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Abstract 24 

Physical activity, both exercise and non-exercise, has far-reaching benefits to physical 25 

health. Although exercise has also been linked to psychological health (e.g., 26 

happiness), little research has examined physical activity more broadly, taking into 27 

account non-exercise activity as well as exercise. We examined the relationship 28 

between physical activity (measured broadly) and happiness using a publicly available 29 

smartphone application. This app has collected self-reports of happiness and physical 30 

activity from over ten thousand participants, while passively gathering information about 31 

physical activity from the accelerometers on users' phones. The findings reveal that 32 

individuals who are more physically active are happier. Further, individuals are happier 33 

in the moments when they are more physically active. These results emerged when 34 

assessing activity subjectively, via self-report, or objectively, via participants' 35 

smartphone accelerometers. Overall, this research suggests that not only exercise but 36 

also non-exercise physical activity is related to happiness. This research further 37 

demonstrates how smartphones can be used to collect large-scale data to examine 38 

psychological, behavioral, and health-related phenomena as they naturally occur in 39 

everyday life. 40 

Introduction 41 

A sedentary lifestyle has been linked with many poor health outcomes. Time spent 42 

sitting is associated with increased risk of becoming obese, developing diabetes, 43 

cancer, and cardiovascular disease [1-3], and with increased risk of all-cause mortality 44 

[4]. Research suggests that -- beyond exercise -- small, cumulative, ‘non-exercise 45 

activity,’ such as standing and walking in the course of daily functioning, contributes to 46 



avoiding these negative outcomes and increasing general health [5]. A complementary 47 

question emerges: Are patterns of physical activity throughout the day also related to 48 

psychological health (e.g., happiness)? 49 

 50 
To date, studies examining the relationship between happiness and physical activity 51 

have focused on exercise, finding mixed results. Some studies have found that happier 52 

people report exercising more [6, 7], while others have found no relationship between 53 

happiness and exercise [8, 9]. Much of this past research has relied solely on 54 

retrospective self-reports, on data collected at only one time period, and on small 55 

samples. Thus, no systematic research has examined links between happiness and 56 

behavioral markers of physical activity over time in a large, heterogeneous sample. 57 

 58 
Every day, healthy individuals routinely engage in non-exercise physical activities. 59 

Because such activities are so common and, unlike exercise, do not require special 60 

planning or preparation, people may not be aware of the frequency or extent to which 61 

they stand, walk, or fidget throughout the day. As a result, assessing non-exercise 62 

activity using only self-reports risks generating coarse and inaccurate estimates. 63 

However, with the proliferation of smartphones that contain accelerometers -- sensors 64 

that detect the phone's movement -- it is possible to obtain objective estimates of 65 

physical activity throughout the day. 66 

 67 

Ecological momentary assessment (EMA) is a powerful methodology for collecting in 68 

situ and in vivo momentary information about individuals’ psychological states, activities, 69 

and social contexts as they occur in everyday life [10]. Over time, such information 70 



provides rich (in the sense of quality) and dense (in the sense of quantity) information 71 

about individuals’ naturally-occurring daily lives. Smartphones provide a useful platform 72 

for EMAs because people carry their phones with them most of the time, so they can 73 

complete momentary assessments anywhere and (almost) any time. Moreover, 74 

smartphones are equipped with an array of built-in sensors capable of collecting 75 

relevant data unobtrusively at very high resolution. For example, the accelerometer 76 

detects the phone’s movement and can serve as a valid indicator of physical activity. 77 

Thus, with the combination of momentary self-report assessments and smartphone-78 

sensor technology, smartphone-based EMAs offer a powerful platform for collecting 79 

data that, until recently, has been inaccessible to social scientists [11]. 80 

 81 

A number of studies have used EMAs to examine daily fluctuations in happiness. 82 

Results from these studies indicate, for example, that time spent with others is 83 

associated with increases in happiness [12]. However, all previous work in this area has 84 

relied on self-reports of both happiness and behavior. With respect to physical activity, 85 

most previous studies that have investigated a link with happiness have relied on self-86 

reports of physical activity [8, 13, 14].  One study has measured physical activity 87 

objectively, using a physical accelerometer device attached to the hip [15]. However, 88 

the use of a physical device makes it challenging to recruit a large number of 89 

participants. In contrast, smartphone-based EMAs offer a valuable tool for investigating 90 

the link between happiness and physical activity in daily life from the large number of 91 

people who carry a smartphone, and with much more granularity than is possible with 92 

traditional, self-report methods.  93 



 94 

The aim of the present investigation was to examine the link between total physical 95 

activity (including non-exercise physical activity) and happiness. We used longitudinal 96 

data from over 10,000 individuals who downloaded Emotion Sense, a publicly available 97 

mood-tracking smartphone application. Emotion Sense uses experience sampling (i.e., 98 

a form of EMA) to collect self-reports of happiness and physical activity, while at the 99 

same time passively collecting behavioral data from the accelerometer in the 100 

smartphone [16]. Several studies have demonstrated how the accelerometer can be 101 

used to detect the activities, postures, and movements of smartphone users [17, 18]. 102 

The integration of experience sampling and mobile sensing technology provides a 103 

powerful platform for collecting objective and longitudinal data at a large scale. 104 

Materials and Methods 105 

Participants 106 

Participants were members of the general public who downloaded the freely-available 107 

Emotion Sense app, described below, from the Google Play store and installed it on 108 

their Android phone. The analyses reported herein include all users who provided data 109 

on all four happiness measures (described below) from February 2013, when the app 110 

was released, to June 2014, when we began the analyses. A total of 12,838 users 111 

completed at least one self-report survey; 10,889 of them provided demographic 112 

information. Of these, 43% were female, 54% were male, and 3% did not provide 113 

information about their gender. Users indicated their age by selecting a 10-year range. 114 

