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Introduction to the Learning Material

Overview and Objectives

Welcome to the initial session of our learning material. This session aims to offer an overview of the
structure and usage of the resources available to you. We will also provide ideas on tailoring the ma-
terials to fit the needs of different target groups.

Our teaching material is designed to help you understand the fundamentals behind “Data for Good”
projects in the European context. We aim to equip you with the necessary information and motiva-
tion to effectively engage with these resources. This material was born out of the EPSILON project,
which stands for the European Platform for Social Data Science Incubation, Learning, Operation, and
Networking. This project involved partners from Germany, Portugal, Cyprus, and Lithuania, focusing
on supporting European "Data for Good" initiatives. Our aim is to provide targeted learning materials
for students, university instructors, and data science professionals. All materials are based on exten-
sive research, interviews, benchmarking, and expert insights. Through this course, participants will
gain knowledge and skills applicable to real-world challenges in Data Science for Good initiatives.

2

EPSILON

Figure 1: Logo of project EPSILON.

Four universities collaborated in developing this material: Harz University of Applied Sciences in Ger-
many, Vytautas Magnus University in Lithuania, Nova School of Business and Economics in Portugal,

and the University of Cyprus. These institutions were pivotal in both the conceptualization and crea-
tion of the learning content.

Structure and Target Groups

Our learning material is meticulously structured into six distinct sessions, catering to different levels
of knowledge and expertise. It is designed for both self-study and classroom instruction. Each session
can be consumed independently, allowing for flexibility in choosing topics of interest. Alternatively,
students and teachers may opt to undertake the full course for a comprehensive understanding.

We have tailored our material to various target groups, including beginners, advanced data scientists,
students, and enthusiasts for data science or social projects. This diverse approach ensures that each
group has a specialized entry path into the topic, accommodating different learning needs and experi-
ence levels. The material is thoughtfully split into sections for beginners, who may lack programming
skills or experience, and advanced learners with a background in computer science. This ensures that
both ends of the spectrum are well-supported in their educational journey.

Detailed Content Overview

e Session 1: This module introduces fundamental concepts such as Big Data, data processing,
and ethical considerations in data science.

e Session 2: What is — and who exactly does — Data Science for Social Good (DSSG)? A deep
dive into how data science can contribute to social good, including an overview of key
organizations, initiatives, and methodologies.
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e Session 3: This module presents findings from a benchmark study conducted by the Nova
School of Business & Economics, highlighting key indicators and insights concerning the
Data Science for Good Landscape in the European Union.

e Session 4: This module provides a look at four projects showcasing DSSG Best Practices.

e Session 5: This module outlines essential aspects of successful DSSG projects, including
project scoping, ethical concerns, data maturity, and project lifecycle management.

e Session 6: The final module recaps the key learnings and provides guidance for future
engagement with Data Science for Good initiatives.

Our course includes detailed examinations of practical use cases. These examples provide insights
into typical data science projects for social good. Beginners will find an accessible description of prob-
lem statements and derived solutions, while advanced users can explore the more technical aspects
via GitHub repositories for practical engagement.

/ Introduction: Conclusion and Outlook:\
- Relevance of Data Selected Use Cases: - Summary
Science for NGOs and . Probl.em_ - Further Development
Social Organizations Statement - Alfor Good
What is Data Science - Description of the
for Social Good L5 c'a_s_e
Data Science for - Solution

Social Good in Europe \ /

Basic level Deep-Dive:
- Problem Statement of
\ the Use Case /
Advanced level - Description of the Use

Case
\ Solution incl. Codes /

Figure 2: Structure of the EPSILON learning material.

Practical Application and Best Practices

We discuss four diverse projects:

e Anintelligent data visualization tool from Paris.

e Tools for predicting and mitigating long-term unemployment by suggesting relevant training.

e A COVID-19 mortality surveillance platform in Portugal.

e Atool for visualizing domestic violence data, which involves complex data aggregation tech-
niques.

Drawing from interviews, research, and identified benchmarks, we have compiled best practices for
executing successful data science projects. This guidance includes project qualification criteria, data
maturity concepts, and strategies for effective partnership and teamwork.

