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Abstract: Due to the recent COVID-19 pandemic, a lot of people are now required to stay at home and/or work re-
motely. This is thought to be causing a significant decrease in vocal communication between people, which is leading
to increased stress between people. However, quantitative researches to back this up has not been done much yet. In
this research project, we created a system called the ManWaKei system that quantitatively measures the amount of a
user’s speech using voice recognition transcription technology, in order to investigate the correlation between speech
and stress from a quantitative standpoint. We carried out a 3-week experiment with 5 participants, collecting data about
the conversations they made and the stress they experienced. Through the experiment, we were able to spot some signs
of correlation between the amount of speech and stress, however there are too many factors that we still need to take
into count, and improvements to the system is crucial for future researches.
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1. Introduction
The world today is being severely affected by the COVID-19

epidemic that started in 2019. Over 180 million people have been
infected and over 4 million have lost their lives from it, and this
number is still continuing to grow.[1]

Due to this, in many countries including Japan, people were put
into quarantine: restricted and/or recommended not to go outside
unless necessary, and many schools and workplaces have started
the implementation of remote work. In April 2021, 56.6% of
companies in Tokyo were actively implementing remote work,
[2] and in June 2020, 60.1% of Japanese universities were carry-
ing out lessons fully remotely, with an additional 30.2% partially
implementing remote work. [3]

Fig. 1 Change in Percentage of Companies employing Remote Work in
Tokyo

One of the direct drawbacks of this is that people now have a
much less chance of meeting people and talking to them directly.

Speaking with someone has long been believed to be an impor-
tant process in coping with stress, [4] [5] and the decrease of such
communication is thought to be causing a significantly negative
effect on people’s stress.

1 Keio University, 5322 Endo, Fujisawa, Kanagawa 252-0882, Japan

On top of this, social isolation is becoming a serious problem,
especially amongst young people, [6] and psychiatrists are calling
out to people to be careful of being isolated, and are recommend-
ing people to try their best to communicate with others.[7]

Although the correlation between speech and stress has been
discussed for a long time, it was difficult to quantitatively prove
this since the means to measure the amount of speech were almost
non-existent in the past. However, with the current technology,
and by taking advantage of the current remote work environment,
it is now possible to objectively and quantitatively measure the
amount of speech with relative ease, which opens up a new possi-
bility of investigating the correlation between speech and stress.

The main objective of this research is to quantitatively investi-
gate the correlation between the amount of speech and stress.

To achieve this goal, we will create a system that measures
a user’s amount of speech. By combining this with preexisting
methods of measuring quantitatively stress levels, we aim to col-
lect data both about the user’s amount of speech and their stress
levels, allowing us to investigate the correlations between them.

2. Related Works
2.1 Stress Detection from Voice Information

The pitch of a person’s voice has long been considered to have
a strong connection to the person’s mental state, such as stress,
and numerous studies have been carried out. [8] A notable project
is one that a team at Fujitsu has developed a system that can rec-
ognize a user’s instantaneous stress level by analyzing the tone,
pitch and volume of the user’s voice. [9] This project is simi-
lar to our project in how it deals with speech and stress, but it is
created in order to detect instantaneous stress levels according to
details of the user’s voice, whereas our project aims to investigate
the amount of speech of the user and draw comparisons between
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those results and the user’s longterm stress levels.

2.2 Voice Recognition Transcription Technology
When talking about researches on speech, we must mention

the evolution of voice recognition transcription technology. Voice
recognition transcription technology is a type of system that uses
technologies like deep learning to allow a computer system to
indicate words said by a person, and transcribe them into text
format. Development of this technology has been continuing for
decades, and researches on their speed / accuracy has also been
done numerous times. [10] Nowadays, numerous different com-
panies such as Google [11] and IBM [12] are developing tech-
nologies of similar sorts, and are offering them as part of their
service.

2.3 Measuring Stress
Measuring stress is a very difficult problem, and many re-

searches about it are still ongoing. The measurement of stress
can be divided widely into two ways: subjective measurement
and objective measurement. [13]

2.3.1 Subjective Measurement
As the word suggests, subjective measurement mainly involves

questioning the user about how they personally feel, and takes
that as a direct measurement. It can also be said that it is more of
a qualitative way of measuring stress. The most simple method of
taking a subjective measurement of one’s stress, is by asking them
directly whether they feel stressed or not. The simpleness of the
question makes the reliability of the results slightly questionable,
but stress by its nature is a vague concept, and differs heavily de-
pending on the individual, so it could be considered as the most
simple yet most effective means of objectively measuring one’s
stress.

