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Abstract

Online communities can promote illness recovery and improve well-being in the cases of many 

kinds of illnesses. However, for challenging mental health condition like anorexia, social media 

harbor both recovery communities as well as those that encourage dangerous behaviors. The 

effectiveness of such platforms in promoting recovery despite housing both communities is 

underexplored. Our work begins to fill this gap by developing a statistical framework using 

survival analysis and situating our results within the cognitive behavioral theory of anorexia. This 

model identifies content and participation measures that predict the likelihood of recovery. From 

our dataset of over 68M posts and 10K users that self-identify with anorexia, we find that recovery 

on Tumblr is protracted - only half of the population is estimated to exhibit signs of recovery after 

four years. We discuss the effectiveness of social media in improving well-being around anorexia, 

a unique health challenge, and emergent questions from this line of work.
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INTRODUCTION

Participation in social media platforms and online communities is linked to improved well-

being and health outcomes [29]. These platforms act as a constantly available and conducive 

source of information, advice, and support [27, 44, 46]. Community participants also gain a 

means to learn about the day-to-day aspects of a particular illness, treatment side effects, and 

managing a personal health challenge [14].
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For those struggling with challenging mental health conditions, the role of these platforms in 

promoting better health is unclear. Examples of conditions include eating disorders, the most 

prominent of which is anorexia [4]. In their well-established cognitive behavioral theory of 

anorexia, Fairburn, Shafran and Cooper identify anorexia in individuals with unusual beliefs 

about food, eating, body shape, weight, and appearance[15]. The Diagnostic and Statistical 

Manual of Mental Disorders (DSM) identifies anorexia to be the mental illness with the 

highest mortality rate [1].

On social media platforms, users have reappropriated a general-use space to discuss health 

topics, and in some cases, these discussions promote dangerous actions. Some individuals 

that self-identify with anorexia encourage, maintain, and glorify the disorder as a legitimate 

lifestyle choice rather than a psychosocial disorder [17, 25]. In some extreme cases, 

individuals in these communities demonstrate pro self-mutilation and pro-suicide sentiments 

[18, 33]. Individuals with higher exposure to this content are more likely to accept it as 

normative behavior [63], and the promotion of these dangerous sentiments could be a major 

challenge towards recovery [2, 24]. Social media sites like Tumblr and Instagram have been 

the subject of public debate and controversy for the continued presence of anorexia and self-

harm content1, 2 [63].

However, many of these platforms also have thriving “recovery” communities. A recovery 

community is a group of users that discuss the health challenges of mental disorders, 

promote treatment options, and serve as support for users who are recovering from mental 

disorders. Recovery communities exist for anorexia in the same social networks that house 

communities promoting anorexia [70]. Studying both communities, the tensions that develop 

between them, and the users that frequent them is of interest to researchers drawn to 

improving anorexia recovery outcomes. However, research has underexplored recovery 

attempts amid the “anti-recovery” perspective we see on social media [17].

In the light of the above discussion, our central research question involves examining the 
role and efficacy of Tumblr as a platform for sustained recovery from anorexia. We make the 

following contributions:

(1) Using a hybrid methodology that integrates text processing and human 

annotations, we identify users who shared anorexia-related content as well as 

showed signs of recovery in their social media posts.

(2) We develop a robust statistical model based on survival analysis to estimate 

recovery over time in our user population. Survival analysis offers “time-to-

event” data analysis and is widely adopted in the randomized control trial 

literature [35].

(3) Using our survival analysis over a large dataset of over 10,000 Tumblr users and 

over 68 million posts, we identify a number of measures that are likely linked to 

anorexia recovery—body image concerns, behavior, cognition, and affect—

based on the cognitive behavioral theory of anorexia [15]. We observe that (a) 

1http://techcrunch.com/2013/06/20/over-a-year-after-new-content-policies-self-harm-social-media-still-thrives/
2http://www.huffingtonpost.com/laurenduca/thinspiration-banned-frominstagram_b_3829155.html
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the estimated time to begin recovery for half of the population is 45 months, and 

(b) over a six year trajectory, only 56% of our study body is estimated to show 

signs of recovery on Tumblr.

Our results indicate that anorexia recovery on Tumblr is protracted; our data call into 

question the long-standing belief that health communities are universally beneficial at 

encouraging and sustaining positive health outcomes. An important implication of our work 

is that a challenging psychosocial disorder like anorexia may require significantly different 

approaches toward encouraging recovery, given the large and vocal presence of a pro-

disorder community on social media. Additionally, our work also helps to better understand 

the potential trajectories of anorexia recovery from pro-anorexic sentiment by leveraging 

behavioral traces captured in social media, as well as attributes of participation in these 

platforms that predict this valuable behavior change. We discuss some of the potential 

implications of using a platform like Tumblr as a health community and the conflicts that 

arise out of these clashing communities.

Ethics, Privacy, and Disclosure

This paper used publicly accessible Tumblr data to conduct our analysis. No personally 

identifiable information was used in this study. Quotes taken from users have been slightly 

modified to protect the identity of these users. Because we did not interact with our subjects 

and the data is public, we did not seek institutional review board approval. Our work does 

not make diagnostic claims. Some quotes in this paper are graphic.

BACKGROUND AND MOTIVATION

Studies on Anorexia and Anorexia Recovery

The cognitive behavioral theory of anorexia by Fairburn, Shafran, and Cooper [15] has been 

widely adopted in the psychology and clinical research literature to examine attributes of 

recovery in anorexia patients. In this theory, anorexia is characterized by food restrictions 

through self-starvation and a fear of gaining weight. It also identifies the typical anorexia 

patient to be introverted, isolated, withdrawn, or depressed, and someone who tries to live up 

to the expectations of others. Another notable attribute of those with anorexia is Cognitive 

impairment associated with distorted information processing and dysfunctional styles of 

reasoning. In the light of these attributes, numerous definitions of recovery, both clinical and 

psychological, have been proposed [5, 64, 59]. Typically, recovery onset is characterized by 

a change in attitude toward body image and ingestion, and improved cognitive functioning, 

self-efficacy, and social cohesion [47, 52].

