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Abstract
Background: There are documented differences in access to health care across the United States. Previous research indicates
that Web-based data regarding patient experiences and opinions of health care are available from Twitter. Sentiment analyses of
Twitter data can be used to examine differences in patient views of health care across the United States.
Objective: The objective of our study was to provide a characterization of patient experience sentiments across the United
States on Twitter over a 4-year period.
Methods: Using data from Twitter, we developed a set of 4 software components to automatically label and examine a database
of tweets discussing patient experience. The set includes a classifier to determine patient experience tweets, a geolocation inference
engine for social data, a modified sentiment classifier, and an engine to determine if the tweet is from a metropolitan or
nonmetropolitan area in the United States. Using the information retrieved, we conducted spatial and temporal examinations of
tweet sentiments at national and regional levels. We examined trends in the time of the day and that of the week when tweets
were posted. Statistical analyses were conducted to determine if any differences existed between the discussions of patient
experience in metropolitan and nonmetropolitan areas.
Results: We collected 27.3 million tweets between February 1, 2013 and February 28, 2017, using a set of patient
experience-related keywords; the classifier was able to identify 2,759,257 tweets labeled as patient experience. We identified the
approximate location of 31.76% (876,384/2,759,257) patient experience tweets using a geolocation classifier to conduct spatial
analyses. At the national level, we observed 27.83% (243,903/876,384) positive patient experience tweets, 36.22%
(317,445/876,384) neutral patient experience tweets, and 35.95% (315,036/876,384) negative patient experience tweets. There
were slight differences in tweet sentiments across all regions of the United States during the 4-year study period. We found the
average sentiment polarity shifted toward less negative over the study period across all the regions of the United States. We
observed the sentiment of tweets to have a lower negative fraction during daytime hours, whereas the sentiment of tweets posted
between 8 pm and 10 am had a higher negative fraction. Nationally, sentiment scores for tweets in metropolitan areas were found
to be more extremely negative and mildly positive compared with tweets in nonmetropolitan areas. This result is statistically
significant (P<.001). Tweets with extremely negative sentiments had a medium effect size (d=0.34) at the national level.
Conclusions: This study presents methodologies for a deeper understanding of Web-based discussion related to patient experience
across space and time and demonstrates how Twitter can provide a unique and unsolicited perspective from users on the health
care they receive in the United States.
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Introduction
In the past decade, we have observed a shift in the United States
health care system to emphasize a patient-centered approach to
care [1]. Standardized practices to qualitatively assess the care
patients receive at hospitals have been developed, such as the
Hospital Consumer Assessment of Healthcare Providers and
Systems survey [2]. Many benefits to patient-centered health
care facilities have been identified, including reduced length of
stay, lower costs per case, decreased adverse events, and even
reduced operating costs [1]. Studies have even found that better
reported patient care experiences are associated with better
clinical outcomes, improved safety within hospitals, and less
frequent use of health care [3,4].
Traditional assessments have also documented differences in
access to health care [5]. Research has shown that access to
health care varies based on where a patient lives [6,7,8]. Patient
care is often dependent upon the policies of the state a patient
lives in, distance to the nearest health care facilities, and
insurance coverage, which varies across the United States.
Population size can impact many of these factors. It has been
shown that individuals in large metropolitan cities tend to have
better access and quality of care compared with smaller, more
rural communities [6].
However, commonly used assessments of patient care, such as
surveys or focus groups, have limitations that include social
desirability bias, smaller audiences, and restrictions on what
questions and topics patients are asked about [9,10]. The Pew
Research Center reported that 87% of Americans who have seen
a health care provider report positive feedback on their
experience. However, 39% of US adults believe that US health
care is below average [11,12].
With an increasing demand for transparency in health care,
social media has shifted to become a platform for patient
engagement and empowerment. Currently, there are 69 million
monthly active Twitter users in the United States [13],
highlighting the overwhelming use and potential for rich
information to be extracted from the social networking site.
Information on social media could be valuable to complement
evaluations of patient care because Web-based posts provide
an unsolicited, free-text perspective from users on the care they
receive. There are limited studies which provide in-depth
examinations of care across the United States and few, if any,
that are reflections of social media discussions.
Previous research has shown that Twitter can be used as a
supplemental data stream for measuring the patient-perceived
quality of care in US hospitals by comparing patient sentiments
about hospitals with established quality measures and traditional
hospital-based feedback reports [14]. This indicates that
Web-based data about patient experience and hospital care that
is valuable to explore further are available from Twitter.
Additionally, such research has shown that a range of topics
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can be identified and understood from these tweets [14,15].
Novel approaches can be used to further describe differences
in hospital performances [16]. This includes sentiment analysis,
a process that examines the content of free-short message service
text messages and determines a score rating on a scale of
positive to negative [17]. Sentiment analyses have been shown
useful in describing patient opinions on hospital care that are
comparable with results from more traditional survey methods
[18]. An evaluation of research using sentiment analyses for
health care-related tweets identified a need for improved
methods of understanding sentiment data in a health care setting
[17]. Previous examinations have also shown that social media
research has explored specific public health topics and target
populations, but there lacks a comprehensive study that fully
examines a communication tool for a larger scope to evaluate
population health needs [19].
To examine sentiments of health care in the United States online,
we captured tweets discussing patient experiences not restricted
by the level or type of health service provided. This dataset is
the first of its kind that explores carefully curated data from the
Twitter platform related to patient experience, which includes,
but is not limited to, interactions at hospitals, urgent care
facilities, primary and specialty care offices, and related health
care facilities. Using this rich dataset, we aim to provide a spatial
and temporal characterization of the sentiment of health care
discussions on Twitter and determine if there are differences in
the sentiment of health care discussions between metropolitan
and nonmetropolitan areas in the United States using Twitter
as a real-time supplementary data stream. Insight on patient
experience discussions online can help inform health care
facilities, key stakeholders and future research practices for
examining patient feedback using Web-based data.

