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Zusammenfassung

Das Denguefieber ist eine Viruserkrankung, die durch einen Stich der Gelbfiebermücke

(Aedes Aegypti) übertragen wird. Weltweit gibt es jährlich bis zu 500 Millionen Infektionen

bei Menschen. Das Dengue-Virus ist besonders in Südostasien verbreitet und gefährdet somit

stark die Gesundheit der dort lebenden Menschen. Die Brutstätten der Überträger befinden

sich meistens in künstlichen Behältern (alte Reifen, Eimer oder Vasen). Es gibt verschiedene

Ansätze, um das Dengue-Virus zu überwachen und zu kontrollieren. So versucht das Projekt

“Large Scale Detailed Mapping of Dengue Vector Breeding Site by using Street View

Images and Object Recognition” von der Mahidol University, Brutstätten automatisiert zu

detektieren. Dazu werden Bilder von Google Street View mit Hilfe eines Objekterkennungs-

Algorithmus auf Brutstätten untersucht und klassifiziert. Ein Problem, welches dabei entsteht,

ist die Aktualisierungsrate und Verfügbarkeit von Google Street View-Bildern. Im Rahmen

dieser Arbeit wird ein Chatbot vorgestellt, der freiwillige Helfer dazu motivieren soll, die

Bilderdatenbank zu aktualisieren. Der Chatbot wird auf dem weit verbreiteten Facebook

Messenger veröffentlicht, wodurch eine hohe Zahl an Nutzern erreicht werden soll. Zusätzlich

zu der Grundfunktion bietet der Chatbot weitere Funktionalität, wie allgemeine Informationen

über das Dengue Fieber und den Krankheitsüberträger und die Möglichkeit zu erfahren, wie

viele Fälle des Dengue Fiebers in einer bestimmten Region gemeldet wurden. Des Weiteren

verfügt der Bot über Gamification-Elemente, wie eine Bestenliste aller Crowdsourcing-

Teilnehmer und wöchentliche Herausforderungen. Letztendlich wird der Bot mit Hilfe von

Studenten Mahidol University in Thailand evaluiert.





Abstract

Dengue is a viral vector-borne disease, which is transmitted by the Aedes Aegypti mosquito.

With an estimated 500 million cases a year and no effective vaccine, dengue poses a threat to

public health. It is particular prevalent in south east Asia. Mosquito breeding sites are often

in artificial water containers, e.g. old tires, buckets and vases. There are various approaches

to monitoring and controlling the disease. The project “Large Scale Detailed Mapping of

Dengue Vector Breeding Site by using Street View Images and Object Recognition” aims

to automatically detect those breeding sites. Google Street View Images are processed by

an object recognition algorithm to detect and classify the breeding sites. The Google Street

view image library is limited to the time when the pictures were taken by Google and limited

to locations accessible by car. Therefore, in this work, we present a chatbot to increase

the coverage of geotagged images. The chatbot enables volunteers to contribute newer and

missing pictures to the database. The chatbot is developed and published on the widely

spread Facebook Messenger platform. Moreover the chatbot includes gamification elements,

functionality to retrieve the number of reported dengue cases in an area as well as general

information on dengue. The proficiency of the chatbot is evaluated in cooperation with

students of Mahidol University in Thailand.
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Chapter 1

Introduction and Motivation

Dengue is a viral vector-borne disease, which is transmitted by the Aedes Aegypti mosquito

(Figure 1.1) [1]. With up to 500 million cases a year and no effective vaccine, Dengue

poses a threat to public health [2]. It is particular prevalent in Southeast Asia [3]. To better

monitor the spread of the Dengue virus the World Health Organization (WHO) [4] is using

three different indicators. The House Index (HI) indicates how many percent of households

have larvea of the Aedes Aegypti. The Container Index (CI) represents the percentage of

containers infested with larvae. The Breteau Index (BI) measures the amount of containers

containing larvae per 100 households. The indices are designed to be auxiliary in predicting

future outbreaks and target interventions.

To generate the indices, the breeding sites need to be mapped. Mosquito breeding sites

are often found in artificial water containers, e.g. old tires, buckets and vases (Figure 1.1).

The mapping is mostly done manually by workers of the Ministry of Public Health, which

ensures high quality of data but does not scale to cover bigger areas [5].

Besides this approach there are several projects, which try to support or replace the manual

mapping through information technology. Many different approaches have been attempted,

e.g. using satellite images to find breeding sites [6], using mobile application to detect

breeding sites with the help of the public [7] or the establishment of a predictive model based

on weather data [8]. This work is based upon the project “Large Scale Detailed Mapping of

Dengue Vector Breeding Site by using Street View Images and Object Recognition” [in press]
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Fig. 1.1 Aedes Aegypti and its breeding sites

at Mahidol University in Thailand. The project aims to automate the mapping of breeding

sites. By leveraging the new technologies in machine learning (region-based convolutional

neural networks in particular) and the broad availability of geotagged images, a pipeline for

object recognition to detect breeding sites of the Dengue vector was developed. If there is a

strong correlation between the existing indices and the frequency of breeding site, the system

is an effective alternative to the manual surveys. The breeding sites are recognized by the

object detection algorithm and then visualized by the dashboard (see Figure 1.2). Google

Street View (GSV) is the primary source of images. GSV provides a vast set of images with

good coverage and historical image data, which is very useful to compare the results to other

indexes in order to validate the approach. On the other hand it is not well suited to function

as the sole source of images as most of the pictures are out of date. Furthermore GSV often

does not cover places that are not accessible by car or are on private property, which could be

problematic, as breeding sites are more likely to be adjacent to houses.

For this reason, we developed the mobile app Dengue-Detector. It aims to increase the

coverage of geotagged images by (geospatial-) crowdsourcing, i.e. enabling volunteers to

contribute newer and missing pictures.
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(a) Old tires recognized by the system (b) Potential breeding sites on a heat map

Fig. 1.2 Object recognition and visualisation

One of the most challenging aspects of crowdsourcing is to gain and maintain a big

number of active participants [9]. Especially for non-commercial projects, which cannot

afford to offer monetary rewards, it is hard to reach enough people to make the project viable.

Time consuming steps like installation and registration of an app are regularly big enough

obstacles to keep people from participating in citizen science projects or other kinds of

humanitarian or public health related endeavours.

Nowadays users rarely install new apps [61]. Only very few apps are added to the

home screen and used frequently [10]. Especially in Asia, where desktop platforms were

never widely spread [62], the mobile first-paradigm is very present [63]. Instant messaging

platforms on mobile have well exceeded the monthly active users of more traditional media

such as email or websites [11]. The instant messaging platform Facebook Messenger has a

market share of 60 % [64]. As one of the de facto standards for peer to peer communication

in south east Asia Facebook Messenger is the appropriate target platforms for the Dengue-

Detector-app, as it provides a comprehensive Application Programmable Interface (API) to

integrate chatbots.
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1.1 Scope of this Thesis

In this thesis a disembodied conversational agent (CA) for the purpose of collecting geo-

tagged images, called Dengue Detector (DD), is conceptualized, implemented and evaluated.

The chatbot is able to receive and prompt for user locations and is then offering directions

on how and where to take pictures. Upon receiving the images, the bot processes the pro-

vided images and adds geotags to them. The first step is to design a conversational flow for

the interaction with the chatbot. Before implementation the available chatbot technologies

are assessed. We analyse the advantages and disadvantages of different frameworks like

Dialogflow and Wit.ai, which are very powerful tools for handling the Natural language

processing (NLP) and machine learning aspects. To enable the chatbot to process images and

locations a separate component is implemented in Python.

Gamification elements are built into the chatbot to ensure a more long term interest in user

contribution. The chatbot provides elaborate statistics of how many pictures were collected

and presents a leaderboard of the most active users. It can entice the users by giving public

challenges to participate in as well as personalized tasks, such as to take pictures in a specific

place. In addition, the server is able to send regular notifications and updates to (inactive)

users. Those reminders are designed to keep users active for prolonged periods of time.

An avatar and character for the chatbot is designed. The Dengue Detector chatbot is

able to make small talk and respond to many kinds of small requests in a logical way, but is

generally specialized in handling requests in relation to the collection of geotagged images.

It is unable to answer complicated or complex questions from other domains. The chatbot is

also designed to inform and educate about Dengue in general and the public health risks it

presents. Through the chatbot users are able to learn about the impact of Dengue on global

health, about the infection and the course of the disease, as well as the vector and its breeding

sites in particular.

Finally, we evaluate how the chatbot is used and if it is able to motivate users to participate

in the crowdsourcing of geotagged images. The evaluation is conducted in cooperation with

students of Mahidol University. The results are presented descriptively and interpreted.. We
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aim to deduce patterns in the interaction with the bot, that can be taken into consideration for

future development and improvement of a chatbot to collect geotagged images.

1.2 Complementary Thesis by Artur Wojcik

In addition to this work, the thesis “Crowdsourcing of geotagged images to detect mosquito

breeding sites by using mobile applications” by Artur Wojcik [12] also deals with the

collection of geotagged images to detect Dengue breeding sites. The overall project consists

of three different channels for collecting geotagged images. The first part is the stand-alone

Dengue-Detector app, which guides the user in taking the pictures. Secondly, the functionality

of the app is integrated into the existing disaster reporting and alerting platform mobile4D,

which is being developed at the University of Bremen. The third part is the development

of a chatbot on Facebook Messenger, which is the focus of this work. All of the collected

images will be sent to the Dengue Detector-server, which was developed by the students of

Mahidol University. As visualized in Figure 1.3 the basic functionality of the chatbot was

implemented in collaboration with Artur Wojcik.

Fig. 1.3 Complementary Thesis of Artur Wojcik
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All further work on the chatbot is exclusively part of this thesis. The collaborative part

includes the following tasks:

• Implementation of the basic intent using the Dialogflow API.

• Integration with Facebook Messenger platform.

• The Representational State Transfer (REST) API to send the user location to the server

and receiving and displaying the places where pictures need to be taken.

• Geotagging the pictures.

• Sending the geotagged images to the server.

1.3 Structure of the Thesis

In chapter 2 we introduce the basic concepts relevant for the thesis by presenting the related

work in the fields of Dengue, conversational user interfaces (CUI) and crowdsourcing. The

technological foundation, features and the flow of dialogue for the chatbot are conceptualized

in chapter 3. In chapter 4 the details of the implementation are described. The results of

the usage of the live chatbot during the evaluation study are documented and discussed

in chapter 5. Finally, we draw conclusions from the project and present ideas for further

research in this area in chapter 6. Every picture used in this thesis is either public domain or

created by the author. Every other source is referenced explicitly.
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Related Work

Three main approaches exists to control Dengue. In the following we describe the different

approaches in relation to technologically supported attempts to antagonize Dengue (Sec-

tion 2.1). In Section 2.2 an overview of the field of chatbots is given. Chatbots in the domain

of healthcare are highlighted in particular, as they entail technological and design approaches

relevant to this work. Finally, we elaborate on what is different in this work compared to the

existing work on auxiliary technology to control Dengue (Section 2.3).

