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Executive Summary/Abstract 

Objectives 

The objective of this project was to detect the onset of events using social media, especially 

twitter streams.   To accomplish this, we (a) developed a new method to detect the onset of 

events, (b) studied topic evolution, which takes unstructured time stamped data as input and 

identify, in an unsupervised manner, the latent topics and how these topics evolve and (c) 

generate a simplistic visualization of the arrival tweets. 

Methods 

The Event Detection on Onset (EDO) method employs a divergence score, a series of 

thresholds, a graph representation, a graph clustering method, and an event/topic evolution 

model to detect an onset of events. The topic evolution study focused on HDP, hierarchical 

Dirichlet process topic models, which our studies confirm is superior to alternative traditional 

methods.  We also developed a simple visualization display of the arriving tweets, which moves 

as time progresses.  

Results 

The EDO methods was able to identify the onset of events around 3 minutes after the first 

tweet about a disaster related event appeared; it also can be used in other domains to find 

changes in patterns.  The method improved was superior in performance in comparison to an 

equivalent state-of-art method.  For the HDP work, a study confirmed the HDP's superiority and 

a timeflow visualization was prototyped with open-source D3 and Java.  Finally, a preliminary 

prototype for tweet visualization was developed, but it needs to connect to the live source of 

tweets. 
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Conclusions 

The EDO method does work, but its performance would be enhanced by incorporation of 

additional data.  The HDP topic evolution work is promising, but there are many practical issues 

that need to be resolved in order to apply these techniques to social media. Finally, the tweet 

visualization may serve as a simple explorer of tweets, but should be strengthened with 

advanced feature detection algorithms. 
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Differences from Current State of Art 

Emerging Event Detection 

Overview 

Event detection evolved from topic detection which was part of Topic Detection and Tracking 

(TDT) which started as a DARPA program in 1997. Topic detection can be broadly classified into 

two categories: document-pivot methods that detect topics based on semantic distance 

between two documents [9] and feature-pivot methods which tracks words and discovers 

topics by grouping words together [10]. Original event detection from news articles and blogs 

concentrated on document-pivot methods to detect new events from a steam of stories [11], 

similar techniques have been implemented on twitter domain where locality sensitive hashing 

(LSH) is applied to each tweet and is compared to a set of predefined topics to group similar 

tweets that denote an event [12]. Feature-pivot methods are also used on twitter steams to 

identify bursts of events and   identify events based on co-occurrence of terms [13]. The main 

problem with these kinds of approaches is that a tweet by itself is short and techniques like tf-

idf cannot be directly used on them [14]. 

The first successful use of tweets to detect event was by Sakaki et al. [15] who proposed event 

detection as a classification problem. They designed a classifier using support vector machines 

that uses keywords and context of the tweet to detect earthquakes in real time. Earle et al. [16] 

used sudden bursts of related words using the ratio of word appearing in current time period to 

precious time period in order to predict onset of earthquakes. TEDAS [17] is another event 

detection system that uses information like user location, user credibility and hashtags to 

define a classifier to detect crime and disaster related events. Choudhury et al. [18] uses an 

entity based approach to event detection, where domain knowledge from Wikipedia is used to 

identify sub-events during a specific gaming event.  EDCoW [14] uses wavelet transformation to 

identify words with high burst, then correlation between words is constructed based on 

modularity graph partitioning. This approach is computationally inefficient and is not scalable, 

because of the time taken to compute signals for each word and calculate correlation. Twevent 

[19] tokenizes the words using Microsoft N-gram service and Wikipedia to calculate importance 

of the word. This is heavily dependent on speed of the services. It is also limited by the fact that 

not all words are available on Wikipedia. 

The most related approach to EDO is Emerging Topic Detection on Twitter based on Temporal 

and Social Terms Evaluation (TSTE) by Cataldi et al. [20], which automatically generates events 

from tweets in real time. TSTE calculates the importance of each term based on TF*PDF weights 

and then extends these weights to include authority of user, based on influence/importance of 

each user, called nutrition. An aging theory is applied to each term based on nutrition in current 

time window based on previous 200 time. This amounts to a lot of additional computations, for 



CONFIDENTIAL and PROPRIETARY to CENTER FOR VISUAL AND DECISION INFORMATICS (CVDI)  10 
 

each word for various time windows. All the words denoting the event are created using a 

variation of Tarzan’s algorithm. 

Our approach on the other hand reduces the computations to a minimum, by comparing 

historical data to a minimum. We use a simple Kullback-leibler divergence model [21] to 

identify bursty words and then eliminate all the words that are not considered important. To 

identify events, we cluster all the bursty keywords using a liner time voltage based clustering 

[22]. 

Differences 

The closest match to our approach is the Emerging Topic Detection on Twitter based on 

Temporal and Social Terms Evaluation (TSTE) by Cataldi et al. [20].   First, our approach is much 

more computationally efficient, which is a byproduct of number of decisions.  Our scheme uses 

a much simpler representation for historical data, a simpler scheme for identifying “bursty” 

words, and non-directional links for the graph representation, which allows us to exploit an 

efficient graph clustering method.  As a result, to create and identify the event clusters that 

have occurred within the past minute, the TSTE took 2.6 minutes to generate/identify events 

whereas our method takes 44 seconds.  In other words, the TSTE takes 3.5 times longer (and 

cannot operate on a minute by minute timescale).  Second, our method identifies more valid 

events, and significantly less “noise” than the TSTE approach. 

Topic Modeling 

Our approach is running in parallel to the state of the art, which uses probabilistic distributions 

that may not be the most suitable choice. With ongoing work, we are investigating alternative 

distributions such as Poisson. Part of the work is expected to be incorporated in our Year 2 CVDI 

project. The same RA (Wanying) will work on the first 6 months of the Year 2 project. 

Overview 

Topic detecting aims to find significant topics from a document collection, whereas topic 

tracking aims to follow the evolution of an identified topic. Topic detecting and tracking are 

essential to the understanding of a subject-matter.   

With the rapid development of probabilistic methods, generative probabilistic models have 

drawn researchers’ attention. Since David Blei introduced the Latent Dirichlet Model (LDA)[23], 

researchers have applied LDA to topic detecting and tracking. LDA has been shown to be a 

competent approach, and has stimulated many applications in finding topics and specialties in 

an area [24-26]. However, LDA requires researchers to specify the number of topics in advance 

[27-28]. However, it is hard to come up with a number of topics without a good understanding 

of the underlying data. In a dynamic topic analysis, the problem becomes even more critical. 

Given that new topics will emerge and old topics will disappear from time to time, the number 
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of topics will change as well. In order to address this problem, researchers primarily have 

proposed three strategies: (1) try out different numbers of topics, and choose the best one in 

terms of the accuracy [27]; (2) start with a large number of topics in LDA, and then aggregate 

similar topics as the final result [29]; and (3) optimize the generative probabilistic model itself, 

using a non-parametric method to automatically generate the number of topics in the sampling 

process. Hierarchical Dirichlet Process (HDP) is the most widely accepted model for this purpose 

[30].  

Differences 

Recently, LDA is commonly adopted in bibliometrics to detect topics, but some deficiencies of 

LDA has undermined LDA’s role in topic detecting. The first deficiency is that LDA requires the 

input of the number of topics in advance. However, it’s often hard to do so, especially in 

dynamic analysis. It is impossible for researchers to provide the exact number of topics for each 

year without any prior knowledge of the data. The second deficiency is that LDA tends to 

distribute the topics evenly. However, in the real world, an even distribution is not common, 

and resembles a random distribution. HDP, on the other hand, is a nonparametric Bayesian 

model [31], which can automatically decide the number of topics.  In addition, HDP tends to 

distribute the data according to the Pareto Law. Given these reasons, HDP is considered to be 

more competent than LDA in dynamic topic detecting and tracking. 

We introduced a concept of an important topic associated with an individual method. The 

importance of a topic is the proportion of the topic among all the topics identified by the 

method. Besides, we may be more concerned about the topics with high proportions in each 

year than the topic with low proportions. We applied the coverage measurement not only on 

the whole topic collection, but also the important topic collection to see whether HDP is better 

in both of these two kinds of coverage. 

Flying Tweets (Tweet Visualization) 

Flying tweet is relatively simple, but its design is unique, to our knowledge. It could be 

incorporated as a useful component of a visual analytic system. 
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Results 

Methods 

Emerging (Onset) Event Detection 

In this section we present our event detection framework to detect onset of events in real time. 

It has been proven that there is an exponential increase in tweets when an event occurs. We try 

to identify this phenomenon to detect the onset of an event. In order to detect events in real 

time, we try to keep the processing time of EDO as small as possible, i.e. less than a minute.  

Our framework consists of four components: tweet tokenization,   graph generation, sub graph 

extraction and clustering, and event evolution. After receiving a tweet from a tweet stream, we 

collect all the tweets from a given time segment, usually one minute and are tokenized. Then 

divergence of each node is calculated. The graph generation generates a graph based on co-

occurrence of words. In sub graph extraction, a sub graph of the base graph is extracted based 

on important words and then cluster the sub graph forming relevant events. Event evolution 

removes noise and does notification based on time the event is active. 

Tweet Tokenization 

The first part of event detection is real-time extraction of relevant keywords. We collect all the 

tweets from the current time interval. Let t be the current time interval and tweett be the 

corpus of tweets collected during the time interval t. We represent each tweet as tweett
j where 

0<j<n, and n is the total number of tweets during time period t. Every tweet tweett
j is tokenized 

and cleaned of special characters, stop words, URLs and retweet identifiers. 

The divergence of each word is calculated using Kullback-leibler divergence model. The basic 

idea behind this is simple, conversation about events on twitter follows a bell curve with 

number of tweets about a topic slowly increasing over time and start decreasing once it reaches 

its peak whereas the chatter stays constant. For emergency events or events of importance the 

curve is steep with the effect or conversation staying longer.  

For example, consider the Figures 1 and 2; the time frame from September 14th to September 

21st, the word “LSU” stays constant except on the weekends when there is an LSU game with 

occasional spikes, except for a small spike on 18th. The word “bomb” is not as popular as “LSU” 

but it increases in importance on 18th when there was a bomb threat to LSU. So in order to 

calculate importance of the word we calculate its divergence based on its previous history. 

We define Kullback-leibler divergence score (KL) for word w during time period t as, 

KLw
t =p log2

p

q
 

Where p and q are probability distributions or word w, 
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And Wi is the word that occurred during the time period i. 

Graph Generation 

Once we calculate the KL values for all the words, we generate a co-occurrence graph Gt(W,E), 

where w is  a word that occurred at least once in precious five time periods, and there is an 

edge E between words wx and wy if they occur in the same tweet and the weight if the edge is 

the number of tweets these words co-occur in. 

Sub Graph Extraction 

Even though KL value identifies words which are unusual, they might not give complete 

information about the event. So we try to identify the words that are also used along with 

words that have high KL values which might be related to the same event, which may or may 

not follow the same patterns. For example, the word ‘shooting’ or ‘smoke’ is used in a very 

liberal sense on Twitter, whereas ‘causality’ or ‘forest fire’ is not but we can’t paint a complete 

picture without the former. 

