











Figure 7 Result for 3-gram meme, showing the daily Tweets for the meme Sierra Leone
Ebola Death in 2014.

Figure 8 Result for 3-gram meme, showing the daily Tweets for the meme Guinea Ebola
Death in 2014.

Figure 9 Result for 3-gram meme, showing the daily Tweets for the meme Liberia Ebola
Death in 2014.
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Mapping
Maps were created using Google Visualization software with jsfiddle coding
support. Data collected for the amount of confirmed infected and confirmed deaths found
on Twitter was plotted with the following code:

<script type="text/javascript"
src="https://www.google.com/jsapi?autoload={'modules’:[{'name":'visualization',’
version":'1','packages':['geochart]}]}"></script>

<div id="regions_div" style="width: 700px; height: 500px;"></div>
google.setOnLoadCallback(drawRegionsMap);

function drawRegionsMap() {

var data = google.visualization.arrayToDataTable([

[‘Country', 'Confirmed Cases', 'Confirmed Deaths'],

[Guniea', 510, 377],

['Liberia’, 670, 355],

['Nigeria', 12, 3],

['Sierra Leone', 783, 334],

['Congo’, 531, 402],

['Gabon', 65, 53]

D;

var options = {

region: '002',};

var chart = new
google.visualization.GeoChart(document.getElementByld('regions_div'));
chart.draw(data, options, options, options);}

This code yielded the following interactive map, which allows users to scroll

across highlighted regions in order to determine the country and information on cases and

deaths per country since the year 2000.
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Figure 10 Map of Africa, depicting the countries, which have been affected by Ebola
since the year 2000 through 2014.

This process was then repeated for the three countries affected with the 2014
outbreak. The code had to be modified to give results in marker output instead of regional
output. The code to do so is as follows:

<script type="text/javascript' src="https://www.google.com/jsapi’></script>
<script type="text/javascript™>
google.load('visualization', '1', {

'packages’: ['geochart']});

</script>

<div id="chart_div" style="width: 900px; height: 500px;"></div>
google.setOnLoadCallback(drawMarkersMap);
function drawMarkersMap() {

var data = google.visualization.arrayToDataTable([
[Region’, 'Area Infected in Square Km'],

['Grand Campe Mount', 1993],

[Bomi', 1932],

[Montserrado’, 1909],

[Margibi', 2616],

['Grand Bassa', 7936],

[Rivercess', 5594],

[Nimba', 11551],

['Bong', 8754],

[Lofa’, 9982],

['Monrovia', 100] ]);

var options = {

region: 'LR’,

displayMode: 'markers’, };
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var chart = new

google.visualization.GeoChart(document.getElementByld(‘chart_div"));
chart.draw(data, options);}
The output allows users to see the affected areas within the country with the

outbreak. This code tells users the area that is affected in square kilometers.

Figure 11 Map of Liberia with the affected regions and square kilometers per region
during the first 7 months of the outbreak in 2014.

This process was then repeated and applied to create maps of Guinea and Sierra

Leone.

Figure 12 Map of Guinea with the affected regions and square kilometers per region
during the first 7 months of the outbreak in 2014.
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Figure 13 Map of Sierra Leone with the affected regions and square kilometers per
region during the first 7 months of the outbreak in 2014.

Mathematica
The following Mathematica code is a representation of the adapted SIR model.
Beta and gamma values are calculated before being placed into the equation, and can be
adjusted depending on the infection rate and information propagation. Time was set to a
30-day interval and the resulting graphs represented how S, R and | progressed during
this 30-day interval. Beta and gamma can be adjusted depending on the information
distribution variable and the infectivity of the virus. The code allots for the observation of

chaos, if it is present in the data set.

s = NDSolve[{x'[t] = -.67 ((x[t] y[t]) / ((x[t] +y[t] +2[t]))),
y'[t] =0.67 ((x[t] y[t]) / ((x[t] +y[t] +2[t]))) -0.087 y[t],
z'[t] ==0.087 y[t], x[0] ==1, z[0] ==0, y[0] == 0.0093}, {x, v, 2},

{t, 0, 30}, MaxSteps - ]

{{x > InterpolatingFunction[{{0., 30.}}, <>],
y - InterpolatingFunction|[{{0., 30.}}, <>],
z » InterpolatingFunction[{{0., 30.}}, <>]}}