2.1 Dengue

The Dengue fever (also known as breakbone fever) viruses are passed on to humans through

the bites of an infective female Aedes mosquito. After an incubation time of two to seven

days, Dengue can cause headaches, muscle pain, high fever, rashes, nausea and vomiting.

The primary infection will incapacitate the infected person for about a week. Recovery from

infection by one Dengue virus serotype provides lifelong immunity against that particular

virus serotype. Upon a second infection by one of the three other serotypes, Dengue can be

deadly [3].

As there is no effective vaccine, the control of Dengue relies on traditional environmental

management and applying insecticides to combat vector mosquitoes (Figure 2.1). To better

target such interventions, IT-supported techniques to map the risk of Dengue have been
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worked on by numerous research groups around the globe. Different approaches to map

and predict Dengue have been developed. For lager scales, satellite remote sensing data

(RS) can be used. Also proxies such as meteorological and socio-economical metrics can

help to predict outbreaks. Manual surveys of breeding containers yield indices that correlate

with the actual number of cases, but require a lot of labour. All of these approaches have

significant disadvantages, as they either do not scale well, or do not have a high enough

resolution. Consequently, various approaches enabled by information technology have been

conceptualized and tested by the scientific community as well as governmental and non-

governmental organisations. These IT-supported approaches can be distinguished by their

point of intervention. First, there is the approach to find breeding sites to kill mosquito

larvae before the disease can spread. Secondly, there are predictive models, which help to

approximate when and where an outbreak will happen, as this information is useful to plan

control measures like a travel lock. In the following we will distinguish between three ways

of obtaining meaningful data, where the first uses data mining approaches to predict future

events and the latter two focus on vector control.

• Predict outbreaks with data mining.

• Breeding Site Detection via object recognition.

• Crowdsourcing approaches.

2.1.1 Methods to Predict Dengue

There have been several attempts to create predictive models for Dengue by various re-

searchers. They use different kinds of available data ranging from Dengue case data, to

meteorological and socio-economical data. Reich et al. developed a real-time forecasting

model for Dengue across Thailand based on the reported cases of the years between 1968

and 2014. They compare the results to predictions made with fully reported data [13].

Aburas et al. used Neural Networks to predict the number of confirmed Dengue cases. For

their study, six years of records of four Parameters were used to check if they correlated

with the future number of reported Dengue cases. The parameters were mean temperature,
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mean relative humidity, total rainfall and the total number of Dengue confirmed-cases [14].

Weather data can be good indicators, since factors like humidity, rainfall and temperature

ease the survival of the mosquito and its eggs.

Fig. 2.1 Vector Control with insecticides (left) [65] and a Mosquito Trap (right) [66]

In another attempt to predict the distribution of cases of Severe Dengue (also known as

Dengue Haemorrhagic Fever) Lauera et al. developed a statistical model, which uses the

same biological parameters as Aburas et al. but also taking into account demographics, i.e.

population density, as transmission of Dengue is more frequent in regions with a bigger

populations [15]. A different approach, presented by Althouse et al., is to look for correlation

between the use of Google search terms related to Dengue and the Dengue incidence data in

a particular timeframe. This way they found a strong correlation between Google searches

and the number of Dengue cases in the Singapore and Bangkok data [16].

2.1.2 Breeding Site Detection via Object Recognition

Another approach to get higher resolution results than with predictive models is to use object

recognition on images to identify breeding sites. This method has the potential to be scalable

given the vast availability of pictures online. Chang et al. developed a Dengue surveillance

system for developing countries using satellite imagery from Google Earth in ArcGIS to

accurately identify areas with a high level of mosquito infestation. Existing public health

data was used to create a layer to represent each neighbourhood [6]. Mehra et al. present

an object recognition process for identifying stagnant water bodies in images. Images from

different sources such as Google, Flicker and others are used to detect potential breeding sites
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of the Dengue and Zika vector. The results are visualized by a heat-Map [17]. Breeding sites

are often hard to find. To address this issue, Suduwella et al. present a process specifically

tailored to find breeding sites, i.e. stagnant water bodies by using drone images of otherwise

hard to access areas [18].

2.1.3 Crowdsourcing Approaches

There are several projects and apps that collect reports of incidents or breeding sites by

volunteers. Mo-Buzz (Figure 2.2) is a mobile application in which users can report Dengue

hotspots to keep track of the most affected parts of the city. People can use this information

to take preventive steps to protect themselves from mosquitoes, if they are living in, or

travelling to these areas. Citizens can report Dengue breeding sites and Dengue symptoms

to the local authorities using simple forms on their mobile app, which are automatically

geotagged. This information is used to monitor the disease and target intervention. The app

also includes a health education section with information, e.g. on where the next hospital is

to get treatment [19].

Similarly DengueChat (Figure 2.3) lets users report breeding sites and communicate

peer-to-peer to organise intervention on a grass roots level. The project is a cooperation

between the University of California and the Brazilian government piloted in 2015. On

the website users can take pictures of breeding site and send subsequent pictures of the

destroyed breeding site. This way users can collect rewards like badges and gain points on a

leaderboard. In addition, DengueChat has a lot of social network features, like a timeline,

user profiles, and groups [20].
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Fig. 2.2 Mo-Buzz app Fig. 2.3 DengueChat dashboard

TargetZIKA (Figure 2.4) is a mobile and web application to report breeding sites in Brazil.

It collects data on where and when (spatio-temporal) breeding sites were reported by citizens.

Those micro-reports include pictures and a description of the breeding site. On the website,

users can view a risk map which also takes other factors into account. Empirical data such as

the number of ZIKV cases reported and number of casualties due to Microcephal (which is a

symptom of Zika) also influence the risk map [21].

Mosquito Alert (Figure 2.5) is a comparable mobile application from Catalonia, which

encourages citizens to find and report mosquitoes and breeding sites. The content of the

pictures is then validated by experts or by other users. Each report consists of the kind of

report, a picture, a description and further information. The app focuses on user engagement

through gamification. Every user is assigned a score between 1 and 100. The score depends

on the users participation. For every contributed picture or validation, especially if they were

reported from locations far apart, the score will rise [67].
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Fig. 2.4 TargetZika risk map screenshot
Fig. 2.5 Mosquito Alert app
screenshot

All of the afore mentioned crowdsourcing applications have in common, that they have

no automated way to verify the breeding site in the pictures. Also most of them require

installation of native Android or iOS apps. This work addresses both those issues by using

a object recognition pipeline to analyse the pictures for breeding sites, as well as using the

Facebook Messenger platform as the UI, which is already installed on the majority of devices

in the target audience.
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2.2 Chatbots

A chatbot, also known as a conversational agent, is a computer program, which interacts with

a user through natural language dialogue and provides some form of service [22]. Chatbots

allow for intuitive and accessible human-computer interaction and are therefore frequently

used in various domains of application such as customer support, e-commerce, education and

learning, information retrieval, health care and many more [23]. In the scientific literature,

healthcare (Section 2.2.1) is a frequent topics. Some publications are similar to this work in

terms of structure, content or development methods.

In most of those cases chatbots are goal oriented, i.e. they are programmed to fulfill

requests specific to one domain (closed domain). Other chatbots like Mitsuku [68] or

cleverbot [69] are designed for recreational communication, i.e. they respond to questions of

any domain often in a clever and entertaining way (open domain). The first conversational

agent to receive major attention was Eliza, by Weizenbaum, which emulates a conversation

with a psychotherapists [24]. Eliza was based on simple keyword matching and was very

limited in recognising and maintaining contexts within a dialogue. Following a simple set of

rules, the keywords uttered by the user were incorporated into simple follow-up questions.

If there was no keyword found, a general response (like “tell me more about that!”) was

assembled. It was also relying on user input to keep the conversation going.

In the early 2000s Artificial Linguistic Internet Computer Entity (ALICE) was considered

the most advanced conversational agent. It was able to reply to a greater amount of different

requests by utilizing the Artificial Intelligence Markup Language’s (AIML) pattern-matching.

With AIML it is possible to implement a nearly human-like dialogue for a limited domain,

but those conversation still tend to be repetitive, as the CA struggles to maintain context in

longer conversations [70]. More noticeable to the general public, voice-based conversational

UI have gained popularity since Apple released its voice assistant Siri in 2011. In recent

years, natural-language user interface have become ubiquitous in speech-based assistants

like Amazons Alexa, Microsoft’s Cortana and the Google Assistant. Because of their AI

capabilities and access to the internet, they are able to respond to almost anything with a

proper answer.



14 Related Work

This impression is supported by the Gartner hype cycle for emerging Technology. Ac-

cording to Gartner (Figure 2.6), Virtual Assistants are already beyond the peak of inflated

expectations, while Conversational AI Platforms are steadily approaching the peak.

Fig. 2.6 The Gartner Hype Cycle for Emerging Technologies 2018 [71]

Accordingly, the number of publicly available chatbots has grown rapidly since the offi-

cial support for chatbots by Facebook began in 2016. As of May 2018 Facebook Messenger

alone had over 300,000 monthly active chatbots [72]. Essential for this quick development is

significant technological progress in certain areas. The most note worthy enabling factors

for the increased popularity of chatbots are the ascend of universal chat platforms (Face-

book Messenger, Telegram, Slack, etc.) and the advances in Machine Learning (ML) and

Natural Language Understanding (NLU), which have become widely accessible as online

services [25].

Conversational agents have several advantages over graphical user interfaces. They

are intuitive to use for everybody, as they do not require users to navigate through all the
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features of the application via a menu. Furthermore they are available around the clock

and in comparison to their human counterparts, they are giving users instant response to

their request. All of those traits make it attractive for businesses to use chatbots in customer

support so they can handle recurring requests timely and with no human involvement.

2.2.1 Chatbots in Healthcare

In the following an overview of the existing work on chatbots in the field of healthcare is

given. Healthcare is a popular field of application for research on chatbots. Publication

which are only remotely related to the topic of this work will be mentioned briefly, while

publications that are most relevant to this thesis will be discussed in more detail. There is a

lot of interest in research and development of chatbots in the medical field, as conversational

agents have a lot of potential to be more cost-effective, reduce the time spent asking questions

to make the right diagnosis and make knowledge more widely accessible [26]. By examining

the scientific literature, we identified three major use cases of chatbots in healthcare: Mental

health counselling, accessing medical knowledge and diagnosing diseases according to

symptoms.