Clinicians and behavioral scientists have also investigated temporal patterns of anorexia 

recovery, and scientists have been especially interested in identifying predictors of recovery 

[23, 59]. In a notable project, Strober et al. [60] performed a longitudinal study of an 

anorexic population lasting 10–15 years. Following clinical recovery, nearly 76% of the 

population recovered within 57–79 months. A surprising finding of this work was the small 

number of identifiable predictors of recovery, compared to predictors of anorexic behavior. 

Other work has found that the factors contributing to recovery from anorexia are supportive 

of non-familial relationships, therapy, and maturation [64]. Psychological research on online 
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discussion of anorexia and its recovery has primarily analyzed self-expression and self-

presentation [68, 39, 69]. Wolf et. al. [69] analyzed eating disorder, recovery, and unrelated 

control blogs for linguistic differences; they found that language attributes were particularly 

predictive for classifying these communities.

However, there are known limitations to the accuracy of self-reported information in 

anorexia recovery. Self-reported information is commonly gathered through interviews, 

questionnaires, and writing tasks, and these metrics are used to assess and evaluate progress 

of an eating disorder or movement into recovery. The social stigma and controversial nature 

of anorexia, however, make these traditional methods unreliable because feelings of denial, 

shame, and embarrassment influence response patterns and encourage participants to 

minimize their feelings [61, 65]. In other words, participants in these clinical trials are 

known to self-censor or modify their expression to avoid these negative emotions. 

Additionally, studies of the anorexia recovery experience are frequently limited to clinical 

in-patients [64]. Many who suffer from anorexia and eating disorders never receive the help 

of clinicians or mental health professionals because of the stigma associated with these 

disorders.

While clinical work is a key component to learning more about anorexia recovery, it may 

miss an important group of people and emotions we believe are accessible through another 

source—social media. Moreover, the semi-anonymous nature of the Tumblr platform is 

likely to encourage candid social exchange and self-disclosure, including less conscious 

manipulation of text [32]. Analyzing text on these platforms offers researchers a non-

intrusive and non-reactive way of identifying factors linked to anorexia recovery.

Online Health Communities

A rich body of work in HCI has also revealed how individuals appropriate online platforms 

and use them to seek health advice and support in unconventional ways. People afflicted by 

medical conditions often find support via online health communities [14, 54]. One study 

suggests that 30% of U.S. Internet users have participated in medical or health-related 

groups [31]. Besides support, these communities serve a range of purposes that include 

seeking advice [31], connecting with experts and individuals with similar experiences [14, 

58, 22], sharing concerns around treatment options [14], sensemaking [42] and 

understanding professional diagnoses [53], enabling better management of chronic health 

conditions [43, 29, 30], and fueling discussions with healthcare providers [14]. In this light, 

approaches to community building have been proposed [20, 66], and the role of participation 

in such communities toward promoting ailment recovery and coping has been examined in a 

number of different domains, such as cancer and diabetes [58, 28, 41]. Our investigation in 

this paper is motivated from this line of research. This body of work has not explored 

recovery and coping for conditions like anorexia. We fill gaps in this space by examining the 

role and effectiveness of a social media platform harboring communities with both pro-

disorder and pro-recovery attitudes in promoting sustained recovery.
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Social Media, Health, and Well-Being

Inference of Health Outcomes—Prior research shows the potential to learn about health 

and well-being through linguistic and behavioral analysis of social media data [50, 45, 12, 

26]. De Choudhury et al. [11] analyzed how new mothers’ risk to postpartum depression 

may be detected from Facebook content. MacLean et al. [40] analyzed the text content of a 

prescription drug abuse forum to learn about recovery and relapse patterns among users. 

These studies show that valuable information about psychological states is contained within 

social media content, and that computational techniques can use the linguistic attributes of 

such content to understand, detect and predict health status. However, the majority of these 

techniques that rely on supervised learning techniques, such as regression, classification and 

statistical hypothesis testing, may be inadequate to examine shifts in health states over time. 

Our work incorporates survival analysis [35] to examine temporal trajectories of the 

likelihood of change in health status (i.e., recovery from anorexic attitudes in social media).

Social Media and Anorexia—Most prior work in social media and anorexia has used 

qualitative methods to examine blogs and their discourse about the condition [3, 16, 38, 57]. 

A few quantitative investigations have recently been conducted [62, 10, 6]; notably, Yom-

Tov et al. [70] examined the activity patterns of and interactions between Flickr communities 

that promote anorexia and those who promote awareness against this condition. In the HCI 

community, research on eating disorder and anorexia communities is limited. One recent 

study examined behavior practices of the pro-eating disorder communities before and after 

Instagram banned tags related to the disorder [6]. None of these works systematically 

investigated recovery experiences of social media users identifying with anorexia or 

explored temporal recovery trajectories in social media. Our investigation in this paper is 

motivated from these lines of research.

DATA

Our investigation uses data from Tumblr, a microblogging service owned by Yahoo!, where 

users post text and multimedia content to a short-form blog. To build our dataset, we 

proceeded in three phases.

