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Abstract— All I know is that I know nothing (Socratic 
Ignorance). The world is an increasingly complex with problems 
that require swift resolution. Although knowledge is widely 
available, be it stored in companies’ databases or spread over the 
Internet, humans have intrinsic limitations for handling very 
large volumes of information or keeping track of frequent 
updates in a constantly changing world. Moreover, human 
reasoning is highly intuitive and potentially biased. Decision-
making is often based on rules of thumb instead of systematic 
analysis with full understanding of decisions’ context. 
Computer systems that manage knowledge to thoroughly explore 
the context and the range of alternatives may improve human 
decision-making by making people aware of possible 
misconceptions and biases. Computer systems are also limited in 
their potential usage due to the frame problem. Systems are not 
aware of their ignorance, thus they cannot surplus human 
intelligence, but they may be useful complement to human’s 
intelligence.  
The objective of this paper is to present the AGUIA model 
for amplifying human intelligence, based on agent’s 
technology, for task-oriented contexts. AGUIA uses domain 
ontology and task scripts for handling formal and semiformal 
knowledge bases, thereby helping to systematically (1) 
explore the range of alternatives; (2) interpret the problem 
and the context; and (3) maintain “awareness” of the 
problem.  As for humans, knowledge is a fundamental resource 
for AGUIA performance. AGUIA’s knowledge base keeps 
updating its content, in the background, during interaction with 
humans, either through identified individuals or through 
anonymous mass contribution.  
The feasibility and benefits of AGUIA were demonstrated 
in many different f ields,  such as e n g i n e e r i ng  d e s ig n ,  
f a u l t  d i ag nos i s ,  acc i dent  i nves t i g at i o n and  on l ine  
i n t e r a c t i o n  w i t h  t he  government. The experiments 
considered a set of criteria including: product cost, 
number of explored alternatives, users’ problem 
understanding and users’ awareness of problem context 
changes. Results indicate AGUIA can actually improve 
human problem solving capacity in many different areas. 

Keywords- agents, intelligence amplification, ontology, decision 
support systems, knowledge acquisition, collective intelligence s)

I. INTRODUCTION 

The world has always been complex. However, as 
industries gather mushrooming quantities of data, the Internet 
provides unprecedented access to information, and the 
population explosion drives fierce struggle, people need better 

solutions in less time than usual to handle the complex 
problems of the current competitive world.  

People need information to accomplish tasks. This goal-
oriented view excludes the act of handling information 
randomly or with no specific objective. Carrying out goals 
involves analyzing and choosing alternatives within a range of 
possibilities according to a partial understanding of the world 
and the amount of time available for a decision. This bounded 
rationality [1] model provides the technical framework for the 
decision-making model used in this research. 

Solution alternatives are generated and analyzed in light of 
current world knowledge about a certain domain for 
accomplish specific tasks. This knowledge may be in the form 
of tacit knowledge in the decision makers’ mind, common 
sense knowledge shared by the community or explicit 
knowledge available in norms, standards and regulations. This 
scenario conveys knowledge as a concentrated and synthesized 
resource. However, frequently needed knowledge to solve 
problems is fragmented and scattered throughout many 
experiences, involving different people and reported 
informally. The challenge becomes finding what, who and 
where to gather the needed knowledge to better understand the 
problem, generate alternative, evaluate and choose the best 
move given the circumstances.   

Even with knowledge at hand, humans are up to select bad 
choices whenever the problem space is too complex and big. 
Plans and future projections of human reasoning are subject to 
mistakes and biases. There are numerous factors that lead to 
biased reasoning, among them the following: 

� resistance to exploring new alternatives ; 

� quick decisions based on intuition (heuristics); and 

� generalization based on little experience. 

Normally people do not have time to reflect deeply on each 
choice they make in life either professionally or personally. 
They are trained to react, precluding reflection. This process, 
often not on purpose, may lead to incorrect or thoughtless 
decisions. People’s reflective capacity can be overwritten by 
overconfidence in their own perception, attachment to previous 
decisions that have already demanded their time and optimistic 
minimization of risks in a favored alternative. 
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The field of artificial intelligence has tried for a long time 
to build systems and mechanisms that partially or fully 
reproduce human reasoning [2]. It is far from reaching this 
goal, one that I don’t even consider desirable. However, the 
area’s technological advances can be applied to amplify human 
intelligence; working in partnership with people to reach 
rationally superior solutions by helping them better explore the 
solution space. 