Methods
Patient Experience Classifier
This study utilizes data from the social media platform Twitter
to investigate the experiences of patients at hospitals, urgent
care facilities, primary and specialty care offices, and other
related health care facilities. We used a combination of
keywords to gather publicly available patient experience-related
tweets through Gnip, the Twitter-owned data broker. Gnip is a
paid licensing software service for Twitter data. All data
collected in this study were publicly posted on Twitter;
therefore, per the privacy policy of Twitter [20], users elect to
have this information available to the general public for
consumption. A set of keywords and rules were meticulously
chosen to retrieve tweets potentially discussing experience
related to the following areas: medical facilities and staff,
medical procedures, hospital visits and stays, medications,
hospital bills and insurance, care condition, and pain. The
keywords were divided into the classes to correctly form the
rules. A list of classes along with the corresponding set of
keywords and example rules are shown in Multimedia Appendix
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1; for example, care condition keywords include monitor, heal,
recover, care, cure, dying, dead, sicker, sick, ill, illness, and
condition. The keywords retrieved 27,309,724 unique tweets
(45.3 million when including the retweets) posted between
February 1, 2013 and February 28, 2017. The retweets were not
considered in the study.
We developed a set of software components to auto label and
examine the patient experience Twitter dataset. The set includes
a classifier to determine patient experience tweets, a geolocation
inference engine for social data, a modified version of a
sentiment classifier from the literature, and an engine to
determine if the tweet is from a metropolitan or nonmetropolitan
area. These components were built for appropriately handling
health care experience social data.
For the purpose of this study, we identified the tweets captured
that were relevant to the patient experience. A relevant tweet
included discussions about care received in a hospital, urgent
care, or any other health institution—either by the person
themselves, a friend, or relative. We aimed to capture tweets
that discussed any exposure to health care.
We built a supervised machine classifier for identifying relevant
patient experience tweets. A 2-step curation approach was
adopted to create a training dataset for the classifier. We
determined that tweets containing a Web page link (also known
as URL) are 18 times more likely to be irrelevant. Two randomly
selected sets of 5000 tweets, one with and the other without
URLs, were hand curated using Amazon Mechanical Turk
(MTurk) for this examination. The set with URLs contained
only 56 of 4599 agreed upon relevant tweets (1.22%) compared
with 760 of 3439 agreed upon relevant tweets (22.10%) in the
set without URLs. Therefore, we decided to only consider tweets
without URLs for this study. We curated 15,000 additional
tweets without URLs on MTurk. In total, the manual MTurk
curation gave us 3708 relevant and 9810 irrelevant patient
experience tweets for which at least two of the MTurk curators
were in agreement. There was an agreement on a total of 13,885
of 20,000 tweets without URLs (69.43%) between the MTurk
curators. All MTurk curators selected were identified as
master’s-level workers, having been monitored and verified by
Amazon as high performing and demonstrating excellence in
their curation tasks [21]. All MTurk curators were restricted to
only curate each tweet once. Example curation instructions for
the MTurk curators are presented in Multimedia Appendix 2.
A few examples of manually curated tweets are shown in Table
1. The tweets provided in this table are fictitious examples to
preserve user identity and privacy, a technique that has been
recommended in previous research to address the ethical
concerns of disseminating Twitter data [22].
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We developed a support vector machine-based supervised
machine learning classifier using this training set to filter
relevant tweets from irrelevant ones. The classifier was built
using various textual features and was iteratively evaluated
using the 10-fold cross validation over 90% training and 10%
test sets. Each training tweet was tokenized using the Natural
Language Toolkit TweetTokenizer. Stop words and mentions
(ie, words beginning with “@’”) were removed. Unigrams and
bigrams with term frequency-inverse document frequency
normalization were used as features. Other features included
whether the tweet contained a reference to a hospital staff
member and a reference to themselves or a family member. We
selected the top 15,000 features from a classifier that produced
the highest F1 score with the lowest overfitting. The classifier
was assessed for overfitting by comparing the difference in the
performance on the training and test sets.

Geolocation of Tweets
This study aims to analyze and compare patient experience
sentiments at national and regional levels in the country using
the Twitter data. However, Twitter data very rarely contain
location information. Previous studies have found that a very
small fraction of users share their geo-coordinates in the tweets
[23]. We also found that only 2.97% (81,930/2,759,257) of the
total relevant patient experience tweets contained user-defined
geo-coordinates. Therefore, we developed a location inference
engine to approximately identify geographical locations, such
as country, state, and region of the relevant tweets in this dataset.
We used a combination of information from the users’ profile
and GPS (Global Positioning System) coordinates of tweets,
when available, to infer the location of the tweets. We also used
the Google Maps Geocoding application programming interface
[24] in conjunction with the US Census Bureau state boundaries
[25] to infer the US state of each tweet. Because a user can input
any free text containing a combination of words, symbols, and
emojis as location in their profile, we built a library of highly
used junk locations (eg, “in your heart,” “with aliens,” “under
your bed,” etc) combined with natural language processing
(NLP) to identify useless location strings. A list of example
location strings is shown in Multimedia Appendix 3. Our
geolocation engine was built specifically for social media,
wherein users are free to provide any string as their location. It
augments Google’s geocoding service [26] with NLP and data
mining. This engine performs a list of NLP operations to get
rid of irrelevant locations and to parse and format location
strings followed by querying to Google Map application
programming interface for geolocating the location. We chose
to use Google’s geocoding service because it has been repeatedly
reported to have a better accuracy [27], thorough coverage [28],
and is equipped to handle ambiguous locations [26].
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Table 1. Example tweets for the patient experience dataset curation.

a

Tweet class

Examples

Patient experiencea; hand labeled: 3708

After having a tumor removed from my bladder I returned to the ward with a catheter fitted. #cityhospital

Irrelevantb; hand labeled: 9810

Need tips for better communication with your doctor? #medicine #wellness

Patient experience tweets are defined as tweets related to an individual’s experience in a health care setting.

b

Irrelevant tweets are any tweets captured in the database that are not patient experience tweets.

There are other geocoding services, such as Nominatim and
Carmen, which could have been used in this study. However,
there is a limitation to using Nominatim because geolocation
is tightly coupled to specific address formats [29], which would
be difficult to use with Twitter data because users can specify
their location in any format using a free-text field. Additionally,
Carmen provides maximum resolution only at the city level for
both geocoding and reverse geocoding, which may lead to
incorrect results for the users who provide finer-grained
locations such as neighborhoods [30]. The location database
and alias list of Carmen also needs improvement. The creators
of Carmen recommend augmenting the location database and
alias list by querying to other search engines and public
resources [30]. For this reason, we found that the geolocation
engine we built is better suited for the purposes of this study.

per tweet. We considered a sentiment positive if the mean
compound score was ≥0.3 or negative if the score was ≤−0.3.
Mean compound scores between −0.3 and 0.3 were considered
neutral. In the majority of our analyses for this study, we
considered tweets with positive and negative scores only because
these sentiments provide more actionable data.

Using the geolocation engine, we determined the state location
for each tweet and the associated broader region that each state
was assigned to. The regions examined in this study were chosen
and aggregated as defined by the US Census Bureau, which are
each a grouping of states and identified with a single-digit
census code [31]. The US Census Bureau groups each region
by similarities in historical development, population, and
economy and recommends using this framework for comparative
efforts [32]. Previous research has shown regional differences
in health care [33], and this study sought to determine if regional
differences in care could be identified on Twitter. Further details
of the tweet extraction, curation, and geocoding are provided
in Multimedia Appendix 4.

We used the recent and most detailed geographic polygon data
on urban areas from the US Census Bureau [36] to infer if a
tweet was from a metropolitan or nonmetropolitan area.
According to these data, there are more than 486 urbanized
areas (population ≥50,000) and 3087 urban clusters (5,000
≤population<50,000) in the United States, accounting for a total
of 24,356 geographic polygons. The geo-coordinate of each
tweet inferred by our location identification engine was checked
against these polygons. A tweet was considered metropolitan
if the geo-coordinate of the tweet fell inside a geographic
polygon of an urbanized area. The tweets falling either inside
a polygon of the urban clusters or falling outside all of the urban
polygons were considered nonmetropolitan tweets.

Tweet Sentiment

Temporal Examination

A prime objective of this study is to gauge and compare the
sentiments of patient experiences across the country. To compute
the sentiments expressed in the tweets, we adopted a widely
accepted and used lexicon and rule-based sentiment classifier
called Valence Aware Dictionary for Sentiment Reasoning
(VADER) [34]. However, we appended VADER’s dictionary
and rules to provide a broader representation of Twitter data,
which included incorporating more than 110 emojis and their
respective sentiment scores [35].