Phase I: Collecting Pro-Anorexia Data

For our initial data collection, we adopted an approach used in prior work on examination of 

eating disorders and anorexia on social media sites like Tumblr and Instagram [10]. We first 

manually examined Tumblr blogs mentioning common eating disorders and their associated 

anorexia symptomatology tags. Based on a snowball sampling approach during this 

inspection phase, we obtained an initial list of 28 tags. We examined the cooccurrence of 

other tags with these seed tags and applied filtering of generic tags (e.g., “fat”). This process 

expanded our tag list to 304 tags. Examples of these tags include “proana”, “anorexia”, 

“thighgap”, “thinspiration”, “thinspo”. We used the Tumblr API to search for posts 

containing any of these tags. In the process we collected 55,334 public English language 

posts generated by 18,923 unique users.
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Phase II: Obtaining Historical Data of Users

In the second phase, we started with our set of 18,923 unique users and retained only those 

who were still active in Tumblr (since the posts in the first phase were spread over a period 

of time i.e., between 2008 and 2013, some users were no longer on the platform during the 

second phase). This left 13,317 active users. For each user we crawled their entire Tumblr 

history along with their profile information. These include users’ activity information (total 

posts since account creation), the total likes on posts, whether post likes were set to be 

visible to any other Tumblr user, whether they set ‘ask’ (questions) to yes and ‘ask’ 

(questions) by anonymous users to yes, and whether their profile is set to share NSFW (“not 

suitable for work”) content. We also gathered post metadata: user id, tags, timestamp, the 

number of notes (or comments) it received, the number of likes, and users’ activity 

information from their profile (total posts since account creation).

Phase III: Identifying the Recovery Cohort

Our final task involved identifying a candidate set of users who are likely to be recovering 

from anorexia. We leveraged findings from prior work on expression of recovery tendencies 

on social media—this literature has identified that social signal of posting to certain specific 

tags can be a strong indication that a user desires to recover [70, 62, 10]. Such tags have 

been found to include the identifier/tag “recovery”. Based on this observation, we obtained a 

random sample of 1000 posts containing the regular expression “*recover*”. Next, two 

researchers manually went through the tag list to identify and compile a set of tags co-

occurring with the recovery tags for these posts. This was to find only those co-occurring 

tags which had cues associated with anorexia recovery, e.g., “fighting”, “edsoldier”. Table 1 

lists example tags in our sample. Similarly, we compiled a set of tags with the regular 

expression “*relaps*” which has been found to be indicative of intent toward anorexia 

relapse [10]. Taken together, any user who used any of the recovery tags in at least five 

distinct posts but did not use any of the relapse tags were considered to belong to the 

“recovery cohort”. We refer to the rest of the users as the “non-recovery cohort”. Figure 1 

illustrates the various steps involved in our data collection and preparation process toward 

identifying these two cohorts. For illustrative purposes, we enclose example of a 

(paraphrased) post from a recovery cohort user:

I have a clear mind and a peace I’ve never known and that’s all thanks to recovery. 

Recovery isn’t easy but it is defiantly [sic] worth it. #edrecovery #anarecovery

Similarly, the following is a paraphrased post from a user in our non-recovery cohort:

I did a half fast yesterday to ease my body into my water fast today, & I’ve already 

lost weight! #thinspo #thinsperation

Finally, we evaluated whether the users included in our recovery cohort shared Tumblr 

content containing signs of recovery. Two researchers familiar with Tumblr and pro-anorexia 

content online and a clinical psychologist with expertise in eating disorders and self-harm 

independently evaluated the correctness of the above method. They manually read through 

the posts of a random sample of 150 users from our recovery cohort, marking (yes/no) 

whether each user indeed posted content that signaled their desire to recover. Since a single 

post may not be indicative of the user’s inclination to recover, the researchers used a set of 
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three posts per user in the set of 150 users. The raters had high agreement (Cohen’s κ=.83) 

and found that 81% of the users were correctly identified by our method to be in recovery.

Table 2 gives summary statistics of the data in the recovery and non-recovery cohorts. There 

were 2,353 users in our recovery cohort (25,710,069 posts) while 10,964 in non-recovery 

(42,670,306 posts). The posts across both cohorts were shared between Feb 20, 2007 and 

Aug 4, 2014.

METHODS

Models for ‘Censored’ Data

In human subjects research, one limiting factor across many disciplines is time; study 

periods are not long enough to observe with certainty whether an event of interest has 

happened. Clinical research indicates that anorexia recovery is challenging and can take 

many years [60]. Researchers have tried to analyze the probability of recovery during the 

study period using conventional statistical techniques (chisquared test), yet these tests have 

two problems. First, conventional statistical techniques cannot account for the non-

comparability between subjects [21], and second, simply ignoring subjects that never 

experience the event of study produces biased underestimates of survival [55]. To address 

this challenge, we borrow techniques from survival analysis methods that have been widely 

adopted in the randomized control trial literature [35].

Formally, survival analysis is a collection of statistical procedures for analyzing longitudinal 

data where the outcome of interest is time until an event occurs [8]. These techniques are 

well-suited for scenarios where subjects encounter the event of interest at varying times, 

cases where they might not even experience the event during the entire observation period, 

or subjects are lost during the study [49, 67].

In order to employ survival analysis in the context of our research problem, we begin by 

defining the following terms:

Recovery Event—Our event of interest is the “recovery” event. A user is said to have 

experienced the “recovery event” if they belong to our identified recovery cohort; that is, 

they have posted at least five successive posts using a recovery-related tag. We refer to these 

individuals as recovering.

Survival Time—The survival time is the time until an individual experiences (in this case 

the “recovery event”). We measure this in months. For an individual in the non-recovery 

cohort who never experience the recovery event, survival time is equal to the entire timespan 

of the user’s collected posts.

Survival Function—The survival function S (t) yields the probability that an individual 

survives longer than some specified time t, called the survival probability. Since events are 

assumed to occur independently of one another, the probabilities of surviving from one time 

interval to the next can be multiplied to yield the cumulative survival probability.
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Hazard Function—The hazard function H(t) gives the probability that an individual who 

is under observation at a time t will experience the event of interest at that time (known as 

the hazard rate). While the survivor function focuses on cumulative event non-occurrence, 

the hazard function focuses on the event occurrence and relates to the current event rate [8].

Censoring—Censoring is an important concept in survival analysis and is used to 

represent cases of missing data. It occurs when we do not know the exact survival time of a 

user, or information about their survival time is incomplete. For example, consider a Tumblr 

user with posts until the day our data collection ended (Aug 4, 2014). If the user did not 

recover by the end of the study, we know that their survival time is at least as long as the 

study period. However, it is possible that they experience recovery after the study ends. In 

this scenario, we do not know the exact survival time of the user. Figure 3 illustrates the 

possible cases where censoring will occur in our study. Here we only have cases where the 

exact survival time becomes incomplete at the right side of the observation period. This is 

referred to as right censored data.

