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Towards Efficient Emotion Self-report Collection Using Human-AI
Collaboration: A Case Study on Smartphone Keyboard Interaction
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Fig. 1. Human-AI Collaborative Emotion Self-report Collection (HACE) framework for smartphone keyboard-based interaction
scenario. (a) In traditional approach (absence of Human-AI collaboration), the user provides input for emotion self-report
probe after every typing session. (b) In the HACE framework, a user is probed only for those typing sessions for which the
self-report can’t be estimated with high confidence. So, the user responds to fewer probes, and survey fatigue is reduced.

Emotion-aware services are increasingly used in different applications such as gaming, mental health tracking, video
conferencing, and online tutoring. The core of such services is usually a machine learning model that automatically infers
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its user’s emotions based on different biological indicators (e.g., physiological signals and facial expressions). However,
such machine learning models often require a large number of emotion annotations or ground truth labels, which are
typically collected as manual self-reports by conducting long-term user studies, commonly known as Experience Sampling
Method (ESM). Responding to repetitive ESM probes for self-reports is time-consuming and fatigue-inducing. The burden
of repetitive self-report collection leads to users responding arbitrarily or dropping out from the studies, compromising
the model performance. To counter this issue, we, in this paper, propose a Human-AI Collaborative Emotion self-report
collection framework, HACE, that reduces the self-report collection effort significantly. HACE encompasses an active learner,
bootstrapped with a few emotion self-reports (as seed samples), and enables the learner to query for only not-so-confident
instances to retrain the learner to predict the emotion self-reports more efficiently. We evaluated the framework in a
smartphone keyboard-based emotion self-report collection scenario by performing a 3-week in-the-wild study (N = 32).
The evaluation of HACE on this dataset (≈11,000 typing sessions corresponding to more than 200 hours of typing data)
demonstrates that it requires 46% fewer self-reports than the baselines to train the emotion self-report detection model and
yet outperforms the baselines with an average self-report detection F-score of 85%. These findings demonstrate the possibility
of adopting such a human-AI collaborative approach to reduce emotion self-report collection efforts.

CCS Concepts: • Human-centered computing→ Human computer interaction (HCI); • Computing methodologies
→ Machine learning; Active learning settings.
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1 INTRODUCTION
Many emotion-aware applications, such as online meeting platforms and affective tutoring systems, have recently
been designed to improve user experience and engagement [29, 48]. These applications typically use a machine
learning (ML) model to automatically infer the user emotion and accordingly adapt the flow of the application to
maintain user engagement. Generally, the ML models leverage one or more biological indicators such as facial
expressions, speech patterns, and physiological signals to accurately infer the user’s emotion [34, 39, 61]. However,
one major challenge encountered while training these models is the requirement of a large number of emotion
ground truth labels. The emotion ground truth labels are typically collected as emotion self-reports by running a
long-term user study called Experience Sampling Method (ESM) [36]. But as ESM-driven studies require users
to respond to repetitive emotion self-report questionnaires, the user burden increases significantly. Therefore,
many users arbitrarily respond to the emotion self-reports or drop out in-between from the study [47, 50]. Both
arbitrary self-reports and in-between dropouts impact the model quality and, therefore, the overall performance
of these emotion-aware applications. Thus, research effort is required to develop efficient emotion self-report
collection approaches to reduce the user burden.
In the existing literature, researchers have adopted different approaches to reduce the emotion self-report

collection efforts in ESM studies. First, one of the most widely used approaches is to trigger the emotion self-report
probes when a specific event occurs (e.g., after applying a particular stimulus (audio, video, image), or after
performing a specific task (physical training, upon reaching the desired location)) instead of continuously probing
users at a fixed time interval [11, 49]. While the event-triggered strategies help to reduce the number of probes
compared to time-triggered ones, the complexity and number of probes can increase if the number of events
to be monitored is large [5, 47]. Second, to counter these challenges, probing strategies have been designed to
issue probes only when there is a significant variation in physiological signals (e.g., heart rate, GSR) [2]. Third,
another line of work targets to reduce the self-report collection effort by probing at the opportune moments
when the user is interruptible [28, 35, 70, 81]. These approaches typically leverage different contextual cues
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(e.g., the transition from one activity to another [18], phone’s ringer mode, and last survey response [51]) from
sensor data to figure out the user’s availability to respond to emotion self-report probes so that the interruption
can be minimized [44–46]. Finally, applying the Human-AI collaborative approach is another commonly used
practice to reduce annotation effort [43]. While such strategies are used in other domains (e.g., human activity
recognition (HAR) [1]), to the best of our knowledge, no prior work investigated the application of the Human-AI
collaborative approach for easing out the emotion self-report collection effort in ESM studies.
Developing a Human-AI Collaborative approach to reduce the emotion self-report collection effort requires

addressing multiple challenges. First, it may not be feasible to devise a probe reduction strategy leveraging data
from various sensors as a particular sensor stream may not be available for a given ESM study [71], or it may
have privacy issues [54], or it may incur significant resource cost (e.g., GPS) [7]. Therefore, the devised approach
should leverage only those data streams that are collected as part of the ongoing ESM study. Second, the selected
sensor stream(s) must capture noticeable differences among different emotion self-reports so that the self-report
probing strategies can be developed leveraging such differences. Finally, as the objective is to reduce the user
burden (i.e., the number of emotion self-report probes), the Human-AI collaborative framework should figure out
these differences confidently with little user intervention (i.e., it should require as few emotion self-reports as
possible).
We, in this paper, propose a Human-AI Collaborative Emotion self-report collection framework, HACE, that

reduces the emotion self-report collection effort in a long-term ESM study addressing the challenges mentioned
above. The human and AI collaboration happens in making the emotion self-report collection (i.e., during the data
collection and labeling stage of a human-in-the-loop approach [43]) more efficient. In specific, the framework
encompasses an active learning strategy, which allows instantiating the learner with a few emotion self-reports
(i.e., seed samples) and train a basic emotion self-report prediction model. Later, when more instances are available,
they are passed through the emotion self-report model to predict the emotion self-report for those instances. If
the learner is confident about the outcome, the predicted emotion self-report is used, and the user is not probed
further. However, if the learner is not confident about the prediction, then a self-report probe is triggered to the
user, and the learner is retrained with the newly (user) provided emotion self-report so that it becomes more
accurate in predicting future emotion self-reports. In the entire process, as the emotion self-reports are collected
from the user onlywhen the learner is not confident, it requires the user to respond to fewer probes, and therefore,
the user burden in the long-term ESM study is reduced substantially.

We demonstrate the working of the HACE framework with a case study (Section 3) on smartphone keyboard
interaction. We selected the smartphone keyboard interaction for the case study for two reasons. First, it is one of
the widely used modalities for emotion inference due to the overwhelming usage of different instant messaging
applications [76]. Second, smartphones are the widely used device for the in-situ sampling of human behavior [5].
We present the schematic diagram of the HACE in the smartphone keyboard interaction scenario in Fig. 1. Unlike
traditional approaches of seeking emotion self-report after every typing session (i.e., the time spent on a single
app at-a-stretch before changing to the next one), we probe the user only for those sessions when the learner
embedded in the HACE is not confident; thus helping to reduce the number of self-report probes to be responded
by the users. For the case study, we developed an Android-based QWERTY keyboard that allows tracking typing
interaction patterns (not the actual content) such as typing speed, typing duration, and typing error and collects
emotion self-reports (happy, sad, stressed, relaxed) after the typing sessions. The participants used this app for
their daily typing activities and emotion self-reporting.
We performed a 3-week in-the-wild user study involving 32 participants that led to the collection of ≈11,280

typing sessions (total duration of these sessions ≈203 hours). The analysis of this collected dataset reveals that
typing characteristics (such as typing speed and session length) and previous responses vary significantly across
four different emotion self-reports (Section 4.4). The active learner leverages these cues based on a few seed
samples and trains a base model for emotion self-report prediction. The learner predicts the emotion self-report
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once a typing session is generated, and if it is not confident about the outcome (i.e., can’t predict the outcome with
a high probability), it probes the user for the emotion self-report and retrains itself (Section 5). These Human-AI
collaborative design choices help to reduce the self-report probes by 46% and yet detect the emotion self-reports
with an average F-score of 85% (Section 6.2, 6.3). We carry out a thorough explainability analysis (appendix A.1)
that reveals typing cues (such as typing speed, session length) and emotion self-reporting characteristics play a
significant role in distinguishing different emotion self-reports. The superior performance of HACE is further
backed by a theoretical explanation (appendix A.2). In summary, the key contributions of this paper are as follows,

• We describe the design and implementation of HACE, a Human-AI collaborative framework (encompassing
an active learning module) to reduce the emotion self-report collection effort in long-term ESM studies. We
show the implementation of the framework with a case study on smartphone keyboard interaction. We provide
fine-grained details of the implementation of the active learning framework.

