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Abstract: This document is the second deliverable, entitled D1.2 “The 
AIGOV Ecosystems”, of the first work package of the AIGOV 
project. The aim of T1.2 is to identify all the involved stakeholders 
(e.g., citizens, businesses, etc.) who may interact with, or 
impacted by, an AI-based solutions as well as the roles that these 
stakeholders could potentially undertake. In addition, T1.3 aims 
to propose a stable ecosystem and explain how this relates to 
innovating and transforming public sector processes, practices, 
policies, and services.  

This work follows an exploratory case study method to create the 
ecosystem. Specifically, the method that was followed in this 
deliverable comprises the following actions: 

• Create a case study that focuses on transport data 
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• Conduct semi-structured interviews with the public 
servants Region of Central Macedonia, Greece 

• Disseminate a questionnaire to public servants 

 These actions resulted in a set of artefacts that complementary 
constitute the AIGOV ecosystem, and the dependencies with 
each other. The ecosystem could serve as guidelines to adopt AI 
in Public Administration. 
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Executive Summary 

This document is the second deliverable, entitled D1.2 “The AIGOV Ecosystem”, of the first work 

package of the AIGOV project. The objective of the AIGOV project is to facilitate the implementation 

of fair, ethical, trustworthy, and robust, both from a technical and social perspective, Artificial 

Intelligence (AI) systems in Public Administration (PA) with a focus on users and those who may be 

affected.  

D1.2 is the direct outcome of Task 1.2 and T1.3 and will describe the artefacts that constitute the 

AIGOV Ecosystem. The aim of T1.2 is to identify all the involved stakeholders (e.g., citizens, businesses, 

etc.) who may interact with, or impacted by, an AI-based solutions as well as the roles that these 

stakeholders could potentially undertake. In addition, T1.3 aims to propose a stable ecosystem and 

explain how this relates to innovating and transforming public sector processes, practices, policies, 

and services.  

This work follows an exploratory case study method to create the ecosystem. Specifically, the method 

that was followed in this deliverable comprises the following actions: 

 Create a case study that focuses on transport data 

 Conduct semi-structured interviews with the public servants Region of Central Macedonia, 

Greece 

 Disseminate a questionnaire to public servants 

 These actions resulted in a set of artefacts that complementary constitute the AIGOV ecosystem, and 

the dependencies with each other. The ecosystem could serve as guidelines to adopt AI in Public 

Administration. 
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1 Introduction 

The aim of this section is to introduce the background of the work pursued within Task1.1 

“Stakeholders’ needs and Data sources” and Task1.3 “The AIGOV Ecosystem” of the AIGOV project. 

The scope and the objective that the current document has set out to achieve are presented in sub-

section 1.1. The intended audience for this document is described in sub-section 1.2 while sub-section 

1.3 outlines the structure of the rest of the document. 

1.1 Scope 

The present document is the deliverable “The AIGOV Ecosystem” (henceforth, referred to as D1.2) of 

the AIGOV project. The main objective of D1.2 is to document the results of Task1.1 “Stakeholders’ 

needs and Data sources” and Task1.3 “The AIGOV Ecosystem” of WP1.  

1.2 Audience 

The intended audience for this document is public administration, policy-makers, and anyone 

interested in deploying Artificial Intelligence in the public sector. 

1.3 Motivation 

Public sector data represent a vast and diverse resource that holds immense value for society [36]. 

Within this resource, dynamic data, which are real-time data generated by sensors, are particularly 

important. Recently, the European Commission recognized dynamic government data as highly 

valuable, with enormous potential for the economy, the environment, and society. However, 

collecting and disseminating these data present a range of challenges, including high variability and 

rapid obsolescence [45]. 

Fortunately, recent advances in technologies such as Artificial Intelligence (AI) offer the possibility of 

creating value-added intelligent applications that can unlock the potential of government data. AI has 

tremendous potential for public administration, offering the possibility of saving up to 1.2 billion hours 

and $41.1 billion annually [43]. By automating routine tasks, public servants can focus on high-value 

work and make better decisions, detect fraud, plan infrastructure projects, answer citizen queries, 

adjudicate bail hearings, triage healthcare cases, and provide innovative, personalized public services 

to citizens [43] [92]. 

This work proposes a holistic ecosystem for the implementation and evaluation of AI technologies, 

such as machine learning, deep learning, and natural language processing, in public administration. 

We present a case study focused on dynamic government data, specifically transport data, to explore 

the ecosystem components and their dependencies. The case was selected because dynamic data is 

an underexplored form of government data. 
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1.4 Structure 

The structure of the document is as follows: 

• Section 2 provides in detail the method used to create this deliverable. 

• Section 3 is an introduction to Artificial Intelligence. 

• Section 4 presents the case study that is based on dynamic traffic data. 

• Section 5 presents the analysis of the questionnaire’s data. 

• Section 6 presents the AIGOV Ecosystem. 

• Finally, section 7 draws conclusions. 
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2 Method 

In this section we present the method that we follow in order to achieve the objectives of the second 

task of WP1. 

This study aims to identify the components of an ecosystem for deploying Artificial Intelligence (AI) in 

public administration and explore their interdependencies through a single exploratory case study. 

Such a study is useful for gaining insights into a poorly understood phenomenon and generating new 

theory or propositions about it [103]. 

For the case study, we examined three open traffic data sets: one from the city of Thessaloniki in 

Greece, another from the Attica region in Greece, and a third from Switzerland. To identify the 

ecosystem components, we used ”snowballing” to identify AI algorithms, technologies, methods, and 

cases from technical and policy reports, government documents, and research articles.  

We also conducted a series of research activities to explore potential AI applications for the public 

sector. Firstly, we conducted semi-structured interviews with employees of the region of Central 

Macedonia, which is the second-largest region in Greece. The interviews provided valuable insights 

that we used to create user stories.  

To gain a deeper understanding of how public servants perceive AI, we designed a questionnaire (see 

APPENDIX A). The questionnaire was distributed to 16 postgraduate students of the Master in Public 

Management program at the University of Macedonia in Greece, and we analyzed the responses. 

The method followed in this deliverable is illustrated in Figure 1. 

 

The AIGOV
Ecosystem

Interview Questionnaire

Table 1 The method followed in this deliverable. Figure 1 The method followed in this deliverable. 
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3 Background: Artificial Intelligence  

3.1 Definition and Potential 

Although Artificial Intelligence (AI) lack of an official definition, many definitions have been given by 

various global organizations over time. For example, one of the oldest definitions is the one that was 

given in 1956 by John McCarthy, who is considered to be the father of AI. John McCarthy define AI as 

“the science and engineering of making intelligent machines”. Since then more other definitions have 

also been proposed with many of them reflecting McCarthy’s approach. A typical example is the more 

detailed definition for AI systems provided by the Organisation for Economic Co-operation and 

Development – OECD) [70]: 

“An AI system is a machine based system that can, for a given set of human defined objectives, make 

predictions, recommendations, or decisions influencing real or virtual environments. It does so by 

utilising machine and/or human based inputs to: 

1. perceive and/or analyse real and/or virtual environments; 

2. abstract such perceptions/analyses into models manually or automatically; and 

3. use model interpretations to formulate options for outcomes. 

