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1 Introduction

The science of happiness is an area of positive
psychology that studies the factors that sustain
people’s happiness over time (Seligman, 2011;
Fredrickson, 2009; Lyubomirsky, 2008). One of
the interesting findings of the field (Diener et al.,
1999) is that while 50% of our happiness is ge-
netically determined, and only 10% of it is de-
termined by our life circumstances (e.g., finances,
job, material belongings), 40% of our happiness
is determined by behaviors that are under our con-
trol. Examples of such behaviors include investing
in long-term personal relationships, bonding with
loved ones, doing meaningful work and caring for
one’s body and mind. Consequently, positive psy-
chologists have focused on devising methods to
steer people towards those behaviors.

There has been recent interest to develop tech-
nology that helps users incorporate the findings of
the science of happiness into their daily lives. Cur-
rent applications fall into two categories. In the
first, the application tries to suggest relevant con-
tent to the user based on their answers to a prede-
fined set of questions (Killingsworth, 2017; Hap-
pify, 2017). In the second, users can log their emo-
tions in a journaling-style environment but that
content is available mostly for their own reflec-
tion (Bliss, 2017; DayOne, 2017).

At the Recruit Institute of Technology, our goal
is to broaden the data we collect about people’s
happiness to include text that describes their happy
moments. Understanding such text is crucial for
an interactive assistant to be able to provide in-
sights that are tailored to the user’s specific life
circumstances. In what follows we describe Joy-
bot v1.0, the first version of our happiness app that
allows a user to record their happy moments via
text, voice, or photographs on one’s mobile de-
vice. Joybot interprets these happy moments au-

tomatically and develops, as happy moments are
entered, an understanding of the key factors that
make the user happy and how. We then describe
the technical NLP challenges that Joybot raises,
and a crowdsourced corpus of happy moments that
we collected in order to advance the research on
NLP for happiness.

2 Joybot: a happiness app

Joybot is an interactive journaling application that
aims to provide useful advice to the user by an-
alyzing the user’s journal entries. Users inter-
act with Joybot via two main interfaces: visual-
ization and recommendations. Joybot’s visualiza-
tions are motivated by the need to provide con-
structive feedback to users regarding happy mo-
ments that are entered. This is done by catego-
rizing the happy moments into “happiness” cat-
egories, and providing users with more insights
into their activities and how they change over time.
We chose a set of 7 categories based on studying
the psychology literature and inspecting thousands
of happy moments contributed by crowd workers.
The categories are: exercise, affection, bonding,
nature, leisure, enjoy the moment, and achieve-
ment. We developed a multi-label classifier us-
ing Logistic Regression as our binary classifier for
each category.

The second interface Joybot aims to support is a
recommendation system based on identifying pat-
terns in past happy moments. For example, if the
user frequently reports being happy when spend-
ing quality time with his/her daughter, Joybot may
recommend doing more of the same. Building
such an interface raises several NLP challenges:
we need to understand the activities that make the
user happy even if they are reported in differing
surface forms and at different levels of granularity.
In our example, the user will not typically report



the term quality time but rather will report specific
activities, such as go for a walk, or play a game.

3 HappyDB: a corpus of crowdsourced
happy moments

In order to develop techniques that understand
happy text at the level required, a large scale cor-
pus describing happiness is crucial. We collected
HappyDB, a dataset of about 90,000 happy mo-
ments using Mechanical Turk (we expect to have
100,000 moments by the time this paper is pub-
lished). Following (Seligman et al., 2005) who
developed a questionnaire that included a question
that asked for 3 good things that went well each
day, we asked our MTurk workers for 3 happy mo-
ments that happened to them in the past 24 hours
or within the past 3 months. We plan to make Hap-
pyDB available to the community at large in order
to foster research on this topic. The following are
some examples of happy moments in HappyDB:

1. Early morning in the beach having breakfast
with the family.

2. I went for a bike ride in the early morning.

3. I had dinner with my husband.

There are related work on dataset collection for
understanding mental health in general. In partic-
ular, in (Mihalcea and Liu, 2006), blogs associated
with happy and sad mood tags are used to identify
the key happiness factors associated with the most
salient words in their corpus. While the general
focus of HappyDB is largely similar to this work
(i.e., understand the causes of happiness from
data), the differences lie in the dataset we based
our research on: their work focuses on deriving
words and phrases associated with happy and sad
moments from blogs and analyzing them to under-
stand the factors for happiness, while HappyDB
is a crowdsourced corpus of short utterances of
happy moments, and the goal is to derive an un-
derstanding of the main activities, context, and
(type of) people underlying the happy moments.
These main activities are the drivers of happiness
which can be used to steer people’s behavior to-
wards happier ones in our Joybot app. Recently,
there’s also been interest in creating datasets in
area of mental health such as understanding causes
of stress through social media(Lin et al., 2016)
and analyzing counseling conversational logs col-
lected from short message services for mental ill-
ness study(Althoff et al., 2016).

