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Computing humanmental and wellbeing is crucial to various domains, including health, education, and entertainment. How-

ever, the reliance on self-reporting in traditional research to establish ground truth often leads to methodological inconsis-

tencies and susceptibility to response biases, thus hindering the effectiveness of modelling. This paper presents the first

systematic methodological review of self-reporting practices in Ubicomp within the context of human mental and wellbeing

computing. Drawing from existing survey research, we establish guidelines for self-reporting in human wellbeing studies

and identify shortcomings in current practices at Ubicomp community. Furthermore, we explore the reliability of self-report

as a means of ground truth and propose directions for improving ground truth measurement in this field. Ultimately, we

emphasize the urgent need for methodological advancements to enhance human mental and wellbeing computing.
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1 INTRODUCTION

Recently, Human-Centred Computing (HCC) [71] has gained immense importance due to its potential to en-

hance the interaction between humans and computers. It focuses on designing effective computer systems that

take into account personal, social, and cultural factors, and addresses issues such as the relationships between
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computing technology and art, social, and cultural issues [71]. HCC has benefittedmultiple fields such as Human-

Computer Interaction (HCI) [124], Computer-Supported CooperativeWork (CSCW) [114], User-Centred Design

[2], Cognitive Psychology [126], Sociology [95], and Anthropology [103], etc. The utilization of HCC technolo-

gies presents significant potential for enhancing human wellbeing through the development of early detection

and intervention techniques formental health. Such techniques, including emotion recognition [39], engagement

detection [55], and interventions (e.g., cognitive training programs [70]), can assist individuals in achieving and

maintaining optimal emotional and mental states.

Despite several decades of research in HCC fields, those approaches have not yet been successful in transi-

tioning from research trials to practical implementation in real-world scenarios, particularly when it comes to

measuring humanmental states and wellbeing such as emotion [39], depression [146], engagement [55], anxiety

[67], and more. In contrast, human physical activity recognition has demonstrated remarkable levels of accu-

racy, ranging from 83 to 100% [8], enabling its successful application in various real-world contexts, such as

fitness trackers [94] and fall detection systems [96]. Nevertheless, the assessment of mental wellbeing remains

uniquely challenging due to its subjective nature, which encompasses emotions, thoughts, and subjective expe-

riences that are inherently difficult to objectively quantify and measure. This difficulty in achieving objective

measurements has resulted in relatively low accuracy, rendering it inadequate for real-world applications and

effective interventions in practical settings.

The primary reason for the low performance in computing mental wellbeing arises from the common prac-

tice of using self-report as the ground truth. This approach contrasts with the assessment of physical activity,

which benefits from more objective measures such as direct observation and expert annotation. Mental well-

being modelling, however, depends heavily on individual self-reports of experiences and emotions, introducing

potential inaccuracies. For instance, Gao et al. [55] employed physiological and environmental sensing to predict

student engagement, using self-report data from the In-Class Student Engagement Questionnaires (ISEQ) [50] as
ground truth. Similarly, Wang et al. [146] tracked depression dynamics in college students using mobile phone

and wearable sensing, with self-reported depression scores from the PHQ-8 [84] and PHQ-4 [82] questionnaires

as the ground truth. While this reliance on self-reporting simplifies data collection, it introduces methodological

inconsistencies (e.g., sample unrepresentativeness, threats to the reliability and validity of survey instruments)

and susceptibility to various response biases (e,g., social desirability, extreme responding, and recall bias), which

can significantly affect the effectiveness of mental wellbeing models.

The use of self-reporting in human mental computing research presents two primary concerns: the stan-

dardization of self-reporting practices themselves, and the choice of this research method. Challenges such as

sample representativeness can distort data, which in turn affects the effectiveness of modelling derived from

this data. Factors like compensation schemes, non-response rates and withdrawal mechanisms also significantly

impact the quality of self-report data [75]. Additionally, HCC studies, which differ from traditional survey re-

search, require special considerations such as the integration of sensing data collection, the frequency of expe-

rience sampling methods (ESM), and the relation of these signals with psychological. Given these complexities,

self-reporting, while seemingly straightforward, demands careful planning and meticulous execution in HCC

research as the credibility of the self-report data is vital to prevent the risk of ‘garbage in, garbage out’ [77].
While a few studies have explored the limitations of relying on self-report measures as ground truth for

HCC [28, 54], little progress has been made in developing effective solutions to address these issues. Gao et

al. [54] investigated the reliability of self-report and found that physiologically measured learning engagement

and perceived engagement are not always consistent, underscoring the potential pitfalls of relying solely on

subjective annotations as the basis for establishing ground truth. However, their study did not propose specific

solutions to this problem. Das et al. [28] found that the prediction performance of mental wellbeing depended

on the method used to establish ground truth, with psychological-related features being more effective for self-

report stress and behavioural-related signals being more effective for objective arousal signals (high arousal
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duration). While this approach represents an initial attempt to use alternative measures of ground truth, there

are still concerns about whether arousal signals inferred from heart rate can be considered a reliable measure of

mental wellbeing.

In this work, we aim to raise awareness within the Ubicomp community, echoing standardising self-report

practices and exploring reliable methods for establishing ground truth in HCC studies. To this end, we anal-

yse 49 human mental computing studies in the ACM International Joint Conference on Pervasive and Ubiquitous
Computing (UbiComp) and the Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Tech-
nologies (IMWUT), and conducted a systematic literature review. We demonstrate comprehensive guidelines of

self-reporting practices in human mental and wellbeing computing studies, and emphasize the need for method-

ological evolution in this field, advocating for a shift away from traditional self-reporting towards amore reliable

and diverse method. For clarity, our study focuses on HCC studies related to human mental states and wellbeing

computation, excluding physical behaviours computation, which is already well-established in the field. Specif-

ically, our contributions are as follows:

• Recognizing that self-reporting is the predominant method for measuring ground truth in HCC studies,

we formulate a set of guidelines for self-reporting practices. It aims to enhance community standards and

enhance the credibility of future research in the field of human wellbeing computing.

