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ABSTRACT1 

In the last years, the concept of Cognitive Smart City (CSC) 

emerged from the convergence of the Internet of Things, big data, 

smart city technologies, and artificial intelligence techniques. At 

the same time, computational argumentation has consolidated itself 

as a vibrant area in Artificial Intelligence (AI) which has 

engineered different approaches to reflect aspects of how humans 

build, exchange and analyze arguments in their daily lives, mainly 

to deal with controversial or inconsistent information. Thus, 

computational argumentation provides a valuable metaphor for 

reasoning on top of available data in order to draw conclusions and 

offer explanations for them. This paper discusses a first approach 

towards integrating computational argumentation in a layered 

model for cognitive cities, where the bottom layers comprise raw 

data collected from sensor, actuators and other artifacts deployed in 

the context of a smart city, and argumentation provides high-level 

intelligence abilities. We show how our approach can be paired 

with a layered model for computational argumentation.  To 

illustrate our proposal, we analyze a case study, based on the 

DECIDE 2.0 framework.  

CCS CONCEPTS 

Knowledge Representation → Artificial Intelligence → Cognitive 

Cities → E-government services 
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1. INTRODUCTION AND MOTIVATION 

In the last years, Cognitive Smart Cities (CSC) emerged by the 

convergence of the Internet of Things, big data, smart city 

technologies and AI techniques. From the CSC perspective one key 

challenge is the necessity of novel approaches capable of extracting 

knowledge from the big data generated from smart cities’ sensors 

[1]. Indeed, not only a new generation of AI strategies are needed 

but also a human-centered viewpoint with end-user cognition 

reinforced by cognitive services as a goal. In this setting, one 

central problem is the requirement of a new generation of 

explainable AI systems capable of naturally interacting with 

humans, thus providing comprehensible explanations and 

awareness of automatically made decisions [2]. Indeed, 

explainability serves as a means to justify beliefs, reinforce them 

and enhance their perceived value. Besides, it enables people to 

diagnose situations, predict or anticipate the future, justify 

decisions or actions. Explainability also enables people to notice 

apparent inconsistencies and to restore consistency between their 

mental models and reality.  

 Computational argumentation (argumentation) is a critical 

aspect of decision making. In any argumentation process first, a 
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construction of arguments supporting and against a statement is 

made. Second, the set of warranted (acceptable) arguments is 

defined, and finally, it is decided whether the statement can be 

ultimately accepted or not. In the last decade, different 

computational models were proposed, from pure Argumentation 

Systems [3] that provide automatic calculus of arguments to more 

user-oriented tools called Argument Assistant Systems where the 

goal is to assist the user in the process of arguing, rather than to 

perform complex reasoning tasks [4]. In between, Hybrid 

Argumentation Systems (HAS) [5] [6] combine the above two 

approaches providing software tools for creating, drafting, 

calculating and analyzing arguments. 

This paper discusses a first approach towards integrating 

computational argumentation in a layered model for cognitive 

cities, where the bottom layers provide raw data collected from 

sensors, actuators and other artifacts deployed in the context of a 

smart city, and argumentation provides the high-level intelligence 

abilities. Starting from big data collected by city sensors, HAS are 

proposed as scalable vehicles that support decision making related 

to rejection or acceptance of premises that underline vast cognitive 

services responses including awareness of the performed process.  

By expanding current layered models with computational 

approaches that emphasize explainability and rational support for 

decision making, our final goal is to reinforce a citizen-centered 

viewpoint that enhances awareness, understandable cognitive 

services and justified services discovery for CSC.   

The rest of this paper is structured as follows. Section 2 

introduces some background. Section 3 explains the research 

framework; while Section 4 presents the case study. Finally, 

Section 5 discusses the preliminary findings and Section 6 

summarizes conclusions and future work. 

2. BACKGROUND 

Smart cities are able to provide services that benefit from the 

city-scale deployment of sensors, actuators and smart objects [7].  

Such services are driven by data, and consequently, they can be 

broadly classified as producers of data, consumers of data or a 

combination of both. As pointed out in [1], in a city-scale 

deployment of smart services data is generated at very high rates, 

presenting new challenges for smart city designers and developers.  

