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27 Abstract

28 Objectives: Loneliness affects approximately 30% of individuals in the United States and is associated 

29 with high morbidity. We sought to characterize the (online) lives of people who express being lonely and 

30 correlate their posts with predictors of mental health. 

31 Setting and design: A leading social media platform (Twitter) was the main focus of the study. We 

32 collected approximately 400 million tweets from in Pennsylvania, USA, between 2012-2016. We 

33 identified users whose posts contained the words ‘lonely’ or ‘alone’ and compared them to a control 

34 group matched by age, gender, and period of posting. Using natural-language processing, we 

35 characterized what and when users post, their association with linguistic markers of mental health, and if 

36 language can predict manifestations of loneliness. The statistical analysis, data synthesis, and model 

37 creation was conducted in 2018-2019. 

38 Primary outcome measures: We evaluated counts of language features in the lonely group compared to 

39 the control group. These language features were measured by (1) open-vocabulary topics and (2) 

40 linguistic markers of anger, depression, and anxiety. We also evaluated the prediction of expressions of 

41 loneliness compared to the control group, measured by Area Under Curve. 

42 Results: Users in the lonely group (N=6202) posted more about difficult interpersonal relationships, 

43 psychosomatic symptoms, substance use, wanting change, unhealthy eating, and having troubles with 

44 sleep. Their posts were also associated with linguistic markers of anger, depression, and anxiety. A 

45 random forest model predicted expressions of loneliness online with an accuracy of 77%.

46 Conclusions: Posts with the words lonely or alone often include psychosocial features and can provide 

47 insight about how individuals express and experience loneliness. This can inform online surveillance for 

48 high risk individuals experiencing loneliness and interventions focused on addressing morbidity in this 

49 condition. 
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53 Strengths and Limitations of this study

54  Study’s novel focus on timelines of social media users to study expressions of loneliness 

55 and correlation with predictors of mental health. 

56  The study sample consists of social media users and is not representative of the general 

57 population.

58  Though we manually annotated a subset of posts mentioning loneliness, some may have 

59 been metaphorical or non sequiturs.  
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76 Introduction

77 Loneliness is a major public health problem affecting 1 in 3 adults in the United States (US).1, 2 It 

78 has been described as “the psychological embodiment of social isolation, reflecting the 

79 individual’s experienced dissatisfaction with the frequency and closeness of their social contacts 

80 or the discrepancy between the relationships they have and the relationships they would like to 

81 have.” 1, 3, 4 Loneliness is also one of the primary underlying causes and correlates for chronic 

82 mental health conditions and physician visits in some populations.1, 5-9 Prior research has found 

83 several risk factors associated with loneliness in specific subgroups. Risk factors for older adults 

84 include reduction in the quality of social connections, as well as institutionalization.10 Risk 

85 factors for young adults include drug use and low self-esteem.11-12 Prior work has evaluated the 

86 effect of social relationships on the health of individuals and social support was found to reduce 

87 morbidity and mortality.1, 13-15 Despite high morbidity associated with loneliness,1, 16, 18-19 few 

88 reports have focused on quantifying the experience of loneliness expressed online. 

89

90 Online data on social networks is growing exponentially. More than 2.3 billion individuals use 

91 social media regularly (e.g. Facebook 1.71 billion, Twitter 320 million, Instagram 400 million).20 

92 Increasingly, individuals are using social media as a platform to post about their thoughts, 

93 feelings, perceptions, and experiences.21-22 The regular production of data on online platforms 

94 also allows for tracking of health in real-time. These data offer promise as they provide different 

95 insights than data from traditional surveys. Another opportunity is in the ability of digital 

96 platforms to not only provide markers of health but also serve as platforms that can be used for 

97 direct intervention.23-24 Users on social media often post about how they are coping (or not) with 

98 life stressors and their support networks. Specifically, expressions of loneliness have been 
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99 associated with feeling unloved, depressed, bored, and not having friends.21-22 Prior research has 

100 also demonstrated that users' mental health conditions, such as depression and anxiety, can be 

101 predicted from their social media language.25-26

102

103 Social media seeks to ‘connect’ people, yet several studies have reported an association between 

104 social media use and increased perceived social isolation.27 As loneliness can impact health 

105 outcomes, identifying ways to track prevalence and manifestations of loneliness online would be 

106 useful for developing approaches for identifying and offering support for these individuals.

107

108 We sought to identify data from a widely used publicly available social network, Twitter, to 

109 characterize what and when individuals post about loneliness, association of posts with mental 

110 health, and how manifestations of loneliness can be predicted across individuals.

111

112 Methods

113 This was a retrospective analysis of publicly available data on users posting about loneliness on 

114 Twitter in Pennsylvania. This study was approved by the University of Pennsylvania Institutional 

115 Review Board.

116

117 Twitter Data

118 Twitter is a popular social media platform which allows users to send and receive short 140 

119 character messages, or ‘tweets’ (at the time of this study; the character limit was later increased 

120 to 280). First, the Twitter Streaming API was used to collect a random 1% sample of public 

121 tweets from 2012-2016. This initial dataset was then filtered to contain only geolocated tweets or 

122 tweets originating from users with nonempty location fields in their profile. The county of origin 
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123 of each tweet user was determined, and the dataset was filtered to obtain only tweets for users in 

124 Pennsylvania. To increase the sample size of tweets from the state, all unique user IDs were 

125 recorded, and the Twitter search API was used to extract timelines (each user’s prior 3200 

126 tweets) filtered by timestamps ranging from 2012-2016.

127

128 Study Sample

129 We identified users who posted the word  “alone” or “lonely” at least once in their timeline 

130 (25,966 users). Of these, 6,202 users posted messages with “alone” or “lonely” at least 5 times. 

131 As social media includes colloquial, metaphorical, and light-hearted language (eg. “If I see Justin 

132 Bieber, I will have a heart attack”)28 we sought to identify the proportion of tweets in which 

133 lonely seemed to refer to the public health meaning rather than other uses of the term (e.g. 

134 metaphor, joke). Two co-authors independently coded a random set of 100 tweets to identify 

135 them as presumed to be associated with the feeling of loneliness or other. The Kappa was 0.70 

136 and we identified that 76% of users’ tweets indicate presumably feeling lonely. A few examples 

137 are as follows: “i’m feelin real depressed, confused, & lonely”, “im always the only up around 

138 this time, feeling a lil lonely” and “I'm so Lonely in life :-( I just wish I can have love again it 

139 feels so go to be in love with someone whom loves you.”. This research was done without 

140 patient involvement.

141

142 Control group

143 We then identified a control group of users by matching each user in the above dataset to another 

144 user by age, gender and period of activity (dates of first and last posting on twitter). We obtained 

145 the age and gender estimates by using lexica developed previously.17 Then, we selected users 
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146 with a minimum of 500 words across all their posts to have sufficient language for linguistic 

147 analyses.29 We excluded non-English, non-US tweets, retweets, and tweets that were used to 

148 identify users in the lonely group in all analyses. Hereafter, we use ‘lonely’ group to indicate 

149 users who had more than 5 posts with the words ‘lonely’ or ‘alone’, and ‘control’ group to 

150 represent the matched set of users who had no such posts.

151

152 Deriving language features to characterize individuals expressing loneliness 

153 We used three sets of language features: a) open-vocabulary topics,30 b) dictionary-based 

154 psycholinguistic features,31 c) mental well-being attributes such as anxiety, depression by 

155 applying previously developed statistical models,32 d) number of drug words and time of posts as 

156 past research 11 has shown an association between loneliness and substance use. These language 

157 features have been shown to be predictive of several health outcomes, such as depression, 

158 schizophrenia, attention deficit hyperactivity disorder (ADHD), and general well-being.33; 26

159

160 Open-vocabulary: As closed-vocabulary approaches like LIWC include only a small subset of 

161 the entire language used on social media, we use an open-vocabulary approach to improve the 

162 coverage and find topics that people who express being lonely talk about. Two hundred topics 

163 (groups of co-occurring words) were generated using tweets across all users in the dataset of 

164 lonely and control users using the Mallet implementation of Latent Dirichlet Allocation (LDA).34 

165 The topic distribution of each user aggregated across all the messages was then calculated.  

166

167 Dictionary-based: From each post, we extracted the relative frequency of single words and 

168 phrases (consisting of two or three consecutive words). Then, all words used by less than 1% of 
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169 users were removed from analysis so as to remove uncommonly used words (outliers). 

170 Additionally, all messages used to identify our study group were removed prior to further 

171 analysis. The distribution of Linguistic Inquiry Word Count (LIWC) dictionary features are also 

172 extracted for each post. For each user, we measure the proportion of word tokens that fall into a 

173 given LIWC category. Then, we compare it against the word tokens from the control data using 

174 an empirical distribution of the proportion of language attributable to each LIWC category. 

175

176 Mental well-being attributes: We used automatic text-regression methods to assign to each user 

177 scores on the Depression, Anxiety and Anger facets for users.32 This model was trained on a 

178 sample of over 28,749 users who had taken the International Personality Item Pool Neuroticism-

179 Extraversion-Openness Personality Inventory Revised (IPIP NEO-PI-R) survey that contains the 

180 Depression, Anxiety and Anger Facets of the Neuroticism Factor.32 The text model was trained 

181 using tokens and topics extracted from status updates as features. In the original validation, the 

182 model achieved a Pearson correlation of r = .32 predictive performance, which is considered high 

183 in psychology, especially when measuring internal states.35 

184

185 Use of Drug-words: We also extracted the frequency (aggregated to every user) of most common 

186 drug words as used on social media.36

187

188 Temporal patterns: We determined the frequency of posts across different hours of the day by 

189 users in both the lonely and control groups to understand the diurnal patterns in posting.

190

191 Identifying differentially expressed language features in the lonely group
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192 We isolated the patterns in users’ loneliness expressions using the linguistic attributes and user 

193 traits by correlating them with the lonely and control groups. We used Benjamini-Hochberg p-

194 correction and use p<0.001 for indicating meaningful correlations and the effect size was 

195 measured using Cohen’s d. The statistical analysis, data synthesis, and model creation was 

196 conducted in 2018-2019.

197

198 Predicting the likelihood of posting about loneliness online

199 We then looked at the feasibility of predicting whether a user is likely to express that they are 

200 lonely or not based on their social media language. Automated analysis of social media is 

201 accomplished by building predictive models, which use ‘features,’ or variables that have been 

202 extracted from social media data. For this analysis we used LIWC and topics as features. 

203 Features are then treated as independent variables in an algorithm (Random Forests) to predict 

204 the dependent variable of an outcome of interest (e.g., users’ saying that they are lonely or not). 

205 For cross validation, the predictive model was trained, using Random Forests, on the training set 

206 and then evaluated on a test set to avoid overfitting. The prediction performances are reported as 

207 one of several possible metrics on an out-of-sample 5-fold cross validation setting.

208

209 Results

210 Of the 408,296,620 tweets posted by users geo-located in Pennsylvania, USA, 25,966 users with 

211 46,160,774 posts in their timelines, had at least one post with the words ‘lonely’ or ‘alone’, and 

212 6,202 users (referred to as ‘lonely’ group hereafter) with 17,995,084 posts in their timelines, had 

213 more than five such posts (Table 1). The lonely group had 1.9 times more posts in the study time 
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214 period as the control (Table 1). The median estimated age of this cohort was 21 years, and 69% 

215 female. 

216 Table 1: Descriptive statistics for the lonely group about loneliness and the control group 
217

 Descriptive Statistics of the Dataset

  Lonely Group (n= 6,202)  Control group (n= 6,202)

Median Age  21 21

# Messages 
in timelines  17,995,084  9,219,677

 # Females  4,400  4,400

# Males  1,802  1,802

218
219 *the lonely group is defined as any user posting at least 5 times about loneliness and the control 
220 group is defined as any user who does not have any posts about loneliness
221

222 Identifying differentially expressed language features in the lonely group

223 Open vocabulary approach: Analyzing differences in individual words and phrases used across 

224 both groups, we observed (Figure 1a) that users in the lonely group referred to themselves 

225 (‘myself’ (d=.18), ‘I’ (d=.16)) in their Twitter posts significantly more than the control group. 