The mode was 25-34 years of age (N = 4,098; 38%), but large numbers of users were 115 



either just younger (15-24; N = 1,896; 17%) or just older (35-44; N = 3,426; 31%).  A 116 

total of 85 users (1%) did not provide information about their age. More than half of the 117 

sample was White (N = 7,382; 68%). The next most represented ethnicity was Asian (N 118 

= 1,386; 13%), and 526 users (5%) did not provide ethnicity information. 119 

 120 
Each analysis that follows refers to a different subset of users (e.g., those who provided 121 

information about some combination of happiness, self-reported physical activity and/or 122 

sensed physical activity). We thus provide further information in the Results section 123 

about the exact subset of users for each analysis. 124 

The Emotion Sense Application 125 

Emotion Sense is a smartphone application that was designed to study happiness and 126 

behavior. The app collects self-report data through surveys presented on the phone via 127 

experience sampling. By default, the app sends two notifications at random moments of 128 

the day between 8AM and 10PM, at least 120 minutes apart from one another. Clicking 129 

on a notification launches a momentary assessment, which includes measures of 130 

current affect (i.e., mood), and measures assessing a single aspect of current behavior 131 

or context (e.g., physical activity, location, social interactions). In addition to the 132 

notification-driven surveys, the app also allows for self-initiated surveys. These included 133 

longer measures of affect, and measures assessing multiple aspects of behavior and 134 

context. (Please see the Supporting Information for a complete list of self-report 135 

measures.) 136 

 137 



As well as collecting self-report data, the app also uses open-sourced software libraries 138 

[19] to periodically collect behavioral data from sensors in the phone (e.g., 139 

accelerometer). The data collected through the app are stored on the device's file 140 

system and then uploaded to a server when the phone is connected to a Wi-Fi hotspot. 141 

 142 
Emotion Sense was designed to be a tool to facilitate self-insight, providing feedback 143 

about how participants' affect relates to context and activity. When first installing the 144 

app, participants could only access feedback related to how their affect varies by time of 145 

day (e.g., morning, afternoon, evening, night). In an effort to maintain user engagement 146 

over a period of weeks, participants could receive additional feedback by ‘unlocking’ 147 

additional feedback screens, each of which had a particular theme (e.g., physical 148 

activity, location, social interactions) that determined which behavior and context 149 

questions were asked in the self-report surveys. Each successive feedback screen 150 

became available to be unlocked after a one week interval, and was unlocked by 151 

completing a measure of life satisfaction. The fourth screen that was available to be 152 

unlocked provided feedback related to physical activity. (Please see the Supporting 153 

Information for a complete list of self-report measures.) 154 

 155 
This application was reviewed by and received approval from the ethics board in the 156 

Computer Laboratory at the University of Cambridge prior to release. 157 

Measures 158 

Happiness 159 



Emotion Sense allows users to track and quantify their happiness in various ways. On 160 

each self-report survey, whether notification-driven or self-initiated, users indicate their 161 

current feelings by tapping on a two-dimensional affect grid (see Fig 1a), where the x-162 

axis denotes valence, from negative to positive, and the y-axis denotes arousal, from 163 

sleepy to alert [20]. 164 

 165 

[insert Figure 1 here]      166 

           167 

Fig 1. Self-Reported Mood in Emotion Sense. From left to right: (a) Measuring 168 

happiness in Emotion Sense using the affect grid: users select a point on a grid that 169 

quantifies valence (horizontally) and arousal (vertically). (b) Measuring happiness with 170 

PA/NA adjectives. 171 

 172 

Users also rate their current positive affect (PA) and negative affect (NA) by indicating 173 

the extent to which various adjectives describe their current mood, using a 7-point 174 

sliding scale, with end-points at 1 (Not at all) and 7 (Extremely; see Fig. 1b). The mood 175 

adjectives, primarily drawn from the PANAS-X [21], correspond to each grid quadrant: 176 

high arousal/negative valence (angry, hostile, afraid, anxious, jittery), high 177 

arousal/positive valence (attentive, interested, alert, excited, enthusiastic), low 178 

arousal/positive valence (calm, relaxed, content), low arousal/negative valence (sad, 179 

lonely, depressed). On notification-driven surveys users rated two adjectives (see 180 

Supplementary Information for more details), whereas, on user-initiated surveys, they 181 

rated eight adjectives (two from each grid quadrant: anxious, angry; alert, enthusiastic; 182 

calm, relaxed; sad, lonely). 183 



 184 

Finally, users also complete a broader measure of life satisfaction (SWLS, [22]) each 185 

time they unlock a stage of the app. Users indicate the extent to which they agree with 186 

each of 5 statements using a 7-point scale, with end-points at 1 (strongly disagree) and 187 

7 (strongly agree). These were the only measures of happiness in the app.  188 

 189 
For each user who responded to each of these measures (grid, PA, NA, SWLS) at least 190 

once, we created a happiness composite score. Following Diener and Seligman [9], we 191 

computed a z-score for (i.e., normalized) each of the four measures, which were 192 

moderately correlated with each other, 0.24 <|r'|s < 0.57. Then we added together the z-193 

scores for the user’s average grid valence, PA, NA (reverse-scored), and SWLS. Users 194 

provided a median of 29 affect grid ratings (min = 2, max = 1369), 34 mood adjective 195 

ratings (min = 1, max = 1202), and 2 satisfaction with life ratings (min = 1, max = 23). 196 