Project Lifecycle and Ethical Considerations

Understanding the typical lifecycle of a "data for good" project can enhance communication and or-

ganization. Frequent meetings and effective partner engagement are critical components emphasized
in this cycle. Ethical and legal considerations are crucial when working with data. Our course provides
insights into these issues, ensuring you are well-prepared to handle data responsibly in your projects.
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Conclusion and Future Directions

In our final session, we offer a brief summary of the material covered and a forward-looking perspec-
tive on areas warranting further research and exploration. We invite you to engage with this material
at your own pace and according to your learning preferences. We hope you find the sessions insight-
ful and conducive to your objectives in data science for social good.

Introduction to Data Science

Understanding Data Science

In this introductory session to data science, we will explore the essential components that make up
the field of data science and highlight the most significant aspects of this rapidly evolving discipline.
The session is designed to provide a comprehensive overview, helping you understand the intercon-
nected nature of data science.

Machine
Learning Math &

Statistics
Data
Science
Software Traditional
Development Research

Domain Knowledge

Figure 3: Elements of Data Science.

Data science is a multifaceted field, drawing from several disciplines. It combines elements of com-
puter science, particularly software development and machine learning, with mathematical and sta-
tistical methodologies. This interdisciplinary nature allows data scientists to tackle complex prob-
lems by leveraging domain-specific knowledge. The term “Data Science” was introduced in the
1960s as a profession dedicated to handling and interpreting large datasets. Over time, it has
evolved to become a critical discipline in business, research, and social initiatives.

Computer science contributes essential skills in software development and machine learning, which

are crucial for creating algorithms capable of processing large datasets. Mathematical and statistical
knowledge enables the development and refinement of models that can extract meaningful insights
from data. Machine learning is particularly noteworthy as it represents a key component of artificial

intelligence (Al). It involves training algorithms on large datasets to recognize patterns and make pre-
dictions, connecting traditional statistical methods with cutting-edge Al techniques.

Domain knowledge serves as the foundation for any data science project. It informs the formulation
of research questions, which guide the entire data science process. These questions often stem from
fields like economics, business administration, and increasingly, social sciences. Asking the right ques-
tions is crucial for ensuring that data-driven methods provide accurate and valuable answers.
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In recent years, many data science questions have arisen from sectors such as business and computer
science. However, as we will explore in subsequent sessions, social sciences are becoming a very rich
source of inquiry, necessitating a solid understanding of these domains to frame questions effectively.

The Role of Big Data

The exponential increase in available data, driven by digital transformation and social media expan-
sion, has made big data a central focus of data science. Analysing this vast quantity of information
requires innovative approaches and robust processing capabilities.

Big data is generally characterized by five V's: Volume, Velocity, Variety, Veracity, and Value.

e Volume refers to the sheer quantity of data being generated, from diverse sources such as
social media, transactions, and sensors.

e Velocity describes the speed at which data is generated and processed. In today’s digital age,
information is available almost instantaneously, requiring real-time processing capabilities.

e Variety includes the different types of data formats, both structured (like databases and
spreadsheets) and unstructured (such as text and multimedia content).

e Veracity addresses the quality and reliability of the data, crucial for ensuring accurate data
analysis and decision-making.

e Value emphasizes the importance of extracting meaningful insights from data, highlighting
the potential business and societal benefits of data analysis.

Handling big data presents several challenges, including managing its volume and velocity while
ensuring its quality (veracity). Additionally, the varied nature (variety) of data demands flexible
processing strategies. Understanding the value of data often emerges only after it has been
analysed, complicating initial data collection efforts.

Data Processing Workflow

Data
Cleaning
and
Preparation

Data
Analysis

Data
Exploitation

Data
Gathering

Figure 4: Overview of the data processing workflow.

The data processing workflow begins with clear problem framing. This step involves articulating
a specific research question or problem statement, informed by domain knowledge, to guide the
data science project.