226 They also posted about relationship issues (‘want_somebody’ (d=.08), ‘no_one_to’ (d=.1), needs 

227 and feelings (‘i_just_wanna (d=.12), ‘in_my_feelings’ (d=.1), ‘i_need’ (d=.12), ‘i_cant’ (d=.1)), 

228 and included more expletives. Users in the control group (Figure 1b) engaged in a lot more 

229 conversations as indicated by ‘<user>’ (d=-.2) (we anonymize ‘@’ mentions in users tweets as 

230 ‘<user>’) compared to the lonely group. The control group also posted more about games 
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231 (’season’ (d=-.09) ,‘coach’ (d=-.07), ‘team’ (d=-.1))  and positivity (‘!’ (d=-.13), ‘awesome’ (d=-

232 .09), ‘:)’ (d=-.08)). Figure 1 illustrates the words and phrases most prominently associated with 

233 the lonely and control groups.

234

235 Using topics generated from LDA, we identified the themes which occur more frequently in 

236 posts in the lonely group. Posts were about interpersonal relationships (d=.28) (and associated 

237 issues (d=.22)), self-reflection (d=.21) (accompanied with wondering about the future (d=.12)), 

238 drug/alcohol use (d=.29) (considering them to be the ‘only friend’), insomnia (d=.27), 

239 uncontrolled emotions (d=.28) (accompanied by confusion (d=.11)), and psychosomatic 

240 symptoms (d=.29). Table 2 shows the effect sizes between most prominent topic distributions 

241 and the users who have more than 5 posts with the words lonely or alone. 

242

243 Dictionary-based: Association of LIWC categories with the posts by users in the lonely group are 

244 shown in Table 3. Individuals who posted about being alone or lonely used increased self-

245 references (first person pronouns, d=.18), words indicating cognitive processes (including 

246 certainty, d=.15, discrepancies, d=.14, differentiation, d=.13 and tentativeness, d=.13), and 

247 negative emotions (anger, d=.12 and swearing, d=.11). 

248

249 Mental well-being: Users in the lonely group were more likely to have posts associated with 

250 anger (d=.95), depression (d=.81) and anxiety (d=.75) when compared to the control group.

251

252 Use of Drug Words: We also identified the distribution of words pertaining to drugs in the posts 

253 of users in the lonely group, and these were more likely to reference a blunt (d=.16), smoke 

Page 11 of 27

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

BMJ Open

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For peer review only

12

254 (d=.13), and heroin (d=.1), and included prescribed medications for treatment, recreational drug 

255 use, and recreational drugs.

256

257 Temporal patterns: Users in the lonely group were found to post more during the night (d=.1). 

258 We also see themes associated with night-time posting and having difficulty sleeping (d=.27) in 

259 the open-vocabulary analysis.

260 Table 2: Highly correlated topics with expressions of loneliness. 
261
262
263 * Effect size is measured using Cohen’s d. Only significant topics after Benjamini-Hochberg p-
264 correction and use p<0.001 are shown.
265

266 Predictive Analysis: A random forest model predicted language associated with lonely 

267 expressions with an AUC of .86 using a combination of LIWC and LDA topics as linguistic 

268 features.

269

270 Table 3: LIWC categories with expressions of loneliness
271  

Category Cohen’s d*

Pronouns

1st Person 
Pronouns 0.18

Cognitive Processes

Certainty 0.15

Discrepancies 0.15

Differentiation 0.14

Tentativeness 0.13

Negative Emotions

Anger 0.12

Page 12 of 27

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

BMJ Open

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For peer review only

13

Swearing 0.11
272
273 *Only significant categories after Benjamini-Hochberg p-correction and p<0.001 are shown.
274

275

276 Discussion

277 This paper has three main findings. First, we identified themes and contexts associated with users 

278 posting about loneliness on Twitter. Second, we observed that users posting about loneliness 

279 used language associated with linguistic models for anger, depression, and anxiety. Third, posts 

280 about loneliness were more likely to occur in the evening or night. 

281

282 We identified themes and contexts of users posting about loneliness on Twitter. Themes 

283 associated with people expressing loneliness on Twitter were about interpersonal relationships, 

284 self-reflection, substance use, insomnia, uncontrolled emotions, food/hunger, and psychosomatic 

285 symptoms. Some of these themes are consistent with prior literature about substance use, 

286 emotional dysregulation, and troubles with relationships. For example, in one study, a high 

287 positive correlation was found between alcoholism and groups of lonely people, and lonely 

288 people were also found to express negative feelings towards relationships.37 Lonely individuals 

289 were also reported to focus on overcoming past events as well as showing feelings of 

290 helplessness.37

291

292 Association of the lonely group with linguistic estimates of anger, depression, and anxiety 

293 corroborate prior research.5-6 Specifically, anxiety, anger, and negative mood were reported as 

294 higher in lonely young adults.38 Tweets by users in the lonely group were more self-focused 

295 compared to the control group. Prior researchers have found that “first person singular pronouns 
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296 are a modest linguistic marker of depression.” 39 This presents the potential for early 

297 identification and assessment to intervene on loneliness as well as mental health conditions for 

298 this group.    

299

300 Trends in temporal variation in posting may reflect difficulties in terms of engaging in online 

301 activity and doing so during hours typically devoted to sleep. Prior work has shown that sleep 

302 deprivation can contribute to social withdrawal and loneliness.40 A better understanding of the 

303 temporality of posting could inform timing of interventions designed to address loneliness, as 

304 well as provide insight for other researchers to test the inter-relationships between loneliness and 

305 the motivations for using social media during nighttime.

306

307 Loneliness is known to be one of the primary underlying causes and correlates for chronic 

308 mental health conditions.5-6 As loneliness is becoming increasingly recognized as a public health 

309 issue associated with chronic mental and physical health problems, several groups have taken 

310 action to address it. For example, the United Kingdom appointed a Minister for Loneliness who 

311 is responsible for addressing loneliness within communities.41 CareMore, a health plan and 

312 delivery system providing care for enrollees in Medicare Advantage and Medicaid health plans 

313 in seven states across the U.S., launched  the “Togetherness Program” in a clinical setting to 

314 address loneliness in elderly patients.42 Through this work, CareMore reported that participation 

315 in exercise programs increased by 56.6%, emergency room utilization decreased by 3.3%, and 

316 hospital admissions among participants were 20.8% lower per thousand compared to the “intent 

317 to treat population.” 43 Additionally, social network interventions targeting loneliness have been 

318 found to be effective in reducing social isolation among individuals with severe mental health 
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319 conditions but these interventions are not included in the treatment plans for individuals with a 

320 mental illness.44 Using natural language processing and machine learning to automatically 

321 identify a person expressing loneliness on Twitter could inform interventions targeted at early 

322 identification and support for affected and at risk individuals. 

323

324 Future work that builds off this study could be to validate whether the characteristics of people 

325 who are using the words ‘lonely’ or ‘alone’ on Twitter can be used to track community health 

326 risks, particularly, the risk of social isolation. Our methods can potentially be used to identify 

327 problematic loneliness for community public health monitoring. 

328

329 Limitations and Ethics

330 The study sample consists of social media users and is not representative of the general 

331 population. An estimated 40% of US adults using Twitter are between the ages of 18 and 29, so 

332 our analysis is skewed towards younger people.45 Posts mentioning loneliness may have been 

333 metaphorical or non sequiturs.  

334

335 The feasibility of social media-based assessments of loneliness expressions (and mental health 

336 more broadly) needs further assessment. Privacy of individuals is an ongoing concern, especially 

337 with social media users not fully realizing the amount of health insights that can be gleaned by 

338 their online posts. Employers and insurance companies, for example, may be motivated to derive 

339 these assessments, but could use these insights against those suffering from mental illness. As 

340 mental illnesses carry social stigma and may engender discrimination, data protection and 

341 ownership frameworks are needed to make sure the data is not used against the users’ interest.46 
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342 Further, transparency about which indicators are derived by whom for what purpose should be 

343 part of ethical and policy discourse. 

344

345 There are also open questions around the impact of misclassifications, and how derived mental 

346 health indicators can be responsibly integrated into systems of care.47

347

348 Conclusions

349 In this study we characterized expressions of loneliness on Twitter at the individual level. 

350 Furthermore, we identified specific contexts, themes, and traits in the posts of individuals 

351 expressing loneliness on Twitter. As loneliness is a public health challenge, a better 

352 understanding of how loneliness is described online can inform tracking of loneliness and 

353 interventions targeted at addressing this important public health problem in regards to the 

354 behavior of lonely individuals that may be at risk of developing a severe mental health 

355 condition.42

356
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602 Figure legends

603 Figure 1: Words/Phrases more likely to be posted by Twitter users with a) self-reported 

604 loneliness (Individuals with at least 5 posts with the words ‘lonely’ or ‘alone’ group 

605 compared to the b) control group. 
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606 Word size indicates the strength of the correlation and word color indicates relative word 

607 frequency. (p<0.01, Bonferroni p-corrected)

608

609 Figure 2: Temporal variation showing diurnal patterns of post frequency of both the 

610 ‘lonely’ and ‘control’ groups. 

611 The dotted line indicates the percentage of posts at different hours of the day by the group of 

612 users with at least 5 posts containing the word ‘lonely’ or ‘alone’ and the solid line indicates 

613 users who do not have any posts about loneliness. The x-axis represents the hour of the day each 

614 post occurs and the y-axis indicates the number of posts for each group.

615

616
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Abstract

Objectives: Loneliness is a major public health problem affecting 1 in 3 older adults in the United States 

(U.S.). While less is known about the prevalence of loneliness in other age groups, around half of adults 

in the U.S. report sometimes or always feeling alone (46%). We sought to characterize the (online) lives 

of people who mention the words ‘lonely’ or ‘alone’ in their Twitter timeline and correlate their posts 

with predictors of mental health. 

Setting and design: A leading social media platform (Twitter) was the main focus of the study. We 

collected approximately 400 million tweets from in Pennsylvania, USA, between 2012-2016. We 

identified users whose posts contained the words ‘lonely’ or ‘alone’ (referred to as the lonely group 

hereafter) and compared them to a control group matched by age, gender, and period of posting. Using 

natural-language processing, we characterized what and when users post, their association with linguistic 

markers of mental health, and if language can predict manifestations of loneliness. The statistical analysis, 

data synthesis, and model creation was conducted in 2018-2019. 

Primary outcome measures: We evaluated counts of language features in the lonely group compared to 

the control group. These language features were measured by (1) open-vocabulary topics and (2) 

linguistic markers of anger, depression, and anxiety. We also evaluated the prediction of expressions of 

loneliness compared to the control group, measured by Area Under Curve. 

Results: Users in the lonely group (N=6202) posted more about difficult interpersonal relationships, 

psychosomatic symptoms, substance use, wanting change, unhealthy eating, and having troubles with 

sleep. Their posts were also associated with linguistic markers of anger, depression, and anxiety. A 

random forest model predicted expressions of loneliness online with an accuracy of 77%.

Conclusions: Posts with the words lonely or alone often include psychosocial features and can provide 

insight about how individuals express and experience loneliness. This can inform online surveillance for 

high risk individuals experiencing loneliness and interventions focused on addressing morbidity in this 

condition. 
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Strengths and Limitations of this study

● Novel focus on timelines of social media users to study expressions of loneliness and 

correlation with predictors of mental health. 

● The study sample consists of social media users and is not representative of the general 

population.

● Though we manually annotated a subset of posts mentioning loneliness, some may have 

been metaphorical or non sequiturs.  
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Introduction

Loneliness is a major public health problem affecting 1 in 3 older adults in the United States 

(U.S.).1 While less is known about the prevalence of loneliness in other age groups, around half 

of adults in the U.S. report sometimes or always feeling alone (46%).2 Loneliness has been 

described as “the psychological embodiment of social isolation, reflecting the individual’s 

experienced dissatisfaction with the frequency and closeness of their social contacts or the 

discrepancy between the relationships they have and the relationships they would like to have.” 1, 

3, 4 Loneliness is also one of the primary underlying causes and correlates for chronic mental 

health conditions and physician visits in some populations.2, 5-9 

Prior research has found several risk factors associated with loneliness in specific subgroups -- 

reduction in the quality of social connections and institutionalization in older population while 

drug use and low self-esteem in young adults.10-12 Studies have also looked at the co-occurrence 

of substance use and loneliness as a risk factor in adolescent.13 These risk factors are important 

to inform future targeted interventions addressing loneliness in individuals. 