AI systems are designed to operate with varying levels of autonomy.”  

All around the world, 42 governments have endorsed this definition of AI, which views it as capable of 

mimicking human behavior and matching but not exceeding human intelligence [8]. In this context, 

literature occasionally refers to hypothetical general AI systems that could significantly outperform 

human abilities as "Artificial Super Intelligence," or "superintelligence" [7]. 

Additionally, the World Economic Forum defines AI systems in terms of their own system-based 

perspective as "systems that act by sensing, interpreting data, learning, reasoning, and choosing the 

best course of action" [100]. 

Another approach envisages AI from the perspective of designing systems: “the discipline of creating 

algorithms that can learn and reason” [70].  A similar definition of AI is provided by the High-Level 

Expert Group on Artificial Intelligence of the European Commission, which describes it as "systems 

that display intelligent behavior by analysing their environment and taking actions - with some degree 

of autonomy - to achieve specific goals" [19].  

The British government also offers a definition that is broader in scope. According to this definition, 

AI is a "research field spanning philosophy, logic, statistics, computer science, mathematics, 

neuroscience, linguistics, cognitive psychology, and economics" that makes use of "digital technology 
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to create systems capable of performing tasks commonly thought to require intelligence"1.  

Additionally, according to the Luxembourg regulatory authority, AI solutions should "focus on a small 

number of intelligent tasks and be used to assist humans in making decisions" [15]. 

As another option, the Institute of Electrical and Electronics Engineers (IEEE) Standards Association 

concentrates more on the Autonomous and Intelligence Systems (A/IS) than AI per se2.  

Although there is no consensus regarding the definition of AI, two perspectives are used to set the 

expectations on the level of AI’s intelligence [8]:  

 General AI. This first perspective is also known as “strong AI” or the “Artificial General 

Intelligence” (AGI) perspective.  

 Narrow AI.  This perspective is the more granular view of AI and is also known as “weak AI”, 

“applied AI”, or “Artificial Narrow Intelligence” (ANI).  

All AI that has been used or that is being used now is Narrow, meaning that all AI algorithms and 

systems are accomplishing their tasks in a human-like way rather than being capable of performing or 

outperforming any task (intellectual or cognitive) a human can perform. Narrow AI makes use of the 

fact that while humans are still more adept at handling ambiguous situations or those requiring 

intuition, creativity, emotion, judgment, and empathy, computers are better at processing large 

amounts of data quickly and consistently as well as carrying out tasks based on logical and explicit 

rules [8]. 

Although AI has been already defined in 1956, it only recently started becoming so popular. The key 

factors that contributed to this recent rise of AI include:  

 Data explosion [7] [102]. The explosion of data that are being produced the recent years within 

businesses, organisations, governments, and societies and that are coming from various 

sources and being of various types (e.g., IoT data, multimedia including text, audio, and video) 

makes AI possible and necessary as well. Especially in the public sector, many government 

operations relate to the generation and maintenance of citizens’ registries (e.g., births, 

marriages). Governments also maintain tremendous amounts of other data including 

geospatial and weather data from satellites, property records, and health and safety records, 

among many others. In recent years, governments have increasingly pursued the publication 

of government data in machine-readable formats through open government data (OGD) 

                                                           
 

1 https://www.gov.uk/government/publications/understanding-artificial-intelligence/a-guide-to-using-
artificial-intelligence-in-the-public-sector  
2 https://standards.ieee.org/industry-connections/ec/autonomous-systems/  

https://www.gov.uk/government/publications/understanding-artificial-intelligence/a-guide-to-using-artificial-intelligence-in-the-public-sector
https://www.gov.uk/government/publications/understanding-artificial-intelligence/a-guide-to-using-artificial-intelligence-in-the-public-sector
https://standards.ieee.org/industry-connections/ec/autonomous-systems/
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policies, and associated portals for datasets and Application Programming Interfaces (APIs). 

This contributes to the availability of data for AI systems to leverage. [7] 

 Maturity [7]. A significant body of knowledge has been accumulated with many different 

projects launched over the last few decades. Old algorithms and models have been refined 

and new ones have emerged. Programming languages and frameworks have been developed 

and refined and many new applications created as more people become familiar with AI. For 

example, the idea of artificial neurons has been around since the 1940s, but the development 

of Deep Learning AI only took off during the last decade. 

 Democratisation of computers and programming [7]. While technology has improved, it has 

also become available to a growing number of people. New users today are also more 

connected and better equipped to learn and exchange information about AI. Collaborative 

platforms and tools supported by vibrant communities are making programming and coding 

possible not only for experts and companies, but also for individuals from all backgrounds. For 

example, GitHub and Kaggle allow people to collaborate on digital solutions. This also allows 

bottom-up ideas and solutions to emerge in ways that were not often possible in the past. 

Freely available online courses and tutorials, including those provided by the public sector, 

also contribute to this democratisation. 

 Better technology and increased processing power (especially in the cloud) [7] [102]. In the 

cloud, massive amounts of computing power are available on demand. The cost to process an 

AI application today is a small fraction of what it would have cost a decade ago, if it were even 

possible. Computers today are cheaper, have more computing power and take up much less 

physical space. This increase in processing power allows devices to run larger and more 

complex programmes, and process more data faster. Data storage costs have also decreased 

dramatically. 

 New algorithm types including neural networks and deep learning that have come to maturity 

in the last decade or so [102]. These new algorithm types have been a primary driver behind 

such AI use cases as image, video and voice recognition, speech recognition and natural 

language processing, and natural language generation. 

 Other, socio-political factors  [102] like the growth of technology capabilities in China, the 

relative absence of data privacy standards in the United States, the massive acceptance of 

digital business offerings in many countries around the world, and spending by government 

bodies. 

AI can be applied to various industries using a plethora of technology types. Figure 2 presents a 

heatmap for the volume of use cases per industry and technology type. The colors used indicate 

the number of related use cases; the darker the color the largest the number of cases. According 

to the Figure, most cases are related to: 
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 Using knowledge management in professional cases and the public and social sector 

 Using Vision in the sectors of consumer goods and services, and public and social sector 

 Using Speech recognition in the consumer goods and services sector 

 Using Natural Language Processing (NLP) in the consumer goods and services sector 

 Using analysis, optimization and prediction in the sectors: basic materials; financial 

services; technology and social sector; telco; transportation; utilities 

 Using robotics and sensors in the sectors: basic materials; energy; industries; 

transportation; utilities 

 

Figure 2 Common AI use cases by industry and technology type [102] 

In addition, according to a recent McKinsey’s report [61], the most commonly adopted AI case uses 

service-operations optimization followed by AI-based enhancement of products, contact-center 

automation, product-feature optimization, predictive service and intervention, customer-service 

analytics, creation of new AI-based products, customer segmentation, risk modelling and analytics, 

and fraud and debt analytics. 

