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a b s t r a c t 

Recently, the use of the citizen-sensors (people generating 

and sharing real data by social media) for detecting and dis- 

seminating emergency events in real-time have shown a con- 

siderable increase because people at the place of the event, 

as well as elsewhere, can quickly post relevant information 

on this type of alerts. Here, we present an emergency events 

dataset called UrbangEnCy . The dataset contains over 25500 

texts in Spanish posted on Twitter from January 19th to Au- 

gust 19th, 2020, with emergencies and non-emergencies re- 

lated content in Ecuador. We obtained, cleaned and, filtered 

these tweets and, then we selected the location and temporal 

data as well as tweet content. Besides, the data set includes 

annotations regarding the type of tweet (emergency / non- 

emergency) as well as additional nomenclature used to de- 

scribe emergencies in the Center for immediate response ser- 

vice to emergencies (ECU 911) of Ecuador and international 

emergency services agencies (ESAs). UrbangEnCy dataset fa- 

cilitates evaluating data science performance, machine learn- 

ing, and natural language processing algorithms used with 

supervised and unsupervised problems re- related to text 
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mining and pattern recognition. The dataset is freely and 

publicly available at https://doi.org/10.17632/4x37zz82k8 . 

© 2020 Published by Elsevier Inc. 

This is an open access article under the CC BY-NC-ND 

license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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pecifications Table 

Subject Data Science 

Specific subject area Text and social media mining of emergencies-related events for 

designing, implementing and, evaluating predictive and descriptive 

models. 

Type of data Dataset in delimiter-separated values format (DSV). 

How data were acquired The Twitter API search along with rtweet R package. 

Data format Raw Processed and labelled DSV format. 

Parameters for data collection Tweets were collected using Twitters Streaming API, considering two 

types of filters in the query. The location filtering thought tweets 

within a bounding circumference of 600 miles of radius according to 

geographical coordinates -1.83,-78.18 covering continental Ecuador. The 

keyword filtering included at least one of the most frequently used 

words to refers to emergency events in Ecuador, including ǣdesmayo ǥ, 
ǣaccidente ǥ, ǣasalto ǥ, ǣatropello ǥ, ǣemergencia ǥ, ǣmuerte ǥ, victima ǥ, 
ǣconsumo droga ǥ, ǣherido ǥ, ǣmano armada ǥ and others. The location 

and keyword filtering looks for tweets containing such queries and 

posted by users with public profiles located anywhere in Ecuador. 

Description of data collection Tweets on non-emergency and emergency events were retrieved using 

a set of Spanish keywords frequently employed to refer to urban 

emergencies. The Twitter API and the rtweet R package were used to 

collect posts on Twitter from January 19th to August 19th, 2020. 

Annotation data were manually generated by five human annotators 

considering four types of emergency categories/levels frequently used 

in Ecuador’s integrated security service (ECU 911) and international 

Emergency Services Agencies(ESAs). 

Data source location City/Town/Region: All regions except Galapagos Islands Country: 

Ecuador Latitude and longitude: -1.83,-78.18 with a radius of 600 

miles. 

Data accessibility Repository name: urbangEnCy Data identification number: DOI: 

10.17632/4x37zz82k8 Direct URL to data: 

https://data.mendeley.com/datasets/4x37zz82k8 We do not provide the 

tweet text, posted date, or geographical location to accomplish with 

Twitter terms and conditions, but we share the IDs so that the tweets 

can be downloaded from the Twitter API. 

alue of the Data 

• This dataset can help analyze the integrity of emergency alerts reported by social media

users and train and evaluate classification and event detection techniques for real-time dis-

aster and crisis management applications. 

• Researchers in data science, machine learning, and natural language processing fields can uti-

lize these data to train supervised and unsupervised models to analyze and detect sentiments

such as sarcasm, irony, or satire in Spanish texts that use words commonly associated with

emergencies. 

• Data can be used in Natural Language Processing (NLP) area for fake events detection on

Twitter since a large number of posts about events that contain commonly used Spanish

words refer to emergencies but actually, they are not. 

• The dataset includes annotations of the four categories of emergencies according to Ecuado-

rian and International terminology, which can be used to improve the performance of

https://doi.org/10.17632/4x37zz82k8
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.17632/4x37zz82k8
https://data.mendeley.com/datasets/4x37zz82k8
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classification/clustering algorithms trained on this dataset as well as to extract new knowl-

edge about geographical behavior of the urban emergencies event in Ecuador. 

• Data can serve as a motivation to encourage further research into social media analysis in

Spanish texts and thereby to improve the accuracy and precision levels of machine learning

and data science algorithms applied to data related to this language. 

1. Data Description 

The dataset provides tweets posted by citizen sensors on Twitter. These posts contain infor-

mation about possible emergency events reported in Ecuador during January and August 2020.

In total, nine variables and 25547 instances (tweets) are included in the data set and detailed in

Table 1 . 