Online data on social networks is growing exponentially. More than 2.3 billion individuals use 

social media regularly (e.g. Facebook 1.71 billion, Twitter 320 million, Instagram 400 million).14 

A recent study showed that about 89% of 1060 teens between the ages 13 and 17 years-old who 

were interviewed used social media, with 71% of them having accounts on more than one 

platform.15 With people increasingly using social media platforms to inform others about their 

mental states, solicit social support, as well as to keep records of their daily activities, 
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preferences, and interests, social media has emerged as a powerful tool to passively measure 

behaviors of people16-17.

Moreover, social media is being increasingly used for communicating about mental health.18-19, 

opening an avenue to uncover insights that might be different from data using traditional surveys 

considering the passive data collection on social media. For example, stressed and depressed 

individuals use more first-person singular pronouns suggesting higher self-focus and 

communities with heart disease discuss hate more frequently.18-20 Natural language processing 

and machine learning automate the analysis of posts that would have been too hard to evaluate 

without that automation, and have revealed their value in using social media posts to predict 

mental health. For example, individual’s Facebook posts 6 months immediately preceding the 

first documented diagnosis of depression yielded a prediction AUC of 0.72.21 Further, 

preliminary work studying expressions of loneliness on social media have found associations 

with feeling unloved, depressed, bored, and not having friends.16-17 Another opportunity is in the 

ability of digital platforms to not only provide markers of health but also serve as platforms that 

can be used for direct intervention.22-23 

While social media use has also been associated with increased perceived social isolation24, in 

this study, we are interested to understand expressions of loneliness as they manifest on social 

media. Specifically, we sought to characterize individuals’ posts about loneliness on Twitter. 

Studying the language of users who express being lonely or alone, we analyze the correlations 

between loneliness and users’ mental health attributes, and several psycholinguistic attributes 

inspired from prior work at the intersection of mental health and natural language processing on 

social media. Privacy of individuals has to be at the forefront of this research to shield 
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unintended use of this data, specifically with the amount of health insights that can be gleaned 

from social media. 

We hypothesize that language usage patterns would both confirm existing understanding of 

loneliness and give new insights into the daily lives of those who express being lonely. As 

loneliness can impact health outcomes, identifying ways to track prevalence and manifestations 

of loneliness online would be useful for developing approaches for identifying and offering 

support for these individuals. 

Methods

This was a retrospective analysis of publicly available data on users posting about loneliness on 

Twitter. This study was exempt by the University of Pennsylvania Institutional Review Board.

Twitter Data

Twitter is a popular social media platform which allows users to send and receive short 140 

character messages, or ‘tweets’ (at the time of this study; the character limit was later increased 

to 280). First, from the Twitter Streaming API, we collected tweets from the 1% sample using a 

bounding box of location coordinates around Pennsylvania. The county of origin of each tweet 

user was determined. To increase the sample size of tweets from the state, all unique user IDs 

were recorded, and the Twitter search API was used to extract timelines (each user’s prior 3200 

tweets) filtered by timestamps ranging from 2012-2016 geolocated in Pennsylvania.

Patient and Public Involvement
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Patients and public were not involved in the development of the research question and outcome 

measures. 

Study Sample

We identified users who posted the word  “alone” or “lonely” at least once in their timeline 

(25,966 users). Of these, 6,202 users posted messages with “alone” or “lonely” at least 5 times. 

As social media includes colloquial, metaphorical, and light-hearted language (eg. “If I see Justin 

Bieber, I will have a heart attack”) we sought to identify the proportion of tweets in which lonely 

seemed to refer to the public health meaning rather than other uses of the term (e.g. metaphor, 

joke).25  Two co-authors independently coded a random set of 100 tweets from individuals who 

used the words lonely/alone at least 5 times in their timeline to identify them as presumed to be 

associated with the feeling of loneliness or other. The Kappa was 0.70 and we identified that 

76% of users’ tweets indicate presumably feeling lonely. A few examples are as follows: “i’m 

feelin real depressed, confused, & lonely”, “im always the only up around this time, feeling a lil 

lonely” and “I'm so Lonely in life :-( I just wish I can have love again it feels so go to be in love 

with someone whom loves you.” Distribution of users with different number of lonely/alone 

words in their Twitter timeline and the temporal distribution of tweets containing these words is 

shown in supplementary file. 

Control group

We then identified a control group of users by matching each user in the above dataset to another 

user by age, gender and period of activity (dates of first and last posting on twitter). We obtained 

the age and gender estimates by using lexica developed previously.26 Then, we selected users 
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with a minimum of 500 words across all their posts to have sufficient language for linguistic 

analyses.27 We excluded non-English, non-US tweets, retweets, and tweets containing ‘alone’ 

and/or ‘lonely’ that were used to identify users in the lonely group in all analyses to identify 

linguistic features that are actually characteristics of lonelier people -- looking at their entire 

timeline of tweets. Hereafter, we use ‘lonely’ group to indicate users who had more than 5 posts 

with the words ‘lonely’ or ‘alone’, and ‘control’ group to represent the matched set of users who 

had no such posts.

Deriving language features to characterize individuals expressing loneliness 

We used four sets of language features: a) open-vocabulary topics,28 b) dictionary-based 

psycholinguistic features,29 c) mental well-being attributes such as anxiety, depression by 

applying previously developed statistical models,30 d) number of drug words and time of posts as 

past research has shown an association between loneliness and substance use.11; 13 These 

language features have been shown to be predictive of several health outcomes, such as 

depression, schizophrenia, attention deficit hyperactivity disorder (ADHD), and general well-

being.31; 19

Open-vocabulary: As closed-vocabulary approaches like LIWC include only a small subset of 

the entire language used on social media, we use an open-vocabulary approach to improve the 

coverage and find topics that people who express being lonely talk about. Topics consist of 

clusters of co-occurring words created using Latent Dirichlet Allocation (LDA).32 The LDA 

generative model assumes that tweets contain a combination of topics, and that topics are a 

distribution of words. Since the words in a tweet are known, topics, which are latent variables, 
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can be estimated through Gibbs sampling.33 We use the Mallet implementation of the LDA 

algorithm, adjusting one parameter (alpha=5) to favor fewer topics per tweet.34 All other 

parameters were kept at their default. An example of such a model is the following sets of words 

(‘tuesday’, ‘monday’, ‘wednesday’, ...) which clusters together days of the week by exploiting 

their similar distributional properties across tweets. In our study, two hundred topics were 

generated using tweets across all users in the dataset of lonely and control users.

Dictionary-based: From each post, we extracted the relative frequency of single words and 

phrases (consisting of two or three consecutive words). Then, all words used by less than 1% of 

users were removed from analysis so as to remove uncommonly used words (outliers). 

Additionally, all messages used to identify our study group were removed prior to further 

analysis. The Linguistic Inquiry Word Count (LIWC) dictionary is a language-specific, many-to-

many mapping of tokens (including words and word stems) and psychologically validate 

categories. Each category (a curated list of words) is found to be correlated with and also 

predictive of several psychological traits and outcomes. For each user, we measure the 

proportion of word tokens that fall into a given LIWC category. 

Mental well-being attributes: We used automatic text-regression methods to assign to each user 

scores on the depression, anxiety and anger facets for users.30 This model was trained on a 

sample of over 28,749 users who had taken the International Personality Item Pool Neuroticism-

Extraversion-Openness Personality Inventory Revised (IPIP NEO-PI-R) survey that contains the 

depression, anxiety and anger Facets of the Neuroticism Factor.30 The machine learning model 

trained on words and phrases from Facebook posts to predict survey measure of depression, 
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anger and anxiety resulted in a performance of  r = .32, which is considered high in psychology, 

especially when measuring internal states.35 The model was trained using status updates of users 

from another study30, and has been shown to generalize to Twitter users.36 

Use of Drug-words: We also extracted the frequency (aggregated to every user) of most common 

drug words as used on social media.37

Temporal patterns: We determined the frequency of posts across different hours of the day by 

users in both the lonely and control groups to understand the diurnal patterns in posting.

Identifying differentially expressed language features in the lonely group

We isolated the patterns in users’ loneliness expressions using the linguistic attributes and user 

traits by correlating them with the lonely and control groups. We use logistic regression to 

distinguish open-vocabulary words, phrases, LIWC categories and topics associated with lonely 

and control groups and measure the effect size using Cohen’s D. Details of the method are 

described in a previous work28. We used Benjamini-Hochberg p-correction and use p<0.001 for 

indicating meaningful correlations and the effect size was measured using Cohen’s D. The 

statistical analysis, data synthesis, and model creation was conducted in 2018-2019. 

Predicting the likelihood of posting about loneliness online

We then looked at the feasibility of predicting whether a user is likely to express that they are 

lonely or not based on their social media language. Automated analysis of social media is 

accomplished by building predictive models, which use ‘features’, or variables that have been 
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extracted from social media data. For this analysis we used LIWC and topics as features. 

Features are then treated as independent variables in an algorithm (Random Forests) to predict 

the dependent variable of an outcome of interest (e.g., users’ saying that they are lonely or not). 

For cross validation, the predictive model was trained, using Random Forests, on the training set 

and then evaluated on a test set to avoid overfitting. The prediction performances are reported as 

Area Under the Receiver Operating Curves (AUC) and several performance metrics on an out-

of-sample 5-fold cross validation setting.

Results

Of the 408,296,620 tweets posted by users geo-located in Pennsylvania, USA, 25,966 users with 

46,160,774 posts in their timelines, had at least one post with the words ‘lonely’ or ‘alone’, and 

6,202 users (referred to as ‘lonely’ group hereafter) with 17,995,084 posts in their timelines, had 

more than five such posts (Table 1). The lonely group had 1.9 times more posts in the study time 

period as the control (Table 1). The median estimated age of this cohort was 21 years, and 69% 

female. 
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Table 1: Descriptive statistics for the lonely group about loneliness and the control group 

 Descriptive Statistics of the Dataset

  Lonely Group (n= 6,202)  Control group (n= 6,202)

Median Age  21 3 yrs± 21 3 yrs±

# Messages 
in timelines  17,995,084  9,219,677

 # Females  4,400  4,400

# Males  1,802  1,802

*the lonely group is defined as any user posting at least 5 times about loneliness and the control 
group is defined as any user who does not have any posts about loneliness

Identifying differentially expressed language features in the lonely group

Open vocabulary approach: Analyzing differences in individual words and phrases used across 

both groups, we observed (Figure 1a) that users in the lonely group referred to themselves 

(‘myself’ (d=.18), ‘I’ (d=.16)) in their Twitter posts significantly more than the control group. 

They also posted about relationship issues (‘want_somebody’ (d=.08), ‘no_one_to’ (d=.1), needs 

and feelings (‘i_just_wanna (d=.12), ‘in_my_feelings’ (d=.1), ‘i_need’ (d=.12), ‘i_cant’ (d=.1)), 

and included more expletives. Users in the control group (Figure 1b) engaged in a lot more 

conversations as indicated by ‘<user>’ (d=-.2) (we anonymize ‘@’ mentions in users tweets as 

‘<user>’) compared to the lonely group. The control group also posted more about games 

(’season’ (d=-.09) ,‘coach’ (d=-.07), ‘team’ (d=-.1))  and positivity (‘!’ (d=-.13), ‘awesome’ (d=-
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.09), ‘:)’ (d=-.08)). Figure 1 illustrates the words and phrases most prominently associated with 

the lonely and control groups.

Using topics generated from LDA, we identified the themes which occur more frequently in 

posts in the lonely group. Posts were about interpersonal relationships (d=.28) (and associated 

issues (d=.22)), self-reflection (d=.21) (accompanied with wondering about the future (d=.12)), 

drug/alcohol use (d=.29) (considering them to be the ‘only friend’), insomnia (d=.27), 

uncontrolled emotions (d=.28) (accompanied by confusion (d=.11)), and psychosomatic 

symptoms (d=.29). Table 2 shows the effect sizes between most prominent topic distributions 

and the users who have more than 5 posts with the words lonely or alone. 

Table 2: Highly correlated topics with expressions of loneliness. 

