Improving Human Answers Quality by Machine Questions Number and Context
Factors

Haonan Zhao (haonan.zhao @unitn.it)
University of Trento, Trento, Italy

Xiaoyue Li” (xiaoyue.li@unitn.it)
University of Trento, Trento, Italy

Abstract

Mobile phones provide an opportunity for a symbiotic inter-
action between humans and machines, which allows phones to
collect human-centric data at anytime and anywhere. However,
low-quality answers, which refer to the wrong answers, may be
provided by users when they are asked excessive questions or
in unsuitable contexts (e.g., driving). To solve this problem, we
aim to design a methodology to collect more correct answers.
We propose to use answer reaction time to annotate answer
quality, to find a suitable number of daily questions, and the
context factors that need to be considered according to their
history records. We validated our methodology via the public
dataset, which was collected by an extensive four-week in-the-
wild study at the University of Trento, Italy. The results reveal
that the context information and the number of daily questions
are factors that can impact user answer behavior. These fac-
tors, therefore, influence the answer quality.

Keywords: Human-Centric Al; Social Computing; Context;
Data Quality.

Introduction

Smartphones, now an indispensable facet of our daily lives,
facilitate the receipt of notifications and provision of re-
sponses at any location and any time (Runyan et al., 2013).
Current research in the Human-Computer Interaction do-
main has leveraged the use of smartphones to ask ques-
tions for human answers and sensor data to understand hu-
man behavior, see, e.g., social interactions (Eagle & Pent-
land, 2009), points of interest (Alessandretti, Sapiezynski,
Sekara, Lehmann, & Baronchelli, 2018), and social con-
nections (Miritello, Lara, Cebrian, & Moro, 2013). Also,
the capacity to process context (Schilit & Theimer, 1994;
Giunchiglia, 1993) , which allows humans to adjust their
behavior according to their environment, is a critical aspect
of various fields, including Human-Centered Al, Psychology,
and Data Mining (Giunchiglia, Li, Busso, & Rodas-Britez,
2023; Hoareau & Satoh, 2009; Li, Rodas-Britez, Busso, &
Giunchiglia, 2022). But the inherent complexity of context
often poses challenges in directly acquiring high-quality con-
text data. Currently, smartphones offer an opportunity to col-
lect subjective context data (e.g., via time-use diaries) directly
and promptly from users, namely, ask context questions and
get answers from humans directly.

While it is possible to use the Experience Sampling
Method (Larson & Csikszentmihalyi, 2014) or time diaries
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(Bowers, 1939) to gather data about the human context via
smartphone, the collection of such data presents two signifi-
cant challenges: the first relates to the quality of human input
data. The low-quality data, namely the given wrong answers
or without given answers, can not help machines to know hu-
mans well because this kind of data does not meet the stan-
dards required by AI (Mehrotra, Vermeulen, Pejovic, & Mu-
solesi, 2015). The second challenge is the considerable num-
ber of questions that humans are expected to answer due to
the fact that many fields (e.g., deep learning and Al) need to
get a huge amount of data from them. The frequent questions
from smartphones can be intrusive, especially when they in-
terrupt users during periods of activity (e.g., driving a car or
taking a meeting). This can result in annoyance and a reduc-
tion in work and study efficiency (Renaud, Ramsay, & Hair,
2006). This can invariably lead to survey fatigue, where par-
ticipants become weary or lose interest in the survey, resulting
in low answer quality (Jeong et al., 2023).

In light of the above challenges, it is urgent to devise a
methodology that sends less questions via the suitable context
to require human answers while preserving the quality of the
answers received. Consequently, our research objective is fo
evaluate the feasibility of amassing high-quality answers by
making sure of the number of daily questions and the suitable
context information, thereby minimizing disruptions to the
participant while accruing high-quality data from each par-
ticipant. Hereby, the specific kind of answer quality means
the quality of participant answers to machine-generated con-
text questions sent by smartphone. To quantify the quality of
the answers, we follow the studies from (Bison & Zhao, 2023;
van Berkel et al., 2019), which propose that a reduced reac-
tion time contributes to enhanced answer quality; the reaction
time means the elapsed time from notification to answer.

