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The role of the Data Scientist within Smart 
Cities 

 De Obeso-Orendain, A., Lopez-Neri, E., Donneaud-Bechelani, C. 

Abstract— The role of the data scientist has gained considerable importance in recent years. This paper explores images, 

conceptions and phenomena regarding data scientists from different perspectives, both theoretical and practical, guided by the 

premise that Smart Cities require a particular type of data expert. A survey was distributed among data scientists, and its results 

are presented to provide insight regarding the perception of data science in the community surrounding the Ciudad Creativa 

Digital (CCD). Data scientists may become a key factor in the successful operation of a Smart City, provided that they are able 

to reach and empower its most critical element: the citizen. 

Index Terms—Data Scientist, Smart Cities 

——————————      —————————— 

1 INTRODUCTION

A Smart City is a city that performs well in the following 
characteristics: economy, people, governance, mobility, 
environment and living [1]. The high degree of datifica-
tion and connectivity embedded in a Smart City demand 
tools and mechanisms for data manipulation and repre-
sentation that facilitate the extraction of meaningful in-
sight. However, this process of extracting knowledge 
from data is mediated by people. The purpose of this 
paper is to identify characteristics of a role that has 
gained importance in recent years: the data scientist [2]. 
Furthermore, we focus this analysis on those particular 
abilities required by a data scientist living in a Smart City. 
We consider this topic particularly relevant considering 
the shortages of data scientists that the labor market is 
facing in other domains [3].  
 
This approach is aligned with the strategy of the data 
analysis and visualization (DAV) team defined previous-
ly [4], in which the Smart People component occupies a 
prominent role. In this context, we deem data scientists as 
critical for the ability of a Smart City to promote infor-
mation sharing and foster collaboration. As described in 
our previous work, citizen engagement is a fundamental 
factor in the successful implementation of Smart Cities in 
conjunction with the technological infrastructure [5] [6] 
[7]. For this reason, we put special emphasis on describ-
ing the relationship between data scientists and citizens’ 
engagement.  
 
The Ciudad Creativa Digital (CCD) master plan envisions 
the CCD as a unique place to live and work [8]. With this 
exercise, the DAV team continues its works of paving the 
way for the success of CCD by identifying the characteris-
tics of a key player of this ecosystem.  

2 THE DATA SCIENTIST 

The emergence of data scientists is a natural response to 
the radical revolution in the way data are generated, rep-
resented, stored, analyzed, visualized and used. New 

technologies and techniques are required to address the 
challenges posed by Big Data, commonly encapsulated by 
its several V’s: volume, variety, velocity, etc. In this sec-
tion, we explore the definition of a data scientist from two 
different points of view. From a theoretical standpoint, 
we explore definitions from different domains, whilst, for 
a practical approach, we conduct an empirical exercise.  

 
2.1 A theoretical approach 

A definition of a data scientist extracted from p. 9 of a 
textbook states that “… scientist in these areas face un-
precedented volumes of data, such as in the human ge-
nome project with three billion base pairs per human.” 
[9]. A definition extracted from the web articulates that 
“A data scientist is someone who knows more statistics 
than a computer scientist and more computer science 
than a statistician” [10]. Shlomo Aragmon [11] identifies 
the components of a data scientist: statistician, program-
mer coach, storyteller and artist. Drew Conway proposed 
the data science Venn diagram [12], which comprises 
three sets of skills: hacking skills, math and statistics 
knowledge and substantive expertise. Hacking skills refer 
to the ability to manipulate digitalized data, e.g., text files, 
and to have abstraction abilities able to decompose prob-
lems into algorithms. To extract meaningful patterns and 
insight from data, it is also necessary to apply mathemati-
cal, statistical and machine learning methods. However, a 
third element is compulsory to be an effective data scien-
tist: considerable expertise. This last element strongly 
suggests that we need to identify the areas of expertise 
related to Smart Cities.  

 
Beyond these definitions, we conducted two literature 
reviews. The first regarded existing research of recog-
nized people in the data scientist area and the main issues 
addressed in conferences related to this topic. The second 
was focused on the vision that the industry has about the 
data scientist concept; for this reason, job posting web 
announcements linked to data scientist positions were 
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checked. The survey designed to encapsulate the role of a 
data scientist is based on this analyzed information. 
 