Topic Theme Highly Correlated Words in 
Topic

Effect size 
(Cohen’s 
D)

Interpersonal 
Relationships 

relationships, matter, perfect

hurt, feelings, trust, forget   

0.281

0.222

Self Reflection times, changed, lost, i’ve 0.210

Drug/Alcohol 
Use

smoke, weed, blunt, drugs, 
drunk

0.298

              
    

Psychosomatic 
Symptoms

bad, stomach, hurt, head, sick 0.296
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Insomnia sleep, awake, tired, bed 0.274

Emotional 
Dysregulation

people, f***ing, hate, stupid 0.285

Food/Hunger food, breakfast, eat, pizza, 
hungry

0.261

* Effect size is measured using Cohen’s d. Only significant topics after Benjamini-Hochberg p-
correction and use p<0.001 are shown. All these effect sizes are small. 

Dictionary-based: Association of LIWC categories with the posts by users in the lonely group 

are shown in Table 3. Individuals who posted about being alone or lonely used increased self-

references (first person pronouns, d=.18), words indicating cognitive processes (including 

certainty, d=.15, discrepancies, d=.14, differentiation, d=.13 and tentativeness, d=.13), and 

negative emotions (swearing, d=.11). 

Table 3: Association of LIWC categories, mental health attributes, and drug words with 
expressions of loneliness
 

Category Cohen’s d*

Pronouns

1st Person 
Pronouns 0.18

Cognitive Processes

Certainty 0.15

Discrepancies 0.15

Differentiation 0.14

Tentativeness 0.13

Negative Emotions
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Swearing 0.11

Mental Well-being

Depression 0.81

Anger 0.95

Anxiety 0.75

Drug words

Blunt 0.16

Smoke 0.13

Heroin 0.1

*Only significant categories after Benjamini-Hochberg p-correction and p<0.001 are shown.

Mental well-being: Users in the lonely group were more likely to have posts associated with 

anger (d=.95), depression (d=.81) and anxiety (d=.75) when compared to the control group.

Use of Drug Words: We also identified the distribution of words pertaining to drugs in the posts 

of users in the lonely group, and these were more likely to reference a blunt (d=.16), smoke 

(d=.13), and heroin (d=.1), and included prescribed medications for treatment, recreational drug 

use, and recreational drugs.

Temporal patterns: Users in the lonely group were found to post more during the night (d=.1), 

shown in Figure 2. We also see themes associated with night-time posting and having difficulty 

sleeping (d=.27) in the open-vocabulary analysis (Table 2).

Predictive Analysis: Results from the predictive analysis are shown in Table 4. A random forest 

model using Topics as input features predicted expressions of loneliness in users with an AUC of 
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.854 (F1 score = 0.778) and LIWC features resulted in AUC of 0.859 (F1 score = 0.777). A 

combination of LIWC and Topics resulted in the best AUC of 0.863 (F1 score = 0.782). 

Table 4: Performance of different features at predicting expressions of loneliness, reported on an 
out-of-sample 5-fold cross validation setting. 

Feature AUC F1 Score Accuracy Precision Recall

Topics 0.854 0.778 0.778 0.780 0.778

LIWC 0.859 0.777 0.777 0.778 0.777

LIWC + 
Topics 0.863 0.782 0.783 0.785 0.783

Discussion

We sought to mine data from a widely used publicly available social network, Twitter, to 

characterize what and when individuals post about loneliness, association of posts with mental 

health, and how manifestations of loneliness can be predicted across individuals. This paper has 

three main findings. First, we identified themes and contexts associated with users posting about 

loneliness on Twitter. Second, we observed that users posting about loneliness used language 

associated with linguistic models for anger, depression, and anxiety. Third, posts about 

loneliness were more likely to occur in the evening or night. 

Themes associated with people expressing loneliness on Twitter are consistent with prior 

literature about substance use, emotional dysregulation, and troubles with relationships. For 

example, in one study, a high positive correlation was found between alcoholism and groups of 

lonely people, and lonely people were also found to express negative feelings towards 

relationships.38 This expression of negativity related to relationships is likely related to a 
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hypervigilance to social threat, associated with loneliness.39 Lonely individuals were also 

reported to focus on overcoming past events as well as showing feelings of helplessness.38

Association of the lonely group with linguistic estimates of anger, depression, and anxiety 

corroborate prior research, showing that loneliness and social isolation influence psychological 

functioning , specifically the ability to self-regulate emotion.5-6; 40 Specifically, anxiety, anger, 

and negative mood were reported as higher in lonely young adults.41 Tweets by users in the 

lonely group were more self-focused compared to the control group. Prior researchers have 

found that “first person singular pronouns are a modest linguistic marker of depression.” 42 Also, 

previous research has shown that loneliness has been associated with greater self-disclosure in 

Facebook posts. 43 This presents the potential for early identification and assessment to intervene 

on loneliness as well as mental health conditions for this group.    

Trends in temporal variation in posting may reflect that sleep deprivation can contribute to social 

withdrawal and loneliness.44 This finding corroborates prior research associating loneliness with 

diminished sleep quality.40 A better understanding of the temporality of posting could inform 

timing of interventions designed to address loneliness, as well as provide insight for other 

researchers to test the inter-relationships between loneliness and the motivations for using social 

media during nighttime. 

Loneliness is known to be one of the primary underlying causes and correlates for chronic 

mental health conditions.5-6; 45 As loneliness is becoming increasingly recognized as a public 

health, several groups have taken action to address it. For example, the United Kingdom 
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appointed a Minister for Loneliness who is responsible for addressing loneliness within 

communities.46 CareMore, a health plan and delivery system providing care for enrollees in 

Medicare Advantage and Medicaid health plans in seven states across the U.S., launched the 

“Togetherness Program” in a clinical setting to address loneliness in elderly patients.47 Through 

this work, CareMore reported that participation in exercise programs increased by 56.6%, 

emergency room utilization decreased by 3.3%, and hospital admissions among participants were 

20.8% lower per thousand compared to the “intent to treat population.” 48 Additionally, social 

network interventions targeting loneliness have been found to be effective in reducing social 

isolation among individuals with severe mental health conditions but these interventions are not 

included in the treatment plans for individuals with a mental illness.49-50 

Considering the advantage of large sample sizes and also the association between increased 

social media usage and individuals expressions of loneliness, it is promising to use natural 

language processing and machine learning to automatically identify a person expressing 

loneliness on Twitter to inform interventions targeted at early identification and support for 

affected and at risk individuals with the caveat that social media users are not representative of a 

random sample of individuals. To address loneliness will require being able to identify it 

passively, remotely, and over time. Many people rarely visit a healthcare provider so would miss 

the opportunity for screening. Approaches for treatment will also need to harness the tools and 

technologies that are accessible and integrated with the things people use every day (e.g. mobile 

phones). Future interventions would have to potentially rely on digital phenotyping of loneliness 

and using digital platforms (e.g. text messaging) to complement human-to-human interaction 

strategies to treat loneliness.
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In this first study, our aim was to characterize loneliness expressions based on users’ entire  

timelines. Future studies could perform a time-series analysis of the temporal variations 

associated with loneliness expressions. Further, works should also validate whether the 

characteristics of people who are using the words ‘lonely’ or ‘alone’ on Twitter can be used to 

track community health risks, particularly, the risk of social isolation. Other studies should 

replicate the findings in this study using more formal ground truth such as surveys and extend 

this work to investigate if Twitter can potentially map regional hotspots of loneliness to identify 

problematic loneliness for community public health monitoring. 

Limitations and Ethics

The study sample consists of social media users and is not representative of the general 

population. An estimated 40% of US adults using Twitter are between the ages of 18 and 29, so 

our analysis is skewed towards younger people.51 Considering we identified that 76% of users’ 

tweets indicated presumably feeling lonely in the sample we hand coded, posts mentioning the 

words alone or lonely may have been metaphorical or non sequiturs. Also, considering the 

inclusion criteria based on number of tweets mentioning alone or lonely, we are potentially 

selecting users with more posts than the average twitter user. Additionally, Twitter is far from 

perfect to be used as a diagnostic tool. However, an automated machine learning tool could be a 

low-cost method to potentially detect elevated loneliness levels in a person who could then be 

referred to more formal screening methods. Further, the effects presented in this dataset may not 

be specific to loneliness considering the potential comorbidity with mental health conditions 

such as depression in this dataset. 
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The feasibility of social media-based assessments of loneliness expressions (and mental health 

more broadly) needs further assessment. Privacy of individuals is an ongoing concern, especially 

with social media users not fully realizing the amount of health insights that can be gleaned by 

their online posts. Employers and insurance companies, for example, may be motivated to derive 

these assessments, but could use these insights against those suffering from mental illness. As 

mental illnesses carry social stigma and may engender discrimination, data protection and 

ownership frameworks are needed to make sure the data is not used against the users’ interest.52 

Further, transparency about which indicators are derived by whom for what purpose should be 

part of ethical and policy discourse. 

There are also open questions around the impact of misclassifications, and how derived mental 

health indicators can be responsibly integrated into systems of care.53

Conclusions

In this study we characterized expressions of loneliness on Twitter at the individual level. 

Furthermore, we identified specific contexts, themes, and traits in the posts of individuals 

expressing loneliness on Twitter. As loneliness is a public health challenge, a better 

understanding of how loneliness is described online can inform tracking of loneliness and 

interventions targeted at addressing this important public health problem in regards to the 

behavior of lonely individuals that may be at risk of developing a severe mental health 

condition.47
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Figure legends

Figure 1: Words/Phrases more likely to be posted by Twitter users with a) self-reported 

loneliness (Individuals with at least 5 posts with the words ‘lonely’ or ‘alone’ group 

compared to the b) control group. 

Word size indicates the strength of the correlation and word color indicates relative word 

frequency. (p<0.01, Bonferroni p-corrected)

Figure 2: Temporal variation showing diurnal patterns of post frequency of both the 

‘lonely’ and ‘control’ groups. 

The dotted line indicates the percentage of posts at different hours of the day by the group of 

users with at least 5 posts containing the word ‘lonely’ or ‘alone’ and the solid line indicates 

users who do not have any posts about loneliness. The x-axis represents the hour of the day each 

post occurs and the y-axis indicates the number of posts for each group.
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Temporal variation showing diurnal patterns of post frequency of both the ‘lonely’ and ‘control’ groups. 
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Abstract

Objectives: Loneliness is a major public health problem and an estimated  17% of adults aged 

18-70 in the United States are classified as lonely. We sought to characterize the (online) lives of 

people who mention the words ‘lonely’ or ‘alone’ in their Twitter timeline and correlate their 

posts with predictors of mental health. 

Setting and design: A leading social media platform (Twitter) was the main focus of the study. 

We collected approximately 400 million tweets from in Pennsylvania, USA, between 2012-2016. 

We identified users whose posts contained the words ‘lonely’ or ‘alone’ and compared them to a 

control group matched by age, gender, and period of posting. Using natural-language processing, 

we characterized what and when users post, their association with linguistic markers of mental 

health, and if language can predict manifestations of loneliness. The statistical analysis, data 

synthesis, and model creation was conducted in 2018-2019. 

Primary outcome measures: We evaluated counts of language features in the users with posts 

including the words lonely or alone compared to the control group. These language features were 

measured by (1) open-vocabulary topics and (2) linguistic markers of anger, depression, and 

anxiety. We also evaluated the prediction of mentions of loneliness compared to the control 

group, measured by Area Under Curve. 

Results: Twitter timelines of users with posts including the words lonely or alone (N=6202) 

were found to include themes about difficult interpersonal relationships, psychosomatic 

symptoms, substance use, wanting change, unhealthy eating, and having troubles with sleep. 

Their posts were also associated with linguistic markers of anger, depression, and anxiety. A 

random forest model predicted mentions of loneliness online with an accuracy of 77%.
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Conclusions: Posts with the words lonely or alone often include psychosocial features and can 

potentially have associations with how individuals presumably express and experience 

loneliness. This can inform online surveillance for high risk individuals experiencing loneliness 

and interventions focused on addressing morbidity in this condition. 

Strengths and Limitations of this study

● Novel focus on timelines of social media users to study mentions of loneliness and 

correlation with predictors of mental health. 

● The study sample consists of social media users and is not representative of the general 

population.

● Though we manually annotated a subset of posts mentioning loneliness, some may have 

been metaphorical or non sequiturs.  

