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Abstract

Purpose—uUser-generated content on social media sites, such as health-related online forums,
offers researchers a tantalizing amount of information, but concerns regarding scientific
application of such data remain. This paper compares and contrasts symptom cluster patterns
derived from messages on a breast cancer forum with those from a symptom checklist completed
by breast cancer survivors participating in a research study.

Methods—Over 50,000 messages generated by 12,991 users of the breast cancer forum on
MedHelp.org were transformed into a standard form and examined for the co-occurrence of 25
symptoms. The k-medoid clustering method was used to determine appropriate placement of
symptoms within clusters. Findings were compared with a similar analysis of a symptom checklist
administered to 653 breast cancer survivors participating in a research study.

Results—The following clusters were identified using forum data: menopausal/psychological,
pain/fatigue, gastrointestinal, and miscellaneous. Study data generated the clusters: menopausal,
pain, fatigue/sleep/gastrointestinal, psychological, and increased weight/appetite. Although the
clusters are somewhat different, many symptoms that clustered together in the social media
analysis remained together in the analysis of the study participants. Density of connections
between symptoms, as reflected by rates of co-occurrence and similarity, was higher in the study
data.

Correspondence to: Edward H. Ip, ei p@wakeheal t h. edu.

Compliance with ethical standards
Conflict of interest All authors declare they have no conflict of interest.

Ethical approval All procedures performed in studies involving human participants were in accordance with the ethical standards of
the institutional and/or national research committee and with the 1964 Helsinki declaration and its later amendments or comparable
ethical standards. Informed consent was obtained from all individual participants included in the research study of breast cancer
survivors. Permission to extract data from the forum MedHelp.com was granted by site managers, and all data from this source were
collected anonymously.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Marshall et al. Page 2

Conclusions—The copious amount of data generated by social media outlets can augment
findings from traditional data sources. When different sources of information are combined, areas
of overlap and discrepancy can be detected, perhaps giving researchers a more accurate picture of
reality. However, data derived from social media must be used carefully and with understanding of
its limitations.
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Introduction

In recent years social media has profoundly transformed the way millions of people
communicate and interact on a daily basis. Social media consists of a variety of Internet-
based platforms and networks, such as blogs, forums, and virtual communities, which allow
for the exchange of user-generated content in a variety of formats [1, 2]. An increasing
percentage of Americans, upwards of 74.4 %, reported household Internet use in 2013 [3],
and 71 % of those persons used social media [4]. The most popular social media sites are
Facebook and Twitter, which generate 2.7 billion “likes” per day and 500 million tweets per
day, respectively [2]. A variety of social media outlets cater specifically to users with health-
related concerns. One such forum, MedHelp.org (previously MedHelp.com), hosts a plethora
of interactive discussion boards centered on various diseases and illnesses, including breast
cancer. MedHelp.org offers user support in the form of information, commiseration, and
camaraderie [5]. In 2014 the site attracted over twelve million unique visitors [5].

The use of social media as a data source for health care research has burgeoned in recent
years [6]. Data derived from social media has been used to track the spread of infectious
diseases such as influenza or foodborne illness [7, 8], detect adverse reactions to medication
as part of broader pharmacovigilance strategies [9-11], and better understand “hard-to-
reach” populations such as the homeless [2, 6, 12]. Postings on social media have been
analyzed to identify individuals at risk for depression [13], and patterns of usage have been
studied in relationship to mental health [14]. In the future an even broader set of applications
for using social media data is likely to be developed and refined.

Using data derived from social media offers researchers certain advantages over traditional
sources of information such as clinical trials. Vast quantities of data can be extracted with
relative ease and low cost in a short period of time [15-17], and as the percentage of Internet
users approaches 100, a certain degree of ecological validity is assured. Using data from
social media may bypass the need for expensive and time-consuming recruitment of subjects
and augment study of persons who might otherwise be difficult to identify (i.e., members of
an affinity group linked by an uncommon disease) [17, 18]. The anonymity of the Internet
may facilitate discussion of “taboo” subjects such as mental illness and drug use [6]. Such
data may also be free from bias introduced by formal studies and afford insights that would
otherwise be hard to capture.