Why not use linear regression to model the survival time (time taken to experience the 
“recovery” event, in our case) as a function of a set of predictor variables? First, survival 

times are typically positive numbers; ordinary linear regression may not be the best choice 

unless these times are first transformed in a way that removes this restriction. Second, and 

more importantly, ordinary linear regression cannot effectively handle the censoring of 

observations. Unlike ordinary regression models, survival methods correctly incorporate 

information from both censored and uncensored observations in estimating important model 

parameters.

Statistical Technique

To determine the rate of recovery, we used the Kaplan-Meir estimator for survival analysis 

[34]. This method provides an estimation of the survival function when the underlying data 

is censored (as in our case). It estimates the probability of not having the recovery event (i.e. 

to survive or be in the anorexia state) as a function of time. This is the same as finding the 

chronological sequence distribution of survival probabilities. The corresponding probability 

plot is called the survival curve while the tabular representation is referred to as the life 

table. The median survival time is the time at which one half of the entire cohort recovers.

To find the effect of various factors on the time to recovery, we used the Cox proportional 

hazards regression model [9]. It is a survival analysis regression method that describes the 

relationship between the event of interest (in our case, the “recovery event”) and the factors 

that affect the time to that event occurrence. It allows us to estimate the change in the 

survival probabilities with change in these potential factors. It especially fits our research 

because Cox modeling does not assume the survival times to follow any particular statistical 

distribution, unlike most other statistical models.

Measures

We offer a number of content and participation measures for the Cox proportional hazards 

regression model that predict anorexia recovery. We base these measures on observations in 
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prior literature as well as attributes of the Tumblr platform. Our measures are derived from 

psychological studies of language use [7] that indicate how different linguistic constructs 

capture diagnostic information about a wide range of psychological phenomena, ranging 

from psychiatric disorders, suicidal ideation to responses to a trauma-related upheaval [48, 

56]. To characterize content and linguistic constructs of Tumblr content in a systematic and 

semantically interpretable way, we use the popular psycholinguistic lexicon LIWC (http://

www.liwc.net) [51]. Finally, we frame the choice of our content and participation measures 

in the light of the cognitive behavioral theory of anorexia nervosa described above [15]. 

Recall that this theory discusses cognitive attributes and thought patterns associated with 

anorexia nervosa. We propose four measures:

Body Image Concerns—To capture attributes relating to idealized perceptions of body 

image and the desire for thinness among anorexia sufferers [15, 18], we include measures of 

the volume of ingestion, body, and health words in the content shared by users — these 

words and their corresponding categories were obtained from the LIWC dictionary.

Behavior—The cognitive behavioral theory of anorexia finds particular behavioral 

signatures in anorexic individuals [15]. We consider the following measures of social 

engagement and nature of interactions that have been examined in prior social media 

research in the context of mental health [11, 45]. Psychology literature further indicates that 

these attributes reflect an individual’s well-being status [7]. (1) ratio of text to photo posts 

(prior literature indicates pro-anorexia to have a strong visual expression component [70]); 

(2) ratio of text to video posts; (3) total number of posts of a user since their account 

creation; (4) posting entropy, or variability of text versus image versus video post, of a user 

over time; and (5) length of posts. We further include the following features indicating 

community-centric interactions: (5) whether a user has ‘likes’ on their profile posts publicly 

visible; (6) whether user’s profile allows NSFW (“not suitable for work”) content sharing; 

(7) whether the user allows question asking by another Tumblr user; (8) whether they allow 

questions from anonymous users; and finally (9) whether the users share ‘like’ information 

displayed on their profiles.

Cognition—To measure cognitive processes related to anorexia, we again use LIWC: (1) 

Perception and Regulation: comprising cognitive mech, inhibition, insight, death. (2) 

Temporal References: consisting of the three tense verbs past, present, and future tense. (3) 

Interpersonal Awareness and Focus: comprising words that are 1st person singular and plural 
pronoun, 2nd person pronoun, and 3rd person pronouns. (4) Verbal Fluency:the average 

length of a post. (5) Abusive Language Use:words in LIWC’s “Swear” category.

Affect—Finally, we measure affect to characterize emotional expression in Tumblr content. 

We represent affect as normalized positive affect (PA), computed as the ratio of LIWC words 

in the positive emotion category, to those in the negative emotion, anger, anxiety, sadness 
categories together.
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RESULTS

Survival Analysis

Figure 4 graphs the cumulative probability of experiencing recovery as a function of time. 

Using the Kaplan Meir estimator for survival analysis, the median time to recovery is 45.6 

months. In other words, after 45.6 months, 50% of the user population have not recovered. 

Probabilities of recovery are also listed for periodic intervals up to 6 years in the life table in 

Table 2. We see that the probability of recovery 2 years after being on Tumblr is only 16%, 

while at year 6 it is at 56%. Table 2 underscores that the time course of recovery over the 

first several years is protracted (i.e., significant lengthening of the time to show signs of 

recovery in Tumblr content). In fact, as indicated in the survival curve, the likelihood of 

recovery beyond the 5 year mark (~60 months) is very low – the graph almost shows a flat 

trend.

Survival curves can estimate the likelihood that a Tumblr user who has not recovered at a 

specific time point will remain anorexic for an additional length of time (calculated by 

dividing the probability of not recovering at Time tj by the probability of the same at Time ti, 
where j > i). For example, the probability that a user who did not discuss recovery on 

Tumblr by Year 2 would remain anorexic for another 2 years is 0.28/0.52 = 53.8%. If she 

does not recover in 3 years, the probability of remaining anorexic for another 3 years is 

0.39/0.56 = 69.6%. As the time of not recovering increases, the likelihood of ever 

experiencing recovery decreases. This finding aligns with prior work in the anorexia 

literature where symptomatic recovery patterns had been examined [52].