On the other hand, in order to increase the reliability of such
subjective measurements, many questionnaires and models have
been created. [14] These involve a large number of more com-
plex and less obvious questions for the user to answer, decreasing
the level of bias that could be included in the answer, allowing the
testers to derive a more reliable measurement for stress. However,
as the questionnaire itself contains a large number of questions,
it is simply time consuming, and may appear to be stressful itself
to answer, especially repeatedly.

2.3.2 Objective Measurement
On the other hand, objective measurement is measuring the

user’s stress quantitatively. [15] Sanae Fukada [13] explains that
the investigation of biological samples such as blood, saliva, hair,
nails and breast milk, or investigation of physiological indica-
tors such as blood pressure, heart rate, heart rate variability, auto-
nomic nervous functions, sweating and blinking are some of the
ways of making objective measurements of stress. For example,
Garmin’s smartwatches such as ”Garmin Venu” [16] measures the
user’s heart rate, heart rate variability, breath rate or blood oxygen
levels, in order to assess the physiological state of the user, and
especially uses the value of the heart rate variability to calculate
the user’s stress level.

It is said that the lower the heart rate variability is, the more
stress the user is experiencing. The correlation between the two
have been supported through numerous researches, such as the
one carried out by Kim et al in 2018. [17] However, we must
keep in mind that since the model for showing the correlation
between the user’s heart rate variability and their stress is a com-
paratively new concept, it is still far from complete, especially
when it comes to giving a quantitative score for one’s stress.

Alongside the development of high-end smartwatches capable
of precise measurements, smartphone apps suited for easy and
accessible stress measurements are also being developed. [18]

Most of these apps employ a similar method: they use the light
and camera of the smartphone to record the color change of the
user’s fingertip, and derives the heart rate and heart rate variabil-
ity of the user from it, allowing it to calculate the stress level of
the user. The advantage of this is that anyone can use the system
without having to purchase or wear a dedicated device, but it also
has a shortcoming that since the user has to have their finger on
their smartphone’s camera in order to take measurements, it can-
not continuously take measurements for a long period of time.

3. Problem Awareness
3.1 Measuring Speech

A crucial part of this research is quantitatively measuring the
amount of the user’s speech. We decided to use the word count of
the user’s speech as our unit of measurement. In order to measure
the word count of a conversation accurately, we decided that the
aforementioned voice recognition transcription technology would
be the most suitable way.

Also, considering how the pitch of one’s voice is also con-
sidered as a significant factor in investigating one’s speech, we
decided to implement a function in the system that allows us to
measure and record the pitch of the user’s voice as well. We will
be using a Python library called pyworld in order to make these
measurements.

3.2 Measuring Stress
For this research, we decided to use both of these methods and

take two measurements for the user’s stress, in order to balance
the reliability of the data and convenience of collecting the data.

For the subjective measurement, we decided to use a very sim-
ple questionnaire, simply asking the user’s subjective level of
stress in a scale of 1 to 10, giving us a simple yet powerful mea-
surement of their stress.

For the objective measurement, we decided that using a stress
checking smartphone app would be a very simple, accessible, and
yet considerably reliable way of taking an objective measurement
of stress. We will be using the aforementioned ”StressScan” app.
[18]

3.3 Taking Personality into Count
As mentioned in the previous chapter, it can be easily assumed

that people with different personality traits may feel differently
about speaking, and may differ in how they are stressed or re-
lieved from stress due to conversations. Considering such cases,
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we will be using the Big Five Model[19] to determine the user’s
personality traits, and make use of them in our analysis. We will
have the participants take a short Japanese version of the Big Five
Model Personality test online.[20]

Here, we took all of the problems and considerations above to-
gether to create an overview of our research project, in order to
clarify what factors we are dealing with and what kind of sys-
tem we have to create. Fig. 2 shows how each of the factors are
connected in this research.

