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Abstract. Automated disease tracking has become an increasingly important
tool today. This article describes the prototype of a disease tracking system for
the Brazilian territory. This study aims to extract relevant information in the
health segment from unstructured data, extracted from news portals. The system
should generate data that allows analysis at different levels of granularity, from
small municipalities to the national level. The results of the study demonstrated
the viability of the system and allowed the authors to identify some patterns in
the processed data.

1. Introduction

The dynamics of the current world, where millions (or even billions) of people move ev-
ery day between different neighborhoods, cities, countries, or even continents, created
the need to think about equally dynamic ways of monitoring some types of information,
such as the spread of communicable diseases. COVID-19 showed us that a virus can, in a
matter of months, and starting from some local cases, quickly turn into a global pandemic
[World Health Organization 2020]. The impact of this pandemic has even changed the
way data is shared [RDA COVID-19 Working Groups 2020], trying to make data sharing
simpler. We add to this highly dynamic scenario of human mobility the growing urban
cluster that has occurred in recent years, creating cities that are increasingly larger and
with greater population density [United Nations 2019]. In this scenario, the delay in iden-
tifying the outbreak of a new disease can generate disastrous conditions, putting human
lives at risk.

The internet offers us a very rich source of information about the occurrence of
diseases in certain regions, like open data from cities', open data from public-private
partnerships?, open data from researchers®, open unstructured data (like news portals),
and others, however, its immense volume and heterogeneity of data makes the task of
synthesizing all this information manually very costly or even impractical in the case of
large geographic spaces or very long periods. In this way, several types of research have
been carried out to automate this collection and synthesis of data into relevant information,
making it possible to geographically monitor outbreaks at a global level and for extended
periods.

However, despite all efforts in the segment, the Brazilian territory still lacks ade-
quate tools for such finality, since the diseases relevant to Brazil can be different from

'As example we cite the Curitiba Open Data Portal (https://www.curitiba.pr.gov.br/
dadosabertos/) used in this study

2https ://repositoriodatasharingfapesp.uspdigital.usp.br/

Shttps://dataverse.harvard.edu/
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those of other countries [Kindhauser, Mary Kay and World Health Organization 2003]
and, in addition, most disease tracking platforms are based primarily on the English lan-
guage. We also emphasize that, by limiting the tracking of diseases to the territory of
only one country, it is also possible to achieve a greater degree of data granularity, also
covering small and medium-sized municipalities.

This study presents an alternative to fill this gap, with a prototype for a disease
tracking system. The system performs the collection and processing of data in an au-
tomated way through news portals, linking the processed information with spatial data
from Brazilian municipalities. The rest of this paper is organized as follows: Section 2
presents the related work. Section 3 describes the project architecture. Section 4 presents
the results. And finally, section 5 contains the conclusions of the study.

2. Related Work

Among the works in this research segment, one of the pioneers is the alert system through
e-mails from ProMed-Mail* [Madoff 2004]. This system, which continues to be widely
used today, has become the source of data for several other disease tracking platforms
developed later. In its flow, before the news received on the portal are published, they are
checked by specialists, which makes the platform a reliable and recognized source of data
in the disease tracking segment. The World Health Organization (WHO) also maintains
an alert portal for the emergence of new communicable diseases® with a similar model to
ProMed-Mail, however with a much lower update frequency.

Another reference study in the segment is the work of [Freifeld et al. 2008] that
presents the initial architecture of the HealthMap® platform, one of the first disease track-
ing platforms based on unstructured data. HealthMap extracts alert on communicable
diseases on a global basis by extracting data from several sources, including news sites
and also ProMed reports.

A similar approach is used in the study by [Lan et al. 2012], which presents the
STEWARD’ platform. However, in this system, only ProMED-Mail records are used,
organizing them in the dimensions of space and time. According to the authors, using
only the ProMed database can limit the dynamics of identifying new outbreaks, but it also
reduces noise in the data presented because it is a more reliable source of information. In
a subsequent study, [Lan et al. 2014] presented the Newsstand® platform. A system that
can track different types of subjects, including health-related news in the dimensions of
space and time.

Some studies tried to track the location and timing of diseases using even more
dynamic methods for data extraction, like Social Media data. Among them, the study
of [Jayawardhana and Gorsevski 2019], that tries to track the location and timing of a
disease occurrence (flu) using data from Twitter.

Another example is the study of [Sankaranarayanan et al. 2009] which processes
Tweets by identifying whether they are news and also which news segment they belong

“https://promedmail.org/
Shttps://www.who.int/csr/don/en/
Shttps://www.healthmap.org/
"http://steward.umiacs.umd.edu
8http://newsstand.umiacs.umd.edu/web/
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to. The platform also offers a web interface for consulting processed data.