The graph generated in the previous stage is a very dense graph with a high number of nodes. 

Clustering a graph this big is computationally intensive. So we extract a sub graph of nodes that 

are considered necessary based on their KL value. One disadvantage of KL measure is that even 

though a word appears small number of times, if it is different enough we will have a high KL 

score, to eliminate this we introduce emerging terms. An emerging term needs to have a 

relative increase in KL measure compared to the one before five time periods. 

Definition 1: A term is considered emerging if KLt>Θ*KLt-5, i.e. the term started to exhibit 

relative increase in divergence. 

However, the emerging terms by themselves may not give any information about the event. So, 

we need additional terms that are associated with emerging terms but are still considered to be 

of value. 

Definition 2: A term is considered important if KLt>δ, i.e. the term cannot be classified as 

emerging, but cannot be ignored. 

Even though a word is used commonly, an event would increase its frequency further 

increasing its KL value. So we extract all the emerging terms from the graph Gt and extract 

important terms that are at most 2 hops from an emerging term. We then eliminate all edges 

that have an edge weight of 1, i.e. all the words that occur only once are not considered co-
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occurring in order to reduce complexity. This would help us keep the graph small enough and 

still retain all the words that are deemed important. 

Once we have the sub graph, we cluster the sub graph using voltage based clustering algorithm. 

First two nodes are picked at random and all the vertices are divided into candidate sets based 

on Kirchhoff’s equations. Then each vertex in candidate set is chosen and co-occurrence with 

other vertices, based on co-occurrence and voltage based on Kirchhoff’s equation. Cluster all 

the vertices with v that have high voltage values.  

Event Evolution 

Once the events are generated, we observed that there is some noise in the results and most of 

the events are continuing events i.e. the events that are still trending. To identify the events 

that are new we implement an evolution phase where we compare the current event clusters 

to previous event clusters to identify those clusters that are similar. We once again make use of 

KL score. Instead of identifying the most diverse words, we try to identify the event clusters 

that are most similar to precious clusters in order to identify a continuing event. 

n

w

w

w

KL

t

t

t

tt

c
i

c
i

n
i

c
i

cc

1

1

1

log0

,







 

  

Where ct is cluster at time period t and ct-1 is event cluster at t-1 and n is the number of terms in 

cluster ct-1. An event cluster is considered continuing only if KL<0. 

A cluster is considered an event if it continues over k time periods. 

Tools, Prototypes, and Demos 

At present, we have two versions of the EDO concept.  The first is a demonstration system that 

analyzes tweets in real time and displays the detected events.  The second is a set of command-

line tools that together allows for the analysis of stored tweets.  The second system was 

designed to allow comparison work and exploration of different ideas; the first system is 

designed to present how the EDO techniques operate as whole. 

With respect to the tweet visualization, a prototype in Java displays tweets flying across the 

screen as they arrive. 
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Experimental Evaluations 

Emerging Event Detection 

In this section, we evaluate EDO with real data collected from Twitter. We start with description 

of data used for analysis. Next, we explain the experimental setup for this particular dataset, 

we also compare the performance of our approach with TSTE, an existing approach for 

detecting events through tweets. Finally, we also test our approach on a completely different 

domain to detect onset of events. 

Dataset 

We collected the tweets from twitter based on a list of keywords used by Department of 

Homeland Security (DHS) to monitor social media. Twitter returns all the tweets that contain 

any of the words in the original keyword list as long as it is within 1% of the tweets at that 

moment in its system. We collected 2.1 million tweets over the course of a week starting April 

30th, 2013 to May 6th, 2013. We had an average of 208 tweets per minute, with 150 tweets 

during normal periods and reaching up to 300 tweets at maximum during the timescale of data 

collection. We also collected a smaller dataset for secondary analysis which is based upon drug 

names provided by one of our mentors. We collected about 90,000 tweets over the course of 3 

months, averaging 42 tweets per hour. This is due to the scarcity of people discussing those 

particular medications on twitter system. 

Experimental Setup 

EDO is targeted at detecting events as soon as possible, so we try to keep processing times 

under a minute, so our time period is set to be one minute. To achieve this we use certain 

parameters that limit the size of the graph we extract from the base graph. It is important to 

understand that the co-occurrence graph constructed from tweets is highly dense with an 

average distance between two vertices/words is 2.89. So, we collect all the tweets over a 

minute and evaluate it. Usually when an event occurs there is an increase in tweets that usually 

follows a bell curve, so we try to identify words that have maintained a substantial increase 

over a 5 minute interval. We consider words to be emerging, if they increase their KL value by 

at least 5. Similarly, a word is considered important, if it has a KL value of 100, i.e. a word which 

has not been seen before is considered important if it appears at least 10 times in a single time 

period. This increases for more common words, but their usage also increases if they are 

associated with an event. We also consider an event credible if it is recognized as an event by 

EDO continuously for 3 minutes. This is in order to eliminate noise and also help to identify 

events as new events versus continuing events that would help us in notification of a new 

event. 

We compare our results TSTE, we made a rational reconstruction of their unsupervised 

approach. The most significant changes include making their individual time slot a minute each 
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and instead of using random data from twitter streams, we use filtered data based on keywords 

mentioned earlier. 

Results Analysis 

Table 1 shows the clusters of events related to the event and actual event detected using EDO. 

All the clusters generated were evaluated by human to categorize each cluster as an event or 

not based on the words that form the cluster and the tweets that the clusters were based upon. 

 

Table 1. Detected Clusters and the Corresponding Event 

Event Clusters from EDO Event 

evacuated, dearborn, district, courthouse Dearborn Court evacuated due to bomb threat 

price, puts, hiding, cop, fugitive, cuba,fbi FBI puts 2 million price on fugitive in cuba, who was charged with 
killing a cop 

evacuated, nypd, raymond, bronx, threat, bomb School in Raymond, bronyx evacuated due to bomb threat 

airport, reported, person, fired, shots, iahhouston Shots firead at Houston International airport 

dropped, stuff, fall, recently, switzerland, scientists, antimatter, 
nuclear 

Switzerland scientists drops antimatter 

flash, illinois, watch, issued, cdt, nws, central, warning, 
thunderstorm 

NWS waring to flash floods in Illinois 

terrorists, fbi, preventing, terrorism, easy, hindsight, connect, 
boston, bruce, schneier, adds, cnn 

Bruce Schineiner special on Boston bombing on cnn 

near, blazes, curtin, australia, fascinatingpics, springs Picture of a fire tornado near Curtin Springs, Australia 

wildfire, california, homes, forces, evacuation, campus, channel California State University-Channel Islands evacuated due to wild 
fires 

center, memphis, thunderstorm, watch, pueblo, issued, cdt, nws, 
severe, tornado, warning 

Tornado warning in Memphis 

photos, fbi, site, washington, benghazi, thursday, releases, reuters, 
attack, men, release 

FBI releases photos of Benghazi attack 

 

All of these events were recognized as new events by EDO. There are cases where some words 

are missing because they do not satisfy the criteria to extract them from the sub graph. This 

would result in the event clusters to be incoherent. Tweets were also presented along with 

event clusters to give a better understanding of event clusters. 

In Table 2, we compare EDO with TSTE. It is impossible to identify all the events that transpired 

over the one week due to varying sizes and types of events, so we consider anything of 

importance. There were a total of 304 events that were detected by at least one method during 

the experimental period. A total of 139 events were detected by both the methods, with TSTE 

detecting 86 events with an average 2.03 minutes before EDO; this is due to the fact that EDO 

requires 3 minutes for the evolution process to identify a credible event. EDO detected 33 

events earlier than TSTE, lagging with 4.96 minutes. Most of the events detected by EDO earlier 

are smaller events with around 3-6 tweets per minute.  

TSTE detected 13 events that were not detected by EDO, which can be explained by the fact 

that EDO requires the event to be active for 3 minutes and also requires at least 15-30 minutes 
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to build up historical data of words to be used to identify emerging and important words. EDO 

outperforms TSTE by identifying 152 events that were not detected by the latter. TSTE 

eliminates a lot of words using an average measure which suppresses smaller events by 

prioritizing larger events which led to this case. The number of clusters that were considered 

noise or non-events were higher for TSTE at 804 clusters that were considered noise compared 

to 49 for EDO. The evolution model really reduces the noise clusters by a huge margin. 

Finally, the major advantage EDO has over TSTE is the time taken to generate clusters from the 

time tweets were collected. TSTE took 2.6 minutes to generate events for a single minute of 

data whereas EDO generates event clusters in 44 seconds. EDO generates clusters before the 

tweets from next minute were collected which gives a near-real time event detection 

capability. However, it should be noted that combination of words that were generated using 

TSTE were comparatively better than the event clusters generated by EDO. 

Table 2: Comparison of Results using TSTE and EDO 

 TSTE EDO 

Number of events detected/ Total number of events 152/304 291/304 

Number of events Detected Earlier than other method 86 33 

Number of events detected at same time 20 20 

Number of events detected that were  missed by other 
method 

13 152 

Noise (clusters created that are not events) 804 49 

Impact of Parameters 

The two parameters that are used to identify emerging and important keywords are important 

for the detecting the events. Small changes in these parameters did not make a huge impact on 

the clusters that were generated. Increasing the value of parameters slightly decreased the 

number of events detected while decreasing the value of parameters increased the execution 

time but not hugely changing the number of events that are detected.   

Results – Drug names 

We ran another set of experiments on data collected using chemical and market names of 

certain drugs available in United States. Due to small number of tweets that we collected we 

had to make five changes to the settings to identify onset of events in this dataset.  

First, we had to increase the time period from one minute to one hour and consider 24 hours of 

history to calculate KL measure. The second change we had to make was to change the current 

time window from five timer periods to three time periods making it three hours. Since the 

graph is already sparse, we consider all the words within 2 hops of emerging words in the graph 

as important. Finally, we change the threshold for emerging words to be 3 to be in sync with 

the three time periods. 
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A sample of results can be seen in Table 3, most of the events deal with news articles dealing 

with recall of drugs and other information that is published. Most of the tweets in this dataset 

are retweets, thus an event becomes more popular as it is being retweeted. There were also 

some tweets relating to side effects or studies relating to side effects of drugs. 

This shows that EDO works on other domains, given a good sample of tweets and history for KL 

measure. 

 

Table 3. Sample of event clusters generated on Drug Names dataset 

Event Cluster Context 

singulair, generic, fishy, bottles, glenmark, recalled, 
smell 

Glenmark’s singulair generic recalled for fishy smell 

ranbaxy, laboratories, generic, liptor, resume, 
production 

Ranbaxy resumes production of generic liptor 

Montelukast, tablets, chewable, drug, mhra, alert, 
class, mylan, 5mg 

Class 2 Drug alert recall - Mylan Monteluklast 5mg 
tablets and new drugs cause cancer 

Eli, lily, Cymbalta, long, lawsuit, settles Eli Lily settles lawsuit with cymabalta 

 

Topic Modeling (Evolution) 

The HDP method is compared with two traditional methods. 