Intelligent systems need knowledge about a domain to 
operate properly. Knowledge is not a static resource that when 
obtained, the job can be considered done.  It keeps evolving 
with time. Moreover, it is rarely the case knowledge is 
concentrated in one place or one mind. Knowledge is dispersed 
throughout companies’ reports and databases, employees’ 
personal documents, or even anonymously spread throughout 
Internet files. Since automatic knowledge acquisition methods 
based on these sources have not been successful [3], the effort 
is now on overcoming this limitation using collective human 
knowledge [4]. This effort can be classified into two 
categories:  

1. explicit knowledge acquisition, for which trained 
identified individuals are either hired or motivated to 
maintain and generate a knowledge base ([5]; [6]), and  

2. implicit knowledge acquisition, for which users provide 
knowledge as a sub-product of another task they want to 
perform ([7]; [8]; [9]). The challenge of acquiring 
knowledge to computer systems from individuals involves 
aligning their interests, especially with regard to time 
allocation, with those of society, which would benefit 
overall from an extensive and updated knowledge base. 
This research addresses this challenge by focusing on the 
psychological aspect of the interaction [10], designing 
incentive mechanisms that encourage individuals to make 
a social contribution by satisfying their immediate 
interests.  

This paper addresses the issue of human reasoning 
limitation dealing with complex problems due to the 
difficulties in perceiving context and exploring the range of 
alternatives.  The focus here is on augmenting human 
reasoning in goal-oriented tasks through specialized agents that 
covers different aspects of reasoning, such as perceiving 
context, evaluating alternatives and learning by doing.  The 
paper presents AGUIA (Agents’ Guidance for hUman 
Intelligence Amplification).  

Next section presents the AGUIA model for amplifying 
human intelligence. It is composed of two basic elements: 
agents that use knowledge to enhance user perception and 
analysis on the range of alternatives; and agents that elicit 
knowledge, in context of problems’ resolution, for updating 
their knowledge base. Knowledge is represented formally in 
pre-specified data structures or semi-formally as in a hypertext 
in which tags are appended as supplementary information to 
initial data structures. Section 3 presents related work. Finally, 
section 4 presents our conclusions, highlighting this work’s 
contributions and limitations, as well as future projects it 
suggests. 

II. AGUIA: AN INTELLIGENCE AMPLIFICATIONMODEL 
BASED ON AGENTS ACTIVE ON DEMAND

The AGUIA model for human intelligence amplification 
integrates users and autonomous agents in the decision making 
process, stressing the best skills of each player. In this setting, 
autonomous agents play the important role of checking 
decisions’ consistency related to norms in play, systematically 
exploring a vast range of alternative solutions, detecting 
changes in the environment and dealing with a great amount of 
information to generate and make a choice. On the other hand, 
humans play a fundamental role of thinking outside the box, 
innovating with creative solutions and visually perceiving 
patterns.

As Figure 1 illustrates, the model presents two types of 
agents: those that uses knowledge (elements inside the “USE” 
rectangle) to assist users to understand the problem and explore 
the range of options to reach better solutions, and those that 
collect knowledge from users to update its knowledge 
(elements inside the “ACQUISITION” rectangle).
Consequently, users are both consumers and producers of 
knowledge that will be organized, stored and made available 
when needed (elements represented inside the “KNOWLDGE” 
rectangle). 
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Figure 1.  AGUIA model for intelligence amplification: knowledge use 
and acquisition. Arrows indicate flow of 
data/information/knowledge. 

As described in Figure 1, AGUIA’s decision assistance 
comes either from “be-aware” agents which role is to check 
changes in the world to let people continuously aware of the 
true context in which a decision will be made, from “SOS” 
agents which role is to assist users to methodically understand 
a problem or “ADD” agents which role is to assist users to 
properly generate and analyze a vast number of alternative 
solutions. These agents are better explained in section 2.A. 

