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ABSTRACT
The increasing adoption of social media provides unprece-
dented opportunities to gain insight into human nature at
vastly broader scales. Regarding the study of population-
wide sentiment, prior research commonly focuses on text-
based analyses and ignores a treasure trove of sentiment-
laden content: images. In this paper, we make methodologi-
cal and computational contributions by introducing the Smile
Index as a formalized measure of societal happiness. Detect-
ing smiles in 9 million geo-located tweets over 16 months,
we validate our Smile Index against both text-based tech-
niques and self-reported happiness. We further make observa-
tional contributions by applying our metric to explore tempo-
ral trends in sentiment, relate public mood to societal events,
and predict economic indicators. Reflecting upon the innate,
language-independent aspects of facial expressions, we rec-
ommend future improvements and applications to enable ro-
bust, global-level analyses. We conclude with implications
for researchers studying and facilitating the expression of col-
lective emotion through socio-technical systems.
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INTRODUCTION
The science of observing and interpreting human behaviors,
thoughts, and feelings has been fundamentally changed by
computer-mediated communication technologies and specifi-
cally social media platforms. Of particular interest to a wide
array of researchers from psychology, sociology, HCI, eco-
nomics, healthcare, and politics is the socially embedded af-
fective and cognitive experience of how people perceive the
quality of their lives. In the mid 1980s, Diener formalized
this notion comprising positive affect, negative affect, and
life satisfaction as subjective well-being (SBL) [15]. The
corresponding Satisfaction with Life (SWL) score has since
been developed to quantify happiness and compare societies
of people in terms of fulfillment with life on the whole [16].
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In recent years, continued efforts have been made by scholars
and policymakers to measure and promote subjective percep-
tions of well-being for individuals and groups at community,
regional, national, and global levels. The term Gross National
Happiness (GNH) originated as a holistic measure of well-
being [68, 72], and GNH principles have inspired initiatives
to measure national happiness from governments and orga-
nizations across multiple continents [80, 85, 74, 73, 83]. In
2012, the United Nations General Assembly resolved to de-
sign well-being indicators, launching the annual World Hap-
piness Report [86] to rank countries by happiness. Similar
agendas to calculate happiness for countries around the globe
continue to grow each year [84, 79]. Measurement typically
relies on polls, surveys, and other forms of self-report from
individuals and households. However, this approach is costly
in terms of time, money, and manpower and therefore is typi-
cally administered with limited samples of the population and
only annually or less frequently [26, 54, 53].

Opportunely, a growing body of research demonstrates that
an unobtrusive, inexpensive, and scalable solution to such
challenges is implicit sentiment analysis using public social
media data such as blog posts [9, 49], Facebook status up-
dates [41, 53], and tweets [2, 18, 54]. This computational
form of well-being monitoring aligns well with the aforemen-
tioned indices for both individuals and entire communities.
However, approaches focus on text analysis, which has its
own limitations, especially when input has complex seman-
tics (e.g., sarcasm or humor) or syntax (e.g., unrecognized
characters, non-English words, or typographical errors).

At the same time, the use of internet- and camera-capable
smart devices is becoming increasingly prevalent. 1.8 billion
new smartphones were sold in 2013 alone [71], and there are
an estimated 7 million mobile subscriptions worldwide as of
May 2014 [76]. Furthermore, numerous tools and sites have
appeared that revolve around photo sharing and image cura-
tion, activities in which 62% of internet users take part [81].
This has produced a shift in online user-generated content
from predominantly text-based data to richer forms of image-
based media. 300 million images are uploaded daily on Face-
book alone (7 petabytes worth of data per month) [69]; and
between Facebook, Instagram, Flickr, Snapchat, and What-
sApp, 1.8 billion images are uploaded every day [82].

Recognizing this opportunity and necessity to design next-
generation methodologies, we explore images on social me-
dia as a resource for sensing societal characteristics, focusing
in this study on collective happiness. We apply our approach
to 9 million geo-located images on Twitter and analyze ag-
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gregated emotional trends across multiple timescales. Inter-
preting uncovered mood patterns in light of culturally and po-
litically significant events that took place during the captured
window, we relate our findings to research from quantitative
psychology and discuss important considerations such as the
variety of cultural contexts in which users may be embedded
and the implications of predicting happiness on a mass scale.

Our contributions are thus methodological, computational,
and observational:

• We provide a novel technique for large-scale sentiment as-
sessment based on smiles detected in images shared on so-
cial media.

• We present our analyses, which demonstrate our ap-
proach’s ability to: i) track how societal happiness changes
over time and in response to emotionally significant events;
ii) characterize communities from a socio-economic per-
spective; and iii) predict consumer confidence.

• Lastly, we discuss theoretical and practical implications of
our work, including the potential that images hold as a far-
reaching, fast, and low cost alternative to existing methods
for capturing collective characteristics and social behavior.

RELATED WORK

Facial Expression, Emotion, and Photography
The relationship between facial expressions and emotions has
been extensively studied, leading to central theories from var-
ious fields that together suggest these brief non-verbal cues
reveal a great deal about individuals’ emotional states [60,
42]. Facial expressions can be annotated according to a num-
ber of core emotions [19], including 6 initially identified by
Darwin: anger, disgust, fear, happiness, sadness, and surprise.
Ekman’s Facial Action Coding System (FACS) has been used
to characterize facial expressions such as smiles according to
more fine-grained features [20]. Multiple studies have used
FACS to code smile intensity [28, 57].

When it comes to conveying emotions and opinions, visual
imagery proves a highly effective medium. Recent studies
show that expression of positive affect in photographs can be
indicative of an individual’s long term well-being and hap-
piness as well as provide insight into underlying personal-
ity traits that shape social, cognitive, and behavioral tenden-
cies and responses [36]. Notably, two longitudinal studies by
Seder et al. [57] show that smile intensity in Facebook profile
pictures is positively associated with social relationships and
is a robust predictor of self-reported life satisfaction after 3.5
years for both male and female participants.