• To evaluate the framework, we performed a large-scale in-the-wild user study with 32 users who provided
keyboard interaction data and emotion self-reports for three weeks, resulting in 203 hours of typing data.
From the user study, we observed that HACE required 46% fewer self-reports as compared to the traditional
self-reporting approaches. Although HACE approximately halves the number of user self-report inputs, it
detects the emotion self-reports with an average F-score of 85%.

• We also performed the explainability analysis to highlight that relevant typing characteristics (e.g., speed,
session length) and self-reporting patterns play an important role in distinguishing emotion self-reports.

2 RELATED WORKS
In this section, we discuss the related works in terms of the (a) emotion ground truth collection in ESM-based
studies, (b) emotion self-report collection for smartphone keyboard-based emotion detection, and (c) usage of
Human-AI collaborative approaches to reduce the manual labeling effort.

2.1 Emotion Ground Truth Collection in Experience Sampling Method Studies
In behavioral research, one of the most commonly adopted approaches for emotion ground truth collection is
the Experience Sampling Method (ESM) [30, 36], which allows in-situ sampling of user behavior using a set of
questionnaires. Traditionally, users maintained a diary entry to keep track of various events. More recently, with
the proliferation of wearable devices and smartphones, the in-situ sampling of behavioral data is performed
by triggering notifications [5]. In the case of emotion-related studies, researchers usually collect the emotion
ground truth labels as self-reports by collecting responses from the users to these ESM probes [40, 52]. One
major challenge in ESM-driven self-report collection is that the participants must respond to repetitive self-report
probes over the duration of the study. As a result, the self-report collection process becomes time-consuming and
labour-intensive [5, 47, 50].
Currently, to reduce the user burden, typically time-triggered ESM probes are scheduled at fixed intervals so

that the users need to respond to fewer probes [40, 75]. However, longer time-interval can lead to missing out on
key events. To avoid this, in some studies, event-triggered schedules are also used [19, 53]. Some researchers also
recommended the usage of a hybrid schedule by combining both time-triggered and event-triggered schedule so
that an ESM probe is triggered only when an event takes place and there is sufficient gap between two consecutive
ESM probes [23]. In some emotion self-report collection studies, researchers have also recommended the usage
of continuous emotion rating collection approach to collect more fine-grained emotion self-reports [60, 79].
However, as continuous self-report collection significantly increases user burden, researchers also recommended
performing the ESM probing opportunistically, i.e., only when there is a significant variation in one of the
physiological signals of the user [2].
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More recently, the researchers have started to investigate different approaches of collecting emotion ground
truth without collecting the self-reports. These approaches have the potential to overcome the self-reporting
burden. For example, Tag et al. [65] developed smartphone application to capture the facial images and extracted
the emotion captured in the images by invoking state-of-the-art facial emotion recognition tools (Affectiva API1).
Similarly, Khalid et al. analyzed phone data to construct a social network and integrate the temporal dynamics to
determine self-reported happiness and stress levels [33]. Notably, in these approaches, the emotion self-reports
are inferred from alternative modalities, which may not be available in all ESM related studies.

2.2 Emotion Self-report Collection for Smartphone Keyboard Interaction Based Emotion Detection
With the proliferation of smartphones and the overwhelming usage of different instant messaging applications
such as Whatsapp, and Facebook messenger, it is common for people to express their emotions frequently through
these apps [37, 55, 76]. As a result, smartphone keyboard interaction patterns (not actual content) have been
leveraged for unobtrusive mental health monitoring, stress measurement, and emotion-aware services [9, 26, 63,
74]. Researchers have demonstrated that keyboard interaction patterns (e.g., typing speed, touch pressure, error
rate) can be used to develop machine learning models for emotion inference [22, 63, 73, 74]. At the same time,
they acknowledged that collecting the emotion self-reports to develop smartphone keyboard interaction-based
emotion-aware applications is challenging due to the repetitive nature of self-report collection [5, 41, 73].

To address these challenges, researchers adopted different strategies for efficient emotion self-report collection
in the context of smartphone keyboard interaction. For example, Ghosh et al. developed a 2-phase ESM protocol,
where the first phase generates the ESM probes based on the amount of typing performed by the user, and
the second phase employs a machine learning model to issue (or skip) the ESM probe if the user attention is
not available [24]. Researchers also demonstrated that by leveraging the time-domain and frequency-domain
representations of typing interaction patterns, it may be possible to trigger the ESM probes at the opportune
moments [27]. However, these approaches primarily concentrate to find the suitable probing moments (when user
attention is available) and do not necessarily aim to reduce the number of probes that the user needs to respond.
On the contrary, HACE aims to reduce the number of probes by asking the user only for the not-so-confident
typing sessions.

2.3 Human-AI Collaborative Approach to Reduce the Annotation Effort
In a typical Human-AI collaborative approach, the interaction between humans and AI occurs at the following
stages - (a) data producing and pre-processing, (b) ML modeling, and (c) model evaluation and refinement [43].
Among all these stages, data labeling in the first advocates for co-operations between human and AI as gathering
labeled data is one of the challenging tasks while developing a machine learning model [64, 68, 69, 78].
One of the most commonly used machine learning approaches in the data labeling process is active learning,

in which the key idea is that if a model is trained intelligently with informative instances, it can perform well
even with less training data [57]. This idea is useful in different scenarios (e.g., image classification [8, 20], image
retrieval [4], image captioning [15], interruptible moment identification [28]), where obtaining labels is expensive
(time-consuming, resource-consuming) [80]. Broadly, there are two types of active learning algorithms - (a) stream-
based, where the unlabeled samples are generated as a stream of data [10], and (b) pool-based, where a large
pool of unlabeled samples is available [38]. In active learning, first, a base model is trained with a set of labeled
samples (known as seed samples), and then the model selects the next unlabeled instance and decide, whether it
should query for the label of that instance. To select the next unlabeled instance, different query strategies (e.g.,
query-by-committee, uncertainty sampling, mutual information based sampling) are used [13, 32, 58]. Among
these, uncertainty sampling is the most widely used approach in which the model queries for the instances

1https://www.affectiva.com/. Accessed: 04/24/2023.
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it is most uncertain about [3, 12, 38, 58]. In the existing literature, different notions of uncertainty are used,
e.g. margin [3], least confidence [12], entropy [58]. Once the label is acquired from the user, the base model is
retrained (at a certain rate, based on the application) to make it more accurate for future predictions.
Key Takeaways: Summarizing the discussion on the related works, we observe that to reduce the emotion

self-report collection effort in ESM-based studies, different approaches have been practiced. We also note that
Human-AI collaboration approaches are used in different domains to reduce the annotation effort, although the
application of such a collaborative approach is not explored in the context of emotion self-report collection. This
gap in the literature introduces the opportunity for developing a Human-AI collaborative approach for efficient
emotion self-report collection, which we investigate in this work.