AGUIA’s knowledge maintenance comes from either 
implicit knowledge acquisition agents, built in other 
applications, which collect knowledge as a sub-product of 
users’ interaction with hosted application or from explicit 
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knowledge acquisition agents which directly interacts with 
users to update AGUIA’s knowledge base. These agents are 
better explained in section 2.B. 

The model is based on three assumptions: (1) deeper and 
better investigation of the range of options leads to better 
solutions; (2) the quality of a alternative solution analysis 
depends on the amount of knowledge about the domain and the 
task to be performed (bounded rationality issue [1]); and (3) 
humans have limited capacity to deal with great amount of 
information [11], but computer systems don’t.

A. Agents for exploring the range of options) 
The first type of AGUIA agents is also the most powerful

one for exploring the range of options and perhaps the one that 
best demonstrates AGUIA’s potential assistance augmenting 
human reasoning abilities. ADD (Active Design Document) 
[12] is a decision support agent that starts with a pre-defined 
knowledge domain representation and keep learning from 
interacting with users.  It is meant to work in the background. It 
offers an interesting partnership with users, acting and reacting 
by implicit or explicit demand.  Users perform their task in a 
specific domain being monitored by an ADD agent. While 
ADD agrees with users’ decisions, it considers its knowledge 
matches users’; consequently no interaction is needed. 
Whenever its expectation concerning users’ choices fails, it 
interacts with users to show them either possible flaws on their 
reasoning line or a simple reminder about better non-evaluated 
options. However, it can be wrong, configuring an opportunity 
for learning in context, in which case ADD change its role 
from guide to apprentice. It is also the case users can demand 
ADD to present a first draft of a solution for letting the routine 
part of their job be played by a systematic process, freeing 
users for creating over the draft solution. 

ADD agent directly affects the number of options evaluated 
and, consequently, the quality of the final solution. This type of 
agent provides unsurpassed assistance. Its strength is not the 
solution it provides, but rather the partial solutions that users 
can improve upon, and vice-versa, as well as its ability to test 
user’s provided creative solutions. ADD agent was originally 
designed to help collect and retrieve project decisions 
justifications, the design rationale. However its assistance goes 
beyond the scope of acquiring design rationale. ADD agents 
assist users to rationally explore design space, generating, 
verifying and comparing alternative solutions. ADD has been 
extensively used in many different fields such as mechanic 
engineering design [13] and pipeline layout design [14].
Although extremely useful, ADD agents only operate in areas 
for which there are formalized knowledge representation of the 
task and the domain. 

The second type of AGUIA agent, for supporting human 
decision-making process, focuses on helping users to 
understand the problem, before actually solving it. SOS 
(Sensemaking based on Ontology and Storytelling) [15] agent 
helps users’ reflection over problems guiding their 
interpretation through a storytelling-based script filled with 
domain ontology content. The ontology represents the domain 
dependency of the AGUIA agent, including the concepts that 

need to be explored. The concepts need to be concrete 
information to map users’ refection to the actual problem. The 
storytelling script is domain independent knowledge, 
responsible for defining the cadence of the interaction. For 
example, in accident investigation domain, users may need to 
think about explosions, collision, leaks, employees, 
manufactures, training and so on. These concepts populate the 
domain ontology. On the other hand, the user-AGUIA dialog 
script may be composed of an introductory sequence in which 
facts on the accidents are collected, along with a set of 
hypotheses, followed by evidence collection to reach a proof.  
In this case, the script leads the user to think over the different 
perspectives of a problem, emphasizing reflection whether 
there is enough evidence to reach a conclusion. SOS agents act 
augmenting human perception by asking questions that must be 
answered before people jumping to conclusions. 

The scripts are based on story telling techniques. Domain 
ontology assures users to think about the problem using a 
vocabulary that let them later formalize the problem and the 
solution. Analogously to language processing, the ontology 
provides the vocabulary, while the script supplies the grammar 
formalism to write domain sentences that represent domain 
knowledge.  

Telling stories is also a good opportunity to make 
knowledge explicit. Stories depend on context and on the 
storyteller’s perception of this context. This dependence on the 
speaker’s perception accounts for why a single event can be 
recounted in many different ways. Sometimes important details 
are omitted, or unsubstantiated elements are added to it. Selvin 
and Shum (2008) [16] discuss the role of multimedia tools for 
directing the narrator to tell a story and consequently creating 
an interpretation of the facts in hand.  