The data analysis was conducted on an ESM interval-based
experiment, compilation from 268 students over a span of
four weeks, approximately 400,000 responses with corre-
sponding sensor collections that we have executed at the Uni-
versity of Trento. This experiment was fundamentally pred-
icated on the utilization of an ESM application christened i-
Log (Zeni, Zaihrayeu, & Giunchiglia, 2014), which facilitates
the collection of sensor data, predominantly but not exclu-
sively from the smartphone, and the administration of queries
about their situational context, in the form of time diaries,
i.e., clusters of queries about the prevailing context, posed

1561
In D. Barner, N.R. Bramley, A. Ruggeri and C.M. Walker (Eds.), Proceedings of the 47th Annual Conference of the Cognitive Science
Society ©2025 the author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).



multiple times, at various programmable junctures of the day
(Bowers, 1939).

Subsequently, we propose an innovative approach that,
through meticulous selection and optimization of the tim-
ing of queries posed, can alleviate user fatigue and enhance
the reliability of the amassed data. We present a method-
ology that employs Machine Learning methodologies, par-
ticularly Random Forest, to predict the time periods when a
participant is most likely to provide high-quality responses.
Here we selected 170 participants who have responded to all
queries in the experiment, in the period, we collected approx-
imately 100,000 responses, including the time diaries about
the context surrounding the participant, by context, we re-
fer to the person’s situational context, including their internal
state as embedded in a reference context or environment that
is shared with other people. In this manner, we not only re-
duce the frequency of query delivery to participants but also
identify the optimal times for them to provide high-quality
responses, thereby enhancing the quality of substantial data
in the human-centered Al system.

Related Work

The collection of human context data is achieved through two
methods: the use of smartphone sensors and the acquisition
of information directly from participants. The former oper-
ates continuously on the user’s phone, while the latter lever-
ages Time Use Diaries (TUDs) (Bowers, 1939). Mobile self-
reports (Boase & Ling, 2013) have garnered substantial mo-
mentum in recent years; this methodology primarily collects
data through a self-completed time diary report that logs a
participant’s activities at fixed time intervals, which offers a
comprehensive view of how individuals allocate their time
across various activities, yielding valuable insights into pat-
terns of behavior and lifestyle (Bauman, Bittman, & Ger-
shuny, 2019; Sarker, Hoque, Uddin, & Alsanoosy, 2021).
However, assessing the accuracy of self-report responses has
received little attention in the previous, despite the consider-
able implications for study results. Researchers tend to pre-
suppose the accuracy of all ESM responses, without further
validating this assumption (van Berkel et al., 2019).
Comprehending the user’s context is pivotal for ascertain-
ing an opportune moment to dispatch messages. In psychol-
ogy, the ESM (Larson & Csikszentmihalyi, 2014) empow-
ers researchers to devise intensive, repeated measure ques-
tionnaires that furnish comprehensive context information
about the interviewee. Moreover, the incessant progression of
smartphones has culminated in the emergence of a novel tech-
nology known as smartphone-based ESM (Mehrotra et al.,
2015). This technology enables the documentation of human
behavior and experiences by querying users and scrutinizing
people’s time-use. Users can be queried about human behav-
ior, encompassing daily events and moods, via their smart-
phones (Clark & Watson, 1988). A challenge in architecting
ESM systems is identifying a moment to pose questions that
enhances participant engagement and ameliorates the quality

of data collection.

As underscored by Mehrotra et al. (Mehrotra et al., 2015),
obtaining high-quality data with ESM is challenging because
ESM consistently sends questions at the same time interval,
which can sometimes annoy participants. Numerous studies
aim to improve the response rate of questions, i.e., the num-
ber of answered questions. For instance, from the perspec-
tive of smartphone usage, Boukhechba et al. (Boukhechba et
al., 2018) observed a higher response rate when ESM ques-
tions were sent after a phone call compared to using social
media for text communication. Similarly, Berkel et al. (van
Berkel et al., 2020) also found that active phone use before the
ESM question could increase the response rate. From the sit-
uational context perspective, researchers have explored how
changes in location (e.g., at home and outdoors) (Sun, Rhem-
tulla, & Vazire, 2021), different times of the day (Pielot et
al., 2017), and social interactions (Boukhechba et al., 2018)
impact the response rate of ESM questions. Although these
investigations have not extensively probed into the quality of
responses or devised a method for its enhancement, Bison
et al. (Bison & Zhao, 2023) established that elevated reac-
tion time for questions could degrade the quality of answers.
Consequently, we also select reaction time as a pivotal deter-
minant of the quality of human answers.