Despite these benefits, concerns regarding social media data remain [15, 17, 19, 20]. Internet
usage is increasing in broad segments of the population [21], but generalizability is
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hampered by the fact that users still tend to be younger and better educated than non-users
[22, 23]. Information presented online may not comport to the quality or format desired by
researchers. Use of abbreviations and typographical errors appears to be common [20].
Information may be inaccurate and impossible to verify, and important details may be
missing. Ethical concerns related to privacy of users, confidentiality, and informed consent
also persist [1, 24].

Given the large volume of unstructured and text-based data inherent in social media,
computer algorithms are typically required for the efficient extraction of information. Text
mining is defined as “the process of extracting meaningful information from large amounts
of unstructured texts using computational methods” (p. 777) [19]. Simply using keywords to
classify data has been used widely in the past, but such an approach may fail to recognize
words that lack formal definitions or have multiple meanings [20, 23]. Machine learning
algorithms with adaptive natural language processing may help circumvent such limitations.
An overview of text mining techniques and strategies is presented by Harpaz et al. [19] and
Taurob et al. [23].

Studies have shown that cancer patients, including women with breast cancer, may
experience eight or more symptoms simultaneously [25, 26], and some of these symptoms
may persist for years after diagnosis [27]. Moreover, the total symptom burden experienced
by individuals has been shown to be negatively correlated with quality of life [28, 29]. For
example, a study of 240 Veterans Affairs patients with mixed cancer types showed that each
additional symptom predicted a significant decline in quality of life as measured by the Fact-
G Sum Quiality of Life scale (p< 0.001) [25].

Strategies to identify and manage symptoms should consider how symptoms are connected
and influence each other. One approach to further this aim has been the use of symptom
clusters. Symptom clusters in oncology were initially defined as “three or more concurrent
symptoms [that] are related to each other” (p. 465) [30]. In 2005 this definition was revised
to allow for the presence of only two symptoms in a cluster, with the authors further stating
that symptom clusters should be stable and independent, and symptoms within a cluster
should be more strongly related to each other than with symptoms outside the cluster [31].

A variety of clinical and statistical approaches have been used to identify symptom clusters
in the literature [32-34]. Examples of such methods include hierarchical cluster analysis,
principal component analysis, and explorative factor analysis among others [35-39]. Some
of the clusters postulated to exist in breast cancer include fatigue and sleep difficulties [40,
41], fatigue, pain, and disturbed sleep [42], pain, depression, and fatigue [43], depression,
fatigue, and disturbed sleep [44], fatigue, perceived cognitive impairment, and mood
problems [45], menopausal [46], psychoneurological and gastrointestinal (GI) [47], and
chemotherapy-related and hormonal [48].

In this article we identify and examine symptom patterns generated by data extracted from a
social media platform (MedHelp.org) intended for use by women with breast cancer. These
women are known to have a strong presence on social media, and investigation into the
symptom experience of women with breast cancer is an area of active research. We then
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compare these findings to an analysis of symptoms reported by breast cancer survivors
enrolled in a research study responding to a symptom checklist. We aim to compare
symptom clusters derived from MedHelp.org and the research study in order to judge the
reliability and usefulness of social media data.

Few studies to date have compared patient-reported outcomes collected from a social media
platform with findings reported in a more traditional research study. One such investigation
used social media to distribute a survey instrument to persons with a history of cerebral
aneurysm, but did not examine the unstructured postings of users on a social media site [17].
Our study contributes to a growing literature regarding the use of user-reported data on
social media platforms in scientific contexts as well as the field of symptom cluster research.