That being said, a complete and overarching theoretical
framework explaining the causal relationship between hap-
piness and smiling in photographs has yet to be developed.
Specifically, it is important to consider individual differences
in the expression of emotion in photographs as well as the
authenticity of emotion displayed. Prior research on posing
and smiling in photos suggests that high-status and domi-
nant individuals tend to smile less in photos than submis-
sive types and that men smile less than women [27]. Smil-
ing in spontaneous, candid photos is regarded as an indicator

of authentic happiness [40], and though some photographed
smiles may not reflect true happiness or may even mask nega-
tive emotions, the proportion of such smiles is generally small
compared to the ones displaying genuine emotion, for people
from both Eastern and Western cultures [30]. Regarding this
last point, the role of culture is another factor requiring further
attention when measuring emotion from photos. We address
the feasibility of our framework for cross-cultural sentiment
analysis in the latter portion of our Discussion section.

Assessing Sentiment with Social Media
Today’s unprecedented access to records of self-expression
and social interaction archived on social media has empow-
ered the CSCW community to explore data-driven social sci-
ence questions. Significant research has leveraged this re-
source both to extend our understanding of human behaviors
and contexts as well as to contemplate practical implications
such insights can have on sociotechnical research happening
across diverse fields.

Considerable recent attention has been given in particular to
leveraging online social networks and content-sharing plat-
forms to assess the affective states of individuals and groups,
for example to study mood sharing and emotional expression
[38, 63]; population-wide assessment and diagnosis of mood
and mental health [11, 12]; and public emotional responses to
political events such as debates [45] and armed conflicts [13].

Prior work has also shown social influence to be a major fac-
tor impacting subjective well-being [24], further motivating
our use of data contributed within the social setting of a plat-
form like Twitter. With respect to societal happiness in par-
ticular, a growing body of work related to large-scale sen-
timent analysis has recognized the opportunity social media
affords to study trends of collective mood. This research typ-
ically applies natural language processing (NLP) techniques
and uses tools such as the Linguistic Inquiry Word Count [52]
to quantify sentiment. Kim et al. [37] use Affective Norms
for English Words (ANEW) [4], a list of terms with emotional
ratings, to track mood on Twitter. Bollen et al. [2] infer sen-
timent from tweets by extending the psychometric measure-
ment Profile of Mood States (POMS) [47], which consists of
mood adjectives. Dodds et al. [18] compile and apply an
emotion-annotated corpus of words to measure the happiness
expressed in tweets.

Computational Emotion Recognition
In parallel to the psychological and sociological studies on
emotion, systems-focused researchers have also undertaken
work to detect as well as foster emotional expression.

Much work from Computer Vision and Processing has pur-
sued the development of hardware and algorithms for facial
expression recognition, including for smile detection [64].
There has also been increased interest in the development of
computational frameworks capable of automatically inferring
about the emotion associated with digital images [35].

Considering the beneficial influence smiling can have on
overall affective state, a number of systems developed by the
HCI community focus on encouraging smiles. Tsujita et al.
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[61] use household cameras to detect smiles and provide feed-
back to users in order to increase self-awareness about smil-
ing behavior and mood. Hernandez et al. [29] station cam-
eras on a college campus to detect smiles in real time and
reflect upon the community’s emotional reactions. Visualiz-
ing patterns in collective sentiment over time and in relation
to campus events, their experiment finds that trends in smiling
strongly reflect events such as exam periods and graduation.

Thus to summarize, by building on findings from psychol-
ogy, leveraging large-scale emotionally-rich image data from
social media, and applying facial recognition techniques from
computer vision, we pursue a novel methodology for detect-
ing smiles in online user-contributed content that allows for
the assessment of collective emotion on a global scale and
over fine-grained time intervals. In the sections that follow
we describe our technique, the results of our validation ex-
periments, and the insights we derive from these applications.

METHODOLOGY

Data
In this study, we use a dataset of nine million geo-tagged
tweets with images that were posted between January 1, 2012
and April 30, 2013, a time window that gives us access to con-
tent posted during emotionally significant political and cul-
tural events in the United States such as the presidential inau-
guration of Barack Obama and the Boston Marathon bomb-
ings. We obtain the tweets via Twitter’s “garden hose” — the
service’s official sample of approximately 10% of all tweets.
Our dataset is thus the subset of garden hose tweets contain-
ing images that were posted during our collection period.

We determine the geographic locations of tweets from the lat-
itude and longitude coordinates provided in the geo metadata
field. Figure 1 illustrates the distribution of the tweets’ coun-
ties of origin across the United States normalized by popu-
lation. To handle timezone differences across geographical
regions, we use the same geo metadata to convert a tweet’s
Coordinated Universal Time (UTC) formatted creation-time
to local timezone for fine-grained temporal analysis.

Figure 1. Distribution of tweets per-capita across counties in our dataset

It is worth noting here that Twitter (along with other popu-
lar social media sites including Facebook) remove metadata
(e.g., Exif data) from images. As a result, it is impossible to
differentiate when and where an image is captured vs. when
and where it is posted, based on information available in Twit-
ter’s datastream. Researchers whose work depends on the
assumption that posting happens at the same time and loca-
tion as capture should thus be aware to either seek data from
sources that do not strip this metadata or take steps such as
survey follow-ups to ensure geography and recency of con-
tent. Photos posted by tourists vs. locals may be the main
source of discrepancy [25, 77]. That being said, prior work
has shown that in general, users do share information on so-
cial media in real-time and post geotagged tweets from their
current locations (e.g., [67]). Particularly relevant is the City-
Beat project [66], which uses geotagged social media pho-
tos to classify diverse events such as car accidents, fires, and
music concerts. The high accuracy they achieve in detecting
these events demonstrates the geographical and temporal reli-
ability of such image data at the hyper-local level. Relatedly,
the transient nature of the Twitter medium encourages users
to focus on current as opposed to past events, and this in-situ
nature of tweets has been confirmed by a number of projects
with focuses ranging from real-time news detection to emer-
gency support during events such as earthquakes [56]. Given
the large-scale nature of our data, we therefore expect that
any potential noise-to-signal ratio resulting from individual
sharing habits would be small.

