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ABSTRACT 
It is estimated that 20% of medical diagnoses is incorrect 

[1, 2].  This is caused by limited human cognitive abilities. 

We are unable to know everything about every human on 

earth, and therefore cannot reason over this data. Cognitive 

systems such as IBM Watson can expand these cognitive 

abilities. These systems are able to reason over data, and 

interpret more effective than humans can. They are able to 

process and answer questions in natural language by find-

ing evidence for the correct answer. However, it is difficult 

for these systems to interpret natural language because they 

need to be told what is right and what is wrong. Current 

methods for automating the extraction of this data have 

shown to be incomplete [3]. Crowdsourcing can solve this 

by gathering a complete ground truth [4]. In order to cap-

ture positive and negative synonym relations in medical 

texts, we propose a crowdsourcing experiment using the 

Crowd-Watson framework in order to create efficient tem-

plates for these annotation tasks. 
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INTRODUCTION 
Humans make choices based upon previous experiences 

and knowledge. In computer science, this cognitive ability 

can be translated into a cognitive system. The advantage of 

such systems is that they do not lack the limitations of the 

human cognitive abilities . Cognitive systems can theoreti-

cally hold all medical data from all human beings , but a 

human being would never be able to capture this [5]. Like 

this, many human behaviors such as speech and thoughts 

can already be imitated, and researchers are currently de-

veloping these intelligent systems all over the world [6]. 

IBM Research is an example of this, and has cre-

ated a cognitive system named Watson. Watson is distin-

guishable by its three core abilities. First, Watson is a com-

puting system that can process unstructured natural lan-

guage (NLP). Second, Watson will apply advanced analyt-

ics to generate and evaluate hypothesis in order to find the 

right answer to a question. Third, Watson learns from the 

evidence it creates and will get smarter at every iteration 

[7]. This combination gives Watson cognitive abilities  that 

are impossible for humans to achieve. One of the areas 

Watson is currently being developed in is the medical do-

main. 

Cognitive Systems in the Medical Domain 
In the medical domain, the need for cognitive systems such 

as Watson is inevitable. The amount of medical records and 

medical information is growing extensively, and it is be-

coming increasingly difficult for doctors to keep up with  

this vast amount of unstructured data. As a result of this, it 

is reported that an estimated 20% of medical diagnoses by 

doctors is incorrect [1, 2]. While humans are not able to 

process all available data, cognitive systems such as Wat-

son can. In the form of a decision support system, cognitive 

systems can expand the human cognitive abilities  in the 

future. Medical data then feeds the abilities of the cognitive 

system. 

 Medical data mainly consists of unstructured natu-

ral language. The interpretation of this is difficult, because 

natural language without any contextual information such 

as speech is ambiguous [8]. Terms can have multiple mean-

ings, and without a context they can be interpreted com-

pletely wrong. This is especially difficult for event phrases, 

such as medical data. For instance, experts have little to 

disagree on if grass is green. On the other hand, this is more 

difficult for diagnoses of patients. Having a high blood 

pressure can be good and bad at the same time, it just de-

pends on the context. This poses challenges for interpreting 

medical text by cognitive systems such as Watson. 

In order to get to an answer, Watson interprets ev-

idence in text for its hypothesis [9]. This data is required in 

the form of a ground truth, and allows Watson to be trained 

and evaluated [10]. Without such a ground truth, Watson 

would have trouble interpreting what the meaning of a 

certain phrase is , and now know what is right and what is 

wrong. Therefore, these sentences need to be annotated up 

front in order to be interpretable. As medical phrases are 

event based, current distant supervision methods for rela-

tion extraction have shown to be incomplete [3]. Because 

of this, crowdsourcing for annotating medical texts is the 

correct way for solving ambiguity in medical data [4]. 