Methodology

In the sociological survey research, the Total Survey Error
(TSE) paradigm (Amaya, Biemer, & Kinyon, 2020; Biemer,
2010; Sen, Floeck, Weller, Weiss, & Wagner, 2019) is exten-
sively discussed to maximize data quality within constraints,
which is beneficial for optimizing surveys. We propose a
methodology to improve data quality by recognizing specific
constraint factors. These factors are considered and used in
the questioning mechanism of machines and are not influ-
enced by various human subjective responses.

Answer quality and reaction time

In the area of human-centric data collection, researchers as-
pire to obtain immediate answers to questions from partic-
ipants (van Berkel et al., 2019; Bison & Zhao, 2023; Bi-
son, Zhao, & Giunchiglia, 2024). This aspiration stems from
the understanding that the longer of delay between the re-
quest and the answer, the greater the risk of introducing er-
rors into answers due to, e.g., memory forget effects. As the
study (Janssens, Bos, Rosmalen, Wichers, & Riese, 2018) ob-
served, some researchers stated that they elected to permit
participants with a relatively short delay to answer questions
to facilitate real-time assessment and mitigate recall bias.
However, to enhance participants’ compliance, some degree
of delay must be allowed, as participants are engaged in their
regular lives and may not always be in a position to respond
instantaneously. Motivated by these studies, we measure the
quality of answers by reaction time. We define reaction time
as the time interval between a participant receiving questions
and starting to give answers. We formalize reaction time, de-
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noted as ¢,, as:

r=1la—1 (D
where 1, is answer time, which is the time when a partic-
ipant starts to answer the questions. The #, is notification
time, which is the time when a participant receives the ques-
tions that are sent by machines. If the participant did not an-
swer a question (e.g., t, = ‘null’), we set t, = . In real-
world datasets, the notification time and answer time are al-
ways recorded by timestamp datatype, which stores the year,
month, day, hour, minute and second values, e.g., ‘2024-07-
01 10:11:20° in MySQL Database. To facilitate the represen-
tation and application of reaction time, we invariably set the
unit of reaction time to minutes, e.g., ‘2.8” minutes.

The reaction time to a question can influence the quality of
the answer. The shorter reaction time leads to better answer
quality. To quantify answer quality, we binary classify answer
quality as high-quality or low-quality responses.

High,

Low,

ift, <RT

2
ift, > RT @

Answer Quality = {
where RT is a cut-off point as the time threshold that distin-
guishes answer quality. If the reaction time of an answer ¢,
is less than the reaction time cut-off point RT, the quality of
the answer is considered ‘High’. On the other hand, if the
reaction time ¢, is greater or equal to RT, the quality of the
answer is considered ‘Low’. Of course, if the participant did
not answer a question, we have ¢, = oo. Hence, this answer is
considered a low-quality answer.

There is a relationship between reaction time and answer
quality. For different datasets, the cut-off point of reaction
time is hard to determine, depending on the proportion of
good-quality answers in the databases and the expected qual-
ity from answer collectors, etc. Findings from pencil-paper
diary studies suggest that the majority of participants respond
within a 10 to 20-minute window (Csikszentmihalyi & Lar-
son, 1987). The ESM answers delayed by more than 15 min-
utes exhibit diminished reliability (Wichers et al., 2007; De-
lespaul, 1995). Hence, we proposed the cut-off point of reac-
tion time, RT, can be set as setting 15 minutes for differenti-
ating between high-quality and low-quality answers.

Answer quality factors

We present two types of factors, namely number of questions
and context information, which can have an impact on the
answer quality.