Another approach, used by [Chunara et al. 2013], was to extract data through
crowdsourcing, in a platform called flu near you®, that provides a form for users to self-
report symptoms of respiratory diseases, such as fever, cough, shortness of breath, among
others. The platform also allows data visualization through a web view of the maps.

Among the review studies in the segment, [Choi et al. 2016] carried out a system-
atic review of the main disease tracking systems and studies related to them. The study
presents the differences between the main platforms and their strengths and weaknesses.
The authors also highlight the importance of these systems and the need for countries with
a shortage of them to seek to implement it.

[Mohanty et al. 2019] present a review of the disease tracking applications avail-
able for Android and IOS platforms. The study concluded that there is great potential
in this segment, especially for solutions that serve health professionals and public health
authorities.

We also cite studies in related areas or support of disease tracking, such as the
study of [Castro and Jr. 2018], which describes the prototype of a tool to index textual
and geographical information in a combined way. For textual indexing, the study used
NLP techniques such as removing stop words and ranking through the Inverse Document
Frequency (IDF).

Considering the public health data from Curitiba, several studies can be men-
tioned [de Oliveira et al. 2018, Cavalcante et al. 2018, Lima et al. 2019]. The study of
[de Oliveira et al. 2018] presented a characterization of Paraguay’s public health data,
and using the information about the city of Asuncion a comparison was made with Cu-
ritiba’s public health data. [Cavalcante et al. 2018] carried out a survey with the citizens
of Curitiba to list the most important features in a health app. The study also presented
a prototype of the application’s screens for the features most required in the survey. In
the study of [Lima et al. 2019], open data of Curitiba public health is aggregated with
transportation data, analysing the accessibility to Curitiba public health units via public
transportation.

3. System Architecture

As described in the study of [Lan et al. 2012], the extraction of correct places from un-
structured documents is a challenging task, which evolves processing data through a
pipeline, that breaks the data cleaning and formatting into several subsequent steps. The
general architecture of the prototype developed in our study is shown in Figure 1. The
system has three sources of data:

1. HTML from the news portals extracted through web crawling.

2. The shapefile of all the Brazilian municipalities and other information like the
population of each city, extracted from the IBGE'".

3. The list of infectious and parasitic diseases, obtained from the SUS!! and manually
inputted in the system.

https://flunearyou.org/
0Tnstituto Brasileiro de Geografia e Estatistica (Brazilian Institute of Geography and Statistics)
11Gistema Unico de Satde (The Brazilian Universal Health Care System)

143



Proceedings XXI GEOINFO, November 30 - December 03, 2020, Sao José dos Campos, SP, Brazil. p 141-152

The choice of what diseases to track was based on data published by the Ministry
of Health of Brazil [Silva and Ferreira 2006]. All the diseases listed on this document
were searched, except rabies. The reason for this exception is that rabies in Portuguese is
called raiva and the word raiva also means angry in Portuguese, a very common word that
could generate a lot of noise in the extracted data.

The complete list of tracked diseases is: aids, amebiase, ancilostomiase, as-
caridiase, botulismo, brucelose, cancro mole, candidiase, coccidioidomicose, cdlera, co-
queluche, criptococose, criptosporidiase, dengue, difteria, doenga de chagas, doenca
de lyme, diarréia, doenga meningocdcica, donovanose, enterobiase, escabiose, esquis-
tossomose mansoOnica, estrongiloidiase, febre amarela, febre maculosa brasileira, febre
purpurica brasileira, febre tiféide, filariase por wuchereria bancrofti, giardiase, gonor-
reia, hanseniase, hantavirose, hepatite a, hepatite b, hepatite ¢, hepatite d, hepatite,
e, herpes, histoplasmose, HPV, influenza, leishmaniose, leptospirose, linfogranuloma
venéreo, maldria, meningite, mononucleose, oncocercose, paracoccidioidomicose, paro-
tidite, peste, poliomelite, psitacose, rubéola, sarampo. shigelose, sifilis, cisticercose,
tétano, toxoplasmose, tracoma, tuberculose and varicela.

Among the software used in the project, in the data extractor we use the python'?
language (version 3.8.5) with the scrapy framework!® (version 2.3.0) to perform the data
crawling. For NLP we use the spacy'# library (version 2.3.2) configured for the Por-
tuguese language. The database used was PostgreSQL'® (version 12.3) with the Postgis!®
extension (version 2.5).
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Figure 1: The architecture of the data extraction system.

Phttps://www.python.org/
Bhnttps://scrapy.org/
Yhttps://spacy.io/
Bhttps://www.postgresql.org/
Ohttps://postgis.net/
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3.1. Processing the Unstructured Data

The processing of unstructured data (HTML obtained from news portals) had the follow-
ing steps:

1. First, the system searches for the term bairro (neighborhood) or bairros (neighbor-
hoods). If it finds, the processing of the current page is interrupted, as the system
may confuse neighborhood names with city names.