The images in our tweets were uploaded using the official
photo-sharing service provided by Twitter. Around 12% of
these images were inaccessible at the time of crawling, pre-
sumably due to user deletion. Of all the accessible images,
around 40% contain a human face according to our smile de-
tection framework, which we describe next.

Smile Index Framework
Figure 2 shows the phases of our happiness assessment. One
of our key aims is building a system that is both fast and reli-
able given the large size of current and future data sources.

Extracting images
The first step is processing our Twitter dataset to extract im-
ages. To determine whether a tweet contains any image, we
use the post’s associated metadata. Specifically, we check
the media field in the Entity metadata1 and retain a tweet for
further processing if the media element has a type photo as-
sociated with it. An exploratory look into a random sample
from the API shows that more than 72% of all images up-
loaded in Twitter use the site’s official photo-uploading ser-
vice; all images in our dataset have been uploaded using this
service. After identifying image-containing tweets, we parse
the metadata to build a database of links for crawling the im-
ages directly from Twitter. Since the images from Twitter can
have different encoding formats, we perform image conver-
sion to ensure all the images are in a standard JPEG format.
We also convert RGB images to grayscale since subsequent
phases in our framework do not use color information.
1https://dev.twitter.com/docs/platform-objects/
entities
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Figure 2. Framework for assessing happiness through Smile Index

Face and smile detection
To detect faces within images, we use a cascade of boosted
classifiers with Haar-like features [62]. The classifier uses
the change in contrast between adjacent rectangular regions
instead of intensity of individual pixels to determine relative
dark and light areas. These features can be easily scaled,
which allows efficient detection of objects of various sizes.
The final classifier is a cascade of several stages, where each
individual stage consists of boosted classifiers. We use a
trained cascade consisting of twenty stages from Lienhart et
al. [43]. The processing in these stages allows for the efficient
elimination of false positives. Ultimately, we achieve 100%
accuracy in detecting faces in our test dataset. Such high ac-
curacy is expected since we are leveraging well-established
and well-tested facial detection techniques [62]. After this
phase, we retain only images containing human faces.

Next, we detect smiles in these images by using a Haar feature
based classifier trained by Hormada et al. [31], who manu-
ally labeled images from multiple sources including the photo
sharing site Flickr. The classifier achieves an AUC (area un-
der the ROC curve) score of 0.9, a strong prediction rate. If
an image contains multiple human faces, we run the smile de-
tection algorithm for each detected face and combine the re-
sults by performing a logical OR since individuals are likely
to show similar sentiment in a photo. This means that if any
face detected in an image is smiling, we consider that a posi-
tive instance of smiling.

To test our system, we use the public GENKI [64] database,
which consists of images of people from publicly accessible
personal web pages. The people in the images are diverse
in gender, ethnicity, age, geographical location, facial fea-
tures (e.g., eyeglasses, facial hair), and photo setting (e.g.,
indoor and outdoor). Our system achieves 0.85 accuracy and
F-Score of 0.71 on GENKI-4K2, a subset of 4000 images
manually labeled for smile presence.

Quantifying happiness
Our final step is building our Smile Index of happiness. A
possibility for computing this measure over a time period t for
a given geographical area is using the total count of images in
which smiles are detected:

St =
∑
i∈It

fsmile(i)

2MPLab GENKI-4K database http://mplab.ucsd.edu

It is the total number of images in time period t from that
geographical area, and fsmile represents our smile-detection
output (1 if the image i contains any smiling human face and 0
otherwise). However, Twitter’s growth in popularity and con-
tributed content over time means that the volume of tweets
in our dataset increases significantly over the collection pe-
riod. Simply using a raw smile count as seen in Figure 3
would therefore lead to a systematic bias where the Smile In-
dex would merely reflect the increasing contribution levels in
Twitter rather than the happiness levels of those contributors.

Figure 3. Smile count (normalized using z-scores) in tweets over time

For this reason we use another metric — the ratio of smile-
containing images to the total number of images posted dur-
ing a given time period:

Rt =
St

It

Our Smile Index is thus a normalized smile frequency — that
is, the number of images containing smiles normalized by the
total number of images posted in the same time period. Figure
4 shows the resulting distribution of this ratio for U.S. tweets.

Not only does this ratio prevent the bias just described, but it
also allows for the comparison of Smile Index measurements
arising from datasets of different sizes. It should be noted
that we do not use the ratio of smiling faces to the number
of faces because images that do not contain faces might still
convey important information about external events. This is
particularly true because given the nature of social media, if
an image contains a face it is more likely to be a smiling one,
causing the ratio of smiling faces to total face count to be
relatively constant over time. Instead, setting the total count
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Figure 4. Ratio of images that contain smile(s)

of images as the denominator lets us quantify the appearance
of smiles within a given time-period in a broader context. For
example, during Hurricane Sandy, we see a discernible rise
in the number of images that do not contain faces but that do
capture the surroundings and communicate about the event in
that way. This lower ratio of smiles to the total number of
images allows us to correctly detect the negative sentiment
associated with this event.

A key question is whether the image-based methodology we
propose is reliable and enables the robust study of emotional
and sociological phenomena. To address this, we now com-
pare our approach with a state-of-the-art text-based analysis
as well as with ground-truth self-reported happiness data.