3 CASE STUDY: SMARTPHONE KEYBOARD BASED EMOTION SELF-REPORT COLLECTION
This work focuses on efficient collection of emotion self-reports based on smartphone keyboard interaction. A
keyboard is one of the most popular modalities for inputting user data into the smartphone. Several researchers
have used this input modality in the past for emotion recognition [9, 22, 63]. In this section, we discuss in detail
the user study in terms of experiment apparatus, data logging, and the study procedure. This work has been
approved by our institute’s ethics committee, and we have obtained the IRB approval prior to the user study.

(a) App keyboard (b) Self-reporting UI (c) Circumplex model [56] (d) Emotion and VA relationship

Fig. 2. Experiment Apparatus - (a) The app keyboard was used to trace typing interactions, (b) the self-report UI was used to
collect the emotion self-report, (c) the Circumplex model of emotion, which guides the self-report UI design, (d) relationship
among the selected emotions and the valence-arousal (VA)

3.1 Experiment Apparatus
We developed the experiment apparatus (Fig. 2) consisting of two major components. The first component is
an Android QWERTY keyboard (Fig. 2a) based on Android Input Method Editor (IME) that facilitates tracing
user’s keyboard interactions. This keyboard allows us to capture the user’s typing pattern. One must note that to
mitigate any privacy concerns, we do not store any alphanumeric character that the user inputs. The second
component is an emotion self-report collection UI (Fig. 2b), which captures the emotion self-report response
from the user. The self-reporting UI consists of four emotions (happy, sad, stressed, relaxed); the users need to
select one emotion at a time based on what they are experiencing at the moment, and press the ‘Record Emotion’
button to log the data.
We select these emotions based on the Circumplex model (Fig. 2c) of emotion [56]. According to this model,

human emotion comprises two dimensions - valence (indicating the pleasure) and arousal (indicating the
activeness). As a result, the Circumplex model represents emotions in a 2D plane in four quadrants. Selecting
a representative emotion from each quadrant allows to cover the different spectrum of valence and arousal.
Therefore, we select these four emotions (happy, sad, stressed, relaxed), which belong to different quadrant of the
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Circumplex plane. We show the mapping between these emotions and their valence and arousal (based on the
position on the Circumplex plane) in Fig. 2d. We did not consider the neutral emotion in the self-report UI. This
is primarily because neutral emotion is at the origin of the Circumplex plane, (valence = arousal = 0); therefore,
maintaining the same reference for the participants in a long-term study can be challenging. Additionally, we
kept the interface simple by explicitly recording the emotion. We did not consider the intensity of perceived
emotion, which can make self-reporting difficult. We also keep the provision of No Response, so that the user can
skip self-reporting by selecting this option.

3.2 Logging Keyboard Interactions and Emotion Self-reports
We next describe how we capture the user’s keyboard interaction and associated emotion using the apparatus
described in Section 3.1.

Tracing Keyboard Interactions: Once a user types on their phone using the app keyboard (Fig. 2a), we log
details relevant to every typing session, which is defined as the time period spent by the user at-a-stretch on a
single application. In specific, we capture the timestamp of every touch event in a session and then compute the
elapsed time between two consecutive touch events. This interval is defined as the Inter-tap duration (ITD). For
instance, we represent a session 𝑆 of length 𝑆𝑙 (= 𝑛) as a sequence of timestamps [𝑡1, 𝑡2, 𝑡3, ...𝑡𝑛], depicting the
respective touch events, with session duration 𝑆𝑑 = 𝑡𝑛 − 𝑡1. We measure ITD as 𝑣𝑖 = 𝑡𝑖+1 − 𝑡𝑖 , which reflects the
typing speed of the user; a higher value of ITD indicates a lower typing speed. Hence, a session 𝑆 may be further
expressed as a sequence of ITDs, 𝑆 = [𝑣1, 𝑣2, 𝑣3, ..., 𝑣𝑛], where 𝑣𝑖 indicates the 𝑖𝑡ℎ ITD. Additionally, we record the
usage of the backspace or delete keys pressed in a session, which helps to identify the amount of typing mistakes
made in a session.

Collecting Emotion Self-reports & Labeling Typing Sessions:We also collect self-reported emotions from
users. We probe the user at the end of a typing session (i.e., time spent on a single app at-a-stretch). In specific,
once the user completes typing in an application, and switches from the current application, we probe the user
for the emotion self-report. We do not probe the user even if the text input is done but the user stays on the same
application (i.e., continues with the same session). The emotion self-report collector UI is shown in Fig. 2b. We
associate the provided emotion self-report with the current typing session. We discard the sessions tagged with
No Response and do not consider them in our analysis.

3.3 Study Procedure
We recruited 36 participants (24M, 12F) aged between 20 to 35 years from our university. The average age of the
participants was 28.7 years (std. dev. 4.7). We installed our application on their smartphones and asked them
to use it for three weeks for regular typing activities and emotion self-reporting. We also informed them that
they would receive a self-report pop-up once they completed typing in an application and switched from the
current application. Once the self-report pop-up was delivered to the user, it remained in the foreground. There
was no timeout for the pop-up. A user could dismiss the pop-up either by recording the emotion self-report or by
swiping it away. The participant was required to record their perceived emotion from one of the four available
options. The participants were further instructed that if they wished to skip answering a probe, they should
select the No Response button instead of dismissing the pop-up.
As we were interested in capturing momentary emotional variations during typing, we probed the user

immediately after the typing session (i.e., the user completes typing in an application and changes the application).
This allowed to capture the self-reports close to the typing sessions and reduced the possibility of emotion
attenuation. To reduce this fading effect of emotion, we did not consider the self-reports, which were collected
after 3 hours (the same interval was used in earlier works [22]) of a typing session. At the end of the study, we
observed that out of the 36 participants, 4 participants did not provide enough self-report, i.e., they provided
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less than 50 self-reported emotion states during the three weeks of usage. We did not use their data for analysis
(the same number of self-report labels was used in earlier works [22]). We ran all analysis on the remaining 32
participants’ data (22 M, 10 F).

4 DATA ANALYSIS: FEATURE EXTRACTION AND FEASIBILITY STUDY

4.1 Dataset Description
We collected a total of 11285 typing sessions from the participants. This corresponds to 203.5 hours of typing data.
We issued on average 16.8 probes per day for every user corresponding to these typing sessions. We obtained
16.6% of No Response sessions, which we eliminated (See Fig. 3a). As a result, our dataset consists of 9409 typing
sessions tagged with different emotion self-reports. The average number of sessions for every user is 294.03
(std. dev 124.51). The median and 75𝑡ℎ percentile session duration is 46.1 sec. and 166.3 sec. respectively. We
observed most sessions (56%) were tagged with the relaxed emotion, whereas 21%, 16%, and 7% sessions were
tagged with stressed, happy and sad emotion respectively (See Fig. 3b). The imbalance in emotion distribution
can be attributed to the in-the-wild nature of the study, which does not allow inducing specific emotion. Similar
findings have been reported in previous studies [22, 40] We summarize the final dataset in Table 1.

(a) No Response and Emotion distribution (b) Emotion-wise session distribution

Fig. 3. Distribution of typing sessions - (a) distribution ofNo Response and emotion label sessions (b) emotion-wise distribution
of different typing sessions.

Table 1. Final dataset details

Total typing sessions 11285
Total typing duration
(in Hr.) 203.5

No Response sessions
(eliminated) 1876

Total sessions
(tagged with emotions) 9409

Session duration
(median, 75𝑡ℎ percentile) 46.1 sec, 166.3 sec.