Number of questions: The number of questions is always
designed by the experiment manager before the beginning of
an experiment for better questioning, e.g., considering how
many answers are needed from the participants. Experiment
managers are willing to get plenty of answers from partic-
ipants, so they would like to ask many questions per day
(Eisele et al., 2022). Jeong et al. (Jeong et al., 2023) in-
dicate that an excessive quantity of questions can invariably
precipitate survey fatigue, a state wherein participants expe-
rience weariness or diminished interest in the survey, thereby

compromising the accuracy of answers. Consequently, the
number of questions emerges as a factor influencing answer
quality. Our aim is to send fewer questions to participants but
get a higher percentage of high-quality answers. And we pro-
pose that the number of daily questions should be the number
of high-quality answers that could be provided by most par-
ticipants.

Context information: Context is widely used in the HCI and
Knowledge Representation (KR) communities, which is de-
fined as ‘any information that can be used to characterize the
situation of an entity’ (Dey, 2001). Context is the situational
setting of an individual that encompasses their internal con-
dition within a common reference environment with others
(Giunchiglia, Bignotti, & Zeni, 2017; Intille, Rondoni, Kukla,
Ancona, & Bao, 2003; Runyan et al., 2013). Current research
on context primarily finds context could impact notifications
(Mishra, Lowens, Lord, Caine, & Kotz, 2017) and enhance-
ment of question response rates (Sun et al., 2021), thereby
impacting the accuracy of answers. Therefore, we choose
context information as the factor influencing answer quality.
The contexts we consider in this paper are as follows:

Time context: We follow the suggestions from Chen and
Kotz (Chen & Kotz, 2000), as time is a fundamental and natu-
ral context in which human, physical, and computing contexts
are recorded over time to compile a context history. Time also
impacts whether a participant will answer a question (Sun et
al., 2021). We segmented the time context for a survey into
three categories: hour, weekday and day.

Situational context: Situational context is a multidimen-
sional concept where environmental, social, and technical
conditions interact. Current research (Mishra et al., 2017)
said context can impact if a participant gives feedback to a
notification; thereby, context could influence the answer qual-
ity. In this paper, we consider situational context as three di-
mensions that are the event context, the spatial context, and
the social context, which are defined in (Giunchiglia et al.,
2017).

The number of question factor has been proven to impact
answer quality in our experiment in the previous section. Our
experiments have demonstrated that the factors hour, week-
day and day (from time context) plus activity (from event con-
text), location (from spatial context), and interacting people
(from social context) impact quality of answers.

Workflow

We elucidate a step-to-step general workflow, which aims to
find the number of questions and context information that can
impact the answer quality. The workflow includes three main
steps.

Step 1: Annotating answer quality. Answers can be an-
notated with labels by considering their quality as ‘High’ or
‘Low’. This can be achieved by first calculating the reaction
time of these answers using Equation (1) (reaction time (z,)
values of unanswered records are set as o). Subsequently, we
use Equation (2) to indicate the quality of the answers (where
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RT is set as 15 minutes). Based on the answer quality, we
annotated answers with labels (e.g., ‘High’ or ‘Low’; ‘1’ or
‘0, etc).

Step 2: Determining the daily question number for ac-
quiring more high-quality answers. The number of daily
questions is designed to be the number of high-quality an-
swers that most participants can provide every day. First,
we calculate the average number of high-quality answers that
each participant provides. Secondly, participants are grouped
based on their average number of high-quality answers, i.e.,
two participants are in one group only if they have the same
average number of high-quality answers. Finally, we can find
the group with the most participants. The number of daily
questions is an integer that is closest to the average number
of high-quality answers in this group.

Step 3: Identifying context factors influencing answer
quality. To test whether there is a relationship between an-
swer quality and context information, we first use the Chi-
Square statistical test to evaluate whether there is a statistical
difference between various context factors and the reaction
time of answers; here, we assume the reaction time was in-
dependent of context factors. The result of the P value will
show the relationship between answer quality and context in-
formation. For example, in the relationship between activity
and reaction time, if the P <0.01, that there is a strong sig-
nificance between the context information and reaction time.
Based on the Equation (2), we can know there is a strong sig-
nificance between the context information and answer qual-
ity. Next, we calculate the number of high-quality answers
that participants can provide based on different context fac-
tors, which enables the observation of the different contexts
to influence participants’ high-quality answers.