Dodds et al. [18] publish a daily happiness score3 computed
over 100 million words per day from Twitter. Given that our
and Dodds et al.’s indices use different scales, we normalize
the time series to a [0, 1] scale using the following equation:

hnorm =
h− hmin

hmax − hmin

To compare the happiness scores computed from smiles and
from text, we perform statistical equivalence testing. Using
two one-sided tests (TOST) with interval margin δ = 0.3,
the null hypothesis that the difference between the samples’
means is larger than the specified margin threshold can be
rejected with p-value < 0.001. In other words, we find statis-
tical equivalence between happiness computed via traditional
text-based and our image-based analyses. It should be noted
though that our paper’s focus is not to compare and contrast
our alternative methodology with existing text-based tech-
niques or to argue that our approach is superior. Rather, our
intention is more primarily about mining, analyzing, and ex-
ploring a previously unplumbed datastream. In fact, it would
be desirable to combine both textual and image based senti-
ment analyses together to play on the strengths of each. For
instance, text-based analysis is computationally simpler; but
in many cases text is malformed, not in a processable lan-
guage, or simply non-existent, which motivates the use of an
alternate, text-independent approach such as ours.
3http://hedonometer.org/

We also compare our Smile Index with the Gallup-
Healthways Well-Being Index [70], which tracks the ratio of
Americans experiencing “lots of happiness and enjoyment”
and “lots of stress” using daily telephone surveys. While
Gallup’s index is limited in the sense that it tracks the extreme
ends rather than the full happiness spectrum, we still find ex-
pected correlations with our Smile Index, as seen in Table 1.
Day-to-day changes in happiness and stress are also strongly
correlated with detected smiles: 0.5∗∗∗ and −0.43∗∗∗, respec-
tively. To further compare the Gallup happiness index and our
Smile Index, we again perform statistical equivalence testing.
Since our Smile Index is a ratio (of images with smiles to
all images), we normalize the Gallup happiness score to the
same [0, 1] scale as we did when making the comparison with
text-analysis. The result shows that the happiness time series
of Gallup and of our Smile Index are statistically equivalent
with an interval margin of δ = 0.3 and p < 0.001.

Happiness/Enjoyment Stress/Worry
Smile Index 0.26∗∗∗ −0.22∗∗∗

Table 1. Smile Index compared with Gallup Well-Being Index.
(Throughout the paper, we use ∗ = p < 0.05, ∗∗ = p < 0.01,
∗∗∗ = p < 0.001 to mark level of statistical significance)

EXPERIMENT AND RESULTS

Temporal Smile Distribution
Here we examine temporal trends in the Smile Index across
different timescales (hours, days, and weeks).

Daily patterns of happiness
As the term “Blue Monday” indicates, there is a commonly
held cultural belief about the relationship between affective
state and the day of the week. To see if we observe such an ef-
fect, we compute the distribution of smile-containing images
across days of the week, aggregated over the United States.
The result is shown in Figure 5.

There is a clear peak during the weekend, which makes
sense intuitively and also conforms with prior research that
observes the expression of increased positive sentiment and
lower negative sentiment on weekends [44]. A sharp decay
occurs after the weekend, but we see the minimum reached
mid-week on Wednesday. A number of previous studies [59,
48, 18] have similarly reported the absence of a Blue Monday

Figure 5. Distribution of smiles in U.S. tweets over days of the week
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phenomenon in their findings, and the mid-week dip in happi-
ness has also been observed in prior work based on blog-post
data [48] and tweets [17]. We conjecture that relatively higher
Monday happiness is a result of inertia from the preceding
weekend and note the analogy of the Wednesday mid-week
mood dip with the known mid-day dip [50].

Hourly patterns of happiness
Examining the hourly pattern in the appearance of smiles, we
find a diurnal rhythm as shown in Figure 6. Our data shows a
gradual increase in happiness during the morning, which then
levels off and reveals the mid-afternoon dip. The patterns
we observe are consistent across workdays and weekends as
shown in Figure 7.

Figure 6. Distribution of smiles detected in U.S. tweets over hours

Figure 7. Daily breakdown of hourly smile distribution

Clark et al. [8] in a study on undergraduate students note
a similar plateau effect in the middle of the day, albeit their
reported dip lasts from noon to 9 pm. In the evening, we see
smiles again increasing steadily with a peak around 9-10 pm,
then dropping to a minimum in the middle of the night, which
is when research shows depressed individuals tend to be more
active on Twitter [11]. A recent study by Golder et al. [26]
uses text-based content from Twitter to analyze patterns in
positive and negative affect and finds trends similar to ours —
a peak in Positive Affect (PA) in the morning and another at
midnight as well as a minimum in PA around 5 am. However,
the peaks from Golder et al. have similar PA values to each
other, while we see much higher levels in the evening.

Public mood surrounding emotionally significant events
To investigate whether public mood is reflected by smiles
in uploaded images, we look closely at a variety of societal
events. While Twitter is a global service, the majority of its
users are from the United States, so for reasons of scope in
this study we consider only U.S. events: the Boston Marathon
bombings, the inauguration of President Obama, the period
during Hurricane Sandy and its aftermath, and New Year’s
Eve. To keep the dataset diverse, we focus on particular geo-
graphical regions of the country during our analyses. Figure
8 summarizes our findings from these case studies.

Figure 8. Smile Index (SI) of indicated events. • shows the mean for
each of the three geographical regions, and 99% confidence interval
is included. � indicates SI in Massachusetts during Boston Marathon
Bombings and subsequent manhunt period; N marks SI during Presi-
dential Inauguration in DC; I indicates SI during Hurricane Sandy in
NY; � represents SI in the corresponding areas during New Year’s Eve

First, we analyze images posted April 15-19, 2013 from Mas-
sachusetts during the tragic Boston Marathon bombings and
subsequent manhunt. The mean of daily smiles detected dur-
ing this period falls with a margin of more than 7% compared
to the total time period in our dataset. In other words, even
though the number of images increased during this time pe-
riod, the Smile Index was significantly lower.