2. The system extracts the date of publication (or last update) of the news.

3. The system searches in the text content (body of news and title) all occurrences of
the diseases being tracked, using regular expressions.

4. Diseases found with different terms are grouped into only one key term. For
example, coronavirus, COVID, and COVID-19 are grouped into COVID-19.

5. If the system finds any diseases, then it does an NLP to identify the locations
contained in the text.

6. The system removes the names of cities that can generate too much noise in the
data, such as the municipality of Sadde (health) in the state of Bahia.

7. The locations found in the previous steps are searched at the base of Brazilian
municipalities, previously extracted from IBGE.

8. If there are homonymous municipalities, the system selects only one of them,
following two rules: first, it checks whether the publication portal is in the same
state as any of the identified municipalities (proximity rule, like in the study of
[Lan et al. 2014]). If the first strategy is not met, it then selects the municipality
with the largest population.

9. Finally, if the system has identified at least one disease and one location in the
news, it adds the record to the database.

4. Results and Discussion

4.1. Analyzing data on a state scale

To our analysis, we use the state of Parand as a reference. The state is located in the
south of Brazil and has the 5th largest population in the country, estimated in 2020 at
11,516,840 inhabitants according to the IBGE. Parand has 399 municipalities, and its
three most populous cities are Curitiba (the capital), Londrina, and Maringa.

We used data from five news portals of the state: The SESA (Health secretary of
the government of Parand) Portal!’, Bandab'®, Bem Parand!®, AEN?° (the official news
agency of Parana government) and Tribuna do Parana?', with the data range from January
1, 2019 to August 20, 2020. The distribution in time of the extracted news is presented in
Figure 2 for 3 diseases (Dengue, Yellow Fever, and COVID-19), and also the totals. Note
that the Tribuna do Parana portal does not keep a long historical period of its news, so in
the last extraction of our algorithm, it obtained data only from the last 2 months of this
portal. Another important point is the correlation between the number of news extracted

"http://www.saude.pr.gov.br/
Bnttps://www.bandab.com.br/
Yhttps://www.bemparana.com.br/
Onttp://www.aen.pr.gov.br/
2lnttps://www.tribunapr.com.br/
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on the SESA and the AEN portal. The reason is that both portals are managed by the

same organization, the Parand government.

The data processed and used in this study were made available in the Harvard

Dataverse repository?2.
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Figure 2: Number of news extracted from each portal by month and disease.

Figure 2 presents an increase in the total number of health-news since about Febru-
ary, although news related to Dengue and Yellow Fever, two highly relevant diseases in
the state of Parand in the last few months, has been declining. The reason is the high
frequency of news related to COVID-19, which, as we can see in Table 1, has a greater
number of news published than all other diseases combined.

Disease

Related news

COVID-19

1072

Dengue

271

Measles

177

Yellow Fever

161

Influenza

104

Rubella

54

HIV

46

Meningitis

36

Varicella

34

Tuberculosis

33

Table 1: The top 10 diseases by the number of news.

Pnttps://doi.org/10.7910/DVN/1YY646
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To check the extracted data, we also selected the cities identified in states other
than the news source (in this case we extracted the news identified in municipalities out-
side Parand), and, from this selection, we separated the news related to capitals. Thus, the
news identified was segmented into three groups: news within the state of Parand, news
from capitals outside Parand, and others. The totals for each of these three groups are
shown in 3.

® CitiesofParana @ Capitals outside Parana Others

Figure 3: Number of news extracted from 3 groups.

On the group of “others”, a manual check on the data was carried out. In this
group there are cities with great potential to generate false alerts due to having names
with famous international places (like the city of Colombia in the state of Sdo Paulo or
the city of Tailandia in the state of Pard) or with very common words in the Portuguese
language (like the city of Central (Central) in the state of Bahia or the city of Campanha
(Campaign) in the state of Minas Gerais). In these cases, the name of these cities was
added as an exception to be ignored by the system pipeline (like described in step 5 of
processing).

We then generated choropleth maps (Figure 4) for the two diseases with the high-
est number of news in the observed period, trying to identify the regions with higher
relevance for each one of them. For each map, we present three versions:

1. A version based on the total number of news of a given disease-related to each
city.

2. A version based on a raw ratio per thousand (rrpt), obtained using the equation 1.

3. A version based on a smoothed rate per thousand (srpr), obtained using the equa-

tion 2.
rrpt = % * 1000 (1)
= T(i)
srpt = ——= % 1000 (2
; P(i)
Where:
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* n - is the number of bordering neighbors (including the city itself).
» T - is the total of news related to some disease for the city.
P - is the population of the city.