However, AI is not a general purpose solution which can solve every problem [94]. Current applications 

of AI focus on performing narrowly defined tasks. AI generally cannot: be imaginative; perform well 
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without a large quantity of relevant, high quality data; infer additional context if the information is not 

present in the data. 

3.2 Machine Learning 

The most widely used form of AI is Machine learning (ML), a field at the intersection of computer 

science, mathematics and statistics. ML mainly focuses on developing algorithms based on large 

volumes of data and of various more or less complex structures of data, in order to make predictions, 

recommendations or decisions. It has contributed to various innovations including navigating 

autonomous vehicles, predicting infrastructure failures, or recommending products online.  

The main types of ML are: 

1. supervised learning. In supervised learning the AI model is trained based on past, labeled 

observations for a particular output. A typical example of supervised learning problem is the 

prediction of the prices of houses in a region based on labeled data that describe, for example, 

structural aspects of the houses (e.g., number of rooms etc.). This type of learning is generally 

useful in clearly defined problems where the content and structure of the data are sufficiently 

described. Supervised learning problems include regression and classification. The first is used 

to predict the value of a variable, while the latter to predict the group to which a new data 

point will be classified. The house prediction mentioned above is, for example, a regression 

problem, while predicting if a customer will churn is a classification problem. 

2.  unsupervised learning. In this type of ML the AI model is trained based on unlabeled and 

unclassified data in order to gain new insights on the data. A typical unsupervised learning 

problem is market segmentation that aims to cluster customers (e.g., of a superstore) based 

on their previously purchased products and consuming behavior (e.g., how frequent they 

order a product). This type of learning is generally used for unguided pattern discovery and is 

based on identifying common characteristics between different data points. A common 

approach to do so is using clustering. 

3. reinforcement learning, which allows an AI model to learn as it performs a task in an 

environment. For example, a reinforcement learning model could be trained to predict the 

next move of an agent in a chess game.  Specifically, reinforcement learning is based on getting 

feedback from the environment about an agent’s previous interactions. This helps the agent 

learn through the trial and error method, since error is “punished” while success is “rewarded: 

by the environment. The agent then automatically adjusts its behavior over time producing 

more refined actions. Reinforcement learning has recently grown popularity because of the 

advances in computing capabilities. 

4. semi-supervised learning, which combines supervised and unsupervised learning. Specifically, 

semi-supervised learning trains the AI model using both labeled and unlabeled data. 
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The final area of Machine Learning is deep learning. Deep learning is based on neural networks that 

are algorithms designed to mimic the way the human brain processes information. Deep learning 

refers to deep neural network, which is a specific configuration where neurons are organized in 

multiple successive layers [44]. The main distinction with the classical ML algorithms lies in the design 

of deep learning algorithms, which is inspired by the biology of human brains. Indeed, deep learning 

is often discussed in conjunction with Artificial Neural Networks (ANN). The “depth” of an Artificial 

Neural Network relates to its number of hidden layers. Deep learning algorithms use ANNs which have 

two or more hidden layers.  

3.3 Stakeholders 

There are two sets of stakeholders for building and using AI [102]: 

 Stakeholders that are required to deliver and manage AI projects, and  

 Stakeholders whose trust is required to ensure the successful adoption of AI.  

In the first instance, AI project and operational teams need to be built. As with many digital projects, 

it is important to balance technology and business skills with domain knowledge. Broadly speaking, 

these roles include: 

 Data engineers: responsible for creating the nuts and bolts of data infrastructure and pipelines 

 Business intelligence, insight and analytics professionals: responsible for ad hoc reporting and 

dashboards 

 Data scientists: responsible for building predictive algorithms and ensuring the 

recommendations of the data team are statistically robust 

 ML engineers: responsible for scaling data science models and putting them into production 

 Data product managers: responsible for coordinating all the above resources as well as 

aligning with business stakeholders and engineering to deliver value 

 Data governance specialists: responsible for managing and documenting data assets and 

ensuring they are ethical and compliant. 

 Depending on the desirable outcome, it is critical to have experienced product managers in 

the team to ensure the successful delivery of solutions that satisfies the end users’ needs. 
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4 The Case of Dynamic Traffic Data 

4.1 Data Collection 

In order to create an ecosystem for deploying Artificial Intelligence (AI) in public administration, we 

present a case study that focuses on the usage of dynamic government data and, specifically, traffic 

data to create AI applications for the public sector. The case study uses three open traffic datasets 

from (i) the city of Thessaloniki in Greece, (ii) the region of Attica in Greece, and (iii) Switzerland. An 

overview of the three OGD datasets is presented in Table 2. 

 Dataset 1 Dataset 2 Dataset 3 

Location Thessaloniki, GR Attica region, GR Switzerland 

Access open open open 

Accessibility medium files files/API files/API 

Historical data Yes Yes No 

Aggregation level minute hour minute 

Anonymization Not required Not required Not required 

Data format JSON, XML, CSV, KML, 

MAP 

JSON XML 

Table 2 An overview of the three datasets with traffic data 

4.1.1 Traffic Data from the City of Thessaloniki in Greece 

The Smart Mobility Living Lab, one of the largest European mobility labs located in Thessaloniki, 

Greece is the data analysis and modelling laboratory of the Hellenic Institute of Transport (HIT). The 

lab hosts transportation and mobility related datasets generated by various both conventional and 

innovative data sources.  

Among them are the datasets with open data from taxis and Bluetooth detectors in the urban area of 

Thessaloniki [8]. Specifically, two types of measurements are provided. The first one refers to floating 

car data including the speed measured by the GPS of over one thousand vehicles that operate in the 

city of Thessaloniki. This dataset is being updated almost real-time providing about 2,000 new records 

per minute. The second one includes aggregated vehicle detections of over 43 Bluetooth devices 

located in main road junctions of the city of Thessaloniki at a specific timeframe. Additional data 

included in the same dataset are trip trajectories with the sequence of locations or the origin and 

destination. The latest datasets are updated every 15 minute. All data can be acquired via proprietary 

APIs. Historical data are also available as text files. 
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4.1.2 Traffic Data from the Attica Region in Greece  

Data.gov.gr serves as Greece's official data portal for Open Government Data. The portal comprises 

49 datasets that span ten thematic areas, including the environment, economy, and transportation. 