Data sources

Two sources of data were used in this investigation: a research study of breast cancer
survivors and an online health forum (MedHelp.org). The research study, described in detail
elsewhere [49], included 653 women = age 25 diagnosed with stage I, 11, and 111 breast
cancer in the past eight months at two academic medical centers in the USA. All participants
were required to be over the age of 18 and read and understand English. The eight-month
time frame was chosen to better understand the early period of cancer treatment and
management. Additional characteristics of study participants are shown in Table 1. Informed
consent was obtained from all subjects.

Study participants completed self-administered questionnaires by mail that contained a
variety of measures including a 39-item symptom checklist derived from the Women’s
Health Initiative [50]. For each symptom, women were asked to rate whether it occurred in
the past month and if so, how bothersome it was. Response categories included: 1 =
symptom did not occur, 2 = symptom occurred and was mild, 3 = symptom occurred and
was moderate, and 4 = symptom occurred and was severe. Instructions stated that mild
referred to a symptom that did not interfere with usual activities, moderate to a symptom that
interfered somewhat with usual activities, and severe to a symptom that was so bothersome
that usual activities could not be performed.

Out of these 39 symptoms listed on the initial survey, 25 symptoms were selected for
inclusion in the present analyses. The rationale for choosing 25 symptoms out of the 39 was
the enhancement of interpretability of the derived symptom clusters. The basis for choosing
these 25 symptoms was a combination of factors such as wanting to include symptoms that
are known to be especially common among cancer patients in general and breast cancer
patients specifically, and to correspond better with symptom clusters that have already been
reported in the literature. We elected to compare symptoms rated moderate or severe (T1) or
severe only (T2) rather than include mild symptoms that did not impair daily functioning.

The other source of data used in this study was MedHelp.org, a Web site that hosts forums
for various health-related concerns, including breast cancer. This forum allows users to ask
questions, share information, and provide support to one another, which may lead to an
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iterative discussion between users. Akin to other social media sites, users have the ability to
create profiles, share personal information, and “friend” others. However, provision of basic
information such as age, gender, and location is entirely optional, and clinical characteristics
such as stage of cancer or time since diagnosis cannot be reliably ascertained. The site
maintains records of threads, providing a copious amount of unstructured data thematically
organized around a variety of topics. Forum data include rich contextual detail that can be
explored at the level of individual posts and a voluminous amount of information when data
from all users are combined.

With permission from MedHelp.org, 50,426 publicly available messages posted by 12,991
users in the breast cancer sub-forum from October 1, 2006 to September 21, 2014, were
crawled. Each post or comment was transformed into a structured record with a user ID,
timestamp, and message content. The presence or absence of the 25 pre-selected symptoms
was noted for each post without consideration of severity.

In order to identify these symptoms, each message was parsed using a standardized
consumer health vocabulary (CHV). The CHV groups each symptom with a variety of terms
or phrases with similar meaning. For example, when searching the text for the standard
symptom “mood changes,” a variety of related terms such as “altered moods” will also be
detected. Similarly, variations of the standard symptom such as “changes mood” or “change
moods” are counted as well. This reduces the possibility of missing symptoms that are not
described using a standard nomenclature [51, 52].

Data analysis

Symptoms were noted to co-occur when found in the same post on the social media forum
or when both were endorsed as present on the study checklist. The rates of symptom
occurrence and co-occurrence were used to calculate a similarity index as follows:

Co. occurrence [symptom (i), symptom (j)]

Similarity [sympotom (i), symptom )] =
¥ [syms (@), symp ()] /Occurrence [symptom (i)] ~ x  Occurrence [symptom (j)]

o))

Using this equation, a 25 x 25 matrix inclusive of the previously selected symptoms was
derived for all possible symptom pairings among the group of research participants and
forum members.

