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Abstract

Twitter, as a social media platform, has become an increasingly useful data source for health
surveillance studies, and personal health experiences shared on Twitter provide valuable
information to the surveillance. Twitter data are known for their irregular usages of languages and
informal short texts due to the 140 character limit, and for their noisiness such that majority of the
posts are irrelevant to any particular health surveillance. These factors pose challenges in
identifying personal health experience tweets from the Twitter data. In this study, we designed
deep neural networks with 3 different architectural configurations, and after training them with a
corpus of 8,770 annotated tweets, we used them to predict personal experience tweets from a set of
821 annotate tweets. Our results demonstrated a significant amount of improvement in predicting
personal health experience tweets by deep neural networks over that by conventional classifiers:
37.5% in accuracy, 31.1% in precision, and 53.6% in recall. We believe that our method can be
utilized in various health surveillance studies using Twitter as a data source.
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[. Introduction

Twitter, as a social media platform, has become an increasingly useful data source for a wide
range of health surveillance studies. They include investigations of influenza pandemics [1-
10], Haitian cholera outbreak [11], Ebola outbreak [12], non-medical use of a
psychostimulant drug (Ad-derall) [13], drug abuse [14], smoking [15], suicide risks [16],
migraine headaches [17], pharmaceutical product safety [18-22], disease outbreaks during
festivals [23], detection of Schizophrenia [24], food-borne illness [25, 26], and even dental
pains [27].

In most of these studies, Twitter data were collected by keyword search, which can still
leave a significant amount of irrelevant tweets in the study data. For example, Freifeld et al.
[18] showed that only 4,401 (7.2%) tweets relevant to the study were discovered from a
random sample of 61,402 tweets which were from the collected 6.9 million tweets for 23
medicine products from November 1, 2012 through May 31, 2013. This suggests that a large
amount of noisy irrelevant tweets exists in the Twitter data collected.

Various manual and simple methods were used to select samples for research, making the
research outcomes difficult to compare and to reproduce. With the sheer volume of Twitter
posts, manual approaches will not work well and an automated method is needed. In
addition, for the long term ongoing activities for health surveillance, an automatic method
capable of correctly identifying study Twitter data is needed.

Personal health experiences shared on Twitter play an important role in health surveillance.
Personal experience tweets (PETS) are tweets that describe a person’s encounters,
observations, and important events related to his or her life. In studying health related
activities, such experiences pertain to changes of a person’s health, due to an illness, a
disease, or a treatment. Personal experience tweets contain patient generated information
related to their health and such information is an important source of information for study
of health related issues. Below are examples of personal health experience tweets:

Feeling dizzy every time | took pregabalin so | google-d the side effects of it
Just starting lyrica, tho it reduced the pain, i cant sleep at the night

Twitter data possess unique characteristics which are not found in many other sources of
data. First, each tweet is limited to 140 characters, making users quite creative in coming up
with various short texts which do not follow the spelling and grammar of the languages used
in order to include the needed information within the limit. Furthermore, emotional
expressions in the forms of emoticons and emoji’s are commonly seen in the Twitter posts.
Most challengingly to health surveillance, Twitter data are noisy and contain a significant
amount of tweets irrelevant to the health issues being studied. The irrelevant, noisy tweets
can be those for promoting products, news, and even spamming.

For health related studies, data collected from Twitter require human annotation to confirm
and discover what was posted by the users. Annotation is a laborious, time consuming
process requiring a significant amount of effort from domain experts, which can be
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attributed to the slow progress in scaling up the many developed methods to the continuous
and ongoing process of health activity surveillance.

For health surveillance, it is important to have an effective and efficient method to identify
personal health experience tweets. In this paper, we present our work of developing a deep
neural network-based approach to identify such tweets, and compare and discuss the
performance of our approach with that of the conventional methods.

[l. Related Work

lll. Method

A. Data Sets

Jiang and colleague introduced the concept of personal experience tweets in discovering
drug effects by mining Twitter data [21]. Authors trained three conventional classifiers
(naive Bayes, SVM, and maximum entropy) with a corpus of 600 tweets (300 PETs and 300
non-PETS), and used the trained models to classify 285 tweets. Data sets used in their study
seem to be small and the performance may not be generalized to the population of Twitter
data.