Divya et al. present a medical chatbot that provides the patient with a diagnosis of the

illnesses and subsequently delivers detailed information on the disease. The user input is

matched for symptoms. From these symptoms the system deducts a shortlist of potential

diseases. The chatbot then asks further questions to confirm and presents a shorter list until

there is a clear diagnosis. In case of a major disease, the data of the symptoms will be sent

to a specialist. For minor diseases the bot suggests some first aid and recommends to visit

a doctor [27]. Madhu et al. developed a similar personalized medical assistant, which is

also able to list available treatments. The System can additionally deliver information on the

composition of the medicines and how to appropriately use them [28]. Other similar systems

like Health On-Line Medical Suggestions (HOLMeS) encompass data mining to obtain better

results [29]. Lokman et al. propose a chatbot for diabetes patients called Virtual Dietitian

(ViDi), that should function as a virtual physician/doctor. It starts off by asking question and

analysing all answers until the disease is diagnosed. In the end it gives advice on the diet [30].
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Another interesting use case of chatbots is to remind people to take their medicine, while

ensuring it is done properly [31]. Morales-Rodríguez et al. envision a chatbot to diagnose

the Generalized Anxiety Disorder (GAD). In the process they present an architecture for

emotional responses in the context of clinical psychology [32]. Gyant.com is a chatbot which

focuses on diagnosis and treatment of non-urgent conditions [73]. It leads the user through a

series of easy to answer questions. Because of the frequent use of emojis, memes and a sense

of humour, the chatbot appears humanlike (Figure 2.7)). It is also capable of diagnosing

mosquito-borne diseases like Zika. Florance [74] is a personal health assistant available on

Facebook Messenger. Besides information on diseases, it features a point system, which

rewards users, who track sportive activities. The most active users are listed on a leaderboard

(see Figure 2.7). Many of the above mentioned chatbots include instructions for humans.

This is an aspect also present in the Dengue Detector chatbot.

Fig. 2.7 Conversations with Gyant (left) and Florance (right) on Facebook Messenger

There has been a lot of research in regards to the use of chatbots in the field of mental

health. The bots can be distinguished by their target audience, i.e by age or the kind of

sickness that the bot deals with. Kowatsch et al. present a text-based healthcare chatbot

(THCB) system that was first tested in the domain of childhood obesity. It got promising

result regarding enjoyment and attachment bond between patient and bot [33]. Sometimes

it is easier for people to talk to a non-human entity as they will not have to fear judgement
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or any other social consequences. Cameron et al. developed a chatbot for counselling on

issues such as Anxiety, Depression, Obesity, and Alcohol/Drug misuse. The chatbot aims to

simplify users finding and accessing documents in a self-help library. Patients can also talk

with the bot about their well-being [34]. Another group in need of attention to their mental

health are military veterans. The SimCoach attempts to lower the barrier for (former) military

service members to open up to information on mental health and to eventually initiate contact

to healthcare professionals [35]. In order to make use of chatbots in this sensible field, it is

important to recognize the users emotional state. This can be done by detecting emotions

and generating responses accordingly. Lee et al. [36] developed an NLP-system, which can

recognize eight different kinds of emotions. According to the users intent and emotion, an

appropriate response is generated. Chatbot lend themselves to be used as the interface to a

knowledge database, as a simple textual conversation is more user friendly than manually

searching through a database or a library.

Also chatbots have the advantage of a relativity anonymous interaction, i.e one does not

have to talk to a human in order to obtain the desired information. Crutzen et al. developed a

chatbot that is specialised in answering questions related to sex, drugs, and alcohol asked by

adolescents. In the evaluation the authors wanted to find out how well chatbots are suited as

informational source on such sensitive topics. They compared the results to other sources of

information like telephone lines and search engines and got positives results in terms of the

duration of the interaction [37]. Another prototype and consecutive study was conducted with

the Pharmabot: A Paediatric Generic Medicine Consultant Chatbot. It is a chatbot designed

to prescribe, suggest and give information on generic medicines for children. It achieved good

acceptance rates in regards to important factors such as user-friendliness, appropriateness

of answer and speed of response [38]. The Taiwan Center for Disease Control (CDC) has

a chatbot named Disease Control Butler (@taiwancdc), which can provide “updates on

disease outbreaks and public health threats of over 200 countries” [75] and answer users

questions about over 90 different infectious diseases. It also informs on pre-travel vaccines

or preventive medical treatments according to the destination the user wants to travel to next.

With over 70000 friends on the Line messenger platform, it is one on the most widely spread
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public health related chatbots. The chatbot was developed in cooperation with HTC using

state-of-the-art AI technology.

It is noticeable that the aforementioned chatbots all operate in fairly restricted domains.

They also showed, that chatbots can compete with more traditional sources of information and

can even bear significant advantages such as increased accessibility and patient engagement.

2.2.2 Human-Chatbot Interaction

When humans are talking to each other, they cannot separate having a conversation from

thinking about whom they are having the conversation with. In messaging apps the interaction

with the chatbot happens adjacent to conversations with real humans, as instant messaging

platforms are primarily used to communicate with friends and family. Furthermore humans

tend to generally attribute human traits to robots (anthropomorphism) [39]. Many studies

examine the factors that contribute to a conversational partner being seen as non-human. We

can distinguish between studies that investigate the content of the dialogue and studies, which

focus on the form, i.e. the appearance of the bot [40]. An important factor to keep in mind

when designing the appearance of a chatbot or any CA is the uncanny valley effect. The term

coined by Masahiro Mori in 1970 describes the shift in a person’s reaction to a humanlike

robot from empathy to aversion as it approaches, but fails to attain, a lifelike appearance [41].

This is especially important for embodied agents, which have the ability to also use non-

verbal communication cues, whereas disembodied agents, like our Dengue Detector chatbot,

are primarily communicating through a text-based interface. The only physical representation

is in the profile picture (avatar), but as [42] shows, embodiment is not a precondition for

anthropomorphism. Ciechanowski et al. conducted a study to asses the emotional and

physiological responses to a humanlike avatar chatbot compared to text chatbot by measuring

psychophysiological reactions. They found lesser uncanny valley effects and less negative

affect in cooperation with a simpler text chatbot [43]. Humans even tend to attribute the

common gender stereotype to CAs depending on the sound of the voice. For example, a male

voice is received as a bigger authority on sports related questions, while a female voice is

seen as having more knowledge about love and relationships [44]. In general, studies found
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that users are more open, more agreeable, more extroverted, more conscientious and self-

disclosing, when interacting with humans than with AI [45]. Nevertheless the use of more

human-like language and name contribute to anthropomorphism towards the bot [42]. Some

rules of human social behaviour, such as reciprocity, can also be applied to the interaction

between humans and bots. Humans are more willing the help a bot, which helped them

before, then they are helping a bot they have never met before [46]. People even follow

social norms when interacting with bots and may show politeness to them. When bots follow

human conversational rules and show high reciprocity, people tend to open up more to the

bot [47].

On the other hand, conversations with non-human entities differ in a lot of ways from

human to human conversations. Hill et al. [48] compare chatlogs of conversations with

humans to conversations with the popular chatbot Cleverbot to examine the differences in the

content and quality of the conversations. Hill et al. found that human–chatbot interactions

tend to last longer than human–human interactions between strangers and involve shorter

messages, less complicated vocabulary and more profanity. Other properties of human

conversation, such as the tone [49] and adaptive of responses [50] also contribute to the

perceived humanness of the bot therefore promote the engagement with the CA.

The studies above have shown the influence the appearance of the bot has on its perception.

While it generally provokes more positive human behaviour if the bot is anthropomorphized,

the uncanny valley has to be taken into consideration to not have the effect flip in the opposite

direction. Other studies have shown that by mimicking human behaviour in terms of tone,

conversational patterns and so lets users feel more comfortable and perceive the bot as more

human-like, which, in turn, increases the chance of the human helping the bot.

2.2.3 Chatbots in Crowdsourcing

There is very little research on the intersection of crowdsourcing and chatbots. We assume

this is the case, because crowdsourcing usually requires a more complex user interface, e.g.

the collection of volunteered geographic information (VGI) is mostly done through apps

that were designed for that purpose [51]. There are a lot of apps and websites in the field of
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civic complaints. Those apps are used to report damaged roads, garbage dumps and other

problems in a city. Citicafe by Atreja et al. is a bot to help citizens to report problems and

gather information related to civic issues for different locations and their neighbourhoods.

It operates on platforms like Facebook Messenger, Twitter and Slack using the Watson

Conversation Service [52]. Another instance of collecting data from the public is raheem.ai.

It is a chatbot, which lets users file reports on their recent police interactions. The purpose of

this is to discover concrete suggestions for improvement. Within the conversation, the time

and place of the interaction is recorded [76]. The conversational agents mentioned above

have in common, that they guide the user through a series of questions to generate a report,

unlike our Dengue Detector chatbot, which is designed to collect images. The examples

above indicate that crowdsourcing via chatbots is possible but further, in depth, research is

lacking.

2.3 Difference to Related Work

In Section 2.1, two ways to control Dengue proactively are pointed out. Firstly, there is the

approach to detect breeding sites via object recognition in existing databases such as GSV

or Flickr. This is a scalable process, but is prone to missing current images or images in

hard to reach locations. Secondly, other projects use crowdsourcing to find mosquitoes and

their breeding sites. Crowdsourcing can enable the mapping of breeding sites in remote

locations, but does not scale well, as each breeding site has to be reported manually. The goal

of this work is to combine the advantages of both approaches, by designing a system, which

has the scalability of automated detection, paired with the high resolution and flexibility of

crowdsourcing. To reach a broader audience, we present a chatbot as a novel interface in the

domain of crowdsourcing-based apps related to the control of Dengue.

Section 2.2 discusses the historic development of CIs and introduces a variety of existing

chatbots in the domain of healthcare. The literature review revealed, that there is very

little research at the intersection of chatbots and crowdsourcing. The chatbots presented in

Section 2.2.3 use crowdsourcing in domains unrelated to epidemiology or images. We could
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not find another chatbot, that is used to collect geotagged images. While there are multiple

mobile apps (Android and iOS or webapps) for the distinct purpose of collecting images of

mosquito breeding sites, using a conversational agent as the interface appears to be a novel

approach. Some of those apps, such as DengueChat, use gamification mechanics similar to

those used in the Dengue Detector. There are however chatbots, which deal with Dengue

or other vector-borne diseases in the way of delivering information and notifications on the

disease.





Chapter 3

Concept

In this chapter, first the most common existing technologies and development approaches are

introduced. After describing the architecture of our system, the design of the chatbot as well

as all its features are discussed in detail.

3.1 Chatbot Frameworks

In this section, the basic architectural components and common concepts of chatbot devel-

opment are discussed. According to Stoner et al. [53] the architecture of chatbots consists

of three parts, in most cases: They distinguish between The Responder, Classifier and

Graphmaster (Figure 3.1) . Braun et al. refer to the components Request Interpretation,

Response Retrieval and Message Generation, but the underlying idea is similar [25]. The

Responder is the interface between the user input and the business logic of the system. The

Classifier takes apart the user’s natural sentences and divides them into logical components.