 197 

We validated this composite happiness score by examining its relationship with self-198 

reports of users' average amount of laughing and crying, which could be reported in a 199 

separate part of the application (i.e., a between-subject analysis). Happiness correlated 200 

positively with laughing, r(9,164) = .21, p < .001, d = .43, and negatively with crying, 201 

r(9,164) = -.18, p < .001, d = .38. 202 

Physical Activity 203 

One way Emotion Sense assesses physical activity is through self-reports. Users 204 

indicate which activities they have been doing in the past 15 minutes (sitting, standing, 205 

walking, running, lying down, cycling or other; see Fig 2a). For each user we sum the 206 

number of active (walking, running, cycling) responses and divide this by the total 207 

number of responses (excluding ‘other,’ as it cannot be classified as either active or 208 



inactive), yielding an activity score that ranges from 0 to 1. For example, if a user 209 

reports walking, sitting, and standing in one 15-minute window, their activity score would 210 

be 0.33. Users reported sitting 8,127 times, standing 5,488 times, walking 5,399 times, 211 

running 1,076 times, lying down 5,708 times, cycling 533 times, and doing other 212 

activities 2,775 times. This is the only self-report measure of momentary physical 213 

activity in the app. (Please see the Supporting Information for a complete list of self-214 

report measures.) 215 

 216 

[insert Figure 2 here]    217 

             218 

Fig 2. Physical Activity Data. From left to right: (a) How users self-report their recent 219 

physical activity, and (b) the magnitude of 30-second accelerometer samples collected 220 

on one device while performing each activity. The label (e.g., Walking: 2.713) contains 221 

the value of the feature computed from the given accelerometer sample; more 222 

physically demanding activities result in higher values. 223 

 224 

Physical activity is also sensed via the phone's accelerometer. For 15 minutes before 225 

each survey notification and at regular intervals throughout the day, Emotion Sense 226 

measures the acceleration of the phone (see Supporting Materials for details about the 227 

factors affecting frequency of the accelerometer measurements). An accelerometer 228 

captures the acceleration the device is subject to, in m/s2, in three dimensions (x, y, z). 229 

To score users' activity, we a) pre-processed the data, b) computed the axes' 230 

magnitude of acceleration (x2 + y2 + z2; see Fig 2b), which is often used in activity 231 

detection [23], and c) quantified activity using the standard deviation of this signal (see 232 



Supporting Material for details on this method and why we chose this particular 233 

measure). 234 

Results 235 

Validating accelerometers as a measure of physical activity 236 

We measured the extent to which the smartphone accelerometer data aligned with self-237 

reported physical activity. This analysis was run on the full set of self-reports of physical 238 

activity (i.e., each individual self-report for each user) that had corresponding 239 

accelerometer samples (i.e., samples at the same point in time as the self-reports; N = 240 

23,419). A Pearson correlation found that the self-reported physical activity, referring to 241 

activity in the past 15 minutes, correlated with the activity score derived from the data 242 

sensed in the 15 minutes prior to the self-report, r(23,417) = .37, p < .001, d = .80. (We 243 

converted the correlation to a standardized mean difference with the formula d = 2r / 244 

sqrt(1-r2); seeSupplementary Information for analyses adjusting for possible lack of 245 

independence) This suggests that activity scores derived from smartphone 246 

accelerometers provided a reliable measure of physical activity, and therefore can be 247 

used as a coarse measure of physical activity in the absence of self-reports. 248 

Are people who are more physically active also happier? 249 

We normalized the happiness scores (see Measures section for details) across the set 250 

of users who had rated their happiness on all four of the measures contributing to the 251 

happiness composite score, and had provided measures of their average physical 252 

activity, either self-reported (N = 9,130), sensed (N = 10,371), or both (N = 8,737). We 253 

then correlated the normalized happiness scores with the average of the person's 254 



physical activity (i.e., a between-subjects analysis). The results indicated that self-255 

reported physical activity was positively related to happiness, r(9,128) = .08, p < .001, d 256 

= .16, as was sensed physical activity (as measured by the accelerometer), r(10,370) = 257 

.03, p = .002, d = .06 (see Supplementary Information for results on individual 258 

happiness measures and results that control for personality). A regression predicting 259 

average happiness from both average self-reported and average sensed physical 260 

activity, entered as simultaneous predictors, found that both self-reported, 𝛃 = .23, 261 

t(8,735) = 7.19, p < .001, and sensed physical activity, 𝛃 = .06, t(8,735) = 2.00, p = .05, 262 

each independently predicted happiness. This supports the idea that objective 263 

measures can provide additional, unique insight into daily physical activity that goes 264 

beyond what we can learn from self-report measures alone. Taken together, these 265 

results suggest that happier people engage in slightly more physical activity (including 266 

non-exercise activity) than less happy people. 267 

Diurnal patterns of activity 268 

Next, we turned from examining a person's overall average physical activity to 269 

examining a person's average hourly behavior. For each user, we created two profiles 270 

of accelerometer data: one representing average weekdays and one representing 271 

average weekend days. Each profile is a vector with 24 entries, where each entry 272 

contains the average of activity scores captured in that hour of the day. We then used 273 

the k-means++ clustering algorithm [24, 25] to create three groups of users who 274 

exhibited similar diurnal profiles of activity (see the Supporting Materials for details on 275 

why we used k = 3). 276 

 277 



Although we did not specify any criteria or thresholds for the groups, the k-means 278 

method identified groups of users who exhibited high, medium, and low levels of diurnal 279 

activity; each group’s average activity is shown in Fig 3.  Fig 4 visualizes the result by 280 

displaying the daily patterns of a random sample of 150 users drawn from each cluster. 281 

One-way ANOVA's, conducted separately on the weekday and weekend data, revealed 282 

that the clusters differed in happiness, both on weekdays, F(2, 10,294) = 40.22, p < 283 

.001, and on weekends, F(2, 9,633) = 33.74, p < .001 (results on individual happiness 284 

measures are reported in the Supplementary Information). Post-hoc Tukey's tests 285 

revealed that on weekdays, people in the high (M = .25, SD = 2.86) and medium (M = 286 