ParametricPlot3D[Evaluate[{x[t], v[t], z[t]} /. s], {t, O, 1},
PlotPoints -> 1000, ColorFunction —» (Hue[#2] &) ]

Plot[x[t] /. s, {t, 0, 30}]

Plot[y[t] /. s, {t, 0, 30}]

Plot[z[t] /. s, {t, 0, 30}]
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The following charts represent the data comparing Ebola Tweets to Ebola Sierra
Leone Tweets for the month of August, modeled using Mathematica. This data was then
compared to the SIR model of disease spreading to ensure accuracy on the modeling. The

x-axis represents the time interval while the y-axis represents the population.
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gamma are calculated inversely, yielding a beta constant between one-third and one

depending on the country and a gamma constant of one-tenth. (59)
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Figure 17 SIR model for Ebola Guinea Tweets (I) during August 2014.
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Figure 18 SIR model for Ebola Liberia Tweets (I) during August 2014.

19



effort of ending the spread of the virus as well as helping provide medical attention to the

people infected by the virus.

The SIR Model tab allows users to look at the images created for different time

periods and comparing 1-gram memes vs. 2-gram and 3-gram memes.

The Twitter Feed tab allows users to follow and see what the account Ebola Alert is

sharing. This account shares the latest news as well as holding daily online conversations

on how to go about preventing the spread of the disease.

The ZMapp tab allows user to get the latest information on the production of the

vaccine and any side effects that patients may experience from this vaccine.

The How To Help tab takes people the US-SL Ebola Health Care Task Force

Coalition webpage which instructs anyone who wants to help on how to do so. It states

which supplies are needed the most to combat the virus and where these supplies can be

shipped to ensure they reach the front lines.

Information

f Definition

Ebola - an infectious and generally fa.

a Risk of Exposure
‘While Travelinglf you develop a fever.
symptoms yourself promptly inform a.

NK Also, alert airline personnel about fell

Prevention

m If you travel to an area with known E.

Transmission

u The virus is spread through direct co

Figure 24 Information
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U.S. Says Ebola Mission In West Africa
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A newly returned "Ebola fighter” tells why she didn't feel

Figure 25 Ebola News
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ZMapp

ZMapp is an experimental drug developed by Mapp
Biopharmaceutical.

ZMappTM is of three ized” lonal

ibodi d in plants, ifically Nicotiana
[tobacco]. It is an optimized cocktail combining the best
components of MB-003 (Mapp) and ZMAb
(Defyrus/PHAC).

It is manufactured at Kentucky BioProcessing in
Owensboro.

Production of the drug takes several weeks and only
produces a small amount.

Current side effects of the drug include chest tightness and
increased heart rate. More side effects will become known
with continuous observations.
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—
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Figure 27 ZMapp Info
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RESULTS

Through the data mining process it became evident that a number of doctors and
hospitals were sharing information about new cases in the area as well as death counts in
their communities. While digging further into some of the information shared,
spreadsheets were found that kept a running tally of total cases, new cases, and deaths
within the three most affected countries. Some of the data collected was shared before
even the CDC and WHO began sharing the information in their respective situation
reports. Using this data preliminary calculations were done in order to determine the fit
coefficients for a power function in order to predict future cases. The following three
graphs depict individual power fit results for the three main countries affected by the

outbreak: Guinea, Liberia, and Sierra Leone.
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Figure 29 Total Cases vs. Time for Guinea since the start of the Outbreak in 2014.
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Liberia
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Figure 30 Total Cases vs. Time for Liberia since the start of the Outbreak in 2014.
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Figure 11 Total Cases vs. Time for Sierra Leone since the start of the Outbreak in 2014.
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As is evident by the previous graphs, there is a 100-day gap between points being
graphed. This dead space corresponds to the CDC/WHO not sharing any new case
information and the previous doctors and hospitals also not sharing anymore information
via twitter. This could be due to the fact that during this time period West Africa was
working creating a situation report that would in return allow them to receive global
assistance in their continuing fight versus the Ebola outbreak.