The Graphmaster does the pattern-matching to decide which response is appropriate.
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Fig. 3.1 Overview of generic chatbot components adapted from Stoner et al. [53]

In the first step, the users natural sentence needs to be processed. For this task NLP

or NLU tools can be employed. Most commonly, NLU systems are based on the Intent-

Entity-(Context) paradigm [54]. Following this concept, an intent represents the purpose of a

user’s input. This can be any operation, action or request for information. An Entity is any

term or object that is mentioned in connection to the user’s intent, e.g. a location, person,

time, organization and so on. The context is the topic of the current conversation [55]. It

is apparent, that the bot needs all three components to be able to respond to complicated

requests.

3.1.1 Comparison of Frameworks

Chatbots have moved into the focus of the technology industry only in recent years, yet there

is an abundance of frameworks and APIs for the development of Conversational Agents. The

available frameworks lower the development effort immensely by taking on some of the more

complex aspects like machine learning, NLP and integration with the messaging platforms.

The four major tech companies, i.e. Google, Facebook, Microsoft and Amazon are all

represented in the space of chatbots and NLP frameworks, as some of the most popular

platforms such as Dialogflow, Wit.ai, LUIS and LEX NLU are owned by those companies

respectively.
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The selection of the bot framework is highly dependent on the architecture and vice versa

as the different frameworks imply different approaches to development. As per usual in

software development nowadays, it is not only a decision for one framework but for an entire

stack. We were looking for a framework and system architecture, which is best suited for the

purpose of collecting geotagged images. For our comparison we will distinguish between

three main kinds of chatbot frameworks.

• All-in-One services like Wit.ai and Dialogflow, that integrate with the Facebook API,

handle the NLP and run on an existing server.

• Natural Language Understanding Services like Rasa NLU, Amazon Lex or LUIS,

which specialize on NLP.

• Do-It-Yourself (DIY) chatbot builders, like ManyChat or Chatfuel are all-in-one

solutions, that cover all aspects necessary to create a chatbot. They often feature a

visual interface and require little or even no coding, which makes them accessible for a

wider user base, but are often very limited when it comes to advanced applications [77].

In the following comparison we will not consider frameworks from the aforementioned

DIY-category, as they do not include the appropriate interfaces to deal with media and

locations in the more advanced ways that we need to. Also frameworks that focus solely on

NLP or NLU like the Natural Language Toolkit for Python are not considered, as the NLP is

not the focus of this work. Therefore we focus on the more powerful and fully featured APIs.

We assess the 5 remaining frameworks on the basis of 7 different criteria (Figure 3.2).
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Fig. 3.2 A comparison of chatbot frameworks along six dimensions

RASA is a NLP framework at its core and does not come with easy messenger integration

out of the box. The commercial product Microsoft LUIS requires the paid Azure web service.

Similarly IBM Watson requires the non-free Bluemix cloud service. The community support

for the free and/or open source projects is generally better, as users rely more on other users

than on the service provider for help. Despite being open source, RASA still does not have a

community as vibrant as some of the other frameworks [78]. The intent recognition rating is

based on research conducted by Braun et al. [25], who evaluated the proficiency of different

online NLU Services. In this comparison, Microsoft LUIS generally performed best, with

RASA and Watson behind it. API.ai had the worst results in this test. Wit.ai was given a

slightly lower usability rating as it was hard to configure the integration. Also it does not

offer slot filling functionality to easily query the user for required information [79].

All in all, RASA, Microsoft LUIS and IBM Watson are either too complex, lack important

features or will involve considerable cost in productive use. We found Dialogflow to be easier

to set up and use than Wit.ai, as the user interface and NLP-concepts were clearer and more

intuitive from the start. Additionally features like the follow-up intents and slot filling make

for a comprehensive, easy-to-use package [56].

We decided to use Dialogflow for the NLP and most basic requests. For more complicated

messages, e.g. messages that involve locations and images, the Python helper is called.
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The system consists of four main components.

• The Facebook Messenger API functions as the direct interface to the user.

• Dialogflow is the intermediate layer for handling easy requests and small talk, as well

as the basic NLP and intent recognition-

• Our Python backend handles the more difficult requests involving locations and

pictures.

• The server side to send locations and receive images.

Our Python backend is connected to the server side via a REST API. It interact with the

server in three ways: It can receive a user’s location and return a list of locations with old

or missing images, receive and store pictures sent by the user and provide the number of

Dengue cases by (sub-)district.

3.1.2 Dialogflow

To process the user input, Dialogflow goes through two major steps: intent classification

and entity recognition [57]. intents can easily be created using Dialogflow’s web interface

(Figure 3.3).

Fig. 3.3 Overview of intents in Dialogflow web interface

Every intent can be triggered by either an event or by matching (a combination) of words

to an intent. Dialogflow uses machine learning to not only associate the pre-defined phrases

with the intent but also different phrases, which are similar in meaning. It also accounts
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for typos with automatic spell correction. To improve the intent recognition, the interaction

history can be monitored to detect false positives and fix errors in the intent matching. In

Dialogflow we can define custom entities. In the case of our chatbot, we define the “Breeding

site” entity (Figure 3.4).

Fig. 3.4 Entity definition in Dialogflow web interface

Figure 3.5 shows how keywords are matched to an entity. The matching is highlighted by

Dialogflow automatically, but can be changed manually to correct errors. In this example,

the user input “old tire”, will be recognized as an input of the entity type “breeding_site”.

Fig. 3.5 Training phrases for an intent in Dialogflow web interface

Also influential on the intent recognition is the current context of the conversation. Every

intent can have an input and output context. Each context lasts for a defined period of time

(by default for 5 interactions or 20 minutes). The lifespan of the context can be modified by

the developer. This is sometimes necessary to prevent mismatching of intents (Figure 3.6).
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Dialogflow also has the notion of follow-up intents, which is a user-friendly way to connect

two intents via contexts, i.e. the follow-up intent’s input context is the same as the parent

intent’s output context.

Fig. 3.6 Input and output contexts for an intent in Dialogflow web interface

In the Python backend, we can retrieve the breeding sites mentioned by the user from

the Dialogflow response. Every query and response is in the JavaScript Object Notation

(JSON) format. This will be discussed in more detail in Section 4.4.1. To generate a response,

Dialogflow either uses the pre-defined phrases or queries an external server for a response. In

this case, Dialogflow randomly selects one of the variants set by the developer (Figure 3.7).

The variation in the answers is intended to let the conversation seem more natural.

Fig. 3.7 Responses to an intent in Dialogflow web interface
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3.2 Dengue Detector

3.2.1 Design

This section describes the major considerations in the design process and the resulting

characteristics of the bot. As talked about in Section 2.2.2 of the related work chapter,

anthropomorphism is generally a desirable effect. Therefore, the fact, that the user is talking

to a bot and not a human should not be hidden. It should be made clear from the first message

on, that users are talking to a machine. Platforms like Line even require the name of the bot

to contain the substring “bot” to avoid confusion. The look of the bot is modelled after the

Siamese fireback, which is dressed as a detective (see Figure 3.8). It is the national bird of

Thailand and eats mosquito larvae.

Fig. 3.8 The Dengue Detector avatar (left), a real life Siamese Fireback bird (right) [80]

When designing the conversational flows, the target platform (in our case, Facebook

Messenger) and its traits and constraints have to be taken into consideration. Each platform

offers different UI elements such as media (images, audio, video), carousels (a horizontal

list of tiles, which can contain images and hyperlinks) and quick replies (a set of predefined

answers to a question), which can be used to enhance the conversation [81]. Also the bot’s

purpose should be apparent from the start. We made sure of this, by sending an introductory

message after the user clicks the get-started button. The user will only see a longer message
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upon the first interaction. Another important aspect is the tone of voice. To find an appropriate

tone, one has to keep in mind the target audience as well as the domain of the bot. The

bots responses contain more polite phrases such as “I would like to”, which amount to a

friendly tone. Phrases like “Do it now!” indicate a more rough tone and are therefore omitted.

When designing the dialogue there are several thing to keep in mind. It is important to let

users know that their requests are being worked on. All common instant messaging services

such as Facebook Messenger indicate the state of the processing of the message. During

conversation, the bot should exhibit human-like behaviour, i.e. use natural sounding phrases,

maintain continuity and deal with unexpected input and ambiguities. To achieve this, the

bot should always keep the conversation going and do not lead users into a dead-end. Every

additional feature of the Dengue Detector eventually leads the user back to the main intent

of the chatbot, which is to take geotagged images of breeding sites, e.g. when the user

has learned about Dengue, the bot asks him to participate afterwards. While keeping the

conversation going, the bot should always offer a way to abort the current dialogue branch

to avoid frustration. Misunderstandings can always happen, as NLP is still a very flawed

process and it is hard for designers to account for every possible user input. These situations

should be dealt with in a non-frustrating way, e.g. by abstaining from repetitive answers and

expressing error messages in plain enough language [82]. Especially in cases of multiple

errors in a row, the chatbot needs to provide the user options to pick the conversation back

up.
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3.2.2 Features

The features of the conversational agent can be subdivided into seven use cases. Each of the

dialogue options is implemented as an intent in Dialogflow. Besides the core feature of taking

pictures, it also contains the gamification components leaderboard and challenges as well as

user statistics. The user can also get added value from querying how many Dengue Cases

were recorded in the nearby area. Additionally, the bot provides information on the Dengue

disease, its vector and on the Dengue Detector project itself. All of the functions mentioned

above can be accessed through the bots main menu (Figure 3.9). The Notifications-feature

naturally cannot be activated by talking to the bot, but is rather triggered by events not under

the control of the user, i.e. the server sends notifications in regular intervals depending on the

duration of the users inactivity.

1. 2. 3. 4. 5. 6. 7.

Fig. 3.9 Main menu items of the Dengue Detector chatbot

The orange ellipsis represent the input by the user, the blue boxes are the bot’s answers.

The branches represent the possible inputs by the user. Usually, quick replies are used to

guide the user in the intended direction. Quick replies are a way to display the possible

answers to a question in the form of buttons. The user can click on the button to reply with

the predefined answer. The options are listed on the edges connecting the diamond and the

succeeding responses.
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3.2.2.1 Contributing Pictures

This part covers the basic intent of sending the location where to take the pictures to the user,

taking the pictures and geotagging them (see Figure 3.10).

Fig. 3.10 Flowchart of contributing pictures-intent
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After agreeing to participate, a brief explanation of the workflow is given. Then the user

is asked to share his location. The bot needs to receive the location of the user via the share

location feature of the Messenger app, as Facebook does not allow bots to track the users

with the “live-location” feature. That means, it is not possible, unlike in human-to-human

chats, to share the location continuously for a limited amount of time (usually 60 minutes).