• Based on our analysis of 49 Ubicomp papers and the evaluation of self-reporting practices using the pro-

posed guidelines, we identified substantial deficiencies and discrepancies in the self-report methodologies

employed in current HCC studies.

• Wediscussed the reliability of self-report data as ground truth and demonstratedmethodologies to enhance

ground truth measurement in HCC studies. We also point out the future directions to improve human

mental and wellbeing computing.

The structure of the remaining paper is as follows. Section 2 offers an overview of the background related

to ground truth measures in HCC studies. Section 3 presents an examination of current self-report practices in

HCC studies, highlighting common pitfalls within this domain. The reliability of self-report as a ground truth

measure in human-centred computing is demonstrated in Section 4. Section 5 delves into the discussion of future

directions aimed at establishing ground truth in HCC studies. Section 6 indicates future directions to advancing

HCC studies. Finally, Section 7 provides the concluding remarks for the paper.

2 BACKGROUND

In this section, we introduce the commonly used self-report measures in HCC, as well as the psychological

constructs that are of primary interest to researchers and data commonly used in HCC research. This section

aims to provide readers with a foundational understanding of these topics and their relevance to HCC research.

2.1 Survey and Experience Sampling Method as Self-Report Measures

Self-reporting involves individuals reporting their symptoms, behaviours, beliefs, or attitudes through tests, mea-

sures, or surveys [111]. These self-reports are typically done on paper, electronically, or through interviews.

Self-reporting is widely used in human-related studies, including psychological research and HCC, while in the

latter, the survey and experience sampling methods are particularly popular.

Surveys are often preferred due to their cost-effectiveness and ability to gather data from a large group of

participants, covering a wide range of information such as basic demographics and specific social or behavioural

factors [107]. Surveys can be conducted through questionnaires or interviews, but questionnaires are favoured

for their ease of administration on a large scale. Typically, they can be categorized as either cross-sectional or

longitudinal, with the latter involving data collection at multiple time points [48]). However, it should be noted

that longitudinal surveys may not always be optimal due to their reliance on participants’ cognitive abilities. To
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overcome this limitation, the Experience Sampling Method (ESM) and Ecological Momentary Assessment (EMA)

[14] were proposed. These methods provide repeated snapshots of individuals’ subjective information, thereby

reducing reliance on memory and increasing response validity by gathering data at multiple points throughout

the day or a specific period [127]. Additionally, these methods allow for the storage of contextual details such

as time and location, enabling the examination of temporal changes in participants’ experiences and behaviours

[139]. It is worth noting that ESM and EMA are often used interchangeably in [140, 141]. In this paper, we refer

to the term ESM.

2.2 Psychological Constructs in HCC Literature

Psychological constructs play a critical role in describing behaviour patterns and understanding natural phenom-

ena. Researchers heavily rely on these constructs to explore human behaviour, emotions, and thoughts [112]. To

avoid confusion, it is crucial to establish clear definitions and differentiate between similar constructs. For ex-

ample, terms like affect, emotion, and mood may seem similar but have distinct meanings. It is noteworthy that

certain constructs can be measured objectively. Sleep, for instance, can be measured using sleep sensors, Fitbit

devices [152], or even mobile phones [142, 145, 149]. However, our research will not focus on easily measur-

able constructs, as they have already been extensively studied. Instead, we will primarily examine constructs

that are typically measured subjectively. Particularly, we have identified several commonly used psychological

constructs in HCC studies.

Anxiety, Stress and Panic. Anxiety and stress are often used interchangeably, but there is a distinction between

the two. Stress is a reaction to specific events or situations that can trigger emotional responses. On the other

hand, anxiety is characterized by persistent worry, tension, and uncertainty [115]. It is an ongoing state of

unease that can be difficult to control which may lead to various mental and health problems if not addressed.

Similarly, anxiety and panic are similar but differ in their onset and symptoms. Panic attacks occur suddenly

and are intense episodes of fear, often accompanied by physical symptoms such as a racing heart, shortness of

breath, and chest pain, while anxiety develops gradually and allows for anticipation and planning [130]. Some

HCC studies include detecting stress [66, 105], stress resilience [3], social anxiety [67] and panic attacks [117].

Engagement. Engagement is defined as a three-part classification that includes emotional, cognitive, and be-

havioural components. The emotional component refers to a positive state of mind and satisfaction. The cog-

nitive component involves intellectual commitment, while the behavioural component encompasses effort and

participation [32]. Engagement has been extensively studied in the field of HCC, such as student engagement

[37, 53, 55], emotional engagement [88], game engagement [69], and social engagement [65].

Depression. Depression is a serious psychological condition that significantly impacts a person’s wellbeing

and overall functioning. It is a medical illness that can cause persistent feelings of sadness, hopelessness, and a

loss of interest or pleasure in activities that were once enjoyed, leading to difficulties in daily life and a decreased

quality of life [33]. Depression is a commonly studied psychological construct in HCC literature, with research

focusing on topics such as depression during Covid-19 [136, 137], trajectories of depression [17], etc.

Personality. Personality is a popular psycholgocial construct that refers to the consistent patterns of thoughts,
feelings, and behaviours that make a person unique. It is often considered as a predictor of performance in

studies and work [64]. The most widely accepted theory of personality structure is the Big-5 personality traits,

also known as the Five-Factor Model (FFM), suggesting five broad dimensions capture the major features of

personality: extraversion, agreeableness, conscientiousness, neuroticism, and openness [72]. Researchers in HCC

have extensively studied Big-5 personality traits using various data sources, such as predicting personality using

smartphones [56, 148], social media [61], online videos [13].
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Affect, Emotion and Mood. These constructs, though share similarities, have distinct characteristics and serve

different roles in understanding human behaviour and experiences [41]. Affect is the immediate display of emo-

tion, observable through physical expressions such as facial expressions, postures, and vocal tones. Emotions,

on the other hand, is a complex internal experience involving subjective feelings, physiological changes (e.g.,

increased heart rate), and behavioural responses (e.g., smiling and frowning). It is typically triggered by specific

events or stimuli. Mood, in contrast, is a longer-lasting emotional state that is not tied to a specific incident. It can

persist for hours, days, or even longer and have a significant impact on an individual’s wellbeing. Recent HCC

studies for studying these constructs include: personalized mood [91], mood instability [119], mood changes

[89], compound emotion [158], affect [121, 160], etc.