Notably, the new version of the portal incorporates a free Application Programming Interface (API), 

enabling users to retrieve and access data via a graphical interface or code. Acquiring a token is needed 

to use the API through completing a registration process. The traffic data for the Attica region in 

Greece is sourced from traffic sensors that periodically transmit information regarding the number of 

vehicles and their speed on specific roads in Attica. To mitigate privacy concerns, the data is 

aggregated hourly and is updated every hour with a one-hour delay. Provided data measurements 

include the absolute number of the vehicles detected by the sensor during the hour of measurement 

along with their average speed in km per hour. 

4.1.3 Traffic Data from Switzerland  

The Open Transport Data Portal of Switzerland (ODPCH)3 provides access to more than 40 datasets. 

Among them are datasets with real-time traffic data generated and collected by traffic sensors 

positioned in road segments throughout Switzerland. Historical data are not available. Data include 

the number of vehicles passing from specific locations, along with their average speed. The data are 

minutely aggregated and updated every minute and specifically, 20 seconds after the minute in 

Coordinated Universal Time (UTC) 0. Data are described using the DATEX II4 standard for exchanging 

road traffic data. An access token is required to get limited access to these data through the 

corresponding API for six months. The API allows for submitting in total 260,000 requests in the six-

month period, which actually, corresponds to the update interval of the data (one update per min). 

4.2 Construction 

Traffic data have the potential to aid policy-makers and public authorities in designing and managing 

transportation systems that are efficient, safe, environmentally friendly, and cost-effective. One way 

to achieve this is through predicting future traffic conditions. There are several methods commonly 

used for forecasting future traffic conditions, including traditional parametric methods such as 

Autoregressive Integrated Moving Average (ARIMA) [44], machine learning techniques such as 

Support Vector Machine (SVM) [3], and deep learning [12] [109]. 

The three datasets analyzed in this study contain sensor-generated traffic data, which often exhibit 

quality issues [90]. For example, the Attica dataset initially suffered from a high number of missing 

observations and anomalous values, although most of these issues have been resolved [12] [44] [52]. 

Various methods, such as time series analysis (e.g., Seasonal – Trend decomposition using Loess - STL), 

                                                           
 

3 https://opentransportdata.swiss/en  
4 https://www.datex2.eu/  

https://data.gov.gr/
https://opentransportdata.swiss/en
https://www.datex2.eu/
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machine learning (e.g., Isolation Forest), and deep learning (e.g., Generative Adversarial Networks - 

GANs), can be used to identify anomalous values in the datasets [51]. However, handling missing and 

anomalous values requires making decisions on a case-by-case basis, depending on factors such as the 

level of aggregation for the temporal dimension. For example, missing values in the Thessaloniki and 

Switzerland datasets, which are minute-level aggregated, can be imputed using the average of the 

previous and next observations, while synthetic data can be used for the Attica dataset, which is hourly 

aggregated. 

Integrating traffic data with other datasets, such as weather data, car accident data, can provide 

valuable insights and enhance the accuracy of AI models [57]. Using explainable AI techniques can also 

help understand the reasons behind anomalous values or model decisions [44]. 

Real-time data access is critical for applications that rely on dynamic data such as traffic intelligent 

systems. All three datasets are available in Open Government Data (OGD) portals and two of them 

can be accessed programmatically using an API. The Thessaloniki and Attica datasets are hourly 

updated, while the Zurich dataset is minutely updated. 

Finally, selecting the appropriate AI algorithm for each dataset is crucial. In literature, machine 

learning approaches such as K-nearest Neighbour [78], and Bayesian models [86], and XGBoost 

(eXtreme Gradient Boosting) [97] have been used to predict traffic. Recently, the emerging 

development of deep learning and Graph Neural Networks have achieved state-of-the-art 

performance in traffic forecasting tasks [3] [12]. Data may also play a significant role for the selection 

of the AI algorithm. For instance, the level of granularity and other dataset-specific factors directly 

affect the quality of the AI model. For instance, the minute-level granularity of the Zurich dataset 

allows for more accurate traffic flow predictions in the near future, while the hourly-level granularity 

of the Attica dataset is better suited for predicting traffic flow at the hourly level. 

4.3 Evaluation 

To assess the performance of the AI model, it is crucial to conduct a performance-based evaluation. 

Depending on the selected algorithm, various metrics can be employed. For instance, previous studies 

have utilized metrics such as RMSE, MAPE, and MAE to evaluate the performance of Graph Neural 

Network models in traffic flow prediction tasks [12]. For the traffic datasets and Graph Neural 

Networks, the accuracy of the AI model can be affected by the density of traffic sensor locations. 

Specifically, the Thessaloniki and Attica datasets contain sensor measurements from urban areas, 

which can lead to the creation of denser graphs when analyzed using Graph Neural Networks. This, in 

turn, can result in more accurate deep learning algorithms. On the other hand, the Zurich dataset 

comprises sensor measurements primarily from highways, resulting in sparser graphs [12]. 

Moreover, explainability can be employed to interpret the decisions made by the AI model. For 

instance, SHAP has been used to explain the decisions of a neural network that predicts traffic for 
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traffic light control [97] [79]. In this case, integrating external data such as weather and vehicle 

accident data can facilitate better understanding of the decisions made by the model. 

4.4 Translation 

Traffic forecasts can be used to anticipate future needs and allocate resources accordingly, such as 

managing traffic lights [68], opening or closing lanes, estimating travel time [79], and mitigating traffic 

congestion [4]. In order to understand the potential of creating AI applications for the public sector 

using traffic data, we interviewed a public servant of the Region of Central Macedonia, the second 

largest region in Greece. The primary objective of the interview was to generate user stories that 

effectively describe potential AI applications based on the traffic data. These applications should have 

the potential to streamline the region's operations and enhance the efficiency of its employees.  

The interviews resulted in the three user stories described below, namely (i) Management of vehicle 

traffic in the wider urban area of Thessaloniki through traffic lights, (ii) Optimal route for scheduled 

checkpoints, and (iii) Optimal use of GPS Data.  

4.4.1 Management of vehicle traffic in the wider urban area of Thessaloniki through traffic 
lights 

The Department of Maintenance of Transport Projects, which belongs to the Technical Works 

Directorate of the region of Central Macedonia in Greece, is responsible for the operation and 

planning of traffic regulation in the urban web through traffic lights. An application useful for the 

region of Central Macedonia would be the utilization of traffic/mobility data, traffic load/free flow of 

vehicles, and real-time reprogramming of traffic regulation and vehicle emptying times in the central 

vehicle flows, with the aim of immediately relieving traffic congestion and relieving overloaded areas 

within 10 minutes by selecting and opening the appropriate vehicle flows with the goal of optimal 

traffic management, quality of life, more rational resource management, and reduction of vehicle 

emissions/pollution. 