 
Top Five to Top Five Coverage 

We applied co-citation, co-word and HDP methods respectively to detect topics from the 

terrorism document collection of each year, and then visualized the relationship between those 

topics in hierarchical edge bundling graphs. The red arc represents HDP, the green arc 

represents co-citation, and the blue one represents co-word. Each label outside of the ring 

represents a topic identified by the corresponding method; the more it is positioned near to the 
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beginning of the arc, the more important this topic is. The lines between two topics indicate 

that the two topics are similar. The thickness of a bundled edge is proportional to the level of 

similarity. The similarity is calculated using the Jaccard coefficient in terms of the overlap 

between the two topics.  

We count the number of times each important topic detected by one method connected to 

important topics detected by other methods as the Coverage. The denominator of Formula 5 in 

this situation is the same for all the three methods, so we don’t need to divide it. In addition, 

because one topic may link to several other topics, so the total number of the linkage might be 

more than 5. 

Tracking Important Topic Trend 

HDP is good at topic tracking. We use HDP to find the significant topic trend in Terrorism. In 

order to see the trend clearly, we maintain the top 20 words for each topic in HDP. As can be 

seen in the Figure below, in 2002, there emerges a significant topic trend in the top part of the 

graph, and this trend persisted till 2007. As we know that “9.11” happened in 2001, so it is 

understandable to have such a trend in research from 2002. The topic of this trend changed 

from “the war on the terrorism” to “preserving civil liberties” from 2002 to 2007, and after 

2007, this topic was decomposed to many other topics which are not so compelling. We can 

conclude from the trend that the event of “9.11” impacted the research of terrorism for 6 

years, and now, its effect has faded, and new topics emerge.  

 

Significant Topic Trend in HDP (with 20 top words) 
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After 2007, the topics in this area change very quickly. Many predominant topics in one year 

has dramatically reduced to unimportant topics in the next year, and seldom topics persist in 

the predominant position for long. One good example is that, in the year of 2009, the topic of 

“Political Violence” was the most important one, but it dropped to the third place in the year of 

2010, and it continued dropping to the 11th position in 2011. The quick change in this graph 

means the quick development of this area.  

In conclusion, our result shows that HDP is a promising approach to topic detection and 

tracking with reference to the traditional methods such as co-citation and co-word studies. 

Further research is needed to explore a broader range of data sources ranging from scientific 

disciplines to social media. 

Flying Tweets 

While a preliminary prototype was created, no experimental evaluation has been conducted. 
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Functionality of Innovation(s) 

Event Detection 

Overview 

With increase in technology and use of smart phones there has been a rapid increase in social 

media in the past 5 years. There has been an exponential increase in number of users for 

websites like Facebook, Twitter, and LinkedIn etc. These websites provide a medium for users 

to engage in conversation, share information and opinions. These conversations provide a good 

sample of what users are talking about at a given period of time. We mainly focus on Twitter 

because it is an open platform that provides real time data and is easily accessible to public.  

Twitter is an online social networking service and microblogging service that enables its users to 

send and read text based messages of up to 140 characters, known as tweets. Twitter has 200 

million active monthly users, generating over 400 million tweets daily [32]. This huge user base 

and ease of use makes it one of the fastest information sources [1]. This is particularly evident 

in recent uprisings in Egypt where twitter was used to spread information [2], earth quake 

detection during japan 2011 where it was tweeted within 2 seconds of earthquake compared to 

20 minutes for the alert to be issued [33]. Twitter is also used for official announcements in 

case of arrest of Boston bombing suspect which was announced through Twitter [34], and is 

also being studied for communication during emergencies [3]. 

Functionality 

Most emerging event detection methods detect what ‘novel’ events occurred within the past 

day (or, at best, hour).  The proposed method, however, detects the onset of discussion of an 

event on social media, within minutes of its occurrence.  While the real event to noise ratio is 

still high, this represents a significant improvement over similar approaches that also do not 

incorporate semantic and meta-data. 

Topic Modeling 

The topic modeling work automatically identifies the optimal number of latent topics from 

unstructured text.  In comparison, the commonly used approach requires the user to specify 

the number of topics in advance.  This represents a promising step towards a practical solution. 
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Conclusions and Recommendations 

Onset Event Detection 

At present, the EDO method is able to detect the onset of events more often than the TSTE 

method, while achieving a greater reduction of false positive (noise).  However, the amount of 

noise indicates more work is still needed.   To address this, we propose that investigations 

should be undertaken to incorporated additional data into the onset event detection process; 

this should aid in reducing the amount of noise detected.  In addition, we note that (onset) sub-

event detection would be useful.  Large events often have multiple events occurring and being 

able to detect sub-events (and when they start) would be of great use.  Finally, we have tested 

the concept on Twitter data only.  While we believe it is applicable to other social media 

platforms, this should be tested. 

Topic Modeling 

Although there is a widespread interest in topic modeling, additional work is required to make 

the method readily applicable to identify latent topics from unstructured text in general and 

twitter-like data sources in the context of Project 1. Our recommendation is to continue the 

investigation and package the techniques in a readily usable form; currently there are too many 

parameters to tune and there is no clear and widely accepted benchmark to guide the optimal 

confirmation of the parameters. 
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Impact and Uses/Benefits 

Onset Event Detection 

The EDO method could, for Emergency Event Managemers, provide advanced warning (or 

confirmation) of disasters/emergencies.  In the case of advanced warning, this allows them to 

react in a more timely fashion, while, in the confirmation mode, it allows them to gauge 

potential impact.   This could also be of use to news organizations, who often need to know 

what are new, potentially interesting (or news worthy) stories. 

Topic Modeling 

Currently, there is no evidence except the comparative study. 
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Appendix A.  Twitter Dataset Details 
This section provides a quick overview of the datasets collected during this project. 

Datasets 

A total of 16 datasets were collected during this project.  Fifteen of the datasets were collected 

by using specific keywords as a filtering mechanism.  The sixteenth, Random, had no content 

filter.  Instead, twitter decide what tweets to send (this approximates 1% of all tweets 

generated by twitter during that period).  Note, in some cases, due to network glitches and/or 

equipment failure, a few datasets may have a “hole” in their collection period. 

Also, while the data was collected for various events, not all has been used in the experiments 

reported here.  They do provide a basis for future experiments. 

Name of Dataset Start Date End Date Number of Tweets 

Hurricane Isaac Aug 28 Sep 11 3,047,299 

Bomb Threat Sep 14 Sep 21 276,412 

Hostage Sep 21 Sep 24 134,382 

Vice Pres. Debate Oct 8 Oct 17 2,077,913 

Election 2012 Nov 5 Nov  7 7,916,326 

Pres. Debate Oct 14 Nov 28 11,976,261 

Hurricane Sandy Oct 25 Nov 28 15,894,140 

Forest Fire Sep 14 Dec 15 10,344,012 

China/Japan Crisis Sep 25 Dec 15 17,382 

Black Friday (Shopping) Nov 22 Nov 27 9,149,732 

Random Stream Aug 28 Dec 17 438,925,160 

Boston Marathon Bombing Apr 15 Apr 22 2,589,168 

CajunCodeFest  Apr 18 May 20 3,150 

Drug Name Feb 21 Jun 23 90,823 

Side Effects Feb 21 Jun 23 147,217,926 

Disaster Apr 29 Jul 4 45,638,219 

Table A.1. Dataset Name, start and stop dates of data collection and number of tweets 

collected. 
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Keywords 

The following subsections will contain the words used in the collection of each dataset.  

Note, some of the words do have misspellings; we noticed these only after the fact.  Hence, we 

are listing the words as they went into the collection filter, not as we intended them.  Also, 

Twitter appears to be upper case/lower case insensitive. 

Hurricane Isaac 

Hurricane, Hurricane Issac, flooding, no fuel, gale, wind, power outage, evacuation, electricity, 

road closures, road closed, out of gas, no gas, shelter, red cross, FEMA, New Orleans, Gulf Coast 

Bomb Threat 

UTAustin, Evacuation, Threat, NDSU, Tunis, Bomb threat, explosion, Bomb Disposal 

Hostage 

Hostage, pittsburgh, psychiatric institute, University of Pittsburg, Oakland 

Vice Pres. Debate 

biden, Vice President Biden, Joe Biden, Vice President, Vice Presidential Debate, Paul Ryan, 

Congressman Ryan, Martha Raddatz,  Debate 2012 

Election 2012 

Election, Election2012, Election 2012, President Barack Obama, Barack Obama, Obama, 

President Obama, Mitt Romney, Romney, Governor Romney, Paul Ryan, Representative Ryan, 

Representative Paul Ryan, Vice-President Joe Biden, Joe Biden, Biden, Vice-President Biden, VP 

Biden, VP Joe Biden, Vote, Voting 

Pres. Debate 

Presidential Debate, Debate 2012, Candy Crowley, Bob Schieffer, Barack Obama, President 

Obama, Mitt Romney, Governer Romney, presidentialdebate2012, 2012debate, debates 

Hurricane Sandy 

Note: This dataset has both keywords and users as part of the filtering effort.  Hence, all tweets 

containing any keyword or made by any of the listed users were captured. 

Keywords 

Hurricane, Hurricane Sandy, flooding, no fuel, gale, wind, power outage, evacuation, electricity, 

road closures, road closed, out of gas, no gas, shelter, red cross, FEMA 

Users 

299798272,290180065,362051343,15309804,20998647,6519522,14955908,11348282,4557744

6,16669075,313537605,16379018,428333,15740491 
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Forest Fire 

forest fire, wildfire, ash, evacuation, flames, lightning, endanger, fire fighters, fire crew 

China/Japan Crisis 

senkaku,diaoyu 

Black Friday (Shopping) 

shopping, sale, sales, shopping, deal, deals, blackfriday, Black Friday, cyber monday, 

cybermonday 

CajunCodeFest 

Cajun Code Fest, cajuncodefest, innov8, Silicon Bayou, Todd Park, Bryan Sivak, Farzad 

Mostashari, Kathy Kliebert, UL Lafayette, datapalooza, Health datapalooza, ccf2 

Boston Marathon Bombing 

bomb, explosion 

Drug Name 

sitagliptin, anuvia, uloxetine, cymbalta, amlodipine, Norvasc, Amturnide, Azor, Caduet, Exforge, 

Tekamlo, Tribenzor, Twynsta, montelukast, Singulair, atorvastatin, Lipitor 

Side Effects 

abdominal discomfort, abdominal pain, abnormal dreams, abnormal orgasm, acute pancreatitis 