3.4 Research Overview

Fig. 2 Research Overview Diagram

The system we intend to create is a system that can quantita-
tively measure factors of the user’s speech. The voice pitch and
the word count are the two factors we intend to measure from the
user’s voice. We will be using the IBM Watson Speech to Text
API to count the word count, and the voice pitch will be measured
using the pyworld Python library’s sound analysis.

The two metadata, the participant of conversation and reason
of conversation are important factors as well. It would be best
if we could estimate this by analyzing the content of the user ’
s speech, but this is both technically difficult and is violating the
user’s privacy. So, we decided that we ask the users to fill in des-
ignated text boxes in the user interface to manually input these
two factors.

For the stress levels, we will be taking both the subjective and
objective measurements. The subjective measurements will be
taken through a self-assessed stress level survey, on a scale of 1
to 10. The objective measurements will be taken using the afore-
mentioned ”Stress Scan” App on the participant’s smartphones.

Finally, for the personality traits, we will be asking each of the
participants to answer a personality check based on the Big-Five
Personality Model, which will allow us to know the participant’s
5 personality traits, which we can later use for analysis.

4. ManWaKei System
In this chapter, we propose the ManWaKei system, a system

capable of collecting numerous types of data about a user’s con-
versation through their computers.

4.1 Overview of the ManWaKei System
The ManWaKei System is a Python program that works on

Mac OS computers. It was developed on Python 3.8.3. It is
capable of recording a user’s conversation, and collects various
data about the conversation through analyzing the recording and
asking the users to fill in some metadata.

The system is designed specifically for a remote work environ-
ment, and is only expected to be used in an environment in which
only the main user’s voice can be heard.

The quantitative data the system can collect are the word count
of the user’s speech and the user’s average voice pitch during the
conversation.

The metadata the system collects are: the person/people the
user is having a conversation with (participant of conversation)
and the reason of conversation.

Fig. 3 is the system architecture diagram of the system.

Fig. 3 System Architecture

4.2 Functions of ManWaKei
This section describes the functions of the ManWaKei system,

the reasons why they are required in the system, and how specifi-
cally they were implemented.

4.2.1 Recording of Conversation
The ManWaKei system first records the user’s conversation,

and subsequently processes the recording to take measurements.
Originally, we aimed to create a system that takes measurements
of the conversation in realtime, but there were numerous technical
difficulties, so we decided to build the system this way. Conse-
quently, this gave us more freedom in taking measurements.

The recording is done through the user’s computer’s built-in
microphone, and is stored in a wav format. The recording data is
immediately deleted after all the measurements have been taken,
since it contains a large amount of private information.

4.2.2 Word Count Measurement
The purpose of the ManWaKei system is to measure, record

and notify the user of how much they have spoken, thus the mea-
surement of word count in the user’s speech is a crucial part of
the system.

As mentioned previously, the ManWaKei system makes use of
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a voice recognition transcription service in order to obtain the
word count of the user’s speech. The system makes use of the
IBM Watson Speech to Text API. [12] It sends the recording of
the user’s conversation to the server, and receives a transcribed
text data as a json response. Then it reformats the json response so
it only includes the text content, and simply measures the length
of the text to determine the word count. The transcribed text data
is immediately deleted after the word count has been measured,
since, as was the case with the recording data, it contains a large
amount of private information.

The IBM Watson Speech to Text API has a size limit for the
file size it accepts. In order to overcome this, the ManWaKei sys-
tem splits the recording into several smaller sound files using the
AudioSegment library.

Also, as we are testing this system with Japanese users, the
system uses the Japanese version of the IBM Watson Speech to
Text API. By using a different version and slightly editing the
counting function, the ManWaKei system can be easily used for
different languages as well. Along with this, keep in mind that
Japanese words are more commonly counted in characters rather
than words, so all measurements will be made in terms of charac-
ters.

4.2.3 Pitch Measurement
Pitch is considered to be a significant factor in investigating

the correlation between vocalization and stress, thus we decided
to measure the average pitch of the user’s voice in each conversa-
tion.

The measurement of pitch is using pyworld library. [21] Py-
world is a python wrapper version of the WORLD Vocoder, [22]
which is a system created in order to support the analysis and
merging of music files. Pyworld has a function to analyze a given
sound file and extract a list of values representing the time and
pitch of the given sound file. We will be using this to calculate
the average pitch of the recording.