Fig. 1 (following the diagram originally presented in [1]) illustrates 

the challenges for data management of big data (represented by the 

3 V’s, volume, variety and velocity) and the challenges emerging 

from machine learning techniques.  

As the authors point out [1], in smart city ecosystems there are 

several features that can be considered from a machine learning 

perspective: a) humans need to interact with the system to provide 

their feedback; b) sensors and smart devices generate data at high 

rate, so that the system should be able to learn and improve from 

experience; c) a continuous learning mechanism is needed, as smart 

city applications might evolve over time; d) the data generated by 

smart city apps is noisy or has some degree of uncertainty.  

In [1] the authors point out a number of challenges and future 

directions, including fast streaming data analytics and context 

awareness. While smart cities can enormously benefit from 

machine learning, we contend that this approach alone, in its 

current state, has an important limitation when providing cognitive 

services and service discovery: lack of explainability. AI has indeed 

become ubiquitous in society, providing implicit assessment in 

complex decision making (e.g. movie recommendations in Netflix 

or tailored advertisement in Google search result pages). However, 

in many settings in the context of e-government (e.g. e-health 

medical diagnoses, citizen engagement, tailored smart services, 

etc.), most AI algorithms suffer from opacity (i.e., they are like 

black boxes - it means that is difficult or impossible to get insight 

into their internal work mechanism). Consequently, entrusting 

decisions to such kinds of algorithms raises a number of dangers 

and ethical questions (see discussion in Section 6). As surveyed in 

[8], an important amount of scientific research in AI is moving from 

a “black box” metaphor (associated with several machine learning 

algorithms such as neural networks and Bayesian belief networks, 

among others) into a new paradigm called Explainable Artificial 

Intelligence (XAI) [9].  The ultimate aim is to provide more 

explainable and transparent AI models while maintaining high-

level accuracy.  

 

Fig. 1: Challenges of smart cities from a machine learning 

perspective (adapted from [1]) 

It must be remarked that XAI has gained momentum in AI from 

2016 onwards [8]. On the one hand, the academic community in AI 

created the so-called FAT* conferences [10] (standing for fairness, 

accountability and transparency), which bring together AI 

researchers and practitioners interested in promoting and enabling 

these features in algorithmic decision making in socio-technical 

systems. On the other hand, DARPA (Defense Advanced Research 

Projects Agency, USA) launched its XAI program in 2017, which 

includes several projects running until 2021 and aims at developing 

new techniques capable of making intelligent decision systems 

more explainable [11].  
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Explainability and transparency are not central concerns of the 

AI community only.  Even though the term CSC is not mentioned 

explicitly, the United Nation Sustainable Development Goals 

(SDG) for 2015–2030 includes the urban goal: “inclusive, safe, 

resilient, and sustainable cities” [12]. In concordance, urban 

governance faces a wide range of challenges: they need to produce 

wealth and innovation but also protect the environment and ensure 

sustainability. Governing a smart city (and consequently a CSC) is 

about crafting new forms of human collaboration through the use 

of information and communication technologies [13][30].  In this 

context, the absence of an underlying formal model makes it hard 

to provide citizens with a comprehensible and clear explanation of 

the factors and procedures that led cognitive services to come up 

with a particular decision or action. 

3. RESEARCH FRAMEWORK 

In this article, we advocate that computational argumentation 

offers the proper metaphor for achieving the above goal. As stated 

in [14], argumentation is an important cognitive capacity that 

allows us to handle conflicting beliefs, assumptions, viewpoints, 

opinions, goals and many other kinds of mental attitudes.  

Argumentation is essential when interacting with other people in a 

cooperative or competitive fashion to reach a final agreement, or 

when defending or promoting an individual position. 

Computational argumentation has a long-standing tradition in 

Artificial Intelligence [3]. In general terms, an argument is a 

tentative (defeasible) proof for reaching a conclusion. Arguments 

may compete, rebutting each other, so a process of argumentation 

is a natural result of the search for arguments. Adjudication of 

competing arguments must be performed, comparing arguments in 

order to determine what beliefs are ultimately accepted as 

warranted or justified. Preference among conflicting arguments is 

defined in terms of a preference criterion. It is difficult to provide a 

single reference scheme to characterize computational 

argumentation. However, some layers can be regarded as basic 

building blocks for the construction of an argumentation model 

[15]. Five main layers can be identified, as shown in Fig. 2: 

structural, relational, dialogical, assessment and rhetorical. Next, 

we will briefly summarize their main features. 