The time at which a tweet is posted can be an informative
dimension to analyze the patient experience. Certain sentiment
patterns, for example, might be more popular during the day
than at night. To uncover such patterns, we analyzed Twitter
data regarding patient experience by examining the time of the
day and that of the week when the tweets were posted. This
gives us a broad set of trends to analyze the activity of a selected
geographic region.

VADER computes sentiment and valence for each word level
and provides positive, negative, and neutral scores at the
sentence level. We used the compound score, which is a
unidimensional and normalized measure of sentiment. It is
computed by summing the valence scores of each word in the
lexicon, adjusted according to the rules, and normalized to be
between −1 (most extreme negative) and +1 (most extreme
positive). We used VADER to compute the compound sentiment
score for every sentence in the tweet, and then took the mean
of all nonzero compound scores to provide a sentiment score
http://www.jmir.org/2018/10/e10043/
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Population Size Examination
We further explored if the patterns of discussion and reporting
about patient experience vary by geographical region and by
population size of the location of the Twitter users. To perform
this analysis, we aggregated the labeled Twitter data with
identified state locations into 4 US regions and also
dichotomized the data into metropolitan (population ≥50,000)
and nonmetropolitan (population <50,000) areas [6].

Because the timestamps of Twitter data are provided in
coordinated universal time (also known as Greenwich Mean
Time), this analysis requires converting the time at which a
tweet was posted onto a Twitter user’s local time. We used the
inferred state information provided by sour geolocation classifier
along with the time zone information for each state to identify
the correct coordinated universal time offset to calculate the
local time.

Statistical Analysis
To determine if there were any differences between the
discussions of patient experience on Twitter in metropolitan
J Med Internet Res 2018 | vol. 20 | iss. 10 | e10043 | p. 4
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and nonmetropolitan areas, we performed a Mann-Whitney
nonparametric test on the sentiment scores of the tweets. We
tested the ranked distribution of metropolitan and
nonmetropolitan sentiment scores to determine if they were
approximately equal at national and regional levels, aggregating
positive and negative scores together. We also compared the
metropolitan and nonmetropolitan sentiment scores at national
and regional levels by the sentiment polarity and valence. The
nonparametric tests were chosen because the sentiment score
distribution was found to be symmetric and bimodal.

Results
Geolocation of Tweets
After evaluating a set of classifiers, we selected a support vector
machine classifier that produced the highest F1 score with the
lowest overfitting. The selected classifier achieved an accuracy
of 83% with a precision and recall of 70% and 69%,
respectively, for the patient experience tweet class. We filtered
the gathered tweets with no URLs and ran the selected classifier
to identify patient experience tweets. There were 33.88% of the
total tweets (9,252,004/27,309,724) found to be without a URL,
out of which 29.82% (2,759,257/9,252,004) were labeled as
patient experience by the classifier. We also verified the
classifier-labeled patient experience tweets by manually curating
a random set of 5000 tweets and found it to be 76% in agreement
with the classifier.
To perform national and regional analyses, the labeled patient
experience tweets were required to be geocoded. We found that
only 2.97% (81,930/2,759,257) of the total patient experience
tweets contained geo-coordinates shared by the users. After
using our geolocation inference engine, we identified 31.76%
(876,384/2,759,257) patient experience tweets that belonged to
1 of the 50 US states, District of Columbia, Puerto Rico, or the
United States Virgin Islands; 19.25% (531,062/2,759,257) of
the patient experience tweets were from outside the United
States, whereas 14.58% (402,295/2,759,257) had insufficient
information and 35.14% (969,614/2,759,257) had no information
to infer geolocation. Manual curation of 10,000 randomly
selected tweets using MTurk validated that 91% (9100/10,000)
of the inferred locations through the geolocation engine were
correct (with 87%, 8,700/10,000 agreement between 2 MTurk
curators). We also verified the quality of the MTurk curators
for this task using an in-house team to manually curate the first
2000 tweet geolocations. Our curators had 79% agreement with
the MTurk curators.
The further dichotomization of the patient experience Twitter
dataset into metropolitan and nonmetropolitan tweets identified
69.36% (607,891/876,384) of total tweets as metropolitan tweets
and 30.64% (268,493/876,384) as nonmetropolitan tweets across
the 4-year study period from February 2013 to February 2017.
The state of Rhode Island was identified as the state with most
tweets in a metropolitan area per 100,000 residents (at 97.2%)
in the patient experience dataset, and Wyoming had the most
tweets in a nonmetropolitan area per 100,000 residents in the
patient experience dataset (at 89.7%); 100% of the tweets from
the District of Columbia were metropolitan because it is entirely
urbanized.
http://www.jmir.org/2018/10/e10043/

XSL• FO
RenderX

Sewalk et al

Tweet Sentiment
Of the 27,309,724 tweets collected between February 2013 and
February 2017 using a set of patient experience-related
keywords, the classifier was able to identify 2,759,257 tweets
that were labeled as patient experience. After running the patient
experience tweets through the geolocation classifier, we
identified 876,384 tweets by approximate location to use for
spatial analyses. At the national level, we observed 27.83%
positive (243,903/876,384), 36.22% neutral (317,445/876,384),
and 35.95% negative (315,036/876,384) patient experience
tweets in the dataset. For this study, we chose to exclude tweets
with neutral sentiment scores.
Figure 1 and Figure 2 show the patient experience tweet count
and sentiment trends over the 4-year study period across the 4
regions of the United States. The color scale of the 4 regions in
Figure 1 represents the average sentiment polarity rate and the
blue dot in each state depicts the approximate size of the patient
experience tweet rate.
The average sentiment polarity rate is the mean difference in
the counts of positive and negative tweets per 100,000 residents
in the state; for example, in 2013, there was 54 more negative
patient experience tweets for every 100,000 Twitter users in the
south region. Likewise, there were 28 more negative tweets in
the west region compared with the positive tweets. The patient
experience tweet rate is the number of patient experience tweets
per 100,000 residents in the state [6]; for example, there were
372 patient experience tweets posted in Nevada, 239 in Texas,
and 225 in California in 2013 per 100,000 residents.
Overall, the average sentiment polarity shifted to be less
negative every year across all the regions in the United States,
as shown in Figure 1. The average sentiment polarity rate for
the northeast, midwest, south, and west regions shifted from
−52, −37, −54, and −27 in 2013 to −36, −17, −33, and −12,
respectively, in 2014. The sentiment polarity further shifted
toward less negative scores from 2015 to 2016 in all the regions
except for the northeast region, which recorded a sentiment
polarity rate of −14 in 2015 compared with −17 in 2016.
Similarly, the patient experience tweet rate also decreased across
all the states over the 4-year study period. The number of states
with at least 200 tweets per 100,000 residents was reduced from
35 states in 2013 to 3 states (Nevada, Oregon, and Alaska) in
2016. The count of patient experience tweets from February
2013 to February 2017 (a total of 49 months) by region is shown
in Figure 2. Overall, the south region posted the highest volume
of tweets and the northeast posted the lowest volume of tweets
during the study period with a visible downward trend across
the 4 regions of the United States.
We further examined the negative patient experience tweets
with respect to the hour of the day when they were posted. We
focused on negative tweets because the average sentiment
polarity across all the regions was consistently found to be
negative, as shown in Figure 1. Figures 3 and 4 present a set of
plots showing the hourly trend and the day-of-week trend
respectively for the fraction of the negative patient experience
tweets by region for each study year.
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The hour-of-day trend revealed that the overall negative tweet
fraction exceeded the positive at almost every hour-of-day in
all the regions. However, the negative tweet fraction was at its
minimum during working hours (8 am-5 pm). The northeast
and south regions exhibited very similar tweet patterns during
the working hours regardless of the large differences in the tweet
counts (Figure 3). The midwest and west regions also show
similar patterns to each other. There were similar or higher
volumes of positive tweets posted between 10 am and 8 pm in
the midwest and west from 2014 to 2016. The fraction of
negative tweets was consistently above 0.5 between 10 am and
8 pm in the northeast and south regions.
The day-of-week trend revealed that the overall fraction of
negative tweets in all 4 regions was similar over the 4-year study
period (Figure 4). The negative tweet fraction was consistently
equal to or above 0.5 for all regions in the United States except
in the west region in 2015 and 2016. Additionally, Fridays and
Saturdays were found to be the least negative days in the week
for tweets in the patient experience dataset across all regions
and all study years. There was a visible decrease in the negative
fraction from Thursday to Friday and a visible increase from
Saturday to Sunday in almost all regions every year.
The plots for the hourly and day-of-week tweet counts are shown
in Multimedia Appendix 5. We found that the highest number
of patient experience tweets was sent from 10 am to 10 pm and
on Monday through Thursday across all regions. The south
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consistently recorded the highest volume of tweets, and the
northeast recorded the lowest tweets hourly between 10 am and
10 pm as well as every day of the week. The regional patterns
in hourly and day-of-week tweet counts remained similar over
the 4-year study period with a visible decrease from 2013 to
2015. Both tweet count trends remained similar across all
regions in the years 2015 and 2016.