4.2.4 Metadata Collection
In order to investigate the correlation between communication

and stress, it is crucial to understand who and why the user is
having a conversation with.

Recognizing this through analyzing the recording is extremely
difficult, and is not the focus of this research. Therefore, for the
current edition of the ManWaKei system, we decided to simply
ask the users to fill in two text boxes corresponding to the two
metadata we intend to collect, whenever they make a recording.

4.2.5 User Interface
Bearing in mind that the ManWaKei system is replicating the

pedometer, the user interface must be simple to use and concise
in its presentation. The interface was implemented using the built
in tkinter Python library. It contains the ”Start Record” button
for starting recording, two text boxes used for collecting the nec-
essary metadata, and an indicator showing the user’s daily word
count. After the ”Start Record” button is pressed, the same but-
ton turns into the ”Stop Record” button. Through this design,
the user’s operation of the system is kept very simple and con-

cise, while maintaining the necessary functionality. Also, there
are two buttons used for uploading the collected data.

Fig. 4 is a screenshot of the user interface of the ManWaKei
system.

Fig. 4 Default User Interface

4.2.6 Data Storage
In the case of personal use, with the current functionalities it

has, the system only needs to keep track of the user’s word count
for that day. However, for experiment purpose, the data must be
stored correctly, and in a format that is easy for later investigation.

The system creates a dedicated csv file for each day, and ap-
pends the necessary measurement data onto it after each mea-
surement. The csv file includes the user’s ID in order to make the
later investigation easier.

4.2.7 Data Transmission
As mentioned before, this function is unneeded for personal

use, but for experimental purposes, it is necessary.
When the user chooses to upload the data for the day, the sys-

tem uploads it to a dedicated Google account’s Google drive.

5. Experimentation and Evaluation
In this chapter, we will firstly explain the details of the exper-

iment we carried out. Then, we will explain the results of the
experiment, and explore what kinds of correlations we could pos-
sibly find from them. After that, we will share some of the opin-
ions we heard from the participants through our surveys, as part
of a qualitative analysis of the project. Finally, we will discuss
the quality of the results we obtained from the experiment, and
consider how they could have been improved.

5.1 Overview of the Experiment
The purpose of this experiment is to record and compare the
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users’ amount of speech and their stress levels, in order to inves-
tigate the correlations between the two.

5.2 Research Questions
Our proposed research questions are the following:
• Is there a quantitative correlation between stress and

the amount of speech?
• Does personality effect this correlation?
• What other values could possibly be relate to the

amount of speech and stress?

5.3 Introduction of Evaluation Items
In order to answer our research questions, we will be evaluat-

ing the following evaluation items:
• The users’ daily word count of speech
• The users’ average voice pitch during conversation
• The users’ reason and participant of conversation
• The users’ objective and subjective stress levels
• The users’ personality traits

5.4 Experimental Procedure
The experiment will be 15 weekdays long, and is divided into

3 stages: the Control Experiment, the Solo Vocalization Activity
Experiment and the Casual Communication Experiment.

Participants are first asked to answer a pre-experiment survey
about their personal information: their sex, age, residence status,
etc. Participants are also asked to take an online personality test
based on the Big Five model. [20]

Participants are asked to install the ManWaKei system on their
personal computers. Whenever they have an opportunity to talk
to someone on the computer or by themselves, participants are
directed to record their speech using the ManWaKei system’s
recording function. Before or during this recording, participants
are asked to input the metadata about the current recording: the
participant of conversation and the reason of conversation. After
they have finished recording, the system will analyze the record-
ing and record the results. For privacy reasons, the recorded
sound file will be immediately deleted once the analysis is com-
plete, unless an error occurs during the analysis, and the analysis
must be redone.

Participants are also directed to measure their objective stress
levels using the previously mentioned ”Stress Scan” app once a
day, preferably at a late time at night, for example, before going
to bed.