o Structural layer - it concerns the structure of arguments and 

how they are built. In other words, how an argument looks like, 

in terms of its internal structure. When using a logical language 

and a knowledge base, an argument can be given by a set of 

formulae and inference rules leading to a conclusion. When 

using argumentation schemes (i.e. stereotypical reasoning 

patterns), a set of premises and a claim are given along with a 

set of critical questions (i.e., issues that can be raised to 

challenge arguments built on the basis of a particular schema). 

o Relational layer - arguments are by nature defeasible, which 

means that they might be attacked by other better arguments. 

When considering conflict among arguments, different possible 

preference criteria emerge (e.g. the most specific argument is 

preferred over others). The relational layer concerns the 

interplay in these relationships. 

 

Fig. 2: Key aspects from argumentation (adapted from [15]) 

 

o Dialogical layer - Arguments can be seen as reasoning pieces 

that can be exchanged in dialogues (as done by human beings 

when discussing a particular issue). In the case of 

argumentation, software agents might engage in the exchange 

of arguments for a variety of purposes, like inquiry, negotiation, 

deliberation and persuasion. The dialogical layer characterizes 

possible protocols to follow for such an exchange. 

o Assessment layer - once all possible arguments under 

consideration are on the dialogical arena, acceptability issues 

come into play. In this stage of the argumentation process, some 

arguments will be ultimately accepted (so-called warranted 

arguments), whereas others will be deemed as rejected or 

undecided. In the end, the outcome of this layer accounts to 

determine what to believe or what to do, considering all 

arguments involved. 

o Rhetorical layer - usually argumentation is undertaken in a 

specific context of goals. Thus, if the argumentation process 

aims at persuading some other agent to do something, it is 

possible to provide rhetorical considerations to address a 

specific audience or stakeholders.  This final layer might be 

absent in some contexts, or implicitly defined along the 

argumentation process as a whole.  

Our proposal consists in mapping the fourth layer (“High-level 

intelligence and analytics”) proposed in [1] into a “Computational 

argumentation” layer, where the elements from the previous layers 

are to be understood as the input from which argumentation and 

machine learning processes can be carried out.   The intended role 

of this layer is to provide high-level intelligent decision making 

based on the integration of machine learning and argument-based 

components, as shown in Fig. 3.  

As in the original idea in [1], we consider the same first two 

layers (sensors, and other artifacts, as a source for collecting big 

data) along with a “Data Analytics” layer in order to provide an 

efficient sampling of available information and data reuse.  At this 

point we would like to stress the importance of getting “labeled 
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information items” as a result, which provide the background for 

carrying out machine learning and argumentation processes.  In 

fact, a common element along different knowledge representations 

and knowledge exchange formats is the notion of label (e.g. the 

hashtag in Twitter for marking an information item, the @ sign to 

identify a user, some special command to identify provenance when 

dealing with machines in the context of Internet of Things, etc.). 

Indeed, big data deals with millions of data items that need to be 

analyzed in order to detect relevant patterns. This accounts for high 

volumes of low-density, unstructured data, such as Twitter data 

feeds, clickstreams on a webpage or a mobile app, or real-time 

sensor information from a particular equipment.  Such labels 

provide the information needed to obtain accurate machine learning 

models for big data analytics in the context of a smart city’s 

infrastructure.  

 

 

Fig. 3: Proposed architecture for providing smart services 

based on computational argumentation 

Nevertheless, as stated before, we contend that machine learning 

models alone for big data analytics fall short because of their 

opacity and limited capacity to enable explainability in AI-powered 

systems.  To this end, we propose that the high-level intelligence 

obtained from labeled information items should be characterized 

through machine learning models integrated with computational 

argumentation.  Such integration is naturally a complex issue, but 

recent research is aiming in this direction (see e.g. [16] [17] [18]). 

The integration of machine learning models and argumentation 

should provide a better way to explain underlying reasoning 

processes, enhancing transparency, accountability and fairness. 

Decisions from such a high-level intelligence backed by arguments 

would contribute to harnessing smart services with XAI, aiming at 

providing a more responsible AI for the different stakeholders 

involved (decision makers, citizens in general, etc.).  