.26, SD = 2.87) physical activity clusters were happier than people in the low activity 287 

cluster (M = -.27, SD = 3.12), p's < .001, though the highly and moderately active 288 

groups did not differ from each other. On weekends, people in the high physical activity 289 

cluster were happier (M = .57, SD = 2.81) than people in the medium physical activity 290 

cluster (M = .23, SD = 2.87), p = .002, who were happier than people in the low physical 291 

activity cluster (M = -.15, SD = 3.04), p < .001. 292 

 293 

 294 

[insert Figure 3 here]    295 

             296 

Fig 3. Centroids for the clusters generated from (left) weekday and (right) weekend 297 

activity profiles. 298 

 299 
 300 

[insert Figure 4 here]    301 

             302 



Fig 4. A random sample of 150 users from each of the weekday and weekend clusters: 303 

users in the active clusters were, on aggregate, happier than those in the less active 304 

clusters. 305 

 306 

                     307 

Moreover, inspection of the clusters suggests that happy participants start their days 308 

earlier in the morning, end their days later in the evening, and display higher levels of 309 

physical activity throughout the day compared to less happy users. The levels of 310 

physical activity observed, however, were not intense or vigorous: Each cluster's 311 

average activity was smaller than the activity score that we manually collected while 312 

walking in a controlled setting. 313 

Are people happier in the moments when they are more active? 314 

Finally, instead of looking at average behavior, we took advantage of the repeated 315 

measurements we had for each person by running multilevel models, with momentary 316 

happiness and physical activity measurements nested within person (i.e., a within-317 

subjects analysis). (NOTE: We couldn’t use the happiness composite as reported in the 318 

previous analyses because the life satisfaction measure was not reported on a 319 

momentary basis.) We did these analyses using the lmer package in R [26]. We ran 320 

separate models predicting each of the various happiness ratings (affect grid; high and 321 

low arousal, positive and negative emotions from the mood adjectives) from the z-322 

scored self-reported physical activity, the z-scored sensed physical activity, or both. 323 

Given that multilevel models essentially require a minimum of 3 data points per person, 324 

these analyses were performed on the subset of users who provided at least 3 325 

measures of both self-reported and sensed physical activity (N = 2,005).  326 



 327 

Self-reported physical activity predicted more positive valence on the grid responses, 328 

more intense high arousal positive affect, and less intense low arousal negative affect. 329 

Similarly, when sensed physical activity was used as a predictor in a multilevel model, it 330 

predicted more positive valence on the grid responses, more intense high arousal 331 

positive affect, and less intense low arousal negative affect, (see Table 1; see 332 

Supplementary Information for results that control for personality). 333 

 334 

Table 1. Multi-level modelling results predicting affect from physical activity.  335 



 336 

 337 

Degrees of freedom are 2,005 for grid valence, 1,996 for high arousal positive affect, 338 
1,975 for low arousal positive affect, 1,958 for high arousal negative affect and 1,958 for 339 

low arousal negative affect. 340 
* p < .05, *** p < .001 341 
 342 

Further supporting the idea that both objective measures and self-report measures 343 

independently predict happiness, analyses that examined both self-reported and sensed 344 

measures simultaneously found that both self-reported and sensed physical activity 345 

predicted more positive valence on the grid responses, more intense high arousal 346 

positive affect, and less intense low arousal negative affect (see Table 1). 347 

Discussion 348 

Poor health has significant individual and societal costs. The current project showed 349 

that inactivity, which has been linked to poor physical health, is also linked to poor 350 

psychological health (i.e., lower happiness). Using a large-scale, public deployment of a 351 

mobile application that periodically assessed participants' happiness and passively 352 

 Entered Individually Entered Simultaneously 
Measure Self-reported 

physical activity 
Sensed physical 

activity 
Self-reported 

physical activity 
Sensed 

physical activity 

Grid valence β = .04, t = 
7.31*** 

β = .03, t = 
6.06*** 

β = .03***, t = 
5.29 

β = .02***, t = 
3.71 

Positive 
Affect 

    

High  Arousal β = .09***, t = 
13.17 

β = .05***, t = 
7.89 

β = .08***, t = 
10.92 

β = .02***, t = 
3.27 

Low Arousal β = -.02, t = -
1.77 

β = -.01, t = -.70 β = -.01, t = -
1.54 

β = -.003, t = -
.31 

Negative 
Affect 

    

High Arousal β = -.002, t = -
.27 

β = -.002, t = -
.22 

β = -.002, t = -
.17 

β = -.002, t = -
.23 

Low Arousal β = -.04***, t = -
4.81 

β = -.03***, t = -
3.81 

β = -.03***, t = -
3.63 

β = -.02*, t = -
2.19 



measured physical activity, we discovered a modest but reliable association between 353 

happiness and physical activity. These findings have important implications for research 354 

on happiness, and also for behavioral science research methods. 355 

 356 
It might be tempting to dismiss the results as spurious; when analyzing “big data”, such 357 

as the data used in this study, it is a common belief that all associations will be 358 

statistically significant. That is not our experience in working with the Emotion Sense 359 

data set. Also, it is important to point out that the opposite is also true: when analyzing 360 

small data, relationships can appear to be statistically significant when there is in fact no 361 

association. In fact, with the smaller standard errors that come with “big data”, we can 362 

be more confident that there is, in fact, a relationship between two variables, though that 363 

relationship may be modest. The association with happiness reported in the current 364 

paper is modest in size, but reliably manifests both for self-reported (i.e., subjective) 365 

physical activity and for objectively sensed physical activity. Obviously there are many 366 

factors that contribute to happiness. Given that positive social relationships may be the 367 

single most important factor contributing to happiness [27], we anticipate that the social 368 

interactions that underlie those relationships would have a strong influence on 369 

momentary happiness. Indeed people do report more positive affect when they are in 370 

social situations [28]. Future work that measures and statistically controls for this and 371 

other factors affecting happiness might reveal an even stronger relationship between 372 

happiness and physical activity. For now, given the size of the association, readers may 373 

wish to exercise caution when interpreting the importance of the relationship between 374 

physical activity and happiness.  375 

 376 



The current findings extend previous research on the link between happiness and 377 

physical activity by demonstrating that regular physical activity -- including non-exercise 378 

physical activity like standing, walking, and fidgeting -- has a positive connection to 379 

psychological health. Experimental studies suggest that physical activity increases 380 

happiness [29, 30], but it is also possible that feeling happier leads to more activity. 381 