User-wise avg. no of session 294.03 (SD: 124.51)
User-wise avg. no daily ESM probes 16.8 (SD: 4.17)

These findings demonstrate that a few emotions (e.g., relaxed, stressed) are reported more commonly. Thus, the
availability of a mechanism to automatically detect the emotion for the frequently occurring sessions can avoid
probing for such sessions and therefore, the total number of probes that the user responds to can be reduced.
Next, we discuss the interaction characteristics that can be used to detect the emotion for a typing session.
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4.2 Typing Features for Emotion Detection
We extracted the following typing features of a session 𝑆 : (a) typing speed (𝑆𝑀𝑆𝐼 ), (b) error rate (𝑆𝐸𝑟 ), (c) special
character fraction (𝑆𝑆𝑝 ), (d) session length (𝑆𝑙 ), (e) session duration (𝑆𝑑 ). We represent the typing speed in a session
𝑆 as Mean Session ITD (MSI), where we compute the mean of all ITDs present in session 𝑆 as 𝑆𝑀𝑆𝐼 =

∑𝑛−1
𝑖=1 𝑣𝑖
𝑛−1 .

We compute the typing mistakes performed in a session by counting the total number of backspace (or delete)
key pressed in a session (say, 𝑐), and compute as 𝑆𝐸𝑟 = 𝑐

𝑛
. Any non-alphanumeric character (except backspace

and delete) inputted in a session is considered as a special character. If there are 𝑘 number of special characters
present in a session, we compute the special character fraction as 𝑆𝑆𝑝 = 𝑘

𝑛
. The session length (𝑆𝑙 ) is the total

number of touch events in the session, and the session duration (𝑆𝑑 ) is the difference between the last and
first touch timestamp (𝑆𝑑 = 𝑡𝑛 − 𝑡1). To handle the inter-subject variability [66], we normalize each feature
as 𝑥 ′ = 𝑥−𝑚𝑖𝑛 (𝑋 )

𝑚𝑎𝑥 (𝑋 )−𝑚𝑖𝑛 (𝑋 ) , where 𝑋 ∈ {𝑆𝑀𝑆𝐼 , 𝑆𝐸𝑟 , 𝑆𝑆𝑝 , 𝑆𝑙 , 𝑆𝑑 } is the set of values recorded for a feature across all
individuals, 𝑥 is one instance of the set 𝑋 ,𝑚𝑖𝑛(𝑋 ),𝑚𝑎𝑥 (𝑋 ) indicate minimum and maximum of the set 𝑋 .

4.3 Self-report Transition Features for Emotion Detection
Existing literature on ESM-based emotion self-report collection suggests that often current emotion self-report is
influenced by the previous emotion self-report due to the persistence effect of emotion [72]. More specifically,
the emotion self-report at 𝑛𝑡ℎ session is influenced by the emotion self-report of the (𝑛 − 1)𝑡ℎ typing session, and
this relationship can be modeled using the Discrete Time Markov Chain [62]. To capture this persistence effect,
we compute the probability of different emotion self-reports for 𝑛𝑡ℎ session as shown in Fig. 4. Mathematically,
we express the same as follows,

𝑒𝑛 = 𝑒𝑛−1 .𝑃 (1)
where 𝑃 is the transition matrix containing the state transition probabilities and 𝑒𝑛 denotes the probabilities of
different emotions of 𝑛𝑡ℎ session, 𝑒𝑛−1 denotes the self-report of (𝑛 − 1)𝑡ℎ session. The state space of 𝑒𝑖 contains
the set of recorded emotion states {happy, sad, stressed, relaxed}. To calculate the transition matrix (𝑃 ), state-wise
transition probabilities are calculated. To obtain the transition probability (𝑝𝑥𝑦) of making a transition from state
𝑥 to 𝑦, the total number of transitions (𝑛𝑥𝑦) made from 𝑥 to 𝑦 should be divided by the total number of transitions
(𝑛𝑥 ) possible from 𝑥 , which can be expressed as,

𝑝𝑥𝑦 =
𝑛𝑥𝑦

𝑛𝑥
(2)

where 𝑥,𝑦 ∈ {happy, sad, stressed, relaxed}. We use the four probability values (each corresponds to one of the
four emotions) recorded in 𝑒𝑛 (see Fig. 4) to estimate the emotion self-report for 𝑛𝑡ℎ session.

4.4 Feasibility Analysis: Leveraging the difference among Various Sessions
We aim to develop a machine learning model that (a) can automatically tag a typing session with the emotion
based on keyboard interaction patterns, and (b) uses as few as possible emotion self-reports to train the model so
that the user needs to respond to fewer self-reports (and therefore the survey fatigue is reduced).

To investigate this, we analyzed the collected dataset further to detect underlying patterns in the feature values.
Since we represent every data point (session) in terms of nine features (five typing based features (Section 4.2)
and four emotion self-report transition features (Section 4.3)), first we reduce the dimensionality of the data
to visualize it in a 2-D plane. We apply PCA (principal component analysis) [77] on the collected dataset (by
setting the number of principal components to two) and show the outcome in a scatterplot in Fig. 5. The figure
reveals that for different emotions (especially relaxed, stressed, happy), there is an observable difference. At the
same time, there is a slight overlap between happy and sad emotions. This implies that in order to discriminate
among different emotion self-reports, a machine learning model may not require a large number of emotion
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Fig. 4. Schematic showing the process of computing the prob-
abilities of different emotions for 𝑛𝑡ℎ session (𝑒𝑛). We multiply
the self-report of (𝑛 − 1)𝑡ℎ session with transition matrix 𝑃 ,
which is computed by analyzing the transitions of previous
(𝑛 − 1) sessions. [𝑒𝑖 ]1×4 is a vector with denoted position of
different emotion states. For a given self-report, that position
is set to 1, rest are 0. [𝑃]4×4 is the transition matrix; 𝑝𝑥𝑦 indi-
cates transition probability of moving from state 𝑥 to 𝑦. H,S,T,R
denote happy, sad, stressed, relaxed states respectively.

Fig. 5. The visualization reveals a noticeable differ-
ence among different typing sessions (especially
stressed, relaxed, happy), which may be leveraged
by amachine learning model to reduce the require-
ment of large number of emotion self-reports.

self-reports for each of the emotions. This may help to reduce the number of emotion self-reports required to
train the machine learning model for emotion self-report prediction.

In summary, we observed that although we collected a large number of emotion self-reports from the partici-
pants, there are noticeable differences between typing sessions tagged with different emotions. Therefore, it may
be possible to learn this difference using a machine learning model with relatively fewer emotion self-reports.
These findings motivated us to develop the Human-AI collaborative emotion self-report collection framework as
described next.

5 HACE: HUMAN-AI COLLABORATIVE EMOTION SELF-REPORT COLLECTION FRAMEWORK
In this section, we discuss the HACE framework (Fig. 6), which encompasses an active learner. To initialize the
active learner, we accumulate a set of typing sessions (tagged with different emotions) as seed samples. We extract
relevant features (as described in Sections 4.2, and 4.3) from these sessions and combine them with the emotion
self-reports to train a machine learning model that can identify the probable emotion for an unlabelled typing
session. This model is known as the base model. Now, as users perform typing activities on their phones, new
typing sessions are generated. We pass every typing session through this base model to identify the probable
emotion of the user during the session. If the model can confidently predict one of the four emotions (happy, sad,
stressed, relaxed) for the session, we associate that emotion with the session and do not probe the user for the
emotion self-report of that specific session. Otherwise, we probe the user for emotion self-report and retrain
the base model with every new emotion self-report provided by the user. This way, we decide the emotion for
every typing session and retrain the base model as often as required. This strategy not only allows reducing the
number of self-reports to be answered, but also improves the learner in detecting emotion associated with every
typing session by retraining. We discuss each of these steps in detail next.

Seed Sample Identification: We use a set of typing sessions, marked with emotion self-reports as seed samples.
Notably, the typing sessions are generated as a stream whenever a user performs the typing activity. Therefore,
we accumulate the initial x% (we set the value of x in the experimental setup, Section 6.1.2) of the typing sessions
from every user and the corresponding emotion self-reports, and use those as the seed samples.
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Fig. 6. The architecture of the HACE framework. First, a set of typing sessions (labeled with different emotions) are used as a
seed to train the base model of the framework. After that, as new typing sessions are generated as a stream, those are sent to
the model for inferring emotion. If the model is confident about the predicted emotion of the session, the user is not probed,
otherwise, the user is probed for self-report. Whenever a new self-report is collected from the user, the model is retrained.