, acute renal failure, aggressive behavior, agiatation, agitation , alanine aminotrasnferase 

increase, alkaline phosphatase level elevation, analhylaxis, anaphylaxis, angioedema, 

angioneurotic edema, anorgasmia, anxiousness, arthraglia, asthenia, bad dreams , bilirubin 

level elevation, blood alkaline phosphatase increase, bruising, bullous rash, chest pain, chill, 

cholestasis, cholestatic hepatitis, Churg-Strauss syndrome, coma, confusion, conjunctivits, 

constipation, cough, creatine phosphokinase increase, cutaneous vasculitis, decreased appetite, 

depression, dermatitis, diarrhea, disorientation, dizziness, dizziness or lightheadedness, dream 

abnormalities, drowsiness, dry mouth, dysgeusia, dyspepsia, ear infection, ear pain, earache, 

eczema, edema, Elevated liver enzymes, epistaxis, erucation, erythema multiforme, erythema 

nodosum, excessive tiredness, exfoliative skin, fainting, fatigue, feeling anxious, fever, 

flatulence, flu, flushing (feeling of warmth), gastroenteritis, hallucinations, headache, 

hemorrhagic stroke, hepatic enzyme increase, hepatic eosinophilic infiltration, hepatic failure, 

hepatic transaminase elevation, hepatitis, hepatocellular liver injury, hepatomegaly, hostility, 

hot flush, hyperglycemia, hyperhidrosis, hypoesthesia, hypoglycemia, increased bleeding, 

influenza, insomnia, irregular heartbeat, irritability, jaundice, joint pain, joint swelling, kidney 

failure, Kidney problems, lethargy, liver function test abnormal, liver problem, malaise, memory 

impairment, mixed-pattern liver injury, muscle fatigue, muscle pain, muscosceletal pain, 

myalgia, myopathy, nasopharyngitis, nausea, neck pain, Neuroleptic Malignant Syndrome-like, 
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nightmare, orthostatic hypotension, otitis, otitis media, pain in extremity, palpitation, 

pancreatitis, paraesthesia, parasthesia, peripheral neuropathy, peripherial edema, pharyngitis, 

pneumonia, pruritus, pyrexia, rash, restlessness, rhabdomyolysis, rhinorrhea, runny nose, 

seizure, Serious allergic reactions, serotonin syndrome, sinus infection, sinusitis, sleep disorder, 

sleepwalking, somnambulism, somnolence, sore throat, Stevens-Johnson syndrome, stomach 

pain, Stomach upset, Stuffy nose, suicidal actions, suicidal thoughts, suicidality, suicide, swelling 

of lower legs, swelling of the  feet, swelling of the ankles, swelling of the hands, Swelling of the 

legs, syncope, systemic eosinophilia, tendon problems, tendon rupture, thrombocytopenia, 

tinnitus, tiredness, tonsillitis, toxic epidermal necrolysis, transaminase increase, transaminase 

level elevation, tremor, trouble sleeping, upper respiratory infection, Upper respiratory tract 

infection, upset stomach, urinary tract infection, urticaria, varicella, vasculitis, vertigo, vision 

blurred, vivid dreams, vomiting, weight increase, wheezing, white blood cells urine positive, 

yawnin 

Disaster 

Department of Homeland Security, Federal Emergency Management Agency, Coast Guard, 

Customs and Border Protection, Border Patrol, Secret Service, USSS, DHS, FEMA, National 

Operations Center, NOC, Central Intelligence Agency, CIA, Federal Bureau of Investigation, FBI, 

ATF, Federal Air Marshal Service, FAMS, Federal Aviation Administration, FAA, National Guard, 

Red Cross, Assassination, Disaster assistance, Disaster management, DNDO, Rapid Response, 

Emergency management, Emergency response, First responder, Homeland security, Militia, 

Shooting, Shots fired, Evacuation, Deaths, Hostage, Explosion, Disaster medical assistance team, 

DMAT, State of emergency, Breach, Standoff, SWAT, Lockdown, Bomb squad, bomb threat, 

Looting, Riot, Emergency Landing, Pipe bomb, Hazmat, Nuclear, Chemical Spill, Suspicious 

package, Suicide bomber, Car bomb, Improvised explosive device, IED, Terrorism, Gunfight, 

Shootout, Hurricane, Tsunami, Tornado, Twister, Earthquake, earth quake, tremor, flood, 

temblor, extreme weather, disaster, blizzard, warning, power outage, emergency broadcast 

system, cyber attack, terror attack, ddos 
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Appendix B.  Install /Use Event Detection Demo System 

How to Compile the Executable Jar File 

To compile the Executable jar file follow the steps below. 

 Step 1: Go to Command prompt 

 Step 2: Go into the directory where the Executable jar file is placed using “cd” 

command. 

 

 Step 3: Type the below command to run the executable jar file. 

o Java –jar filename.jar 

 

The above steps will compile the Executable jar file and run the code which will pop up the User 

Interface for the Emerging Event Detection shown below. 
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Using the System 

Emerging event detection demo comprises of various functionalities; let’s look at them one by 

one. 

All About Tabs 

Twitter Data Analysis 

 This is the place where all the tweets appear from the twitter stream whether it is a 

Random/Filtered /Location/Location & Filtered Collection. All the tweets from twitter stream 

can be analyzed here. 
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WORD CHART 

This tab focuses on the keywords or the words which are frequently occurring as a part of 

tweets from the twitter stream and are placed on a graph showing the spikes each keyword 

gives with time as the scale of X-axis and the score as the scale for Y-axis. 

 

CLUSTERS (TEXT VERSION): 

This tab keeps the track of all the clusters which are formed and it keeps changing every 5 

minutes. As the name suggests it is the text version other than the graphical representation of 

all the clusters formed time to time. 
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POTENTIALLY IMPORTANT TWEETS 

As the name of the tab suggests it has all the potentially important tweets from which the 

clusters have been formed. This might help to analyze some of the clusters which might seem 

important but could be analyzed only after looking at the tweets from which it was formed. 

 

How to Set the Secret Tokens 

To access the twitter stream there are certain secret tokens which are to be set and place in the 

Set Tokens in the File Menu.  
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The secret tokens are to be set for the first time you run the demo and it stores them in a word 

document. Whenever the demo is accessed it looks for the word document for the secret 

tokens, if it finds the tokens the twitter stream can be accessed else it asks to enter the tokens 

again. 

Tweet Collection 

The demo has the functionality of collecting twitter stream in 4 different ways such as Random 

Collection, Filtered Collection, Location Collection and Location/Filtered Collection. 

Random Collection  

Random Collection is selected by default in the demo. This collection does not require any 

special entries into the demo unlike other collections which require something or other to be 

entered in order to access those streams. To access the Random Collection one has to just hit 

the Start button on the demo screen as shown below. 
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Filtered Collection  

The functionality of this type of collection is that it collects the stream which consists of the 

keywords which are placed in the Filtered Keywords Section in the demo. It is a special type of 

collection which requires the user to enter Keywords in the Filter Keywords Section. 

The Filter Keyword Section allows adding and deleting the keywords through Add Keyword and 

Delete Keyword Buttons.
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Location Filter  

Twitter API for the location filter works on the concept of Bounding Box. The bounding box co-

ordinates in the Emerging Event detection works on the basis of applying the location 

coordinates (latitude and longitude) in a way that it makes a bounding box. The twitter API 

makes the bounding box by taking in the latitude and longitude in a decimal degree format. 

Twitter bounding box takes in two coordinates the SOUTH-EAST and NORTH-WEST co-ordinates 

and streams tweets from this bounding box formed. 

For example the latitude and longitude coordinates for the location San Francisco in the 

decimal degree format is  

Latitude: 37.7749300, Longitude: -122.4194200. 

As the bounding box takes SE and NW coordinates, the longitude and latitude value is 

subtracted by a certain amount of degree so that it changes in to a SE and NW coordinates. 

Therefore the coordinates become 

Latitude:  -127.4194200     32.7749300 
Longitude: -117.4194200    42.7749300 

 

 
 
 

Location/Filter Collection  

As the name suggests this type of collection enjoys the luxury of using the benefits of both the 

above special collections i.e., Location and Filter Collection. Twitter API has the ability to stream 

the tweets which either falls in the bounding box or has the keyword entered in the tweet. 
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Hence the tweets are either from the location formed by the coordinates entered or the 

filtered keywords. 
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Appendix C.  Install /Use Flying Tweet System 
This appendix describes the classes (and functions) used to generated the flying tweet system. 

Class Marquee Test Tweet 

Marquee test tweet 

 Create a frame 

 Add panels. There are three panels used here 

o Time panel – shows time of the incoming tweets. (NORTH) 

o Tweet panel – used for displaying tweets. (CENTER) 

o Button Panel – used for buttons for better control. (SOUTH 

 

Initiate parameters 

 Taking input file (this is done in the code). This can also be provided as an argument to 

the program. 

 Taking timestamps from the input file. 

Create buttons 

 There are 4 buttons 

o Start – to start the flying tweets 
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o Pause – to freeze the tweets for analysis 

o Fast (>>) – to increase the speed of incoming tweets 

o Slow (<<) – to slow down the tweets 

 Create buttons 

 Place buttons in the button panel. 

Populate tweet  

 This is used to basically fill up the tweets in the tweets panel, i.e., giving each tweet a 

panel to display using the function ‘get free position.’ 

Tweet faster 

 Function for increasing the speed of the flying tweets. Reducing the ‘delay’ by the 

‘speed element’ does this. Speed element can be changed; currently it is set to 10. 

Tweet slower 

 Function for decreasing the speed of the flying tweets. Increasing the ‘delay’ by the 

‘speed element’ does this. Speed element can be changed; currently it is set to 10. 

Get free position  

 This is a function where maximum number of tweets can be modified according to the 

requirement. Here, tweets are placed to display on random panels. 

Action performed 

 This function is for triggering events after any button is pressed or clicked on. 

 Note: Using any button is going to have an affect on the time in the Time panel, which is 

taken care of in this function. 

Check button 

 For showing the selected button. 

Get Tweet  

 Getting tweets from the input file taken from the function ‘initiate parameters’ 

Calculate time 

 This function does the time calculation. 
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Main 

 This includes the run function of the applets (that doesn’t work without the main 

function.) 

Class Marquee Panel 

Marquee panel  

Set Scroll  

 These functions are used for scrolling the tweets horizontally across the screen – making 

them fly. 

 Font and font size can be set or modified using Marquee Panel function. 

 There is no more Timer in this class, as I kept a central timer for all the panels/tweets. 

Class Time Panel layout 

Time panel layout  

 This is for setting the time layout including font, font size, bold/italic, etc.  

Set time Panel 

 This is to filter the null/empty rows of the tweets form the CSV file.  

Get time string 

 This the most important function for converting the time (integer) from the input CSV 

files to a time that can be displayed (STRING format). 
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Executive Summary/Abstract 

Objectives 

The main goal of this project is to develop a set of methods and tools for detecting drug safety 

signals from social media to supplement the traditional methods based on the standard data 

such as electronic health records and centralized reporting system, MedWatch. 

Methods 

 Develop and implement a social media crawler 

 Develop algorithms for mining associations between drugs and ADRs with the support of 

consumer health vocabulary (CHV) 

 Develop a working prototype for drug safety signal detection 

Results 

A Java prototype is developed and an experiment is conducted.  The experimental results show 

that the proposed technique achieves the sensitivity of 0.805 and the specificity of 0.690. 

Conclusions 

This project confirms that social media is a valuable resource for detecting drug safety signal. 