At the end of each day, or during the next day, participants are
asked to use the data transmission function of the ManWaKei sys-
tem to transmit the collected data from the recordings for the day.
Participants are directed to also answer a survey about their day,
including their subjective stress levels, objective stress levels that
they measured using the ”Stress Scan” app, and reports on events
they experienced during the day that either caused them to speak
outside of the recording environment, and events that the partic-
ipants think that might have had an impact on their stress levels
for the day.

The experiment is further divided into 3 stages. The first stage,
is the Control Experiment in which participants simply take mea-

surements. In the second stage, the Solo Vocalization Experi-
ment, participants are asked to take part in solo vocalization ac-
tivities such as singing, reading books aloud and talking to one’s
self. In third and final stage, the Casual Communication Exper-
iment participants are asked to contact and talk to people close
to them, such as friends. This is in order to compare and investi-
gate what kind of aspects within the user’s speech is affecting the
user’s stress levels.

5.5 Processing Data
Data collected through the submitted result files and surveys

will be managed into a spreadsheet for analysis. In this process,
each recorded conversation will be manually separated into three
types of conversations:
• Casual : Conversations with friends or family mem-

bers, that do not involve working on school work, jobs
or any other kind of content requiring high levels of
concentration.

• Formal : Conversations with teachers, classmates,
coworkers, etc. that involves working on school work,
jobs or any other kind of content requiring high levels
of concentration

• Solo : Solo vocalization activities such as reading
books aloud, singing, talking to oneself, etc.

This is in order to make the analysis of the data easier.

5.6 Participant Demographics
We originally had about 10 participants who were willing to

partake in the experiment. However, due to either technical dif-
ficulties or personal lack of time, numerous participants dropped
out from the experiment before or during the procedure. As a re-
sult, we ended up with only 5 participants with valid results. This
is a very small number for the type of experiment we are attempt-
ing, but in turn, it has allowed us to look more deeply into each
participant.

The following table 1 shows the basic information and person-
ality traits of each participant, collected via the aforementioned
pre-experiment survey and the Big Five model personality test.
O, C, E, A, N of the table each stand for the five personality traits
proposed in the Big Five personality model: Openness, Consci-
entiousness, Extraversion, Agreeableness and Neuroticism.

Table 1 Participant Information

P. Sex Age Residence Status O C E A N
1 Male 19 Dormitory 78 67 89 78 67
2 Male 18 Dormitory 100 89 34 56 34
3 Male 19 With Parents 100 89 56 100 45
4 Female 20 Alone 89 67 56 67 34
5 Female 22 With Parents 45 35 78 34 100

5.7 Experimental Results
5.7.1 General Participant Behavior

The results showed a huge variance between each participant.
Firstly, the maximum word count per day differs massively de-

pending on the participant. One participant recorded a maximum
of only about 5,000 characters per day, where on the other hand,
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another participant recorded a word count over 30,000 characters
for a particular day.

Also, the purpose of conversation was highly dependent on the
user as well. One participant had no recordings of casual conver-
sations at all, where on the other hand, another participant had a
balanced number of both.

Some participants also responded in surveys that they had part
time jobs or lessons in which they talked outside of the recording,
which supposedly had a significant effect on the results.

5.7.2 Correlations between Word Count and Stress Levels
In order to investigate the correlation between the measured

word count and stress levels, we calculated the correlation co-
efficients between casual word count and average stress levels,
formal word count and average stress levels, solo word count and
average stress levels and total word count and average stress lev-
els for each day of each participant. We also calculate the values
for the entire group as well. Also, keep in mind that values that
are left blank are due to the participant not having a single record-
ing of that conversation type.

Results are shown below in figures 2 to 7.

Table 2 Correlation between daily word count and stress levels : All Par-
ticipants

X Y Correlation Coefficient
Casual Word Count Average Stress Level -0.041
Formal Word Count Average Stress Level -0.133

Solo Word Count Average Stress Level 0.124
Total Word Count Average Stress Level -0.145

Table 3 Correlation between daily word count and stress levels : Partici-
pant 1

X Y Correlation Coefficient
Casual Word Count Average Stress Level -0.297
Formal Word Count Average Stress Level -0.102

Solo Word Count Average Stress Level 0.105
Total Word Count Average Stress Level -0.281

Table 4 Correlation between daily word count and stress levels : Partici-
pant 2

X Y Correlation Coefficient
Casual Word Count Average Stress Level -
Formal Word Count Average Stress Level -0.137