Crowdsourcing disagreement on these annotations 

can give valuable information. However, when annotated 

by experts, the annotations will be less perfect. This is 

caused by over-generalization [11], because experts have a 

biased view on the medical data. Their knowledge of medi-

cal terms is high, but they cannot annotate medical texts 

perfectly from all perspectives. In order to gather expert 

and non-expert annotations, the Crowd-Watson project was 

established. 



Crowd-Watson for gathering annotations 
Crowdsourcing is the concept of splitting work into so 

called human intelligence tasks (HITs). These small tasks 

can be done by people from all around the world, possibly 

for a small payment. Because the pool of available people 

in the crowd is large, annotation can be performed more 

quickly and cheaper through crowdsourcing the tasks  [12]. 

In the medical domain, this can also help solving the lim-

ited availability of medical professionals. 

 Popular crowdsourcing platforms are Wikipedia, 

Yahoo!Answers and Kickstarter [13]. These platforms all 

have their own purpose, but have in common that a large 

amount of people contribute to small tasks in order to 

achieve something big. There are also crowdsourcing plat-

forms where a user can choose from many different kind of 

tasks for a small payment, such as Amazon Mechanical 

Turk (AMT) and CrowdFlower (CF). Through these 

crowd-sourcing platforms, where users are called crowd 

workers, the Crowd-Watson project lets the workers anno-

tate medical phrases. The AMT platform has a worker 

population of 500 thousand individuals  [14], while the CF 

platform has a worker population of 5 million individuals  

[15]. This amount of workers makes it possible to generate 

a crowd-sourced ground truth, or ‘crowd truth’, so that 

Watson can be trained and evaluated in the medical domain 

[12]. Creating these tasks has proven to be a critical part for 

the success of gathering crowd data [16].  

In order to manage these crowdsourcing tasks and 

form a ground truth of data, the Crowd-Watson team has 

developed a platform. The AMT and CF crowdsourcing 

platforms are used to distribute small HITs through the 

platform. These HITs are distributed to workers that do not 

require any medical knowledge. These tasks require the 

worker to annotate a passage of a medical diagnosis, where 

the workers are paid a small fee for their work, around a 

few dollar cents per task. For annotations where medical 

knowledge is required, the team has developed their own 

Dr. Detective serious game on the Crowd-Watson platform. 

The HITs can be distributed to either workers via 

crowdsourcing platforms, or to experts through the Dr. 

Detective game.  

The Crowd-Watson framework is a workflow that 

consists of pre-processing of the input, data collection, 

disagreement analytics and post-processing [10]. This is for 

the most part an automated process that takes unstructured 

medical texts as input, and results in a ground truth in the 

form of concepts and their relations. In the pre-processing, 

additional metadata is  automatically added such as the 

diagnosis of the patient. For adding annotations on fore-

hand, the framework uses the UMLS1 vocabulary [10]. This 

vocabulary contains biomedical terminology and classifica-

tions. Pre-identifying annotations in the medical texts al-

lows concepts and relations to be discovered automatically. 

However, due to the lack of contextual awareness, the 

                                                                 

1 Unified Medical Language System [21] 

UMLS parser has trouble with processing ambiguity in 

text. Nevertheless, the UMLS parser can be used as a 

method for measuring the performance of the crowd-

sourced annotations to the UMLS annotations. 

PROBLEM STATEMENT 
The problem with unstructured medical text is the ambigui-

ty. Without context, terms can be interpreted completely 

wrong by cognitive systems such as Watson. This can have 

consequences, especially with positive and negative syno-

nym phrases. For instance if we want to know what neuro-

logical condition contraindicates the use of bupropoin , a 

cognitive system will try to find evidence that a seizure 

disorder is the correct answer as can be seen in Figure 1. If 

there is evidence indicating patients with a preexis ting 

seizure disorder should not use bupropoin, then ‘should not 

use bupropoin’ is a positive synonym for ‘contraindicates 

the use of bupropoin’. This relation is evidence for the 

seizure disorder to be the appropriate answer. However, 

this does not always mean that ‘contraindicates the use of’ 

is a synonym to ‘should not use’. Depending on the true 

meaning, the correct interpretation by cognitive systems 

influences their abilities. Negative synonym phrases are 

therefore as important. If the evidence is contradicting, the 

hypothesis is less likely to be correct.  