2.1.1The Data Scientist from the scientific 

community standpoint  

Figure 1 shows the different main ideas and concepts 
regarding the data scientist profession. Each concept (blue 
globe) is associated with an author or authors, and the 
previous connection with another concept means that the 
author accepts all the previous definitions. There exist 
general [13] [9], modern [14] [15] [12] and detailed [16] 
[11] definitions, but the main concepts are (a) the use of 
data to understand the current state of a system and pre-
dict outcomes; (b) the ability to discover a previously 

hidden insight; (c) hacking, coaching and storytelling 
skills; (d) substantive expertise; and (e) a data visualiza-
tion component.  
 

 
Table 1 shows the main conferences related to themes and 
issues of data science. Technical conferences (for instance, 
on particular tools1) were not taken into account because 
they are very specialized.  
 

Conference / Event Objective Issues 

2The 2014 Interna-

tional Conference on 

Data Science and 

Advanced Analytics 

(DSAA’2014), 

 

Communicate Data 

Science 

Analytics science 

Big data  

Advanced analyt-

ics 

3KDD-LESI 2014 

Structure and dynam-

ics of social and in-

formation behavior  

Large-scale emer-

gencies 

 Natural 
disasters 

 Terrorist 
attacks 

4Workshop on Data 

Science for Social 

Good 

How data can be used 

to make decisions 

Data science to be 

used effectively 

for social good 

 Educa-
tion 

 Healthc
are 

 

1 http://hadoopsummit.org/ 
2 http://datamining.it.uts.edu.au/conferences/dsaa14/ 
3 https://sites.google.com/site/kddlesi2014/ 
4 http://dssg.uchicago.edu/kddworkshop/ 

 Energy 

 Trans-
porta-
tion 

 Climate 
change 

 Public 
safety 

 Disaster 
relief 

 Poverty 

 Com-
munity 
devel-
opment. 

5Enterprise Data 

World conference 

Data Management. 

The Transformation to 

Data-Driven Business. 

 Data 
Govern-
ance & 
Quality 
Program 
Imple-
menta-
tion. 

 EIM & 
Data 
Archi-
tecture 

 Big Data 
Trends 

 Analyt-
ics & 
Business 
Intelli-
gence 
for New 
De-
mands 

6Strata. Making Data 

Work 

Data Science and Big 

data (training) 

 Cloud 
Compu-
ting 

 IT 

 Big Data 

 Data 
Science 

7CITE Conference & 

Expo 

New Technologies to 

drive your business. 

Innovation with 

mobile, social, 

cloud and Big 

Data. 
8Data 360 Confer-

ence 

Big Data Revolution  Finan-
cial ser-
vices 
driven 
by big 
data 

 Future 
of 
healthca
re 
through 
the lens 

 

5 http://edw2014.dataversity.net/ 
6 http://strataconf.com/ 
7 http://www.citeconference.com/ehome/index.php?eventid=78152& 
8 http://www.data-360.com 

Figure 1: concepts related to the data scientist 
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of big 
data & 
popula-
tion ana-
lytics 

 Data 
driven 
insights 
for 
for-
mation 
services 

 Harness 
the 
power 
of big 
data in 
retail. 

9HotCloud Hot topics in Cloud 

Computing 

Cloud Computing 

Table 1: Main conferences related to data science 

 
2.1.2 The Data Scientist from the Industry 

Standpoint 

 Based on job postings for data scientists that were posted 
on the web, we generated Table 2. This table identifies the 
main soft and hard skills required by the industry from a 
data scientist10,11,12,13,14,15. In our sample, we found some 
variations, such as a Statistical Program-
mer/Developer/Analyst16,17,18 and a particularly interest-
ing one that focuses on an aspect of the data science do-
main: Data Curator19.  