K-medoid clustering, a method of partitioning data similar to K-means clustering, was
conducted using each matrix to determine the placement of individual symptoms within
clusters. Compared to K-means clustering, the K-medoid clustering method assigns a
member in a cluster with minimal overall cost as the new “centroid,” or medoid, for the
partitioning of the next iteration [53]. There are two advantages of using the K-medoid
clustering method for the current application. First, it allows for the most cost efficient
grouping of symptoms together in terms of distance from a specific “anchoring” symptom—
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the medoid. Second, it improves the interpretability of the cluster solution. The maximum
number of clusters allowed was set as five for both analyses. This number was based on a
review of the literature on symptom clusters of breast cancer patients [40-47], and chosen to
ensure symptoms would combine with other symptoms rather than form many small clusters
with very few symptoms in each one. Limiting the number of clusters also helps prevent
symptoms from failing to cluster altogether.

A random sample of postings crawled by the data mining algorithm was also inspected by
hand to determine whether the algorithm was detecting symptoms accurately and that
reported instances of symptom co-occurrence were genuine. In order to examine the
symptom of restless sleep in more detail, an additional random sample of 100 posts
containing the keyword “sleep” was read to determine whether sleep difficulties were
present. Findings were compared to the results of the automated extraction of information to
determine whether true instances of restless sleep were captured or whether postings were
being misclassified as containing restless sleep when in fact it was not indicated.

Rates of symptom co-occurrence and similarity scores

The most commonly reported symptom on the MedHelp forum was “general aches,” which
was noted to occur 1091 times (2.2 % of posts). Fatigue was noted in 689 posts (1.4 %),
followed by depressed mood in 508 posts (1.0 %). In contrast, the most common symptom
of at least moderate severity in the research group (T1, moderate and severe symptoms) was
fatigue, reported by 366 out of 653 persons (56.0 %). Fatigue was followed by restless sleep
at 307 (47.0 %) and muscle pains at 171 (26.2 %) instances. The most common symptoms
rated by study members as “severe” (T2, severe symptoms only) were fatigue (101, 15.5 %),
restless sleep (75, 11.5 %), and muscle pain (52, 8.0 %).

The three most commonly co-occurring symptoms on MedHelp were general aches-
headaches, fatigue-general aches, and fatigue-nausea, occurring together in 0.3, 0.2, and

0.1 % of posts respectively (Table 2). In T1 the most common symptom pairs were fatigue-
restless sleep, hot flashes-night sweats, and fatigue-muscle pains, found in 37.1, 22.4, and
21.4 % of subjects, respectively. The same three symptom pairs were reported most
commonly in T2. Using the similarity index defined in Eq. (1), which adjusts co-occurrences
for the prevalence of the respective symptoms, the most similar symptoms on MedHelp were
determined to be general aches-headaches, hot flashesmood changes, and constipation-
diarrhea (Table 3). The study data showed that the most similar symptoms in T1 were hot
flashes-night sweats, depression-mood changes, and fatigue-restless sleep, and the most
similar symptoms in T2 were loss of interest in work-lowered work performance, hot
flashes-night sweats, and general aches-muscle pains. Similarity scores were higher using
study data compared to forum data.

Cluster analysis

Results of k-medoid clustering are shown graphically for social media (Fig. 1) and the two
research study groups (Figs. 2, 3). Social media data were noted to include only 20 of the

Qual Life Res. Author manuscript; available in PMC 2017 March 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Marshall et al.

Page 7

possible 25 symptoms used in the analysis of the research study. Absent symptoms included
avoidance of social affairs, decreased efficiency, loss of interest in work, lowered work
performance, and restless sleep. Four clusters were generated using social media, and five
were generated using symptoms rated as either moderate/severe or severe only in the
research group. In the social media data, besides the four identified clusters, a single
symptom—increased appetite—formed its own group and did not meet the definition of a
symptom cluster. The number of symptoms per cluster ranged from 2 to 12.

The four clusters identified in the social media group were menopausal/psychological, pain/
fatigue, gastrointestinal, and miscellaneous. The five clusters identified in T1 were
menopausal, pain, fatigue/sleep/gastrointestinal, psychological, and increased appetite/
weight. For T2 the five clusters were menopausal, pain, fatigue/psychological/
gastrointestinal, gastrointestinal, and increased appetite/weight. A side-by-side comparison
of clusters found in the three analyses is shown in Table 4.