Solo Word Count Average Stress Level 0.173
Total Word Count Average Stress Level -0.137

Table 5 Correlation between daily word count and stress levels : Partici-
pant 3

X Y Correlation Coefficient
Casual Word Count Average Stress Level -0.172
Formal Word Count Average Stress Level -0.327

Solo Word Count Average Stress Level -
Total Word Count Average Stress Level -0.386

Table 6 Correlation between daily word count and stress levels : Partici-
pant 4

X Y Correlation Coefficient
Casual Word Count Average Stress Level 0.314
Formal Word Count Average Stress Level 0.010

Solo Word Count Average Stress Level -0.339
Total Word Count Average Stress Level 0.245

Table 7 Correlation between daily word count and stress levels : Partici-
pant 5

X Y Correlation Coefficient
Casual Word Count Average Stress Level 0.147
Formal Word Count Average Stress Level -0.276

Solo Word Count Average Stress Level 0.193
Total Word Count Average Stress Level 0.026

The results of Participant 1 and Participant 3 show a weak yet
consist negative correlation between the total word count and av-
erage stress levels, meaning that when the total daily word count
is high, the average stress level will be low, which supports our
hypothesis.

On the other hand, results of Participant 4 indicates otherwise,
and shows a positive correlation, meaning that when the word
count is high, the average stress level is also high, which is against
our hypothesis, and stands out as an irregular.

5.7.3 Correlation between Personality Traits and the Corre-
lation between Word Count and Stress Levels

In carrying out this experiment, we hypothesized that the an in-
dividual’s correlation between word count and stress levels would
vary depending on their personality traits. To be more precise, we
hypothesized that individuals who are willing to or/and are open
to the idea of talking to people would show a stronger negative
correlation between word count and stress levels, since speaking
more is likely to act as a way of relieving stress for them.

The following table 8 shows the calculation results. As was
the case before, O, C, E, A, N of the table each stand for the
five personality traits proposed in the Big Five personality model:
Openness, Conscientiousness, Extraversion, Agreeableness and
Neuroticism. Also, due to constraints in space, the ”correlation
between word count and stress levels” will be written as ”Corr.
A”, and the ”correlation between personality traits and the cor-
relation between word count and stress levels” will be written as
”Corr. B”.

Table 8 Correlation between Personality Traits and the Correlation between
Word Count and Stress Levels

P. O C E A N Corr. A
1 78 67 89 78 67 -0.281
2 100 89 34 56 34 -0.137
3 100 89 56 100 45 -0.386
4 89 67 56 67 34 0.245
5 45 35 78 34 100 0.026

Corr. B -0.321 -0.499 -0.100 -0.616 -0.002

According to these results, we can assume that individuals with
higher scores of openness, conscientiousness and agreeableness
are likely to have a stronger correlation between personality traits
and the correlation between word count and stress levels. This
suggests that individuals with a personality of high openness,
conscientiousness and agreeableness are more likely to feel more
relieved of stress as they talk more. This does instinctively sound
valid, but we must keep in mind that these values have been taken
from only 5 participants, thus is lacking in reliability at the mo-
ment.
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5.7.4 Correlation between Average Voice Pitch and Stress
Levels

We also calculated the correlation coefficients between the par-
ticipants’ average voice pitch of each day and their stress level of
each day. The results are presented in the following figure 9.

Table 9 Correlation between Average Voice Pitch and Stress Levels

Participant Correlation Coefficient
Participant 1 0.417
Participant 2 0.081
Participant 3 0.112
Participant 4 0.080
Participant 5 0.051

All Participants -0.191

As seen in figure 9, only Participant 1 showed a significant cor-
relation coefficient. However, considering how all the other par-
ticipants showed a significantly low correlation, and the fact that
Participant 1’s results also go against our hypothesis, we would
like to conclude that direct correlations between a person’s aver-
age voice pitch and his/her stress level cannot be drawn from the
results of this experiment.

5.8 Discussion
5.8.1 Recap of the Results

From the results of this experiment, we could find some small
hints of correlations here and there, but it was nowhere near
enough for us to make a concrete statement about the correla-
tion between speech and stress, or with personality traits. Al-
though the results are interesting and contains possibilities for
future studies, we must say that this experiment on its own has
failed to meet its goal.