These three initial graphs give boundary conditions that were used in order to
predict the total new cases in the West Africa region. The average power function that
was used in order to predict the total cases throughout the first 10 months of the outbreak
was Total Cases = 9.8+107(x*%). Using this new fit parameter a prediction graph was
created, this graph was then compared to the data provided by the CDC and WHO in
their respective situation reports. The following graph displays these results. Error bars
have been placed representing a 10% error. This was done since the true numbers of
people whom have died of Ebola is unknown even by the CDC/WHO. This is due to the
burial practices and the lack of workers being able to identify the cause of death before a
body is buried. By incorporating this 10% error with the CDC/WHO data when
comparing the predicted number versus the accepted number, in this case the data
provided by the CDC/WHO, it is evident that the predicted cases fall within the 10%
error bars. The predictions shift from being over the accepted value to below the accepted

value around the 280" day of the observed outbreak.
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Figure 32 Total Cases vs. Time comparing the Projected values to the accepted values
given by the WHO since the start of the Outbreak in 2014.

The data has been interpreted using a static model of disease spreading, for future
projects one should consider using a dynamic model to both interpret and predict the
spreading of a disease. As was seen with the current model, the power equation was a
combination of the results for each individual country affected by the Ebola outbreak. In
the future, one could dynamically plot the predictions based on where a majority of the
cases were showing up. The larger the initial population the larger the potential infection
rate, allowing for a more dynamic approach as time goes on. By allowing for a dynamic
change within the prediction stage one would be able to more precisely and accurately

predict the affect of a disease.
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The following data table depicts a segment of the comparison data. For
comparison purposes the root mean square deviation (RMSD) was taken as well as the

accuracy between the predicted and accepted total case values.

Days Predicted Cases | Actual Cases RMSD % Accuracy
267 6853 6250 603 91
269 7057 6553 504 93
274 7587 7157 430 94
276 7808 7470 338 96
281 8381 8011 370 96
283 8619 8376 243 97
288 9237 8973 264 97
290 9493 9191 302 97
295 10158 9911 247 98
298 10573 10114 459 96

Table 1 Comparison for the Projected vs. Actual Case Values. Using a RMSD
comparison along with a percent accuracy comparison.

The next important step was sharing the information gathered through the creation
of the application. The creation of the application has allowed us to create contacts within
each country that assist in providing updates which we later confirm with the updates
from the CDC to account for accuracy of the information, which to date have been within
10%. Through the interactions with these contacts, it has been well documented that there
is a need for better practices of dealing with patients affected by the virus in order to keep

the healthcare workers from contracting the virus. As the outbreak continues more
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healthcare workers are being affected which has a direct correlation to the number of
healthcare workers volunteering to go assist in West Africa.

Since the creation of the application in early August 2014, there have been 40+
updates to the application. These updates include the addition of case counts and death
counts, changing maps or adding information to current maps, adding maps for cases
outside of West Africa, changing information in tabs, and making the application overall
more user-friendly and appealing. The application has been downloaded by over 2300
users, combination of Apple and Google store purchases, since its publication date and
has been downloaded in the United States, Canada, Europe, Asia Pacific, Latin America
and The Caribbean, Africa, The Middle East, and India. The latest update has made the
application more static in nature allowing for less information updates but still providing
travelers with information needed to remain education on the virus.

The application has received international recognition and has been discussed in
numerous newspapers including the Washington Times and Al Jazeera. Most recently,

travelpulse.com named the application one of the 5 Travel Apps You Must Own.

Phorne
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Figure 33 Daily application downloads for a three month period in 2014.
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The large increase in download statistics and application launches is a direct
correlation to the first Ebola virus case in the United States. The growth was also aided in

multiple nationally acknowledged Ebola scares.
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Figure 34 Daily application launches for a three month period in 2014.

Figure 35 Amount of application installations from the Google Play store in 2014.

Users in the United States on the Google Play store only downloaded the
application until the end of September, after which it began international, downloads. The
peak corresponds to a press release that received national attention and therefore sparked
an interest in the application. On the Apple Store the application was downloaded from
the beginning of its publication and has seen increases and decreases in weekly

downloads that correlate to Ebola events in the news.
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Figure 36 Amount of application installations from the Apple store in 2014.

The addition of ads within the application allows us to generate revenue without
having to charge users to download the application. This change, increased application
downloads by 700%. The following graph shows the revenue generated since ads were

added to the application.

Figure 37 Revenue generated through ads within the application in 2014.