The density of connections between symptoms was lower for the social media group than
the study groups. However, density decreased in the research analysis when considering only
symptoms rated as severe. In this study, density reflects the overall rates of co-occurrence
and similarity between symptoms and is depicted visually by the number and thickness of
lines in the three figures.

Review of the data mining algorithm

An additional review of findings reported by the data algorithm was undertaken to better
understand the relationships between symptoms that were noted to occur together. Some co-
occurrences seem very accurate (post 1), while other instances of co-occurrences that were
detected may in fact be spurious (post 2). In post 2, an ulcerating sore on the breast is
misidentified as a mouth ulcer (neither symptom was among the 25 used to formulate the
analysis).

Post 1: “... I am still in a lot of pain not so much in my elbow area but it feels as if
it is in the bone and is slowly making its way up my arm and is now into my
shouldersand neck (Neck-Skull Aches)...it was doing well for a while but now
the headaches (Headaches) are slowly coming back...”

Post 2: “I about a month ago | have what started out like a pimple on my breast. |
popped the pimple and a ulcerating (not Mouth Ulcer) sore formed. | saw a
doctor who prescribed antibiotics, stated no lump under the sore, just thought it was
a skin infection. It took quite a while but the sore has pretty much healed but is still
quite tender on this same breast (Breast sensitivity)...”

Five of the 25 symptoms chosen to conduct the analysis, including restless sleep, were not
detected in any forum postings. After reviewing a random sample of 100 posts containing
the keyword “sleep,” we found that approximately one-fifth of these posts described sleep-
related difficulties. However, none of these posts contained the specific phrase “restless
sleep.” This may suggest a limitation of the expanded CHV used by the algorithm to detect
variations in standard terminology. Given that no instances of restless sleep were detected,
there were no “false positives” in which restless sleep was erroneously counted.

Qual Life Res. Author manuscript; available in PMC 2017 March 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Marshall et al. Page 8

Discussion

Comparison of symptom cluster patterns collected in a non-standard setting with those
derived by symptom checklists administered as part of a research study generated multiple
interesting findings. There was significant overlap in terms of the same symptoms clustering
together in the analyses of both social media content and study subjects (T1). For example,
hot flashes, night sweats, and vaginal dryness clustered together in both groups, as did
abdominal pain, constipation, and nausea, and general aches, muscle pains, and neck-skull
aches. Significant discrepancies were also seen. Psychological and menopausal symptoms
formed separate clusters using research study data, but clustered together in the social media
group. The social media dataset yielded a cluster containing fatigue and pain, while fatigue
clustered with restless sleep rather than pain using study data. This finding is not especially
surprising given that different relationships between these symptoms have been reported in
the literature, including pain grouping with fatigue [42, 43] and fatigue with sleep
difficulties [40, 41, 44]. These discrepant patterns may be attributable to the use of different
study populations or statistical methods.

Several symptom clusters made intuitive sense in terms of having a common etiology or
pathophysiology, such as the menopausal cluster and pain cluster in the research study
group, and are also consistent with previously reported clusters [46, 47]. Other clusters were
harder to rationalize, such as the grouping of fatigue and sleep problems with Gl symptoms
in the research study population (T1), or the combination of bloating, difficulty
concentrating, and sleeping too much in the social media group. Further investigation could
reveal connections between symptoms that clustered together that may not be readily
apparent. It is possible had additional clusters beyond the initial five been allowed,
menopausal and psychological symptoms in the forum group and Gl and sleep symptoms in
the research group would not have stayed together in the same cluster. We determined five
clusters to be the optimal limit in terms of balancing statistical criteria and interpretability.

Density of connections between symptoms was highest in the T1 research study group,
which included moderate and severe symptoms. Density was lower in the T2 group, which
only included severe symptoms. Such a result is not surprising when considering that
respondents to the checklist are likely to note more symptoms being present when the range
of severity is extended to moderate and severe versus only severe. When a larger number of
symptoms are reported, there will be more instances of symptoms occurring together.