Recently, storytelling techniques have been used to 
investigate crimes. Using a reasoning script based on evidence, 
criminal reports are created to shed light on legal cases [17]. 
Storytelling techniques supply abstract scripts that can be 
aligned with specific domain and task concepts. Agents that 
facilitate human reflection using specific scripts for exploring 
and interpreting specific knowledge can enhance people’s
efficiency and awareness. SOS agent is based on previous 
research of using storytelling to assist human sensemaking 
(SM) [18]. SOS agent provides support for understanding tasks 
in domains for which there is no formalized knowledge 
available. Additionally, it can also provide a light guidance for 
users’ brainstorming without the constant check for 
consistency an ADD agent would request. 

Finally, the last type of AGUIA agent implies the one for 
maintaining human awareness, the AGUIA functions as a user 
personalized content search engine. Often people change their 
decisions as soon as they become aware certain premises about 
the world no longer hold. Even though they may know where 
to access that information, time restrictions may prevent them 
from accessing it with the necessary frequency that would 
guarantee they chose what they think it is the best for them. For 
example, if a person is notified of a traffic violation, he will 
probably pay it before the deadline. The time lapse between 
notification and action is extremely important given the 
consequences of not acting. Therefore, users can benefit 
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tremendously from using a “be-aware” AGUIA agent, which 
can continuously verify the status of specific information and 
warn users whenever a change may affect their lives. 

To maintain awareness, the AGUIA agent is entirely 
configured by the users, so the agent’s intelligence lies on 
identifying what information is relevant and when to deliver it.
The “be-aware” agents establish the way an AGUIA agent 
should be built to provide this type of support. The first “be-
aware” AGUIA agent was developed for the domain of 
electronic government.  The “be-aware” AGUIA agent for this 
domain is called e-citizen agent [19] 

e-citizen was motivated by the speedy the government has 
brought citizens’ information available online and sometimes 
just online. Although it is easy to access, users may have 
difficulty locating information that is relevant to them and 
keeping updated to changes that occurs. Do you know if there 
is any traffic ticket in your name? How about income tax 
refunds?  Is anybody using your identity improperly?   

e-Citizen is an internet agent for which users configure 
their interests and the Internet location that it should monitor. It 
continuously checks for changes.  Whenever it understands the 
information script, it also checks for deadlines to warn users on 
time for action. This agent has been used for the Brazilian 
students and it will be shortly open to public use. 

Experiments were conducted with different agent 
architectures, showing its advantages in terms of the timing 
with which information was brought to users’ attention. 

B. Knowledge Amplification Agentss 
Considering that knowledge evolves with time and 

circumstances, it is fundamental to include knowledge 
acquisition agents to maintain AGUIA’s performance. Indeed, 
AGUIA agents augment human reasoning seizing during 
interaction any opportunity to enrich its knowledge. 

Two types of knowledge acquisition were considered: 
explicit acquisition and implicit acquisition. With explicit 
knowledge acquisition, users consciously engage in the process 
of updating AGUIA’s knowledge base. Users’ profits, to 
compensate their effort to feed AGUIA’s knowledge, involve 
either an explicit payment or a perceived gain from a better 
AGUIA assistance. The challenge of explicit knowledge 
acquisition is guaranteeing knowledge reliability. 
Consequently, it is expected users be identified and 
accountable for the changes included.  

Knowledge acquisition is more problematic whenever 
information is contributed anonymously. This requires 
incentive mechanisms that align individual interests with those 
of the community. The objectives are (1) to encourage honest 
contributions from knowledgeable people (maven) and (2) to 
discourage the participation of unqualified people or those 
motivated only by their compensation. 