4.4.2 Optimal route for scheduled checkpoints 

Many services of the Region of Central Macedonia/Greece (e.g.,Technical Works Department, Health 

Department, Veterinary Department, etc.), whose headquarters are located at the city of Thessaloniki 

carry out scheduled inspections/checks with teams of competent employees. In these scheduled 

inspections/checks, the teams of employees visit from 5 to 15 different points (depending on available 

time). The inspections/checks are carried out within the urban fabric of Thessaloniki and its 

surroundings, but often also within the wider region of Thessaloniki (as well as in neighboring regions, 

within the Municipality). An AI application useful for the traffic office and responsible drivers would 

be to provide them with a proposed route in order to visit the predetermined points. The proposed AI 

route will be the best possible suggestion in terms of distance/traffic loads/avoidance of bottlenecks, 
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in relation to the evolution of traffic data over time, as theoretically some traffic flows are more 

congested at specific times. The aim of this application is to save human resources, reduce vehicle 

emissions/pollution, and provide better working conditions for employees. 

4.4.3 Optimal use of GPS Data 

A GPS system has been installed in all vehicles in all regions (Pieria, Pella, Imathia, Serres, Kilkis, 

Halkidiki, and Thessaloniki) of Central Macedonia. A useful AI application for the supervisors and 

responsible parties of these vehicles would be to create a notification/report system utilizing the GPS 

data of each vehicle, indicating, for example, if one of the vehicles is moving at a speed greater than 

the permitted speed limits, if it goes beyond the allowed routes and movement limits, if it is stationary 

for a long time so that it can be allocated to another service that needs a vehicle, etc. The goal is the 

rational management of the resources of the region of Central Macedonia. 
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5 Significance and Potential Usage of Artificial Intelligence (AI) in 
the public sector: Questionnaire Data Analysis 

This Section analyses the responses to the questionnaire for the survey on the potential usage of 

Artificial Intelligence (AI) in the public sector. The questionnaire was disseminated to 16 postgraduate 

students of the Master in Public Management program at the University of Macedonia in Greece. An 

introduction to Artificial Intelligence (AI) and its potential uses in the public sector was done before 

disseminating the online questionnaire. The aim of this introduction was to brief explain the concept 

of AI and its main technologies and applications in the public sector. Examples were also presented. 

The questionnaire consists of four questions pertaining to demographics, as well as six questions 

concerning the use and significance of AI in the public sector. All questions of the questionnaire can 

be found in (APPENDIX A).   

The survey on the usage of Artificial Intelligence (AI) in the public sector yielded 14 responses from 

Greek students that attend the Master programme. The majority of them are women (71.4%) and the 

rest of them men (28.6%). Their age was either in the range 36-49 (57.1%), or in the range 50-64 

(57.1%). Four of the respondents are occupied in a local authority (e.g., municipality or region), two in 

Public Employment Service (DYPA), two in a judicial public service, one in the Greek ministry of 

interior, one in a Citizens' Service Centre (KEP), one in a regional Social Welfare Centre, one in the 

Greek Ministry of Health, one in the Greek Social Security Organisation (EFKA), and one in another 

public service. Moreover, among the respondents, there are ten public employees, which include 

secretaries, three supervisors, and one chairman of a board. The following section gives a brief 

overview of the answers given to each survey question. 

5.1 Analysis of the Responses to the Questionnaire 

The participants believe that AI is in general important for the public sector (Figure 3). Specifically, ten 

of them (72%) believe that it is extremely important, two that it is very important, and two that is 

important. None of the participants reported that AI is of little importance or that is not important at 

all.  

In addition in the question “Do you think Artificial Intelligence can affect the Public Sector in the 

future?”, the vast majority of the respondents (13 out of the 14 respondents or 92.9%) believe that AI 

will definitely affect the public sector in the forthcoming years. The rest of them are not in the situation 

to know if AI will affect the public sector in the future. 

The next question is interested in knowing if the participants rely on their experience while making 

decisions or if they solely rely on specific rules and guidelines in their daily job routines. (“In your job, 

are you called upon to make decisions based on experience rather than solely applying specific rules 

or guidelines?”). Based on the responds, the majority of the participants (eight out of fourteen or 
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57.1%) confirm that their everyday job requires making such decisions. The use of AI technologies can 

greatly enhance the effectiveness of such decisions. Hence, the next question asks for providing 

examples of such decisions. The responds can be found in Table 3. 

 

Figure 3 “How important do you think Artificial Intelligence is for the Public Sector?” 

 

Responds 

“While executing processes in the field of social provisions.” 

“When I am asked to collect justified funds for request, I have to rely on my experience as to which 

official holds them, although I am aware of the competent department.” 

“Pension distribution decisions/administrative issues administration for service boards.” 

“Predict how many of the requests will be accepted.” 

“Admission of a child in a structure for children of typical development with mild characteristics of 

disability. Experience says that you help these children instead of immediately sending them to a 

structure.” 

“Miscellaneous assignment decisions.” 

“Decisions on granting unemployment benefits and other financial assistance.” 

“Search for information on the issuance of fake driver's licenses.” 

Table 3 "Can you describe a situation where you are called upon at work to make a decision based on your 
experience?" 

72%

14%

14% 0%0%

Extremely important

Very important

Important

Of little importance

Not important
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Following the preceding question, the participants were asked whether the public service they work 

for maintains historical data for these decisions. Most respondents (eleven out of fourteen or 78.6%) 

confirmed that there are related data available in their public service. 

Finally, the last question asks for the opinion of the respondents on the major challenges and obstacles 

of AI when applied in the public sector. The following table (Table 4) presents the results. In summary, 

the participants are concerned about insufficient data, time to process data, software, funds, and 

proper education. In addition, one is concerned about the limitation in the number of available jobs. 

Someone also believes that the ethical values are not taken into account in AI applications, while 

another one believes that the diversity of the requests does not help the development of AI 

applications for the public sector. 

Responds 

“The lack of suitable software.” 

“Getting data from the services.” 

“Lack of information and education.” 

“Ethical values are not taken into account/ lack of emotional criteria.” 

“That we usually follow a well-trodden path. Nevertheless, I think that with proper information we 

could find fields where artificial intelligence could be applied.” 

“Collect sufficient data.” 

“Diversity of requests.” 

“Especially in my area, human action or autopsy is NECESSARY, face-to-face assessment per case, 

etc.” 

“Lack of funds.” 

“I think it takes a long time for so much data to process.” 

“Less jobs” 

“Lack of familiarity with the technology and of necessary equipment.” 

Table 4 "What do you think are the main challenges/obstacles to using Artificial Intelligence in your work?" 
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6 The AIGOV Ecosystem 

In the previous section, a case study was presented, and its generalization has helped in the 

development of an ecosystem for deploying Artificial Intelligence (AI) in public administration.  