Data collection is a critical next step, involving the acquisition of relevant data from various sources.
This could include APls, sensors, or web scraping techniques. Once collected, data must be cleaned
and prepared to address issues like missing values or outliers. This preparation is often the most
time-consuming stage, demanding careful synchronization and integration of diverse data types.

During the data analysis phase, statistical and mathematical models are applied to distil insights from
the prepared data. Selecting the appropriate models is crucial for the validity of any conclusions, with
techniques ranging from traditional statistics to advanced machine learning algorithms.

Interpreting the results involves aligning the analysis outcomes with the original research question.
Effective communication of these findings is essential, especially when sharing insights with stake-
holders who may not have technical expertise. This requires skills in data visualization and results
presentation to ensure clarity and relevance.
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Ethical Considerations in Data Science

Ethical considerations are paramount in data science, particularly given the impact of data-driven
decisions on individuals and society. Ethics guide the responsible use of data, helping to determine
what is considered right or wrong in data collection, analysis, and application.

Several key ethical issues require attention:

e Decision-Making Accountability: Determining who is responsible for decisions made by
algorithms, such as those in autonomous vehicles, is a critical ethical concern.

o Data Privacy and Confidentiality: It is essential to protect personal and sensitive data,
ensuring it is used appropriately and with consent.

e Data Ownership: Understanding who owns the data and the implications of data sharing
including questions of licensing and accountability are integral to ethical data management.

Addressing these ethical challenges involves setting clear guidelines and boundaries for data use as
well as a balance between technological advancement and responsible usage to ensure fair and unbi-
ased outcomes. This includes considering the direct and indirect impacts of data decisions, ensuring
privacy and confidentiality, and clarifying data ownership responsibilities.

Conclusion

In this session, we have covered the components of data science, the challenges and characteristics
of big data, the data processing workflow, and essential ethical considerations. These foundations
provide a framework for understanding the complex and dynamic nature of data science.

As we continue in this course, we will delve into specific projects that illustrate these concepts in
action, providing practical examples of data science at work. For further reading, we encourage you
to explore the supplementary materials listed at the end of this script.

Social Data Science: Understanding its Role and Impact

Introduction to Social Data Science

Welcome to the second session of our EPSILON course on social data science. Building on our previ-
ous discussion about data science in general, in this session we will delve into the concept of data
science for social good, often referred to as social data science. Our focus will be on defining social
good, identifying relevant data, and understanding the various organizations and individuals involved
in this impactful field. By the end of this session, you will have a clear understanding of how data sci-
ence can be applied to address global challenges.

The session will follow this agenda:

e Define the concept of social good.

e Explore relevant datasets necessary for conducting social data science.
e Discuss the terminology and framework of data science for social good.
e Highlight the goals and key players in this space.

Page 8 of 20



Understanding Social Good

Social good encompasses services or products that enhance human well-being on a large scale.
It refers to benefits that affect the largest number of people positively, such as clean air, water,
healthcare, and education. Social good addresses societal challenges, including climate change,
human rights, food security, and housing crises.

Social data science aims to provide data-driven solutions to these societal challenges. Organizations
dedicated to helping society play a crucial in tackling these issues through their focus on social good.

Data Sources for Social Good

Data plays a critical role in social good initiatives. Organizations rely on data from multiple sources
to develop solutions for societal problems. These sources can be categorized into:

e Internal Data Sources: These are generated within an organization, such as operational
data (staffing, client information) and outcome data (process documentation, service
results, impact measurements). This data is often crucial for understanding internal
processes and making informed decisions.

o External Data Sources: These include publicly accessible data and information from
outside the organization, such as government statistics (e.g. unemployment rates)
and other open data sources.

External data can be sourced from open data platforms such as Our World in Data, provided by the
University of Oxford, offering insights into global health and demographics. Other sources include
Statista and various national and regional databases that provide valuable context for social data
science projects. By utilizing these datasets, organizations can analyse trends, predict outcomes,
and develop data-driven solutions to social issues.

Data Science for Social Good

Data Science for Social Good (DSSG) bridges traditional data science with social impact, supporting
projects that address social issues. It involves using data analytics, machine learning, and artificial
intelligence in non-profit or public sectors to mitigate societal challenges.