AGUIA assistance agents must start with an initial 
knowledge base, built by domain experts, from which other 
agents can expand upon. The most effective AGUIA 
knowledge acquisition agent is ADD that learns while helping 

users in the same domain. Knowledge is represented as 
parametric models. Inferences are drawn from generating, 
evaluating and selecting alternative values for problem 
parameters. The user directly manipulates ADD knowledge 
base in the context of a problem resolution setting.  As said 
previously, ADD is used to propose partial or total solution as 
well as for checking human decisions. ADD follows human 
decision-making process creating at every task an expectation 
of the best choice in a given context. AGUIA evaluates the 
user’s selected option and may compare this option with 
AGUIA’s preferred ones. However, if it cannot reconstruct that
option, it identifies an imbalance between what the ADD 
knowledge base and the user’s knowledge. This contextualized 
learning opportunity allows users with little training to change 
the system’s knowledge base and proceed, amplifying the 
established model. 

Explicit approaches to knowledge acquisition are efficient 
when they involve qualified contributors, like with the CYC 
[5](this acronym comes from encyclopedia) and ADD, 
especially with regards to the quality of the knowledge 
collected. However, their capacity to recruit large volumes of 
knowledge is limited. The open source approach, on the other 
hand, suggested in the Open Mind project [20], is even more 
limited: the knowledge it acquires may or may not be reliable. 

The volume and reliability limitations demand solutions for 
collecting knowledge from a large number of people who are 
included indiscriminately, but are induced to contribute 
truthfully. Cash payment is always an effective measure for 
increasing the volume of collected information. However, 
quality and truthfulness, frequently, become compromised. 
This issue was addressed in AGUIA’s knowledge agent 
designing a mechanism, called HYRIWIG (How You Rate 
Influences What You Get) mechanism [21], which associates 
the awards with the truthfulness of collected information.

HYRIWYG agent was evaluated working in conjunction 
with product recommendation systems (RS), specifically with 
collaborative filtering RS [22]. According to collaborative 
filtering RS, a product is suggested to a specific person based 
on the way similar people evaluate that product. The central 
issue is to define the metric for defining similarity between 
users. Collaborative filtering calculates similarity based on the 
way people differ or match their evaluation on products and 
information. Predict the evaluation of a new product to a user, 
essential for a RS, is to adjust the evaluation of the product 
done by similar users. The method requires the generation of a 
distance matrix between users. Recommendations are as good
as the quality of the collected evaluations. In general, the 
product evaluation data is insufficient because new products 
and new people are always emerging. Consequently the 
evaluation matrix is in general sparse. This problem is so 
central to the recommender systems that in 2009 a major film 
rental company (NetFlix) offered a $1 million award to those 
who could find an algorithm that improved suggestion quality 
by 10%. The competition focused on search algorithms, 
considering the recommendation database to be correct. 
HYRIWIG addresses the issue of data quality to generate better 
recommendation.  
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HYRIWIG agent offers awards to people contribution. 
Nonetheless, it indexes the award to the truthfulness of the 
contribution. For doing that, HYRIWIG’s award is from the 
same set of products being evaluated. Actually, users provide 
products’ evaluation to feed RS database and get a reward. 
Users’ reward comes from a suggestion generated by that same 
RS for which they provided products’ evaluations. Hence, 
contributors pay the consequences of entering incorrect 
recommendations by being awarded with undesirable 
recommended by the RS they supposedly help improve. This 
incentive strategy prevents false contributions caused by greed 
contributors, but not from people with hidden agenda such as 
improving sales of their own product. 

Besides explicit knowledge acquisition, there are implicit 
knowledge acquisition methods. The central idea is to find 
opportunities for subliminally eliciting knowledge from users 
while they are doing other activities. 

Many confidential services are accessible online, for 
example banking information, requesting secure systems to 
protect confidential information. The goal of these systems is 
to discriminate computer systems from human users for 
minimizing malicious access to confidential information.  

Password checking is considered a fragile method, because 
illicit access can be gained through trial and error. An effective 
approach, broadly used, for verifying user identity is 
CAPTCHA (Completely Automated Public Turing test to tell 
Computers and Humans Apart) [23], based on the concepts of 
the Turing test [24]. This test, developed in 1950, determines if 
a system is intelligent based on it performance when carrying 
out a specific task like a human.  