6.1 The Key Stakeholders of Artificial Intelligence in the Public Sector 

The key stakeholders of Artificial Intelligence (AI) in the public sector are those roles that either use 

the outputs of the AI systems in the public sector or are impacted by the AI systems and can be internal 

or external. Internal stakeholders include: 

 public authorities and public organizations [14] [17] [69] 

 public servants [18] 

 regulators [18] [94] 

 policy makers [32] 

 IT stakeholders including agency’s AI experts and developers [32] [20] 

 public service designers [20] 

External stakeholders include: 

 citizens and residents [8] [17] [32] [20] 

 customer advocacy groups [20] 

 academic & scientific community [8] [32] [20] 

 third parties [20] 

 businesses [8] [17]  

 organizations [8]  

 practitioners [32] 

6.2 Definition 

The AIGOV Ecosystem, as shown in Figure 4, provides a comprehensive framework for collecting data 

from the public sector, using it to develop AI models with various AI technologies, and integrating 

different techniques for data pre-processing, federated learning, transfer learning, data 

augmentation, evaluation, explanation, and translation, and, evaluating and explaining the models 

and, finally, incorporating them in AI applications. The ecosystem is built upon four pillars, namely 

collection, construction, evaluation, and translation. Additionally, it comprises four key components, 

namely Data, AI Algorithms, AI Models, and AI Applications. 
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Figure 4 The AIGOV Ecosystem 

6.3 Data 

Governments must use data to improve public sector intelligence and, as a result, expand their 

capacity to create policies and services that are long-lasting, inclusive, and trustworthy [70]. There are 

several classifications of government data. For example government data can be classified based on 

(i) their type of access as open or closed, (ii) their structure as structured, unstructured, or semi-

structured, (iii) the time of publication as real-time or batch data, (iv) the source of the data as internal 

and external [9] [19] [86]. 

Public sector data can be open or closed. Open Government Data (OGD) can be freely used and reused 

by the public. Currently, a large number of governments, public authorities and organizations and, 

statistical authorities worldwide provide Open Government Data (OGD) in their official data portals. 

For example, data.gov is the official open data portal in the U.S., https://data.europa.eu/ is the official 

data portal in Europe, while data.gov.gr is the Green open data portal. These portals provide to the 

public a plethora of datasets, usually organized in thematic categories. For example, the Greek open 

data portal classifies 49 datasets in nine topics namely Business and Economy, Crime and Justice, 

Education, Environment, Health, Society, Technology, Telecommunication, and Transport. At the same 

time, the European data portal currently hosts 1,604,307 European public sector datasets from 36 

countries grouped in 14 categories. OGD are traditionally offered as downloadable files (e.g., PDF, 

CSV, XLSX). Some data portals also provide OGD as linked data [46] to facilitate their combination with 

other datasets and, hence, can be accessed by submitting SPARQL queries to a SPARQL endpoint. 

Recently, however, an increasing number of OGD portals also provide an Application Programming 

Interface (API) to allow the public programmatically and real-time access to OGD. On the contrary, 

closed government data include, for example, employee service records, employee performance 

assessment reports, confidential and secret government data. Closed government data Closed data 

access is limited to the data owner(s) and groups due to security limitations and relevant public 

policies.  

file:///H:/Το%20Drive%20μου/projects/2022/AIGOV-ΕΛΙΔΕΚ2022/technical%20work/WP1/D1.2/data.gov
https://data.europa.eu/
file:///H:/Το%20Drive%20μου/projects/2022/AIGOV-ΕΛΙΔΕΚ2022/technical%20work/WP1/D1.2/data.gov.gr
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In addition, public sector data may be structured, unstructured or semi-structured. Structured data 

have a well-defined structure so to be easily stored in databases. Towards this end, structured data 

require both a well-defined data model and a reliable data repository, typically in the form of a 

database. The data model serves as a blueprint for organizing various data elements and establishing 

their interrelationships, thereby ensuring consistency and coherence in the data. Structured data are 

stored in databases and data warehouses. Public health records organized and stored in columns and 

rows is a simple example of such data. In contrast to structured data, semi-structured data are 

characterized by a lack of rigid formal structure, yet it contains "tags" that facilitate the separation of 

data records or fields. Semi-structured data include documents in specific formats like XML and JSON 

documents, web logs and content from NoSQL databases. Finally, unstructured data has no discernible 

structure, as the name suggests. This includes various types of data such as text messages (e.g., emails, 

log files), click streams, photos, videos, and audio files, information about share rates (stock ticker), 

financial transactions, raw data from scientific research etc. [19]. With the growing complexity of 

datasets - ranging from structured to unstructured - the need for processing and analytical capabilities 

to effectively collect, manage, and analyze the data also increases significantly.  

Government data can be real-time or batch data. Real-time data are commonly dynamic OGD 

produced by sensors (e.g., traffic data). The provision of this type of data as OGD has only recently 

begun. Dynamic Open Government Data (OGD) has the potential to create value-added services, 

applications, and generate high-quality job opportunities. Therefore, it is classified as high-value data 

(HVD) due to its significant societal, environmental, and financial benefits. Notwithstanding, the 

collection and reuse of this type of data entail overcoming several challenges. Dynamic data are 

characterized by their high variability and rapid obsolescence, necessitating prompt availability and 

regular updates to create value-added services and applications. Moreover, a recent study [44] 

demonstrated that dynamic traffic data face significant quality challenges, frequently attributed to 

sensor malfunctions resulting from adverse weather conditions [90]. On the contrary, batch data are 

historical data that are not immediately provided but provided some time after their collection. 

Finally, data of the public sector can be internal or external. Internal data refers to the data that 

already have been produced by a public administration prior to the development of an AI system and 

exist inside the public organization's structure. These can be, for example, master or transactional 

data. On the contrary, external government data exist outside an organization's structure or is 

incorporated, specifically for the purpose of developing and training an AI system.  

6.4 Collection 

6.4.1  Data Aggregation 

Government data may be individual-level or aggregated. The level of aggregation varies depending on 

the dataset. For example, apart from being aggregated (e.g., averaged) geographically (e.g., in the 
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country level), data can also be aggregated based on time (e.g., in the hour level), demographic 

factors, (e.g., gender, race), and other relevant fields that are specific to a given dataset. In the realm 

of Open Government data and especially when it pertains to individual-level data, it is crucial to ensure 

that data is properly aggregated before publication. The initial level of aggregation may change 

depending on the requirements of problem.  

6.4.2 Data Anonymization 

Part of government data contains personal information protected by regulation (e.g., by the European 

Data Protection Regulation – GDPR [3636]) and cannot be used in its primary form. In order to protect 

privacy without compromising the usefulness of the data, it is essential to first anonymize this type of 

information prior to its analysis with AI. Towards this end, data can be either anonymized or pseudo-

anonymized. Anonymization involves either encrypting or eliminating personally identifiable 

information from datasets to ensure that the individual's identity cannot be ascertained directly or 

indirectly. Whereas, pseudo-anonymization involves replacing personal information with a 

pseudonym or a unique identifier in a way that it is possible to re-identify individuals by combining 

the pseudonym with other available information provided that such supplementary information is 

separately maintained [57]. 