Although the design of the current study does not allow us to tease apart these 382 

competing hypotheses, the fact that our physical activity data were collected throughout 383 

the day suggests that happiness is linked to even non-exercise physical activity. 384 

Experimental investigations in which participants are instructed to increase or decrease 385 

their level of physical activity (both exercise and non-exercise) would shed light on the 386 

degree to which physical activity impacts happiness. 387 

 388 

This study provides a compelling demonstration of how smartphones can collect large-389 

scale data to examine psychological and behavioral phenomena as they occur in daily 390 

life [31, 32]. Indeed, mobile technology offered a methodology for investigating the link 391 

between physical activity and happiness that was more reliable and fine-grained than 392 

traditional methodologies. The results go beyond previous research using EMA for 393 

studying daily fluctuations in happiness by examining objective behavior. Nonetheless, it 394 

would be misleading to imply that smartphone-based EMAs can overcome all the 395 

limitations of traditional self-report and laboratory-based experiments. Indeed, there are 396 

broad and specific limitations associated with collecting data from smartphone sensors. 397 

Carefully controlled experiments are the cornerstone of science, and data collected in 398 

the wild are inherently messy and harder to interpret than data obtained from lab-based 399 

observations. Thus, smartphone-based studies allow for examining phenomena in the 400 



real world at the expense of losing control over all the events that naturally occur in life. 401 

More specific limitations are that even though smartphones are consistently proximal to 402 

their owners [33], there are likely to be instances where users are active without 403 

carrying their phones; the data in this study are likely to underestimate actual activity 404 

and to miss out altogether on rigorous exercise. Moreover, collecting continuous data 405 

from smartphones remains challenging, as this will quickly consume the device's 406 

battery. Smartphones are continuing to improve: more modern devices that have been 407 

released since our study include co-processors and dedicated physical activity tracking 408 

apps that are increasingly efficient at assessing diurnal physical activity. Future studies 409 

could make use of data from these apps (although some questions around accuracy 410 

remain [34]). Finally, it is also difficult to gauge the extent that receiving feedback from 411 

any app could alter both mood and behaviour [35]. Some of these limitations could be 412 

relieved by tracking daily activity with wearable sensors (see Kanning, Ebner-Priemer & 413 

Schlicht [36] for a review), but this approach remains, for now, expensive and 414 

impractical for assessing activity at the large scale necessary to detect the effects of 415 

small changes in behavior.  416 

Conclusion 417 

The frequency with which people physically move throughout the day, even if that 418 

movement is not rigorous exercise, is associated with both physical health and 419 

happiness. The current research reveals the important connection between physical 420 

and psychological processes, indicating that even slight changes in one has 421 

consequences for the other. The present findings validate the use of the smartphones to 422 

passively measure the daily activities of a diverse cohort of people, and pave the way 423 



for future research concerned with links between psychological and behavioral 424 

processes. 425 
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The Emotion Sense application was released to the public as a free download on the 535 

Google Play store in February 2013. A press release from Cambridge University in May 536 

2013 and the subsequent coverage from a variety of newspapers and social media 537 

mentions helped to disseminate the app internationally. 538 

 539 

Because Emotion Sense runs only on Android-powered phones, all participants were 540 

Android users. The demographic characteristics of the participants in our sample are 541 

comparable to the demographic characteristics of Android users [37]. Given that 542 

Android represents more than half of the smartphone markets in North America, 543 

Europe, and parts of Asia, there is little reason to suspect that our sample is not 544 

representative of the majority of smartphone users. 545 

The Emotion Sense Application 546 

Upon first opening the app, participants were presented with a consent form explaining 547 

the nature of the study and the data collected. The consent form assured participants 548 

that “any data this app collects will remain private and be securely stored'” and that 549 

“only members of the research team will be able to access your data.” Participants were 550 

also told they could request a copy of their data and have all or any part of their data 551 

deleted. Once participants provided consent, all the features of the app were activated 552 

and participants were prompted to read a short tutorial of how to use the app. When a 553 

user logged-out or uninstalled the app, all the features of the app were disabled. 554 

 555 

In addition to the notification-driven and self-initiated surveys, the app also contained 556 

profile surveys. The app's “Profile” section displayed a set of surveys that participants 557 

could voluntarily complete. The profile surveys included demographic questions, as well 558 



as assessments of psychological constructs including personality, social 559 

connectedness, gratitude, and personal values, which users could complete once. None 560 

of the psychological assessments from the profile surveys were included in the present 561 

analyses. 562 

 563 

As described in the main text, users could unlock a new feedback screen after each 564 

week of using the app.  As expected, the number of users who unlocked successive 565 

feedback screens dropped. Although 10,818 users provided at least one self-report, 566 

10,135 users provided self-reports at feedback screen 1 (time of day), 5,165 users 567 

provided self-reports at feedback screen 2 (location), 3,839 users provided self-reports 568 

at feedback screen 3 (SMS patterns), and 2,913 users provided self-reports at feedback 569 

screen 4 (physical activity). However, given that users also reported on physical activity 570 

during the self-initiated surveys regardless of what feedback screen they had unlocked, 571 

a total of 9,130 users provided self-report information about their physical activity. 572 