Page 3 of 32

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

BMJ Open

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For peer review only

4

Introduction

Loneliness is a major public health problem and an estimated 17% of adults aged 18-70 in the 

United States are classified as lonely.1 Loneliness is defined as the discrepancy between a 

person’s desired and actual social relationships and has been linked with an increased risk of 

heart disease, stroke, dementia, depression, and anxiety.1-5 Loneliness is also one of the primary 

underlying causes and correlates for chronic mental health conditions and physician visits in 

some populations.1, 5-9 

Reducing morbidity from loneliness requires identifying who experiences it. Traditionally this 

has occurred through surveys but this approach is limited by the ability to access broad 

populations initially and over time.10 Social media has emerged as a tool that individuals use to 

share information about their mental states, solicit social support, record daily activities, and 

report preferences, and interests.11-12  Social media use seeks to connect people but it also has 

been associated with increased perceived social isolation.13 It is unclear if social media use 

causes perceived social isolation or if perceived social isolation causes social media use.

With people increasingly using social media platforms to inform others about their mental states, 

solicit social support, as well as to keep records of their daily activities, preferences, and 

interests, social media has emerged as a potentially relevant tool to passively measure health 

states and behaviors of people.14-15  For example, individuals who are stressed and depressed use 

more first-person singular pronouns suggesting higher self-focus and communities with heart 

Page 4 of 32

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

BMJ Open

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For peer review only

5

disease discuss hate more frequently.11-12; 16 Natural language processing and machine learning 

have revealed their value in using social media posts to predict first documented diagnosis of 

depression using posts 6 months prior yielding an AUC of 0.72.17 

While the use of social media is increasingly common, less is known about how often individuals 

use the platform to explicitly share about feelings of loneliness or being alone.13  In this study, we 

sought to characterize Twitter timelines of individuals’ whose posts include the words lonely or 

alone. Studying the language of users who use these terms, we analyzed the correlations between 

posting about loneliness and users’ mental health and psycholinguistic attributes (e.g. anger and 

depression). This has the potential to further our understanding of how social media platforms 

are used for mentions of loneliness and if there is an opportunity to use these platforms for 

surveillance of an important but hard to track and measure condition that impacts public health. 

However, privacy of individuals has to be at the forefront of this research to shield unintended 

use of this data, specifically with the amount of health insights that can be gleaned from social 

media. 

We hypothesize that language usage patterns would both confirm existing understanding of 

loneliness and give new insights into the daily lives of those who express being lonely. As 

loneliness can impact health outcomes, identifying ways to track prevalence and manifestations 

of loneliness online would be useful for developing approaches for identifying and offering 

support for these individuals. This presents the opportunity of digital platforms to not only 

provide markers of health but also potentially serve as platforms that can be used for developing 

interventions.18-19  
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Methods

This was a retrospective analysis of publicly available data on users posting about loneliness on 

Twitter. This study was exempt by the University of Pennsylvania Institutional Review Board.

Twitter Data

Twitter is a popular social media platform which allows users to send and receive short 140 

character messages, or ‘tweets’ (at the time of this study; the character limit was later increased 

to 280). First, from the Twitter Streaming API, we collected tweets from the 1% sample using a 

bounding box of location coordinates around Pennsylvania. The county of origin of each tweet 

user was determined. To increase the sample size of tweets from the state, all unique user IDs 

were recorded, and the Twitter search API was used to extract timelines (each user’s prior 3200 

tweets) filtered by timestamps ranging from 2012-2016 geolocated in Pennsylvania.

Patient and Public Involvement

Patients and public were not involved in the development of the research question and outcome 

measures. 

Study Sample

We identified users who posted the word  “alone” or “lonely” at least once in their timeline 

(25,966 users). Of these, 6,202 users posted messages with “alone” or “lonely” at least 5 times. 

As social media includes colloquial, metaphorical, and light-hearted language (eg. “If I see Justin 

Bieber, I will have a heart attack”) we sought to identify the proportion of tweets in which lonely 

seemed to refer to the public health meaning rather than other uses of the term (e.g. metaphor, 

Page 6 of 32

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

BMJ Open

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For peer review only

7

joke).20 Two co-authors independently coded a random set of 100 tweets from individuals who 

used the words lonely/alone at least 5 times in their timeline to identify them as presumed to be 

associated with the feeling of loneliness or other. The Kappa was 0.70 and we identified that 

76% of users’ tweets indicate presumably feeling lonely. A few examples are as follows: “i’m 

feelin real depressed, confused, & lonely”, “im always the only up around this time, feeling a lil 

lonely” and “I'm so Lonely in life :-( I just wish I can have love again it feels so go to be in love 

with someone whom loves you.”

Control group

We then identified a control group of users by matching each user in the above dataset to another 

user by age, gender and period of activity (dates of first and last posting on twitter). We obtained 

the age and gender estimates by using lexica developed previously.21 Then, we selected users 

with a minimum of 500 words across all their posts to have sufficient language for linguistic 

analyses.22 We excluded non-English, non-US tweets, retweets, and tweets containing ‘alone’ 

and/or ‘lonely’ that were used to identify users who had more than 5 posts with the words 

‘lonely’ or ‘alone in all analyses to identify linguistic features that are actually characteristics of 

lonelier people -- looking at their entire timeline of tweets. Hereafter, we indicate users who had 

more than 5 posts with the words ‘lonely’ or ‘alone’ as ‘users with posts including the words 

lonely or alone’, and ‘control’ group to represent the matched set of users who had no such posts.

Deriving language features to characterize individuals expressing loneliness 

We used four sets of language features: a) open-vocabulary topics,23 b) dictionary-based 

psycholinguistic features,24 c) mental well-being attributes such as anxiety, depression by 
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applying previously developed statistical models,25 d) number of drug words and time of posts as 

past research has shown an association between loneliness and substance use.26; 12 These 

language features have been shown to be predictive of several health outcomes, such as 

depression, schizophrenia, attention deficit hyperactivity disorder (ADHD), and general well-

being.27; 28

Open-vocabulary: As closed-vocabulary approaches like LIWC include only a small subset of 

the entire language used on social media, we use an open-vocabulary approach to improve the 

coverage and find topics that people who mention loneliness. Topics consist of clusters of co-

occurring words created using Latent Dirichlet Allocation (LDA).29 The LDA generative model 

assumes that tweets contain a combination of topics, and that topics are a distribution of words. 

Since the words in a tweet are known, topics, which are latent variables, can be estimated 

through Gibbs sampling.30 We use the Mallet implementation of the LDA algorithm, adjusting 

one parameter (alpha=5) to favor fewer topics per tweet.31 All other parameters were kept at their 

default. An example of such a model is the following sets of words (‘tuesday’, ‘monday’, 

‘wednesday’, ...) which clusters together days of the week by exploiting their similar 

distributional properties across tweets. In our study, two hundred topics were generated using 

tweets across all users in the dataset of users with posts including the words lonely or alone and 

control users.

Dictionary-based: From each post, we extracted the relative frequency of single words and 

phrases (consisting of two or three consecutive words). Then, all words used by less than 1% of 

users were removed from analysis so as to remove uncommonly used words (outliers). 
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Additionally, all messages used to identify our study group were removed prior to further 

analysis. The Linguistic Inquiry Word Count (LIWC) dictionary is a language-specific, many-to-

many mapping of tokens (including words and word stems) and psychologically validate 

categories. Each category (a curated list of words) is found to be correlated with and also 

predictive of several psychological traits and outcomes. For each user, we measure the 

proportion of word tokens that fall into a given LIWC category. 

Mental well-being attributes: We used automatic text-regression methods to assign to each user 

scores on the depression, anxiety and anger facets for users.25 This model was trained on a 

sample of over 28,749 users who had taken the International Personality Item Pool Neuroticism-

Extraversion-Openness Personality Inventory Revised (IPIP NEO-PI-R) survey that contains the 

depression, anxiety and anger Facets of the Neuroticism Factor.25 The machine learning model 

trained on words and phrases from Facebook posts to predict survey measure of depression, 

anger and anxiety resulted in a performance of  r = .32, which is consistent with other reports of 

mental health states identified via social media.32 The model was trained using status updates of 

users from another study25, and has been shown to generalize to Twitter users.33

Use of Drug-words: We also extracted the frequency (aggregated to every user) of most common 

drug words as used on social media.34

Temporal patterns: We determined the frequency of posts across different hours of the day by 

users in both users with posts including the words lonely or alone and control groups to 

understand the diurnal patterns in posting.
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Identifying differentially expressed language features in users with posts including the words 

lonely or alone

We isolated the patterns in users’ loneliness mentions using the linguistic attributes and user 

traits by correlating them with users with posts including the words lonely or alone and control 

groups. We used logistic regression to distinguish open-vocabulary words, phrases, LIWC 

categories and topics associated with lonely and control groups and measure the effect size using 

Cohen’s D. The models were set up to predict the group of users with posts including the words 

lonely or alone against the control group (e.g., group was the dependent variable). Details of the 

method are described in a previous work23. For identifying themes from topics, researchers 

looked at 20 messages each with the highest topic prevalence to identify themes. We used 

Benjamini-Hochberg p-correction and use p<0.001 for indicating meaningful correlations and 

the effect size was measured using Cohen’s D. The statistical analysis, data synthesis, and model 

creation was conducted in 2018-2019. 

Predicting the likelihood of posting about loneliness online

We then looked at the feasibility of predicting whether a user is likely to mention loneliness or 

not based on their social media language. Automated analysis of social media is accomplished by 

building predictive models, which use ‘features’, or variables that have been extracted from 

social media data. For this analysis we used LIWC and topics as features. Features are then 

treated as independent variables in an algorithm (Random Forests) to predict the dependent 

variable of an outcome of interest (e.g., users’ saying that they are lonely or not). For cross 

validation, the predictive model was trained, using Random Forests, on the training set and then 
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evaluated on a test set to avoid overfitting. The prediction performances are reported as Area 

Under the Receiver Operating Curves (AUC) on an out-of-sample 5-fold cross validation setting.

Results

Of the 408,296,620 tweets posted by users geo-located in Pennsylvania, USA, 25,966 users with 

46,160,774 posts in their timelines, had at least one post with the words ‘lonely’ or ‘alone’, and 

6,202 users with 17,995,084 posts in their timelines, had more than five such posts (Table 1). 

Users with posts including the words lonely or alone had 1.9 times more posts in the study time 

period as the control (Table 1). The median estimated age of this cohort was 21 years, and 69% 

female. 

Table 1: Descriptive statistics for users with posts including the words lonely or alone and the 
control group 

 Descriptive Statistics of the Dataset

 Users with posts 
including the words 

lonely or alone (n= 6,202)

 Control group (n= 6,202)

Median Age  21 3 yrs± 21 3 yrs±

# Messages 
in timelines  17,995,084  9,219,677

 # Females  4,400  4,400

# Males  1,802  1,802
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*users with posts including the words lonely or alone is defined as any user posting at least 5 
times about loneliness and the control group is defined as any user who does not have any posts 
about loneliness

Identifying differentially expressed language features in users with posts including the words 

lonely or alone

Open vocabulary approach: Analyzing differences in individual words and phrases used across 

both groups, we observed (Figure 1a) that users with posts including the words lonely or alone 

referred to themselves (‘myself’ (d=.18), ‘I’ (d=.16)) in their Twitter posts significantly more 

than the control group. They also posted about relationship issues (‘want_somebody’ (d=.08), 

‘no_one_to’ (d=.1), needs and feelings (‘i_just_wanna (d=.12), ‘in_my_feelings’ (d=.1), ‘i_need’ 

(d=.12), ‘i_cant’ (d=.1)), and included more expletives. Users in the control group (Figure 1b) 

engaged in a lot more conversations as indicated by ‘<user>’ (d=-.2) (we anonymize ‘@’ 

mentions in users tweets as ‘<user>’) compared to users with posts including the words lonely or 

alone. The control group also posted more about games (’season’ (d=-.09) ,‘coach’ (d=-.07), 

‘team’ (d=-.1))  and positivity (‘!’ (d=-.13), ‘awesome’ (d=-.09), ‘:)’ (d=-.08)). Figure 1 

illustrates the words and phrases most prominently associated with the group of users with posts 

including the words lonely or alone and the control group.

Using topics generated from LDA, we identified the themes which occur more frequently in 

posts of users with posts including the words lonely or alone. Posts were about interpersonal 

relationships (d=.28) (and associated issues (d=.22)), self-reflection (d=.21) (accompanied with 

wondering about the future (d=.12)), drug/alcohol use (d=.29) (considering them to be the ‘only 

friend’), insomnia (d=.27), uncontrolled emotions (d=.28) (accompanied by confusion (d=.11)), 
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and psychosomatic symptoms (d=.29). Table 2 shows the effect sizes between most prominent 

topic distributions and the users who have more than 5 posts with the words lonely or alone. 