 

 

 Seizure disorder? 

Figure 1: Finding evidence 

Previous research on negations has shown that au-

tomated contradiction detection systems can classifies up to 

99% of their disagreements as false [17]. Additionally, it is 

even estimated that web data consists of approximately 

only 1.2% genuine contradictions. Detecting synonyms can 

be achieved by aligning ontologies using distant supervi-

sion. This has however proven to only capture a fraction of 

the possible matches due to the limited knowledgebase 

[18]. Methods exist to improve the use of distant supervi-

sion in order to limit the number of false negative matches 

[3]. Also, the expansion of knowledge bases such as UMLS 

can improve the number of matches by 34% [19]. Howev-

er, none of these methods completely annotate positive and 

negative synonym relations perfectly. The use of 

crowdsourcing can be a solution to solve the ambiguity in 

medical texts and detect the positive and negative synonym 

relations efficiently. 

  

Patients with preexisting seizure disorders  

should not use bupropoin. 

 

What neurological condition  

contraindicates the use of bupropoin? 



RESEARCH QUESTION 
Crowdsourcing annotated medical phrases is an efficient 

and effective method. With the use of the Crowd-Watson 

platform, we can apply this method for the retrieval of 

positive and negative synonym relations in medical 

phrases. This leads to the research question:  

Can we define an efficient crowdsourcing scenario  

for identifying positive and negative synonym phrases in 

medical texts? 

Consequently, the following sub-questions need to be re-

searched in order to answer the research question: 

1. What gaming elements can help users perform more 

effectively? 

2. What disagreement metrics are necessary to measure 

the quality of the crowdsourcing results? 

METHODS 
The proposed research questions require several research 

methods in order to come to a conclusion.  

First needs to be researched how both positive and negative 

synonym relations can be retrieved at the same time. Next, 

a scenario is required for capturing these relations via 

crowdsourcing, based on how to capture the relationships 

efficiently. After that, different gaming elements  are re-

quired that are appropriate for the scenario. Next, the gam-

ing elements can be translated into templates for the 

Crowd-Watson platform, where the efficiency is the 

amount of money and time required and effectiveness is the 

amount of annotators and the quality of data. In order to 

compare these templates, metrics  need to be defined for 

measuring the performance. The templates can then be 

compared with an experiment, followed by an evaluation of 

the results. This approach will be further explained in the 

following paragraphs. 

Relation Analysis 
In order to annotate synonyms and negations efficiently, 

the possibilities for extracting these relations must be re-

searched. It is likely that by capturing synonym relations, 

we can also use this  information to capture negations at the 

same time. A possibility for this is that workers can choose 

whether the synonym relation is positive or negating. By 

capturing the combination of these relations simultaneous-

ly, the cost can be reduced due to the less tasks needed. 

This setup requires an appropriate scenario, which will be 

discussed in the next paragraph. 

Crowdsourcing Templates 
Based on the knowledge of how to capture synonym and 

negation relations efficiently, we can design a scenario for 

annotating the relation. This scenario can allow the annota-

tion of both synonym and negation relation at once. In 

order to make this scenario efficient, appropriate gaming 

elements are required. These elements can act as incentives 

for the workers to repeat the game. In return, this improves 

the focus and quality of the annotations. These gaming 

elements depend on the input and whether the expected 

relation is a synonym or negation. By applying the gaming 

elements to different templates, we can measure with met-

rics which template has the best performance.  