Measures 573 

Happiness 574 

On notification-driven surveys, users rated their current affect on the grid, and then 575 

rated two mood adjectives. One of the mood adjectives was chosen from the same 576 

quadrant as the response on the grid. For example, if the user reported that their mood 577 

was negative in valence and high in arousal, then they were asked to rate one of the 578 

following adjectives, chosen at random: angry, hostile, afraid, anxious, or jittery. The 579 

second adjective was chosen at random from the list of adjectives for the remaining 3 580 

grid quadrants. 581 



Physical Activity 582 

We pre-processed the accelerometer samples as follows. Some accelerometer samples 583 

returned little or no data. This could be due to (a) faulty sensors, or (b) some Android 584 

devices not generating accelerometer events when the screen is turned off. We first 585 

removed any samples that had no values in any or all of the three axes. We also 586 

removed samples that had fewer than 100 values per axis, which was deemed 587 

insufficient for a 10-second sample. Additionally, some accelerometer samples 588 

contained values that were impossibly high (e.g., acceleration values greater than 589 

1,000); we removed samples containing feature values that were above 20, a value that 590 

is already substantially higher that what would be experienced by a typical smartphone. 591 

 592 

The average time between users' first and last accelerometer sample is 51.9 days. The 593 

accelerometer sampling in Emotion Sense produces an average of approximately 20 594 

minutes of sensor data per user, per day, uniformly at random. The app is set to collect 595 

sensor samples prior to creating a momentary survey notification and at regular 15-596 

minute intervals throughout the day, but there are a variety of factors that further affect 597 

how much sensor data we captured from a user: users can manually increase/decrease 598 

the number of notifications they receive, some devices disable sensors when the phone 599 

is not in use, and some (although, we expect, few) users may manually disable the 600 

app's background sensing task. 601 

 602 

We computed a large set of accelerometer features by extracting the mean, standard 603 

deviation and variance for each axis, and then using the same summary statistic to 604 

aggregate across axes, and then across a user's samples. We tested all of the 605 

extracted features by correlating them with self-reported physical activity. We chose to 606 



analyse the standard deviation of the magnitude since, compared to all the features we 607 

tested, it correlated most strongly with self-reported momentary physical activity. 608 

Other self-report measures 609 

Full details of all measures are available on request from the second author. 610 

Notification-driven momentary assessments 611 

Every momentary assessment included the affect grid, to assess mood, as well as 612 

questions that were tied to the stage the user was at. In Stage 1 (Time), in addition to 613 

the affect grid question, users also answered two questions about how their day was 614 

going. In Stage 2 (Location), users answered one question about where they were. In 615 

Stage 3 (SMS), users answered two questions about how active their social life had 616 

been. Stage 4 (Accelerometer) is the stage reported in the main text, in which users 617 

answered two questions about their physical activity. Questions in the remaining stages 618 

were only seen after completing Stage 4, so they would not have impacted the data 619 

reported in the current manuscript. The questions in these stages are as follows: stage 620 

5 (Screen; two questions about device use), stage 6 (Microphone; one question about 621 

verbalizations, such as talking and laughing, and one question about noise in the 622 

environment), stage 7 (Calls; two questions about how active their social life had been), 623 

stage 8 (Personality; 5 questions about Openness, Conscientiousness, Extraversion. 624 

Agreeableness, Neuroticism), stage 9 (Sociability; 4 questions about recent social 625 

interations), stage 10 (Connectedness; one question) and stage 11 (Engagement; 5 626 

questions about feelings of stress, challenge, creativity, interest, and enjoyment). 627 

Self-initiated surveys 628 



These surveys included questions about mood, as described in the happiness 629 

measures section of the main text. They also included all the questions from stages 1 630 

through 7, as described above.  631 

Profile surveys 632 

These surveys were (generally) completed by users only once, and were not required. If 633 

a user had incomplete profile surveys, some text appeared on the app’s home screen 634 

prompting them to complete the next available profile survey. In addition to the 635 

demographic measures and the life satisfaction measure, which are reported in the 636 

main text, users could complete measures of: personality (10 questions), gratitude (6 637 

questions), health (8 questions), sociability (8 questions), job satisfaction (5 questions), 638 

life values (22 questions), and connectedness (10 questions). 639 

Results 640 

Happiness 641 

We note that the users in this study were not especially happy; they scored lower on the 642 

SWLS (M = 19.40, SD = 6.54) than users who responded to an online survey hosted by 643 

the British Broadcasting Corporation (N = 588,014; M = 23.80, SD = 7.01 [38]). They 644 

also scored lower than users who completed psychological tests on the MyPersonality 645 

Facebook application (N = 101,068; M = 21.90, SD = 6.85; [39]). 646 

 647 

There were minor differences in happiness between demographic groups in this study. 648 

For example, male users were happier than the female users, F(1, 8,198) = 43.71, p < 649 

.001. However, this difference was only apparent in the grid valence responses, F(1, 650 



8,198) = 97.4, p < .001, and PA ratings F(1, 8,198) = 131.7, p < .001, but not in the NA 651 

ratings F(1, 8,198) = 0.002, p > .25 or SWLS F(1, 8,198) = .81, p > .25. 652 

 653 

Further, for those age ranges that had more than 50 people (i.e., excluding people over 654 

the age of 70), a one-way ANOVA found that age predicted happiness, F(6, 8,395) = 655 

7.32, p < .001. With the exception of the youngest users (less than 14 years old), mean 656 

happiness increased with age from age 15 through 64, though post-hoc Tukey 657 

comparisons revealed few significant differences between age groups. 658 

Physical Activity 659 

Overall, users did not report being highly active; the most frequent activities were sitting 660 