 

 

4. RESULTS AND APPLICATIONS. DECIDE 

2.0 AS A CASE STUDY 

In this section we take a framework developed by the authors 

called DECIDE 2.0, illustrating how to recast the different 

components involved in the context of our proposal. Electronic 

Empowerment Participation captures a novel perspective on e-

Participation [19]. In particular, [20] discuss E2 participation, 

where collective thinking patterns can be identified under the 

generic form of “arguments”, being contrasted automatically, 

enhancing thus the abilities of the different stakeholders to engage 

in creative participatory processes. The underlying machinery that 

makes DECIDE 2.0 possible is given by agreement technologies 

[3], a metaphor that integrates several aspects from database theory, 

artificial intelligence, multi-agent systems and social 

infrastructures. 

    DECIDE 2.0 [21] integrates argumentation technologies and 

context-based search for intelligent processing of citizens’ opinion 

in social media. The framework relies on text mining and opinion 

mining techniques to filter noise and detect main topics being 

discussed by citizens in social media. Recognizing that the use of 

such techniques is not a common government practice, the main 

contribution of DECIDE 2.0 is to provide an automated tool for 

extracting arguments based on citizens’ opinions. The framework 

is intended for assessing and confronting pro and con arguments to 

be used by policy makers and government officials as inputs in 

decision making. DECIDE 2.0 combines context-based search and 

argumentation in a collaborative system for managing (retrieving 

and publishing) service- and policy-related information in social 

media tools used by governments (for an in-depth analysis of this 

framework, the reader is referred to [21]). 

 

Fig. 4: The DECIDE 2.0 framework 

A simplified version of the DECIDE 2.0 architecture is shown 

in Fig. 4.  The architecture comprises different components: a) 

Opinion Extraction Module –based on data provided by social 

media, extracts citizens’ opinions on a given theme using context-

based search, produces formal predicates, and stores opinions and 
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predicates in a knowledge base. It must be remarked that for our 

analysis we relied on a) Twitter comments posted by citizens (left 

bottom in Fig. 4)  associated with a particular context  or topic; b) 

Argument Computation Module –takes the collected opinions and 

models them as arguments; c) Argument-based Decision Making 

Module –based on the generated knowledge base, the component 

selects predicates on a given theme; d) Global Assessment 

Generator –based on the results of the previous stage, arguments 

are classified into pro and con and are consolidated into a global 

assessment of citizens’ opinion on a given theme. The outcome of 

this assessment is provided to government officials (right bottom in 

Fig. 4) which can make use of the results to recognize collective 

thinking patterns. By being able to analyze opinions from mass 

deliberations of citizens, policy makers can define priorities and 

better address existing citizenry’s concerns.   

Fig. 5 illustrates how the different components of the DECIDE 

2.0 framework can be mapped onto the different layers in the 

proposed architecture integrating computational argumentation. It 

must be remarked that a subset of DECIDE 2.0 was adopted by 

Mismatica Ltd. and used in the development of a prototype app for 

city management [22].  In the analysis that follows, we will focus 

on the model using Twitter information as a basis.   

 

Fig. 5: Conceptualization of the DECIDE 2.0 framework for 

processing citizen opinion from Twitter under the proposed 

architecture. 

On the bottom layer we have sensors or other artefacts 

collecting data, e.g. information provided via Twitter from citizens’ 

mobile phones and computers. This input provides the collection of 

big data which constitutes the citizens’ database used in DECIDE 

2.0 for performing the argumentation process.  The computational 

argumentation layer, in the case of DECIDE 2.0, involves 

intelligent information retrieval (in order to collect tweets related 

to a particular topic or context) to build a model representing 

collective thinking patterns using sentiment analysis. This model is 

represented as an “opinion tree”, a hierarchical structure that can be 

incrementally constructed by analyzing the prevailing sentiments 

(positive, negative or neutral) associated with different aspects of 

the topic under analysis. Along with that approach, argumentation 

comes into play as a way of contrasting alternative positions, where 

more specific information is being used (see Example below).  In 

this particular approach arguments in an opinion tree are just set of 

tweets referring to a particular topic, whereas the structural 

relationship among arguments is given by indicating more specific 

attacks (which are in conflict with a particular argument at issue). 