Recently, in developing an efficient and effective method of constructing a corpus of
personal experience tweets, Jiang and colleagues [28] iteratively trained three conventional
classifiers (IB1 — nearest neighbors, J48 — decision tree, and MLP — multilayer perceptron)
with annotated tweets to derive a corpus of 8,770 annotated tweets (2,067 PETs and 6,703
non-PETS). While their prediction performance on the training data looked strong, but in
each iteration, the predictions on the unannotated data did not perform well as on the
training data. This is because that authors wanted to reduce the annotation cost by only
annotating the predicted positive tweets from which only the prediction precision could be
measured, and it ranged from 0.28 to 0.49.

Identifying personal health experience tweets is a binary classification problem. Due to the
uniqueness of Twitter data, commonly used linear classifiers do not perform well. Deep
neural networks are known for their ability to perform well for situations where linear
solutions fail. In this project, we designed deep neural networks with three different
architectural configurations, and trained and tested them with annotated personal experience
tweets related to the use of 4 dietary supplements.

From May 30, 2014 to December 8, 2014, we collected 108,528 number of tweets related to
4 dietary supplements (Echinacea, Melatonin, St. John’s Wort, and Valerian.) through the
use of Twitter REST APIsl. Names of the dietary supplements were used as keywords in
retrieval of data. Any retweets and non-English tweets were discarded. Of the collected
tweets, a corpus of 8,770 annotated tweets was constructed [28], and it was used as the
training set in this project. We also randomly identified and annotated 821 tweets (485 PETs
and 336 non-PETSs) from the collected data to form the test set. Tweets in the test dataset

1https://dev.twitter.com/rest/pubIic.
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were randomly chosen from all four dietary supplements and across the timespan of the data
collection.

The retrieved tweets not only include the textual data but also the metadata. Upon
experimenting and observation, we identified 19 features that can be useful in this study.

Count of frequent terms. They are the textual terms (tokens) frequently appearing in one
class but not in the opposite class. Four features related to frequent terms were extracted
after scanning the training data, and they are for the positive class and negative class in the
tweet text and the Twitter user name which can be phrases.

Count of URLs. Irrelevant tweets tend to include URLSs in the tweet text, and a small number
of relevant tweets contain URLS to provide additional information.

Count of emotion words. To some extent, the sentiment of an individual tweet expresses the
type of a Twitter user’s experience. For instance, a pleasant experience may be indicated by
a happy expression.

Twitter client application. Commercial purpose and spam tweets tend to use client
applications which can automatically post to Twitter — for instance, twitterfeed.com, whereas
individual Twitter users tend to use a different set of Twitter clients such as Twitter mobile
apps and the official Twitter Website [29].

Counts of personal pronouns, first person pronouns and second person pronouns. To
distinguish personal from non-personal tweets, the usage of personal pronouns can be
valuable information because personal tweets tend to use personal pronouns more frequently
than non-personal tweets as studied by Elgersma et al. on personal blogs [30].

In addition, we also include in our features the counts of unique words and total number of
words, as well as Twitter user id.

C. Deep Neural Networks

Neural networks with three different architectural configurations were chosen in this study
as shown in Figure 1. These configurations consisted of 1-hidden-layer neural network with
19 inputs mapped to 6-neuron hidden layer producing a 2-class output as positive (PET) or
negative (non-PET). The second configuration consisted of 2-hidden layer neural network
with 19 inputs connecting first hidden layer with 7 neurons followed by another with 3
neurons connecting to the 2-class output layer. And the 3'd configuration is a 5-hidden layer
neural network with 19-neuron input connecting to first hidden layer which consists of 64
neurons followed by second, third, fourth and fifth hidden layers consisting of 32, 16, 8 and
4 neurons respectively, passing final output to the 2-class output layer.