Population Size Examination
Using the geolocation classifier, we were able to identify
whether a tweet was from a metropolitan (≥50,000 persons)
area or a nonmetropolitan (<50,000 persons) area. At the
national level, we identified 267,894/867,149 tweets in
nonmetropolitan areas, accounting for 30.89% of tweets in the
geocoded dataset. We identified 599,255/867,149 tweets in
metropolitan areas, accounting for 69.11% of tweets in the
geocoded dataset. We excluded the tweets from District of
Columbia and Puerto Rico for this examination.
Using the sentiment classifier, we observed at the national level
that patient experience-related tweets from nonmetropolitan
areas had higher negative sentiment when compared with patient
experience tweets from metropolitan areas; however, the
difference was small (57.3% vs 55.9%). Similarly, we observed
patient experience tweets from nonmetropolitan areas to have
a slightly lower percentage of positive tweets compared with
those tweets from metropolitan areas (42.7% vs 44.1%).
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Figure 1. Patient experience tweet sentiment by region over time. K represents thousand, where any number is followed by three zeros (eg, 100K
equals 100,000).
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Figure 2. Patient experience tweet volume by region over time. K represents thousand, where any number is followed by three zeros (eg, 100K equals
100,000).

Figure 3. Fraction of negative patient experience tweets by the hour of the day in each region for years 2013-2016.

Figure 4. Fraction of negative patient experience tweets by the day of the week in each region for years 2013-2016.
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Regionally dividing the metropolitan and nonmetropolitan
tweets revealed that the northeast has the largest fraction of
metropolitan tweets i.e., 81.12% (124,135/152,944), followed
by the west at 73.28% (153,336/209,246), south at 64.65%
(202,710/313,543), and midwest at 62.21% (119,074/191,416).
The sentiment comparison across all regions and metropolitan
or nonmetropolitan areas found that metropolitan patient
experience tweets in the western region were most positive
(48.3%), and the nonmetropolitan tweets in the south were most
negative (60.1%). However, the sentiment percentage difference
between the metropolitan and nonmetropolitan tweets within
respective regions was also small. The west held the largest
difference in sentiment percentage difference with 51.7%
negative tweets in metropolitan areas compared with 53.8% in
nonmetros. The northeast recorded the smallest sentiment
difference (59.2% negative tweets in metropolitan vs 58.4% in
nonmetropolitan).
We further divided the metropolitan and nonmetropolitan tweets
to study the yearly patterns within and across the regions. In
each study year, we found that more negative tweets were posted
than positive in all metropolitan and nonmetropolitan areas
across all regions. Tweets in the northeast metropolitan area
posted the highest percentage of negative tweets (63.0%) across
all the regions in 2013. From 2014 to 2016, the southern
nonmetropolitan area consistently had the highest percentage
of negative tweets with 60.6%, 57.5%, and 58.2% negative
tweets for each of these respective study years, 2014, 2015, and
2016, respectively, in the study. However, the western
metropolitan and midwestern metropolitan areas recorded the
highest and second highest percentage of positive tweets,
respectively, each year in the study. The highest positive tweet
percentage of the western metropolitan area was 50.5% and the
midwestern metropolitan was 49.2%, and both were recorded
in 2016. The difference in sentiment percentages within all
regions over the 4-year study period was small. The west
reported the largest percentage difference in negative sentiments
between metropolitan and nonmetropolitan in 2016, 49.5% vs
52.5%, respectively.
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Statistical Analysis
In further investigations, we performed statistical tests to identify
if there were any significant differences between the sentiment
scores of the metropolitan and nonmetropolitan tweets. The
shape of score distribution was found to be symmetric bimodal
with local maxima on either side of the origin, as seen in Figure
5. Hence, we performed the Mann-Whitney nonparametric test
to check if the ranked distribution of the sentiment scores from
the metropolitan and the nonmetropolitan areas were
approximately equal.
We performed the statistical tests on the sentiment scores at
both national and regional level. The sentiment score data were
also divided into the following 4 quantiles: Q-1 (0.0, 0.25), Q-2
(0.25, 0.5), Q-3 (0.50, 0.75), and Q-4 (0.75, 1.0) for the analysis.
These quantiles represent the relative polarity of the data; for
example, the tweets in Q-1 can be viewed as extremely negative
compared with the extremely positive tweets in Q-4. Similarly,
the tweets in Q-2 and Q-3 can be viewed as mildly negative and
mildly positive within a dataset. The descriptive statistics and
P values of all the statistical tests are shown in Table 2. The
table also shows the Cohen d effect size for the tests that found
significant differences.
The sentiment scores of the metropolitan tweets at the national
level were found to be significantly different to the
nonmetropolitan tweets (P<.001). The sentiment scores of the
midwest, south, and west regions’ metropolitan tweets were
also found to be significantly different from the nonmetropolitan
tweets at alpha=0.1%. The P value for the northeast region was
.003.
After dividing the data into quantiles, the analysis established
that the statistical significance could vary at different quantiles
and that it was irrespective of the results that we found for the
data without dividing it. Nationally, the difference between the
metropolitan and the nonmetropolitan tweets was found to be
statistically significant for data quantiles Q-1 and Q-3 (P<.001).