Base Model Creation: The goal of the machine learning model in the HACE framework is to automatically
identify the emotion self-report for every typing session so that the number of self-report probes can be minimized.
We utilize the seed samples to train a machine learning model to determine emotion self-report of a new session.
From each of the typing sessions, we extract the features as mentioned in Sections 4.2, and 4.3. We train the
model using a Random Forest classifier with 100 decision trees. To measure the quality of split in a tree we have
used entropy for information gain. We use the default maximum depth of the tree in our implementation. This
allows the nodes to expand until all leaves are pure or until all leaves contain less than the minimum number of
samples (default = 2)2. After training the model with the seed samples, we have the base model that can be used
to determine the emotion for a new unlabelled typing session.

Opportunistic Emotion Self-report Collection: Once the base model is constructed, we aim to automatically
label the subsequent typing sessions using the model so that user involvement is reduced. If the model can
confidently (i.e., with high probability) predict the emotion self-report for a new typing session, we avoid probing
the user, thus reducing the number of probes that a user needs to respond to. However, as the typing sessions are
generated as a stream, we use selective sampling [14] (as opposed to pool-based sampling) on this data stream.
In specific, every newly generated typing session is sent to the base model to find its confidence to tag the
current session with one of the emotion self-reports (happy, sad, stressed, relaxed). We adopt margin sampling [3]
strategy for deciding whether to probe the user for a typing session. In this approach, the instance that has the
smallest difference between the first and second most probable labels is selected for querying. More specifically,
we probe the user for a typing session if the probability difference (between the first and second most probable
emotion self-report) is less than a threshold, termed as margin sampling threshold (\ ). We set this threshold in
the experiment setup (Section 6.1.2).

Model Retraining: We retrain the base model of HACE for every user independently. In specific, for every user,
the same base model is used initially. However, as a user generates the typing sessions, and the base model can

2https://tinyurl.com/2p9865ew. Accessed: 04/24/2023.
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not confidently predict the emotion self-report for a session, the user is probed for the emotion self-report for
that session. We retrain3 the base model of HACE every time we collect an emotion self-report from the user.
This allows improving the learner to detect the emotion self-reports. HACE stops the opportunistic probing and
retraining once the required number of typing sessions (we set the amount of opportunistic query samples in
experimental setup, Section 6.1.2) for a user are labeled. At the end of this phase, we have an improvised machine
learning model for every user capable of tagging every typing session with one of the four emotion self-reports
based on the typing interactions.

6 EVALUATION
In this section, we discuss the experimental evaluation of HACE. First, we describe the experiment setup,
which includes the description of the baselines, evaluation strategy, and performance metrics. Later, we analyze
HACE’s performance in reducing the probing rate and detecting suitable probing moments. We also discuss the
performance insights (in terms of sampling threshold, seed samples, and retraining) of HACE.

6.1 Experiment Setup
6.1.1 Baselines. The machine learning model of the HACE framework uses two sets of features – typing
interaction features and self-report transition features for predicting the user’s emotion during a session. So,
it becomes intuitive to compare the proposed model’s performance with individual sets of features. Also, we
noted that the in the collected dataset, relaxed emotion is highly represented. Therefore, the proposed model
is compared with a model that always predicts the most frequent emotion. Finally, as typing characteristics
are highly personalized and earlier works demonstrated that personalized (user-dependant) models perform
better than the generalized (user-independent) models [17, 22], all the baselines are personalized. In the following
section, we discuss all the models that are used as baselines,

• Typing Interaction based Model (TYP): In this baseline, we construct a Random Forest model using only
the typing features (typing speed, error rate, special character fraction, session length, session duration) as
described in Section 4.2. This baseline is inspired by earlier works on smartphone typing based emotion
detection, which demonstrates that typing interaction features can be used for emotion inference [21].

• Self-report Transition based Model (SRT): This baseline implements a Random Forest based machine
learning model leveraging only the emotion self-report transition features (probability values corresponding to
each emotion) as discussed in Section 4.3.

• Combined (Comb): This model consists of both the typing interaction and self-report transition features. It
also implements a Random Forest based model.

• Most Represented Emotion Model (MRE): In the existing literature, for unbalanced dataset, often the model
performance is compared with a model that predicts the most frequent emotion [25]. In our dataset, we observe
that relaxed state is dominantly present. As a result, the active learner in the HACE framework needs to be
compared with an emotion detection model, which always predicts the mostly represented emotion state. In
this baseline, we build an emotion prediction model, which always predicts the most frequent emotion.

6.1.2 Evaluation Strategy of HACE and Baselines. In this section, we discuss the evaluation strategy of HACE and
the baselines. First, we discuss the parameter value of margin sampling threshold (\ ) and the different amount of
data used for training, retraining, and evaluation of the models. Later, we highlight the evaluation approach with
a schematic diagram (See Fig. 7).

3In this study, we performed the retraining offline (and not on the smartphone).

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 7, No. 2, Article 68. Publication date: June 2023.



Towards Efficient Emotion Self-report Collection Using Human-AI Collaboration • 68:13

We set the value of margin sampling threshold (\ ) as 0.2 for the experiments. We set the seed samples to 40%
and opportunistic query samples to 40%. These values help to trade-off between probing rate reduction and
emotion self-report detection performance (Section 6.4.1, 6.4.2, and 6.4.3 respectively).

(a) Evaluation approach for HACE (b) Evaluation approach for baselines

Fig. 7. Schematic diagram for the evaluation strategy of HACE and baselines. (a) For HACE, the training, retraining, and
testing of the HACE are performed in the following way. First, initial 40% seed sessions of each user are accumulated to train
the base model. Second, for every user (say𝑚), the next 40% sessions are used opportunistically to retrain the copy of the
base model for that specific user. The final 20% sessions of that specific user (𝑚) is used to evaluate the model performance
for the given user. (b) For the baselines, initial 80% sessions of each user are used to train the model for that user. The final
(left out) 20% typing sessions of every user are used to evaluate the model of the corresponding user.

We show the evaluation approach of HACE in Fig. 7a. To train and evaluate HACE, we split the data of every
user into 3 parts - (a) seed samples, (b) opportunistic query samples, and (c) test samples. The training, retraining,
and evaluation of every user are done as per the following steps. First, we combine the initial 40% typing sessions
from every user and train the base model. Notably, to train the base model, data from all users are used. Second,
the retraining is performed independently for every user. In specific, for every user (say𝑚 ∈ 𝑀 ,𝑀 implies all
users), we make a copy of the base model and use the copy to determine the emotion self-reports for the next
40% typing sessions of user𝑚. We query the user (𝑚) only for the not-confident sessions, and retrain the copy
with the newly queried self-reports. As a result, we have the final model for user𝑚 at the end of the 80% typing
sessions (40% seed samples and 40% opportunistic query samples). Finally, we evaluate the model of user𝑚 using
the remaining 20% typing sessions of the user𝑚.

The evaluation approach for the baselines is shown in Fig. 7b. We trained the baselines adopting a personalized
approach as typing patterns are personalized [17, 22]. In specific, we have used the initial 80% typing sessions
(marked with one of the four emotions - happy, sad, stressed, relaxed) of each user to train the model for that user.
The final (left out) 20% typing sessions of every user are used to evaluate the model of the corresponding user.

6.1.3 Performance Metrics. We use the following metrics to evaluate HACE,
Probe Reduction Rate: To compute the probe reduction rate in HACE, we determine the reduction in

the number of probes responded by the users in comparison to the baselines. The baselines use self-reports
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from 80% sessions for training, while HACE uses self-reports from the initial 40% (as seed) and the next 40%
opportunistically. Therefore, the reduction stems from answering fewer probes from the opportunistic query
samples. Specifically, in the 80% samples (40% seed, and 40% opportunistic query samples), if 𝑛𝐻𝐴𝐶𝐸 , 𝑛𝑏𝑙 are the
number of probes answered by the users in HACE and the baselines respectively, the reduction is computed as
(𝑛𝑏𝑙−𝑛𝐻𝐴𝐶𝐸 )∗100

𝑛𝑏𝑙
.