Second, we measure smiles detected in images from Wash-
ington D.C. during the second inauguration of Barack Obama
as President of the United States. The event included con-
certs, a swearing-in ceremony, a parade, and other activities
spread over January 19-21, 2013; so we use images posted
during these dates. For this time frame, we see a 22% in-
crease in the Smile Index compared to the overall mean. Fig-
ure 9 shows an example of a smile-containing image posted
during this period and relevant to the event.

Figure 9. Example of a smile-containing image contributing positively
to the Smile Index for the 2013 U.S. Presidential Inauguration
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Third, we study images from NY posted during and after Hur-
ricane Sandy, a Category-3 storm that caused severe devasta-
tion, including 147 deaths and a damage estimation exceeding
$50 billion [75]. Its storm-force winds at one point had a di-
ameter of 1000 miles. Hurricane Sandy made landfall in NY
on October 20, 2012, so we use images posted from this date
until November 1, 2012. Comparing to the overall mean, the
Smile Index during this period drops 22.5%.

Finally, we also analyze images posted from each of these ge-
ographical areas on New Year’s Eve (on December 31, 2012
and Jan 1, 2013 to be specific). As shown in Figure 8, there is
a substantial increase in the Smile Index during this holiday.

Hence for all four events, there is a noticeable increase or
decrease in our Smile Index. The ratio of images contain-
ing smiling faces increases during positively affective cele-
brations and decreases during negatively affective calamities,
and the difference in each case is significant with p < 0.01.
In these case studies, our simple smile metric thus proves an
effective barometer of public mood during societal events.

Happiness and Economy
Understanding the potential link between well-being and var-
ious economic phenomena is arguably one of the most main-
stream topics in Economics. This is evidenced by Clark’s
[6] recent comparison of article titles between 1960 and 2000
in the electronic bibliography of The American Economic
Association — the publishing rate of articles on well-being
and happiness increased more than 8 times after 2000. Re-
searchers from the discipline commonly assume that hap-
piness is a representation of true internal utility with some
noise. Rafael et al. [14] note that if this signal-to-noise ratio
in the available data is large enough, a measurement of hap-
piness can enable study of numerous topics ranging from de-
terminants of political economy to the effects public policies
have on social welfare. In the following sections, we draw
on this expanding literature to look into the relation between
economic phenomena and our Smile Index of happiness.

Median household income
The connection between income and happiness has been
well-studied. Generally, the relationship is suggested to be
positive but with diminishing returns [7], and a number of
studies argue in favor of relative rather than absolute income
as a determinant of well-being measurement [23].

Using the U.S Census Bureau’s 2007-2011 American Com-
munity Survey 5-year estimate data4, we compare the dis-
tribution of median household income with per-capita smile
count across New York City zip areas. We use per-capita
smile count since this analysis focuses on community char-
acteristics rather than temporal trends. We see a high degree
of variation in median household income — the maximum is
$232, 031 in Manhattan and the minimum is $19, 840 in the
Bronx.

Table 2 shows the correlation between per capita smile count
and median household income. Income does positively cor-
relate with the smile metric, though perhaps more interesting
4http://www.census.gov/acs/www/

Correlation
Overall 0.173074∗

Black Majority Area (> 50%) −0.586325∗∗

Black Majority Area (> 75%) −0.726471∗∗

White Majority Area (> 50%) 0.312572∗

White Majority Area (> 75%) 0.536020∗∗

Table 2. Spearman correlation between median household income and
smile count per-capita across NYC areas

is the clear pattern that emerges when we take racial demo-
graphics into consideration. Specifically, the correlation goes
from positive to negative in black majority areas (i.e., higher
income is associated with lower positive sentiment and vice
versa), while the correlation is more positive in white major-
ity areas. The correlations for other races are not statistically
significant in our dataset. Note that we follow the 2010 Cen-
sus in treating Hispanic as an ethnicity but not a race. To
better isolate the relationship between racial distribution, in-
come, and smile data, we use the following regression model:

L1 : Cz = α+ βiIz + βbBz + βwWz + βoOz + εz

where Cz is the number of smile-images per capita, Iz is the
median income, Bz is the fraction of the population identify-
ing as black in zipcode z, and Wz is the fraction identifying
as white. Oz represents the other racial proportions in that re-
gion. Table 3 presents the result estimated by Ordinary Least
Squares regression. As the summary statistics show, there
is no serious auto-correlation problem with the model. The
strong positive coefficient for Wz indicates that an increased
white population proportion in a given zip code corresponds
to an increase in the number of images with detected smiles.

Coeff Std. Err. t
Iz -0.001 0.00 -0.731
Wz 0.774 0.2 3.8∗∗∗

Bz -0.224 0.4 -0.5
Oz 0.186 0.17 1.06

Summary DW Adj-R F-Stat
1.4 0.059 4.101∗∗

Table 3. Summary and coefficient statistics of L1. DW stands for
Durbin-Watson statistic, a measure of residual auto-correlation

Given the relatively small coefficient associated with income
in L1, we also look into the correlation between racial dis-
tribution and images with smiles across the NYC area. The
results are shown in Table 4. For this analysis, we use the per-
centage of black populations and white populations in every
zip code and compare against the number of per capita im-
ages with smiles. We find a strong positive correlation for the
white populations, while the correlation for black populations
is negative.

Race Correlation
White 0.464114∗∗∗

Black −0.371355∗∗∗

Table 4. Statistically significant correlation between race and number
of images with smiles per-capita across zip codes in NYC
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This intriguing finding is consistent with extant research on
happiness and well-being. For instance, using surveys be-
tween 1957 and 1972, Campbell et al. [5] found 32% of
whites to be “very happy” compared to only 18% of blacks.
More recent studies [33, 10] report that although declining,
there still remains a discernible black-white gap in terms of
well-being and happiness.