Given the above, answers from a dataset are annotated with
labels by considering their quality from Step 1. We acquire a
certain number of daily questions that we should send to the
participants every day from Step 2. The evaluation experi-
ments using machine learning algorithms can be designed to
test whether sending a certain number of daily questions and
considering the observed context information (from Step 3)
can achieve a greater percentage of high-quality answers than
the original dataset, which means considering the number of
questions and context information can improve the answer
quality.

Experiment
Dataset

Our group collected the WeNet dataset. The WeNet dataset
engaged in excess of 10,000 students across eight distinct na-
tions, with the objective of investigating human lifestyles .
As a European initiative, the data collection procedure was
executed in compliance with the EU General Data Protection
Regulation (GDPR) and procured approval from the ethics

IFor an exhaustive description of the project, as well as the op-
tion to download the WeNet dataset, kindly refer to the provided
URL: https://www.internetofus.eu/.

committee. The pertinent details of the data have been lu-
cidly delineated in (Giunchiglia et al., 2021), which provided
detailed experimental protocols, participant recruitment, and
data cleaning methodologies.

In the data collection experiments, we employed a mobile
sensing i-Log application (Zeni et al., 2014), which sends
time diary questions to all the participants. These ques-
tions include three HETUS questions”: Location: ‘Where are
you?’; Activity: ‘What are you doing?’; Interacting people:
‘With whom are you?’. All the questions were asked in thirty
minutes in the first two weeks and one hour in the last two
weeks. The variables of time diaries we use include:

participantid: The participant’s identifiers, value integers
from O to 169.

notification time: The time when questions are arrived at
the smartphone, e.g., ‘1970-01-18 10:05:09°.

» answer time: The time when questions are opened by the
participant, e.g., ‘1970-01-18 10:10:26’.

location: User answers of the location question repre-
senting their location, which provides the participant with
26 categories such as home, workplace, university, restau-
rant, etc.

L]

activity: The user answers the activity question repre-
senting their event, providing the participant with 34 an-
swer categories such as sleeping, eating, working, etc.

L]

interacting people: The user answers the interacting
people representing their interacted people, which pro-
vides the participant with 8 categories such as nobody, part-
ner, friends, etc.

To implement our methodology, we used the WeNet-Italy
dataset, which is a constituent of the WeNet dataset. WeNet-
Italy dataset was collected by conducting this investigation at
the University of Trento, where all participant students were
approached via email. From the pool of over 5,000 students,
a group of 350 was selected, based on their individual fields
of study. These chosen students were provided with supple-
mentary instructions on the downloading and utilization of
the application. In the final analysis, the experiment was suc-
cessfully completed by 170 participants. The demographic
information is shown in Table 1.

Answer quality annotation

To clarify the annotation process of answer quality. We show
the part of the pre-processed and anonymized (e.g., ‘1970-01-
08’) dataset, as shown in the Day, Activity Answer, Notifica-
tion Time and Answer Time columns in Table 2, where values
of Activity Answer are participants’ answers to the question
of ‘“What are you doing?’. Based on our workflow, we aim

2Harmonized European Time Use Surveys (HETUS) standard
can be found in https://ec.europa.eu/eurostat/web/time
-use-surveys.
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Table 1: The demographic information.

Sex Degree Department
Feature Information
Female | Male BSc MA+PhD . Industrial | Business | Sociology
Science
Number 86 84 138 32 53 23 44 50
Percentage | 50.58% | 49.42% | 81.17% | 18.83% 31.18% 13.52% | 25.88% 29.41%

to calculate the reaction time and then annotate answer qual-
ity for each record in our WeNet-Italy dataset, as examples of
Reaction Time and Answer Quality columns in Table 2.

Each record includes the value of Noftification Time,
namely the time when the participant’s smartphone receives
this question, and the value of Answer Time, namely when
the participant starts to answer this question. Based on the
Equation 1, we can calculate the reaction time for each record
that has been answered. If a participant gives no answer to
the question, we set Reaction Time values . Secondly, af-
ter knowing the reaction time for all of the records in the
WeNet-Italy dataset, based on Equation 2 and cut-off point
RT = 15 minutes, we can annotate the values of the Answer
Quality column as ‘1’ or ‘0’, where ‘1’ represents the high-
quality answer, and ‘0’ represents the low-quality answer.