Table 2: Highly correlated topics with mentions of loneliness. 

Topic Theme Highly Correlated Words in 
Topic

Effect size 
(Cohen’s D)

Interpersonal 
Relationships 

relationships, matter, perfect

hurt, feelings, trust, forget   

0.28

0.22

Self Reflection times, changed, lost, i’ve 0.21

Drug/Alcohol 
Use

smoke, weed, blunt, drugs, 
drunk

0.29

              
    

Psychosomatic 
Symptoms

bad, stomach, hurt, head, sick 0.29

Insomnia sleep, awake, tired, bed 0.27

Emotional 
Dysregulation

people, f***ing, hate, stupid 0.28

Food/Hunger food, breakfast, eat, pizza, 
hungry

0.26

* Effect size is measured using Cohen’s d. Only significant topics after Benjamini-Hochberg p-
correction and use p<0.001 are shown. 
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Dictionary-based: Association of LIWC categories of users with posts including the words 

lonely or alone are shown in Table 3. Individuals who had posts including the word lonely or 

alone used increased self-references (first person pronouns, d=.18), words indicating cognitive 

processes (including certainty, d=.15, discrepancies, d=.14, differentiation, d=.13 and 

tentativeness, d=.13), and negative emotions (swearing, d=.11). 

Table 3: Association of LIWC categories, mental health attributes, and drug words with 
mentions of loneliness
 

Category Cohen’s D*

Pronouns

1st Person 
Pronouns 0.18

Cognitive Processes

Certainty 0.15

Discrepancies 0.15

Differentiation 0.14

Tentativeness 0.13

Negative Emotions

Swearing 0.11

Mental Well-being

Depression 0.81

Anger 0.95

Anxiety 0.75

Drug words

Blunt 0.16

Smoke 0.13

Heroin 0.1

*Only significant categories after Benjamini-Hochberg p-correction and p<0.001 are shown.
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Mental well-being: Users with posts including the words lonely or alone were more likely to 

have posts associated with anger (d=.95), depression (d=.81) and anxiety (d=.75) when 

compared to the control group.

Use of Drug Words: We also identified the distribution of words pertaining to drugs in the posts 

of users with posts including the words lonely or alone, and these were more likely to reference a 

blunt (d=.16), smoke (d=.13), and heroin (d=.1), and included prescribed medications for 

treatment, recreational drug use, and recreational drugs.

Temporal patterns: Users with posts including the words lonely or alone were found to post 

more during the night (d=.1), shown in Figure 2. We also see themes associated with night-time 

posting and having difficulty sleeping (d=.27) in the open-vocabulary analysis (Table 2).

Predictive Analysis: Table 4 shows that random forest model using Topics as input features 

predicted mentions of loneliness in users with an AUC of .854 (F1 score = 0.778) and LIWC 

features resulted in AUC of 0.859 (F1 score = 0.777). A combination of LIWC and Topics 

resulted in the best AUC of 0.863 (F1 score = 0.782). 

Table 4: Performance of different features at predicting mentions of loneliness, reported on an 
out-of-sample 5-fold cross validation setting. 

Feature AUC F1 Score Accuracy Precision Recall

Topics 0.854 0.778 0.778 0.780 0.778

LIWC 0.859 0.777 0.777 0.778 0.777

LIWC + 
Topics 0.863 0.782 0.783 0.785 0.783
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Discussion

We sought to mine data from a widely used publicly available social network, Twitter, to 

characterize what and when individuals post about loneliness, association of posts with mental 

health, and how manifestations of loneliness can be predicted across individuals. Our 

fundamental hypothesis was that the language of users with posts including the words lonely or 

alone would be significantly different from matched controls, that this language would reveal 

differences in characteristics such as mental health attributes between both groups, and that the 

language usage patterns would both confirm existing understanding of loneliness and give new 

insights into the daily lives of those who post the words alone or lonely. Towards this goal, we 

took an inductive approach of computationally analysing the large volumes of social media data 

with the aim of better understanding the varying manifestations of loneliness. This paper has 

three main findings. First, we identified themes and contexts associated with users posting about 

loneliness on Twitter. Second, we observed that users posting about loneliness used language 

associated with linguistic models for anger, depression, and anxiety. Third, posts about 

loneliness were more likely to occur in the evening or night. 

Themes associated with people mentioning loneliness on Twitter are consistent with prior 

literature about substance use, emotional dysregulation, and troubles with relationships. For 

example, in one study, a high positive correlation was found between alcoholism and groups of 

lonely people, and lonely people were also found to express negative feelings towards 

relationships.35 This expression of negativity related to relationships is likely related to a 

hypervigilance to social threat, associated with loneliness.36 Lonely individuals were also 

reported to focus on overcoming past events as well as showing feelings of helplessness.35 
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Researchers who coded the topics were attempting to identify these associations by looking at 20 

messages each with the highest topic prevalence to identify themes, and we acknowledge that 

this can be subjective.

Association of users with posts including the words lonely or alone with linguistic estimates of 

anger, depression, and anxiety corroborate prior research, showing that loneliness and social 

isolation influence psychological functioning , specifically the ability to self-regulate emotion.5-6; 

37 Specifically, anxiety, anger, and negative mood were reported as higher in lonely young 

adults.38 Tweets by users with posts including the words lonely or alone were more self-focused 

compared to the control group. Prior researchers have found that “first person singular pronouns 

are a modest linguistic marker of depression.” 39 Also, previous research has shown that 

loneliness has been associated with greater self-disclosure in Facebook posts.40 This presents the 

potential for early identification and assessment to intervene on loneliness as well as mental 

health conditions for this group.    

Trends in temporal variation in posting may reflect that sleep deprivation can contribute to social 

withdrawal and loneliness.41 This finding corroborates prior research associating loneliness with 

diminished sleep quality.37 A better understanding of the temporality of posting could inform 

timing of interventions designed to address loneliness, as well as provide insight for other 

researchers to test the inter-relationships between loneliness and the motivations for using social 

media during nighttime. 
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Loneliness is known to be one of the primary underlying causes and correlates for chronic 

mental health conditions.5-6; 42 As loneliness is becoming increasingly recognized as a public 

health, several groups have taken action to address it. For example, the United Kingdom 

appointed a Minister for Loneliness who is responsible for addressing loneliness within 

communities.43 CareMore, a health plan and delivery system providing care for enrollees in 

Medicare Advantage and Medicaid health plans in seven states across the U.S., launched the 

“Togetherness Program” in a clinical setting to address loneliness in elderly patients.44 Through 

this work, CareMore reported that participation in exercise programs increased by 56.6%, 

emergency room utilization decreased by 3.3%, and hospital admissions among participants were 

20.8% lower per thousand compared to the “intent to treat population.” 45 Additionally, social 

network interventions targeting loneliness have been found to be effective in reducing social 

isolation among individuals with severe mental health conditions but these interventions are not 

included in the treatment plans for individuals with a mental illness.46-47

Considering the advantage of large sample sizes and also the association between increased 

social media usage and individuals mentions of loneliness, it is promising to use natural language 

processing and machine learning to automatically identify a person mentions the words alone or 

lonely on Twitter to inform interventions targeted at early identification and support for affected 

and at risk individuals with the caveat that social media users are not representative of a random 

sample of individuals. To address loneliness will require being able to identify it passively, 

remotely, and over time. Many people rarely visit a healthcare provider so would miss the 

opportunity for screening. Approaches for treatment will also need to harness the tools and 

technologies that are accessible and integrated with the things people use every day (e.g. mobile 

phones). Future interventions would have to potentially rely on digital phenotyping of loneliness 
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and using digital platforms (e.g. text messaging) to complement human-to-human interaction 

strategies to treat loneliness.

In this first study, our aim was to characterize loneliness mentions based on users’ entire 

timelines. Future studies could perform a time-series analysis of the temporal variations 

associated with loneliness mentions. Further, works should also validate whether the 

characteristics of people who are using the words ‘lonely’ or ‘alone’ on Twitter can be used to 

track community health risks, particularly, the risk of social isolation. Other studies should 

replicate the findings in this study using more formal ground truth such as surveys and extend 

this work to investigate if Twitter can potentially map regional hotspots of loneliness to identify 

problematic loneliness for community public health monitoring. 

Limitations and Ethics

The study sample consists of social media users and is not representative of the general 

population. An estimated 40% of US adults using Twitter are between the ages of 18 and 29, so 

our analysis is skewed towards younger people.48 An automated machine learning tool could be a 

low-cost method to potentially detect posts about  loneliness or being alone that may occur with 

other concerning signals from digital sensors (e.g. changes in sleep, activity, purchases). These 

signals could trigger could then be referred to more formal screening methods or support 

resources.49 

Considering we identified that 76% of users’ tweets indicated presumably feeling lonely in the 

sample we hand coded, posts mentioning the words alone or lonely may have been metaphorical 
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or non sequiturs. Also, considering the inclusion criteria based on number of tweets mentioning 

alone or lonely, we are potentially selecting users with more posts than the average twitter user. 

Additionally, Twitter is far from perfect to be used as a diagnostic tool. However, an automated 

machine learning tool could be a low-cost method to potentially detect elevated loneliness levels 

in a person who could then be referred to more formal screening methods. Further, the effects 

presented in this dataset may not be specific to loneliness considering the potential comorbidity 

with mental health conditions such as depression in this dataset. 

The feasibility of social media-based assessments of loneliness mentions (and mental health 

more broadly) needs further assessment. Privacy of individuals is an ongoing concern, especially 

with social media users not fully realizing the amount of health insights that can be gleaned by 

their online posts. Employers and insurance companies, for example, may be motivated to derive 

these assessments, but could use these insights against those suffering from mental illness. As 

mental illnesses carry social stigma and may engender discrimination, data protection and 

ownership frameworks are needed to make sure the data is not used against the users’ interest.50  

Further, transparency about which indicators are derived by whom for what purpose should be 

part of ethical and policy discourse. 

There are also open questions around the impact of misclassifications, and how derived mental 

health indicators can be responsibly integrated into systems of care.51

Conclusions
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In this study we characterized mentions of loneliness on Twitter at the individual level. 

Furthermore, we identified specific contexts, themes, and traits in the posts of individuals 

mentioning loneliness on Twitter. As loneliness is a public health challenge, a better 

understanding of how loneliness is described online can inform tracking of loneliness and 

interventions targeted at addressing this important public health problem in regards to the 

behavior of lonely individuals that may be at risk of developing a severe mental health 

condition.44
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Figure legends

Figure 1: Words/Phrases more likely to be posted by Twitter users with a) self-reported 

loneliness (Individuals with at least 5 posts with the words ‘lonely’ or ‘alone’ group 

compared to the b) control group. 
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Word size indicates the strength of the correlation and word color indicates relative word 

frequency. (p<0.01, Bonferroni p-corrected)

Figure 2: Temporal variation showing diurnal patterns of post frequency of both the users 

with posts including the words lonely or alone and control group. 

The dotted line indicates the percentage of posts at different hours of the day by the group of 

users with at least 5 posts containing the word ‘lonely’ or ‘alone’ and the solid line indicates 

users who do not have any posts about loneliness. The x-axis represents the hour of the day each 

post occurs and the y-axis indicates the number of posts for each group.
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Temporal variation showing diurnal patterns of post frequency of both the ‘lonely’ and ‘control’ groups. 
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Abstract

Objectives: Loneliness is a major public health problem and an estimated 17% of adults aged 

18-70 in the United States reported being lonely. We sought to characterize the (online) lives of 

people who mention the words ‘lonely’ or ‘alone’ in their Twitter timeline and correlate their 

posts with predictors of mental health. 

Setting and design: From approximately 400 million tweets collected from Twitter in 

Pennsylvania, USA, between 2012-2016, we identified users whose Twitter posts contained the 

words ‘lonely’ or ‘alone’ and compared them to a control group matched by age, gender, and 

period of posting. Using natural-language processing, we characterized the topics and diurnal 

patterns of users’ posts, their association with linguistic markers of mental health, and if 

language can predict manifestations of loneliness. The statistical analysis, data synthesis, and 

model creation was conducted in 2018-2019. 