Recovery Models and Goodness of Fit

In this subsection, we report the goodness of fit of a number of different Cox regression 

models that estimate the survival probability of users in our data (in other words, the 

likelihood of experiencing recovery). With the four different categories of measures 

identified in the Measures section, we report on five models. The first four models 

correspond to the four measure categories, and the fifth includes all measures from all 

categories. We refer to them as: BodyImage, Behavior, Cognition, Affect, and 

Full models in the rest of this paper. Examining each model separately allows us to 

compare the four different categories and their role in inferring the likelihood of recovery in 

our data.

First, we evaluate the goodness of fits of all five of our Cox regression models with 

deviance. Deviance is a measure of the lack of fit to data—lower values are better. 

Compared to the Null model, our models provide considerable explanatory power with 

significant improvements in deviances. The difference between the deviance of the Null 

model and the deviances of the other models approximately follows a χ2 distribution with 

degrees of freedom (df) equal to the number of additional variables in the more 

comprehensive model. As an example, comparing the deviance of the Behavior model with 

that of the Null model, we see that the information provided by the corresponding variables 

has significant explanatory power: χ2(10, N = 13, 317) = 5294.57 – 739.55 = 4, 555.02, p < 

10−6. This comparison with the Null model is statistically significant after the Bonferroni 
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correction for multiple testing (  as we consider five models). We observe similar 

deviance results for the BodyImage, Cognition, Affect and Full models, with the 

last model possessing the best fit and highest explanatory power (χ2(26, N = 13, 317) = 

5294.57 – 214.15 = 5080.42, p < 10−10).

Table 4 shows the overall Cox model fit by listing the likelihood ratio, Wald and chi-square 

statistics, and the concordance measure. The Full model showed the lowest deviance (refer 

Table 3), so we report expanded statistics on this model. The tests that generate these 

statistics are equivalent to the omnibus null hypothesis that all β coefficients are zero. 

Because the tests shown in Table 4 are statistically significant (Wald statistic z = 567.4, p < 

10−15) we reject the null hypothesis, indicating that the variables we consider in our Full 

model contribute towards significant explanatory power of estimating the likelihood of 

recovery. We also note that concordance is a generalization of the area under the receiver 

operating characteristic (ROC) curve and measures how well a model discriminates between 

different responses. Specifically, it is the fraction of the pairs of observations in the data, 

where the observation with the higher survival time has the higher probability of survival 

predicted by the model [21]. A concordance of greater than 0.5 generally indicates a good 

prediction ability (the value of 0.5 denotes no predictive ability). The concordance for the 

Full model is very high (65.8%), and is higher by 14–26% compared to our other models.

What Predicts Recovery?

Predictors of recovery were estimated using the Cox proportional hazards model. Table 5 

lists the 26 predictors and their associated β coefficients along with their hazard ratios for 

the Full model. The hazard ratio for a variable denotes the likelihood of a user recovering 

with one unit increase in the value of the corresponding variable. A hazard ratio smaller than 

1 indicates a decreased daily chance of recovering (i.e., increased survival rate), while a 

hazard ratio larger than 1 indicates an increased chance to recover.

In this section, we discuss how different measures from the four different classes—body 

image concerns, behavior, cognition, and affect, relate to predictions of recovery.

Body Image—Reduced body image concerns and increased focus on health and ingestion 
positively impact the likelihood of anorexia recovery.

Increased use of health and ingestion words in Tumblr posts is linked to greater likelihood of 

recovery. The strongest predictor for recovery in our cohort is discussions about health. 

Users who mention health words increase their monthly hazard of recovery by a factor of 4.1 

× 105 (β = 12.9, p < 10−3). These users express awareness about the severity of anorexia, 

low body weight, and food restriction as a health risk. Recovering users thus largely use 

Tumblr as a way to publicly demonstrate their altered perceptions about self-starvation and 

positive attitudes towards resuming a healthy lifestyle in addition to exhibiting evidence of 

self-acceptance of their physical appearance:

“Your weight is only healthy when you are.” (recovered)

Chancellor et al. Page 11

Proc SIGCHI Conf Hum Factor Comput Syst. Author manuscript; available in PMC 2017 August 22.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



“A while ago, a girl asked her friend why she smoked. When she answered ‘i can 

become anorexic or keep smoking’ and then laughed I just wanted to scream and 

make her realise that ANOREXIA IS REALLY THAT BITCH.” (recovered)

Other users acknowledge the danger of anorexia and compared the danger of such illnesses 

to other conditions, like depression or diabetes.

“I do not encourage any type of depression, eating disorder, bipolar disorder, this is 

just a blog to represent the mess in my brain. I AM NOT PRO-ANA OR PRO-MIA 

because this is the stupidest thing I ever heard, eating disorders are ILLNESSES, as 

well as Cancer, you wouldn’t be PRO-CANCER would you? This is the same..” 

(recovered)

Improved recovery was also found alongside discussions of ingesting or eating food. Words 

in this category increased our monthly hazard rate by a factor of 3.7 × 103 (β = 8.2, p = 

10−3). Posts with these words often show a preoccupation with food, nourishment, and 

eating. It may be surprising that preoccupation with food shows inclination to recovery. 

Often, however, individuals with anorexia are more focused on their bodies and a focus shift 

from their physical appearance to food shows movement into recovery [5].

“Meal 1 at three pm Taco bell bean and cheese caloopa Meal 2 at midnight pasta 

Additional foods Half a chicken quesidia , chips and cheese , donuts Today i finally 

weighed in at 105 pounds!!! Only ten more to go till my goal of 115 . So proud of 

myself for coming this far .” (recovered)

Yes, you should really feed yourself. No more of this sitting around for an hour 

with your cup of coffee trying to figure what you want. Eating is essential. There is 

never a time when skipping a meal is the right answer. Go eat, because you have a 

life to live. (recovered)

However, posts with body words that capture general “body talk” negatively correlate with 

recovery in our data (β = −19.9, exp(β) = 2.08 × 10−9(p < 10−3)). These posts offer dietary 

strategies, fasting regimes, sharing ‘safe’ food or low-calorie foods that users have tried, 

ways to purge, diet pills, or diuretic abuse. Discussions of specific body parts or how the 

body looks can also be found here.