Figure 5. Sentiment score distribution of all tweets (n=788,904, µ=−0.06, and SD 0.509).
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Table 2. National and regional descriptive statistics and nonparametric test results of patient experience tweet sentiments in metropolitan and
nonmetropolitan areas.
Tweet region and
sentiment score

Metropolitan tweets

Nonmetropolitan tweets

P value

Cohen d effect sizeb

n (%)

Mean (SD)

n (%)

Mean (SD)

All tweets

544,962 (69.08)

−0.056 (0.511)

243,942 (30.92)

−0.068 (0.505)

<.001

0.023

Q-1

152,796 (68.87)

−0.698 (0.127)

69,067 (31.13)

−0.655 (0.126)

<.001

0.341

Q-2

150,712 (68.36)

−0.351 (0.135)

69,768 (31.64)

−0.349 (0.136)

.002

N/Ac

Q-3

137,361 (68.94)

0.151 (0.156)

61,876 (31.06)

0.148 (0.156)

<.001

0.019

Q-4

138,339 (70.14)

0.621 (0.128)

58,905 (29.86)

0.620 (0.128)

.04

N/A

All tweets

112,242 (81.08)

−0.086 (0.508)

26,184 (18.92)

0.078 (0.503)

.003

N/A

Q-1

33,560 (81.66)

−0.660 (0.127)

7536 (18.34)

−0.659 (0.127)

.30

N/A

Q-2

32,323 (81.01)

−0.354 (0.134)

7575 (18.99)

−0.345 (0.136)

<.001

0.066

Q-3

27,349 (80.39)

0.150 (0.159)

6671 (19.61)

0.152 (0.160)

.17

N/A

Q-4

26,321 (81.29)

0.619 (0.131)

6059 (18.71)

0.619 (0.128)

.42

N/A

All tweets

108,453 (62.15)

−0.035 (0.512)

66,043 (37.85)

−0.051 (0.508)

<.001

0.032

Q-1

29,045 (61.70)

−0.657 (0.126

18,027 (38.30)

−0.656 (0.126)

.27

N/A

Q-2

29,085 (61.18)

−0.350 (0.136

18,454 (38.82)

−0.347 (0.136)

.12

N/A

Q-3

27,877 (62.44)

0.153 (0.155)

16,770 (37.56)

0.149 (0.156)

.002

N/A

Q-4

28,957 (63.26)

0.623 (0.126)

16,814 (36.74)

0.621 (0.127)

.08

N/A

All tweets

183,829 (64.67)

0.080 (0.506)

100,448 (35.33)

−0.092 (0.50)

<.001

0.024

Q-1

54,537 (64.39)

−0.656 (0.127)

30,163 (35.61)

−0.652 (0.126)

<.001

0.032

Q-2

52,931 (63.93)

−0.353 (0.136)

29,859 (36.07)

−0.353 (0.136)

.27

N/A

Q-3

45,676 (64.39)

0.149 (0.158)

25,263 (35.61)

0.147 (0.158)

.04

N/A

Q-4

43,424 (66.05)

0.617 (0.129)

22,324 (33.95)

0.616 (0.128)

.20

N/A

All tweets

140,438 (73.26)

−0.015 (0.514)

51,267 (26.74)

−0.039 (0.511)

<.001

0.048

Q-1

35,654 (72.77)

−0.660 (0.128)

13,341 (27.23)

−0.659 (0.126)

.44

N/A

Q-2

36,373 (72.38)

−0.345 (0.134)

13,880 (27.62)

−0.346 (0.134)

.02

N/A

Q-3

36,459 (73.46)

0.153 (0.152)

13,172 (26.54)

0.149 (0.154)

.002

N/A

Q-4

39,637 (74.30)

0.626 (0.126)

13,708 (25.70)

0.625 (0.127)

.31

N/A

quantilesa

Northeast

Midwest

South

West

a

The 4 sentiment score quantiles are shown using Q-1 (0.0, 0.25), Q-2 (0.25, 0.5), Q-3 (0.50, 0.75), and Q-4 (0.75, 1.0). The results are reported at
α=0.1%.
b

The Cohen d effect size was computed for tests that found significant differences.

c

N/A: not applicable.

This result implies that the extremely negative and mildly
positive subset of the metropolitan tweets was significantly
different than their counterpart tweets from nonmetropolitan
areas at the national level. At the regional level, we found
statistically significant differences only for Q-2 in the northeast
and Q-1 in the south region. The effect size analysis showed
that the metropolitan and nonmetropolitan tweets with extremely
negative sentiments (ie, Q-1) had a medium effect size (d=0.341)
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at the national level. The remaining tests showed a low side
effect.

Discussion
Principal Findings
Our findings suggest that Twitter is a unique platform for
identifying differences in health care and sentiment of discussion
across various geographical perspectives over the 4-year study
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
period. The methodologies developed in this study present an
informative examination of the sentiments of patient discussions
of health care online. By identifying the opinions and attitudes
of patients using social media, we can supplement traditional
measures of collecting feedback to better understand the care
received across the United States. This study has developed or
built upon methodologies to examine social data from various
geographical perspectives, including national, regional, and
population levels across a 4-year study period.
We found that tweets related to patient experience lean toward
a higher percent negative sentiment at the national level.
Previous research suggests that patient experience scores are
directly related to specific factors of care, such as wait time, the
quantity of nurses or doctors at the health care facility, or even
cost of care [3,4]. Hospital care in the United States has been
found to be generally positive [37], and polling measures have
found that Americans generally rate their health care experience
as good [38,39]. However, this study is not restricted exclusively
to hospital data and encompasses a larger scope of care outside
of hospitals, which may be attributed to this discrepancy.
Web-based examinations of patient experience may differ from
what is being reported in interview- and survey-based reports
of care. This study also found slight differences in patient
experience tweet sentiments that varied owing to region and
population. We observed higher percent positive tweets related
to patient experiences in the northeast region as well as areas
that are defined as metropolitan with a population of ≥50,000
residents. This supports research on the geographic variability
of health care cost and outcomes, which can be reflected through
Web-based sentiment scores [33,40]. Further research based on
these observations can provide insight into the type of care
provided in these areas. The sentiment of patient experience
tweets in this study over the 4-year study period gradually skews
to less negative, which supports previous reports that found that
hospital patient experience trends demonstrate positive progress
in multi-year evaluations [41].
We observed a downward trend in the tweet volume during the
4-year study period, whereas tweet sentiment was found to
increase across all 4 regions of the United States. This trend
could be attributed to either a decrease in percent negative tweets
posted over time or an increase in percent positive tweets over
time for patient experience discussions. Additionally, although
Twitter has not publicly commented on this, researchers and
developers who work with this platform have observed a decline
in Twitter usage in the United States since 2014[42]. This
observation may explain why this study also experienced a
constant decrease in patient experience tweet count over the 4
study years.
This study provides an in-depth presentation of the time of the
day a tweet was posted. We observed the sentiment of tweets
to have a lower negative fraction during daytime hours, whereas
the sentiment of tweets posted between 8 pm and 10 am tended
to have a higher negative fraction. This observation was seen
across all 4 regions of the United States. This observation
supports previous research that shows that patient care can be
compromised during night hours and on weekends particularly
because this is a time when facilities may be closed or have
reduced staffing [43]; for example, lower survival rates for
http://www.jmir.org/2018/10/e10043/

XSL• FO
RenderX

Sewalk et al
postcardiac arrest patients have been observed during night and
weekend care [44], and measures to improve safety during
off-hours care have been recommended [45]. Further research
into the significance of these observations is needed.
By examining the differences in tweet sentiment between
metropolitan and nonmetropolitan areas, we sought to determine
if the discussion of care online differs based on population size.
We found that metropolitan areas across the United States have
higher percent positive tweets compared with nonmetropolitan
areas, which supports research on differences in health care in
rural populations compared with the care in urban populations
[7]. Metropolitan cities have been found to have better access
to care because many have large health care institutions and
resources nearby that smaller communities lack [7,8]. Although
there are some noted disadvantages to access to care in more
populated cities, including longer wait times, travel times, and
appointment availability, we would have expected the sentiment
of tweets between the metropolitan and nonmetropolitan areas
to have a larger difference, which was not observed in this study.
Although we do observe statistically significant results in the
associations between certain sentiment quantiles and population
size based on the metropolitan and nonmetropolitan areas, we
do recognize that this is a large-scale dataset and the impact of
the results are weak at best. Further research could provide
better insight into care expectations and the Web-based
conversations between varying population levels in the United
States.