The dialogical and assessment layers provide a global view of all 

the arguments involved in the process, which are finally presented 

to the government officials. 

    Consider as an example the following scenario: the traffic 

management department in a municipality is planning to deliver a 

project to reconfigure a road junction. The municipality uses its 

official Twitter account to announce the first stage in this project as 

follows: 

   

Traffic light controls will be introduced on Stafford Avenue and Goldsmith 

Street in an effort to improve road safety #StaffordGoldsmith 

 

The announcement prompted immediate and mixed reactions from 

the citizens. While some welcome the initiative others argue against 

it.  Some examples of tweets posted by the citizens in response to 

the announcement are the following:  

 

When divers see a green light at #StaffordGoldsmith, will they be watching 

the road? They will probably be watching the light when your grandmother 

or son crosses the street       Commonsense is better than traffic lights  

 

Expect very long delays soon at #StaffordGoldsmith, especially if you are 

going towards downtown during rush hours 

 

Another good initiative from our municipality. Soon we will be 

able to drive more safely #StaffordGoldsmith 

 

Are you planning to stop on the red light at 3am in this unsafe 

neighborhood??? I’d rather be ticketed than robbed!!!  #StaffordGoldsmith 

 

The traffic light control at #StaffordGoldsmith is ok as long as it is a smart 

one! 

 

An analysis based on sentiment analysis on the set of tweets 

containing the hashtag #StaffordGoldsmith gives as a result the 

opinion tree shown in Fig. 6.  The algorithmic procedure for 

building an opinion tree based on a collection of tweets is described 

in detail in [23]. 

The resulting opinion tree sheds light on collective thinking 

patterns regarding the announced initiative. It is possible to see that 

the general opinion about this project is mixed (marked with “=” 

on the root node of the opinion tree). However, when different 

aspects associated with the initiative are analyzed, different stands 

arise in favor and against the project. In particular, several tweets 

refer to the fact that traffic lights will favor safety (marked as “+” 

on the nodes labeled safety and drivers). However, others argue that 

traffic lights are not necessarily safe for pedestrians, unless the new 

traffic light control system is equipped with pedestrian traffic lights 

(marked as “-” on the node labeled pedestrians). Others will argue 

that although traffic lights tend to improve drivers’ safety, it won’t 
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be safe to stop at that particular junction late at night because the 

neighborhood is not safe (marked as “-” on the node labeled unsafe 

neighborhood). Another set of tweets claim that rather than 

improving traffic flow, traffic lights produce delays and more 

congestion (marked as “-” on the node labeled delays), but some 

also mention that delays could be significantly reduced if a smart 

traffic light control system is implemented (marked as “+” on the 

node marked as smart traffic lights). The discussion could go 

further, including claims such as the fact that idling cars are a major 

source of greenhouse emission and other statements in favor or 

against the initiative. 

 

Figure 6: Opinion tree associated with the announcement 

made by the traffic management department concerning the 

implementation of a traffic light control system at the   

Stafford Avenue and Goldsmith Street junction. 

By producing a structured global assessment of citizens’ 

opinions in the form of an opinion tree, the DECIDE 2.0 system 

empowers the traffic management department to reach a more 

informed decision regarding the initiative. After analyzing the 

collective arguments in favor of and against the traffic lights 

proposal, they decide to advance with the project with the following 

provisions: 

o The traffic lights control system will be equipped with 

pedestrian traffic lights. 

o The system will be outfitted with cameras, motion sensors and 

artificial intelligence software to reduce vehicle idling time, 

thus avoiding unnecessary delays and greenhouse gas emission. 

o The traffic lights will switch to flashing yellow between 10pm 

and 6am to reduce risks for drivers of being victims of crime. 

5.  RELATED WORK AND DISCUSSION 

As mentioned in [11], there is an urgent need to find ways to 

explain AI system’s predictions to the decision makers so that they 

know that their decisions are reasonable (simply invoking a 

neurological metaphor might not be sufficient). The goals of 

explanation involve persuasion, but that comes only as a 

consequence of understanding how the AI system works, the 

mistakes the system can make, and the safety measures for it. 