Cognitive Load and Mental Workload. Cognitive load refers to the extent of working memory resources used

when a person engages in a task completion [52]. It embodies the mental effort necessary to learn new infor-

mation or perform specific activities. Mental workload, on the other hand, is a more comprehensive term that

encompasses the overall burden on the cognitive system, including working memory, attentional resources, and

other cognitive functions. Related HCC studies include cognition load [151] modelling, interruption manage-

ment [62], mental workload prediction [81], etc.

Loneliness. Loneliness is a complex emotion characterized by feeling isolated and alone, regardless of the

number of social interactions. It is about the quality and meaning of social relationships rather than just the

quantity. Loneliness can affect the mental state and cognitive ability by disturbing the processing of brain and

increasing the risk of cardiovascular attacks [11]. It is also a commonly studied psychological constructs in HCC

studies [144].

Flourishing. Flourishing is a multidimensional construct used in positive psychology to describe the optimal

state of individuals characterized by good mental health, extending beyond mere happiness or life satisfaction.

It encapsulates a prosperous condition when people experience a sense of purpose, personal growth and the

realization of their potential, leading to a profound sense of fulfilment and contentment [68]. The measurement

of flourishing scores has been extensively utilized in HCC studies such as [119, 144]

Fatigue. Fatigue stands as a prominent concern impacting both physical health and mental wellbeing, particu-

larly in conditions like Multiple sclerosis (MS). MS is a neurological disorder that primarily affects young adults

and has no known cure. Managing MS involves symptom control through support and therapeutic interventions.

However, managing its symptoms is typically done through support and treatment [138]. Among the various

symptoms experienced by MS patients, detecting fatigue is particularly notable and have been extensively stud-

ies in HCC communities [63, 138].

2.3 Reliability and Validity of Self-Report

The integrity of research findings in the field of HCC heavily relies on the chosen method for data collection.

Among the various methods available, self-reporting is widely used for collecting data from human participants.

However, self-report data face numerous challenges that can significantly impact the validity and reliability of

the results. Validity refers to the degree to which a study accurately reflects or assesses the specific concept that

the researcher intends to measure. It includes face validity (direct participant feedback), content validity (expert

evaluation), and criterion validity (correlation with real-life constructs) [21]. On the other hand, reliability refers

to the consistency of results obtained from an experiment, test, or any measuring procedure upon repeated trials

[30]. It includes test-retest reliability (measuring stability over time), internal consistency (measuring agreement

among questionnaire items), and inter-rater consistency (measuring agreement between observers). To mitigate

the threats to validity and reliability, the common practice in HCC studies is to rely on established instruments

like PHQ-8 [84], PHQ-4 [82], and GAD [129]) as the ground truth. However, common threats such as sampling

bias, response bias and nonresponse bias should still be considered.
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Especially, response bias refers to tendencies for participants to respond inaccurately or falsely to questions

[51]. Common response biases include: (1) Recall bias: Participants may inaccurately remember past events or

recollect them wrongly. (2) Social desirability bias: Participants may answer in a way that is favorable to others,

leading to over-reporting or under-reporting. (3) Agreement bias: Participants tend to select statements with

positive implications or agree to statements. (4) Order effect bias: Participant responses may vary based on the

order of the questions. (5) Mood bias: Participants’ mental state can impact their answers, leading to changes

based on their mood. (6) Central tendency bias: Some participants consistently choose responses in the middle

of the scale, avoiding extreme agreement or disagreement. (7) Demand characteristic bias: Participants may alter

their responses based on their understanding of the survey’s purpose. (8) Random response bias: Participants may

guess or choose random answers when they are unsure or do not understand the question.

3 SELF-REPORT PRACTICES FOR HCC STUDIES AT UBICOMP

3.1 Source selection

We performed a comprehensive selection of papers from the ACM Digital Library1. Our focus was on contri-

butions from the Ubicomp conferences over the past decade (from Ubicomp ’23 to Ubicomp ’13), recognized as

leading venues for research in ubiquitous computing and human mental wellbeing sensing. The sources for our

collection were the Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies and the

Proceedings of the International Joint Conference on Pervasive and Ubiquitous Computing. We selected the papers

with the term human sensing, physiological signals, sensors, mobile sensing, wearable, stress, emotion, depression,
mood, affect, prediction, engagement, cognitive load, anxiety, health, wellbeing, sensing, behaviour, and mental
health. Our search query, designed to capture this range of topics, is demonstrated below:

"query": Title, Keyword, Abstract: ("human sensing" or "physiological signals" or "sensors" or

"mobile sensing" or "wearable" or "stress" or "emotion" or "depression" or "mood" or "affect" or

"prediction" or "engagement" or "cognitive" or "anxiety" or "health" or "wellbeing" or "sensing"

or "behaviour" or "mental health") AND AllField: (questionnaire or survey or "self-report") "fil-

ter": Conference Collections: UbiComp: Ubiquitous Computing E-Publication Date: (01/01/2013

TO 10/30/2023), Published in: Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiq-

uitous Technologies

Selection criteria beyond keyword relevance included:

(1) Emphasis on human-centered computing within the fields health, wellbeing, and affect prediction.

(2) Exclusion of workshop and poster papers.

(3) Utilization of wearable devices or smartphones for data acquisition.

(4) Publications dated from 2013 to 2023.