I am on the scale and all what I can think of is how fat and ridiculous I am. So I 

don’t eat, and if I do, I’d purge. But I don’t really care […] I want to be skinny and 

I don’t care if I die doing this. But at least I will be skinny in heaven if not on earth 

(did not recover)

You do it because you think your body is cute for when your boyfriend picks you 

up, he feels the thigh gap not the flesh. But I do it because the voices in my head 
tell me I dont have any other choice. (did not recover)

Behavior—Greater social engagement, including increased self-disclosure, increases the 
likelihood of anorexia recovery.

Next, we observe increased chance of recovery with sharing more text posts than image 

posts (hazard ratio is increased by one unit; β = 3.5 × 10−3, p < 10−3). Longer length of 
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content is linked to increased self-disclosure, which may have positive therapeutic 

implications [32]. Further, higher post entropy and greater posting activity (in terms of post 

counts) increases likelihood of recovery; if there is more variability in how users engage 

with or share content on Tumblr, the chances of recovery increases. This finding aligns with 

prior literature on social media use and experience of depression [12].

Cognition—Cognitive mechanisms are a significant predictor in estimating recovery — 

improved cognitive functioning, ruminative attitude, reduced focus on self-injury and death 
and lowered self-attentional focus increase the likelihood of anorexia recovery.

Research has shown that anorexic individuals in recovery have improved cognitive 

functioning. They speak more insightfully, use more cognitive mechanisms, and inhibition 

words [39]. Posts that show this self-reflective shift and connection to their own cognition—

through use of cognitive mech, inhibition, and insight words—are associated with improved 

odds of recovery on Tumblr.

I now know I no longer feel fat. Now I no longer feel incomplete and abandoned. 

(recovered)

You’ve made a decision. You won’t stop, you won’t abandon. The pain is 

necessary, especially the pain of hunger. It reassures you that you are STRONG, 

can withstand anything, that you do NOT have to admit to your body, that you don’t 

have to give into its whining. (recovered)

However, a cognition measure that has negative correlation with recovery is discussions of 

death, suicide, or other morbid thoughts (β = −7.17; exp(β) = 7.72 × 10−4). Further posts of 

these users also contain expressions of loneliness, distress, and self-hatred, as well as 

feelings of social isolation:

I hate when people say. That teenagers who self harm and think of suicide aren’t 

trying to kill themselves but actually trying to live. It might be true for some but not 

everyone. Because when I was up at night trying to cut open my wrists, hell no I 

wasn’t trying to live.. I was really trying to die. (did not recover)

When I was younger when I first heard about suicide I was shocked I didn’t know 

why anybody would kill themselves on purpose. all I can saw now is it’s funny how 

fast things can change… (did not recover)

Another strong predictor of recovery is discussions of past events and personal reflections on 

previous events. Users who discuss past events (indicated by the use of past tense words) 

increase their monthly hazard by a factor of 7.37 × 104 (β = 11.21, p < 10−3).

“I feel so bad. I feel guilty for not recovering faster. I want to restrict, binge, and 

purge, I really want to be thin…I feel guilty for not needing a tube, I’ve never had 
fortisip[a calorie-dense nutritional beverage often given to patients with eating 

disorders]…I was never put in the wheelchair, I’ve never passed out, I’ve never 

been sick. I don’t deserve recovery.” (recovered)

Chancellor et al. Page 13

Proc SIGCHI Conf Hum Factor Comput Syst. Author manuscript; available in PMC 2017 August 22.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Some posts are reflective and can be both regretful or nostalgic of past events, whereas 

others can be diary-style and may recall a certain period of events. Regardless of topic, using 

the past tense has a link to recovery.

“have so much i still need to do. 2010 shouldn’t be over, after all the stuff I 

planned, I followed through with nothing. […]. Next goal: lose 20 pounds before 

the season starts (putting things in writing gives it meaning, just like telling 

someone, etc.) and my life ends because no teams will ever want me. Thank God 

today is over. Night.” (recovered)

Heightened use of future tense words is linked to increased likelihood of recovery (1.64% 

increased monthly hazard rating). This suggests that these users are goal-oriented and look 

forward to the recovery process in the near future [23]. Likelihood of recovery also 

decreased when also found alongside higher self-attentional focus (indicated by greater use 

of first person singular pronouns), and heightened attention to people and objects (suggested 

by higher use of third person pronouns). Finally, greater use of abusive language (words in 

the swear category of LIWC) is associated with reduced likelihood of recovery.

Affect—Increased positive affect and attitude increases the likelihood of recovery.

Finally, likelihood of recovery is higher in users whose content exhibits a more pronounced 

hedonic focus on positive emotions and an objective outlook towards life, as indicated by the 

measure of normalized positive affect (PA) (hazard ratio exp(β) increases by a factor of 1.23, 

with β = 2.5, p < .02).

I love a life full of eating out with my loved ones, sleeping in if that’s what I want, 

getting married and having a family and I can’t do these with ana. Let it go away 

and live your life to the fullest and happiest. (recovered)

Summary of Findings—Our results show that only half of the cohort we study is 

estimated to experience the recovery event in ~4 years. Even at the end of a six year period, 

only 56% of this population is expected to move into recovery. Our Cox regression model 

reveals several markers predictive of recovery—increased activity on Tumblr, focus on food 

and nourishment, higher positive affect, and cognitive mechanisms and self-reflection.

DISCUSSION

Our findings show that social media can inform the study of anorexia recovery with 

information difficult to access through clinical or psychological studies. Using survival 

analysis, we can identify prospective factors associated with the likelihood of recovery in a 

large sample; thus we go beyond retrospective analyses of risk factors obtained from self-

identified clinical in-patients. Finally, we can longitudinally forecast changes in whether our 

users will begin to recover.