Because of the different gaming elements and 

crowdsourcing platforms, we need to create different mi-

cro-task templates. In these templates, the worker for in-

stance has to choose the relation between two highlighted 

terms. Depending on the template design, the quality of the 

annotation by the worker, and the time and cost spend 

might be different. The templates need to be designed for 

use in the Crowd-Watson platform, in order to be distribut-

ed to the appropriate crowdsourcing platforms. Different 

templates might be more appropriate for certain 

crowdsourcing platforms and may require medical exper-

tise. In a pre-pilot experiment, these templates can be eval-

uated and optimized in order to improve their efficiency 

and effectiveness. From these results, we can derive the 

important metrics. These factors can be the cost of obtain-

ing an annotation or the time it takes, and may be different 

from the default meters used in the Crowd-Watson plat-

form. In the next paragraph the approach for the experiment 

is described. 

Game Experiment 
Based on the pre-pilot, metrics need to be set for the use in 

the actual experiment. The different tasks can then be sent 

to the AMT or CF crowdsourcing platforms, or to the Dr. 

Detective Crowd-Watson game. As HITs, these micro-tasks 

can be annotated by a different amount of workers. Also, 

the number of sentences per set of HITs can influence the 

efficiency and effectiveness of the templates. The payment 

for each platform and template can also influence the per-

formance. Because of this, the templates have to be tuned 

with an experiment in order optimize the settings for each 

template, and the template performance. After optimizing 

the templates they can be evaluated for efficiency and ef-

fectiveness. The set metrics must be used for evaluating the 

templates. With this data, we can draw conclusions on the 

optimal templates for gathering positive and negative syno-

nym relations in medical texts. 

PLANNING 
The approach that is needed to answer the research ques-

tion requires a planning, as can be seen in Figure 2. The 

research on the overlapping of synonyms and negations 

takes two weeks. Next, the scenario modeling will take one 

week. After this, the gaming elements for the scenario will 

be researched in two weeks, of which the second week will 

overlap with the creation of the templates which will also 

take two weeks. This overlap is due to the likelihood that 

new gaming elements might be found during the initial 

construction of the crowdsourcing templates. Following 

this is the pre-pilot and data collection which both take one 

week. 

 With the templates and metrics finished, the actual 

experiment can start. There is a two week time window for 

the experiment itself. This is needed, because on some 



crowdsourcing platforms tasks can take a week to com-

plete. After the experiment, the results can be evaluated. 

This should take no more than two weeks. 

 Somewhere during the final experiment around the 

end of May, a mid-term presentation has to be held. This 

presentation will contain at least the scenario, gaming ele-

ments and templates. If possible, the status or results of the 

experiment can be presented here as well. 

 After the experiment is complete, there is a two 

week time window for finishing the research paper. This is 

followed by the final presentation, which is reserved for the 

final week. 

Contingency plan 
It is yet uncertain if synonym and negating phrases overlap 

enough to annotate simultaneously. In the event of this 

posing a problem for the progression of this study, the 

decision can be made to focus on either synonym or negat-

ing relations in medical texts. Although this is undesirable, 

it will reduce the complexity of the study without changing 

the planning. 

 The Crowd-Watson platform is still under devel-

opment and it is expected that a new version of the plat-

form will be released during this  study. Because the tem-

plates run on this platform, major changes or unavailability 

of the platform can have unforeseen consequences. The 

AMT and CF platforms can be used manually, but might 

require format changes to the templates. 

 Previous experimentation with Amazon Mechani-

cal Turk has shown that annotation tasks take significantly 

more time than on the CrowdFlower platform. Initial re-

sults of the experiment will show if the tasks has returned 

fast enough and if the data is valid. Significant cost or time 

dependency may lead to avoiding that platform. 

CONCLUSION 
With the use of crowdsourcing templates for capturing 

positive and negative synonym phrases in medical texts, we 

hope to increase the effectiveness of cognitive systems such 

as Watson. These cognitive systems can support doctors as 

a medical decision support system in order to make more 

informed an accurate diagnoses. The amount of medical 

data and medical knowledge will only increase in the fu-

ture, creating a more and more complex environment for 

doctors. With this study we hope to aid doctors in that 

development through cognitive systems and decrease the 

frequency of incorrect diagnoses. 
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