 
Soft Skills 

Knowledge of industry business 

Financial Planning 

Leadership and Project management 

Hard Skills 

Statistical Software: 

 R 

 SAS 

 SPSS 
 

9 https://www.usenix.org/conference/hotcloud13 

    10https://careersen-bbm.icims.com/jobs/1487/data-scien          

tist/job?mode=job&iis=Indeed&iisn=Indeed.com&mobile=false&width=

1024&height=475&bga=true&needsRedirect=false 
11https://www.kaggle.com/forums/t/10039/sysomos-senior-data-
scientist-toronto-can 
12http://mckessonjobs.com/ca/richmond/project-
management/jobid5691907-sr.-data-scientist-clm-_-bi-(predictive-and-
prescriptive-modeling) 
13 http://www.cwjobs.co.uk/JobSearch/JobDetails.aspx?JobId=60336135 
14 http://www.respondhr.com/35491972 
15 https://jobs.lever.co/counsyl/87683bc8-37c8-4b20-82cd-eda2fde15048 

16http://www.cwjobs.co.uk/JobSearch/JobDetails.aspx?JobId=603361
35 

17 
https://www.recruit.ox.ac.uk/pls/hrisliverecruit/erq_jobspec_version_
4.display_form?p_company=10&p_internal_external=E&p_display_in_iri
sh=N&p_applicant_no=&p_recruitment_id=114670&p_process_type=&p
_form_profile_detail=&p_display_apply_ind=Y&p_refresh_search=Y 

18http://brightrecruits.com/job/6348/data-scientist-statistical-
develop-
er?utm_source=Indeed&utm_medium=organic&utm_campaign=Indeed 

19http://explorys.theresumator.com/apply/job_20140813173858_UQL
ZI26XMVSXYGPO/Data-Scientist-Data-Curation.html?source=INDE 

 MATLAB 

SQL Server and Oracle, MySQL 

Big Data Analytics Tools: 

 Hadoop 

 Mahout 

 Map/Reduce 

 HBase 

 NLP methods (OpenNLP, LingPipe) 

 Lucene Core 

 Solr 

 Spark 

 Impala 

 Hive 

 Pig 

Machine learning  

Graph/network analytics 

Programming in the Linux environment: 

 Java 

 C++/C 

 Perl 

 Python. 

Text mining 

Social media data (Twitter, Facebook, LinkedIn, Google+) 

Probabilistic Models  

 Parametric 

 Non-parametric 

 Bayesian Statistics  

Regression models 

Pattern recognition 

Recommender systems 

Constraint-based optimization 

Scalable programming on big data 

Table 2: List of hard and soft skills required by a data scientist 
 
The required backgrounds identified in these job descrip-
tions were: Master of Science (MS), MS in mathematics, 
MS in statistical modeling, and PhD in Computer Science 
(Engineering). The industries requiring services from data 
scientists included: advertising, marketing, broadcasting, 
radio and TV, research and development, technology 
services, social communications, tech support, electronic 
health record systems, healthcare and robotic automation. 

Table 3 describes the main tasks executed on data or in-
formation and the purpose of these activities. These rela-
tions were recovered from the expected functions of a 
data scientist as specified in each of the offered jobs. 

Task Over… Purpose 

Fusion 
Disparate Large 

Scale Media Data 

Sets 

Gain beneficial 

insights 

Modeling 
 

 

Internal Operational 

Data 

 

 

 

 

Reduce uncertainty 

Identify [Hybrid 

Systems] 
Improve operations 

Develop new 

ontologies and 

new methods of 

data 
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Formulate valida-

tion strategies and 

methods  

Internal Operational 

Data 

Predetermine 

outcome 

Ensure accurate 

and reliable data 

Solve (Problem 

Solving) 

Seemingly intracta-

ble problems Address previously 

unidentified market 

needs 
Monitoring and 

Analytics 

 

Social Content 

Create reports 

Data Business 

Communicate To 

business head 

Define rules for 

data analysis 
Identify data trends 

Integration and 

further enhance-

ment 

Business and Sales 

Databases 
Better understand-

ing 

Standardize Data from business 

Coordinate Business units 

Optimize the cost 

effectiveness of the 

business 

Cross-functional 

analysis (business 

sales) 

Large corpus of 

historical sales and 

business data 

Optimize revenue 

Statistical model-

ing and process 

debugging 

Data lab process 

Develop new as-

says and new 

technology 

Build structured 

reports 

Critical laboratory 

parameters 

Monitor for process 

control and regula-

tory compliance 

Table 3: data-centric tasks 

 
2.2 A practical approach: the survey 

Beyond the literature review described previously, we 
gathered first-hand appraisals related to data scientists 
with the aim of shedding light on this role.  
 
2.2.1 Method 

An online survey was administered to a group of people 
who actually work in areas related to data science, such 
as information management with great volumes of data, 
data modeling, statistical modeling, etc. We were looking 
for important information regarding the required skills in 
these types of positions.  
 