A precise location is needed, because the system will send the nearest spots, where images

are missing based on the radius around the users current location. In case the user does not

use the quick reply and answers with a textual input (e.g “I am in Bangkok” or “I am in

Thailand”), the system recognizes this and prompts the user once more to send a precise

location.

When the user’s location is known, the chatbot presents instructions on how to take a

photo. This is only explained in full detail in the first interaction and will be summarized

in later interactions. The user is then shown a carousel of geolocations (see Figure 3.11).

By clicking on the image, the Google Maps app opens and navigation to the location can be

started.

Fig. 3.11 Carousel of missing spots near the user’s location (left), user sending a picture
(central), user geotagging the picture (right)
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When the user is at the location, the picture can be taken through the Messenger app

directly or using the native camera application of the device. In the latter case, the picture

needs to be added via the gallery. Upon receiving a picture, it is first checked if the received

“Facebook_Media” is actually a picture, as Dialogflow only generically recognizes media,

but not of which type it is. Our system checks the media for .jpg and .png file extensions.

If the media was not a picture, the bot rejects it and tells the user to send a picture. As

explained to the user, we expect to receive two pictures or a panorama picture. This is to

ensure, that both sides of the road are covered. To take a Panorama picture, the user would

be required to take the extra steps of switching to the native camera app on his phone and

upload the picture to Facebook Messenger through the gallery. When the user sends only a

single picture, that is not a panorama picture, the chatbot requests another one. When all the

necessary pictures have been taken, the bot asks the user to share his location again to geotag

the picture precisely. If the user carries it out as expected, the chatbot proceeds by asking if

the user saw any particular type of breeding site on the picture. In case the user has finished

the current challenge through this contribution, the challenge completion celebration (see

Section 3.2.2.3) is triggered. Finally, the bot kindly asks if the user wants to continue taking

pictures.
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3.2.2.2 Leaderboard

The leaderboard shows the ten most active crowdsourcing participants. It highlights the

best placed user and the current user, who is viewing the board. The chatbot also has some

motivational words depending on the performance of the user. The system offers users the

option to not be displayed on the leaderboard. After selecting that dialogue option, the next

time the user calls the leaderboard, his name will be left off of the list. The quick replies also

include the option to set a synonym by which they will be refereed to on the leaderboard and

anywhere else in the conversation (Figure 3.12). For this feature, the lifespan of the context

is one, to prevent consecutive commands to be interpreted as the users preferred synonym.

Fig. 3.12 Flowchart of leaderboard Intent
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3.2.2.3 Challenges

The user can ask the bot “What are the current challenges?” or click on the corresponding

item in the main menu. The bot lists all of the currently running challenges and the users

standings in the challenge. Afterwards the bot asks the user if he wants to get started

(Figure 3.13). A positive answer leads into the Contributing Pictures intent. When asked, the

bot also gives a brief explanation of what a challenge is and how it works. Every time the

user takes a picture within the boundaries of the challenge, i.e. in the defined timeframe and

location, the system tracks the user’s progress automatically in the background.

Fig. 3.13 Flowchart of challenges-intent
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Fig. 3.14 Leaderboard of most active crowdsourcing participants (left), the current challenges
(center) and the celebration after the completion of a challenge (right)

After completion of a weekly challenge, the user’s work is appreciated with a celebration.

The profile picture is augmented with confetti. The Python library Pillow [83] is used to

download and edit the original profile picture. A creative common picture of falling confetti

with a transparent background in .png format is also downloaded. The confetti picture and

the original profile picture are scaled to 400x400 pixels, as the standard Facebook profile

picture is square. Finally, the confetti-picture with transparent background is put on top of

the original picture to create the final result (See Figure 3.14).
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3.2.2.4 Number of Dengue Cases in an Area

The chatbot can be queried as to how many cases of Dengue fever were reported to the

Ministry of Public Health Thailand in the last year. There are different ways to retain the

information. The user can select the Dengue cases function from the main menu or ask “how

many Dengue cases were there in my district?” or something similar. In case the question

did not contain the location, e.g. “Bangkok”, the user will be asked to share his location via

quick reply. Additionally the user can ask for the number of cases by naming the district (see

Figure 3.15).

Fig. 3.15 Flowchart for number of Dengue cases in an area via menu (left) or via NL (right)
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3.2.2.5 Statistics

Users can retrieve statistics on how many pictures were taken by them individually and by the

community as a whole. The system can handle various requests, which can be particularized

with different parameters:

• Subject: The user can ask about who took the picture. Possible values are himself or

about all users as a whole.

• Timeframe: The user can query how many pictures were taken in the last day, week,

month or year.

• Location: The user can ask for a district or subdistrict.

That means, users can enter queries like “How many pictures did I take in Bangkok last

week?” and get the appropriate answer. In case the user does not specify all of the parameters,

the system falls back to default values. By default, all of the users will be considered as

the subject, for the timeframe the last week will be considered as the default value and for

location there is no restriction by default. The default values have been chosen arbitrarily

based on our assumption of what might be most interesting to the people.

Fig. 3.16 Number of Dengue cases in an area (left) and statistics on pictures taken (right)
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3.2.2.6 Information on Dengue

In order to incline users to contribute photos, we educate them on the burden of Dengue to

raise awareness of the issue. To increase the chance the user will be willing to participate, the

informational texts are personalized according to the users location. By providing information

that is more relevant to the user, we hope to achieve higher engagement. Using the openly

available information on Dengue, we try to educate the users on the basics of the disease.

There is a special emphasis on the mosquito breeding sites, since those are central to this

project. The bot can show a carousel in which all the breeding sites the system can recognize

are listed. For further information there are links to the websites of organisations like the

WHO or the Ministry of Public Health (Figure 3.17). The user can inquire about more

information at any point in the conversation, e.g. by requesting “tell me more about Dengue”.

Fig. 3.17 Flowchart of Dengue Information intent
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3.2.2.7 Information on Dengue Detector Project

The user can learn more about what the project is, what the goals are and who is involved.

After displaying an informational text, the user is prompted to participate.

Fig. 3.18 Info on Dengue in general (left), Info on breeding sites(central), Info on the Dengue
detector project (right)

3.2.2.8 Notifications

Similar to other forms of communication like Email and SMS, push-notifications are impor-

tant to keep users engaged to the product. Notifications are used to remind users that the

bot is still live by informing about updates, new features or current events. The notifications

cause the conversation with the chatbot to rise in the list of chats in Facebook messenger.

When people want to chat with their human friends, they will be reminded that the bot exists

and it invites them to pick the conversation back up. It is advisable to send relevant, timely,

and useful messages without requiring the user to initiate the communication [84]. Not

every user is the same. Therefore the messages in a campaign should be targeted to different

segments of the audience classified by characteristic such as demographics or previous

user behaviour [85]. The Facebook messenger has the policy of the “24-hour messaging

window” [86], which means that 24 hours after each user-initiated messenger interaction, the
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bot can send a follow-up message. Outside of the 24-hour window, Facebook allows a single

additional non-promotional message. Facebook also offers “sponsored messages”, which

bypass all limitations and allow companies to sent promotional messages outside of the 24

hour window at a price [87]. As our bot is non-commercial, the Subscription messaging

feature [88] is more relevant. It allows organisations to send regular content updates to

users, who once started a conversation with the bot. In order to be able to send subscription

messages, we needed to formally apply to a review. The permission is granted by Facebook

on the page level. The application is usually approved after a couple of days (Figure 3.19).

More on that process can be found in Section A.1 of the appendix.

Fig. 3.19 Subscription Messaging activated in the Facebook page settings

We chose to implement different triggers and different notification messages for each

trigger. Users are notified one week after inactivity. Different Messages will be sent to the

user according to how much information is available, e.g. if the user has already sent a

location, we can use it to send location-sensitive messages. If multiple types of messages are

eligible, we leave it up to chance which one will be sent to the user. This is a way to make

the bot seem more human as it is not sending the same message multiple times.

• "Hi [Username] you have not taken any pictures in [timeframe]. We would be happy if

you contributed again!".

• "Hi [Username] we havn’t heard from you in a while. If you want to help again, just

text me".
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• "Hey, [Username] there were [number of pictures] pictures taken in your area within

the last [timeframe]! Keep it up!".

• Hi [Username], We havn’t talked in some time. Are you interested in participating in a

challenge?

In order to not annoy users we set the notification_type to SILENT_PUSH. This way, the

users will see the notification but will not have any sound or vibration associated with it. To

send the messages, we use the Chatfuel API, which simplifies sending push notifications

with a GUI (see Figure 3.20). The target users can be filtered by categories such as the

overall number of sessions. The trigger for sending the messages can be set to the last/first

interaction or depending on any user attribute. In the replies, different message elements can

be included, e.g. media and quick replies.

Fig. 3.20 Push notifications triggers, filters and content in the Chatfuel GUI
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Implementation

In this chapter, each component (see Figure 4.1) and their interfaces will be discussed in

detail. This encompasses the Facebook Messenger and Dialogflow API integration, as well

as the Python backend and Structured Query Language (SQL) database hosted on a Google

Cloud Platform (GCP) virtual machine (VM).

4.1 Architecture Overview

Facebook Messenger acts as the main user interface and handles the basic inputs and outputs.

The user input is forwarded to Dialogflow, which functions as the NLP engine, i.e. it

deconstructs user inputs into logical parts like intents and entities. The more complicated

intents, which involve locations, images or the handling of user data, are processed by our

Python Backend, which generates answers accordingly and sends them back to Dialogflow’s

REST API. The leaderboard, challenges and statistics features require a SQL Database to

store all the relevant user data. The Python backend also interacts with the server side, where

the missing spots are calculated and the pictures are stored via a REST API. Our Python

code is hosted on a Google Cloud Platform VM. The SQL Database is running locally on the

same Google Cloud VM. This ensures quick access to the data and shields the database from

external adversaries. The Python backend communicates securely with the Dialogflow API

using an SSH-Tunneling.
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Fig. 4.1 Architecture overview

4.2 Facebook Messenger

The Facebook Messenger serves as the main interface to the user. It is the most popular

platform for companies and individuals to host their chatbots, as the user base of the Facebook

social network is sizeable in a lot of parts of the world. The Facebook Messenger APIs are

very versatile. With the appropriate permissions, chatbots can interact with profiles, pages,

groups, posts and so on. The User Interface offers more components than plain text. All

kinds of media, carousels, buttons and quick replies can be integrated to improve the user

experience. Facebook removes all the metadata from images, which means that every time a

user sends a picture, we have to request the location to be shared manually to add the geotag

to the image.