Limitations
There were several limitations to our study. First, selection bias
could occur from the nature of Twitter usage, a platform which
is heavily comprised of adults aged 18 to 29 [46]. Representation
of tweets may not be evenly distributed across all age groups.
Second, we collected our data based on selected keywords
related to patient experience, which may not have captured all
tweets on the subject matter. Owing to the broad nature of the
intended dataset, there is a chance some discussions of patient
care were missed. There are limitations to the selected classifier
for identifying patient experience tweets as well. We found that
the selected classifier achieved an accuracy of 83% with the
precision and recall of 70% and 69%, respectively, for the
patient experience tweet class, which suggests there is still a
chance that tweets discuss health care, but perhaps a tweet that
is not an exposure to health care could be captured in this
dataset. As previously noted, we observed a decrease in the
tweet volume over the 4-study year period, which could indicate
that people are posting less on Twitter over time. To minimize
the bias of the tweet count, we normalized the patient experience
data using yearly state population estimates or yearly tweet
counts in our analysis. We present the count data as
supplemental information in the analysis. The effect of
decreasing tweet counts may introduce bias in the observed
data, and this needs to be explored further.
Additionally, there are limitations to state identification because
the human validation of our geocoding engine has 91%
accuracy. Therefore, there is a 9% chance of error in the inferred
states. The errors in the geolocation are primarily owing to the
way users provide their location information in their profile;
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for example, if a Twitter user provides only a city name with
no state or country information included in the location field in
her profile, the inferred state might be incorrect. Furthermore,
querying any location in our engine produces a list of possible
options for the state and country. However, we can only select
1 out of all potential options. We are currently choosing the
first one on the list.
Finally, our location engine, which infers the state and if a tweet
is from a metropolitan or nonmetropolitan area, is based on
boundary polygon data on state and urban areas provided by
the US Census Bureau. Although we used the highest available
data resolution, the inferred location might be incorrect if the
tweet geo-coordinates fall very close to the polygon boundaries.
There is also a limitation of using a denominator of “per 100,000
residents per state” for our understanding of this dataset. We
acknowledge that this denominator represents neither patients
on Twitter per state nor Twitter users per state. We used this
denominator as referenced by state population US Census
Bureau data.
There are ethical considerations that must be considered when
using data from social media sites such as Twitter.
Understandably, users have concerns about privacy and
confidentiality of information posted online. Interestingly,
Web-based data used for social benefit or public health interest
are often perceived to be more acceptable in social media
research among users [47,48]. Even though we acknowledge
the concerns of users, all information used in this study was
acquired for academic research and was restricted to publicly
available posts that users have selected not to post privately.
Additionally, we attempted to address concerns about privacy
and confidentiality by analyzing and disseminating aggregated
numerical data only.

Future Direction
The findings of this study have implications for future research
examining patient feedback online and the usefulness of the
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knowledge it can provide. Twitter can be prospectively or
historically monitored by geographical location to determine
how patients feel about the care they receive. This novel
approach presents patients with the opportunity to freely discuss
their feedback on all aspects of care provided without being
limited to the restrictions from more traditional structured
questionnaires. Although a user-based approach was outside
the scope of this study, future research using the methodologies
presented could consider analyzing user-specific data to further
examine geographical and temporal differences in patient
experience discussions. Additionally, Twitter surveillance of
Web-based discussions may provide health care providers,
health institutions, and policy makers with both positive and
negative trends in the care received in their jurisdiction. This
can inform stakeholders of where health care can be improved,
particularly during a time when the influence of patient
engagement can direct where limited resources should be
allocated. Furthermore, these data have the power to provide
future research into differences of patient feedback between
population demographics, topics of discussion, or even questions
to understand if patients are receiving the right care at the right
time. Deeper knowledge on the discussions of care online can
provide valuable and insightful information, which has the
power to influence how health care is provided across the United
States.

Conclusions
This study presents methodologies for a deeper understanding
of Web-based discussion related to patient experience across
space and time. Twitter, as a social media platform, provides a
unique and unsolicited perspective from users. This
characterization of data provides a unique opportunity to
examine geographic and temporal differences in the sentiments
of patient opinions and feedback. The findings provided in this
study can lead to further research and understanding of the
culture of health in the United States as provided by real-time
social data.

Acknowledgments
KCS and GT contributed to study inception, data collection, data analysis and interpretation, and drafting and critical revision of
the manuscript. YH contributed to data analysis and interpretation and critical revision of the manuscript. JSB and JBH contributed
to study inception, data collection, data analysis and interpretation, and critical revision of the manuscript. This study was funded
by the Robert Wood Johnson Foundation Grant. The funder played no role in the study design; collection, analysis, or interpretation
of data; writing of the manuscript; or decision to submit the manuscript for publication.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Keyword classes, keywords, and example rules that were used to extract the patient experience Twitter data.
[PDF File (Adobe PDF File), 42KB-Multimedia Appendix 1]

Multimedia Appendix 2
Amazon mechanical turk curation guide.
[PDF File (Adobe PDF File), 33KB-Multimedia Appendix 2]

http://www.jmir.org/2018/10/e10043/

XSL• FO
RenderX

J Med Internet Res 2018 | vol. 20 | iss. 10 | e10043 | p. 12
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Sewalk et al

Multimedia Appendix 3
Tweet classification.
[PDF File (Adobe PDF File), 36KB-Multimedia Appendix 3]

Multimedia Appendix 4
Tweet extraction, curation, and geolocation flowchart.
[PDF File (Adobe PDF File), 176KB-Multimedia Appendix 4]

Multimedia Appendix 5
Patient experience tweet counts by the hour-of-day and day-of-week for each US region from years 2013 to 2016.
[PDF File (Adobe PDF File), 160KB-Multimedia Appendix 5]

References
1.
2.

3.

4.

5.

6.
7.
8.
9.

10.
11.

12.

13.
14.

15.

16.