The DSSG movement began in 2013 at the University of Chicago, aiming to train data scientists to use
their skills for positive social impact. While initially academic, it has grown into a broader movement,
engaging volunteers worldwide who offer data science services to NGOs and government bodies.

The primary goal of DSSG is to leverage data-driven decision-making to benefit non-profits, govern-
ments, and various social organizations. Volunteers, often professional data scientists and students,
contribute their expertise to enhance public welfare projects.

Related Initiatives and Movements

Similar initiatives like DataKind and CorrelAid operate under the same philosophy of supporting
social organizations through data science. These entities match volunteers with social projects,
often through events like hackathons and data dives, where teams work on real-world challenges.

DSSG initiatives highlight a vibrant community of data professionals dedicated to social good.
Volunteers typically work pro bono, using their skills to support initiatives in education, health,
and public welfare, creating a broad positive impact on society.
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Aside from academic roots, the DSSG movement has flourished globally, with numerous volunteer
networks springing up across Europe. These networks are instrumental in fostering local collabora-
tions between data scientists and social entities.

e DataKind: Founded in 2010/2011, DataKind was among the first organizations to match
data scientists with nonprofits and small businesses. They organize "Datathons," which
are 24-hour challenges where data scientists work intensively to solve social problems.
They also offer summer fellowship programs to train data professionals.

e CorrelAid: A network of over 2,400 volunteer data scientists who offer pro bono services
to nonprofit organizations. CorrelAid connects small teams of volunteers with NGOs in
need of data expertise, supporting them in project planning, analysis, and consulting.

‘i/\.h '

os2% NGO'S
e, GOUVERNMENTS
DECISION-MAKING BODY SOCIAL ORGANIZATIONS
DATA SCIENCE MANAGERS SOCIAL POLICY
OTHER MANAGERS EDUCATION
MENTORS & EXPERTS HEALTH
DATA SCIENCE & POLICY STAFF PUBLIC WELLFARE
GENERAL/ SUPPORT STAFF e
o _ As0:A
... . . .”LHA =

Figure 5: Who does Data Science for Social Good?

Conclusion

In this session, we've explored the foundations of social data science, defined social good, and
examined the integral role of data in addressing societal challenges. We discussed the evolution
of DSSG and the collaborative nature of volunteer-based initiatives like DataKind and CorrelAid.
As we continue our exploration of social data science, this session provides context for
understanding the powerful intersection of data science and social impact.

Comparative Analysis of Data for Good Initiatives

Introduction

In this third session on data science, we will look at a comparative analysis of "Data for Good" initia-
tives across Europe. In our previous session, we already explored the concept of social data science
as a collaborative space filled with those diverse initiatives driven by volunteers who lend their data
science expertise to social organizations.
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The Landscape of Data for Good Initiatives

The European landscape of data for good initiatives is vast and varied, with many organizations and
efforts dedicated to supporting social projects through data science. This overview builds on a bench-
mark report conducted as part of our European Union-funded project. The report, with major contri-
butions from the Nova SBE Data, Operations & Technology Knowledge Center in Lisbon, provides an
academic perspective on this growing field.

Our research identified 47 initiatives in Europe, with additional initiatives in the United States, Aus-
tralia, Thailand, and other countries. While our focus is on Europe, it's important to note the global
reach of data for good initiatives, even if the density of such initiatives is particularly high in Europe.

84%

47

EUROPE (1]

n

NORTH AMERICA

Figure 6: Global distribution of DSSG initiatives identified during project EPSILON.

Characterizing Initiatives

To better understand these initiatives, we identified five key indicators: Status and Legal Structure,
General Operations, Working Methodology, Human Resources and Financing as well as Impact.