Primary outcome measures: We evaluated counts of language features in the users with posts 

including the words lonely or alone compared to the control group. These language features were 

measured by (a) Linguistic Inquiry Word Count (LIWC) lexicon, (b) open-vocabulary topics, 

and (c) linguistic markers of anger, depression, and anxiety. Using machine learning, we also 

evaluated if expressions of loneliness can be predicted compared to the control group, measured 

by Area Under Curve (AUC). 

Results: Twitter timelines of users (N=6202) with posts including the words lonely or alone 

were found to include themes about difficult interpersonal relationships, psychosomatic 

symptoms, substance use, wanting change, unhealthy eating, and having troubles with sleep. 

Their posts were also associated with linguistic markers of anger, depression, and anxiety. A 

random forest model predicted expressions of loneliness online with an AUC of 0.77.
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Conclusions: Posts with the words lonely or alone often include psychosocial features and can 

potentially have associations with how individuals express and experience loneliness. This can 

inform low-resource online assessment for high risk individuals experiencing loneliness and 

interventions focused on addressing morbidities in this condition. 

Strengths and Limitations of this study

● Novel focus on timelines of social media users to study mentions of loneliness and 

correlation with predictors of mental health. 

● The study sample consists of social media users and is not representative of the general 

population.

● Though we manually annotated a subset of posts mentioning loneliness, some may have 

been metaphorical or non sequiturs.  
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Introduction

Loneliness is a major public health problem and an estimated 17% of adults aged 18-70 in the 

United States are reported being lonely.1 Loneliness is defined as the discrepancy between a 

person’s desired and actual social relationships. Loneliness is also one of the primary underlying 

causes and correlates for chronic mental health conditions and physician visits in some 

populations.1–6 It has also been linked with an increased risk of heart disease, stroke, dementia, 

depression, and anxiety.1,2,7–9 

Reducing morbidity from loneliness requires identifying who experiences it. Traditionally this 

has occurred through surveys but unfortunately this is not common and not scalable to screen 

large populations.10 Rather than relying on the traditional screening approach, social media 

platforms, like Facebook, Twitter, and Instagram are being investigated to shed light on 

individual’s health and well-being.11 With people increasingly using social media platforms to 

inform others about their mental states, solicit social support, as well as to keep records of their 

daily activities, preferences, and interests,12,13 social media has emerged as a potentially relevant 

tool to passively measure health states and behaviors of people.14,15  For example, individuals 

who are stressed and depressed use more first-person singular pronouns suggesting higher self-

focus and communities with heart disease discuss hate more frequently.13,16 Social media posts 

have also been used to predict first documented diagnosis of depression using posts 6 months 

prior yielding an AUC of 0.72.17 

While the use of social media is increasingly common, less is known about how often individuals 

use the platform to explicitly share about feelings of loneliness or being alone. In this study, we 
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sought to characterize Twitter timelines of individuals’ whose posts include the words lonely or 

alone. Based on the language of such Twitter users, we analyzed the correlations between 

posting about loneliness and users’ mental health and psycholinguistic attributes (e.g. anger and 

depression). 

We hypothesize that language usage patterns would both confirm existing understanding of 

loneliness and give new insights into the daily lives of those who express being lonely. As 

loneliness can impact health outcomes, identifying ways to track prevalence and manifestations 

of loneliness online would be useful for developing approaches for identifying and offering 

support for these individuals. While prioritizing the privacy of individuals, specifically with the 

amount of health insights that can be gleaned from social media, this research presents the 

opportunity of digital platforms to not only provide markers of health but also potentially serve 

as platforms that can be used for developing interventions.18,19  

Methods

This was a retrospective analysis of publicly available data on users posting about loneliness on 

Twitter. This study was exempt by the University of Pennsylvania Institutional Review Board.

Twitter Data

Twitter is a popular social media platform which allows users to send and receive short 140-

character messages, or ‘tweets’ (at the time of this study; the character limit was later increased 

to 280). First, from the Twitter Streaming API, we collected tweets from the 1% sample using a 

bounding box of location coordinates around Pennsylvania. To increase the sample size of tweets 
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from the state, all unique user IDs were recorded, and the Twitter API was used to extract 

timelines (each user’s prior 3200 tweets) filtered by timestamps ranging from 2012-2016.

Patient and Public Involvement

Patients and public were not involved in the development of the research question and outcome 

measures. 

Study Sample

We identified users who posted the word “alone” or “lonely” at least once in their timeline 

(25,966 users). As social media includes colloquial, metaphorical, and light-hearted language 

(eg. “If I see Justin Bieber, I will have a heart attack”) we sought to identify the proportion of 

tweets in which lonely seemed to refer to the public health meaning rather than other uses of the 

term (e.g. metaphor, joke).20 Two co-authors independently coded a random set of 100 tweets 

from individuals who used the words lonely/alone at least 5 times in their timeline to identify 

them as presumed to be associated with the feeling of loneliness or other (Cohen’s κ = 0.70, and 

76% of users’ tweets indicate presumably feeling lonely). A few examples are as follows: “i’m 

feelin real depressed, confused, & lonely”, “im always the only up around this time, feeling a lil 

lonely” and “I'm so Lonely in life :-( I just wish I can have love again it feels so go to be in love 

with someone whom loves you.” 6,202 users posted messages with “alone” or “lonely” at least 5 

times.

Control group
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We then identified a control group of users by matching each user in the above dataset to another 

user by age, gender and period of activity (dates of first and last posting on twitter). We obtained 

the age and gender estimates by using lexica developed previously.21 Then, we selected users 

with a minimum of 500 words across all their posts to have sufficient language for linguistic 

analyses.11 We excluded non-English tweets, re-tweets, and tweets containing ‘alone’ and/or 

‘lonely’ that were used to identify users in all analyses. Hereafter, we indicate users who had 

more than 5 posts with the words ‘lonely’ or ‘alone’ as ‘users with posts including the words 

lonely or alone’, and ‘control’ group to represent the matched set of users who had no such posts.

Deriving language features to characterize individuals expressing loneliness 

We used four sets of language features: a) dictionary-based psycholinguistic features,22 b) open-

vocabulary topics,23 c) mental well-being attributes such as anxiety, depression by applying 

previously developed statistical models,24,25 d) number of drug words and time of posts as past 

research has shown an association between loneliness and substance use.26,27 These language 

features have been shown to be predictive of several health outcomes, such as depression, 

schizophrenia, attention deficit hyperactivity disorder (ADHD), and general well-being.17,26,28

Dictionary-based: From each post, we extracted the relative frequency of single words and 

phrases (consisting of two or three consecutive words). Then, all words used by less than 1% of 

users were removed from analysis so as to remove uncommonly used words (outliers). 

Additionally, all tweets used to identify our study group were removed prior to further analysis. 

The Linguistic Inquiry Word Count (LIWC) dictionary is a language-specific, many-to-many 

mapping of tokens (including words and word stems) and psychologically validate categories. 
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Each category (a curated list of words) is found to be correlated with and also predictive of 

several psychological traits and outcomes. For each user, we measure the proportion of word 

tokens that fall into a given LIWC category. 

Open-vocabulary: As closed-vocabulary approaches like LIWC include only a subset of the 

entire language used on social media, we use an open-vocabulary approach to improve the 

coverage and find topics in users’ timelines mentioning loneliness. Topics consist of clusters of 

co-occurring words created using Latent Dirichlet Allocation (LDA).29 The LDA generative 

model assumes that tweets contain a combination of topics, and that topics are a distribution of 

words. Since the words in a tweet are known, topics, which are latent variables, can be estimated 

through Gibbs sampling.30 We use the Mallet implementation of the LDA algorithm, adjusting 

one parameter (alpha=5) to favor fewer topics per tweet.31 All other parameters were kept at their 

default. An example of such a model is the following sets of words (‘tuesday’, ‘monday’, 

‘wednesday’, ...) which clusters together days of the week by exploiting their similar 

distributional properties across tweets. In our study, two hundred topics were generated using 

tweets across all users in the dataset including the words lonely or alone and control users.

Mental well-being attributes: We used automatic text-regression methods to assign to each user 

scores on the depression, anxiety and anger facets for users.24,25 This model was trained on a 

sample of over 28,749 users who had taken the International Personality Item Pool Neuroticism-

Extraversion-Openness Personality Inventory Revised (IPIP NEO-PI-R) survey that contains the 

depression, anxiety and anger Facets of the Neuroticism Factor.32,33 The machine learning model 

trained on words and phrases from Facebook posts to predict survey measure of depression, 
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anger and anxiety resulted in a performance of  r = .32, which is consistent with other reports of 

mental health states identified via social media.13 The model was trained using status updates of 

users from another study24, and has been shown to generalize to Twitter users.25

Use of Drug-words: We also extracted the frequency of most common drug words as used on 

social media for every user in our analysis.27

Temporal patterns: We determined the frequency of posts across different hours of the day by 

users in both users with posts including the words lonely or alone and control groups to 

understand the diurnal patterns in posting.

Identifying differentially expressed language features in users with posts including the words 

lonely or alone

We isolated the patterns in users’ loneliness mentions using the linguistic attributes and mental 

health attributes by correlating them with users with posts including the words lonely or alone 

and control groups. We used logistic regression to distinguish the different features associated 

with lonely and control groups and measure the effect size using Cohen’s D. The models were 

set up to predict the group of users with posts including the words lonely or alone against the 

control group (e.g., group was the dependent variable). Details of the method are described in a 

previous work23. For identifying themes from topics, researchers looked at 20 messages each 

with the highest topic prevalence. We used Benjamini-Hochberg p-correction and p<0.001 for 

indicating meaningful correlations and the effect size was measured using Cohen’s D. We also 

tested that the results hold if frequency of posting is used as an additional variable on which to 
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match the users with lonely expressions and the control subject. The statistical analysis, data 

synthesis, and model creation was conducted in 2018-2019. 

Predicting the likelihood of posting about loneliness online

We then looked at the feasibility of predicting whether a user is likely to mention expressions of 

loneliness or not based on their social media language. Automated analysis of social media is 

accomplished by building predictive models, which use linguistic features that have been 

extracted from social media data. For this analysis we used LIWC and topics as features. 

Features are then treated as independent variables in an algorithm (Random Forests) to predict 

the dependent variable of an outcome of interest (e.g., users’ expressing that they are lonely or 

not). For cross validation, the predictive model was trained, using Random Forests, on the 

training set and then evaluated on a test set to avoid overfitting. The prediction performances are 

reported as Area Under the Receiver Operating Curves (AUC) on an out-of-sample 5-fold cross 

validation setting.

Results

Of the 408,296,620 tweets posted by users geo-located in Pennsylvania, USA, 25,966 users with 

46,160,774 posts in their timelines, had at least one post with the words ‘lonely’ or ‘alone’, and 

6,202 users with 17,995,084 posts in their timelines, had more than five such posts (Table 1). 

Users with posts including the words lonely or alone had 1.9 times more posts in the study time 

period as the control (Table 1). The median estimated age of this cohort was 21 years, and 69% 

female. 
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Table 1: Descriptive statistics for users in the dataset 

 Descriptive Statistics of the Dataset

 Users with posts 
including the words 

lonely or alone (n= 6,202)

 Control group (n= 6,202)

Median Age  21 3 yrs± 21 3 yrs±

# Messages 
in timelines  17,995,084  9,219,677

 # Females  4,400  4,400

# Males  1,802  1,802

Identifying differentially expressed language features in users with posts including the words 

lonely or alone

Open vocabulary approach: Analyzing differences in individual words and phrases used across 

both groups, we observed (Figure 1a) that users with posts including the words lonely or alone 

referred to themselves (‘myself’ (d=.18), ‘I’ (d=.16)) in their Twitter posts significantly more 

than the control group. They also posted about relationship issues (‘want_somebody’ (d=.08), 

‘no_one_to’ (d=.1), needs and feelings (‘i_just_wanna (d=.12), ‘in_my_feelings’ (d=.1), ‘i_need’ 

(d=.12), ‘i_cant’ (d=.1)), and included more expletives. Users in the control group (Figure 1b) 

engaged in a lot more conversations as indicated by ‘<user>’ (d=-.2) (anonymized ‘@’ mentions 

in users tweets as ‘<user>’) compared to users with posts including the words lonely or alone. 
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The control group also posted more about games (’season’ (d=-.09) ,‘coach’ (d=-.07), ‘team’ 

(d=-.1))  and positivity (‘!’ (d=-.13), ‘awesome’ (d=-.09), ‘:)’ (d=-.08)). Figure 1 illustrates the 

words and phrases most prominently associated with the group of users with posts including the 

words lonely or alone and the control group.