3.2 Screening Criteria

An initial keyword search returned a total of 1,257 papers. After a preliminary review of titles and abstracts, 108

papers were identified that satisfied our selection criteria. Subsequent full-text review led to the exclusion of

papers not providing adequate ground truth data collection methodologies. To analyze the information consis-

tently, we tabulated critical data from each paper, such as questionnaires used, methodologies employed, types

of devices utilized, and other pertinent details relevant to our study.

This process resulted in a refined collection of 49 papers. Table 1 presents the reviewed Ubicomp papers and

their respective types of ground truth. The predominant method for collecting ground truth is self-reporting,

1See the ACM Digital Library at https://dl.acm.org/
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Table 1. List of Papers with Different Types of Ground Truth

Types of Ground Truth Paper Counts Reference

Established survey (unmodified) 30 [3, 6, 26, 43, 62, 63, 67, 76, 89, 91, 102, 104, 117, 119–121, 134,

136–138, 143–145, 148, 151–154, 160]

Established survey (adapted) 8 [17, 55, 59, 66, 69, 88, 147, 149]

Custom-designed survey 8 [7, 57, 79, 87, 92, 109, 142, 155, 159]

Direct observation 3 [38, 65, 105]

which was utilized in 93.87% (46 out of 49) of the papers. This preference highlights the prevalence of self-

report as the primary approach in human mental wellbeing computing within the Ubicomp field. Among the

self-reporting instruments, 38 out of 46 papers relied on well-established surveys for data collection, such as

the Perceived Stress Scale (PSS), Big Five Inventory (BFI), and Patient Health Questionnaire (PHQ), among others.

However, 8 out of 38 studies made modifications to these established surveys to better align them with the

specific context of their research. Furthermore, a notable finding is that 8 papers developed custom-designed

surveys tailored to their specific study goals. More details regarding these custom-designed surveys will be

discussed in Section 3. In contrast, the utilization of live observation as a method for collecting ground truth

data was relatively limited, indicating a heavier reliance on slef-report data in assessing mental and wellbeing

states within the Ubicomp research landscape.

3.3 Coding Procedure

Our analysis is based on the survey design principles in Arlene Fink’s ‘How to Conduct Surveys: A Step by Step
Guide’ (Sixth Edition) [46]. This comprehensive manual has become a vital resource for researchers as it provides

guidance on various aspects of survey design, such as the selection of survey types, respondent inclusion criteria,

survey frequency, and the intricacies of data analysis and result interpretation. The widespread acceptance and

influence of this manual can be seen from its over 6000 citations to date. In addition to Fink’s manual, we also

referenced other leading publications in survey research, including ‘Good Practice in the Conduct and Reporting
of Survey Research’ by Kelley et al. [75] (more than 3200 citations to date), ‘The Survey Handbook’ by Fink [45]

(more than 2900 citations to date), De et al. [31] (more than 1100 citations to date), enriching our procedural

framework with recognized standards.

As a result, we coded each paper in terms of the information reported about recruitment and participants.

Besides, through examining the patterns and characteristics unique to human-centred computing studies, we

assess the instruments, environments, sensing measures, data collection and post-processing methods for each

paper. Table 2 describes the information we captured for each study.

3.4 Result

In this subsection, we present the findings from our review, organized according to the sections of our code-

book. We identify and discuss problematic issues while highlighting examples of best practices observed in the

reviewed works.

3.4.1 Recruitment. In survey research, the selection of a representative sample from a well-defined sampling

frame is critical for external validity, as it enables researchers to extrapolate findings to the broader population.

Selecting who will be included in the sample requires careful consideration of various factors to achieve a com-

prehensive population profile [75]. However, our review reveals that none of the examined studies provided a
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Table 2. Codebook used for the analysis of our sample

Item Description

Recruitment

1. Sample method How were potential subjects identified? (e.g., random, systematic, convenience)

2. Sample Size How was the sample size decided?

3. Recruitment Method How, where, how many times, and by whom potential subjects were approached?

4. Participants approached How many participants were approached?

5. Participants agreed How many approached participants agree to participate?

6. Non-response information How did those who agreed differ from those who did not agree with participating the study?

Participants

7. Age Are the range, mean and STD of participants’ age reported?

8. Gender/Sex Is the gender/sex of participants reported?

9. Ethnicity Is the ethnicity of participants reported?

10. Occupation/job Is the occupation/job of participants reported?

11. Illness or health care Is the illness or health care information of participants reported?

12. Consent form Did participants sign consent forms?

13. Compensation Does the compensation mentioned?

14. Mechanism to leave study Were participants informed with the mechanism to leave study?

Instruments and environment

15. Psychological constructs The psychologicl constructs studied in the research

16. Existing/new instrument
For new instruments, should provide a section outlining the steps taken to develop or test

the tool, including the results of psychological testing.

17. Questionnaire/ESM Whether the instrument is a survey-based or ESM method

18. Natural/lab settings Does the data collected in natural settings or lab settings?

19. Sites Does specific detail provided related to scenarios?

Sensing Measures

20. Device type Types and details of the sensing device

21. Commercial/custom Whether the device is commerical or customed?

22. Sensing signals Types of signals

23. Relation to constructs Is the target psychological constructs measurable by the signals?

Data collection

24. Survey administration How was the survey administrated (e.g., telephone, interview)

25. Data collection duration Duration of the total data collection

26. Self-report frequency Frequency of self-report

27. Self-report guidence Did the research guide participants to ensure effective self-report?

28. Response rate What was the response rate?

Post-processing

29. Ground truth establishment* Method for estabilishing ground truth
30. Data quality ensurement* Provide specific details related to measures taken to improve data quality
31. Bias discussion* Did researchers discuss about potential bias in the data collection?