However, a good development of consumer health vocabulary is important because the social 

media mainly consists of health consumer opinions, in which the vocabulary is very different 

from the health professional vocabulary. 
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Differences from Current State of Art 
Post-marketing surveillance is important for drug safety signal detection after the drugs are 

released for marketing. MedWatch is the major effort of FDA to collect reports of adverse 

reactions (Szarfman et al. 2004). Healthcare professionals such as medical doctors, nurses, 

pharmacists and health consumers spontaneously report to the system when they experience 

an adverse reaction. Unfortunately, the under-reporting ratio of MedWatch is high, which 

makes the drug safety signal detection through this system less effective and timely.  In light of 

the popularity of Web 2.0, there are a large number of online virtual health communities 

flourishing such as MedHelp.org. A recent survey conducted in September 2012 by Pew 

Internet & American Life Project showed that 72% of Internet users say they looked online for 

health information within the year of 2012. Health consumers often discuss the medication and 

treatments with peers on social media platforms even before they consult the health 

professionals.  In this work, we focus on harnessing online social media data to detect signals of 

Adverse Drug Experience (ADE). These identified signals are not meant to be proven adverse 

effects but need to be further validated by signal analysis. The signal analysis includes 

determination of causality, evaluation of frequency, evaluation of biological gradient, and 

determination of health consequences through appropriate medical and epidemiological 

evaluation that exclude biases and confounding variables. Such signal analysis requires 

sophisticated clinical and laboratory evaluations, which are not intended to be part of this 

work. 
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Results 

Methods 

In this project, we first 

develop a social media 

crawler to extract the 

health consumer opinions.  

Figure 1 illustrates the 

architecture of the crawler 

using Java, PHP, and MySQL.  

Data is fetched from the 

social medial site, MedHelp.  

The webpages are then 

parsed and the extracted 

data are stored in the 

MySQL database and text 

files.  

To extract the opinions on adverse drug experience, we cannot simply rely on the existing 

natural language processing tools or medical ontology such as UMLS or MeSH.  When health 

consumers discuss the medication and side effects, they do not use the health professional 

languages because they are not trained with the medical knowledge. In addition, vocabularies 

used in social media are continuously evolving.  In order to capture the discussions on ADE from 

social media, we adopt the Consumer Health Vocabulary (CHV).  CHV extends the vocabulary 

used by lay persons and map it to UMLS.  For example, health consumers may use “loose bowel 

motion” and “watery stool” to describe diarrhea.   

After extracting the ADE related sentences, we apply associate mining using the measures of 

confidence to determine the strength of association between a drug and an ADE.   A Java tool 

has been developed 

Tools, Prototypes, and Demos 

A Java tool has been developed and the user interfaces are presented in Figure 2 to Figure 4.    

Figure 2 presents the input user interface.  On the first section, users select the drugs for 

investigation.  On the second section, there are two columns. Users can select the ADE for 

detection on the first column.  Once an ADE is selected, the related ADE terms are 

automatically extracted from CHV and presented in the second column.    Users may also add 

other ADE related terms that he/she find appropriate on the third section.  Figure 3 provides an 

example of the related ADE terms extracted for hypoglycemia.  The related ADE terms include 

“hypoglycaemia”, “hypoglycemia”, “hypoglycemia nos”, and “low blood sugar level”.  Some 

Figure 1. Social Media Crawler 
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related ADE related terms can be a term often misspelled by health consumers.  For example, 

many laypersons may spell “hypoglycaemia” instead of “hypoglycemia”.  Figure 4 presents the 

output interface.  The bar chart shows the strength of the ADE detected signals.  

 

Figure 2. Input user interface 

 

Figure 3. ADE terms 

 

Figure 4. Output Interface 
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Experimental Evaluations 

We have conducted an experiment to evaluate the performance of the drug safety signal 

detection method.  Using the five drugs provided Johnson & Johnson (i.e.  amlodipine, 

atorvastatin, duloxetine, montelukast, and sitagliptin), we achieve the sensitivity of 0.805 and 

the specificity of 0.690.   The result shows that social media is a promising resource for drug 

safety detection. 

  



 

CONFIDENTIAL and PROPRIETARY to CENTER FOR VISUAL AND DECISION INFORMATICS (CVDI)  49 
 

Functionality of Innovation(s) 

 Using Consumer Health Vocabulary to extract messages discussing ADE and determine 

the associations between a particular drug and an ADE by association mining.   

 Using the strength of the detected signals for a particular ADE to alert the potential 

adverse drug reaction of drugs.  We implement a prototype. 

Conclusions and Recommendations 
Social media is a good resource for drug safety signal detection in addition to the traditional 

centralized reporting system.  A large volume of health consumer opinions can be harvested to 

detect the drug safety signals.  A careful control of the consumer health vocabulary is necessary 

due to the lay language used by the health consumers. 

Impact and Uses/Benefits 
Adverse Drug Reactions (ADRs) are harmful or unpleasant reactions due to an intervention 

related to the use of a medicinal product.  ADRs may complicate patients’ medical conditions, 

increase hospital admission, and contribute to more morbidity or even death. It was estimated 

that 5.3% of hospital admissions were associated with ADRs, and higher rates were found in 

elderly patients who were likely to be receiving multiple medications for long-term illnesses 

(Hofer-Dueckelmann et al., 2011).  

Harnessing social media for drug safety detection will provide an early signal to reduce the 

impact of the adverse drug reactions to patients. 

List of References 
Hofer-Dueckelmann, C., Prinz, E., Beindl, W., Szymanski, J., Fellhofer, G., Pichler, M., & Schuler, 

J. (2011). Adverse drug reactions (ADRs) associated with hospital admissions - elderly female 

patients are at highest risk. INTERNATIONAL JOURNAL OF CLINICAL PHARMACOLOGY AND 

THERAPEUTICS, 49(10), 577-586. 

Szarfman, A., Tonning, J. M., & Doraiswamy, P. M. (2004). Pharmacovigilancein the 21st 

century: New systematic tools for an old problem. Pharmacotherapy, 24, 1099-1104. 
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Appendix A. Installation Guide 

System Requirement 

Windows, java jre 1.7 

MySQL Installation Guide 

Download mysql-5.5.25-winx64.msi. Double click it. 
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root 

admin 
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Then download the mysql-workbench-gpl-5.2.44-win32.msi. 
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Click create a new schema 

 

 

Double click the schema name “cvdi”, then click creat a new table 
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DrugRetrieval Installation 

Copy and paste the Detector Folder.  

 

Double click Detector3.jar to open the Drug Detector tool.  
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Appendix B.  User’s Guide 

 

Select drugs and side effects from the columns: Select Drug(s) and Select and Adverse Drug 

Reaction respectively, and then click Start Analysis button. 

 

The result will be shown as a bar chart that present the strength of signal for each selected 

drug.   

 

To add more drug to the existing ones, click the crawler tab.  
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Enter the drug name to the text box and click “submit”. The crawler will crawl the related drug 

information and show it incrementally in the text area.  

 

After the crawling, there will be a folder created in the drug folder with the entered drug name. 

All the data crawled will be stored there. At the same time, the data is also stored into the 

three tables: drug, thread and comment created in the installation step.  

Go back to the Drug Signal Detector, the new drug is added as an new entry to the existing drug 

list. 
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Executive Summary/Abstract 

Objectives 

 Discovering and integrating semantic information of heterogeneous data sources for 

various business applications. 

 Using the semantic information for query expansion and information visualization. 

 Making data more meaningful for industrial data integration, data warehousing, and E-

science scenarios. 

Methods 

 Develop analytical and probabilistic methods to discover the semantics of various data 

sources, including structured databases, plain text files, and the “Deep Web” (Drexel). 

 Develop an environment that empowers users to aggregate, visualize, and search both 

structured and unstructured data (Drexel). 

 Develop analytical tools that will be used to build domain knowledge in the form of 

concept hierarchy or lightweight ontologies by utilizing a collaborative semi-structured 

knowledge base, such as Wikipedia (UL Lafayette). 

Results 

 A semantic discovery tool called SemIntegrator that can extract structured records for 

given relational databases from unstructured data and annotate text documents using 

given ontology concepts and relationships. 
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 An Ontology-based Annotation, Integration, and Visualization framework, or the OAIV 

framework, for visualizing and exploring semantic information in large document 

collections. 

 A method for extracting lightweight ontology from Wikipedia. 

Conclusions 

 Accomplished most of the objectives of the project. 

 Developed working prototype tools and interfaces with innovative methods for 

annotation, integration, and visualization. 

 Enhance the CVDI capability of working with big data. 

  



 

CONFIDENTIAL and PROPRIETARY to CENTER FOR VISUAL AND DECISION INFORMATICS (CVDI)  62 
 

Differences from Current State of Art 
There has been a great deal of effort on developing tools and techniques for information 

extraction in the literature and market. The following is a list of state-of-the-art tools for 

general information extraction, including GATE, Stanford NER, and LingPipe. These tools train 

statistical models using a large number of labeled training data. Our tool doesn’t require such 

manually labeled training data. Instead, our tool utilizes existing data in structured databases. 

 [GATE] GATE. Text Processing with GATE (Version 6). 2011. 

 [Stanford NER] Jenny Rose Finkel, Trond Grenager, and Christopher Manning. 2005. 

Incorporating Non-local Information into Information Extraction Systems by Gibbs 

Sampling. Proceedings of the 43nd Annual Meeting of the Association for 

Computational Linguistics (ACL 2005), pp. 363-370. 

http://nlp.stanford.edu/~manning/papers/gibbscrf3.pdf 

 [LingPipe] Alias-i. 2008. LingPipe 4.1.0. http://alias-i.com/lingpipe. 

The following is a list of state-of-the-art tools that extract information without relying on large 

amounts of labeled training data, including ONDUX and ReVerb. Our tool is similar to them in 

terms of the underlying principle. The difference is that our tool can extract structured records 

from arbitrary unstructured data. Our tool doesn’t make assumption that the input text has a 

hidden structure as ONDUX does.  

 [ONDUX] Cortez, E., A.S.d. Silva, and M.A. Goncaives, ONDUX: On-demand unsupervised 

learning for information extraction. ACM SIGMOD International Conference on 

Management of Data, 2010: p. 807-818. 

 [ReVerb] Etzioni, O., A. Fader, J. Christensen, and S.S.a. Mausam, Open Information 

Extraction: the Second Generation. International Joint Conference on Artificial 

Intelligence, 2011. 

The following is a list of extraction tools specifically designed for medical domain, including 

eHost and cTAKES. They apply the traditional machine learning methods requiring manually 

labeled training data. Our tool automatically discovers useful knowledge from existing 

structured databases.  

http://nlp.stanford.edu/~manning/papers/gibbscrf3.pdf
http://alias-i.com/lingpipe
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 [eHost] South, B.R., S. Shen, J. Leng, T.B. Forbush, S.L. DuVall, and W.W. Chapman, A 

prototype tool set to support machine-assisted annotation. Proceedings of the 2012 

Workshop on Biomedical Natural Language Processing, 2012: p. 130-139. 

 [cTAKES] Savova, G., J. Masanz, P. Ogren, and Others, Mayo clinical Text Analysis and 

Knowledge Extraction System (cTAKES): architecture, component evaluation and 

applications. Journal of the American Medical Informatics Association, 2010. 17(5): p. 

507-513. 

For the visualization part, two popular visualization open source packages were used.  One is 

D3.js and the other is Gephi.  D3 is a package of powerful visualization components that can be 

adopted to bring data to life using HTML, SVG, and CSS. The flexibility and programmability are 

two features importable for this project. Gephi is an open-source visualization application that 

is particularly useful for exploration of complex data in the network form.   