Table 1 shows the descriptions of the variables as well as the type of values for each one.

The last column indicates whether the data value was obtained from Twitter (T) o added (A) as

part of the dataset creation. Note that the social network information includes variables related

to the tweet, its posting date, and the city where it originated. At this point, it is also worth

noticing that the variable “center_name ” has 14 levels representing each ECU 911 Centers. Fi-

nally, the levels for variables “category1 ”, “category2 ”, “category3 ”, and “category4 ” are shown in

Tables 2 - 3 . 

For each place_name , the associated ECU 911 center list has been drawn up in center_name

according to its geographical proximity. For a given tweet, it is included whether or not it is a

real emergency event in category1 . If a tweet is a real emergency event, it is classified by both

ESAs and ECU 911 nomenclatures into category4, category2 , and category3 variables, respectively.
Table 1 

Description of variables available in UrbangEnCy dataset. 

Variable Description Type T/A 

ID It is a unique identifier for each tweet. Identifier A 

crated_at It is the date and hour when the tweet was posted. Character a T 

text It is the content of the tweet. Character T 

place_name It is the city reported in the users profile who posted the tweet. Character T 

center_name It corresponds to the ECU 911 Center, where the place is located. Categorical A 

category1 It indicates if the tweet really corresponds to an alert of emergency or 

not. 

Categorical A 

category2 It indicates the articulated institution that should address the 

emergency reported in the tweet. 

Categorical A 

category3 It indicates the most common specific emergencies in Ecuador, 

according to each articulated institution. 

Categorical A 

category4 It indicates the appropriate response agency that will mobile the 

available resources to provide immediate attention to citizens. This 

category is the most commonly used in emergency services centers 

worldwide. 

Categorical A 

a In format: yyyy-mm-dd hh:mm:ss. Note that variables highlighted in gray are not available in the final version of 

the dataset due to Twitter data policies (See Ethics Statement section). 

Table 2 

Levels of the emergency classes-related variables according to international ESAs nomenclature. 

Main level a Low level b Count % 

emergencia bomberos 853 57.2% 

EMS 92 6.2% 

policía 546 36.6% 

no emergencia no emergencia 24056 100% 

a category1, 
b category4. 
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Table 3 

Levels of the emergency classes-related variables according to ECU 911 nomenclature. 

Main level a Intermediate level b Low level c Count % 

gestión de riesgos amenazas naturales 32 2.1% 

gestión de siniestros accidente de tránsito 323 21.7% 

asistencia 66 4.4% 

eventos clínicos 2 0.1% 

incendios 271 18.2% 

transporte secundario 4 0.3% 

accidente de tránsito 7 0.5% 

gestión sanitaria eventos clínicos 19 1.3% 

transporte secundario 60 4.0% 

accidente de tránsito 25 1.7% 

actos inmorales 143 9.6% 

emergencia seguridad ciudadana presencia policial 112 7.5% 

robo 176 11.8% 

servicios 62 4.2% 

servicio militar control de armas y explosivos 3 0.2% 

alerta/seguridad 23 1.5% 

servicios municipales energía el ̧E ctrica 50 3.4% 

mantenimiento en vías p ̇Ablicas 28 1.9% 

servicios 1 0.1% 

tránsito y movilidad accidente de tránsito 74 5.0% 

servicios 10 0.7% 

no emergencia no emergencia no emergencia 24056 100% 

a category1, 
b category2, 
c category3. 
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f a tweet is an unreal emergency event, the values for such categories are denoted as ”no emer-

encia”. 

In Tables 2 - 3 the frequency of real and unreal emergencies is reported for each category

onsidered in the dataset. Note that the real emergencies correspond only to 1491 tweets, and

or each emergency, there are levels of detail according to the International (ESA) and Ecuador

ECU 911) nomenclature. 

In Table 2 , the main and low levels correspond to variables “category1 ” and “category4 ”, ac-

ording to ESAs nomenclature. Here, the emergencies that require the presence of firefighters

 bomberos ) (57.2%) stand out, followed by those that need police personnel ( policía ) (6.2%) and

nally those related to EMS (6.2%). While the tweets that are unreal emergencies, they are equiv-

lent to 100% since they do not have sub levels. 

In Table 3 , the main, intermediate, and low levels correspond to variables “category1 ”, “cat-

gory2 ”, and “category3 ”, according to ECU 911 nomenclature. Category2 reports the articulated

nstitution that should address the emergency declared in the tweet. They are obtained from

ttps://www.ecu911.gob.ec/instituciones-articuladas/ . In Table 3 , the highest percentage (21.7%,

8.2%, and 11.8%) of tweets that are truly emergencies correspond to accidentes de tránsito, incen-

ios and robo , respectively. In contrast, for tweets with an unreal emergency for the international

omenclature case, 100% of them have the value no emergencia . 

Furthermore, Fig. 1 shows the ECU Centers distribution that should deal with the emergency

or each one of these emergencies. 