Traditional data anonymization operations include generalization, suppression, permutation, 

perturbation, and anatomization [59]. In addition, open source software for data anonymization are 

also available, such as AMNESIA5 and ARX Data Anonymization6, that use various anonymization 

techniques including k-Anonymity, k-Map, l-Diversity, t-Closeness, δ-Disclosure privacy, β-Likeness, δ-

Presence, and (ε, δ)-differential privacy [91].  Since, however, literature has shown that using these 

operations does not ensure re-identification [21] [24], advanced synthetic data generation services 

have been proposed as an alternative such as synthetic data creation with Generative Adversarial 

Networks (GAN) [104]. AI-generated synthetic data are artificial data that have been generated based 

on an original dataset to mimic real-world observations and are an accurate representation of the 

original data.  

6.5 Construction 

Once data has been collected, it is essential to handle it appropriately to ensure that it can be 

effectively utilized in creating an AI model.  

                                                           
 

5 https://amnesia.openaire.eu/index.html  
6 https://arx.deidentifier.org/  

https://amnesia.openaire.eu/index.html
https://arx.deidentifier.org/
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6.5.1 Artificial Intelligence Algorithms 

Various types of Artificial Intelligence (AI) algorithms have been developed that can be used to analyse 

data and develop intelligent applications. Although the field of AI encompasses numerous subtypes, 

some of the most widely recognized and frequently utilized types of algorithms include [11]: 

 Computer vision focuses on recognizing, tracking, and interpreting patterns and objects in 

visual data (e.g., images, videos). Applications include image and video analysis, object 

detection, and autonomous vehicles.  

 Natural Language Processing (NLP) that enables understanding, interpreting, and generating 

human language. It is used in a wide range of operations, including text classification, 

sentiment analysis, language translation, chatbot development, and speech recognition. 

 Speech Recognition converts spoken language into text or other machine-readable formats. 

Applications include virtual assistants, voice-enabled devices, and speech-to-text 

transcription. 

 Knowledge-based systems are able to make decisions based on expert knowledge and 

domain-specific rules. They typically consist of a knowledge base with domain-specific 

knowledge and rules, and an inference engine, which uses this knowledge to make decisions 

and solve problems.  

 Automated Planning allows generating plans or sequences of actions to achieve particular 

goals. It enables reasoning about the problem domain, generating plans, and executing them 

in a dynamic environment. Applications include robotics, manufacturing, logistics, and 

scheduling. 

The selection of the proper AI algorithm from each sub-field of depends on the available data as well 

as on the requirements of the application. 

6.5.2 Pre-processing 

Data preprocessing plays a crucial role in converting raw data into a format that is compatible with 

Artificial Intelligence (AI) algorithms. This essential step involves various techniques and procedures 

that help to clean, transform, and organize data, making it easier for the AI system to extract 

meaningful insights and patterns. Data preprocessing methods include: 

 Data cleaning: Data cleaning is a critical step in data preprocessing, as it ensures that the data 

is accurate, consistent, and reliable, making it suitable for use in AI models and other 

applications. Data cleaning involves various tasks including identifying missing values, i.e., cells 

or fields in the dataset that are empty or null and deciding how to handle them, e.g., impute 

or remove them, identifying and removing any duplicate rows or records. Data imputation can 

be performed by employing advanced AI methods including Generative Adversarial Nets 

(GAN) [53] [105]. In addition, data cleaning is also responsible for ensuring that data is 
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consistent and follows a standard format or structure (e.g., for dates or units of 

measurement), identifying and correcting any errors or inconsistencies in the data (e.g., 

misspelled values), and identifying and handling (e.g., remove, impute) outliers or anomalous 

values, i.e., values that are significantly different from the rest of the dataset. Statistical 

analysis, machine learning, including synthetic data [108], is used for anomaly detection. 

Effective data cleaning is particularly critical for real-time data like traffic data generated by 

sensors, which must be promptly accessible without extensive pre-processing before 

publication. 

 Data integration Government datasets can be leveraged by integrating them with other 

datasets, internal or external, to increase the value and effectiveness of AI applications [57]. 

This integration process can enhance the value and effectiveness of the applications. Data 

integration refers to combining data from multiple sources, formats, and structures into a 

single, consistent, accurate, and comprehensive view. Data integration requires extracting 

data from the various sources and transforming them into a common format. Some works 

have already explored the integration and exploitation of government data (e.g., [46], [107]). 

However, the heterogeneity of the original data from different sources presents various 

challenges, including legal, structural, or other issues [57]. Even if government data are 

available in formats that facilitate integration (such as linked data), addressing structural 

challenges is still necessary [46]. 

 Data augmentation: This technique involves generating new data by applying various 

transformations, such as rotation, translation, or scaling, to the existing data to increase the 

size of the dataset. Data augmentation is a technique used in machine learning to increase the 

size of a dataset by generating new, synthetic data from the existing data. The aim of data 

augmentation is to improve the performance and robustness of the machine learning model 

by exposing it to a larger and more diverse set of training examples [106]. Data augmentation 

techniques involve applying a range of transformations to the existing data, such as flipping, 

rotating, scaling, cropping, or adding noise to images. For example, in image classification, 

data augmentation can be used to generate new images by flipping, rotating, or cropping the 

existing images. This creates a larger and more diverse dataset, which can improve the 

accuracy and generalization of the model. Data augmentation can also be used in other types 

of data, such as text, audio, or video. For example, in natural language processing, data 

augmentation can be used to generate new sentences by replacing words with synonyms or 

shuffling the word order. Data augmentation is particularly useful in scenarios where the 

dataset is small, or when the model is prone to overfitting. By generating new, synthetic data, 

data augmentation helps to expose the model to a more diverse set of training examples, 

making it more robust and generalizable. 

 Federated learning. Federated learning is a recent AI technique that has been introduced by 

Google and has been successfully used in many research areas and industries [54]. Federating 
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learning allows training the model on decentralized data sources without the need for 

centralized data storage. In federated learning, the data remains on the user's device or edge 

servers, and the model is trained locally on each device. The updated model parameters are 

then sent back to a central server where they are aggregated to create a global model. The 

main advantage of federated learning is that it training machine learning models without 

requiring users to upload their data to a central location, thereby protecting their privacy. This 

is particularly useful in scenarios where data privacy is critical, such as in healthcare or 

financial applications as well as in scenarios where the data is too large or too sensitive to be 

stored in a central location. Within the scope of the public sector, federated learning has been 

employed, for example, to facilitate the development of smart cities services [46], in 

healthcare to develop predictive models using sensitive patient data [80], in transportation to 

improve traffic management by combining data from multiple sources such as traffic sensors, 

cameras, and GPS data [9], and in education to collect and analyze students’ behavior data 

and discover how students learn [40]. 