Figure 1: The word cloud for HappyDB

Figure 1 shows the word cloud for HappyDB
based on 50,000 crowdsourced moments which
consist of 54.93% male and 44.52% Female (More
information about the dataset will be provided
upon publication). We glean a few anecdotes from
analyzing the word frequencies: the words “work”
and “friend” appears most prominently in Hap-
pyDB; mentions of “wife” and “husband” occur
about equally, and so do “son” and “daughter”.
However, “girlfriend” (1103 times) occurs more
often than “boyfriend” (723), and “dog” (1351)
occur much more often than “cat” (588).

4 NLP challenges

The following are some of the NLP challenges
we hope HappyDB will help us with. Analyz-
ing happy moments can be seen as a refinement
of sentiment analysis (e.g., (Liu, 2012; Pang and
Lee, 2008)). However, rather than trying to cover
the full range of emotions, this work focuses on
digging deeper into happy moments. Our ultimate
goal is to understand the causes of happiness in a
particular moment so we can provide the user with
useful advice. As a first approximation towards
understanding the causes of happiness, we want to
extract key activities of happy moments. A key
activity is the smallest verb phrase that conveys an
action such as “went shopping” in I went shopping
today, and is deemed to be the primary cause for
happiness. However, extracting activities from a
happy moment is a challenging task and deciding
whether it is the main activity can be even trick-
ier. The first problem is that the verb itself may
not contain enough information to convey the ac-
tivity. For example, in the moment I ran today the
main activity is running which is represented by
the root label in the dependency parse tree. On
the other hand, in the sentence I had dinner with



mom we need to extract the direct object of the root
(dinner) along with the root verb (had) in order to
fully capture the activity “had dinner”. In general,
there could be multiple verb phrases in the happy
moment, and deciding which one of them conveys
the main activity can be subtle.

We have developed a model based on Condi-
tional Random Fields (CRF) and trained it on la-
beled data to extract key activity. Our labeled data
consists of about 500 happy moments, each manu-
ally annotated with the key activity. We plan to im-
prove the extraction of key activities by consider-
ing semantic role labeling using Propbank (Palmer
et al., 2010) or other types of frames. A better
understanding of happy moments through frames
will help guide the extraction of key activities. In
addition, we also plan to investigate more directed
extraction methods that leverages prior knowledge
of the categories that a happy moment belongs to.
We have developed an algorithm that classifies a
happy moment into its most appropriate category
(e.g., Affection, or Nature, or Bonding etc.) For
example, if a happy moment belongs to Affection,
then we know it is likely that there are people or
pets involved and we are hence able to make a di-
rected effort to extract those content. Finally, with
a good understanding of what are the key activi-
ties of a simple happy moment, we can then under-
stand what are the main activities of more complex
happy moments.

Second, a more conceptual challenge is that,
even for the very simple happy moment I had din-
ner with my husband, the potential sources of hap-
piness could be as diverse as eating dinner, be-
ing with the husband, or even a factor that is not
mentioned in the text, but could be inferred from
others, such as having a date night without the
children. Furthermore, in order to fully under-
stand the happy moment we need to extract the
participants mentioned in the moment (and decide
whether they played a key role in the happiness
or not). Finally, many moments include text that
is superfluous to the cause of happiness. For ex-
ample, in the moment my daughter woke up this
morning, came outside and helped us with the yard
work this morning, most of the text surrounding
the main activity is superfluous. We posit that a
better understanding of main activities will help us
to distinguish important clauses from the superflu-
ous ones.

In conclusion, we do not expect that we can de-

velop NLP techniques that completely understand
the causes of happiness in every scenario. How-
ever, we hope to develop technology that is useful
enough to provide users valuable feedback. From
a business perspective, understanding the causes
of happiness related to products and services from
comments on social media by advertisers or third
parties can also help business owners refine their
products and services to increase the satisfaction
of their customers.
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