Fig. 1 shows the geographical distribution of the reported emergency events in the gathered

weets. We noticed that most emergency events were reported by citizen sensors with Twit-

er accounts located in the ECU 911 Centers of Samborondón and Quito. Fig. 1 also shows that

he number of declared emergencies are low (light yellow color) in most ECU 911 centers. In

ontrast, in only two centers (Austro and Loja), it exceeded 100 emergencies during the study

eriod. 

https://www.ecu911.gob.ec/instituciones-articuladas/
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Fig. 1. Number of real events emergency reported in the dataset for each geographical location of the ECU 911 Centers. 

(For interpretation of the references to color in this figure, the reader is referred to the web version of this article.) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2. Experimental Design, Materials and Methods 

The tweets about possible emergency events were acquired using Twitter’s Streaming API,

consuming the information posted on Twitter by citizen sensors. The dataset construction pro-

cess consisted of two stages: data acquisition and annotation. 

2.1. Data acquisition 

In this stage, tweets on no-emergency and emergency events were retrieved using the rtweet

R package. For this purpose, the Twitter API search was run from January 19th to August 19th,

2020, considering a set of Spanish keywords shown in Fig. 2 . The set of Spanish keywords was

created considering the words used in events reported through emergency calls in the ECU

911 centers during 2018-2019. Note that due to Twitter API limitations, the set number of ele-

ments should be a character string that does not exceed a maximum of 500 characters. A term-

document matrix was used to achieve this, and then the words that occur most frequently and

that adds up to 500 characters were selected. 

Fig. 2 shows the frequently used words to refer to urban emergencies in Ecuador. They are

used to get tweets data on statuses identified via the search query that also included the geo-

graphical coordinates -1.83,-78.18 with a radius of 600 miles to ensure that the tweets obtained

correspond to those generated in Ecuador. Note that this query was configured to receive only

tweets posted by users with a public profile and not other types of posts such as retweets or

likes. 

Over the query’s original data, we carried out a pre-processing procedure where emoti-

cons within the tweets and about 50 tweets generated in the Galapagos Islands were elim-

inated, which finally yielded a total of three variables: “created_at, ” “text, ” and “place_name ”.

The“ID ” variable was added after that, assigning an identifier from 1 to the total number of
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Fig. 2. Wordcloud of the query (in Spanish) used to acquire the possible emergency events reported by citizen sensors 

tweets. 

Table 4 

Interpretation of Cohen’s kappa. 

Kappa Level of agreement % of data reliability 

0-0.20 None 0-4% 

0.21-0.39 Minimal 4-15% 

0.40-0.59 Weak 15-35% 

0.60-0.79 Moderate 35-63% 

0.80-0.90 Strong 64-81% 

Above 0.90 Almost Perfect 82-100% 
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weets, 25547. Finally, the variable “place_name ” was incorporated, making a match between the

place_name ” where the tweet was generated, and the ECU 911 Centers’ coverage area reported

n the official web site 1 of the institution. 

.2. Annotation process 

In this stage and to enrich the data set and make it useful for research in machine learning,

ata mining, or related areas, four emergency categories were incorporated for each tweet. As in

cuador, the ECU 911 is the leading Center for immediate and comprehensive response service to

mergencies in such territory. Three categories related to the emergency events reported by this

enter were added, and one category according to international ESAs nomenclature. To assign

ach category’s values, five annotators manually inspected the tweets and did it. The values for

ach one are shown in Table 4 . 

To validate the annotations’ consistency, the agreement between the annotations carried out

or the same category but by different annotators was calculated. The idea of this is to observe

f the annotators match in the category assigned to each tweet. Inspired by works [1] and [2] ,

he interpretation of Kappa coefficient suggested by McHugh [3] was used to measure the agree-

ent. It can be simplified in Table 4 as follows: 

In Table 4 , any kappa value below 0.60 indicates inadequate agreement among the anno-

ators and, little confidence should be placed in the labeling process. Here, % of data reliability

orresponds to the squared Kappa value, an equivalent of the squared correlation coefficient. The

evel of agreement obtained by our annotators was almost perfect since the Kappa value was of

6%, 95%, 95% and, 96% for “category1 ”, “category2 ”, “category3 ”, and “category4 ”, respectively. 
1 https://www.ecu911.gob.ec/cobertura-nacional/ 

https://www.ecu911.gob.ec/cobertura-nacional/
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The final value of each category (label) was selected using a plurality strategy . Note that it

differs from majority strategy because, for instance, if the annotators assign to a tweet the values

of a category as A, B, C, C, D, then C is selected as plurality value but not the majority value

(because it occurs only 2/5 of the times, and majority implies > 1/2 of the times). In cases of

times, the value is arbitrarily selected in random order. 

The R/R Studio software was used to perform data acquisition and pre-processing procedures.

The software was run using a standard computer (Intel (R) Core (TM) i7-6500U, CPU @2.50 GHz,

8 GB RAM). 

Ethics Statement 
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