The social media analysis had lower density compared to both study groups, likely because
spontaneous reporting of symptoms on the forum generates fewer symptoms than a survey
instrument that specifically elicits the presence of symptoms. Checklists likely trigger
patients to name symptoms that are mild in severity, previously unnoted, and perhaps
otherwise difficult to describe and articulate. For example, presumably some fraction of
posters who described sleep difficulties would have endorsed restless sleep if asked
specifically. Forum users may tend to describe only symptoms that are most frequent and
bothersome in nature, and they may be reluctant to reveal certain symptoms that may carry
stigma, such as psychological symptoms. This matter requires further investigation.
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As noted, data derived from social media often carry significant limitations, and the data
collected in our study reflect some of these concerns. Symptoms described by users often
lack desired details such as elaboration of the nature or temporality of symptoms, especially
compared to validated and reliable survey instruments. Some symptoms appeared difficult to
detect algorithmically given users’ unique lexicon and use of non-standard terminology,
suggesting a need for refinement of the data mining engine. There was significant
uncertainty regarding users themselves, some of whom apparently did not belong to the
target population. We noted instances of family members of breast cancer patients or persons
being evaluated for possible cancer using the forum. The number of posts that were
misinterpreted is unknown; however, the fact that so many posts were crawled may
minimize the overall impact of such errors [17]. Quality control efforts must continue to
ensure that big data sources are scrutinized with a high degree of accuracy. Despite concerns
regarding the source of data, the analysis of social media data generated results that appear
reasonable in light of what is currently known about symptom clusters.

This study has several limitations worth noting. The configuration of symptom clusters in
the research study was sensitive to dichotomization of symptom severity. Using moderate
and severe symptoms as opposed to mild symptoms appeared to generate a set of clusters
most comparable with results from the social media analysis. Also, the symptom clusters
would have differed had the number of clusters allowed been changed or had a different set
of symptoms from the 25 we selected been used. Data from MedHelp were generated
spontaneously based on the needs of the users, and users likely did not report every
symptom experienced. Study data likely reflect the true frequency of symptoms, whereas
forum data reflect the concerns of users.

Use of “big data” such as that derived from online social networking sites offers researchers
the titillating prospect of large volumes of easily accessible information. More work is
needed to compare the results of research using social media with those garnered from
traditional research studies. These efforts could further elucidate the pitfalls and potential of
online approaches to research. Whether the data overlap or disagree, taking both
perspectives into account will likely yield a more accurate and nuanced understanding of
reality. As refinements in the extraction and use of data from social media continue to
accrue, confidence in the validity and reliability of findings will increase. In its current form,
social media data should be seen as a supplement, rather than a replacement, for carefully
controlled research studies.
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Fig. 1.

CI?Jstering results for social media group. The size of the circle reflects the frequency of the
symptom. The thickness of the lines connecting individual symptoms reflects the degree of
similarity between the two. The medoid of each cluster is highlighted using a thicker edge.
Red linkages represent the highest 10 % similarity between nodes
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Fig. 2.
Clustering results for research study group T1 (moderate and severe symptoms). The size of

the circle reflects the frequency of the symptom. The thickness of the lines connecting
individual symptoms reflects the degree of similarity between the two. The medoid of each
cluster is highlighted using a thicker edge. Red linkages represent the highest 10 %
similarity between nodes
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Fig. 3.

CIQL]Jstering results for research study group T2 (severe symptoms only). The size of the circle
reflects the frequency of the symptom. The thickness of the lines connecting individual
symptoms reflects the degree of similarity between the two. The medoid of each cluster is
highlighted using a thicker edge. Red linkages represent the highest 10 % similarity between
nodes

Qual Life Res. Author manuscript; available in PMC 2017 March 01.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Marshall et al.