Status & Legal Working
. Methodology Impact
VELELES .
- . Variables related
concearning the Variables related ;
General Status @ e e to Social Impact
) Y and performance
and Legal projects are indicators
Structure. carried out. '
Current Status, e.g. Geographical Working Funding and KPIs (General),
Ownership, Legal Scope, Type of Methodology, Sources, Number of KPIs (Impact),
Format Activities, Preferred Project Duration, Employees, Social Impact
Industry, Type of Team Size, Team Organizational Area

Partnership Constitution Structure

Figure 7: The key indicators used to characterize and compare the DSSG initiatives.
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e Status and Legal Structure: Initiatives are largely volunteer-driven, with their legal formats
varying by country and depending on individual preferences of the founders.

e General Operations: The type of services offered and partnerships formed heavily influence
operations. These services vary based on the locality and the specific needs of beneficiaries.

e Working Methodology: Initiatives employ various methodologies, ranging from hackathons,
where teams tackle problems in a short burst of activity, to longer projects requiring sus-
tained commitment over several months. The choice of methodology often depends on
volunteer availability and project requirements.

e Human Resources and Financing: Financing and human resources are critical to these initia-
tives. Funding sources may include corporate sponsors or be entirely volunteer-driven. This
influences the legal responsibilities and organizational structure significantly.

e Impact: Impact is assessed through indicators like social impact measurements and project
results. Key performance metrics include the number of projects completed and the commu-
nity members involved, reflecting the initiative's reach and effectiveness.

Main Findings

Our survey found that 89% of the initiatives operate privately and 93% are nonprofit. These figures
emphasize the grassroots, volunteer-driven nature of most organizations involved in social data sci-
ence. Many initiatives have emerged in the last five years, highlighting a trend towards more active
and engaged volunteer communities. The high turnover of volunteers, often due to personal commit-
ments or professional changes, presents ongoing challenges in maintaining momentum and continu-
ity. A common collaboration type is data partnerships, where social organizations provide datasets to
volunteer data scientists who analyse and extract insights. This emphasizes the symbiotic relationship
between data providers and analysts. Volunteer motivations vary, with many individuals aiming to
do good, gain experience, or expand their professional networks. Initiatives leverage these motiva-
tions to attract participants and keep projects dynamic and impactful.

Typical projects last between four to six months, requiring careful alignment of volunteer availability
with project demands. Coordination and project acquisition are crucial, as they involve nuanced un-
derstanding between social organizations and data scientists. Project teams usually consist of six to
eight members with varied backgrounds, emphasizing the need for diverse skill sets and collabora-
tion among volunteers to achieve successful outcomes.

Impact measurement remains a challenge, with many initiatives assessing their success based on
project results. However, longer-term social impacts are less frequently measured due to resource
constraints. The most common areas of focus are health, well-being and climate action, reflecting
current societal challenges.

These areas drive the project themes and align with broader social development goals. In summary,
data for good initiatives in Europe demonstrate a strong commitment to leveraging data science for
societal benefit. Despite some clear challenges, the continued growth and engagement in this sector
are promising, showing potential to tackle pressing social issues through data-driven approaches. By
identifying key success factors and impact metrics, DSSG volunteers can support their organizations
in driving meaningful social change.
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Selected Use Cases in Social Data Science

Introduction

In this fourth session of our class on social data science, we will explore selected use cases to illus-
trate how data science can be applied effectively for social good. We will provide insights into four
different projects, each showcasing a unique approach to addressing societal challenges through
data science.

The goal of this session is to provide a detailed overview of typical data science projects in the realm
of social good. By examining these use cases, you will gain a better understanding of the diverse ap-
plications of data science and how they can drive impactful decisions and solutions.

Use Case 1: Bicycle Parking Spots in Paris

Project Overview

Our first project focuses on an intelligent data visualization designed to enhance bicycle infrastructure
in Paris. The objective was to support data-driven decision-making for the City of Paris Mobility De-
partment to identify new bicycle parking locations.

Team and Stakeholders

The project involved several volunteers from CorrelAid, divided into data and research teams. The
stakeholders were the City of Paris Mobility Department, aiming to support their transition to green
mobility as part of an initiative to enhance cycling infrastructure.