2.2.2 Participants 

The survey was administered to 11 people, 10 men and 
one woman, all from different enterprises (ranging from 
small businesses to large corporations) and from different 
lines of business, industry and education. Their ages 
ranged from 25 to 45 years old, and their professional 
experience in data science was between 2 and 5 years. All 
the participants work in the city of Guadalajara and were 
contacted by email. The survey sample design distribu-
tion was composed as shown in Table 4: 
 

Computer Science PhD. 18% 

Researchers 9% 

Supply chain or data analyst 
employees 55% 

Own Business 18% 

Table 4 : Sample Design Distribution 

2.2.3 Survey 
The survey was applied online, and its rationale was 
disclosed to the applicants. It is important to note that this 
survey is comprised of closed (Yes or No) and open ques-
tions to capture the free expression of each of our partici-
pants. These are the questions of the survey:  
  
1.- Do you know what a Data Scientist is? 
2.- Have you ever communicated to senior management 
the results of a data analysis process? 
3.- Have you ever designed/implemented a data-centric 
system that impacted the business strategic objectives or 
generated extra profits? 
4. - Have you ever participated in a machine-learning 
workshop? 
5.- Have you ever faced a situation where you had to 
access different information sources (for instance, from 
other departments) to gain knowledge about a topic? 
6.- From the data that you have collected, have you con-
sidered the legitimacy of the information source, the val-
ue of the data and its validity? 
7.- How often do you use math equations (for instance, 
statistical modeling) to explore or understand the phe-
nomena observed in the data? 
8.- Do you ponder the value of information according to 
its source and the context of the application? Can you 
mention an example? 
9.- From your own experience in information manage-
ment and analysis, have you found any correlations be-
tween data? Can you mention any example? 
10.- When you analyze information, have you ever had 
the feeling that, from the observed data, you can “pre-
dict” the system behavior or understand the distribution 
of data? 
11.- Do you consider yourself to have good communica-
tion skills? What tools do you usually use to communi-
cate your own ideas? 
12.- Do you use a special tool to analyze and visualize the 
data? (We provide a list here) 
13.- Have you used one of the following data mining 
techniques? (Random forest, support vector machines)  
14.- What are your usual information sources? (Surveys, 
experiments, content analysis) 
15.- What have been your data analysis objectives? (For 
instance, recommendation systems or business optimiza-
tion) 
16.- Which of the following tasks is more frequent in your 
job: coding or data analysis? 
17.- How do you respond when working under pressure? 
18.- How do you set priorities in your work on a daily 
basis? 
19.- What do you consider when making a decision? 
20.- Do you participate in the executive meetings in your 
organization?  
21.- Are you involved in the short-term planning of your 
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company? 
22.- How do you react to unexpected problems? 
23.- Would you like to propose any change in your sche-
ma of work? 
 
2.2.4 Analysis and results 
The data from the surveys were analyzed via a grouping 
method that classified questions on “hard Skills” (related 
to data analysis) and “soft skills” (business vision, work-
ing under pressure, future planning, communication and 
decision making). Some questions about the personal 
profile of the respondent were considered independently. 
  
We found the participants to vary both in their abilities 
and in their duties. For this reason, we grouped hard 
skills into two categories: how information is acquired 
and how information is analyzed. For the first category, 
we considered questions 5, 7 and 15; the results are pre-
sented in Figure 2. 
 
According to the charts below, respondents have a ten-
dency to search for information and rarely use statistical 
or mathematical models. Additionally, their data sources 
are diverse.  
 
Regarding the data analysis category, we grouped an-
swers to questions 6, 8, 9, 13, 14 and 16. From our sample, 
100% answered affirmatively to the question about pon-
dering the value of information according to its source 
and the context of the application; 73% from our statisti-
cal sample had the feeling that, through the data ob-
served, you can “predict” the system behavior. To ana-
lyze data, our participants primarily use SQL, R and Py-
thon (Figure 3).  
 
 

 
a) 

 
 

 
b) 

 
c) 

Figure 2: a) Tendency to acquire information b) Use of statistical 

models c) sources of information  

 

 
 
From our sample, 73% do not know the mining tech-
niques that were specified (random forests, support vec-
tor machines), and 45% stated that, in their work, they are 
used to analyzing data instead of only coding (18%). 
 