F-score: We use F-score as the metric to decide the emotion self-report detection performance. We compute
the user-wise F-scores, which are averaged over all users to report the performance of HACE.

6.2 HACE’s Performance Analysis: Probing Rate Reduction
In this section, we investigate the performance of HACE in terms of the self-report probe reduction. We present
the user-wise probe reduction rate in Fig. 8a. We observe that on average there is a reduction of 46.64%. Almost
94% of the participants have a reduction of at least 40%, and almost 84% of the users have a probe reduction rate
of at least 45%. This implies the effectiveness of HACE across all the users.

We also present the average probe reduction for different emotion self-reports in Fig. 8b. We observe that for
each of the emotion self-reports, the average probing rate reduction is greater than 35%, while the highest reduction
is observed for relaxed emotion (47%). Notably, in the collected dataset, we have the highest representation of the
relaxed emotion (Section 4). Therefore, it is encouraging to observe that a large number of such self-reports can
be avoided. We also observe that high amount of probe reduction for the happy and stressed emotions (≈42%) and
a relatively less probe reduction for the sad emotion (≈38%). This can be explained by the representation of the
feature values as noted in Fig. 5. We can observe that the relaxed, stressed, and happy emotion are spaced out in
the feature plane, however, sad instances are closer to the happy instances. Thus, to identify these instances, the
model needs more ground truths (self-reports), therefore the probe reduction for the sad emotions are relatively
less. In summary, these findings demonstrate the effectiveness of the HACE framework in reducing the emotion
self-report probes across different users and different emotions. However, the important question is that whether
this probe reduction impacts the emotion self-report detection performance, which we investigate next.

(a) User-wise probe reduction (b) Emotion-wise probe reduction

Fig. 8. HACE’s probing rate detection performance - (a) user-wise probe reduc-
tion (b) emotion-wise probe reduction. Error bar indicates std. dev.

Fig. 9. HACE’s emotion self-report de-
tection performance - comparison with
baseline F-score. Error bar indicates std.
dev.

6.3 HACE’s Performance Analysis: Emotion Self-report Detection
We next investigate the emotion self-report detection performance of the HACE framework. We compare
the emotion self-report detection performance with the baselines as shown in Fig. 9. We observe that HACE
outperforms all the baselines. It returns an average F-score of 84.5% (std. dev 16%). The typing only model
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(TYP) performs the worst (average F-score: 57.5%), but the other two models (SRT, Comb.) perform relatively
better (average F-score of 77.2%, and 81% for Comb. and SRT respectively). The poor performance of the typing
only model can be attributed to the skewness of sample distribution due to which similar performance has
been reported in earlier findings also [22]. However, the performance improves when the self-report transition
probabilities are also considered. At the same time, we observe that although we have one emotion – relaxed –
reported very frequently, predicting that emotion always is not a good choice, as noted in the performance of the
MRE model (average F-score: 72.6%).

We verify the outperformance of HACE by performing a Wilcoxon test (as the user-wise F-scores do not follow
normal distribution and these values are paired) for every combination. HACE performs significantly (p<0.05)
better than TYP (Stat: 37.0 , p-val: 0.000), Comb. (Stat: 124.0 , p-val: 0.025) andMRE (Stat: 104.0 , p-val: 0.004)
models. However, there is no significant difference for the SRT model (Stat: 186.0 , p-val: 0.338). In summary,
HACE outperforms all the baselines in terms of the emotion self-report detection F-score even though the number
of samples used for (re)training are significantly less.

6.4 HACE’s Performance Insights
In this section, we analyze the performance of HACE in terms of margin sampling threshold (\ ), seed samples,
and the retraining opportunity.

6.4.1 Influence of Margin Sampling Threshold (\ ). We assess the impact of the variation of the margin sampling
threshold (\ ) on emotion self-report detection performance and probe reduction in Fig. 10 for fixed amount of
seed samples (40%) and opportunistic query sample (40%). We vary the value of \ from 0.1 to 0.9 and record the
emotion self-report detection F-score and probe rate reduction. It is observed that when the threshold (\ ) is small
(i.e., the probing happens only when the difference between the probabilities of the top two predicted self-reports
is very close), we end up probing fewer times, resulting in higher reduction in probing rate. This happens because
in the dataset, we have relatively fewer instances, which are very close to the decision boundary (Fig. 5). But
this leads to poor emotion self-report detection performance (≈81%) for \ = 0.1. However, once the value of the
threshold is gradually increased, the emotion detection performance improves (although the probing reduction
reduces as we start probing even if there is a large difference in the probability values of the top two predicted
self-reports). However, once the value of the threshold (\ ) increases beyond a limit (0.2), the emotion detection
performance does not improve, but the probing reduction rate drops. Therefore, a threshold 0.2 is used in our
experiments to find a trade-off between emotion self-report detection performance and probing rate reduction.

Fig. 10. Variation in emotion self-report
detection performance and probe reduc-
tion with different thresholds (\ ).

Fig. 11. Variation in emotion self-report
detection performance and probe reduc-
tion with different seed samples.

Fig. 12. Variation in emotion self-report
detection performance by retraining
with different opportunistic samples.
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6.4.2 Influence of Seed Samples. In this section, we investigate the the amount of seed samples required to
instantiate the HACE framework. To find this out, we measure the variation in emotion self-report detection
performance and the probe reduction with increasing amount of seed samples in Fig. 11. We vary the amount of
seed samples from 20% to 60% and record the emotion self-report detection F-score and probe rate reduction.
We observe that with increasing amount of seed samples, first the emotion detection performance improves
(upto 40% of seed samples) and then the performance stabilizes (beyond 40% seed samples). The F-score for
self-report detection performance increases from 67% to ≈85% for 40% seed samples and beyond this, there is
not much improvement in the self-report detection performance. This can be explained as follows - we need
sufficient number of samples to figure out the difference among different emotion self-reports using the keyboard
interaction features and the self-report transition features. However, supplying more seed samples does not
help much in figuring this difference, therefore, the emotion detection performance does not improve much.
On the contrary, if more seed samples are used, the probe reduction rate gradually drops (as the user needs to
record more self-reports). Therefore, to trade-off between emotion self-report detection performance and probe
reduction rate, around 40% instances may be used as seed samples.

6.4.3 Influence of Retraining. We also investigate the influence of retraining as it helps to improve the active
learner embedded in the HACE framework. Once the basic model is ready, the query samples are used to seek
human assistance opportunistically and retrain the model as required. Therefore, with opportunistic query
samples, the model gets the opportunity retrain. To verify the influence of retraining, we keep the amount of seed
samples fixed (40%), vary the opportunistic query samples from 0% to 40%, and evaluate the self-report detection
performance on the last 20%. Notably, the amount of opportunistic query samples is not increased beyond 40%,
as the amount of seed samples, and testing samples is fixed at 40% and 20% respectively. We present the variation
in the emotion self-report detection performance with increasing amount of query samples in Fig. 12. When no
query samples are used, there is no retraining opportunity (and the base model is used as the final model). It is
observed, with no retraining opportunity, the model performs poorly with an average F-score of 76%. However,
with the increasing amount of query samples, the model gets more opportunity of retraining and the emotion
self-report detection performance improves. We obtain the highest mean F-score for 40% query samples.

7 DISCUSSION AND FUTURE WORKS
The empirical analysis presented earlier demonstrates that HACE framework is able to reduce the emotion
self-report collection effort for long-term ESM studies. However, deploying the proposed framework for emotion
self-report collection studies as well as for other ESM studies requires consideration of different practical issues,
which we discuss next. We also present the limitations from the current study.