Public Opinion Polls
Following the observed correlations between our Smile Index
and economic factors, we investigate to what extent our met-
ric may also capture trends in public opinion polls. In par-
ticular, we are interested in the consumer confidence index,
which captures the collective degree of optimism that peo-
ple express about the overall status of the economy and their
personal financial situations. Such measurements are of sub-
stantial value to both governments and business entities since
high consumer confidence indicates higher spending and of-
ten results in economic growth.

A methodology based on surveys and polling has been exten-
sively utilized to understand such attitudes of population sam-
ples, and data collected with these methods are often consid-
ered a gold standard when it comes to public opinion. Thus,
comparing against these indicators provides an additional val-
idation of the reliability of our approach. A number of sur-
veys attempt to measure consumer confidence in the U.S. For
instance, Reuters/University of Michigan Surveys of Con-
sumers maintains the monthly-published Index of Consumer
Sentiment (ICS)5. However, since we have temporally fine-
grained data from Twitter, we prefer a consumer dataset with
more frequent observations and use the daily-administered
economic confidence index from Gallup6, which is calculated
from a 3-day rolling average where each data point is based
on interviews with 1,500 Americans aged 18 and older. The
aggregated Gallup economic index is known to correlate well
with ICS, and both indices do correlate strongly for the dura-
tion of our study (r = 0.59, p = 0.01).

We also find that the consumer confidence index from Gallup
correlates strongly with the normalized frequency of smile-
containing images (r = 0.608, p < 0.0001). However, we
are more interested in whether variations in detected smiling
is a reflection of consumer confidence. To formally test the
relationship between these two time-series, we use the well-
known econometric technique of Granger causality analysis.

Granger causality analysis
Granger causality tests for the ability of one series to pre-
dict another one — in our case, whether our Smile Index
provides information to forecast the economic index. More
formally, the analysis uses two linear models G1 and G2 to
predict Et as shown in equations (1) and (2). The first model,
G1, uses endogenous information — only the lagged value
of Et. G2 incorporates another variable, Ht, combining the
lagged value of both Et and Ht. If the variance of the regres-
sion model G2 decreases by including Gt, then Ht is said to
5http://www.sca.isr.umich.edu/
6http://www.gallup.com/poll/122840/Gallup-Daily-
Economic-Indexes.aspx

Granger-cause Et. The assumption here is that if Ht causes
Et, then the lagged value of Ht will strongly correlate with
Et. We note that this analysis is not asserting true causation
but rather the presence of useful predictive information.

G1 : Et = α+
k∑

i=1

βiEt−i + εt (1)

G2 : Et = α+
k∑

i=1

βiEt−i +
k∑

i=1

γiHt−i + εt (2)

In the equations, εt represents noise and k is the lag parame-
ter, which is free in Granger causality analysis. In our case,
we are interested in the trend of daily change, and so we use
the difference in values across subsequent days:

Et = EIt − EIt−1
Ht = St − St−1,

EIt and St are respectively the values of Gallup’s economic
index and the frequency of images with smiles, on day t. The
Granger causality analysis assumes that the data is stationary,
which the differencing measurement ensures.

Lag F -statistic p-value
1 day 4.74 0.03∗

2 days 4.64 0.01∗

3 days 2.5047 0.058
Table 5. Summary of bivariate Granger causality analysis between
Gallup Economic Confidence Index and frequency of images with smiles

We estimate equations (1) and (2) using an Ordinary Least
Squares regression model. Table 5 shows the result of the
causality analysis. In this case, the model G2 performs sig-
nificantly better than G1. The F -statistic here is proportional
to the relative change in the residual sum of squares between
models. In other words, we can reject the null hypothesis that
our Smile Index does not predict consumer confidence with a
high level of confidence.

Forecasting analysis
The result of our preceding Granger analysis indicates that
our image based Smile Index captures predicative informa-
tion about consumer economic confidence. To further val-
idate, we train and evaluate our model in a rolling forecast
setting. Similar to Brendan et al. [51], we use a one variable
least-square model:

EIt = α+ β
k−1∑
i=0

St−i + εt (3)

For a given hyperparameter k, the model uses a k-day window
for training. In other words, to predict the forecast on day t,
the slope and bias parameter of the model β and α are fitted
using data from t− k to t− 1 days. The fitted model is then
used for prediction. For evaluating in a rolling forecasting
setup, we introduce another hyperparameter L:

EIt+L = α+ β
k−1∑
i=0

St−i + εt (4)
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The parameter L determines how many days in the future we
are forecasting. In other words, for a target forecast date t+L,
we train the model through t−k to t−1 days and predict using
the value from the last day of the window, day t.

To evaluate performance, we use Mean Absolute Error
(MAE). We find that the best model for forecasting 7 days
ahead uses 13 days of historical data. That is, we use the data
from days t−13 to t−1 to learn the parameters of the model,
and we then ask the model to use the value from day t to pre-
dict day t + 7. We then measure the error in this predicted
value compared to the actual eventual outcome. Figure 10
illustrates the alignment between this forecast and the actual
Gallup economic confidence index.

Figure 10. Rolling forecast of Gallup economic confidence index using
Smile Index

Performance for alternative lag parameters is shown in Table
6. For k = 13, the 7 days ahead forecast has a mean absolute
error of 3.53. We compare that result with a baseline model
that uses endogenous values for prediction. In other words,
the baseline model uses the lagged self-value for prediction
(EIt+L = α+β

∑k−1
i=0 EIt−i+εt). We find that this baseline

performs slightly worse with a mean absolute error of 3.55.