Table 1

Characteristics of participantsl—research study data

Agerange Number of participants
25-44 132

45-54 209

55-64 167

65-74 102

75+ 43

Stage Percentage of participants (%)
1 34.1

1l 55.3

11 10.6

Treatment Percentage of participants (%)
Chemotherapy 81

Radiation 86
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Ten most common symptom pairs for social media and research study groups based on number of co-
occurrences (social media 77 =50,426; research study /7= 653)

Social media group

Research study group T1 moder ate
and

Research study group T2 severe symptoms only

severe symptoms
Symptom pair Co-occurrence  Symptom pair Co-occurrence  Symptom pair Co-occurrence
(%) (%) (%)
General aches— 141 (0.28) Fatigue—restless sleep 242 (37.1) Hot flashes—night sweats 36 (5.5)
headaches
Fatigue—general aches 89 (0.18) Hot flashes—night 146 (22.4) Fatigue—-muscle pains 30 (4.6)
sweats
Fatigue—nausea 64 (0.13) Fatigue-muscle pains 140 (21.4) Fatigue—restless sleep 29 (4.4)
Depressed-fatigue 59 (0.12) Hot flashes—restless 126 (19.3) Joint pains—muscle pains 29 (4.4)
sleep
General aches—nausea 49 (0.10) Muscle pains-restless 125 (19.1) General aches—-muscle pains 27 (4.1)
sleep
Hot flashes—-mood 42 (0.08) Decreased efficiency— 123 (18.8) Fatigue—lowered work performance 26 (4.0)
changes fatigue
Depressed—general 39 (0.08) Fatigue—night sweats 121 (18.5) Hot flashes—restless sleep 23 (3.5)
aches
Fatigue-hot flashes 31 (0.06) Night sweats-restless 120 (18.4) Decreased efficiency—fatigue? 22 (3.4)
sleep
General aches-muscle 31 (0.06) Depressed-fatigue 118 (18.1) Fatigue—nausea 22 (3.4)
pains
Fatigue—headaches 29 (0.06) Fatigue—hot flashes 117 (17.9) General aches—joint pains 22 (3.4)
Loss of interest in work—lowered 22 (3.4)

work
performance

aFour-Way tie for eighth place
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Similarity index for ten most similar symptom pairs for social media and research study groups (social media

n=50,426; research study /7= 653)

Social media group

Research study group T1 moder ate and

Research study group T2 severe symptoms

severe only
symptoms
Symptom pair Similarity? ~ Symptom pair Similarity ~ Symptom pair Similarity
General aches-headaches 0.355 Hot flashes—night sweats 0.872 Loss of interest in work—lowered 0.763
work performance
Hot flashes—-mood changes ~ 0.331 Depressed—mood changes 0.737 Hot flashes—night sweats 0.751
Constipation—diarrhea 0.246 Fatigue-restless sleep 0.722 General aches—muscle pains 0.652
Hot flashes—night sweats 0.204 General aches—joint pains 0.710 Joint pains—muscle pains 0.652
Difficulty concentrating— 0.183 Decreased efficiency—lowered 0.709 Decreased efficiency—lowered 0.624
sleeping too much work work
performance performance
Diarrhea—nausea 0.177 Loss of interest in work— 0.704 General aches—joint pains 0.621
lowered
work performance
Bloating—constipation 0.156 Decreased efficiency-loss of 0.702 Depressed—mood changes 0.556
interest in work
Hot flashes—vaginal dryness  0.143 Decreased efficiency-difficulty  0.659 Decreased efficiency-loss of 0.462
concentrating interest in work
Fatigue-Nausea 0.138 General aches—-muscle pains 0.652 Joint pains—neck-skull aches 0.460
Bloating—Abdominal Pain 0.138 Joint pains—-muscle pains 0.637 Fatigue—lowered work performance  0.457

an. .. . " ] . .
Similarity between symptoms 7and jis defined as co-occurrence (4, j)/square root (occurrence (/) x occurrence (y)); higher value represents greater

similarity
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