7.1 Implication of the Findings
The major implication of the findings from the study is that human-AI collaborative approaches can be applied
to reduce the self-report collection effort. This area was relatively under-explored in the context of ESM based
emotion self-report collection user studies. As a result, this opens up the possibilities to reduce the user burden
in long-term, longitudinal user studies. This can also assist the HCI research community, who often struggles to
keep the user engaged in a long-term study due to significant commitment required from the study population.
Moreover, the findings also demonstrate that there is a noticeable pattern in the emotion self-report transition
behavior (as observed by the performance of the SRT model in Section 6.3). Similar findings have also been
reported in earlier literature, which suggests that the transition pattern among different emotions may be modeled
by a Markov Decision Process (MDP) [67]. This can be worth investing as it may be possible to record the emotion
self-reports only and an emotion detection model can be constructed without using any other modality (such as
facial expression, speech).
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7.2 Deployment Considerations
One practical aspect to consider before deploying the HACE framework is the amount of samples to be used
as seed samples. Our analysis demonstrates that approximately 40% to 45% of the samples can be used as seed
(Fig. 11). As a result, we envision that if an ESM-based user study is planned for 3 weeks (21 days), may be data
collected from the initial 8 to 9 days can be used as seed samples, and beyond that point, the self-reports can be
collected opportunistically. Another key deployment consideration is the retraining frequency. In our analysis,
we have considered that whenever a self-report is collected from the user (during the opportunistic query phase),
we retrain the model. However, this may not be optimal based on the training overhead (e.g., training time
required, data volume). We recommend that the retraining frequency should be decided based on the overhead
of the specific study. Finally, in the proposed framework, we have obtained superior performance in terms of
self-report reduction rate and the self-report detection performance for a small value of the margin sampling
threshold (\ = 0.2). Deciding the optimal value of this threshold can be challenging. However, as discussed earlier
(Section 6.4.1, Fig. 10), having a higher threshold (\ ) does not yield a higher probing rate reduction. Therefore,
we recommend to use a small value of this threshold (\ ≤ 0.2) to have a trade-off between probing rate reduction
and self-report detection performance.

7.3 Generalization of HACE Framework
In this paper, we have collected emotion self-reports via ESM probes, with a specific questionnaire as shown in
Fig. 2b, comprising only 4 discrete emotions (happy, sad, stressed, relaxed). We do not foresee significant variation
in the current findings in case of other emotions, because HACE leverages the differences in typing patterns
in different emotions. The existing literature demonstrates that typing patterns change with emotions [9, 17].
Therefore, as long as the user experiences different emotions (with different levels of valence and arousal),
there would be variation in the keyboard interaction patterns that can be captured by the proposed framework.
The selection of emotions, which are representative of different possible combinations of valence and arousal,
reinforces it further that for other emotions also the proposed framework would generalize. For example, we
envision that the ESM study questionnaire can be extended to more number of emotion choices (beyond just
4), multiple-choice questions, etc. Additionally, it is possible to implement other scales like Self-assessment
Manikin (SAM) [6], Ekman’s six basic emotion model [16] in the self-report study design. Similarly, another
important question is applicability of the HACE framework in other types of ESM studies (beyond emotion
self-report collection). Notably, the crux of the framework is figuring out a noticeable difference in the feature
values (modalities) of different labels using as few labels as possible (as shown in Fig. 5 that noticeable difference
exists among typing and self-report features for different emotions). Therefore, for any type of user study, where
such differences can be figured out easily using a few labelled instances, this framework can be applied. However,
the investigator responsible for the user study needs to figure out these differences and adapt the framework
accordingly for the corresponding domain.

7.4 Limitations
In this section, we discuss the limitations of the HACE framework. First, in the proposed approach, the number
of samples to be used as seed samples is identified empirically. In our future work, we aim to improve this by
measuring the change in the distribution between observed samples and newly encountered samples with help of
metrics like conditional mutual information (CMI) [31]. Second, the margin sampling threshold (\ ) is empirically
derived. Efficient ways to automatically derive this threshold remains to be another future work.
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8 CONCLUSION
We, in this paper, propose a Human-AI Collaborative Emotion self-report collection framework, HACE, that
reduces the emotion self-report collection effort in long-term ESM studies. The collaboration between human
and AI happens by adopting an active learning strategy to reduce the emotion labeling effort. The active learner
embedded in the framework is instantiated with a few seed samples to train a base model, which estimates the
emotion self-reports for the newly generated instances adopting a selective sampling strategy. The instances
are passed through the base model, and the model predicts the probable emotion self-reports. If the model is
confident about the predicted outcome, we do not probe the user for emotion self-report; otherwise, we probe
the user for the emotion self-report and retrain the learner to predict future emotion self-reports accurately. The
number of self-report probes is reduced as we probe the user opportunistically. We evaluate HACE in the context
of smartphone keyboard interaction based emotion self-report collection by running an in-the-wild study for
three weeks involving 32 participants, who recorded their typing interaction details and emotions (happy, sad,
stressed, relaxed). The empirical evaluation of the framework on the collected dataset from this study reveals that
HACE reduces the average probing rate by 46% and detects the emotion self-reports with an average F-score
of 85%. These findings demonstrate the possibility of using Human-AI collaborative approaches to reduce the
emotion self-report collection burden in different ESM studies.
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A APPENDICES
In this section, we perform the explainability analysis of the HACE framework. The objective of the explainability
analysis is two-fold. First, we investigate empirically to find out the significant features that are leveraged to
develop the HACE framework (Appendix A.1). Later, we provide a theoretical interpretation for the superior
performance of HACE (Appendix A.2).

A.1 Empirical Approach for Explainability Analysis
We performed the explainability analysis of the HACE framework using (SHapley Additive exPlanations) [42]. The
shapley index of a feature is considered as its importance in deciding the outcome for an instance. We compute the
shapley index for each of the features and present their role in predicting each of the emotion self-reports in Fig. 13.
It is observed that among the self-report transition features, the prob𝑟𝑒𝑙𝑎𝑥𝑒𝑑 , and prob𝑠𝑡𝑟𝑒𝑠𝑠𝑒𝑑 are having the highest
discriminating power, whereas among the typing features session length and MSI are the most discriminating
ones. Similar findings have been reported in earlier works [21, 22] that highlight features like typing speed (a
representation of MSI), session length, special character usage, persistent emotion (a representation of emotion
transition characteristics) vary across different emotion and therefore can be leveraged to train an human-AI
collaborative model using relatively fewer emotion self-reports. The validation from domain knowledge thus
confirms the consistency of feature explainability and the prediction model towards optimal performance.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 7, No. 2, Article 68. Publication date: June 2023.

https://doi.org/10.1145/2638728.2641297
https://doi.org/10.1145/2638728.2641297
http://dblp.uni-trier.de/db/journals/tase/tase10.html#TrabelsiMCOA13
https://aclanthology.org/P11-1122


68:22 • M and Raj, et al.

Fig. 13. Explainability analysis using SHAP reveals that among the self-report transition features, the prob𝑟𝑒𝑙𝑎𝑥𝑒𝑑 , and
prob𝑠𝑡𝑟𝑒𝑠𝑠𝑒𝑑 are having the highest discriminating power, whereas among the typing features session length and MSI are the
most discriminating ones

Since an active learning model is followed to ensure robust prediction, an explanation of greater prediction
power (active learning model) is in order. Let us consider a scenario where the given are two different learning
paradigms, same data set and different outcomes of the learning paradigms where the dataset consists of 11000
training samples with an average of 300 samples per user and 32 total number of users considered in the
experiment. Each instance is a questionnaire response with 9 features. The paradigm 1 is a standard learning
model where the train-test split is 4:1. We propose an active learning paradigm, paradigm 2 where the training,
active learning and test splits are in 2:2:1 ratio. We explain why learning paradigm 2 outperforms learning
paradigm 1 with identical sample complexity. Using the compact notation, we present a detailed mathematical
argument and theoretical interpretation of the superior prediction power of the model in Appendix A.2.