Note: Asterisks (*) indicate the items that are not derived from existing literature

full account of their participant recruitment process. While they disclosed sample sizes, all of them failed to per-

form essential sample size calculations, such as power analysis, which are fundamental for ensuring statistical

robustness and the attainment of the study’s objectives [73].
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A high rate of non-response can lead to misleading conclusions that may only reflect the views of the respon-

dents, as indicated by Kelley [75]. French [49] found that non-respondents in patient satisfaction surveys are less

likely to be satisfied than people who reply. It is critical to report the response rate and address the potential dif-

ferences between respondents and non-respondents, with the implications of these differences. However, based

on our review, none of Ubicomp papers report the non-response rate and information of differences, which raises

concerns about data imbalance and the potential for skewed predictive models. For instance, Gao et al. [55] de-

veloped a model to predict student engagement using physiological signals, yet the voluntary nature of student

participation could mean those who opt-in are inherently more engaged, skewing results. Similarly, Wang et al.

[148] employed mobile sensing data to predict the Big-5 personality traits; however, the likelihood that intro-

verted individuals may opt out of participation could lead to an unbalanced model biased against introverted

traits.

3.4.2 Participants. Previous studies have highlighted the importance of reporting detailed participant infor-

mation such as age, gender, ethnicity, occupation, and health status in survey research [31, 45, 75]. These de-

mographic and personal characteristics can significantly influence self-report data, affecting its reliability and

validity. For instance, age differences can impact cognitive responses, which in turn affect self-report outcomes

[5]. Similarly, gender differences in emotional processing and expression are well-documented [45], suggesting

that gender distribution in study samples should be carefully reported and considered.

None of the papers in our sample fully described their participant information. While all papers reported the

number of participants, detailed age data (range, mean, and standard deviation) was often missing. Surprisingly,

17 papers did not report any age-related information, 26 omitted age ranges, and failed to provide mean or

standard deviation values. Except for 12 papers, most reported participants’ gender distribution. However, only

12 papers addressed ethnicity. The inclusion of ethnicity is crucial, as cultural factors can influence perceived

mental health and wellbeing perceptions in HCC studies. Occupation, another factor influencing mental health

due to varying stress levels and work environment, was not mentioned in 8 papers.

The ethical aspects of research, particularly informed consent and the mechanism to leave the study, are vital

for ensuring participant autonomy and ethical research conduct [31]. Our review found that 19 papers did not

report information related to consent forms, and only 9 described the mechanisms for participants to withdraw

from the study.

Compensation has significant impacts on the quality of self-report data. For example, the Netherlands Official

Statistics used booklets with ten stamps as gifts, and the nonresponse rate fell significantly [31]. Conversely,

Stone et al. [131] observed that offering a $250 incentive led to poor data quality, attributing this to a participant

pool driven primarily by financial gain rather than genuine interest. Based on our review, 24 out of 49 papers

introduce compensation or incentives, which took various forms ranging from monetary payments, technology

gadgets, vouchers, and non-monetary gifts.

3.4.3 Instruments and environment. In humanmental andwellbeing computing studies, the identification of psy-

chological constructs under investigation is crucial. Based on our review, the most frequently studied constructs

are depression (cited in 10 papers), stress (7 papers), mood (7 papers), and engagement (5 papers). 38 studies

leveraged established survey instruments. Among these, 8 papers adapted the surveys to suit their specific con-

texts. For instance, Gao et al. [55] made slight modifications to the In-class Student Engagement Questionnaires
(ISEQ) [50], originally designed for university lectures (e.g., ‘I feel discouraged when I worked on the activities
in class’), to the high school class context (e.g., ‘I feel discouraged when we worked on something’). While such

adaptations can enhance the contextual relevance of the surveys, they raise concerns about reliability and va-

lidity [21]. Modifications, even minor ones, could alter the construct being measured or affect the instrument’s

psychometric properties. According to De et al. [31], regardless of the form or the degree of change, it is wise
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Table 3. Overview of the self-report instruments in human-centred computing research

Category Questionnaire Variants Papers

Anxiety

State-Trait Anxiety Inventory (STAI) [128] 40 items [26, 59, 120, 121]

Generalized Anxiety Disorder (GAD) [129] GAD-7 [136]

Social Interaction Anxiety Scale (SIAS) [100] 20 items [67]

Stress
Perceived Stress Score (PSS) [24] 14 items [66, 119, 144]

Trier Social Stress Test (TSST) [80] Lab [121]

Engagement

In-class Student Engagement Questionnaires (ISEQ) [50] 6 items [55]

University Student Engagement Inventory (USEI) [99] 15 items [88]

Game Engagement Questionnaire (GEQ) [1] 19 items [69]

Depression

Patient Health Questionnaire (PHQ) [83]
PHQ-4 PHQ-4: [147, 154]
PHQ-8 PHQ-8: [17, 147]
PHQ-9 PHQ-9: [3, 136, 137, 143, 144]

Center for Epidemiological Studies Depression Scale (CES-D) [90] 20 items [63]

Beck Depression Inventory-II (BDI-II) [12] 21 items [152–154]

Depression Anxiety and Stress Scale (DASS) [60] 21 items [119]

Personality Big Five Personality (BFI) [72]
44 items BFI-44: [76, 91, 102, 144, 148]
60 items BFI-60: [120]

Affect Positive and Negative Affect (PANAS-X) [27] 10 items [89, 120, 144, 154, 160]

Mood Multidimensional Mood Questionnaire (MDMQ) 24 items [43]

Cognitive load
NASA TLX [35] 6 items [62, 134, 151]

Shipley Scales [18] 40 items [120]

Fatigue Fatigue Severity Scale (FSS) [85] 9 items [63, 138]

Loneliness UCLA Loneliness Scale [118] 20 items [144]

Flourishing Flourishing Scale [36] 8 items [119, 144]

Panic
Panic Disorder Severity Scale (PDSS) [123] 7 items [117]

Diagnostic and Statistical Manual of Mental Disorders (DSM-IV) [25] N/A [117]

Functioning Quality of Life in Neurological Disorders (Neuro-QoL) [20] 8 items [6]

to consider adapted questions as new questions and to test them accordingly. However, none of the papers that

utilized adopted established surveys examined the effects of these adaptations.