 Transfer learning is a machine learning technique that involves leveraging knowledge gained 

from one task to improve the performance of another related task. Specifically, in transfer 

learning, instead of building a model from scratch, a model that has been pre-trained in a 

dataset is used to train a new model on a different (but related) dataset. The pre-trained 

model has already learned a set of features from a large dataset, and these features can be 

used as a starting point for learning new features on a smaller dataset. Examples of already 

existing pre-trained models include You Only Loo Once (YOLO) [80], a pre-trained model for 

object detection, and Bidirectional Encoder Representations from Transformers (BERT) [21], 

a family of pre-trained NLP models. Transfer learning is a process that saves time and 

computational resources since the new model does not have to learn everything from scratch 

and is particularly useful in scenarios where the size of the dataset is small or when there is a 

scarcity of labeled data. The “Hugging Face”7 provides a library of a wide range of pre-trained 

NLP models including BERT. 

These techniques are often combined in various ways depending on the specific requirements of the 

problem. 

6.6 Evaluation of Artificial Intelligence Models 

Once the AI algorithm is selected and data have been successfully pre-processed, the AI model will be 

created by training the algorithm on the data. This process involves feeding the model with input data 

and adjusting its parameters (hyperparameter tuning) to minimize the error between its predictions 

                                                           
 

7 https://huggingface.co/  

https://huggingface.co/
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and the actual outcomes. Hyperparameter tuning can be done with methods such as include grid 

search, Random search, bayesian optimization, gradient-based optimization, and Ensemble-based 

methods as well as with cross-validation. Cross-validation partitions the data into training and 

validation sets and iteratively evaluates the model's performance on different subsets of the data and 

with different values for the hyperparameters. Cross-validation can be also employed in training to 

detect and avoid overfitting of the model. 

The model needs to be evaluated on a separate validation dataset to ensure its generalizability and 

performance and ensure that they are effective and reliable in their intended application. Towards 

this end, several evaluation metrics can be used depending on the type of algorithm. The performance 

of the model, for example, can be assessed through various metrics such as precision, recall, F1-score, 

logarithmic loss, the Area Under Curve (AUC), Mean Absolute Error (MAE), Mean Squared Error (MSE), 

and Mean Absolute Percentage Error (MAPE). These metrics can help assess the model's performance 

in detecting true positives and minimizing false positives and false negatives. 

The efficiency of the AI model is also important and involves measuring its speed and computational 

requirements. This is important for real-time applications where the model needs to make quick 

predictions (e.g., in cases where dynamic data generated by sensors are used to create the model). 

The robustness of the model could also be evaluated in order to assess its ability to perform well under 

various conditions, such as changes in input data or noisy environments. 

In recent years, the importance of explainability in AI models has grown significantly since it helps to 

improve the understanding of the model's decisions, promoting transparency and trust in the results. 

This is crucial for the public sector where transparency is a requirement. To achieve this goal, various 

methods have been developed to explain the decisions of both supervised and unsupervised AI 

models. There are various methods that can be used for explaining AI models. For example, LIME [81] 

and SHAP [58], which stands for SHapley Additive exPlanation, can be used to explain machine learning 

predictions. In addition, Class Activation Maps (CAMs) [110] can be utilized to explain Convolutional 

Neural Network decisions. For neural networks, Global Attribution Mappings (GAMs) [44] can be also 

employed. These techniques can provide insight into the factors that the AI model is considering when 

making decisions, allowing users to better understand and interpret the results. 

6.7 Translation 

Artificial Intelligence (AI) models can be deployed in real-world, intelligent applications for the public 

sector. AI applications, for example, have the potential to streamline decision-making processes in the 

public sector. This can be achieved through either fully autonomous decision-making or by providing 

decision-makers with AI-driven insights and recommendations to aid in the decision-making process. 

In this sense, humans and machines, rather than competing, could benefit from mutual collaboration 

and potentially solve problems and achieve better outcomes than each could on their own [15]. Figure 

5 shows the different levels or stages of automation that can be reached using AI applications. AI 
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applications that are built based on government data are able to enhance the efficacy of public 

services [46], such as the implementation of Integrated Public Services (IPS) [88] that are co-created 

and continuously evaluated through feedback loops by the public sector.  

 

Figure 5 Levels and types of decision automation processes of the public sector [4] [76] 

AI applications in the public sector can be classified based on the type of public services in [41]: 

 Democratic process 

 Tailored solutions 

 Process optimization 

 Maintenance 

 Inspection and enforcement 

 (Crime) investigation 

 Knowledge and archive 

 Forecasting and policy development 
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Figure 6 Categorization of AI applications in public services  

User stories are essential in designing AI applications, as they ensure that end-users, such as public 

servants and policymakers, have their needs and preferences fully understood and incorporated into 

the development process. They serve as a link between data and applications, allowing for the 

identification of new AI-based applications that can benefit the public sector. User stories can be 

pulled by the end user who discovers the need for an AI application that could potentially improve 

their work, or they can be pushed by available public sector data. However, public sector data may 

not always be of high quality, making them unreliable and inconsistent sources of information. They 

may contain inaccuracies, errors, and missing values, rendering them unsuitable for developing 

trustworthy AI applications. Additionally, some public services may not store their data or store them 

in hardcopies or formats that are not machine-readable. In this case, data themselves can be used as 

a starting point, and high-quality data can drive the inspiration for the need for an AI application in 

the public sector. Regardless of whether the user story is pulled or pushed, the ultimate goal is to 

ensure that the AI application meets the needs of the end-user while utilizing reliable and accurate 

data. 
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7 Conclusions 

This deliverable proposes an ecosystem for deploying Artificial Intelligence (AI) in public 

administration. The ecosystem comprises four main artefacts: Data, AI algorithms, AI models, and AI 

applications, built upon three pillars: collection, construction, evaluation, and translation. The data 

collection process should consider the nature of the source data and the requirements of the AI 

algorithm, and the collected data should be properly pre-processed and augmented to mitigate the 

detrimental effects of small sample sizes. Federated learning methods can be employed to overcome 

data privacy issues. The created AI model should be evaluated for its performance, efficiency, and 

robustness, and its explainability should be ensured by employing various explainability methods. 

Finally, the AI model should be integrated into an AI application co-created with the public sector 

employees, where user stories can be used to describe public sector scenarios that use AI applications. 

The AIGOV ecosystem is a result of an exploratory case study that uses three traffic measurement 

datasets. The artefacts are complementary, and the selection of the AI algorithm depends not only on 

the available data but also on the needs of the AI application. The purpose of the AI model will define 

the AI application that will be used. The requirements for an AI application can be either pulled by the 

public sector employees or pushed by the available data, where data may create new needs for 

applications. 

We anticipate that the ecosystem for deploying AI in public administration can serve as high-level 

guidelines for adopting AI in the public sector. 
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