The neural networks were implemented using the Google’s TensorFlow platform?2 along
with scikit-learn libraries3. For each of the three configurations, a training set consisting of

2https://vaw.tensorflovv.org/.
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8,770 annotated tweets were used and iterated over 2,000 epochs with a batch size of 128 —
we chose a sufficiently large enough number of epochs to ensure that each individual
configuration will reach to a stable state. All three models were tested with a test set of 821
annotated tweets. For calculating the cost, gradient descent optimizer with value 0.001 was
used. Softmax with cross entropy with logit was used for loss calculation.

D. Baseline Classifiers

V. Results

To benchmark the prediction performance of the deep neural networks, we chose the
following commonly used classifiers: 1) IB1 — k nearest neighbor, 2) J48 — decision tree, 3)
LR - logistic regression, and 4) SVM - support vector machine. The performance of these
classifiers served as the baseline in comparison. Weka?#, which includes the implementation
of all these classifiers, was used to gather the performance data on the same data sets.

We used the same training data (8,770 tweets) to train all the classifiers and later used the
trained models to classify the positive tweets (PETs) and negative tweets (hon-PETS) on the
same set of test data (821 tweets). Listed in Table | are the results of the classifiers we tested.
In the table, precision, recall and F1 are only for the positive class (PET), and accuracy and
ROC (which is the area under curve) are for both positive and negative classes. LR stands for
logistic regression, and DNN1, DNN2, and DNNS5 represent 1-hidden layer, 2-hidden layer
and 5-hidden layer neural networks respectively. For each performance measure, the highest
(best) value is in boldface.

V. Discussions

As shown in Table |, all three DNN classifiers outperform all conventional classifiers tested
(IB1, J48, LR, and SVM) by a noticeable margin, with DNN1 and DNN2 being the best for
the deep neural networks and J48 for the conventional classifiers. Summarized in Table 11
are the significant performance improvements of predicting PETs with DNN classifiers over
that with the best conventional classifier (148).

These significant improvements in performance can help with health surveillance tasks. The
improved accuracy will help predict both true positive tweets (PETs) and true negative
tweets (non-PETS) more accurately. The higher precision of predicting positive tweets
(PETS) will help include more positive tweets (PETS) in the result, effectively reducing the
number of irrelevant, noisy tweets and the annotation effort. The increased recall will help
minimize the number of actual positive tweets (PETS) missed by the imperfect classifiers —
in other words, the result will miss fewer number of actual positive tweets (PETS).

Another observation of our results is that more number of hidden layers in the neural
network does not seem to help improve the prediction performance significantly on the test
dataset we used. The single hidden layer architecture performed the best in our study, and

3http://scikit—learn.org/stable/.
http://www.cs.waikato.ac.nz/ml/weka/.
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the 5-hidden layer neural network performed the worst among the 3 configurations tested.
This may indicate that 1) the single hidden layer architecture could suffice for predicting
positive tweets (PETS), or 2) a larger data size may be needed to train deep neural networks
for more accurate performance measure.

Although the simplest neural network performed (nearly) best, the cost of training the model
was higher than that of training the more sophisticated neural network models. This is
because it takes longer time (more epochs) for the single hidden layer model to reach to a
stable state - we observed that it took about 1,500 epochs for the single hidden layer model
but roughly 100 epochs for the 5-hidden layer neural network to reach the stable state. This
suggests that if the training time is essence and slightly poorer performance is acceptable,
the 5-layer model can be the choice, but if the abundant computational power is available
and a simple architecture is preferred, the single hidden layer architecture can be the choice.

In this study, a small set of annotated tweets were used to test the algorithms. As we realize,
the data set, which was chosen randomly, may not be representative to the tweet population.
In our future research, we plan to continue collecting and annotating personal health
experience tweets and investigate if our method will be applicable to the larger sets of
Twitter data.

VI. Conclusion

In this research, we demonstrated that deep neural networks performed significantly better in
classifying personal health experience tweets (PETSs) from non-personal health experience
tweets (non-PETS) than the conventional classifiers did, indicating the effectiveness of deep
neural networks for health surveillance tasks. We believe that our method can be utilized to
automate health surveillance activities that use Twitter as the data source.
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Figurel.
Deep neural network (DNN) architectures used in this study.
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