L = 7 L = 10 L = 14
k = 7 3.70 3.95 4.19
k = 13 3.53 3.68 4.10
k = 10 3.61 3.75 4.05

Table 6. Mean Absolute Error (MAE) for rolling forecast of economic
confidence (L = # of days in the future we forecast, k = # of days of
historical data used to train model)

Overall, the performance of this simple model thus validates
our finding from the Granger analysis: smile-containing im-
ages hold predictive information about the economic confi-
dence index. The performance of the model is also encour-
aging since the rich content of social media could be used as
a faster and lower-cost supplement for expensive traditional
polling. Given the deep reach and broader scope of social
media, being able to combine such signals in this way would
not only allow us to measure well-being but also to analyze
factors that may contribute to it.

DISCUSSION

Methodological Implications
In this study, we set out to explore the potential of using pic-
tures shared on social media to assess collective well-being.
By applying computer vision techniques and calculating the
proportion of photos in which we detect smiling faces, we
proffer our methodological contribution: the Smile Index — a
quantifiable proxy for happiness that capitalizes on the ever-
expanding supply of social media hosted images, which are
shared by users frequently, naturally, and globally.

Examining temporal trends, our Smile Index reveals patterns
of happiness that are highest during mornings, evenings, and
weekends and that drop during late night, mid-day, and mid-
week. In our case studies on four emotionally significant
U.S. events, we verify that the Smile Index considerably in-
creases in response to celebratory events and holidays, while
it substantially sinks during tragedies and disasters. In con-
necting emotional health with demographic and economic in-
dicators, we find positive correlations between income and
positive sentiment in white-majority geographical areas yet
the reverse relationship in black-majority areas. In testing
the predictive power of the Smile Index, we demonstrate the
metric’s ability to forecast consumer confidence 7 days ahead
using just 13 days of historical data. Altogether, these results
showcase our approach’s potential for monitoring population-
level emotion.

Further, our methodology can benefit stakeholders from mul-
tiple domains including CSCW disciplines, government, and
business. For example, a primary intended outcome of our
work was unlocking a rich data source and offering a new
lens through which future research can extend existing un-
derstandings of human behavior, emotion, and communities
of practice. In particular, our work helps advance computa-
tional social science’s aim to leverage social media as part of
data-driven social science research, which continues to gain
interest within CSCW. Along the same lines, our work fur-
ther provides novel image-based computational techniques
that scholars can apply to develop psychological and socio-
logical theory.

Our findings, especially those regarding the relationship be-
tween events and public mood, highlight the insight our
method provides about one such notable behavioral dynamic:
how people’s offline activities and emotional states impact
their online behaviors. In this way, social media’s ability
to reflect the well-being of real world communities has im-
portant implications for the role such online communication
platforms can play in connecting leaders and constituents in
order to help improve people’s quality of life and welfare, for
example through better public health intervention, allocation
of public services, or regional planning.

Looking for evidence of the reverse phenomenon would be
desirable as well — that is, to what extent being exposed
online to emotionally-charged content influences emotions
and behaviors in the physical world. Prior work on mimicry
and emotional contagion find that viewing pictures contain-
ing smiles can influence a person’s own happiness [39, 65],
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and it would therefore be worthwhile to explore whether pic-
tures containing smiles not only signal current levels of col-
lective sentiment but also are responsible for stimulating sim-
ilar emotions in other users or even fueling emotional cas-
cades. Researchers may similarly investigate whether con-
tent containing pictures has more influence over other users’
behavior than purely text-based content does, for instance in
posts that encourage users to join protests, charity events, or
other forms of collective action. This sort of study could also
make space for new generations of personalized early warn-
ing systems that inform people about major events that will
personally impact them, based on local patterns of emotional
arousal trending in their social media streams.

Practical Implications
From a practical perspective, our proposed system addition-
ally offers ways to overcome a number of limitations faced
by current methods for assessing sentiment. First, in contrast
to survey-based methodologies — which may struggle with
low response rates, are typically administered infrequently
and retrospectively, and can be difficult to scale — our ap-
proach is unobtrusive, enables live and continuous affective
monitoring, and provides access to ever-wider global popula-
tions as social media adoption continues to grow. Such real-
time monitoring, which our prediction and forecasting anal-
yses demonstrate is feasible, can have particularly important
implications during times of crisis, for instance when com-
munities require prompt and accurately targeted aid. Second,
current NLP techniques for text-based sentiment analysis are
language-dependent, and most available corpora and dictio-
naries only exist for the English language. This impedes not
only international-level studies but even research within the
United States. For instance, an estimated 200 languages are
spoken in New York City alone [78], and studies using sen-
timent analyses restricted to text in English may be biasing
results and missing opportunities to investigate the full emo-
tional characteristics of such highly diverse regions. Again in
contrast, our text (and hence language) independent method
facilitates an analysis of emotions expressed by individuals
spanning multiple languages and cultures.

Cultural Differences in Emotion and Photography
To further push on this idea of using photographed smiles to
assess sentiment cross-culturally, we investigate viability by
comparing our Smile Index across countries. For the 15 coun-
tries with more than 100, 000 tweets in our dataset, we find it
to be relatively consistent, as shown in Figure 11. Addition-
ally, the standard deviation of the Smile Index across these
countries is 0.02, and this low value further suggests that our
proposed sentiment assessment framework would be appli-
cable for use with countries beyond the US. These results
provide some evidence that the universal nature of smiling
would permit the use of our system cross-culturally, though
researchers should be aware of cultural variations.

While the universality of emotion across cultures has been
long debated by psychologists [21, 55], an extensive survey
of the related literature by Elfenbein et al. [22] concludes
that the core six emotions are universally recognized. Key to
our research is that even researchers critical of universality

Figure 11. Smile ratio across countries with more than 100, 000 tweets
in our dataset. Low standard deviation (0.02) indicates that Smile Index
is consistent, highlighting the potential of using our framework in cross-
cultural setups

models find that facial expression for happiness is consistent
across cultures [34].