Data and Methods

The team utilized open-government data, including existing bicycle parking locations, train station vis-
itor statistics, traffic volume, and public spaces. Data aggregation, normalization, and cleansing were
vital steps to ensure relevant, high-quality input for their intelligent dashboard design.

Results

A smart data visualization was created, enabling easy visualization of demand and supply indices
across Paris. This tool helped identify areas with the highest parking demands, supporting efficient
planning and resource allocation.
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Figure 8: This dashboard provides an easy visual access to otherwise complex data (© CorrelAid).
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Use Case 2: Predicting Long-Term Unemployment in Portugal

Project Overview

The second project aimed to develop tools for predicting long-term unemployment in Portugal, assist-
ing counsellors in creating personalized action plans for job seekers.

Team and Stakeholders

Led by the Data Science for Social Good (DSSG) team in Portugal, the project was supported by ex-
perts from the Nova SBE Data, Operations & Technology Knowledge Center and involved collabora-
tion with The Institute of Employment and Vocational Training.

Data and Methods

Using a comprehensive dataset of 3.1 million individuals, the team applied machine learning tech-
niques to classify job seekers into high-risk and low-risk categories for long-term unemployment. A
recommender system was also developed to suggest appropriate training interventions.

Results

The tools effectively identified high-risk individuals and recommended suitable training, thus enhanc-
ing the efficacy of counsellor interventions and reducing reliance on experience alone.

Use Case 3: COVID-19 Mortality Surveillance Platform

Project Overview

This project developed a COVID-19 mortality surveillance platform to streamline data collection and
improve access to structured data during the pandemic.

Team and Stakeholders

Conducted by the DSSG Portugal team, the project was initiated without direct institutional sponsor-
ship but responded to the urgent need for structured data solutions.

Data and Methods

The project addressed the lack of well-organized mortality data by creating a web scraping tool that
transformed unstructured mortality rates into a downloadable and analysable format.

Results
A dynamic web scraping tool was developed, providing researchers with structured data, thereby aid-

ing in timely data-driven decisions during the ongoing pandemic.

Use Case 4: Domestic Violence Data Observatory

Project Overview

The final project involved the creation of a Domestic Violence Data Observatory to consolidate vari-
ous data sources related to domestic violence in Portugal.

Team and Stakeholders

Carried out by the DSSG Portugal team, the project aimed to address the fragmentation of existing
data sources without direct organizational sponsorship.
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Data and Methods

The team aggregated data from multiple reports and sources into a centralized repository, facilitating
an accessible, user-friendly dashboard for stakeholders.

Results

An intuitive dashboard was developed, displaying the incidence of domestic violence across regions,
thus simplifying data accessibility for policymakers and social workers.

Additional Projects and Conclusion

On our EPSILON platform, you will find further projects such as:

e Fraud detection in international development projects.
e Surveying interests of the elderly in rural areas.
e  Optimizing waiting times in veteran hospitals.

This session provided an overview of diverse use cases in social data science. Each project demon-
strated unique applications of data science to tackle societal challenges, offering valuable insights and
solutions. For more information on any project, please visit our EPSILON platform, where you can ac-
cess complete documentation, coding repositories, and points of contact.

Best Practices in Data Science for Social Good

Introduction

In this fifth and penultimate session of our course, we will dive into the best practices that have
emerged from our research and practical experiences in this field. These practices are designed
to guide you in creating impactful data for good projects that are both effective and sustainable.

Today’s session will cover:

e Defining a data for good project and understanding its key characteristics.
o Necessary skills and resources for a successful project.

e Assessing data maturity and leveraging it for project success.

e Addressing ethical and legal considerations within projects.

e Exploring project lifecycle and management structures to ensure success.

Defining a Data for Good Project

A data for good project is distinguished by its capacity to generate positive social impact while fos-
tering learning and development for all parties involved. Such projects typically involve partnerships
with non-profit or public organizations that lack the resources to conduct rigorous data analysis inde-
pendently.

When selecting project partners, it's essential to consider their legal structure and financial status,
as well as their alignment with your organization's values. A strong partner relationship is built on
shared goals and mutual benefits, ensuring that both volunteers and partners gain value from the
collaboration.
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Projects should be designed to provide a win-win scenario: volunteers can expand their skills and
knowledge while the partner organization benefits from data-driven insights that enhance their
operations or address societal challenges.