To host a chatbot on Facebook, first a facebook page has to be created and secondly a

Facebook app. To create a Facebook app, registration on the Facebook Developer Console

(developers.facebook.com) is necessary. In the console a Page Access Token is generated.

Before the app can go online, a data privacy policy needs to be added. The webpage

containing the privacy policy declaration is hosted on our VM. We used the privacy policy

bot [89] and added the specific ways we use the data to the policy. We consulted a lawyer

to assure we are in compliance with the privacy protection laws of the country, where the

chatbot is hosted and used.
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Through the Facebook Graph API we can retrieve information on the user. By default,

attributes such as first and last name can be queried. For other types of data such as the user

location according to their profile, a separate permission is required. This can be obtained

by submitting the app for review. In that process the applicant has to make clear for what

purpose the permission is required.

Before the chatbot can answer users, it has to undergo a review process. To get access

to the pages_messaging feature, which allows the bot to send and receive messages using a

Facebook Page, the submission form (see Figure A.1) has to be filled out. The review process

is designed to ensure that the chatbot is responding in a timely manner and adheres to the

Facebook community guidelines. More on this process can be found in Section A.2 of the

appendix.

4.3 Dialogflow

In the Dialogflow Console a new agent can be created and named. To establish the connection

to Facebook, the previously generated Page Access Token for the Facebook Messenger app

is entered in the integrations tab of the web interface. To illustrate the flow of information

through the Dialogflow system we follow the example of receiving a location. Upon receiving

a location through the Facebook integration, Dialogflow will recognize this a a platform event,

which is Dialogflow’s way to handle non-text user actions. As the event Facebook_Location

is set as a trigger for the LocationReceived intent, Dialogflow will handle the correspond-

ing intent. Fulfilment is activated for this intent in Dialogflow (Figure 4.2). This means,

Dialogflow will forward the request to the REST API of our Python backend. The URL at

which the Fulfilment webhook can be reached, was previously set (Figure 4.3).

Fig. 4.2 Activated fulfilment for an intent in the Dialogflow developer console
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Fig. 4.3 Fulfilment webhook configuration in the Dialogflow developer console

Our Python application called by the webhook is able to recognize the action (see List-

ing 4.1) and trigger the appropriate function. In this instance, the missing spots around the

location or a previously sent picture will be geotagged with those coordinates. In order to

distinguish those two cases, we refer the contexts of the conversation.

1 if req.get("result").get("action") == "locationReceived":

Listing 4.1 Recognizing the action in Python

4.4 Python Backend

The Python backend contains the computational logic for the chatbot and is the intermediate

component between Dialogflow and the database. The script is written in Python version 3.7.

The Python backend is based on the Flask web microframework, which is a comprehensive

collection of tools to host a webserver using Python [90]. The backend is designed to

handle all the tasks that could not be fulfilled by Dialogflow, i.e. that require more complex

processing.

4.4.1 Interaction with Dialogflow

Every time a JSON is sent to the endpoint /apiai, the method apiai_response is called. Inside

the method the received JSON is processed by the call to request.get_json. The function
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processRequest is central in the Python script, as it parses the incoming JSON request and

generates the response, see Listing 4.2.

1 @app.route(’/apiai ’, methods =[’POST’])
2 def apiai_response ():
3 req = request.get_json(silent=True , force=True)
4 res = processRequest(req)

Listing 4.2 Handling of webhook using flask

The response sent back to Dialogflow has to comply with the specifications of the Face-

book API. Dialogflow will then forward the JSON as a custom payload to the Facebook

Messenger API. For example, the carousel of missing spots (shown in Figure 3.11) is imple-

mented as a Facebook Messenger generic template. The code below illustrates the structure

of the JSON.

1 "payload":{
2 "facebook":{
3 "attachment": {
4 "type": "template",
5 "payload": {
6 "template_type":
7 "generic",
8 "elements":
9 listOfCards[:10]

10 }
11 }
12 }
13 }

Listing 4.3 JSON of Facebook generic
template

1 {
2 "title":
3 ’Nearest place without

images ’,
4 "image_url":
5 imageLink,
6 "subtitle":
7 "Click for navigation",
8 "default_action": {
9 "type": "web_url",

10 "url": link,
11 }
12 }

Listing 4.4 JSON of a single card in the
carousel

The listOfCards mentioned in Figure 4.3 consists of 10 cards, as this is the limit set by

Facebook for generic templates. In Figure 4.4 the structure of a card is shown. It contains

the a static Google Maps image as a thumbnail and the link to navigate to the location using

the Google Maps app as a default action. As shown in Listing 4.5, the generated response is

encoded as a JSON and is send to Dialogflow.
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1 res = json.dumps(res , indent =4)
2 r = make_response(res)
3 r.headers[’Content -Type’] = ’application/json’
4 return r

Listing 4.5 Follow-up of 4.2: Encoding of response JSON

Dialogflow has a five second timeout limit on request fulfilment, which means that the

Python backend server and the tunnelling have to be quick enough to deliver the response to

Dialogflow in time.

4.4.2 Interaction with Server Side

The Dengue Detector server side fulfils three main purposes. Each service is implemented as

an REST API endpoint. In order to add further capabilities to the chatbot, some development

was done in the scope of this thesis. The changes are described in detail in Section 4.7.

1. Getting Spots in Range.

2. Sending pictures.

3. Getting numbers of Dengue cases for a district.

4.4.2.1 Spots in Range

To guide users to take the missing or out of date pictures, geo-coordinates are needed to dis-

play directions to those spots to the user. During the project two ways of finding spots where

GSV images are missing or outdated were implemented. The first implementation uses the

LineString format, the second is based on structuring the area as a grid. The First approach

uses the LineString structure provided by the GSV API, in which each LineString represents

a road. The user is guided along the road until all pictures are taken. The LineStrings with an

image attached to each are then sent back to the server. The second approach is to divide the

GSV images in a grid and look for existing images in each area of the grid. Each spot that

does not have an image and that is close to other existing images, is sent to the server. This is

done to ensure that only useful pictures are taken, as the Street View car drove along roads
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and we assume that most breeding sites are close to houses and therefore roads. Additionally

in places of low population density the risk of a Dengue outbreak is smaller. To receive the

coordinates, a HTTP POST request with a GeoJSON in the format below has to be sent

to the server. The JSON contains the coordinates, i.e. latitude and longitude, as well as

the radius in meters, in which the spots should be situated (see Figure 4.6). The response

contains the coordinates of missing sports formatted in GeoJSON. Both approaches are

implemented on the sever side and can be used by sending the same JSON request to different

endpoints. The LineString implementation is reachable by the route /dengue/get/jobs/, while

the Grid-method is used at the route /dengue/get/missing-boxes/. For our evaluation we opted

to use the Gird-based approach.

1 {
2 type: "Feature",
3 geometry: {
4 type: "Point",
5 coordinates: [lng, lat],
6 },
7 properties: {
8 radius: r,
9 },

10 }

Listing 4.6 JSON to retrieve spots from server

4.4.2.2 Sending Images to the Server

After the pictures were taken, the Facebook URLs of the images are sent to the server with

an HTTP POST request. This is more efficient and reliable than downloading the pictures in

the Python backend and encoding it to send it to the server. The geoJSON format is used

again, only this time the coordinates are to be understood as geotags for the appended images

(see Figure 4.7). Upon receiving the images the server responds with a Success message.
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1 {
2 "type": "Feature",
3 "geometry": {
4 "type": "Point",
5 "coordinates": [lat, lng]
6 "breeding_sites": list_of_bs
7 },
8 "properties": {
9 "image_urls": listOfUrls

10 }
11 }

Listing 4.7 JSON to send image URLs to server

4.4.2.3 Number of Dengue Cases in District

The number of Dengue cases in a district according to the Ministry of Public Health in

Thailand can be retrieved via a HTTP GET request to the dengue/get/cases/ endpoint of

the REST API. The request JSON contains the coordinates (Figure 4.8) or the name of

the location (Figure 4.9), as well as the organizational level. The level can be set to either

“district” or “subdistrict”. The server will sent back the number of cases, which can then be

displayed to the user.

1 {
2 "type": "Feature",
3 "geometry": {
4 "type": "Point",
5 "coordinates": lat, lng
6 },
7 "properties": {
8 "level": l,
9 }

10 }

Listing 4.8 Dengue cases JSON with geo-
coordinates

1 {
2 "type": "Feature",
3 "geometry": {
4 "type": "Name",
5 "name_string": name
6 },
7 "properties": {
8 "level": l,
9 }

10 }

Listing 4.9 Dengue cases JSON with
location name
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4.5 SQL Database

To store all information related to user data, the gamification component and much more

we opted for creating an SQL database. They are the most proven way to store data and

sufficient for our requirements. We did not see the need to use a noSQL database, as we

expected to only be dealing with structured data. To ensure scalability and reliability we

make use of enterprise-level tools.

4.5.1 Database Management System

A (object-relational) Database Management System (DBMS) is used to define, create, main-

tain and control access to the database [58]. For the Dengue Detector chatbot, we chose

PostgreSQL, as it is one of the most widely used open source DBMS, that is also used

by many professional organisations. With its high degree of customisation reliability and

community support it fitted all our needs. The Postgres server is started with the Unix

command sudo service postgresql start. After starting the service, the Postgres command

line interface (CLI) psql can be accessed as the default Postgres user with the command sudo

-u postgres psql. In the Postgres shell, the database can be created by using the command

Create DATABASE dengue_chatbot.

4.5.2 SQLAlchemy

An Object-Relational Mapper (ORM) is used to interface between the Python code and the

database. This means, that Python objects are easily mapped to database tables without the

need for any explicit conversions by the developer. The ORM handles all the underlying

SQL statements. All of the four basic functions of a database, i.e. Create, Read, Update and

Delete (CRUD) are supported. There are several ORMs like Django ORM, SQLObject and

SQLAlchemy, that adhere to the Python Database API Specification (DBAPI), which means

they are used as an interface between Python and a database.

The Postgres Server URI has to be passed to the SQLAlchemy configuration at the

beginning of the Python script, with DB_URL_ONINSTANCE representing the URI. In our
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case it has the value https://127.0.0.1:5432, as the database server is running locally on the

port 5432 (Listing 4.10).

1 app.config[’DEBUG’] = True
2 app.config[’SQLALCHEMY_DATABASE_URI ’] = DB_URL_ONINSTANCE
3 db = SQLAlchemy(app)
4 db.init_app(app)

Listing 4.10 Database initialisation in Python

On the database object the create_all function can be called to create the schema according to

the model. Objects of a class, which was defined in the model specifications, can be created

just like any other Python object. From the ORM-perspective these newly created objects are

in transient state. In the case of SQLAlchemy, the command db.session.add(object) puts the

object at hand into pending state, which means they will be saved to the database with the

next flush. Complementary, the db.session.merge(object) command, transfers the changes

to existing objects on the Python level to the database level. To actually write the changes

to the database, the operation db.session.commit() has to be called. The objects are now in

persistent-state [91].