 [D3] Bostock, M., Ogievetsky, V., and Heer. J. D3: Data-Driven Documents. IEEE 

Transactions in Visualization & Computer Graphics (Proc. InfoVis), 2011. (the package is 

available at: http://d3js.org  

 [Gephi] Bastian M., Heymann S., Jacomy M. (2009). Gephi: an open source software for 

exploring and manipulating networks. International AAAI Conference on Weblogs and 

Social Media.  (The package is available at: https://gephi.org/).   

There have been multiple efforts for extracting ontological entities, as well as Wikipedia based 

annotations: 

 A project known as DBpedia by Auer et. al: DBpedia extracted unstructured knowledge 

from Wikipedia and converted it into a more structured one, represented as RDF triples. 

DBpedia contains about 103 million RDF triples.  

Ponzetto and Strube proposed a method to build a large taxonomy from Wikipedia using its 

category hierarchy, which is more like a conceptual network without the identification of the 

semantic relations between its nodes. Ponzetto and Strube improved the semantic aspect of 

this hierarchy by classifying relation types to be either isA or not isA. 

  

http://d3js.org/
https://gephi.org/
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Results 

Methods 

The following diagram illustrates the system architecture consisting of a semantic extraction 

tool SemIntegrator, and a set of visualization interfaces. The input of the system is structured 

databases, ontologies, and unstructured text. The SemIntegrator outputs extracted information 

and semantically annotated text. The visualization interfaces provide environment allowing 

users to query and visualize the extracted semantic information.  

  

Tools, Prototypes, and Demos 

a. The following screenshot shows an interface of the SemIntegrator tool: 
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b. The following figure shows the screenshot of the facet-based search interface for semantic 

information: 

 

 

 

c. The following figure shows a screenshot of the ontology-based visual search interface: 

 

 



 

CONFIDENTIAL and PROPRIETARY to CENTER FOR VISUAL AND DECISION INFORMATICS (CVDI)  66 
 

d. The following figure shows a screenshot of the mashup of the annotation results and the 

graphical summary of an article: 

 

e. The following figure shows a screenshot of the visual analytics of concept-document 
networks: 
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f. The following figure shows another screenshot of the visual analytics of concept-document 

networks: 

 

 

g. The following figure shows the architecture for building light-weight ontologies from 

Wikipedia. 
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Experimental Evaluations 

We are designing and conducting experiments for evaluating the performance of the proposed 

methods. 
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Functionality of Innovation(s) 

 There were two specific tasks for semantic information extraction in this project: 

o Extracting structured database records from text files, e.g., clinical notes and 

discharge summaries, and the types of files mentioned above. 

o Extracting concept and relationship instances for a given ontology from text files, 

e.g., journal articles, web pages, newspapers, corporation documents. 

 The main technical challenge was: 

o Lack of labeled training data for developing effective machine learning 

approaches for multi-industry purpose. 

 Our approach was set to leverage available information in: 

o corpora of text files, and  

o data instances in structured database 

by developing innovative techniques utilizing the state-of-the-art methods including 

latent Dirichlet allocation for topic discovery and Bayesian statistical inference on 

semantic discovery and information extraction. 

 For application development, the innovation is the combination of semantic annotation, 

integration and visualization to support ontology-based semantic retrieval and 

exploration on large document collections.   

 For visualization, concept mapping and visualization is the key idea we have advanced in 

this project and more work needs to be done. 
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Conclusions and Recommendations 

 Accomplished most of the objectives of the project. 

 Developed working prototype tools and interfaces with innovative methods for 

annotation, integration, visualization. 

 Potentially enhance the capability of working with big data for IAB members. 

 Intent to work with IAB members for applying the tools to specific data for real-world 

busing problems. 
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Impact and Uses/Benefits 

 Improve the capability in working with Big Data 

o The tools can help a user automatically annotate and analyze unstructured data 

sets with sought-for information. 

o The tools can help a user greatly improve the productivity in turning data into 

structured information. 

o The visualization interfaces can help a user query and aggregate very large 

networks of concepts, documents, or other entities. 

 Enhances the semantic web development : 

o The frame work will help creating a Wikipedia based ontology repository.  

o Help establishing common vocabulary for semantic annotation for a specific 

domain. 

o Facilitate ontology maintenance and annotation regeneration. Ontologies are 

collaboratively maintained and annotations are automatically updated. 
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Appendix A.  Installation Guide 
The following tables illustrate related system requirements information  

SemIntegrator 

Installation HW/SW constraints Test Data 

1. Install the Protégé 

knowledge platform 3.x.x. 

: 

http://protege.stanford.edu/ 

2. Install SemIntegrator as 

a plugin of Protégé  

1. HW: any operating 

systems with at least 

4GB memory 

2. SW: needs Java 7 

environment 

3. MySQL database 

Will provide the following 

test data: 

1. i2b2 clinical notes. 

2.  Sample EMR 

database schemas 

3. Sample Elsevier 

articles. 

4. Brain atlas ontology 

5. NIF ontology 

 

The OAIV framework 

Installation HW/SW constraints Test Data 

1. Install as web 

applications 

 

1. Web server & Apache 

Tomcat server 

2. MySQL database 

3. Several open source 

packages such as jquery 

(http://jquery.com/), d3.js 

(http://d3js.org/ ), etc.  

 

Will provide the following 

test data: 

1. NIF ontology 

2. Brain atlas ontology 

3. Sample Elsevier 

articles. 

 

  

http://protege.stanford.edu/
http://jquery.com/
http://d3js.org/
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Appendix B.  User’s Guide 

 The SemIntegrator tool and selected components of the OAIV framework can be 
installed separately at user’s machines and Web servers.  

 Specific user’s guide will be provided upon request.  
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Executive Summary/Abstract 
Data analysis is a critical component of every business decision making and management 

process. A wide variety of systems are used to provide a quick and easy to understand overview 

of important events within the business. A widely used approach for managing these tasks is 

web-based dashboard systems. While these are effective at presenting information, they are 

very limited in terms of interactivity and exploration. They provide a good way to show what is 

going on, but they fall short of being able to answer why.  

The primary objective of this project was to evaluate the feasibility of providing interactive 

visualization capabilities for large-scale data (millions of records) within a web browser 

environment to potentially enable seamless integration into/extension of existing dashboard 

systems.  

To evaluate the basic capabilities and limitations of a Javascript-based web browser 

environment we built and benchmarked a set of basic visualizations using industry-standard 

techniques. These turned out to be severely limited in terms of scalability, making them totally 

unsuitable for use on realistic datasets. To avoid these limitations we designed and prototyped 

a totally different approach that moves as much of the visualization data and process as 

possible into the graphics hardware using WebGL. This includes not only the rendering of the 

graphical primitives but also the data storage, data selection and primitive generation steps. 

The developed feasibility demonstrator can handle datasets with more than a million records at 

interactive rates, proving that it is indeed feasible to use a web browser environment for 

interactive, real-time information visualization tasks. This fact provides a great motivation for 

continuing the work and exploring more complete and flexible data representations and 

visualization methods. 
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Differences from Current State of Art 
 To our knowledge no other system can work at the same update rate with even remotely 

similar sized datasets.  

Results 

Methods 

Usage of graphics hardware through WebGL for data storage, data selection, primitive 

generation as well as primitive rendering for information visualization. 

Tools, Prototypes, and Demos 

Proof of concept prototype demonstrating parallel coordinates visualization with large data sets 

inside web browser environment, demonstrated at CVDI meeting in May 2013. 

Experimental Evaluations 

Side-by-side comparison between standard visualization and our method at CVDI meeting May 

2013. Our method runs roughly 60 times faster. 

Functionality of Innovation(s) 
 Interactive display and manipulation of large dataset visualizations. 

Conclusions and Recommendations 
 We have shown the feasibility and potential of the basic approach, and would recommend 

supporting further work to explore more options to open up more applications areas and data 

sources. 

Impact and Uses/Benefits 
 The described method allows the use of significantly larger data sources for interactive 

visualization inside a web browser environment, potentially enhancing the abilities of analysis 

and visualization packages for a wide variety of application areas.  

List of References 
None. 
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Executive Summary/Abstract 
The primary goal of this project is to develop visual analytics methods and tools for high-volume 

sensor data streams. 

Objectives 

The project team has worked towards three objectives (1) An end-to-end scalable visual 

analytic framework was developed to support high volume sensor data processing, analysis and 

visualization, (2) Distributed sensor data stream processing and analysis techniques were 

developed and implemented on the proposed system, and (3) A Novel 3D visual exploration 

interface were developed using VR Methods and consume-level devices to improve interactivity 

with the system. 

Methods 

The distributed high volume data stream processing and analytic techniques were 

demonstrated with levee surveillance dataset. A real-time water level forecasting algorithm 

was developed, that uses data streams from a network of sensors using a vectorized time series 

model. The distributed stream processing and analytics system was implemented using several 

tools. Storm, a distributed in-memory stream processing from TwitterTM was used to process 

the data streams, R was used for data pre-processing and analytics. The data is stored in 

MySQL, and visualized on a browser using Tableau. The dataset is visualized in 3D environment 

using DLP TV, camera-based motion tracker and iPod touch interface. Techniques were 

developed for iPod navigation of scenes displayed on TV. 

Results 

The vectorized time series model outperforms other time series prediction techniques used for 

forecasting water levels on rivers, when the sensors have strong spatiotemporal dependency. 

The distributed data stream processing techniques using Storm can process 15000 streams per 
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second on a single node versus 400 streams per second using MySQL. The prototype 

visualization and exploration interface was developed and demonstrated for the iLevee dataset 

that significantly increases the interactivity for the user as compared to visualizing the data on a 

browser based 2D environment. 

Conclusions 

The high volume data processing and analytics methods, and visualization techniques 

investigated for this project demonstrate great potential to develop next generation real-time 

business intelligence solutions. The developed techniques and system need several 

enhancements to improve the overall performance and usability of the system.  
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Differences from Current State of Art 
Sensors are increasingly used for continuous monitoring in various application domains. The 

pervasiveness of low cost sensors, smart phones, online activity generate huge volume of data 

that needs to be processed, and analyzed for detecting trending events in real-time. Sensor 

data streams require processing data that is unbounded, dynamic, often erroneous and also has 

missing data. Several sensor data stream management systems are developed in the past 

decade. General purpose stream management systems such as STREAM [6], TelegraphCO [7] 

and Aurora-Medusa-Borealis Error! Reference source not found.  are well known. These 

eneral purpose stream management systems are not scalable to handle high volume data 

streams. Microsoft’s StreamInsight [9] and IBM’s InfoSphere Streams Error! Reference source 

ot found. are prominent commercial stream data management systems. These stream 

management systems are scalable to handle workloads, but do not handle event detection 

methods when individual sensors have dependency among different nodes, and they are also 

very expensive. 

Recent emerging big data architectures are offering batch processing tools using Hadoop 

Map/Reduce tools Error! Reference source not found. to perform continuous batch processing 

n arriving data streams. These tools suffer from two limitations. One, loading the data streams 

into HDFS file systems is still a major overhead, in fact has 29% more latency than loading the 

data on a disk. Two, the map/reduce framework is not expressive for algorithms that have a 

graph structure. 