8 papers utilized custom-designed self-report tools, often to ask quick questions using the ESM method. Ac-

cording to Kelley et al. [75], ‘if a new survey tool is used, an entire section should be used to describe the steps
undertaken to develop and test the tool, including psychometric assessment results’. Unfortunately, in the 8 papers

analyzed, custom-designed self-report tools were used without any test of reliability and validity. Recognizing

the significance of employing well-established survey instruments in HCC studies, we have compiled a list of

commonly utilized self-report instruments in Table 3, for reference and use in future research.
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3.4.4 Sensing Measures. Unlike traditional survey research, HCC studies predominantly rely on self-report data

as the ground truth, complemented by sensing data as predictive indicators. The initial step involves confirming

the psychological constructs to be analyzed. Subsequently, it’s crucial to determine the types of signals to be

collected, methodologies for data acquisition, and strategies to assure signal integrity. A critical aspect to be

addressed is the feasibility of measuring targeted psychological constructs using these signals. The selection

of appropriate signals is often contingent on the nature of the psychological constructs and the signal types.

Broadly categorizing, these signals include physiological data from wearable devices, mobile sensing data from

smartphones or desktops, environmental sensors, or a combination. Table 4 shows an overview of the devices

used in HCC studies at Ubicomp.

While all papers introduced the device and collected signals, 31 papers failed to explicitly explain all of the used

signals to the psychological constructs under investigation, especially for papers utilized smartphone sensing.

Among the physiological signals, ElectrodermalActivity (EDA) demonstrates promise in reflecting the activation

of Sympathetic Nervous System (SNS), mediating involuntary responses to emotion arousal, thereby serving as a

potential measure for affective and cognitive states [15].

3.4.5 Data Collection. The quality of research data is closely tied to themethod of survey administration chosen.

Different modes of survey administration, such as phone, online, or in-person, can introduce mode effects, where

the method itself influences the responses obtained. It is crucial for researchers to report the mode of survey

administration to ensure transparency and accurately interpret the findings. Surprisingly, 14 Ubicomp papers

failed to report the methods of survey administration.In addition to the mode of administration, the frequency

of surveys can also impact the quality of responses, particularly in natural settings. Most Ubicomp papers have

wisely adopted a daily data collection approach. However, one Ubciomp paper asked participants to report 15

times a day, and another paper required participants to report five times a day.

To mitigate bias and enhance response rates, it is crucial to provide clear guidance to participants regarding

the research objectives and expectations. Only 10 Ubicomp papers reported providing such guidance to partic-

ipants. Furthermore, only 3 papers reported the response rates, which is an important metric for assessing the

representativeness and reliability of the collected data.

3.4.6 Post-processing. Different from traditional survey research, HCC studies require special considerations

of ground truth. 6 Ubicomp papers have implemented specific methods to validate the collected ground truth.

For example, one paper normalized reported mood using z-score, as‘some people may be more positive or nega-
tive about their mood’. Another paper used linear interpolation computed for missing values calculation, which

served as the ground truth. To ensure data quality, 11 Ubicomp papers adopted various measures. One paper ‘al-
lowed participants to choose the data to collect and use’, another one mentioned their ability to reach participants

as needed. Additionally, one paper reported that ‘participants were unaware of the true study purpose to prevent
bias’. Another paper set a trap question with a known answer (e.g., location) and assessed reliability based on

answer completion time and the trap question response. Instead, one paper accommodated participants who

preferred a pen-and-paper survey over using an app, emphasizing flexibility in data collection methods. How-

ever, most Ubicomp papers didn’t transparently disclose whether specific measures were taken to ensure the

quality of collected data. Regarding bias discussions, 22 Ubicomp papers acknowledged potential biases, such as

‘when participants were continuously asked to take survey they may be distracted’, ‘be not sure whether the partici-
pants reported amotion truthfully or not’, ‘ground truth collection may be labour intensive, expensive and somewhat
inaccurate’, etc.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 37, No. 4, Article 52. Publication date: January 2023.



52:12 • Gao et al.

Table 4. Overview of the devices used in HCC studies at Ubicomp

Device Category Parameters Num. Ref.

Smartphone Smartphone Physical activity, sleep, app usage 23 [17, 43, 67, 76, 89, 92, 102,
104, 119, 136, 137, 142–145,
147–149, 152–155, 159]

Empatica E4 Wristband BVP, EDA, HR, ST 9 [38, 55, 57, 59, 69, 87, 88,
121, 151]

Garmin Vivosmart Smartwatch Sleep, oxygen level, HR, breathing, physical ac-
tivity

3 [104, 109, 120]

Polar H7 Chest strap Activity speed, distance, HR 4 [26, 79, 92, 105]

Q sensor Wrist sensor EDA, ST, actigraphy 2 [62, 65]

Fitbit Smartwatch Sleep, physical activity 2 [153, 154]

Fitbit Flex 2 Smartwatch Activity, calories burned, distance, sleep, steps 1 [152]

Fitbit Charge 2 Smartwatch Activity, calories burned, distance, HR, sleep,
steps

1 [3]

GENEActiv Smartwatch Physical activity, sleep, everyday behaviour 1 [63]

Withings Aura Bedside unit Sleep, HR 1 [138]

Withings Activite Steel Smartwatch Activity, calories burned, distance, sleep, steps 1 [138]

Withings Body Cardio Smartscale Body composition, HR 1 [138]

Sociometric badge Badge Face-to-face interaction, conversation, physical
proximity, physical activity

1 [160]

Samsung Galaxy Tab S2 Tablet Physical activity, sleep, app usage 1 [69]

Microsoft Kinect Add-on de-
vice

Postures and body movement 1 [69]

Microsoft Band 2 Smartwatch HR, EDA, ST, physical activity 1 [147]

Moto 360 Smartwatch HR, step count 1 [43]

ekgMove Chest belt ECG,HR, HRV, steps, activity, and energy expen-
diture

1 [43]

Zephyr BioPatchTM Body wear HR, respiratory rate, physical activity 1 [117]

AutoSense Chest belt HR, EDA, ECG, lung volume, breathing rate, ST 1 [66]