The biggest reason for our failure is the absolute lack in num-
ber of participants. 5 participants were nowhere enough for us to
draw meaningful results from.

The number of data per participant was too small as well. 15
days is too short for an experiment of this kind, and the number
of measurements we received from each participant for each day
was also very low.

There also may have been a problem in how we directed the
experiment as well. It may have been better if we had set more
clear and strict instructions, especially since we did not have a
long time to experiment with, and had to collect a certain amount
of data during quickly.

We must also not forget how complex dealing with stress is to
start with. The ManWaKei system can only take measurements
while the participant is at home and also actively using the sys-
tem to take measurements. Therefore, it is lacking in the ability
to follow and investigate the participant in depth. This is a clear
and ultimately inevitable limitation of experiments like this. If
we could improve the system so that it can at least take measure-
ments of conversations taking place outside of the house as well,
the results may have been a more plausible.

5.8.2 Future Directions
Although the ManWaKei system we designed for this research

had a very limited flexibility and had numerous flaws and limi-
tations, alternative and better systems with similar concepts have

the possibility of becoming a much more valuable system in the
future. Here, we will explore how such systems could be used,
and what has to be achieved in order for such applications to be
created.

5.8.3 Possible Future Applications
If a system capable of measuring the amount of conversation

in a more flexible way can be realized and becomes accessible to
people around the world, it would have the possibility of expand-
ing a user’s understanding of one’s life style into a new level, and
may become a new standard of self-driven health care, much like
pedometers and smartwatches. As mentioned before, majority of
the participants of our experiment showed interest in such system
as well, thinking that such a system would help them understand
themselves even deeper, and would ultimately connect to more
healthy future. In the world today, the interest towards under-
standing one’s own health is continuing to grow, so such system
should be of interest for many people around the world.

Not to mention, the development of such system would also
expand the possible field of research by a massive amount. Not
only can it be used for an advanced version of this project, inves-
tigating the correlation between speech and stress in more detail,
it could be used in numerous different fields as well. It could
be used to quantify the amount of conversation taking place in a
specific area, which could be used for city planning or marketing,
or it could be used to identify individuals who are communicat-
ing more with others, and investigate how they are managing to
do so. Making something previously unmeasurable measurable
opens up a splendid amount of opportunity.

5.8.4 Identifying the Speaker
In making the system able to be used in a context with more

than only the speaker involved, it is crucial for the system to be
able to identify the speaker, so that it can differentiate between
the user’s speech and speech of others. Hardware related solu-
tions could be useful, but a more modern way would be to use
deep learning to identify the speaker from the recorded audio.
Such technologies are already in development, so once they be-
come more accessible and reliable, there is no doubt that it will
expand the possibility of systems like these to the next level.

5.8.5 Taking Word Counts in Smarter Faster Ways
A major problem of the ManWaKei system was how slow its

process was on counting the words the user spoke. This was be-
cause it had to transcript the entire text once in order to count the
words in it. This process could be made faster if the deep learn-
ing technology improves and become faster, but it can probably
be made even faster if a deep learning model designated for sim-
ply counting the words in a given audio is created. In creating
an accessible and useful word counting system for daily use, the
development of such system must be crucial.

5.8.6 Taking the Contents of the Speech into count
Another major drawback of the ManWaKei system was that it

required the users to manually input the participants and reason
of conversation. This is far too tiresome for use in a daily situ-
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ation. If a system can analyze the actual content of the speech,
and decide on the purpose / reason of the conversation by itself, it
would massively reduce the need of input from the user, making
it a much more accessible system. However, such system would
have to take extreme care on the user’s privacy, so there are nu-
merous difficulties in realizing such a system.

6. Conclusion
We designed a system that can quantitatively measure a user’s

amount of speech, and used it to analyze the correlation between
speech and stress. Due to numerous reasons including lack of
participants and technical weaknesses in the system, we could
not manage to find a strong correlation from our results. How-
ever, some participants showed results that strongly support our
hypothesis, so there is potential in our system. If technical im-
provements are made, it could be used for further and better re-
search, along with being used as a self-driven healthcare tool.
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