Charmel PA, Frampton SB. Building the business case for patient-centered care. Healthc Financ Manage 2008
Mar;62(3):80-85. [Medline: 19097611]
Centers for Medicare & Medicaid Services. 2017. HCAHPS: Patients' Perspectives of Care Survey URL: https://www.
cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-Instruments/HospitalQualityInits/HospitalHCAHPS.html [accessed
2018-09-24] [WebCite Cache ID 72fql9Fpb]
Anhang PR, Elliott MN, Zaslavsky AM, Hays RD, Lehrman WG, Rybowski L, et al. Examining the role of patient experience
surveys in measuring health care quality. Med Care Res Rev 2014 Oct;71(5):522-554 [FREE Full text] [doi:
10.1177/1077558714541480] [Medline: 25027409]
Doyle C, Lennox L, Bell D. A systematic review of evidence on the links between patient experience and clinical safety
and effectiveness. BMJ Open 2013 Jan 03;3(1):piie001570 [FREE Full text] [doi: 10.1136/bmjopen-2012-001570] [Medline:
23293244]
Matthews KA, Croft JB, Liu Y, Lu H, Kanny D, Wheaton AG, et al. Health-Related Behaviors by Urban-Rural County
Classification - United States, 2013. MMWR Surveill Summ 2017 Dec 03;66(5):1-8 [FREE Full text] [doi:
10.15585/mmwr.ss6605a1] [Medline: 28151923]
Hall SA, Kaufman JS, Ricketts TC. Defining urban and rural areas in U.S. epidemiologic studies. J Urban Health 2006
Mar;83(2):162-175 [FREE Full text] [doi: 10.1007/s11524-005-9016-3] [Medline: 16736366]
Spasojevic N, Vasilj I, Hrabac B, Celik D. Rural - Urban Differences In Health Care Quality Assessment. Mater Sociomed
2015 Dec;27(6):409-411 [FREE Full text] [doi: 10.5455/msm.2015.27.409-411] [Medline: 26937222]
Douthit N, Kiv S, Dwolatzky T, Biswas S. Exposing some important barriers to health care access in the rural USA. Public
Health 2015 Jun;129(6):611-620. [doi: 10.1016/j.puhe.2015.04.001] [Medline: 26025176]
Verhoef LM, Van de Belt TH, Engelen LJLPG, Schoonhoven L, Kool RB. Social media and rating sites as tools to
understanding quality of care: a scoping review. J Med Internet Res 2014;16(2):e56 [FREE Full text] [doi: 10.2196/jmir.3024]
[Medline: 24566844]
Mazor KM, Clauser BE, Field T, Yood RA, Gurwitz JH. A demonstration of the impact of response bias on the results of
patient satisfaction surveys. Health Serv Res 2002 Oct;37(5):1403-1417 [FREE Full text] [Medline: 12479503]
Strauss M. Pew Research Center. Most patients in US have high praise for their health care providers URL: http://www.
pewresearch.org/fact-tank/2017/08/02/most-patients-in-u-s-have-high-praise-for-their-health-care-providers [accessed
2018-02-26] [WebCite Cache ID 6xWQyVvXh]
Rainie L, Funk C. Pew Research Center: Internet, Science & Tech. 2015 Jan 29. Chapter 2: Perspectives on the Place of
Science in Society URL: http://www.pewinternet.org/2015/01/29/chapter-2-perspectives-on-the-place-of-science-in-society/
[accessed 2018-02-26] [WebCite Cache ID 6xWRO9qY7]
The Statistics Portal. 2018. Twitter: Number of monthly active U.S. users 2010-2018 URL: https://www.statista.com/
statistics/274564/monthly-active-twitter-users-in-the-united-states/ [accessed 2018-07-03] [WebCite Cache ID 70n0LfRep]
Hawkins JB, Brownstein JS, Tuli G, Runels T, Broecker K, Nsoesie EO, et al. Measuring patient-perceived quality of care
in US hospitals using Twitter. BMJ Qual Saf 2016 Dec;25(6):404-413 [FREE Full text] [doi: 10.1136/bmjqs-2015-004309]
[Medline: 26464518]
Tighe PJ, Goldsmith RC, Gravenstein M, Bernard HR, Fillingim RB. The painful tweet: text, sentiment, and community
structure analyses of tweets pertaining to pain. J Med Internet Res 2015;17(4):e84 [FREE Full text] [doi: 10.2196/jmir.3769]
[Medline: 25843553]
Downing NS, Cloninger A, Venkatesh AK, Hsieh A, Drye EE, Coifman RR, et al. Describing the performance of U.S.
hospitals by applying big data analytics. PLoS One 2017 Jun;12(6):e0179603 [FREE Full text] [doi:
10.1371/journal.pone.0179603] [Medline: 28662045]

http://www.jmir.org/2018/10/e10043/

XSL• FO
RenderX

J Med Internet Res 2018 | vol. 20 | iss. 10 | e10043 | p. 13
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
17.
18.

19.

20.
21.
22.
23.
24.
25.
26.
27.

28.
29.

30.

31.
32.
33.

34.

35.
36.
37.
38.
39.
40.
41.