HTC Vive Pro Eye Headset Eye tracking 1 [151]

BodyMedia Sensewear Pro3 Armband EDA, ECG, ST, sweat, heat flux 1 [134]

Zephyr Bioharness BT Chest strap ECG, HR, breathing rate, oxygen level 1 [134]

Lightstone Fingertip Sensor Finger sen-
sor

EDA, HR 1 [134]

Neulog GSR module Finger sen-
sor

GSR 1 [79]

Chillband Wristband EDA, ST, ACC 1 [155]

Healthpatch Chest strap ECG, ACC 1 [155]

OMsignal Body wear ECG 1 [155]

PRO-Diary Smartwatch Actigraphy 1 [6]
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4 RELIABILITY OF SELF-REPORT AS GROUND TRUTH FOR HUMAN-CENTRED COMPUTING

Recent HCC studies have highlighted significant concerns regarding the reliability of self-reported data, pri-

marily due to improper self-reporting practices and inherent limitations in survey research methods. While

it is difficult to obtain the absolute truth about human mental wellbeing, researchers have employed various

methods to address these issues. These methods include investigating the misalignment between self-report

and well-established technologies [54], comparing self-report with physiological measurements [54], compar-

ing the performance of prediction models [29], or directly comparing self-report with real ground truths, such

as monitoring security behaviours through recorded videos citewash2017can.

Gao et al. [54] conducted a study to examine the reliability of self-report measures in establishing ground truth

for predicting student engagement. They discovered that the physiological measurement of engagement and the

perceived engagement reported by individuals were not always consistent. This finding suggests that relying

solely on subjective annotations may introduce potential unreliability when establishing ground truth. In a re-

lated study, Kaur [74] explored the relationship between Automated Emotion Recongition (AER) technologies and
self-reported affect in the context of information work at technology companies. They revealed a misalignment

between the continuous observed emotion from the AER tool and the discrete reported affect by individuals.

Das et al. [28] found that when what people feel differs from what people say they feel. They identified

a semantic gap that hinders accurate predictions in emotion recognition. Furthermore, they highlighted that

predicting mental wellbeing using passive data, such as offline sensor data or online social media, is influenced

by how the ground truth is measured, whether through objective arousal measurement or self-report. In another

study, Wash et al. [150] collected behavioural data and survey responses from 122 participants. They discovered

that only a small number of behaviours, particularly those related to tasks that require individuals to perform

specific, regular actions, exhibited non-zero correlations. Interestingly, several important security behaviours

that were directly monitored did not align with self-reported responses accurately. They concluded that self-

report measures are reliable only for certain behaviours. However, it is worth noting that monitoring security

behaviours leans more towards physical measurements rather than psychological ones, making them easier to

quantify.

5 IMPROVING GROUND TRUTH MEASUREMENT IN HCC STUDIES

Improving the practice of obtaining ground truth data is crucial for HCC studies. To achieve this, efforts have

been categorized into two directions: firstly, enhancing engagement and response rate in self-report mechanism,

and secondly, exploring more flexible and innovative methods for collecting ground truth data.

5.1 Enhancing Engagement and Response Rate

Self-report surveys, known for their convenience and cost-effectiveness, can suffer from low response rates, un-

dermining their validity. To enhance response rates, various efforts has beenmade to improve engagement, such

as the use of Casual Affective Triggers (CATs) [22], conversational agents [78], gamification [140] and incentiviz-

ing participation [47, 125, 156].

Chounta et al. [22] suggest the use of CATs, such as engaging images or interactive artifacts, in the survey

interface or email notifications. They found that CATs can improve emotional engagement, thereby motivating

respondents to participate and complete surveys. This strategy can lead to higher response rates and more

robust, representative data. The development of conversational agents helps to overcome low engagement by

simulating human-like conversations and interacting with survey participants interactively, thereby improving

the response quality [78]. The friendly and active nature of a conversational agent can help to create a more

comfortable and personalized survey experience. Participants may feel more at ease when answering questions,

leading to increased response quality and potentially reducing response bias.
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Employing gamification techniques in surveys, as described by Van den Broeck et al. [140], can significantly

enhance user engagement. By incorporating game-like elements such as animations and leaderboards, the survey

experience becomes more enjoyable, encouraging more accurate and reliable responses. The use of incentives

to increase response and participation rates is a common practice. Studies [47, 125, 156] have shown that incen-

tives and follow-up messages can improve participation rates. The Bayesian Truth Serum (BTS) technique [9]

addresses potential biases introduced by incentives, ensuring the reliability of responses.

5.2 Enabling Flexible Ways for Collecting Ground Truth

Diverse approaches exist for collecting ground truth data in the domain of mental wellbeing recognition, par-

ticularly in the areas of emotion [116, 122] and stress [4, 10]. Advances in physical and behavioural sciences

have enabled the development of algorithms capable of accurately recognizing simple emotions such as happy,

sad, angry, etc. These algorithms may utilize various modalities such as video [157], audio [110], and text [101],

the latter often referred to as ‘sentiment analysis’. Initially, these algorithms relied on annotated data as ground

truth. However, due to their high accuracy in emotion detection, they have increasingly been adopted as a new

form of ground truth for continuous emotion annotation in this field [74, 132].

It is crucial to acknowledge that while methods developed for emotion recognition, particularly those utiliz-

ing video and audio data, have shown promise, their effectiveness in addressing more complex psychological

constructs like depression and personality traits remains limited. These algorithms identifying these more nu-

anced psychological states are not yet sufficient to consider them as reliable ground truth sources [23, 97]. This

limitation indicates the need for ongoing research and development in the field. However, it also presents unique

opportunities: these methods can serve as supplementary ground truth sources, contributing to a more holistic

understanding of mental states and wellbeing. To provide a clearer perspective, we present a summary of the

current practices in collecting ground truth data across various methods below.

