48) P(.31) ns ns ns ns P(.31) D(.37) ns Ns 
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