Table 2: Example for a part of the annotated dataset.

Day Activity Answer | Notification Time Answer Time ?ie;ztlon 8::;::;
1970-01-18 | {“Eating”} 1970-01-18 10:05:09 | 1970-01-18 10:10:09 | 5 1
1970-01-18 | null 1970-01-18 12:06:01 | null oo 0
1970-01-18 | {“Sport™} 1970-01-18 14:03:08 | 1970-01-18 14:12:22 | 9.14 1
1970-01-19 | null 1970-01-19 12:06:01 | null oo 0
1970-01-19 | {“Studying”} 1970-01-19 13:06:06 | 1970-01-19 13:43:16 | 37.1 0

Result: After labeling answer quality into the WeNet-Italy
dataset, we can conduct the statistical analysis on the qual-
ity of answers in the original WeNet-Italy dataset (which is
the baseline of our evaluation, as shown in Table 3). The
34.26% of questions were answered by high quality. In addi-
tion, on Monday and Saturday, participants give more high-
quality answers (occupying 38.56% and 39.17%), while on
Friday, participants give less high-quality answers (occupy-
ing 31.24%). It means we find that, at the beginning of week-
days/weekends, people always provide more high-quality an-
SWers.

Daily questions number

For each participant in the WeNet-Italy dataset, we calculate
the average number of high-quality answers that she/he pro-
vided per day. These participants are grouped according to
the average number. The results show that the biggest group
includes 20 participants. They provided an average of 9.6
high-quality answers every day. The second biggest group in-
cludes 14 participants, who gave an average of 17.8 answers
with high quality per day. However, for the smallest group,
4 participants averagely answered 2.4 questions with high-
quality answers. As discussed in Step 2, the daily question
number should be the integer around the average number of
high-quality answers of the biggest group.i.e., 10.

Result: Upon analyzing the number of high-quality answers
each participant can contribute daily, we have elected to
present ten questions per day. This decision aims to minimize
any potential disruption to the participants’ daily routines and
maximize high-quality answers.

Context information

To find the context information that influence the answer
quality. We first employed the Chi-Square statistical tests on
context factors (namely weekday, day, hour, activity, location
and interacting people from WeNet-Italy dataset) with the re-
action time of answers. To avoid the Type I error, we first
have employed the Benjamini-Hochberg Procedure (Beyer,
1978) to process data. Then when assuming the reaction time
was independent of context factors, the Chi-Square results
showed that there is a significant discrepancy between our
observed counts and the expected counts, which proving the
proposed context factors have a strong significance with the
reaction time. As we have discussed that the reaction time
of answers involves the standard for evaluating answer qual-
ity, therefore we can know the proposed context factors in-
fluence answer quality. Due to the limitation of the space of
this paper, we do not show the complete Chi-Square tests re-
sults in detail. We give some result examples: For the activity
factor, the median reaction time of responses fluctuated from
a minimum of 12 minutes when the participant engages in
social media/phone/chat activities to a maximum of 44 min-
utes during free time activities (x> = 1107.75, p<0.01). For
the interacting people factor, the median reaction time varies
from 12 minutes when the participant is alone to 68 minutes
in a social setting (x> = 746.38, p<0.01). For the location
factor, the median reaction time spans from 9 minutes when
the participant is at a university to 44 minutes when outdoors
(%> = 674.69, p<0.01).

Furthermore, we observe the weekday, day, hour, activity,
location and interacting people factors that influence the num-
ber of high-quality answers. Here, we only show two exam-
ples as shown in Figure 1 and Figure 2 due to the limitation
of space. Figure 1 shows the weekday factor (one of time
context) influences the number of high-quality answers. The
trend line indicates decreasing numbers of high-quality re-
sponses from Monday to Friday, with median values from
9.25 to 7.5. Interestingly, there is a significant increase in the
median number of high-quality answers from Friday to Sat-
urday, from 7.5 to 9.5.