Project Requirements and Sustainability

Successful data for good projects necessitate a team composed of diverse skill sets, including exper-
tise in data science, project management, and domain knowledge relevant to the project's focus area.
It is crucial to match team members’ strengths with project demands to maximize effectiveness.

Before initiating a project, assess the partner organization’s data maturity. This assessment evaluates
the availability, quality, and suitability of data for analysis. Understanding data maturity helps in plan-
ning the project's data-related requirements and ensuring that realistic goals are set.

Project outcomes should ideally be sustainable, providing lasting value for the partner organization.
Deliverables should be comprehensively documented, ensuring that projects continue to benefit the
organization after volunteers have moved on.

Ethical and Legal Concerns

Ethical considerations are paramount when dealing with data, especially personal or sensitive infor-
mation. All projects should uphold high ethical standards and adhere to legal requirements, such as
GDPR, to protect data privacy.

Wherever possible, data should be anonymized to protect individual identities. Volunteers must be
cautious about data privacy and ensure that they have explicit permissions to use the data provided
by partner organizations.

Organizations should have legal advisors to address any legal concerns that arise, including contract
law and data privacy laws. Clear agreements with partners about data usage and project goals are es-
sential to protect all parties involved.

Project Lifecycle and Management

The lifecycle of a data for good project typically includes:

e Problem Identification: Clearly understanding the issue that the project seeks to address.

e Project Scoping: Defining project goals, deliverables, and timelines in close collaboration
with the partner.

e Volunteer Recruitment and Onboarding: Gathering a team with the necessary skills and
orienting them to the project.

e Project Execution: Implementing project plans, continuously engaging with partners to
ensure alignment.

o Impact Assessment: Evaluating the project’s outcomes and the social impact achieved.

Projects benefit from a structured organization involving such roles as project managers, technical
mentors, and data scientists. Clear responsibilities and communication pathways enhance team effi-
ciency and project outcomes.

Common pitfalls

Data for Good projects may offer great transformative potential, but they also come with a unique set
of challenges. Here are some common pitfalls that organizations might encounter:
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e Misaligned goals: Lack of clarity on objectives can lead to unrealistic expectations between
partners and volunteers. Projects without a clear "for-good" factor — where the social impact
is not evident or where learning opportunities for volunteers are minimal — tend to fail.

o Data challenges: Organizations may struggle to obtain relevant data due to privacy concerns,
technical limitations, or regulatory restrictions. Data may also lack completeness, accuracy, or
relevance, hindering meaningful analysis.

e Ethical concerns: Insufficient focus on ethical issues such as privacy, discrimination or bias
can harm affected groups or reinforce inequalities. Organizations may also fail to integrate
ethical considerations throughout the project lifecycle.

o Lack of sustainability: Projects often lack mechanisms for continuity after volunteer teams
leave. For instance, dashboards offering great real-time insights into data might be created
but cannot be maintained by the organization due to technical or financial constraints.

e Resource mismanagement: Projects that require volunteers to perform monotonous tasks
like data entry can lead to disengagement. Poor resource allocation or unclear roles within
the team can result in inefficiency and delays.

¢ Inadequate scoping: Overly ambitious or underdeveloped project scopes can lead to failure.
Examples for this problem are attempting to solve unsolvable problems or ignoring time and
resource constraints.

¢ Uncommitted or overwhelmed partners: Partner organizations that are not fully committed
or lack expertise can stall progress. Unrealistic expectations from partners, such as expecting
volunteers to replace paid labour, can also derail a project.

¢ Insufficient documentation: Lack of thorough documentation can make it hard for stakehold-
ers to understand or replicate outcomes, diminishing the project’s long-term value.

e Technical limitations: Dependence on specific tools or technologies can exclude team mem-
bers or create barriers for partner organizations. Over-reliance on automation may fail to cap-
ture human nuances crucial for social projects.

e Ignoring legal regulations: GDPR violations or similar legal oversights can result in meaningful
penalties and reputational damage.