(43%), standing (21%), walking (21%), and lying down (14%), while both running and 661 

cycling each appear in less than 1% of reports, which broadly agrees with other studies 662 

on self-reported physical activity [31]. In 40% of the 555,436 activity responses 663 

received, users reported having been engaged in more than one activity. The most 664 

frequent pairs were combinations of the most frequent activities (sitting and standing, 665 

sitting and walking, standing and walking; for example, 43.2% of reports that included 666 

walking also included sitting). 667 

 668 

Emotion Sense collected 109,306,542 accelerometer samples during the time under 669 

investigation. Much like the self-reports, an overwhelming majority of these samples 670 

indicate very low amounts of activity. Approximately 30% of samples have activity 671 

scores below 0.03, whereas when one of the authors manually collected walking data, 672 

the activity score was above 2. 673 

 674 



Unlike the happiness scores, there were no age differences in self-reported physical 675 
activity, F(4, 7361) = .64, p > .25, but there were gender differences, F(1, 7,320) = 676 
18.72, p < .001, with men reporting more physical activity (M = .15, SD = .17) than 677 

women (M = .14, SD = .15).Validating accelerometers as a measure of 678 

physical activity 679 

Although we have no reason to believe that the relationship between one self-report and 680 

one accelerometer sample is not independent from the relationship between another 681 

self-report and another accelerometer sample, even if both self-reports and both 682 

accelerometer samples come from the same user, for completeness we tested this 683 

relationship using multilevel modelling. We ran a model predicting self-reported physical 684 

activity from the sensed physical activity (level 1), grouped by user (level 2). The sensed 685 

physical activity is a significant predictor of self-reported physical activity, b = .16, 686 

t(3,906) = 61.07, p < .001. 687 

The correlation between self-reported and sensed activity was similar in size for 688 

females, r(10,394) = .36, p < .001, d = .77, and males, r(11,373) = .39, p < .001, d = .86. 689 

These results held when tested with a multilevel model instead: b = .18, t(1559) = 39.22, 690 

p < .001 for females and b = .16, t(1888) = 45.52, p < .001 for males. Thus, the 691 

assumption that males may be more likely to carry their phones in their pockets while 692 

females may carry their phones in a bag does not seem to impact the validity of the 693 

sensor-detected physical activity data. 694 

Are people who are more physically active also happier? 695 

As we reported in the main text, using between-subjects analyses we found that self-696 

reported physical activity was correlated with happiness (using the composite measure), 697 



r(9,128) = 0.08, p < .001. If, instead of using the happiness composite, we look at the 698 

individual happiness measures, we see consistent patterns (see Table 2). 699 

Table 2. Correlations between individual happiness measures and both self-reported 700 

and sensed physical activity. 701 

 702 

 Grid valence Positive affect Negative affect Satisfaction 
with life 

Self-reported 
physical activity 

r=0.08***, 
d=0.17 

r=0.06***, 
d=0.11 

r=-0.05***, d=-
0.10 

r=0.06***, 
d=0.11 

Sensed 
physical activity 

r=0.03***, 
d=0.06 

r=0.06***, 
d=0.11 

r=0.02**, 
d=0.05 

r=0.03**, 
d=0.06 

Degrees of freedom are 9,128 for self-reported physical activity, and 10,369 for sensed 703 

physical activity 704 

** p < .01, *** p < .001 705 
 706 

This effect did not seem to depend on the type of self-report; we find similar correlations 707 

when we look at only notification-driven or only self-initiated reports of physical activity 708 

(see Table 3). 709 

Table 3. Correlations between self-reported physical activity and self-reported affect, 710 

comparing notification-driven vs. user-initiated self-reports. 711 

 Grid 
valence 

High 
arousal PA 

Low arousal 
PA 

High arousal 
NA 

Low arousal 
NA 

Notification- 
Driven 

r=0.09***, 
d=0.18 

r=0.07***, 
d=0.14 

r=0.05**, 
d=0.10 

r=-0.05**, d=-
0.10 

r=-0.09***, 
d=-0.18 

Self- 
Initiated 

r=0.08***, 
d=0.15 

r=0.10***, 
d=0.21 

r=0.03**, 
d=0.06 

r=-0.05***, 
d=-0.09 

r=-0.06***, 
d=-0.12 

Degrees of freedom are 2,970 for notification-driven self-reports, and 8,986 for self- 712 
initiated self-reports 713 

** p < .01, *** p < .001 714 
 715 

Users could optionally provide self-reports of their personality. Of the 9,130 users who 716 

provided self-reports of physical activity, 890 also provided self-reports of personality. 717 

The relationship between average self-reported physical activity and average self-718 



reported happiness (i.e., a between-subjects analysis), which was significant for the 719 

larger set of users, was marginal for the subset of users who provided personality data, 720 

r(888) = .06, p = .07, d = .12 (or, alternatively, for ease of comparison with the 721 

subsequent results, 𝛃 = 1.34, t(888) = 1.82, p = .07). Importantly, the size of this 722 

relationship was similar after controlling for personality; when average happiness was 723 

predicted from average self-reported activity and all of the big-five personality traits 724 

(Openness, Conscientiousness, Extraversion, Agreeableness and Neuroticism), activity 725 

remained a marginally significant predictor, 𝛃 = 1.02, t(888) = 1.67, p = .10. Each of the 726 

personality traits also predicted physical activity (𝛃 = .64, t(883) = 6.93, p < .001 for 727 

Extraversion). 728 

 729 

Of the 10,371 users who provided sensed physical activity data, 946 also provided self-730 

reports of personality. The relationship between average sensed physical activity and 731 

average self-reported happiness (i.e., a between-subjects analysis), which was 732 

significant for the larger set of users, was not significant for the subset of users who 733 

provided personality data, r(944) = .03, p = .38, d = .06 (or, alternatively, for ease of 734 

comparison with the subsequent results, 𝛃 = .79, t(944) = 0.88, p = .38). Importantly, the 735 

size of this relationship was somewhat larger after controlling for personality; when 736 

average happiness was predicted from average sensed activity and all of the big-five 737 

personality traits, activity remained a non-significant predictor, 𝛃 = .86, t(939) = 1.12, p = 738 