Figure 2 shows the activity factor influences the number of
high-quality answers from participants. The Study is the ac-
tivity with the highest median number of high-quality an-
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Figure 1: The median number of high-quality answers per
day from participants on weekdays.

swers per day at 9.88, which demonstrates that participants
provide more high-quality answers when they are studying.
Due to our participants being students; they always spend the
most time on study. Both the Eating and Watching TV ac-
tivities have a median of 5.5 high-quality answers every day,
which is the second highest value. The activities with the low-
est medians are Listening music, Break coffee, Phone calling,
and Other with median values of 1.12, 1, 1, and 0.88 respec-
tively. This indicates that participants are least productive in
terms of providing high-quality answers during these activi-
ties.
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Figure 2: The median number of high-quality answers per
day when participants conduct different activities.

Result: Based on the analysis in this section, the context
information in WeNet-Italy dataset, including weekday, day,
hour, activity, location and interacting people, impact acquir-
ing high-quality answers from participants. These factors
needed to be learned by machines to improve the quality of
human answers.

Evaluation

We conducted evaluation machine learning experiments by
using the most common classifiers, i.e., Random Forests, De-
cision Trees, Artificial Neural Networks, Logistic Regres-
sion, and Gaussian Naive Bayes. We proposed we can learn
from participants real context information and answer quality
in the first two weeks, then predict in the following two weeks
when to ask questions in a way that gets their answers with

high quality. For the second two weeks, we asked 10 ques-
tions every day to participants during the machine learning
suggested time slots.

From the results of Machine learning experiments, Table 3
presents the percentage of high-quality answers. The baseline
is calculated by the percentage of high-quality answers out of
all answers in the original WeNet-Italy dataset. We also show
the percentages of high-quality answers based on the machine
learning results in the second two weeks.

The baseline overall percentage is 34.26%. The overall
percentage of high-quality answers predicted by the Random
Forest classifier is the highest at 62.28The other rows break
down these percentages by each day of the week. For each
day, the percentages of high-quality answers predicted by the
classifiers are higher than the baseline percentage, indicating
an improvement across all days. The highest percentage of
high-quality answers is predicted by the Random Forest clas-
sifier on Monday (64.03%), while the lowest is predicted by
the Logistic Regression classifier on Thursday (56.02%). All
of the algorithms we test can get a huge improvement from
the original baseline, which can support our methodology;
that is, sending a suitable number of questions (fewer than
before) based on the participant context information can im-
prove the quality of the answers. We infer this because fewer
questions and under specific contexts make the participants
feel less annoyed. Hence, they prefer to provide more high-
quality answers.

Table 3: Comparation of percentages of high-quality answers.

. Predictions Via Our Methodolo;
Weckday BaseLine Random | Decision Gaussian Aniﬁci{l Logistic
Forest Tree Naive Bayes | Neural Networks | Regression
Monday 38.56% | 64.03% | 63.78% 60.90% 63.30% 58.39%
Tuesday 36.80% | 62.27% | 62.57% 58.82% 61.91% 57.47%
Wednesday | 36.74% | 63.08% | 60.08% 58.65% 61.18% 56.47%
Thursday 33.53% | 60.17% | 61.46% 57.35% 58.67% 56.02%
Friday 31.24% | 60.82% | 60.65% 57.51% 59.60% 56.86%
Saturday 39.17% | 63.35% | 63.40% 60.42% 61.56% 58.30%
Sunday 37.64% | 61.21% | 60.71% 56.30% 58.89% 57.45%
Overall 34.26% | 62.28% | 61.87% 58.56% 60.73% 57.28%
.
Conclusion

This study has demonstrated the significance of the number
of daily questions and context factors on the quality of hu-
man answers in mobile surveys. By analyzing a part of the
WeNet dataset, we have identified that reducing the num-
ber of daily questions and considering contextual informa-
tion can enhance the quality of data collected. Our method-
ology offers a promising approach to optimizing mobile sur-
veys for human-centered Al systems. The findings suggest
that a thoughtful balance between the quantity of questions
and the timing of their delivery can lead to more accurate and
reliable data. Future research may explore the integration of
additional contextual factors and the refinement of predictive
models to further improve the efficacy of data collection in
Al applications.
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