There are several models available in the literature that have considerable performance in 

forecasting the hydrological time series using Artificial Neural Networks [2] and nearest 

neighbor (with in the data for the same node) [3]. But, little to none has been proposed or 

experimented using the connectivity or graph structure of a river. Moreover, existing online 

time series techniques applied for forecasting trends on sensor networks (river networks, traffic 

networks, internet traffic networks) do not exploit the inherent spatiotemporal dependency 

that require several variables for forecasting future trends based on the most recent emerging 

trends.  

Key differences: (1) The proposed framework supports end-to-end data collection, processing, 

analysis and visualization of real-time complex sensor data required for visual analytics of big 

data. (2) The visualization system provides new 3D interface techniques, guidelines for 

optimizing pointing-based menus, and 3D “window” methods. This project will produce a novel 

3D exploration system, with lower cost and more interactivity. Also, the proposed vectorized 

time series model offers better short term prediction accuracy as compared to existing water 

level forecasting models for sensors that have strong spatiotemporal dependency. 
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Results 

Methods 

A Vectorized Spatialtemporal Time Series Predictive Model 

The project team developed a vectorized time series model that takes advantage of the 

spatiotemporal dependency between the sensors has been proposed. The vectorized time-

series model is developed using a time series of observations within individual sensors, and 

impact factor calculated from a history of observations within individual sensors, and the 

impact factor that is calculated from a history of observations from neighboring sensors. 

Figure 1: Transformation of a physical river network of sensors into a spatiotemporal graph 

A time series process for predicting emerging trends (water, vehicle traffic, network traffic, etc.) 

within a spatiotemporal network of sensors has been developed. The model uses a time series 

of observations within individual sensors, and impact factor calculated from a history of 

observations from neighboring sensors. The physical relationship between different sensors can 

be represented graphically, where individual sensors are represented as nodes, and edges 

represent physical connectivity between nodes.  

The vectorized moving average is computed using the below formulae: 

q

pTNDataqpTNData
pTqpTNageMovingAver

),2(....),2(
):,2(
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A High-Performance Distributed Sensor Stream Processing System 

The team developed a distributed data stream processing framework for handling high-volume 

data streams. In the case of iLevee dataset, data is consumed from multiple sensor streams 

(Levee surveillance instruments, USGS water gauges, Satellite Imagery). A message broker 

provides the capability to consume data from multiple sources and produce it to multiple 

sources. For example, one copy of the data stream may be used for archival; one copy of the 

stream may be used for real-time preprocessing and analysis. The broker then sends data to 

distributed processing system, which analyzes the incoming data.  The processing system also 

communicates with a rule engine and database server as needed.  Finally, the message broker, 

the processing system, and the database allow for human interaction via a set of visual 

interfaces.  For more information on the implementation of the framework, please see the 

Tools, Prototypes and Demos section. 

Visual Exploration Interface 

We have developed methods for scene control on large displays (e.g., TV) from a handheld 

touch device, such as iPhone.  The methods are 1) Handymap: technique based on our prior 

related work for selection of objects via touch surface. 2) Handymenu: a way of using menus by 

coarsely separating touch input into a menu selection region and a control area. A menu 

appears on the TV when the user touches (for example) low on the surface. Items are selected 

by moving and releasing, guided by visual feedback on the TV, so the user need not look at the 

iPod. Subsequent contact, e.g., higher on the surface, allows finger motion to control menu-

selected parameters. These menu items may also act contextually based on items indicated via 

motion tracker input. 

Tools, Prototypes, and Demos 

A Vectorized Spatialtemporal Time Series Predictive Model 

This has been implemented as part of the sensor stream processing system. 
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A High-Performance Distributed Sensor Stream Processing System 

The high-performance, distributed sensor stream processing framework was implemented 

using a variety of tools.  The message broker is Apache Kalka, which was selected because of its 

low disk latency. Storm is used for distributed stream processing system, as it was designed to 

handle streaming data. The rule engine and backend database uses MySQL database. The 

visualization tools are implemented via a web-based GUI and a 3D visual exploration interface. 

The distributed algorithms implemented on Storm are provided in Appendix B. 

Visual Exploration Interface 

We have implemented the methods and demonstrated them at the May 2013 IAB meeting. 

Experimental Evaluations 

A Vectorized Spatialtemporal Time Series Predictive Model 

Mean Absolute Percentage Error (MAPE) was used to compare the observed and predicted 

water level for vectorized MA model:  

n

Actual

|Forecast - Actual|

  MAPE




%100*

 

Figures 2, 3, 4 and 5 show the results for four different water stages.  Sensor 7377150 on Amite 

River is on the main river stream, and has one connected sensor. Both sensors are observed to 

have strong correlation, with a time lag of 2 and half hours. But for the Figure 4 is a sensor that 

depends on one more sensor from tributary along with the sensor on main stream hence the 

performance is dropping after 12-13 time intervals, here each time interval is 30 minutes. Even 

then the proposed method is performing well until 12-13 time intervals than the ARIMA which 

is more than six hours. 

To validate our observation from Figure 3, our proposed method works well if the lag can be 

identified, another network from sensors on the Sabine River approximately across the Texas – 

Louisiana border is constructed, though not as complex as the Amite River network. There is a 

sensor on this network which is depending on only one sensor from the main stream and they 

are 30 miles apart and have 19 hour time lag between them (Figure 5). And there is an 

interesting case where in real data a sharp and sudden increase in water level happens after 

continuous decrease. The forecast has been made just after the lowest point. These 

experiments indicate that the vectorized moving average model outperforms the ARIMA 

model, especially when there is a strong correlation between individual sensors.  
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A High-Performance Distributed Sensor Stream Processing System 

The proposed implementation is compared with the current iLevee data management 

architecture that uses a database system where data is first collected, processed, stored and 

then analyzed for visualization on demand. The database management system implemented 

using MySQL is able to process 400 sensor streams per second, versus the Storm based 

architecture that can process 15000 streams per second on a single node. Figure 6 shows the 

architecture of the proposed system. 
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Figure 2: Forecasting Performance for 

the sensor 7377150 of Amite River 

 

Figure 3: Forecasting Performance for 

the sensor 7378500 of Amite River 

 

Figure 4: Forecasting Performance for 

the sensor 8028500 on Sabine River  

Figure 5: Forecasting Performance for 

the sensor 8028500 on Sabine River 
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Figure 6: Distributed Sensor Network Data Stream Processing System 
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Functionality of Innovation(s) 

A Vectorized Time Series Prediction Method 

The proposed time-series model, which is highly parallelizable, operates upon a graph 

representation, which allows spatial and temporal information (and constraints) to be 

incorporated into the prediction task. 

A High-Performance Distributed Sensor Stream Processing System 

The proposed framework permits a diverse set of incoming streams to be collected, analyzed, 

stored and visualized. 

Visual Exploration Interface 

The proposed methods offer better interactivity and usability, as compared to existing GIS 

based visualization platforms. 
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Conclusions and Recommendations 
The key contributions of the projects are the end to end framework for real-time processing, 

analysis and 3D visualization of high volume data streams, and an online vectorized time series 

model for predicting trends from spatiotemporal data streams. The real-time processing 

framework was applied for levee surveillance and monitoring and prediction of water level 

trends from river sensor networks. The initial implementation and performance comparison 

indicate that storm implementation has high throughput and less latency as compared to 

database implementation. The current project needs to further explore the following: (1) the 

3D visualization module has not been fully integrated with the distributed processing module, 

as we still have to investigate and implement techniques to minimize latency to bring real-time 

streaming data and results into 3D environment, (2) the current vectorized time series model 

need to be extended to detect abnormal trends. This problem will be investigated in Y2. (3) The 

overall throughput in the existing implementation of distributed sensor stream processing can 

be further improved (4) The existing distributed sensor stream processing implementation 

needs to be compared with batch processing system (such as Hadoop). 
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Impact and Uses/Benefits 
The model & framework are applicable to multiple application domains with spatiotemporal 

data streams such as forecasting vehicle traffic, network traffic, and financial applications. 

Moreover, the distributed framework can be extended to handle clickstreams, social media 

streams and machine logs. New interaction techniques potentially improve usability and 

success of visualization systems. The focus on emerging consumer-level hardware supports 

broad deployment and is aligned with anticipated future visualization trends. The software 

deliverables support future CVDI projects. 
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Appendix A.  Data Source 
The data is obtained from iLevee – a Levee monitoring and surveillance system for the purpose 

of this project. The sensor data is categorized based on different sensor types and event types. 

All of the data is geocoded. The different sensor data types include Water Stage, Tiltmeter, 

Extensometer, Inclinometer, Battery, Piezometer, Barometer, Temperature Gauge and Strain 

Gauge. Some of the data also includes observed storm surge data from hurricane Isaac. In order 

to develop a spatio-temporal model to do real-time prediction, we have created a network of 

17 water stage sensors.  A synthetic dataset from 2 million sensors was generated to create a 

representative sample of big data for this project.   
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Appendix B.  User’s Guide 
Tools used: Matlab, ArcGIS, R 

Approach: The proposed model has two 

important components as shown in FigureA-2: the 

pre-processing and the forecasting modules. Prior 

to pre-processing the data required for a river 

network is constructed manually. During pre-

processing first the data of each sensor will be 

discretized that is bringing all the sensors to have 

data at the same time interval, here the maximum 

possible common time interval is chosen so that 

each sensor on the river network has consistent 

data. And later missing data analysis is carried 

out, here we will be facing three different 

scenarios first if one or two continuous data 

points are missing they will filled with the average 

of most nearest data points (ex. Five previous and 

five after), second if more than two and less than 30 

data points are missing they will filled out by 

duplicating the same length sequence of data points 

before the missing data and third if more than 30 

continuous data points are missing that sensor is 

not good for forecasting so it will be omitted from 

current cycle of forecasting. 

Before the forecasting initially an adjacency matrix 

with distances between the sensors is being 

prepared and then using this data the lags between 

sensors is being computed. And now using the 

computed lag values which are well correlated are 

used to adjust the lag values between the sensors 

that are not so well correlated. 

Forecasting module has two important internal 

factors one the moving average factor which 

captures the current trend on this sensors and other one being the summed impact factor 

coming from the upstream sensors to this sensor. As it is natural that a sensor on main stream 

will have more impact than that of a sensor on a tributary, to take this into account the impact 

Figure A.1. Proposed Model Schematic 

Figure A.2. GIS visualization dashboard 
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weights on each edge is computed using historical data and Widrow-Hoff learning method. 

Finally the data will be forecasted for the required time into the future, by assembling all 

modules. 
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Appendix C. Distributed Sensor Stream Processing 
Tools used: 

 Storm https://github.com/nathanmarz/storm 

 R http://www.r-project.org/ 

 MySQL http://www.mysql.com/ 

 Tableau http://www.tableausoftware.com/ 
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Two programs has been developed using Storm framework. The first application uses the actual 

data from iLevee, which contains water levels sensor readings. And the second one uses 

synthetic generated reading values to help in performance evaluation. 