Implications and Future Directions

Health Practice and Research—Clinical studies of anorexia recovery have often been 

known to struggle with limited sample of those who suffer from anorexia and may therefore 
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provide biased results in favor of those who actively seek recovery [64]. Our work makes a 

first attempt at subverting these challenges by focusing on those not traditionally reached 

through clinical means—self-identified pro-anorexics, or those those who may not seek 

professional help directly. In general, we believe the observations from our approach can 

complement clinical work in understanding long-term patterns of anorexia recovery.

We also find text cues that indicate both increased likelihood of moving into recovery as 

well as markers that indicate maintenance of an eating disorder. Many of these indicators are 

indeed found in the cognitive behavioral theory of anorexia [15]. We also offer to identify 

several new markers based on social media community participation and engagement. Our 

work may lead to future research in behavioral health examining the presence of such cues 

across other social media. It can also enable clinical researchers examine how the cognitive 

behavioral theory of anorexia translates to those caught in the conflict between pro-anorexia 

and anorexia recovery in an online platform.

With new tools and knowledge may also come increased tensions with caregivers and 

physicians working with patients who use these platforms while seeking assistance with 

anorexia recovery. With patient consent, physicians could use online social media data like 

the kind we study here to assist in treatment and management of anorexia of their patients. 

However, access to this information may have other consequences. Analyzing social media 

data is an additional workload on already busy caregivers and physicians. Second, if a 

physician discovers that their patient has expressed self-destructive thoughts on social 

media, they might be bound by the duty to treat. When should a caregiver intervene if they 

see their patient moving towards relapse on social media? Incorporating social media data 

into caregiver treatment strategies will need to balance the benefits of more information with 

the potential workload and ethical considerations.

Social Computing and HCI Research—An impact of our work for social media 

research is exploring the nuances in how online health communities provide both support 

and resistance to the anorexia recovery experience. Anorexia recovery is difficult, protracted, 

and often times accompanied by significant relapses [4]. We see similar difficulties in 

maintaining recovery in our sample—56% of our cohort remained in recovery through our 

study.

Our research also shows that not all health communities may necessarily promote recovery 

or disease management as observed in the prior literature [14]. What could be some of the 

differences that leads to this outcome? The ecosystem of an otherwise general purpose social 

media Tumblr and the presence of the anorexia community brings to light the unique 

situation that these individuals face. In other illness support communities, few people, if any, 

come to promote the spread or maintenance of a condition like cancer, diabetes, or anxiety. 

In the context of anorexia, however, pro-anorexia communities exist and coexist in the same 

spaces as those interested in recovery. A tag as narrow as “anorexia” can contain posts 

ranging from graphic descriptions of self-harm to extreme diet ideas to positive affirmations 

and support.
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This is not to say, however, that because this population fared no better than clinical results 

and there are barriers to perfect adoption that social media cannot assist in anorexia 

recovery. In fact, there are several contexts in which platforms like Tumblr may be 

facilitating recovery. One way is that the community provides emotional support in times of 

need and isolation. Often times, those with anorexia suffer alone because of feelings of 

shame and loneliness [61, 65]. Social media platforms may be a first step to recovery by 

promoting a sense of togetherness and a place to openly share experiences and emotions 

with others. Tumblr also provides an emotional “safety valve” [13]. Rather than taking more 

dangerous or drastic actions (e.g., self-injurious behavior), those suffering can talk through 

their problems and avoid harmful behavior; social media like Tumblr offer a promising way 

to engage in disinhibiting and self-disclosing discourse.

Nevertheless, anorexia and associated disorders are unique because body perception and 

self-esteem are negatively impacted by social comparison and by consumption of images of 

idealized physical appearance [15]. Social media sites provide affordances around the 

discoverability of such content that impact one’s psychological state [63]. Therefore, in 

contrast to other health communities that offer support, there are opportunities on social 

media platforms to make design decisions that not only promote recovery and treatment 

efforts but also dissipate pro-anorexic behaviors.

(1) Enabling Provisions for Peer Support: Our survival analysis gives probabilistic 

estimates of the likelihood of recovery in the Tumblr pro-anorexia population. This data can 

be used by moderators, community managers, and designers to build mechanisms that 

channel timely support from the greater community. When lowered likelihood of recovery is 

predicted at a point in the near future, recommendations could appear in the Tumblr 

dashboard of individuals sharing pro-anorexia content. The system could, for instance, 

match up recovering anorexics so that they can receive and provide peer motivation. Further, 

our results demonstrate that positive affect predicts increased likelihood of recovery. 

Therefore, recovery-related posts from peers with high positive affect and encouraging 

group solidarity can promoted automatically in these users’ social feeds.

(2) Personal Behavior Change Tools: Our work can also assist in building reflective tools 

that promote behavior change toward and better management of the anorexia recovery 

experience. These tools include diary-centric tools built on top of social media platforms 

which would allow an individual to log artifacts (e.g., posts, images, links) they share on 

Tumblr along their recovery journey. Such aggregated logs, if desired and with consent, 

could be shared with a caregiver or a clinician, so that the caregivers can track the trajectory 

of their recovery process and make therapeutic accommodations. Should the posts of an 

individual signal the presence of a predictor associated with decreased likelihood of 

recovery, this information could be displayed in the tool’s interface, so that the individual 

can take appropriate action to mitigate the challenge. Candid discourse about health and 

ingestion correlates with anorexia recovery—the behavior change tools can also leverage 

these observations in an individual’s social feed to encourage expressive writing and self-

disclosure as helpful therapeutic practices [37].
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Ethical Considerations and Limitations

Ethical Considerations—Anorexia is a complicated and challenging psychosocial 

disorder, and social media platforms do not have any legal obligation to intervene in pro-

anorexia or pro-recovery communities. However, platforms that morally choose to do so 

must address several ethical considerations when interacting with users. Interventions should 

be delicately crafted to facilitate positive health outcomes. However, at what point do 

interventions designed to facilitate recovery become counterproductive or potentially 

manipulative? It is also important to consider issues arising with algorithmically-based 

interventions, like surveillance and forecasting of behavior. Privacy also is an important 

ethical issue with these kind of sensitive data. Although we only gather and analyze public 

data, social media posts about anorexia are sensitive, and we expect analysis and 

intervention of this data would be implemented with privacy-preserving measures in mind.