& L e
g
Y gy

ZP N

(e) Smoothed Rate Per Thousand (Dengue) (f) Smoothed Rate Per Thousand (COVID-19)

Figure 4: The distribution of the identified diseases on the map.

Through the raw rate per thousand (equation 1), we seek to reduce the bias of the
system alerts for larger cities and highlight the alerts of small and medium cities, consid-
ering population density. According to [Anselin et al. 2006] raw rate serves as estimates
for an underlying risk, i.e., the probability for a particular event to occur. The smoothed
rate per thousand (equation 2) tries to balance the data and thus allows the identification of
patterns by regions. According to [Anselin et al. 2006] smoothed rates tend to empathize
broad trends.
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Lastly, we chose to classify the map with a quantile scale because, as
[Brewer and Pickle 2002] demonstrated in their study, this is one of the most efficient
scales in the presentation of choropleth maps, being suitable for several different types of
epidemiological data.

Figure 4 shows complementary visualizations of the diseases. For example, to
identify the regions most affected by dengue, Figure 4-E showed a better-defined pattern,
while for COVID-19 the map in Figure 4-B was closer to reality. The reason for this is
because COVID-19 has an equivalent publication frequency in almost all regions of the
state, making it difficult to identify patterns by region.

4.2. Analyzing data on a city scale

We also analyzed the data on a municipal scale using the municipality of Curitiba as a
reference. Curitiba is the capital and largest city in the state of Parand, with an estimated
population in 2020 of 1,948,626 million inhabitants according to IBGE. An important
point is that the city government of Curitiba makes available various types of data through
an open data portal*® and, one of them, is the data of health appointments of its health
units. Among the fields contained in the health appointments data is the ICD?** of the
diagnosed disease. Thus, we filter the cases of measles, influenza, and dengue using their
respective ICDs described in Table 2:

Disease | ICD
Measles | BO5
Influenza | J11

Dengue | A90

Table 2: The ICD of searched diseases.

To obtain the number of COVID-19 cases, we used another dataset, also from the
open data portal of the municipality of Curitiba. This dataset was more up to date and
contained data from March until August 2020.

The initial idea was to compare the number of cases of each disease from the
beginning of 2019 to the current date (August 2020) with the number of related news
processed by our system. However, we encountered two obstacles: The first was that
Curitiba data from health appointments has a gap in January 2019; the second was that
the health appointments dataset was limited until mid of February 2020. In this way,
we removed January 2019 and included January 2020 in our analysis, thus comprising
one year. The only exception was COVID-19, which was analyzed between January and
August 2020.

Bhttps://www.curitiba.pr.gov.br/dadosabertos/
2*International Classification of Diseases
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Figure 5: Comparison between the number of diagnoses and the number of news
per month in the city of Curitiba.

4.3. Findings

In the temporal analysis of the data, we identified an abnormal increase in the volume
of news related to infectious diseases between February and August (Figure 2A), gener-
ated mainly by the great attention that COVID-19 has received. This increase generated
a distortion in the visualization of other diseases when analyzed on the same scale as the
COVID-19 (Figure 2). However, when the data were analyzed in isolation, it was possi-
ble to perceive a relationship between its volume of occurrence and the volume of news
related to it (Figure 5).

Analyzing the spatiality of the data (Figure 4), we realized that diseases strongly
influenced by environmental factors, such as dengue, were highlighted in more well-
defined regions. Another observed fact was that the relevance of diseases could be identi-
fied for a large number of cities, even those of small and medium-size.

Among the challenges we faced in the development of this study, we cite the
difference in the nomenclature of some Brazilian municipalities, between data from the
polygons base and data from the population base, both obtained from the IBGE website.
In these situations, we did a manual check on the municipality’s website to verify the
correct spelling. Another challenge was to define a period for data analysis, as some
databases had a very short data history (or a gap in the data for a given period), while
others comprised a very long uninterrupted period. We try to cover as much data as
possible within the periods where most data sources were available.

5. Conclusions

This study presented the architecture and preliminary results of a prototype system for
disease tracking system on a national scale. As a preliminary test, for analysis on a state
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scale, data from Parand were used with 5 different sources. For the analysis on a municipal
scale, open data from the municipality of Curitiba were also used. The graphs and maps
generated on the data extracted by the platform showed some patterns and confirmed that
the system can extract relevant information even on small municipalities. However, the
system needs further testing before it can be made available for public access. In future
studies, we intend to expand the base of news portals extracted and processed by the
system, covering the entire national territory and develop a mobile interface for users to
consult information. Future studies can also apply machine learning to segment and filter
the types of news processed by the system. Other processing steps should also be added
to the system, such as the differentiation between large cities and states with the same
name, such as Sao Paulo and Rio de Janeiro.
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