Gohil S, Vuik S, Darzi A. Sentiment Analysis of Health Care Tweets: Review of the Methods Used. JMIR Public Health
Surveill 2018 Apr 23;4(2):e43 [FREE Full text] [doi: 10.2196/publichealth.5789] [Medline: 29685871]
Greaves F, Ramirez-Cano D, Millett C, Darzi A, Donaldson L. Use of sentiment analysis for capturing patient experience
from free-text comments posted online. J Med Internet Res 2013;15(11):e239 [FREE Full text] [doi: 10.2196/jmir.2721]
[Medline: 24184993]
Capurro D, Cole K, Echavarría MI, Joe J, Neogi T, Turner AM. The use of social networking sites for public health practice
and research: a systematic review. J Med Internet Res 2014;16(3):e79 [FREE Full text] [doi: 10.2196/jmir.2679] [Medline:
24642014]
Privacy Policy. 2018 May 25. Twitter URL: https://twitter.com/en/privacy [accessed 2018-07-17] [WebCite Cache ID
70zE4CiGv]
Get Better Results with Amazon Mechanical Turk Masters. 2011 Jun 23. Amazon Web Services URL: https://aws.
amazon.com/blogs/aws/amazon-mechanical-turk-master-workers/ [accessed 2018-07-03] [WebCite Cache ID 70iUxUxk3]
Colditz JB, Chu K, Emery SL, Larkin CR, James AE, Welling J, et al. Toward Real-Time Infoveillance of Twitter Health
Messages. Am J Public Health 2018 Aug;108(8):1009-1014. [doi: 10.2105/AJPH.2018.304497] [Medline: 29927648]
Graham M, Hale SA, Gaffney D. Where in the World Are You? Geolocation and Language Identification in Twitter. The
Professional Geographer 2014 May 19;66(4):568-578. [doi: 10.1080/00330124.2014.907699]
Google. Developer Guide. Geocoding API URL: https://developers.google.com/maps/documentation/geocoding/intro
[accessed 2018-02-23] [WebCite Cache ID 6xWRyUI7F]
US Census Bureau. Cartographic Boundary Shapefiles - States URL: https://www.census.gov/geo/maps-data/data/cbf/
cbf_state.html [accessed 2018-09-24] [WebCite Cache ID 72frcdTkc]
Google. Geocoding Addresses Best Practices. Geocoding API URL: https://developers.google.com/maps/documentation/
geocoding/best-practices [accessed 2018-07-10] [WebCite Cache ID 710cT2tZG]
Gianfranco G, Rinnone F. Online Geocoding Services: A Benchmarking Analysis to Some European Cities. In: Baltic
Geodetic Congress.: IEEE; 2017 Presented at: BGC Geomatics; June 22-25 2017; Gdansk, Poland p. 273-281. [doi:
10.1109/BGC.Geomatics.2017.12]
Ahlers D, Boll S. University of Oldenburg, Germany. 2009. On the Accuracy of Online Geocoders URL: http://www.
informatik.uni-oldenburg.de/~there/geoinformatik09.pdf [accessed 2018-07-18] [WebCite Cache ID 710dH2Pzq]
Clemens K. Geocoding with openstreetmap data. In: GEOProcessing 201.: IARIA; 2015 Presented at: GEOProcessing
2015: The Seventh International Conference on Advanced Geographic Information Systems, Applications, and Services;
February 22-27, 2015; Lisbon, Portugal p. 1-2.
Dredze M, Paul M, Bergsma S, Tran H. Carmen: A Twitter geolocation system with applications to public health. In:
Workshop on Expanding the Boundaries of Health Informatics Using Artificial Intelligence. 2013 Presented at: AAAI
Conference on Artificial Intelligence; July 14-18, 2013; Bellevue, Washington, USA p. 20-24.
US Census Bureau. 2018. Geography: Regions URL: https://www.census.gov/geo/reference/webatlas/regions.html [accessed
2018-08-02] [WebCite Cache ID 72fspWZTS]
US Census Bureau. 2018. Statistical Groupings of States and Counties URL: https://www2.census.gov/geo/pdfs/reference/
GARM/Ch6GARM.pdf [accessed 2018-09-24] [WebCite Cache ID 72fsvp66J]
Rosenberg BL, Kellar JA, Labno A, Matheson DHM, Ringel M, VonAchen P, et al. Quantifying Geographic Variation in
Health Care Outcomes in the United States before and after Risk-Adjustment. PLoS One 2016;11(12):e0166762 [FREE
Full text] [doi: 10.1371/journal.pone.0166762] [Medline: 27973617]
Gilbert E, Hutto CJ. VADER: A Parsimonious Rule-Based Model for Sentiment Analysis of Social Media Text. 2014
Presented at: Eighth International AAAI Conference on Weblogs and Social Media; June 2-4, 2014; Ann Arbor, Michigan
p. 216-225 URL: http://www.aaai.org/ocs/index.php/ICWSM/ICWSM14/paper/download/8109/8122
Kralj NP, Smailović J, Sluban B, Mozetič I. Sentiment of Emojis. PLoS One 2015 Dec;10(12):e0144296 [FREE Full text]
[doi: 10.1371/journal.pone.0144296] [Medline: 26641093]
US Census Bureau. 2012 Sep 1. Geography: Cartographic Boundary Shapefiles - Urban Areas URL: https://www.census.gov/
geo/maps-data/data/cbf/cbf_ua.html [accessed 2018-09-24] [WebCite Cache ID 72ftHqgs1]
HCAHPS. 2018. Summary Analyses URL: http://www.hcahpsonline.org/en/summary-analyses/ [accessed 2018-07-03]
[WebCite Cache ID 70waIyZAP]
NPR. 2016. Patient' Perspectives on Healthcare in the United States URL: https://www.npr.org/assets/img/2016/02/26/
PatientPerspectives.pdf [accessed 2018-07-03] [WebCite Cache ID 70waYK36j]
Gallup News. 2017 Nov 30. U.S. Healthcare Quality Ratings Among Lowest Since '12 URL: https://tinyurl.com/y7ly8tm3
[accessed 2018-07-03] [WebCite Cache ID 70waijm93]
Newhouse J, Garber A, Graham R, Mccoy M, Mancher M, Kibria A, editors. Variation in Health Care Spending: Target
Decision Making, Not Geography. In: Institute of Medicine. Washington, DC: The National Academies Press; Oct 1, 2013.
Wolf J. The Beryl Institute. 2013. The State of Patient Experience in American Hospitals 2013: Positive trends and
opportunities for the future URL: https://c.ymcdn.com/sites/www.theberylinstitute.org/resource/resmgr/
benchmarkingpaper_2013.pdf [accessed 2018-07-03] [WebCite Cache ID 70wbCKxUt]

http://www.jmir.org/2018/10/e10043/

XSL• FO
RenderX

Sewalk et al

J Med Internet Res 2018 | vol. 20 | iss. 10 | e10043 | p. 14
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
42.

43.
44.

45.
46.
47.
48.

Sewalk et al

Edwards J. Business Insider. 2016 Feb 02. Leaked Twitter API data shows the number of tweets is in serious decline URL:
http://www.businessinsider.com/tweets-on-twitter-is-in-serious-decline-2016-2 [accessed 2018-03-09] [WebCite Cache
ID 710McFDTZ]
Wong HJ, Morra D. Excellent hospital care for all: open and operating 24/7. J Gen Intern Med 2011 Sep;26(9):1050-1052
[FREE Full text] [doi: 10.1007/s11606-011-1715-8] [Medline: 21499824]
Ofoma UR, Basnet S, Berger A, Kirchner HL, Girotra S, American Heart Association Get With the Guidelines – Resuscitation
Investigators. Trends in Survival After In-Hospital Cardiac & Arrest During Nights and Weekends. J Am Coll Cardiol
2018 Jan 30;71(4):402-411 [FREE Full text] [doi: 10.1016/j.jacc.2017.11.043] [Medline: 29389356]
Shulkin DJ. Assessing hospital safety on nights and weekends: the SWAN tool. J Patient Saf 2009 Jun;5(2):75-78. [doi:
10.1097/PTS.0b013e3181a5db10] [Medline: 19920445]
Pew Research Center: Internet, Science & Tech. 2017 Jan 12. Social Media Fact Sheet URL: http://www.pewinternet.org/
fact-sheet/social-media/ [accessed 2018-01-26] [WebCite Cache ID 6xWRaajnX]
Golder S, Ahmed S, Norman G, Booth A. Attitudes Toward the Ethics of Research Using Social Media: A Systematic
Review. J Med Internet Res 2017 Jun 06;19(6):e195 [FREE Full text] [doi: 10.2196/jmir.7082] [Medline: 28588006]
Conway M. Ethical issues in using Twitter for public health surveillance and research: developing a taxonomy of ethical
concepts from the research literature. J Med Internet Res 2014;16(12):e290 [FREE Full text] [doi: 10.2196/jmir.3617]
[Medline: 25533619]

Abbreviations
GPS: Global Positioning System
MTurk: Amazon Mechanical Turk
NLP: natural language processing
VADER: Valence Aware Dictionary for Sentiment Reasoning

Edited by G Eysenbach; submitted 09.03.18; peer-reviewed by D Mciver, A Cyr, L McCann, J Colditz, Z Tingting; comments to author
09.04.18; revised version received 18.07.18; accepted 07.08.18; published 12.10.18
Please cite as:
Sewalk KC, Tuli G, Hswen Y, Brownstein JS, Hawkins JB
Using Twitter to Examine Web-Based Patient Experience Sentiments in the United States: Longitudinal Study
J Med Internet Res 2018;20(10):e10043
URL: http://www.jmir.org/2018/10/e10043/
doi: 10.2196/10043
PMID: 30314959

©Kara C Sewalk, Gaurav Tuli, Yulin Hswen, John S Brownstein, Jared B Hawkins. Originally published in the Journal of Medical
Internet Research (http://www.jmir.org), 12.10.2018. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research, is properly
cited. The complete bibliographic information, a link to the original publication on http://www.jmir.org/, as well as this copyright
and license information must be included.

http://www.jmir.org/2018/10/e10043/

XSL• FO
RenderX

J Med Internet Res 2018 | vol. 20 | iss. 10 | e10043 | p. 15
(page number not for citation purposes)