By addressing these pitfalls proactively — e.g. through proper scoping, ethical integration, data readi-
ness, and sustainability planning — organizations can significantly enhance the success of their Data
for Good projects.

Conclusion

In this session, we have explored the main components that make a data for good project successful
— from selection and planning to execution and assessment. Emphasizing ethics and sustainability en-
sures that projects not only achieve immediate goals but also contribute to longer-term social bene-
fits. By applying these best practices, you are equipped to contribute effectively to projects that har-
ness data science for meaningful societal change. We conclude with four hands-on tips from the
DSSG organisations interviewed by team EPSILON on how to maximise the efficiency and impact

of DSSG projects:

o Define clear objectives, timelines, and deliverables.

e Use open tools like RMarkdown for reproducibility and interactive reporting.

o Document processes thoroughly, focusing on explanations rather than technical details.

e Prioritize ethical considerations at every stage to prevent harm and reinforce societal bene-
fits.
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Summary and Conclusion

Introduction

In this sixth and final session, we will try to summarize and conclude our exploration into the impact-
ful world of data for good. Our goal has been to provide a comprehensive overview of how data sci-
ence can be leveraged to address societal challenges and inspire meaningful change.

Course Overview and Key Takeaways

Throughout the course, we aimed to map the landscape of data for good, highlighting the robust eco-
system of initiatives and organizations active across Europe. We started by discussing foundational
concepts in data science and illustrating their application in social good initiatives.

We encouraged you to independently initiate and engage in impactful projects by understanding the
underlying motivations for data for good endeavours. The course emphasized the power of data sci-
ence as a catalyst for positive social change and inspired students and professionals to take action.

Collaborative Networking and Best Practices

Our discussions underscored the importance of networking and collaboration within the data for
good community. We promoted the establishment and expansion of initiatives, like the new Data Sci-
ence Lab at Vilnius University in Lithuania, which connect volunteers with impactful opportunities.

We stressed the importance of open-source solutions in enabling data enthusiasts to learn and grow
from shared experiences. By showcasing best practices, we highlighted the value of sharing project
findings and code, thereby strengthening the broader data for good movement.

Challenges and Opportunities in the Data for Good Landscape

While the data for good landscape is rich and diverse, it is often fragmented, presenting challenges in
coordinating and accessing vital resources. This fragmentation can hinder both volunteers seeking to
join initiatives and organizations seeking consultation.

Many data for good organizations lack visibility outside specific communities, leading to underutilized
resources. Effective marketing and outreach strategies are essential for maximizing the impact and
reach of these initiatives.

Advancing Data for Good Initiatives

The success of data for good initiatives relies heavily on effective knowledge management. As volun-
teers come and go, maintaining continuity and sharing best practices are crucial for carrying forward
organizational learning and impact.

Our course catered to various target groups:

e Students: Inspiring curiosity and showcasing how data science can solve real-world problems.

o Data Enthusiasts: Providing networking tools and resources to support project success.

o Nonprofit Organizations: Raising awareness of data science's potential for impactful
decision-making and simplifying access to expertise.
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Future Directions in Social Data Science

As we look forward, integrating artificial intelligence into social data science presents new opportu-
nities and challenges. Ensuring Al solutions are fair, transparent, and free from bias is essential for
maintaining public trust and integrity.

The focus should be on developing scalable and sustainable solutions that address complex social
challenges across regions. Collaboration among sectors will be key to achieving significant, long-term
impact.

Call to Action

We invite you to join the data science for good movement. Leveraging your skills to drive positive
change in society can be incredibly rewarding. Visit our EPSILON platform to explore opportunities
and connect with organizations making a difference.

Thank you for participating in this course. We hope to have sparked your interest and equipped you
with the necessary tools to contribute meaningfully to the field of social data science. We look for-
ward to seeing how you will make an impact and welcome you to continue this journey with us.
Any questions or interests can be directed to our contacts at EPSILON.

Thank you for your attention. We are eager to hear from you.
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