.27. All of the personality traits, except for agreeableness, also predicted physical 739 

activity (𝛃 = .59, t(939) = 6.51, p < .001 for Extraversion). 740 

Diurnal patterns of activity 741 



To analyse the effect of the k parameter on our clustering quality, we examined how the 742 

clusters produced from sensor data differed from one another with respect to self-743 

reported physical activity, which was not taken into account when producing the 744 

clusters. We ran a series of one-way ANOVA's predicting self-reported physical activity 745 

from cluster membership. Post-hoc analyses using Tukey's test provided support for the 746 

choice of three clusters: When there are three clusters from the raw sensed data, they 747 

differ significantly from one another in self-reported momentary physical activity for both 748 

weekdays and weekends, p's < .01. In contrast, when there are four or more clusters, at 749 

least one pair of clusters do not differ. 750 

 751 

We note that the vectors we clustered are potentially sparse, if no data was 752 

sensed/reported during those hours. We quantified the sparsity of each profile by 753 

counting the number of missing values per user. The profiles based on self-reported 754 

data have missing values for over 78.6% of users on weekdays, and over 83.9% of 755 

users on weekend days (spiking to 90% of users during night hours, from 1AM to 6AM). 756 

For those hours that do have data, the average number of reports is slightly higher for 757 

weekdays (M = 1.73, SD = 0.29) than weekend days (M = 1.29, SD = 0.11). On the 758 

other hand, profiles based on sensor data are less sparse: There are missing values for 759 

42.5% of users on weekdays and 52.8% of users on weekend days. Bins that did have 760 

data contained a much higher average amount compared to self-reports: Weekdays had 761 

M = 50.05 (SD = 28.8) and weekend days had M = 24.82 (SD = 14.3) minutes of 762 

accelerometer data. 763 

 764 



In the main text, we reported that when users were clustered based on sensed physical 765 

activity, they differed in happiness, as measured by the happiness composite. The 766 

clusters are also significantly different in happiness when we look at individual 767 

happiness measures (see Table 4). 768 

Table 4. One-way ANOVA’s predicting individual happiness measures from cluster 769 

membership. 770 

 Grid valence Positive affect Negative affect Satisfaction 
with life 

Weekdays F = 63.91*** 
 

F = 14.49*** 
 

F = 14.29*** 
 

F = 15.82*** 
 

Week-ends F = 48.34*** 
 

F = 9.31*** 
 

F = 18.75*** 
 

F = 10.62*** 
 

Degrees of freedom are 2 and 10,294 for weekdays, and 2 and 9,633 for week-ends. 771 

*** p < .001 772 
 773 
In addition to examining clusters based on sensed physical activity, we also ran a series 774 

of one-way ANOVA's predicting happiness, normalized across the set of users with 775 

happiness scores, from membership of clusters generated with self-reported profiles. 776 

We found a similar result to the clusters produced with sensor data. On weekdays the 777 

clusters differed in happiness, F(2, 8,412) = 32.83, p < .001. Post-hoc Tukey's tests 778 

showed that the least happy cluster (M = -.10, SD = 3.05) was less active than the other 779 

two clusters, p's < .001, which did not differ in happiness (M = .50, SD = 3, and M = .50, 780 

SD = 2.86). On weekends, the clusters also differed in happiness, F(2, 5,613) = 781 

14.76,  p < .001. Post-hoc Tukey's tests showed that the least happy cluster (M = .04, 782 

SD = 2.99) was less active than the most happy cluster (M = .58, SD = 2.98), p < .001, 783 

but neither differed in happiness from the third cluster (M = .37, SD = 2.94). 784 

Are people happier in the moments when they are more active? 785 

 786 



Of the 2,005 users who provided self-reports of physical activity, 380 also provided self-787 

reports of personality. The multi-level modelling results remain similar when personality 788 

traits are entered as simultaneous predictors (see Table 5). Personality traits also 789 

predict happiness; Neuroticism predicts all happiness measures, Extraversion predicts 790 

grid valence, high arousal positive affect and low arousal negative affect, and 791 

Conscientiousness predicts high arousal positive affect. 792 

 793 

Table 5. Multi-level modelling results predicting affect from physical activity, controlling 794 

for personality. 795 

 Entered Individually Entered Simultaneously 
Measure Self-reported 

physical activity 
Sensed physical 

activity 
Self-reported 

physical activity 
Sensed 

physical activity 

Grid valence β = .05, t = 
3.24** 

β = .03, t = 
2.10* 

β = .04, t = 
2.72** 

β = .02, t = 1.17 

Positive 
Affect 

    

High  Arousal β = .11, t = 
7.17*** 

β = .06, t = 
4.01*** 

β = .10, t = 
6.28*** 

β = .03, t = 
2.04* 

Low Arousal β = -.03, t = -
1.86 

β = -.02, t = -
1.30 

β = -.03, t = -
1.53 

β = -.01, t = -.92 

Negative 
Affect 

    

High Arousal β = .01, t = .59 β = -.004, t = - β = .01, t = .70 β = -.007, t = -



 796 
Degrees of freedom are 380 for grid valence, 380 for high arousal positive affect, 378 797 
for low arousal positive affect, 379 for high arousal negative affect and 377 for low 798 

arousal negative affect. 799 
* p < .05, *** p < .001 800 
 801 

.30 .48 
Low Arousal β = -.04, t = -

2.52* 
β = -.02, t = -
1.50 

β = -.03, t = -
2.19* 

β = -.01, t = -
0.78 