Induction Test. Induction tests are designed to elicit physiological responses to emotions like stress, serving

as a widely-accepted benchmark for establishing the ground truth about these emotional states [19, 40, 106]. Key

tests include the Cold Pressor Test, Trier Social Stress Test, Montreal Imaging Stress Task, Maastricht Acute Stress
Test, Paced Auditory Serial Addition Task, and Mannheim Multicomponent Stress Test [10]. However, to capture

the complexities of real-world emotions, Almazrouei et al. [4] conducted online stress induction tests for natural

assessment. Additionally, Larradet et al. [86] introduced a mobile application linked to wearable devices for

continuous monitoring of emotional states, using the Ortony, Clore, and Collins (OCC) model to prompt users to

record emotional triggers, thereby bridging the gap between lab and real-world settings.

Vision-Based Detection. This method utilizes facial expressions, eye movements, and physical behaviours

like head movement and pupil size variation to analyze humanmental states such as stress and emotions [58, 74].

Some established algorithms include the Facial Action Coding System (FACS) for categorizing facial expressions

[42], Facebook’sDeepFace for facial recognition [133], Google’sCloud Vision API for emotional analysis in images.

Due to the high accuracy of vision-based emotion detection, it is increasingly used as ground truth in HCC

studies. For instance, Tag et al. [132] utilizes the Affectiva API and the AWARE framework to monitor emotions

through smartphone cameras. This application considers the captured emotions as ground truth for analyzing

emotion trajectories for smartphone users.

Text-Based Detection. Text-based emotion detection, commonly known as sentiment analysis, utilizes al-

gorithms and natural language processing (NLP) techniques to identify emotions from textual content. The

Google Cloud Natural Language API is a prominent tool in this domain, utilising machine learning for nuanced

sentiment analysis. Advanced models such as BERT [34] have significantly improved the accuracy of emotion

detection in text, making them invaluable in HCC studies as supplementary ground truth sources. For instance,

Terzimehic et al. [135] utilized Ortony, Clore, and Collins (OCC) model to derive emotions from love or breakup
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letters to smartphones, which served as the ground truth for analyzing the emotional shifts experienced by

smartphones before and during the COVID-19 pandemic.

Speech-Based Detection. Speech-based emotion detection differs from text-based analysis as it involves in-

terpreting vocal cues and prosody to discern emotional states. This method analyzes the tone, pitch, and rhythm

of speech, which convey a wealth of emotional information beyond the spoken words. Popular algorithms and

tools such as Mel-Frequency Cepstral Coefficients (MFCCs), OpenSMILE toolkit [44] and the Emo-DB database

[16], have been utilized to capture the emotion during speech.

Multimodal Detection. Multimodal approaches integrate various data types to provide a more comprehen-

sive analysis of emotions. Sharma et al. [122] exemplify this by combining video, social media, and Twitter

feedback to assess student emotions in educational settings. Non-verbal behaviours in job interviews are ana-

lyzed by studying facial expressions, speech patterns, and prosody to evaluate performance [108]. Rodrigues et

al. [116] developed a multimodal system for detecting stress and fatigue in drivers, integrating physiological,

psychological, and georeferenced data. The ground truth derived from these multimodal sources enables the

study of emotions in a continuous, dynamic context, offering a richer understanding of emotional states across

various scenarios.

6 RESEARCH GAPS AND FUTURE WORK

Through our review, we have identified the challenges in the practice of self-reporting in HCC studies. To con-

tribute to this field, future researchers can explore several directions.

Improve Self-Report Data Collection: Self-report practices in HCC studies demonstrate distinct patterns

compared to traditional survey research. Ubicomp researchers could consider improving the self-report data col-

lection process by addressing factors that influence the quality and quantity of data. This can involve engaging

interactions (e.g., gamification [140], conversational chatbot [78]), designing better incentive mechanisms, de-

termining optimal methods (e.g., time, frequency, location, user cognition load) for questionnaire delivery, and

developing more suitable tools for HCC research, like Photographic Affect Meter [113].
Enhance Self-Report Data Quality: The common practice in HCC studies is to use self-report data directly

as ground truth without assessing its credibility. Future researchers can analyse and evaluate the quality of

self-report data during the post-processing periods. This could be achieved by incorporating special and trap

questions during data collection [93], analysing completion time to assess response certainty [98], measuring

response biases and mitigating low-quality data, thereby enhancing overall data quality used as ground truth.

Flexible Ground Truth Measurement: It is important to develop more adaptable methods for collecting

ground truth data. These approaches should emphasize privacy protection, minimize the burden on users, and

avoid the need for extensive installations or specialized equipment. While fully replacing self-report data may

not be feasible in the short term, integrating multiple data collection modalities as discussed in Section 5.2 could

address some of the limitations inherent in self-reporting.

Foster Replicable Practices: Reproducibility is a significant challenge in HCC studies due to the nature of

human-based data collection. To enhance reproducibility, it is crucial to establish standardised protocols for data

collection and analysis. When collecting ground truth data, researchers should report various factors, including

questionnaire delivery methods, frequency, user incentives, guidance, etc. By focusing on these elements, re-

searchers can increase the reproducibility and reliability of their research findings, fostering a more robust and

trustworthy body of knowledge in the field.

7 CONCLUSION

This paper presents a comprehensive methodological review of Ubicomp papers that utilize self-report as the

ground truth for humanmental andwellbeing computing.Our analysis identifies deficiencies and inconsistencies
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in current self-reporting practices within the Ubicomp community. We have developed a set of guidelines that

aim to improve and standardize self-reporting practices, thereby enhancing the reliability and credibility of

future studies in human mental and wellbeing computing.

Furthermore, we address the urgent need for methodological evolution and advocate for a shift from tradi-

tional self-reporting methods towards incorporating more reliable and diverse approaches, such as physiological

data analysis and advanced data processing techniques. This shift is critical for advancing the accuracy and ap-

plicability of HCC research, particularly in real-world scenarios. By embracing these changes, the field of HCC

canmakemore substantial and impactful contributions to the understanding and enhancement of humanmental

wellbeing.
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