Using topics generated from LDA, we identified the themes which occur more frequently in 

posts of users with posts including the words lonely or alone. Table 2 shows the effect sizes 

between most prominent topic distributions and the users with mentions of loneliness. Posts were 

about interpersonal relationships (d=.28) (and associated issues (d=.22)), self-reflection (d=.21) 

(accompanied with wondering about the future (d=.12)), drug/alcohol use (d=.29) (considering 

them to be the ‘only friend’), insomnia (d=.27), uncontrolled emotions (d=.28) (accompanied by 

confusion (d=.11)), and psychosomatic symptoms (d=.29). 

Table 2: Highly correlated topics with mentions of loneliness. 

Topic Theme Highly Correlated Words in 
Topic

Effect size 
(Cohen’s D)

Interpersonal 
Relationships 

relationships, matter, perfect

hurt, feelings, trust, forget   

0.28

0.22

Self-Reflection times, changed, lost, i’ve 0.21

Drug/Alcohol 
Use

smoke, weed, blunt, drugs, 
drunk

0.29

              
    

Psychosomatic bad, stomach, hurt, head, sick 0.29
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Symptoms

Insomnia sleep, awake, tired, bed 0.27

Emotional 
Dysregulation

people, f***ing, hate, stupid 0.28

Food/Hunger food, breakfast, eat, pizza, 
hungry

0.26

* Effect size is measured using Cohen’s D. Only significant topics after Benjamini-Hochberg p-
correction and use p<0.001 are shown. 

Dictionary-based: Association of LIWC categories of users with posts including the words 

lonely or alone are shown in Table 3. Individuals who had posts including the word lonely or 

alone used increased self-references (first person pronouns, d=.18), words indicating cognitive 

processes (including certainty, d=.15, discrepancies, d=.14, differentiation, d=.13 and 

tentativeness, d=.13), and negative emotions (swearing, d=.11). 

Table 3: Association of LIWC categories, mental health attributes, and drug words with 
mentions of loneliness
 

Category Cohen’s D*

Pronouns

1st Person 
Pronouns 0.18

Cognitive Processes

Certainty 0.15
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Discrepancies 0.15

Differentiation 0.14

Tentativeness 0.13

Negative Emotions

Swearing 0.11

Mental Well-being

Depression 0.81

Anger 0.95

Anxiety 0.75

Drug words

Blunt 0.16

Smoke 0.13

Heroin 0.1

*Only significant categories after Benjamini-Hochberg p-correction and p<0.001 are shown.

Mental well-being: Users with posts including the words lonely or alone were more likely to 

have posts associated with anger (d=.95), depression (d=.81) and anxiety (d=.75) when 

compared to the control group.

Use of Drug Words: We also identified the distribution of words pertaining to drugs in the posts 

of users with posts including the words lonely or alone, and these were more likely to reference a 

blunt (d=.16), smoke (d=.13), and heroin (d=.1), and included prescribed medications for 

treatment, recreational drug use, and recreational drugs.
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Temporal patterns: Users with posts including the words lonely or alone were found to post 

more during the night (d=.1), shown in Figure 2. We also see themes associated with night-time 

posting and having difficulty sleeping (d=.27) in the open-vocabulary analysis (Table 2).

Predictive Analysis: Table 4 shows that random forest model using Topics as input features 

predicted mentions of loneliness in users with an AUC of .854 (F1 score = 0.778) and LIWC 

features resulted in AUC of 0.859 (F1 score = 0.777). A combination of LIWC and Topics 

resulted in the best AUC of 0.863 (F1 score = 0.782). 

Table 4: Performance of different features at predicting mentions of loneliness, reported on an 
out-of-sample 5-fold cross validation setting. 

Feature AUC F1 Score Accuracy Precision Recall

Topics 0.854 0.778 0.778 0.780 0.778

LIWC 0.859 0.777 0.777 0.778 0.777

LIWC + 
Topics 0.863 0.782 0.783 0.785 0.783

Discussion

From a widely used publicly available social network, Twitter, we characterized what and when 

individuals post about loneliness, association of posts with mental health, and if manifestations 

of loneliness can be predicted in individuals. Our fundamental hypothesis was that the language 

of users with posts including the words lonely or alone would be significantly different from 

matched controls, that this language would reveal differences in characteristics such as mental 

health attributes between both groups, and that the language usage patterns would both confirm 

existing understanding of loneliness and give new insights into the daily lives of those who post 

the words alone or lonely. Towards this goal, we took an inductive approach of computationally 
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analyzing the large volumes of social media data with the aim of better understanding the 

varying manifestations of loneliness. This paper has three main findings. First, we identified 

themes and contexts associated with users posting about loneliness on Twitter. Second, we 

observed that users posting about loneliness used language associated with linguistic models for 

anger, depression, and anxiety. Third, posts about loneliness were more likely to occur in the 

evening or night. 

Themes associated with people mentioning loneliness on Twitter are consistent with prior 

literature about substance use, emotional dysregulation, and troubles with relationships. For 

example, in one study, a high positive correlation was found between alcoholism and groups of 

lonely people, and lonely people were also found to express negative feelings towards 

relationships.34 This expression of negativity related to relationships is likely related to a 

hypervigilance to social threat, associated with loneliness.35 Lonely individuals were also 

reported to focus on overcoming past events as well as showing feelings of helplessness.35 

Association of users with posts including the words lonely or alone with linguistic estimates of 

anger, depression, and anxiety corroborate prior research, showing that loneliness and social 

isolation influence psychological functioning , specifically the ability to self-regulate 

emotion.2,3,36 Specifically, anxiety, anger, and negative mood were reported as higher in lonely 

young adults.37 Tweets by users with posts including the words lonely or alone were more self-

focused compared to the control group. Prior researchers have found that “first person singular 

pronouns are a modest linguistic marker of depression.” 38Also, previous research has shown that 

loneliness has been associated with greater self-disclosure in Facebook posts.39 This presents the 
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potential for early identification and assessment to intervene on loneliness as well as mental 

health conditions for this group.    

Trends in temporal variation in posting may reflect that sleep deprivation can contribute to social 

withdrawal and loneliness.40 This finding corroborates prior research associating loneliness with 

diminished sleep quality.36 A better understanding of the temporality of posting could inform 

timing of interventions designed to address loneliness, as well as provide insight for other 

researchers to test the inter-relationships between loneliness and the motivations for using social 

media during nighttime. 

Loneliness is known to be one of the primary underlying causes and correlates for chronic 

mental health conditions.41 As loneliness is becoming increasingly recognized as a public health, 

several groups have taken action to address it. For example, the United Kingdom appointed a 

Minister for Loneliness who is responsible for addressing loneliness within communities.42 

CareMore, a health plan and delivery system providing care for enrollees in Medicare Advantage 

and Medicaid health plans in seven states across the U.S., launched the “Togetherness Program” 

in a clinical setting to address loneliness in elderly patients.43 Through this work, CareMore 

reported that participation in exercise programs increased by 56.6%, emergency room utilization 

decreased by 3.3%, and hospital admissions among participants were 20.8% lower per thousand 

compared to the “intent to treat population.” 44 Additionally, social network interventions 

targeting loneliness have been found to be effective in reducing social isolation among 

individuals with severe mental health conditions but these interventions are not included in the 

treatment plans for individuals with a mental illness.45,46
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Considering the advantage of large sample sizes and also the association between increased 

social media usage and individuals mentions of loneliness, it is promising to use natural language 

processing and machine learning to automatically identify a person mentions the words alone or 

lonely on Twitter to inform interventions targeted at early identification and support for affected 

and at risk individuals with the caveat that social media users are not representative of a random 

sample of individuals. To address loneliness will require being able to identify it passively, 

remotely, and over time. Many people rarely visit a healthcare provider so would miss the 

opportunity for screening. Approaches for treatment will also need to harness the tools and 

technologies that are accessible and integrated with the things people use every day (e.g. mobile 

phones). Future interventions would have to potentially rely on digital phenotyping of loneliness 

and using digital platforms (e.g. text messaging) to complement human-to-human interaction 

strategies to treat loneliness.

In this first study, our aim was to characterize loneliness mentions based on users’ entire 

timelines. Future studies could perform a time-series analysis of the temporal variations 

associated with loneliness mentions. Further, works should also validate whether the 

characteristics of people who are using the words ‘lonely’ or ‘alone’ on Twitter can be used to 

track community health risks, particularly, the risk of social isolation. Other studies should 

replicate the findings in this study using more formal ground truth such as surveys and extend 

this work to investigate if Twitter can potentially map regional hotspots of loneliness to identify 

problematic loneliness for community public health monitoring. 

Limitations and Ethics
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The study sample consists of social media users and is not representative of the general 

population. An estimated 40% of US adults using Twitter are between the ages of 18 and 29, so 

our analysis is skewed towards younger people.47 An automated machine learning tool could be a 

low-cost method to potentially detect posts about loneliness or being alone that may occur with 

other concerning signals from digital sensors (e.g. changes in sleep, activity, purchases). Though 

Twitter is far from perfect to be used as a diagnostic tool, these signals could trigger could then 

be referred to more formal screening methods or support resources.48

Considering we identified that 76% of users’ tweets indicated presumably feeling lonely in the 

sample we hand coded, posts mentioning the words alone or lonely may have been metaphorical 

or non sequiturs. Researchers who coded the topics were attempting to identify these associations 

by looking at twenty messages each with the highest topic prevalence to identify themes, and we 

acknowledge that this can be subjective. Also, considering the inclusion criteria based on number 

of tweets mentioning alone or lonely, we are potentially selecting users with more posts than the 

average twitter user. Further, the effects presented in this dataset may not be specific to 

loneliness considering the potential comorbidity with mental health conditions such as 

depression. 

Social media use seeks to connect people but it also has been associated with increased perceived 

social isolation.49 It is unclear if social media use causes perceived social isolation or if perceived 

social isolation causes social media use. The feasibility of social media-based assessments of 

loneliness mentions (and mental health more broadly) needs further assessment. Privacy of 

individuals is an ongoing concern, especially with social media users not fully realizing the 
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amount of health insights that can be gleaned by their online posts. Employers and insurance 

companies, for example, may be motivated to derive these assessments, but could use these 

insights against those suffering from mental illness. As mental illnesses carry social stigma and 

may engender discrimination, data protection and ownership frameworks are needed to make 

sure the data is not used against the users’ interest.50 Further, transparency about which indicators 

are derived by whom for what purpose should be part of ethical and policy discourse. There are 

also open questions around the impact of misclassifications, and how derived mental health 

indicators can be responsibly integrated into systems of care. 51

Conclusions

In this study we characterized mentions of loneliness on Twitter at the individual level. 

Furthermore, we identified specific contexts, themes, and traits in the posts of individuals 

mentioning loneliness on Twitter. As loneliness is a public health challenge, a better 

understanding of how loneliness is described online can inform tracking of loneliness and 

interventions targeted at addressing this important public health problem in regards to the 

behavior of lonely individuals that may be at risk of developing a severe mental health condition.
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Figure legends

Figure 1: Words/Phrases more likely to be posted by Twitter users with a) posts including 

the words lonely or alone compared to the b) control group. 

Word size indicates the strength of the correlation and word color indicates relative word 

frequency. (p<0.001, Bonferroni p-corrected)

Figure 2: Temporal variation showing diurnal patterns of post frequency of both the users 

with posts including the words lonely or alone and control group. 

The dotted line indicates the percentage of posts at different hours of the day by the group of 

users with at least 5 posts containing the word ‘lonely’ or ‘alone’ and the solid line indicates 

users who do not have any posts about loneliness. The x-axis represents the hour of the day each 

post occurs and the y-axis indicates the number of posts for each group.
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Words/Phrases more likely to be posted by Twitter users with a) self-reported loneliness (Individuals with at 
least 5 posts with the words ‘lonely’ or ‘alone’ group compared to the b) control group. 
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Temporal variation showing diurnal patterns of post frequency of both the ‘lonely’ and ‘control’ groups. 
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