Each time the webhook is called, there is a lookup in the database to check if the current

user’s data is already present. If it is, each user-attribute retrieved from the Facebook API is

compared to the corresponding field in the database and, in case of any changes, it is updated.

If not, a new entry in the database is created. Every time the user sends a message, which

triggers the webhook, the message is saved as an interaction.

4.5.3 Data Model

In this chapter we briefly describe what data is stored in the database. Figure 4.4 shows

the data model as a UML (Unified Modeling Language) class diagram. The User-class

contains all the information about the user. This includes the information received through

the Facebook graph API [92]. This encompasses the Facebook User-ID, the first and last

name, the profile picture URL and timezone. Additionally, we store a synonym, which can be

set by the user as well as an invisibility flag for the leaderboard. The Picture-class contains
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the Facebook URL that leads to the image, a timestamp, the location (latitude and longitude)

where the picture was taken, the breeding site visible on the picture (if any) and a reference

to the corresponding interaction. The Challenge-class is connected to the user class via the

ChallengeParticipation association class. The challenge class stores all relevant parameters,

i.e. the time frame, area, description. The association class stores how many pictures were

taken by each user in the context of a particular challenge. In order to know whether users

have already seen certain pieces of dialogue, we track each interaction with a timestamp an d

the associated action. This also enables us to conduct analysis of the user behaviour.

Fig. 4.4 UML class diagram of the data model
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4.6 Google Cloud Platform

Google Cloud Platform (GCP) is one of the leading providers to host a great variety of web

servers. Among its competitors Amazon Web Services (AWS), Microsoft Azure and others,

it offers one of the most comprehensive tool-sets to cost-efficiently host web services of

many kinds.

There are two different ways to host the Python code: using the app engine or the

compute engine. The compute engine is a standard Linux (in our case Ubuntu 16.04) VM

with practically no limitations. This has the benefit of complete control over all aspects

of the server but also the downside of having to deal with every detail manually. The app

engine simplifies a lot of the configuration and automatically hosts the web service on the

appspot.com domain. As the app engine does not support outgoing TCP connections, the

connection to our database could not be established. Even using the GCP CloudSQL service,

no connection from the app engine to our database server worked. Therefore the compute

engine is used to host the Python code, as well as the database.

4.6.1 SSH-Tunneling

As Dialogflow only accepts encrypted webhook connections via HTTPS, we need to expose

the flask app to the internet via a tunnelling service. We elected to use burrow.io, which is a

easy-to-use tool to forwards a localhost server on a specified port to the web via HTTPS.

After testing several services like ngrok [93] and serveo [94] we settled on using Bur-

row.io as the SSH-tunnelling service for the Python backend, as it was the most consistently

fast and reliable of the tested options. To open the SSH tunnel, the following command

(Listing 4.11) has to be entered in the command line:

1 curl -Ls https :// burrow.io/g76pEWDE -3LZ ***** | bash -s

Listing 4.11 Command to launch SSH-tunnel
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4.6.2 Running the Code

On the GCP VM, the command line tool tmux [95] is used to run multiple terminal sessions

at once. In order to reach the Dialogflow API, we need to open up the necessary outgoing

firewall port for the Google Cloud VM. To ensure continuous service, a permanent SSH-

connection to the GCP VM was necessary, as all the tmux sessions died when the SSH

session is closed. The following programs are executed simultaneously in different tmux

sessions:

1. Python3 main.py in Dengue-chatbot-backend folder to run the Python backend.

2. Python3 index.py in Dengue_Mobile4D folder to run the server side.

3. Jupyter notebook in Dengue_Mobile4D folder to see the images on. the server. Open

http://35.204.179.175:8888/tree/static/uploads in browser.

4. The burrow command to enable SSH tunnelling.

5. The website containing the data privacy policy.

In order to ensure that all of the servers are consistently running, we have set up a separate

VM hosted by the faculty of mathematics/computer science of University of Bremen. In this

VM, an SSH-connection to the Google Cloud VM is continuously kept alive.

4.7 Extension of the Server

To accompany some of the features implemented in this work, changes on the server side

were also made in the scope of this thesis. The three main additions are:

1. Integration of Mahidol Campus missing boxes.

2. Ability to receive the name of breeding site the user saw on a picture. to augment

machine learning training data.

3. Query the number of Dengue cases by the name of the district. (previously the query

was only by geo-coordinates)
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4.7.1 Mahidol Campus Spots

The first task is trivial. The JSON-file was provided by students of Mahidol University and

added to the server folder. A reference to the path in the Python code was inserted.

4.7.2 Breeding Site Types

To be able to send the type of breeding site that the user saw on the picture, the REST API

is augmented with an additional field breeding_sites. On the server-side, code is added to

accesses and handle the value of the field while parsing the JSON described in section 4.4.2.2.

The data is stored in a Comma Separated Value (CSV) file with two columns. The fist column

is the folder name in which the image is stored (which consists of the geo-coordinates the

picture was taken at) and the names of the breeding sites the user selected.

4.7.3 Dengue Cases by District Name

In order to accomplish this requirement, it is first necessary to process the natural language

input and match it to geo-coordinates. Subsequently the addresscode for those coordinates

can be retrieved. Lastly the addresscode is used to obtain the number of cases in the specified

area. The Google Maps API supports two kinds of conversions. geocoding is the process

of calculating the coordinates based on a string. The opposite operation, called reverse

geocoding, returns the readable name for a geo-coordinate. The Google Maps API is not able

to geocode the addresscode. Therefore we used the shape files also provided by the Ministry

of Public Health to check if a geo-coordinate is in a specified addresscode. Afterwords the

string entered by the user is mapped to geo-coordinates by approximation of the centre of

the administrative entity. The cases data was provided by the Ministry of Public Health in

a CSV format with each row consisting of the addresscode, date and number of cases, e.g.

100101,2014-11-01,1. The file is then filtered by the addresscode and the number of cases is

accumulated.
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Evaluation

The chatbot is evaluated in a real life scenario in Thailand. Through promotion at Mahidol

University we aim to motivate students to use the bot and collect geotagged images around

the campus. In this chapter, the results of the evaluation are presented and discussed.

5.1 Evaluation at Mahidol University

The evaluation of the chatbot was conducted in collaboration with the faculty of ICT at

Mahidol University starting in late march 2019. The results until the end of march will be

discussed. The data collection will continue after that. The goal of the user testing was to

get a sense of how a chatbot to crowdsource geotagged images is received by the students

at Mahidol University. This includes an investigation into usage patterns such as how the

participation developed over time and whether the bot is able to keep users interested for a

longer time. The study was conducted with students only. Due to the group of participants

not being representative and the small size of the area, the results are limited. As mentioned

in 4.7.1, the missing GSV picture for the campus of Mahidol University were calculated

and included in the chatbot. Students were asked to start a conversation with the bot. In

this chapter, the data gathered from the user interactions is described and discussed. There

are several datasets from the different architectural layers available to conduct analysis of

the chatbot usage (Facebook Analytics for Apps, the Dialogflow API and from our own
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SQL database). The dataset of the contributed pictures was exported from the Postgres

database as a CSV file. The overall message interaction data is retrieved from Facebook

app analytics. The frequency of intents, i.e. how many times the different branches of

conversation were reached, is gathered from Dialogflow. All the personal information in the

datasets is anonymized. The raw data is stored on the attacked medium (Section B.2 of the

appendix). For the plotting of the datasets, the Python libraries pandas and matplotlib were

used. To promote the chatbot, a handout was designed (see Section A.4 of the appendix). It

contains basic information on Dengue, the Dengue Detector project and the chatbot.

5.2 Results and Discussion

The dataset used for this evaluation spans from March 20 to March 31. Six users were

recorded to have used the chatbot in that timeframe. Figure 5.1 illustrates the total amount

of contributed pictures over time. As we can see, the growth was fast in the beginning but

started to slow down after a few days. Similarly, the number of crowdsourced pictures per

day is not rising after the start.

Fig. 5.1 Total amount of pictures
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Boakes et al [9] categorized the volunteer engagement into three levels, called “dabbler”

(for little participation), “steady” and “enthusiast”. In their study, they found, that around

two thirds of participants are dabblers, approximately 30 percent are steady and only a small

group of one to five percent are enthusiasts. Figure 5.2 roughly reflects this pattern with only

a small proportion of the user base fulfilling the task.

Fig. 5.2 Ratio of picture contribution Fig. 5.3 Amount of pictures per weekday

Figure 5.4 shows the total amount of messages of any kind by any user over time. The

amount of daily messages decreased over time. This can probably be traced back to the

novelty effect discovered in previous research. For instance, the study by Brandtzaeg et al.

found that approximately 15% of chatbot users, are motivated by curiosity [59]. The amount

of unique users per day supports this (Figure 5.5), as it declines over time as well. The spikes

in the interactions can be explained by the notification the users received. Most of the time a

notification was sent, the users interacted with the bot again. Those interactions were mostly

shorter than the first interaction.
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Fig. 5.4 Total amount of daily messages Fig. 5.5 Unique users per day

Some general problems with using chatbots to crowdsource geotagged images surfaced.

Users can pick the location inside the Facebook Messenger app freely, as well as upload

any picture they want through the gallery of their phone. During the testing phase, this has

presumably lead to picture uploads, which do not match the associated location and vice versa.

Some pictures sent to the bot were quite clearly wrongly geotagged. The geo-coordinates

attached to the pictures in Figure 5.6 pointed to a place on the Mahidol campus, although the

pictures do no resemble a place on the university campus.

Fig. 5.6 Two pictures received through the chatbot during the evaluation phase

The chatbot allows a multitude of paths to be taken within a conversation. By investigating

how many users took which paths (see Figure 5.7), we can learn about how people use the

bot, i.e. which features are popular and which are used seldom. These results are highly

influenced by the design of the bot. For instance it is no surprise, that the contribute-intent is

the most used besides the welcome-intent, as nearly all other intents lead the user to trigger

the intent to contribute pictures.
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Fig. 5.7 Frequency of intents

As the data shows, there are some features which were never used. The Dengue cases and

leaderboard components were never called. This is likely due to their rather hidden links in

the main menu. As expected, the welcome dialogue was trigger most often, followed by the

central picture contribution workflow and the sent location intent. Slightly less often but still

frequently, users selected to receive information on Dengue. This is also unsurprising, as it is

a frequently referenced feature, e.g. during the welcome dialogue. There is a big discrepancy

between the number of times people sent their location to receive the spots and the amount

of times a picture was sent. This suggests that during the picture contribution workflow, the

carousel of missing spots was an obstacle. Some users stopped the conversation at that point,

presumably because they did not intuitively know how to continue. The process would be

much smoother, if there was a quick reply button to trigger the in-app camera, which is not

supported by the Facebook Messenger API at the moment. In the current form it might seem

ambiguous to some users how to proceed after they received the carousel. Generally, we

observed that users tried to follow the main flow of conversation given by the bot. Users

deviated from the pre-defined path by sending unexpected messages only very few times.