Consider a group of observers that interact with two agents, 
one human and the other computational. The interaction is 
carried out exclusively through text messages in a specific 
domain. When interaction is concluded, if the evaluators are 
unable to distinguish between the human and the computational 
agent, the computer agent is considered intelligent. With 
CAPTCHA, the aim is to establish a task that exaggerates this 
difference because it is worth noting the differences to be able 
to eliminate computer attempts to access confidential 
information. Furthermore, the task must be easy enough to 
impose little challenge for the human task achievement, in this 
case accessing desired information bases. 

This extra effort, doing a task to prove to be human to 
subsequently access a database, can be channeled so that access 
is secured and, at the same time, people provide information 
and knowledge (non-processable symbols) for improving 
AGUIA’s knowledge base. Since users have interest in
accessing the base, they are not likely to provide false 
information, under penalty of exerting even more effort. 
AGUIA takes advantage of scenarios in which users need to 
devote extra effort to achieve their goals, channeling this extra 
effort to useful activities such as to implicitly acquire 
knowledge for AGUIA base. KA-CAPTCHA [25] is an 
AGUIA agent that implements the idea of implicit knowledge 
acquisition, collecting semantics for images, which eventually 
improve image retrieval in search engines. 

In general, CAPTCHAs generate tests by retrieving data 
from a public base and distorting the image. The KA-
CAPTCHA retrieves data from public bases that are 
semantically poor. The KA-CAPTCHA requires a domain 
ontology to classify knowledge collected from users that will 
correspond to the CAPTCHA database schema. 

III. RELATED WORK

As discussed throughout the text, amplification of human 
intelligence is seen here as an improvement in the process of 
choosing alternatives in goal oriented tasks. 

Some researchers believe human intelligence can only be 
amplified by breaking the existing reasoning paradigm and, 
thereby, changing the brain’s physical structure itself. The 
studies with this assumption are in their very early stages, and 
in large part require invasive tests [26]; these studies lean 
toward manipulation of brainwaves. 

However, we can amplify human reasoning capacity 
without having to change the brain’s physical structure. In this 
sense, users benefit greatly from knowledge manipulation and 
extraction and systematic examination of the range of 
possibilities. 

AGUIA, as illustrated in Table 1, can be compared to many 
techniques such as decision-support system [27], RS and 
argumentation-support systems [28]. Although AGUIA offers 
alternative analysis and evaluation as any decision-support 
system, it also comprises problem and context sensemaking as 
well as context monitoring. Additionally, AGUIA includes 
agents for its knowledge maintenance.  

TABLE I. AGUIA AND RELATED APPROACHES. 

Approach
Alternative 
evaluation

Sensemaking Awareness
Knowledge 
Amplification

Argumentation 
systems

� �

Recommender 
systems

�

Decision 
support systems

�

AGUIA � � � �

Recommender systems can be seen as decision support 
systems specifically targeting product suggestion. RSs warrant 
special note due to their suggestion precision and their growing 
popularity. It can also be compared with argumentation 
systems designed to organize the decision making process in an 
individual or group argumentation system. This organization 
allows ideas to be structured. 

However, AGUIA is broader than a decision support 
system, largely distinguished by its active work in partnership 
with people, and not passive work substituting human 
reasoning. It not only offers solutions, but it leads users to 
solutions, at the same time it allows users to amplify 
computational knowledge. This is perhaps the greatest 
difference: embedding knowledge acquisition in its processes. 
Even an AGUIA that manipulates formalized knowledge has 
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an incremental and contextualized knowledge acquisition 
mechanism [29]. The AGUIA considers all assistance targets, 
from manipulating large volumes of data to navigating online 
information. Users add content over a span of time and activity. 
Users also organize content by identifying labels that index the 
information. This organization provides search engines more 
efficient access. Knowledge Production and Use are combined 
in the same platform.  

AGUIA agents’ performance depends strongly on the 
existence of domain ontology.  Other applications also take 
advantage of an explicit knowledge representation to improve 
performance providing better options to users.  

The Semantic Web [30] is designed to allow computer 
systems to process existing content more effectively. In this 
regard, the Semantic Web means enriching content connections 
using domain ontology to help computer agents find the 
desired result, in contrast to blind navigation. The Semantic 
Web allows agents to be more active in helping people conduct 
searches. 