Inferences of Actual Recovery—Although we obtained human ratings on whether a 

user’s content reflected their desire to recover, our findings do not have diagnostic or 

treatment related claims — we cannot be sure if the individuals actually recovered. Survival 

analysis gives likelihood values of the experience of the recovery event for the cohort 

analyzed and does not make individual inferences — as a result, it cannot be used to predict 

whether a specific individual is going to share content related to recovery. Our methods are 

to be used at the aggregate level to understand the “well-being” of community and to make 

subsequent provisions for individuals whose content exhibits cues linked to increased or 

decreased likelihood of recovery.

Self-Presentation—We also recognize that content shared on Tumblr may be self-

censored by users that aligns with their personality traits and perceptions of their social 

audience on the platform. People may not use the tag “pro-recovery” to report about their 

desire or experience of doing so and would not be accounted for by our approach. Our 

method solely depends on the content in the posts, and we cannot account for inter-

individual differences due to personality attributes, self-presentation, identity, or self-

censorship [19]. However, since we make community-wide claims about recovery, we 

believe our findings generalize to the broader userbase. Moreover, Tumblr provides a fairly 

anonymous platform of exchange, hence we believe our sample to be less concerned about 

self-presentation than a platform like Facebook.

Stages of Recovery—We were interested in the broad notion of sharing about the 

experience or desire of recovery from anorexia, but did not characterize the nuances of this 

recovery process. The Transtheoretical Model (TTM) is a method that is often adopted to 

identify the various stages of recovering from an ailment [40], although in most prior work 

the stages have been identified through qualitative or manual labeling. In the future we are 

interested in deploying our survival analysis with a hierarchical or staged approach that can 

help us reveal these recovery stages and therefore help characterize better how social media 

is used by individuals to facilitate recovery from anorexia. TTM can also help us identify 

suitable points in time during the course of recovery where an individual might have the 

most self-regulation to be receptive to an intervention that can help them move towards 

recovery.
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CONCLUSION

In this paper, we provided a large-scale quantitative analysis of anorexia recovery on social 

media on Tumblr. We use survival analysis to understand the likelihood of whether ~13K 

pro-anorexic users on Tumblr would recover. Only half of our cohort shows likelihood of 

recovery after 45 months, and a vast minority (44%) is not estimated to recover even at the 

end of six years. Using the cognitive behavioral theory of anorexia, we also identify several 

linguistic and behavioral factors that may indicate an increased likelihood to recover. Given 

that we observe recovery outcomes on Tumblr to be less than those observed in existing 

clinical studies, we discuss how online communities may design provisions to facilitate 

recovery. Our work is a first step towards understanding vulnerable online communities like 

anorexia recovery, and we believe that our research helps both heath researchers and social 

media designers bring support to those in need.
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Figure 1. 
Schematic diagram of our data collection and preparation around identifying the “Recovery” 

and “Non-recovery” cohorts.
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Figure 2. 
Summary Statistics describing characteristics of the “Recovery” and the “Non-recovery” 

cohorts.
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Figure 3. 
Illustration of censoring (adapted from [36]). The left end of each line corresponds to the 

timestamp of the first post of the user, while the right is the timestamp of the user’s last post 

in our data. X denotes the recovery event. Users A and E have experienced the “recovery” 

event, while B, C and D did not. B, C and D’s survival time is incomplete at the right side of 

the study period. These are right-censored data. For B, C and D, we evaluate the censor 

value = 1, while for A and E, the censor = 0.
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Figure 4. 
Survival curve showing likelihood of experience of the “recovery” event in our Tumblr data 

sample of pro-recovery users.
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Table 1

Sample tags identifying the recovery cohort.

eating disorder recovery anarecovery chooserecovery

healthy recovery pro recovery blog reasons to recover

Recovery fighter recovery food recovery intake

Recovery record recovery tips recoveryisworthit

recoverywarriors road to recovery self recovery
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Table 2

Cumulative probability of remaining in the non-recovery cohort. Median time to recovery is 45.6 months 

(shown as the shaded row). This is the time when 50% of the users are still expected to not gave recovered.

Time
(Years)

Time
(Months)

Survival
Prob.

Cumulative
Prob.

Std. Error

0 0.00 1.00 0.00 0.0003

1 12.00 0.84 0.16 0.0047

2 24.00 0.72 0.28 0.0083

3 36.03 0.61 0.39 0.0141

3.75 45.22 0.51 0.49 0.0235

4 48.01 0.48 0.52 0.0277

5 60.01 0.44 0.56 0.0364

6 72.44 0.44 0.56 0.0382
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Table 3

Summary of different model fits. Null is the intercept-only model. All comparisons with the Null models are 

statistically significant after Bon-ferroni correction for multiple testing ( ).

Model Deviance df χ2 p-value

Null 5294.57 0

BodyImage 328.63 3 4,965.94 < 10 −10

Behavior 739.55 10 4,555.02 < 10−6

Cognition 424.92 12 4,869.65 < 10−9

Affect 682.86 1 4611.71 < 10−6

Full 214.15 26 5080.42 < 10−10
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Table 4

Summary of fit of the Full Cox regression model that estimates likelihood of experience of the recovery event 

based on our content and activity measures.

df p-value

Likelihood ratio test 511.6 26 < 10−15

Wald test 567.4 26 < 10−15

Score (logrank) test 526.6 26 < 10−15

Concordance 0.658 (Std. Err. = 0.007)

R2 0.046 (max possible= 0.974)
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