This topology contains two spouts, Sensor spout and Clock spout. Sensor spout retrieves iLevee 

historical readings from the database and supplies it to the bolts. Clock spout emits Ticks on 

regular time basis and broadcasts it to all instances of the interested bolts. These ticks trigger 

the bolts to do processing on the asynchronous data they have received and buffered. And also 

guarantees that they emit even in absence of incoming tuples, which is required for 

visualization. RangeFilter bolt filters erroneous readings by comparing them with predefined 

bounds of the sensors in the database. All readings belonging to a specified sensor must go to 

the same bolt instance, for efficiency as this reduces bounds reads from database, so that field 

grouping by sensor id is used. The Discretizer bolt buffers asynchronous incoming readings, and 

at certain times, triggered by clock ticks, it calculates and emits the average of the buffered 

readings. It also uses grouping by sensor id. Simple prediction bolt buffers tuples coming from 

Figure C.1. Storm Topology Implementation 

https://github.com/nathanmarz/storm
http://www.r-project.org/
http://www.mysql.com/
http://www.tableausoftware.com/
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discretizer, and at certain times, triggered by clock ticks, it calculates and saves predictions in 

DB. It uses R regression for predicting next values based on values in buffer. It uses sensor id 

grouping because all data of a sensor should be kept together. Readings output bolt simply 

persists the processed readings values for later use. Since one sensor data doesn’t have to be 

together, shuffle grouping can be used. 
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Appendix D. Visualization and Interaction components 

Visualization and Interaction tools used 

Hardware Components 

Figure D-1 shows equipment: 

1. Mitsubishi 3DTV WD-65737 – 

A low cost 3DTV. 

2. NVIDIA 3D Vision Kit – 

Gaming-market 3D viewing kit 

consists of active 3D shutter 

glasses worn by the user and 

an IR sync emitter that is 

connected to the 3DTV.  

3. iPod Touch – A device hold by 

the user and that provides 

interactions with the system. 

4. OptiTrack V120 Trio – A 

moderate-cost optical tracker 

that tracks the 3D poses 

(position and orientation) of the user’s head and the iPod. This allows perceptively 

correct scene rendering and pointing at a target object. 

5. A PC with NVIDIA Quadro graphics card. 

6. Cisco Wireless Access Point WAP4410N – It provides communication channel between 

the PC and the iPod. 

7. Logitech RumblePad – additional input for testing purposes. 

Software Components 

The PC software runs on Windows XP. It was developed with Visual Studio C++ 2005 and 

requires the following toolkits/libraries: 

1. VR Juggler v2.2.1 – It provides code framework and VR device abstraction layer. Devices 

such as 3DTV or OptiTrack can be changed by changing configuration files and minimal 

code change. 

2. OpenSceneGraph v2.8.3 – A high-level graphics toolkit that simplifies organization of 

scene elements and working with 3D/2D file formats. 

3. OptiTrack Tracking Tools v2.5.3 – It provides streaming of tracking data to the software. 

4. VRPN v7.29 – It implements the VRPN protocol used to exchange information between 

the PC and the iPod. 

Figure D-1. Equipment: note markers on 3D glasses and 

iPod used for head and wand tracking. 
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5. FWTools v2.4.7 – A GIS toolkit used during loading of terrain datasets. 

The software on the iPod was developed on Mac OS X (Mountain Lion) with Xcode v4.6 

compiler and iOS SDK (comes with the Xcode). 

Component Relationship 

The PC application renders a 3D stereographic scene (Methods - Visualization) on the 3DTV. It 

retrieves head and iPod tracking data from the Tracking Tools for viewpoint and iPod pointing 

calculation. The iPod application sends touch information to the PC application for user 

interaction processing (Methods - Interaction). The PC application sends information to the iPod 

application for display on the iPod (Methods - Visualization – Map Overview). 

METHODS 

Visualization 

Terrain Dataset 

We use LIDAR (LIght Detection And Ranging) elevation datasets downloaded from 

http://atlas.lsu.edu. We implemented a terrain loader for the OpenSceneGraph toolkit. Our 

loader includes an OpenGL shader to add color to the LIDAR terrain (coloring based on 

elevation values). In addition to LIDAR, our loader supports satellite imagery dataset (DOQQ - 

Digital Orthophoto Quarter Quadrangles). 

Sensor Dataset 

Sensor datasets are initially loaded from files. Sensors are represented by sphere icons on the 

terrain and their numeric ids. A sphere is color-coded according to current sensor status: green 

= normal, yellow = advisory, orange = watch, red = out of range, and gray = non-operating. 

When the sensor is highlighted, the name and the type of the sensors are displayed. 

When there are multiple co-located sensors, we spread them out to reduce clutters, and draw 

arrow icons pointing from their new locations to their original locations. 

Sensor Gauge 

The user can bring up sensor gauges (Figure D-2). The gauge represents valid range of readings 

(in range) for the sensor. Each color pane indicates range of values corresponding to the status 

described in the previous section (Section Sensor Data). The most recent reading is indicated by 

the white line. When the sensor is highlighted, the recent value and the change indicator (from 

prior reading, indicated by the triangle icon) are displayed, in addition to the sensor name and 

type. 

http://atlas.lsu.edu/
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Sensor Plot 

The user can bring up sensor plots (Figure D-3). The plot shows detailed sensor information 

including id, name, type, unit, and readings over time. Each reading is indicated by a diamond 

icon and color coded according to the description in Section Sensor Data. 

 

Figure D.2. Sensor gauges providing overview of sensor information. 

 

Figure D-3. Sensor plots providing detailed sensor information. 

Billboard Technique 

For visualization of sensor information, we use a “billboard” technique to always align sensor 

representation (e.g., gauge, plot) with the display surface of the 3DTV (so that it always face the 

user), independent of the terrain orientation. 
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Map Overview on iPod 

Following our earlier work, the iPod display shows a map region viewed from above the terrain 

to aid sensor selection (Figure D-4). It shows sensors within the region represented by circle 

icons and their numeric ids. The region changes with pointing direction of the iPod relative to 

the screen. Further discussion of this visualization technique is described in the paper 

“Handymap: A Selection Interface for Cluttered VR Environments Using a Tracked Hand-Held 

Touch Device”. 

 

Figure D-4. iPod display showing a map region. 

Interaction 

Sensor Selection 

Referring to Section Map Overview on iPod and Figure D-4, the user touches the iPod display 

with their thumb to highlight the sensor on the 3DTV closest to the touch point. The user drags 

their thumb on the iPod surface to highlight different sensor. The user releases their thumb 

from the surface to select the highlighted sensor. Further discussion of this “touch-refine-

release” selection technique is described in the paper “Handymap: A Selection Interface for 

Cluttered VR Environments Using a Tracked Hand-Held Touch Device”. The selection brings up 

the sensor plot as shown in Figure D-4. If the plot is already shown, then the plot is hidden. 

Plot Interaction 

When the user points the iPod at a plot (the virtual ray coming out of the iPod intersects with 

the plot), touch interaction on the iPod surface scrolls the plot (sensor readings) forward (by 

dragging right on the iPod surface) and backward (by dragging left) in time. 
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Figure D-5. On-screen menu activated by touching bottom region of iPod. 

Menu Interaction and Scene Navigation 

To bring up (activate) the menu on the 3DTV (Figure D-5), the user initially touches the bottom 

region of the iPod surface with their thumb. The user drags their thumb on the surface to 

highlight a menu item. The user releases their thumb from the surface to execute the 

highlighted item and close the menu. The menu items include: 

1. Label: allows the user to customize sensor representation by toggling numeric id and 

gauge ON/OFF globally (Figure D-5). 

2. Plot: hides the plot pointed to by the iPod. 

3. Reset: resets the scene to the initial state. 

4. Scale: allows zooming into and out of the scene. 

5. Orbit: allows scene rotation. 

6. Pan: allows scene panning. 

If there is no highlighted item when releasing, this simply closes the menu. In scale, orbit, and 

pan, the menu stays opened after releasing, with the corresponding menu item highlighted 

indicating that the user is in a scene navigation mode. In this mode, touch interaction on the 

iPod surface transforms the scene. The user initially touches above the menu (bottom) region. 

For scale, vertical drag (up/down) zooms into and out of the scene. For orbit, vertical drag 

provides elevation-type orbit, while horizontal drag (left/right) provides azimuth-type orbit. For 

pan, thumb drag pans the terrain along its longitudinal and lateral axes. To exit the scene 

navigation mode, the user activates the menu again (by initially touching the bottom region). 
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Center-of-Workspace Interaction Technique 

To provide consistent transform behavior for scene navigation (e.g., independent of terrain 

orientation) and to support good 3D viewing distance, scale and rotation are always respected 

to a fixed coordinate frame (center-of-workspace). During scene panning, thumb drag on the 

iPod surface defines a translation vector in this frame that is subsequently projected onto the 

terrain plane to provide behavior described in the previous section. This behavior prevents the 

user from pulling the terrain too close to their eyes, causing uncomfortable stereo effects. 

iPod Communication 

The iPod sends touch events for processing at the PC. The PC sends sensor information for 

display on the iPod. We implemented the iPod communication protocol on top of the VRPN 

(Virtual Reality Peripheral Network) protocol. VRPN provides automatic connection handling 

with the following benefits: 

1. No order requirement between PC and iPod application startup. A connection 

establishes automatically once both start up. 

2. Automatic reconnection in the event of connection loss.  

INSTALLATION, COMPILING, AND RUNNING THE APPLICATION 

PC Application Installation 

1. Download and install all the necessary device drivers for the hardware, discussed at the 

beginning of this appendix, onto the PC. 

2. Download and install all the toolkits/libraries, , discussed at the beginning of this 

appendix, onto the PC. 

3. Extract the supplied “trunk2.zip” (the PC application source code) to a folder on the PC. 

Source Code Compilation 

PC Application 

1. Under "trunk2" folder, open the Visual Studio solution "SelTaskPC.sln". 

2. Select “Release” configuration. 

3. Under project setting, make sure “include” and “lib” paths for toolkits/libraries are 

correct. 

4. Build. 

iPod Application 

1. Extract “handymap.zip” (the iPod application source code) to a folder on the Mac. 

2. Under “handy-map-app.toggleButtons-CVDI” folder, open the Xcode project “handy-

map.xcodeproj”. 

3. Build and install the application to the iPod. 
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Hardware Connections 

1. Connect the 3DTV to the PC with the supplied cable. 

2. Connect the stereo emitter to a USB port of the PC and to the DIN socket at the back of 

the 3DTV. 

3. Connect the OptiTrack to a USB port of the PC. 

4. Connect the Logitech RumblePad to the PC. 

5. Turn on everything. 

6. Make sure the PC and the iPod are connecting to the wireless access point. 

Running the Application 

PC Application 

1. Start the Tracking Tools and open the supplied project setting: 

“trunk2\Resources\OptiTrack\TrackingToolsProject_CVDI.ttp”. 

2. Under "trunk2", edit the IP address in "ipod_ip.txt" to the IP address of the iPod. 

3. Double click "run.bat". 

iPod Application 

1. Run “Handymap CVDI”. 

 