A.2 Theoretical Interpretation for Explainability Analysis
We provide a theoretical explanation for the superior performance of the HACE framework. We have the four
emotions E = {ℎ, 𝑠, 𝑡, 𝑟 } = {0, 1, 2, 3}, where happy, sad, stressed, and relaxed emotions are denoted by h, s, t
(0,1.2), and r (3) respectively. The domain of the active learner in the HACE framework comprises of feature set:
F = {𝑤1,𝑤2, ..𝑤9}, nine features (as denoted in Sections 4.2, and 4.3), emotion self-reports: E = {ℎ, 𝑠, 𝑡, 𝑟 }, training
samples: S = {(𝑥𝑖1, 𝑦1), (𝑥𝑖2, 𝑦2), ..(𝑥𝑖𝑚, 𝑦𝑚)}, where 𝑥𝑖𝑗 ∈ F, 𝑦 𝑗 ∈ E. Notably, 2

5 ∗ 𝑛 ≤ |𝑆 | =𝑚 ≤ 4
5 ∗ 𝑛, where 𝑛 is

the total number of samples. Next, we fix some mathematical notations and definitions to describe the learning
framework.

A class of predictors is PAC (Probably Approximately Correct) learnable if ∃ a function of sample complexity
𝑚𝐻 : (0, 1)𝑥 (0, 1) → 𝑁 such that a learner 𝐴 inputs a sample 𝑆 and outputs a hypothesis ℎ ∈ 𝐻 i.e. 𝐴 :
𝑈𝑚 (𝑋𝑥 (0, 1, 2, 3))𝑚 → 𝑓 : 𝑓 : 𝑋 → (0, 1, 2, 3) representing the union of all sample sizes that covers the sequence
of examples with labels. Moreover, for every unknown probability Distribution 𝐷 , labelling function 𝑓 ∈ 𝐻 and
𝑆 ⊂ (𝑋 ), the probability of true loss 𝐿(𝐷.𝑓 ) being greater than a success threshold 𝜖 is bounded by the model
confidence, 𝛿 . The hypothesis function for the active learning model h(s):{𝑤1,𝑤2, ..𝑤9} → {ℎ, 𝑠, 𝑡, 𝑟 }, h(s) performs
better, in the PAC sense, than other hypotheses with same sample complexities and features. 𝐿[𝐷, 𝑓 (ℎ(𝑠))] <
minℎ∈𝐻 𝐿[𝐷, 𝑓 (ℎ)], where ℎ(𝑋 ) = ℎ𝑆 (𝑋 ). The hypothesis for the baseline model ℎ𝑏 :{𝑤1,𝑤2, ..𝑤9} → {ℎ, 𝑠, 𝑡, 𝑟 }.
What we imply is that the Active Learner (AL) learns with tighter confidence bound.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 7, No. 2, Article 68. Publication date: June 2023.



Towards Efficient Emotion Self-report Collection Using Human-AI Collaboration • 68:23

Goal: The goal of the active learning model is to find a hypothesis h(s) belonging to H (the hypothesis class)
which has a) Low generalization error 𝐿[𝐷, 𝑓 ] + 𝐿𝑆 , (b) minimized number of label queries, and c) high model
confidence in the predicted outcomes.
Assumptions: (a) the human annotator does not mislabel, (b) let the confidence threshold be \ . If the

confidence for the predicted outcome for an unlabelled instance is lesser than \ , query the user, (c) the samples
are independently and identically distributed and sampled. We need to prove the superior performance of the
proposed active learning model.
Argument: The active learning model h(S) works in the following way. For each user input, the first 2

5 th is
used for finding h(s). If the next 2

5 th part is having a label confidence 𝐶𝑖 < \ , the training sample S is updated as
𝑆 = 𝑆 ∪ (𝑥𝑖 , 𝑦𝑖 ), where \ is a pre-set label confidence threshold, and the new hypothesis h(s*) is calculated. So,
𝐿[𝑆 (ℎ(𝑠∗))] < 𝐿𝑠 [(ℎ(𝑠)] If 𝐶𝑖 ≥ \ , S is not updated.

When the test data (i.e.), the last 1
5 th part is used to evaluate themodel, it is obvious that the prediction confidence

has increased, decreasing the true loss L[D,f] of the updated model h(s *) i.e. 𝐿[𝐷, 𝑓 (ℎ𝑠∗)] ≤ 𝐿[𝐷, 𝑓 (ℎ(𝑠))]. This
is because the updated h(s*) hypothesis is retrained with an updated S to mitigate bad samples hit by previous
hypothesis h(s). For any 𝑥 ∈ 𝑋 for which the label confidence is lesser than a threshold \ , we are getting the
actual ground truth and retraining. It makes the model more robust, and capable of patching its bad example
induced misclassification.
In every iteration, since the empirical loss L[s (h(s*))] and true loss L[D,f(h(s*))] is improving in tandem,

the model is not likely to overfit. Since the model uses almost minimum number of sample points to train the
model, we can approximate the sample size m as𝑚 ≈𝑚𝐻 (Sample complexity). Uncertain instances are the most
informative to the model. Even if the active learner model uses the same sample size as the passive learner models,
it is still choosing the training instances in priority to closely represent the unknown probability distribution D.
This is not the case with the passive learner baseline models.

The baseline hypothesis ℎ𝑏 is trained on 4
5 th samples directly. Here, 𝐸𝑅𝑀𝐻 (𝑆) = 𝐿𝑆 [(ℎ𝑏)] argminℎ∈𝐻 [𝐿𝑠 ] ∈

(ℎ)𝐿[𝑆 (ℎ𝑏)] could even be 0 i.e., 𝐿𝑆 [(ℎ𝑏)] = 0. But there is a possibility that 𝐿[𝐷, 𝑓 (ℎ𝑏)] > 𝜖 , resulting in
overfitting. This is not the case with the active learner model. In other words, 𝛿 , the model confidence is tighter
in the active learning making the success threshold, epsilon smaller in comparison to the baseline models. That
is, for two competing models (H1: baseline, H2: proposed AL model), assume we have equal sample complexity
𝑚𝐻 (𝛿, 𝜖), i.e. 𝑚𝐻1 = 𝑚𝐻2 = 𝑚 (say). By PAC (Probably Approximately Correct), learnability of both H1 and
H2, we have the probability that the model’s success is determined by (with a confidence of at least 1 − 𝛿),
for 𝛿 ∈ (0, 12 ); 𝑃 (𝐿(𝐷, 𝑓 ) > 𝜖) ≤ |𝐻 |2𝑒−2𝑚𝜖2 < 𝛿 . But 𝛿 for H1 and H2 are different, i.e., 𝛿𝐻1 ≥ 𝛿𝐻2 =⇒
1 − 𝛿𝐻1 ≤ 1 − 𝛿𝐻2. Therefore, 𝛿𝐻1 > |𝐻1|2𝑒−2𝑚𝜖21 > 𝛿𝐻2 > |𝐻2|2𝑒−2𝑚𝜖22 . Assuming |𝐻1| ≈ |𝐻2|, i.e., the
cardinality of the hypothesis spaces 𝐻1 and 𝐻2 are approximately same (i.e. the VC dimension of 𝐻1 and 𝐻2 are
approximately same). it is easy to follow that 𝜖1 > 𝜖2, i.e., error ( or the risk of misclassification) in the AL model
𝐻2 is smaller.

The above argument can be be extended to agnostic PAC learning [59] i.e. the AL may learn in an agnostic
manner (the distribution 𝐷 is defined over 𝑋 ∗ 𝑌 where 𝑌 = 𝐸) towards the distribution of the data-labels. This,
in turn, means that AL helps learn the best labeling function 𝑓 by making no realizability assumptions about
the label distribution but imparts additional confidence to the model by annotating correct labels on a subset of
samples.
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