Regarding the influence of culture on photography, East
Asians’ facial expressions in particular tend to display lower
intensity in photographs, and images from East Asia also fo-
cus more on contextual details. This phenomenon is observed
on social media as well — for instance, East Asian users of-
ten de-emphasize faces in Facebook profile pictures, resulting
in a smaller face-to-background size ratio compared to users
from the United States [46]. Nonetheless, vital to our research
is the determination that the ratio of smiling and non-smiling
images is the same across cultures [32] — though as seen in
Figure 11, photos from Japan do exhibit lower smile ratios as
expected.

Overall, such prior work as well as our own preliminary in-
spection are a sign that using smile features to build an index
of happiness could improve cross-cultural sentiment analy-
sis, especially compared to word-based approaches, which
are tightly coupled with specific languages and obligate com-
plicated feature engineering such as cross-language dictionar-
ies [3] or multilingual annotations [1] to study the sentiment
of speakers with different languages.

Future Work
This paper illustrates the merits of our current study, but as
a nascent step towards using pictures as a measurement tool
for societal happiness, further attention is required to address
some limitations.

The first is a question of population bias. While the wide
adoption of social media platforms like Twitter increasingly
offers the potential to access broad groups of people, at this
point concerns can be raised about the issue of representa-
tiveness for these sorts of datasets. Around 15% of online
adults in the U.S. use Twitter, resulting in a user base in which
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younger generations and minorities are overrepresented com-
pared to the overall population [58]. Combining this with
the fact that we have access to only 10% of all posts, we ac-
knowledge that our dataset is a non-uniform subsample from
a non-representative population and that our happiness metric
is based on the sentiments of some people more than others.
Especially since a core motivation of our work is the creation
of techniques with which to perform global and cross-cultural
assessments of sentiment, a key next step is therefore extend-
ing our study to ensure more representative coverage and to
utilize additional datasets, including from countries around
the world of diverse languages and cultures.

Second, it is also necessary to more fully investigate the
quality of image-based data streams for sentiment analysis.
Though extant research and our own comparison studies sug-
gest our data is reliable in terms of the authenticity of posi-
tive affect that detected smiles express, there are some com-
plex questions herein that require deeper investigation. One
is whether the social convention of smiling while being pho-
tographed might artificially inflate our smile based happi-
ness index. That is, smiling might not always indicate good
mood but rather be the result of nuanced posing etiquette
and customs, which can vary with culture, gender, and age
as discussed in earlier portions of the paper. On the reverse
hand, pictures suggestive of happiness may not always con-
tain smiles or even faces or people, necessitating strategies
to detect alternate signals of sentiment in photos, such as
sustainable crowdsourcing techniques for labeling emotions
in photos. Another issue is the extent to which the images
people share on social media are pictures of themselves and
friends as opposed to popular memes that may contain smiles
but not be truly reflective of the contributing user’s own emo-
tional state. In our earlier description of our dataset, we also
noted potential complications due to discrepancies between
when and where images are captured vs. posted, though we
explained why this concern should likely be minimal.

Alongside these issues regarding the reliability of image data,
it is worth pointing out that the existing approaches to hap-
piness measurement suffer from their own analogous chal-
lenges. For instance, text-based sentiment analysis tech-
niques typically struggle with syntactic errors and properly
handling linguistic mechanisms like sarcasm, and survey-
based approaches must deal with response veracity and can
suffer from reflective self-report biases. Going forward, it
would be worthwhile to make further comparisons between
various image, text, and survey-based methods for happiness
assessment to determine the key advantages and limitations
of each approach, with a focus on combining the methods in
ways most appropriate for the phenomenon being studied.

Finally, in this study our focus was on developing a new tech-
nique for measuring happiness, so it is desirable to next look
more deeply into what factors may actually generate that hap-
piness. While our findings demonstrate a number of clear
correlations between smiling and sentiment, we cannot yet
claim causation without such further inquiry. Similarly, care-
ful examination of potential confounding factors, such as the
effect of education on income and happiness, will help to

strengthen interpretations regarding the reasons underlying
observed emotional characteristics.

Given these concerns, we therefore emphasize the need to fur-
ther unravel our findings by undertaking additional qualita-
tive work. Such research could involve more rigorous analy-
ses of the images themselves to identify subtleties in the ex-
pression of emotion in photographs. Interview studies could
also be conducted with individuals who contribute image con-
tent in order to better understand the motivations behind their
sharing practices and the authenticity of emotion displayed in
their pictures, as well as the extent of geographical and tem-
poral differences between when they capture vs. post images,
and finally their reactions to having their content used as part
of automatic sentiment tracking.

CONCLUSION
In this paper, we presented a novel methodology for utiliz-
ing user-contributed pictures on social media to infer public
happiness. We provided evidence of the potential to assess
population-wide sentiment from such large-scale, geographi-
cally diverse, and temporally dispersed image-based content.

In the first attempt to use images for large-scale sentiment
analysis, we leveraged established computer vision tech-
niques to detect smiling faces from photos posted on Twitter
in order to track societal patterns of happiness, sense under-
lying political and cultural events, and uncover community
characteristics. We verified that this data source aligns well
with established survey-based methods for assessing public
mood and yet is less costly to obtain in terms of time, financ-
ing, and human resources. In addition to this comparison with
ground-truth data, we also compared our technique to tradi-
tional text-based approaches for analyzing sentiment, laid out
strengths and weaknesses of each, and considered how they
might be combined.

Through multiple analytic experiments and case studies, we
explored how publicly posted pictures can reveal temporal
trends in happiness, serve as an indicator of mood during so-
cietal events, and be used to study relations between socioe-
conomic factors. Finally, we discussed the theoretical and
practical implications of our research along with directions
for future work, giving particular attention to the issues of
overcoming population bias, achieving cross-cultural gener-
alizability, and remaining cognizant of the social contexts in
which individuals who share photos are embedded.
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