Indeed, governments and citizens are expressing concern about the 

emerging "black box society" [24].  New laws –as the European 

Union’s General Data Protection Regulation 

(EU) 2016/679 (GDPR) regarding citizen data protection and 

privacy– prohibit "automatic processing" unless user's rights are 

safeguarded. Users have a "right to an explanation" concerning 

algorithm-created decisions that are based on personal information, 

thus restricting and banning a considerable set of AI systems [25].  

In accordance, [26] presents an up to date review about 

explanations in AI. Authors distinguish between machine-

interpretable models and human-interpretable models, as well as 

between explanation and justification. Various kinds of AI systems 

were included, and two main branches of current research were 

differentiated: interpretable models, and prediction interpretation 

and justification. In [27] it is argued that interpretability is 

multidimensional. Some possible dimensions include: 

explainability, accountability, fairness, transparency, and 

functionality. In particular, [27] considers as a key challenge the 

need to rationalize, justify, and understand systems and users’ 

confidence in their results.   

To cope with the above scenario, this paper proposes a 

characterization of CSC cognitive services through computational 

argumentation.  As can be seen in Fig. 3, the novel approach aims 

at providing citizens and policy makers with graphical argument-

based information that justifies claims. In this way, the evolution of 

current smart services into cognitive services that grant awareness 

and transparency about the decision making process they perform 

is enhanced. Besides, collective argumentation issues are 

considered, as it is possible to go beyond the individual interaction 

of a particular citizen with a cognitive service [28]. Indeed, by 

means of the sampling and data recycling-labeling process, the 

capability of the Computational Argumentation layout of Fig. 3 not 

only provides a solution to a single end-user but also allows to offer 

explainable cognitive services to a target audience.  As an example, 

the conceptualization of the DECIDE 2.0 framework (see Fig. 5) 

describes how to treat collective citizen opinions related to a topic.    

6. CONCLUSIONS AND FUTURE WORK 

CSC are clearly paving the way for a new conceptualization of 

smart cities, in which computational intelligence, big data, and 

several technologies converge to offer smart services and tools. As 

we have discussed in this paper, machine learning alone does not 

provide the proper insight for conceptualizing many aspects 

involved in intelligent decision making (particularly those related 

to explainability issues). In this respect, computational 

argumentation proves to be a powerful complement for combining 

the best of both worlds, allowing to identify different perspectives 

based upon big data from different sensors, while at the same time 

providing a rational procedure for contrasting alternative 

perspectives in which there might be potentially inconsistent or 

incomplete information.  We have outlined an approach for 

integrating argumentation into the layered model for CSC proposed 

in [1], and shown how a particular case study (the DECIDE 2.0 

framework) can be seen as a particular instance of this approach. 

https://eur-lex.europa.eu/eli/reg/2016/679/oj
https://en.wikipedia.org/wiki/Data_protection
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Part of our future work is focused on enhancing a full-fledged 

framework for integrating computational argumentation in CSC. 

This involves considering specific issues related to context-based 

reasoning and preference among arguments (i.e. different contexts 

give rise to different kinds of argumentation, using different 

preference orders). Besides, the problem of the knowledge 

acquisition bottleneck described in [15] should be considered. 

Indeed, automatic translations are needed between forms in which 

the citizen knowledge is usually expressed, e.g., natural language, 

and forms that can be automatically processed by computational 

argumentation, especially in the smart services layout of our 

proposal. In particular, complementing traditional visualization 

techniques for argument-based computation (usually tree-shaped 

schemes such as the one shown in Fig. 6) with their associated 

explanations in natural language would be a major advance to 

enhance explainability. Some alternatives as the one reported in 

[29] are being explored.  

Another key challenge for the applicability of our layered model 

is the evaluation of the justified claims (see Figure 3). Indeed, 

suppose the goal is to have a human-centered viewpoint with end-

user cognition reinforced by cognitive services. Looking for 

explainability implies further justifying claims, by addressing 

factors such as understandability and affordance, consistency with 

citizens’ reasoning and intuition, and expressivity and adequacy, 

among others. It seems that this cannot simply be achieved by 

adding a series of psychological experiments or traditional usability 

oriented tasks at the top layer, as the collective nature of CSC goes 

beyond current User Experience considerations. Indeed, a revision 

of what we consider individual and collaborative human-data 

interaction in CSC scenarios must be carried out, including the 

analysis of their characterization and relevance in the layered 

architecture presented here. Research work in this direction is 

currently underway. 
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