 
 
The objectives from the data analysis reported by our 
participants are as follows: recommendations (18%), 
business optimization (36%), both (36%).  
 
Overall, we found more data analysts than programmers 
in our sample; all of them understand the importance of 
information and consider the importance of making pre-
dictions.  
 

YES 
[PORCENT

AJE] 

NO 
18% 

Do you search for /acquire information? 

Always 
[PORCEN

TAJE] 

Once a 
week 

[PORCEN
TAJE] Infreque

ntly 
[PORCEN

TAJE] 

Never 
[PORCEN

TAJE] 

Do you apply statistical models? 

Data 
Bases 

[PORCEN
TAJE] 

Surveys 
[PORCEN

TAJE] Content 
Analysis 
[PORCEN

TAJE] 

Other 
[PORCEN

TAJE] 

Sources of information 

0%

20%

40%

60%

Figure 2: data analysis tools 
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Soft skills are summarized as follows: 60% answered that 
they work better under pressure than normal conditions, 
89% propose changes in the work schemas and only 45% 
participate in strategic business meetings for future plan-
ning (49%). Regarding communication skills, 73% consid-
er themselves to have good communication skills. Only 
55% of our statistical sample knows what "Data Scientist" 
means. Our conclusion regarding the soft skills is that it is 
first necessary to put special emphasis on capabilities 
related to business acumen.  

3 A DATA SCIENTIST FOR SMART CITIES  

A data scientist can be conceptualized as a problem 
solver/solution provider who uses data as his/her pri-
mary tool. In this section, we want to explore the nature 
of his/her role when facing the challenges posed by 
Smart Cities. Different tasks have been associated with 
Smart Cities. For instance, the UK government identifies 
(a) unemployment (mainly in young people) as a conse-
quence of dramatic changes in the economy; (b) housing 
and transport; (c) climate change, energy efficiency, re-
duction of carbon emissions, and pricing; and (d) social 
care [17]. A proficient data scientist should be able to 
provide integrated solutions to these challenges. Circum-
venting the idea that Smart Cities are limited to a transac-
tional relationship between citizens and a technological 
infrastructure, the DAV group is particularly interested in 
developing citizens’ engagement by promoting environ-
mental and technological facilitators to foster collabora-
tion and dialog. The data scientist, as an information-
driven professional, can greatly contribute to these goals. 
For instance, reducing unemployment is particularly 
relevant for CCD, as one of its aims is to foster the growth 
of the creative industry in Mexico by attracting and de-
veloping local talent, which is mainly comprised of young 
people. 

 
Overall, the key responsibilities of a data scientist should 
be to (a) ensure and promote open access to data; (b) de-
sign and develop tools for data re-use; (c) promote the 
creation of data models with a citizen-centric representa-
tion of data and (d) ensure that the right data are used to 
inform decision-making processes. In the following sec-
tions, we explore the DS in the particular context of CCD. 
We want to focus our analysis on the first stages of the 
CCD, when a few companies are based on the premises 
and the aim is to attract more investment, promote citi-
zens’ engagement and create a knowledge society.  
 

3.1 Data challenges in Smart Cities 

Smart Cities demand a precise set of data skills. In ad-
dition to the ability to identify, extract and format data, a 
data scientist should have enough expertise and domain 
knowledge to achieve meaningful integration of data, as 
several different services (online and offline), which 
speak different protocols, need to be consolidated. Addi-
tionally, the data scientist must design data models and 
delivery mechanisms to allow those applications to ena-

ble citizens to make informed decisions [17].  
One of the directives of a comprehensive study conducted 
in the UK recommends the development of a strategic 
approach to open standards, data management and data 
sharing [17]. Data Governance includes standards and 
best practices to capture and communicate the meaning 
and format of information. Another critical aspect is to 
define and enforce standards and mechanisms to ensure 
data quality.  

 
3.2 Talent management 

A pervasive problem that a data scientist working in 
CCD must understand and solve is how to match the 
right person with the right job. The city of Guadalajara 
has been growing an increasingly larger mass of highly 
trained professionals that will ultimately power the crea-
tive industries located in CCD. The problem of finding, 
classifying and assigning this rich set of professional pro-
files to a diverse set of job specifications is both complex 
and interesting. Job specifications and candidate profiles 
present a mixture of structured and unstructured data, 
which may demand the use of text mining techniques. 
Once jobs and candidates are properly encoded, optimi-
zation techniques to find the best match need to be ap-
plied. Keeping track of how specialized professionals 
grow in skill and knowledge as they gain experience 
working in CCD can be used to identify opportunities for 
collaboration.   