Examples of applications that use the Semantic Web are 
Swoogle [31] and BING [32]. Swoogle searches the structured 
content in an ontology, e.g., OWL (Web Ontology Language) 
data [34]. This improves computer agents’ ability to 
manipulate and locate the knowledge sought. 

BING [33] is Microsoft’s new search engine, which 
operates on the Semantic Web and is designed especially for 
indexing and searching for images and videos. It is marketed as 
a decision support engine, and it outperforms traditional visual 
and video search engines. Results are organized based on a 
logical concepts’ taxonomy, which should expand human 
perception about what is sought. The AGUIA operates 
similarly when it provides its suggestions using domain 
ontology as an information layer schema over which results are 
presented in an organized form. 

IV. CONCLUSION

intelligence in problem solving. Partnerships between 
computer agents and people result in better solutions, with 
lower costs, less time spent on task completion and higher final 
solution quality. This partnership allows humans to learn and 
computer agents to expand their knowledge bases. 

This paper proposed a model for amplifying human 
intelligence, called AGUIA. It investigated the viability, costs 
and benefits of building AGUIA agents for amplifying human 
intelligence in many different tasks. Concrete studies were 
conducted involving engineering designs, fault diagnosis, 
accident investigation and electronic interaction with the 
government. The main results were reported herein, in addition 
to the study’s conclusions.

Active intelligent agents that manipulate and acquire 
knowledge can enhance: 

� perception of the context and the problem (H1) 

� better examination of more options (H2) 

� continuous perception of environment changes (H3)  

� human intelligence augmentation, meaning human 
capacity to make better decisions (H4). 

As the Table 2 shows, each AGUIA agent demonstrates 
efficiency in offsetting human deficiencies, emphasizing: 

1) AGUIA agents for human intelligence amplification in 
goal-oriented tasks include: 

� SOS to increase problem understanding and 
perception; 

� ADD to improve solution generation and analysis 
of options during decision-making; 

� Be-aware to monitor problem context changes; 

2) AGUIA agents for their knowledge maintenance; 
� ADD to amplify formal models; 

� HYRIWIG for explicit anonymous knowledge 
acquisition; and 

� KA-CAPTCHA to implicitly acquire bits of 
knowledge from large populations. 

TABLE II. AGUIA EVALUATION. 

Hypotheses ADD SOS Be-aware HYRIWYG KA-CAPTCHA

H1 � � �

H2 �

H3 �

H4 � � � � �

Domains for which consolidated knowledge exists benefit 
from formal models of knowledge use and acquisition, like 
ADD agents. However, its dependence on having an initial 
knowledge model limits the scope of its application. Therefore, 
it is necessary to expand the AGUIA model to help create an 
initial base of formalized models. ADD’s agents working in 
partnership with humans enhances their efficiency. Its 
application is limited to domains with existing knowledge can 
be formalized, which means mature, stable domains. Moreover, 
it depends on an initial model to operate. There is a bottleneck 
in the building of these models before the use of ADD agents 
can become widespread. 

Many domains do not yet have the necessary maturity to 
create a formal model to represent knowledge for them. 
However, there are knowledge fragments that can be organized 
and formalized. In this regard, mechanisms are needed for 
interaction between agents and individuals to help structure 
increasingly formalized knowledge.. 

We are studying the creation and consolidation of 
knowledge in communities of practice. Contributions are not 
anonymous and there is a sense of ownership concerning them. 
This should strengthen the reliability of the information 
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collected. However, the information is represented in a semi-
organized way based on preexisting metadata. The bottleneck 
concerns conception of the metadata. We are developing an 
AGUIA, called Onto, for acquiring metadata in the form of 
domain ontologies. Communities discuss and propose concepts 
that represent a given domain. This ontology serves as a base 
that the community subsequently fills in with cases and content 
concerning these concepts. 

Lastly, it is worth noting that sometimes no knowledge is 
available, but collective intelligence can be built of small 
fragments of information dispersed throughout a community. 
Numerous efforts, albeit in their early stages, are moving in 
this direction [34]. Creating means to direct these efforts could 
help create an AGUIA that generates creative solutions from 
the collective intelligence. In this sense, the AGUIA will 
function as a knowledge catalyst to solve problems that do not 
yet have solutions. 
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