Ads within the application allow for continuous revenue generation throughout
the lifetime of the application. As long as users are opening the application to look at

updated information revenue is being generated.
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Currently the application is still available on both the Apple and Google store for
download and has recently reached 2500+ downloads as well as 12000+ application
views. We continue to monitor and update the application with the most up to date case
confirmations and deaths throughout the West African region. We are maintaining
relationships with nursing associations in order to share more up to date information and

provide people with information on how to help fight the Ebola virus.
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CONCLUSION

These results were used in the continuous prediction process of the spreading of
the Ebola virus in West Africa. The predictions were used in order to determine the
spread of the virus into surrounding countries as well as predictions on the new amount
of cases each week. These predictions were then compared to the values posted by the
Centers for Disease Control and Prevention and the World Health Organization. The
predictions during the first couple of months for the spread of the Ebola virus were within
10% of the accepted value, which was the value given by the Centers for Disease Control
and Prevention and the World Health Organization. (59)

Since the Ebola virus has crossed continental borders the background noise has
increased exponentially and in turn has created difficulties in the data mining process. As
an example before the virus was feared of spreading throughout the United States, the
average amount of data mined was 6.5 million Tweets; but after fear of the virus
spreading throughout the United States the average amount of data mined was 20.3
million Tweets. (59)

The reduction background noise over time will continue to improve the data set
and in turn increase the accuracy of the predictions. The one single factor that would
increase the accuracy of the case predictions and possible tracking of any virus would be
for all Twitter users to enable GPS location services, since currently only 3% of Twitter
users have GPS location services enabled a plethora of data is not being used for analysis.
(59)

By enabling GPS services more data could be collected allowing for more

accurate tracking and possible prevention of any virus spreading throughout a population.
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Current software allows for 78% accuracy on predicting where a Tweet originated from,
this is based on the country. For example if one were to try and data mine Tweets in the
United States based on states that 78% accuracy would drop to 24%. New efforts are
underway to understand the nature of the Ebola spread and resiliency. (59)

Models are being developed to examine community interactions, the effects of
several strains, time dependent couplings, genuine wave equation interactions, etc. Many
of these efforts are based upon first person accounts collected by workers in the region
who had firsthand knowledge and exposure to the community during the efforts to
institute treatments. (59)

The nature of the Ebola carriers has also complicated matters with containment
where it appears that several species of bats, especially the common fruit bat, have a
genome that makes them excellent carriers. Also of great service is the development of a
vaccine now in clinical trials that will impact the spread of the disease and the nature of
modeling the epidemic across the world. The social media archives will provide a rich
data set to assist in the reconstruction of our understanding of the spread of the disease
and wills serve as a permanent and accessible aid in our understanding of the
transmission of information. (59)

We have been able to create an application that users can download for free from
both the Apple and Google store in order to follow along with the progress of the Ebola
outbreak. The application also provides users with information on how the precautions
they need to take when traveling to any area affected by the Ebola virus as well as

information on the symptoms they need to look for if they have traveled to an area
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affected by the Ebola virus. The application will continue to get updated weekly until
August 2015, after which it will be made into a static informational tool.
Future Work

New efforts are underway to understand the nature of the Ebola spread and
resiliency. Models are being developed to examine community interactions, the effects of
several strains, time dependent couplings, genuine wave equation interactions, etc. Many
of these efforts are based upon first person accounts collected by workers in the region
who had firsthand knowledge and exposure to the community during the efforts to
institute treatments. The nature of the Ebola carriers has also complicated matters with
containment where it appears that several species of bats, especially the common fruit
bat, have a genome that makes them excellent carriers. Also of great service is the
development of a vaccine now in clinical trials that will impact the spread of the disease
and the nature of modeling the epidemic across the world. The social media archives will
provide a rich data set to assist in the reconstruction of our understanding of the spread of
the disease and wills serve as a permanent and accessible aid in our understanding of the
transmission of information. (59)

Currently we are trying to use the model proposed by Weng, Wang and Xu (59,
71) to turn our ordinary partial differential equation into a partial differential equation
that incorporates both temporal and spatial features into the modeling. This model has
been described in my previously published paper, “Sample NLPDE and NLODE Social-
Media Modeling of Information Transmission for Infectious Diseases: Case Study Ebola

(59).”
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