3.3 Interacting with the uOS 

Within CCD, data are created, managed and consumed 
by means of a large set of components distributed over 
several layers, including a physical infrastructure, net-
work capabilities and business processes. This is the Ur-
ban Operating System (uOS). This uOS supports a com-
prehensive set of digital services. The data scientist is 
both a contributor and consumer of the uOS. Therefore, 
sufficient knowledge of data transport protocols, the 
physical infrastructure (hardware) and the network to-
pology and configuration is useful to grasp how the dif-
ferent uOS modules are interconnected. It is particularly 
important to understand how to make good use of the 
underlying structure of the data layer to exploit it and run 
data intensive analyses properly. For instance, if a NoSQL 
database, such as Cassandra, is implemented, the data 
scientist must understand how its data are distributed in 
nodes and actively participate in the development of data 
models and selection of primary keys. This means that the 
DS must be an expert of the data taxonomy of CCD. The 
main data streams involved in CCD include energy, wa-
ter, mobility, waste, fiber and telecoms, security and 
street lighting, industry statistics, and building occupancy 
and utilization [18]. 

3.4 Analyzing Citizens’ Engagement 

A citizen of CCD is self-decisive and aware. Engagement 
can be measured in three dimensions: (a) behavioral, 
based on the notion of participation and involvement in 
activities beyond a person’s role within his/her group; (b) 
emotional, oriented to either positive or negative reac-
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tions towards other people and institutions; and (c) cogni-
tive, which denotes the required effort to comprehend 
complex ideas or to gain specialized skills [4]. A data 
scientist must be familiar with the different metrics relat-
ed to citizen engagement. 

3.4 Complex Event Processing  

A proposal for CCD is to implement an event-driven 
module [19]. In this context, smartness is defined in terms 
of the ability of actors to handle events [20]. This frame-
work provides a set of tools for citizens to make the most 
of CCD by providing intelligence and fostering collabora-
tion.  

An event is not just data but rather a product of an an-
alytic process that provides added value to a set of raw 
data. Events can be created by following a standard struc-
ture that can be understood by all actors (people, services, 
sensors and devices) because they all share the same 
knowledge.  

Listeners can also be created to execute actions in re-
sponse to events. In this way, the members of CCD can 
define pre-programmed actions in response to events 
they create or subscribe to events created by other users.  

4 CONCLUSIONS  

By merging the information we have presented thus far, 
we can provide a depiction of the data scientist: he/she is 
able to find rich data sources, work with large volumes of 
data, clean, meld, and visualize data, and generate tools 
for working with data.  

 
A curriculum to form effective data scientists for smart 
cities must include, at its foundation, computer science, 
analytics and math, with a strong emphasis on under-
standing societal challenges; in this way, data scientists 
will be able to pick the right problems and solve them. 
Such a program must also include subjects such as the use 
of tools, data ingestion and cleaning, data exploration, 
statistical modeling and machine learning. Another rele-
vant component is knowledge about product develop-
ment and communication. These data scientists should 
understand that their ultimate professional goal is to 
influence decision-making and to drive change.  
 
We are living in a world driven by open policies, where 
information is available and accessible to everyone, from 
financial statements of listed companies to both the in-
come and expenditure of government offices. The possi-
bility of not only consulting but also understanding and 
interpreting these data are achieved through appropriate 
data management, which is the main function of a data 
scientist.  
 
A current trend is related to transparency, meaning that 
anyone has the right to access information previously 
considered confidential. To the extent that ordinary citi-
zens realize these rights, for instance, it is possible to 
extract detailed data about the government and transform 
it into a concrete and manageable format to promote un-

derstanding, the creation of public policies substantiated 
by hard data is conceivable. As a consequence, greater 
reliability in leaders can be generated, which will in turn 
promote greater engagement of citizens to continue con-
tributing to society.  
 
As stewards of the data, equipped with a highly special-
ized set of skills and a clear understanding of the chal-
lenges and opportunities of the city they are inhabiting, 
data scientists may become a key factor in the successful 
operation of a Smart City, provided that they are able to 
reach and empower its most critical element: the citizen.  
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