From some of those messages, we also could derive some desired features, e.g. more real

time and location based information on Dengue. This evaluation has shown, that contributing

geotagged images via a conversational interface is still a novel experience and that further

improvement in usability is required to make the interaction with the chatbot more accessible

and enjoyable.





Chapter 6

Conclusion and Future Work

In this chapter, the design and implementation of the chatbot and the previous work in this

context is summarized. We cover the results of the evaluation and elaborate on the limitations

of the work. Possible future developments of the chatbot are discussed.

6.1 Conclusion

In the context of Dengue control and prevention, there are various manual and technological

approaches, which either lack in scale or precision. The project “Large Scale Detailed Map-

ping of Dengue Vector Breeding Site by using Street View Images and Object Recognition”

addresses this problem by using GSV images to detect breeding sites. If the breeding site

index has a meaningful correlation with the WHO indices, it can be used to better target

mosquito control interventions. The GSV image database contains useful historic pictures,

but lacks in coverage and recency.

In this thesis a novel way to collect geotagged images to detect mosquito breeding sites

was presented. A chatbot on the Facebook Messenger platform was conceptualized, designed

and implemented. Previous work on crowdsourcing images of breeding sites are presented

and discussed. Apps like Mo-Buzz or Mosquito Alert run natively on smartphones and

enable the public to report mosquitoes, breeding sites and cases of Dengue and other vector

borne diseases. All of the applications require an additional app to be installed or depend
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upon the manual inspection of the images. The Dengue Detector chatbot is addressing

those disadvantages by utilizing the Facebook Messenger app, which is already installed

on over 60% of devices in Thailand. In addition, the images are analysed for breeding sites

automatically by an convolutional neural networks.

We examined the existing research into chatbots in the medical field, chatbots in relation to

crowdsourcing and the interaction between humans and CAs. Chatbots focused on improving

healthcare such as florance, have integrated gamification elements, e.g. a leaderboard, to

track user progress. There are some chatbots designed to collect data from volunteers. For

instance raheem.ai guides the user through a questionnaire about interactions with the police.

We did not find any chatbots, which aim to collect geotagged images.

To choose the best fitting frameworks for implementation of the Dengue Detector chatbot,

the state-of-the-art technological approaches to chatbot development were introduced and

evaluated. The Natural-Language-Processing-Framework Dialogflow, Python, Postgres and

GCP were selected to implement the chatbot. The bot’s main purpose is to collect geotagged

images taken by volunteers and send them to the server in order to examine them via object

recognition to detect mosquito breeding sites. Besides this, the bot offers a number of

additional features. The bot provides information on Dengue, the vector, its breeding sites

and the number of reported cases of Dengue in the user’s area. It uses gamification to

increase user engagement by listing the most active participants on a public leaderboard and

presenting challenges.

In order to gain insights into the proficiency of chatbots to crowdsource geotagged images,

we conducted an evaluation study at Mahidol University in Thailand. The evaluation has

shown, that it is possible to use chatbots to collect get-tagged images in principal, but it also

revealed a lot of challenges. The usability of the workflow needs to be improved. The issue

of not knowing whether the geotags of the pictures are accurate raises some questions about

how to insure the quality of the crowdsourced contributions. Unlike using native apps for

corwdsourcing geotagged images, there is no direct access to the GPS location. Also pictures

sent via Messenger do not have any metadata, meaning they have to be geotagged in the

server side, which leads to problems regarding the validity of the geotags.There are several
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approaches to assure quality in crowdsourcing efforts. One option is to let different users do

the same task. Secondly, the quality can be controlled manually by an expert. A third way is

to use automation [60].

Conversational interfaces are naturally limited in their range of possible input mechanisms.

This is why the chatbot has a lot of compromises compared to the native Dengue Detector

Android app in order to accommodate the Facebook Messenger platform. This is noticeable

in the extra step required to receive the current location and subsequently geotagging the

picture. The navigation to the target location also relies on an external app. In the testing

phase, this step proved to be a problem for some users, as it was presumably unclear to

them how they should proceed. A navigation solution inside the Facebook Messenger app

would promote a more frictionless experience. Generally, the picture contribution workflow

needs to be more intuitive. Additional limitations are the loss of quality when uploading the

pictures to Facebook Messenger and the lack of a panorama camera mode inside the app.

Panorama pictures are the preferred format, as they ensure all the surrounding environment

of the spot is covered entirely.

6.2 Future Work

There were a lot of ideas discussed but ultimately discarded in the process of this work.

Some of them might be worth perusing in the future. An interesting feature from the user

perspective would be to get instant feedback on the pictures taken. This way, users know

right away if there was a breeding site on the picture, which could lead to better pictures in

the future. Some features were considered but ultimately excluded to the constraints of time

and resources. The chatbot could provide more information on the Dengue disease, similar

to other open data chatbots. The ability to answer more elaborate kinds of questions, e.g. for

sick people or to diagnose the disease would be desirable. Also more timely and location-

sensitive information, such as notifications on outbreaks or updates on scientific research and

other developments in relation to Dengue could be considered. The conversational skills of

the bot could also be further improved, i.e. by taking a more AI focused approach or making
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more use of the NLU capabilities of Dialogflow besides designing a linear conversational

flow. Complementary, the gamification could be extended by a bigger variety of challenges,

a complex point system and more. Currently, the spots database only contains locations for a

few provinces in Thailand. Also the number of Dengue cases can only be retrieved in one

province. To enable more people to participate, those databases could be extended to cover

the entire country of Thailand or even expand the project to other countries, where Dengue is

endemic.

In the future, testing could be done on a larger scale and with different demographics of

users. The test users at Mahidol University are very homogeneously aged and have a similar

technological skill level. By observing how people with different demographic characteristics

and social environments interact with the bot, we could better examine if the bot is able

to engage people from diverse groups. Another aspect worthy of further investigation is

whether the quality of the contributed pictures varies depending on the medium, i.e. whether

the pictures gathered via chatbot are in accordance with the instructions given (cover both

sides of the road, no people on it) or if a native app, which guides the user step-by-step, will

produce higher quality pictures. Furthermore, investigation into how successful chatbots are

at retaining crowdsourcing motivation should be conducted over a longer period of time with

a larger audience to obtain more conclusive data.

The chatbot technologies and the designed workflow presented in this work can be applied to

other fields of crowdsourcing to establish a novel channel for participation. For instance, a

disaster reporting and alerting system could be based upon the picture contribution workflow.

The system could also be used to collect and map data on objects apart from mosquito

breeding sites, e.g. to collect images and locations of trash in urban areas or find damaged

infrastructure. Overall, this thesis has shown that chatbots have the potential to be suitable

for the crowdsourcing of geotagged images but also that a lot more research into this topic is

required.
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Appendix A

A.1 Subscription Messaging

To enable Subscription Messaging on the Facebook developers site, the developer has to put

forth a brief description of what the Facebook app is able to do and why that is beneficial for

the users. This is what we submitted for the Dengue Detector Facebook Messenger bot.

Description of the project

“We are a group of Students of Mahidol University in Thailand and the University

of Bremen, Germany and together we developed a system to detect breeding sites of the

Aedes aegypti, which is the mosquito responsible for transmitting viral diseases like the

dengue fever. The goal of the project is to generate a mapping of dengue breeding sites

on unprecedented scale using Google street view and crowdsourced images, which will

be helpful for public health agencies to better target interventions. The chatbot sends a

location where there is insufficient coverage of google street view images to the user. The

user is than tasked to visit that location to take pictures. Subsequently, the pictures are added

to the database and scanned for breeding sites using object recognition empowered by a

Region-based Convolutional Neural Network (R-CNN).

In addition, the chatbot is able to provide detailed information about the dengue disease

itself, it’s vector and the typical breeding sites of the vector. It also provides information on

how many cases of dengue were recorded in a given (sub-)district in Thailand.”
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Example 1

“There were 100 cases of Dengue Fever in your subdistrict last year. Please consider taking

pictures of mosquito breeding sites to help fight the dengue fever.”

Example 2

“Hey, there were 50 pictures taken in your area within the last week. Way to go!”

Example 3

“With an estimated 390 million cases a year, dengue is a major public health concern. By

continuing contributing pictures, you can help us to contain the disease.”
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A.2 Facebook App Review

Before a chatbot on Facebook Messenger is allowed to respond to real users, Facebook

carries out a manual review process. To obtain the pages_messaging permission, which is

nessessary to enable the bot to respond to users, some sample inputs are tested by the review

team. We picked the inputs “Hi”, “Dengue?” and “Breeding Site?” and the corresponding

responses from the chatbot.

Fig. A.1 Main submission form for the pages_messaging permission review process

After going through the rest of the process and waiting for the review team to try the

chatbot, we received the confirmation, that the review was successful and the bot is approved

for the pages_messaging permission.
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Fig. A.2 Successful Facebook review
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A.3 Full Flowchart

Fig. A.3 Flowchart of all intents
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A.4 Promotional Material

Start chatting now at

m.me/DengueDetector

The Dengue fever is transmitted by the Aedes aegypti 
mosquito. Mosquito breeding sites are often in 

artificial water containers, e.g. old tires, buckets and 
vases. The goal of this project is to generate a mapping 

of dengue breeding sites on unprecedented scale 
using Google Street View and crowdsourced images, 

which will be helpful for public health agencies to 
better target interventions. 

WITH OVER 300 MILLION CASES A YEAR 
AND NO EFFECTIVE VACCINE, DENGUE 
POSES A THREAT TO PUBLIC HEALTH

DENGUE DETECTOR CHATBOT

The Dengue Detector chatbot on Facebook Messenger is designed to improve the insufficient 
coverage of Google Street View images. Users are tasked to visit locations, where Street View images 

are either missing or out of date. After the user has taken the needed pictures, the pictures are 
added to the database and scanned for breeding sites using object recognition empowered by a 
Region-based Convolutional Neural Network (R-CNN). In addition, the chatbot is able to provide 

detailed information about the Dengue disease itself, the mosquitos and their typical breeding sites.

Take pictures of breeding sites to help fight the Dengue Fever!

Johannes Schöning, Peter Haddawy, Marcel Dechert

Fig. A.4 Flyer



Appendix B

Contents of Compact Disc

B.1 Sourcecode

• Sourcecode of the Dialogflow Agent

• Sourcecode of the Python Backend

• Sourcecode of the Dengue Detector-Server

B.2 Further Materials

• Raw data of evaluation in CSV format

• Video of chatbot usage
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