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EXECUTIVE SUMMARY

This deliverable summarises the concept of shared value creation and its potential for
reshaping the mining sector towards becoming more human centred and responsible.
Justification is provided on why this is important for the mining sector in a European
context in order to achieve the goals of the European Green Deal.

The Shared Value Index (SVi) is introduced and how building on milestone report M7, which
focused on available statistical and geospatial data sources that could be utilized to
develop an index that benefits from the emerging and innovative science of machine
learning and natural language processing.

The analysis is framed using the capital asset pentagon comprising financial, human,
natural physical and social capital assets and how they interrelated and are relevant for
analysing any given context.

Three research locations are described, summarising detailed descriptions from
Deliverable D3.10on Shared Values and Shared Value, these are the Nordic Region, the
Iberian Peninsula and Central Eastern Europe, as a representative sample of the cultural
diversity of Europe. These are also three areas well known to the research time, so any
findings can be related to known experience.

Machine learning and machine learning applications are introduced, and the proposed
approach described, drawing on the interplay between statistics and narratives and how
algorithmic analysis can be utilized to assess the context of an area, societal perceptions,
value chains analysis and corporate Environmental Social and Governance performance
and interests. A model was developed to illustrate the required process.

The innovative nature of the SVi and the current lack of available data sets to ‘train’
machine learning algorithms meant that an ‘expert ‘informed process was required to start
with. This resulted in five decision trees being developed that related to the respective
available statistical and geospatial data sets categorised according to the five capital assets.
Initial analysis of the statistical data suggests comparability with manual analysis of the
respective regions.

Moving forwards a meeting is planned between the data scientists of WP4 and the social
scientists of WP3 to finalise the required architecture for the SVi.
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1. INTRODUCTION

This deliverable draws on a combination of primary and secondary research undertaken
through the social science aspects of the VECTOR project. In response to Deliverable 3.1,
which concluded that the Social Acceptability Index, that was to be adapted from the Social
Licence to Operate Index model developed in the H2020 INFACT' research project, was
redesigned to capture and assess potential for creating Shared Value.

Beyond the legal requirements for a mining project to operate, it must also attain
acceptance and maintain that throughout its lifespan in order to conduct its business
without significant pushback from societal stakeholders, such as local communities and
governmental bodies (Badera, 2014). Data collected annually over 20 years shows that
when asked the question, “to what extent to do you see various industries fulfilling their
responsibilities to society?”, mining comes last and trust in the sector is at an all-time low?.
Simply put, mining is not trusted to act in the best interests of society. This lack of trust
persists despite the rapid growth in standards, protocols, and voluntary codes to report on
sustainability, environmental and/or social performance, good governance, and
transparency of processes - collectively regarded as Environmental Social and Governance
(ESG) issues. The intent of these reporting protocols is to allow those with an interest to
understand the sustainability impact of companies within the sector .

The increasing lack of trust in the mining industry has led some to believe that the mining
industry does not always have the best interests of society in mind (Conde and Le Billon,
2017). While this reasoning may be viewed as circular, there has been a gradual change
within the mining sector, albeit led by investors requirements, to manage ESG performance
in an attempt to reduce financial and business risks.

Creating shared value as a strategic approach to minimize risks and enhance the overall
resilience and success of projects is gaining traction across the global mining community.
Originally introduced in 2011 by Harvard professors Michael Porter and Mark R. Kramer in
their Harvard Business Review article 'Creating Shared Value,' this concept is applicable to
governmental bodies and non-profit organizations as well as the mining sector, as partners
in effecting meaningful and sustainable change on a large scale, benefitting multiple
stakeholders (Fraser 2019).

" https://www.infactproject.eu

2|CMM - The Most Valuable Commodity is Trust: Keynote Speech to BMO Global Metals, Mining &

Critical Minerals Conference



https://www.infactproject.eu/
https://www.icmm.com/en-gb/stories/2023/critical-minerals-conference
https://www.icmm.com/en-gb/stories/2023/critical-minerals-conference

aVAN

VECTOR Deliverable 3.2
s

In VECTOR, we regard shared value creation as a mechanism to foster and strengthen
meaningful and inclusive participation to enable transformative pathways for change,
through identification of priorities and collaborative opportunities with all stakeholders
(corporate, community and government) on sustainable solutions. However, the numerous
challenges faced by the mining sector, including conflicting interests, legacy issues,
complex regulations, limited resources, trust deficits, cultural barriers, and external
pressures can make the notion of creating shared value daunting.

Overcoming these challenges requires a concerted effort to identify opportunities to
prioritise sustainability, engage stakeholders effectively, and build trust through
transparent and responsible business practices, but where to start?

The first step is to determine the potential for shared value creation. To this end VECTOR
has been investigating how understanding of environmental, societal and governance
factors that contribute to potential for shared value creation can be determined using
publicly available data and machine learning and how this can be illustrated through a
Shared Value index (SVi).

Our research is focusing assessing potential for shared value creation within a European
context, with an initial focus on the minerals and mining sector. This has involved preparing
a framework for aligning regional development strategies, community perceptions and
priorities, capacity building, and corporate priorities, to identify areas where mining
operations could simultaneously generate economic value, optimize resource allocation for
sustainability projects and address societal challenges.

Such an approach contributes to an alternative model for mining in Europe that is
sustainable, responsible, and profitable. Placing a positive contribution to both economic
development and societal well-being at the centre of a business model, makes it more
‘human-centred’, in turn aligning it with the goals of the EU Green Deal.

Assessing SV creation potential could change the fundamental way companies operate
through aligning business success with positive societal development. EU policies on
circular economy, climate change mitigation, and sustainable development goals provide a
backdrop against which SV potential could be measured. The EU also benefits from a large
amount of statistical data that provides insights into regional economic development,
employment trends, environmental impacts, and social well-being metrics. Analysing this
data allows for the identification of potential opportunities within a given geographical
context for a potential mining operation to align their business models with regional
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development priorities and the EU Green Deal, fostering sustainable development,
environmental conservation, and social wellbeing.

The research will determine if machine learning can be being used to support the
identification and assessment of the potential for shared value. Through an informed
process, it will be determined if analysing large statistical datasets can identify patterns
trends and correlations, automating analysis of corporate data, social media, news articles,
and sustainability reports to highlight opportunities for most significant positive impact. By
identifying patterns and trends between business activities and potential societal benefits,
the research will investigate if machine learning can identify potential for SV initiatives,
predict their outcomes, and measure their effectiveness over time, ultimately guiding
strategic decisions towards more socially responsible business practices.

2. CREATING SHARED VALUE

The perception of and responses to mining in Europe depend on various complex factors,
including environmental, social, and economic considerations. Environmental concerns
such as habitat destruction, water contamination, and air pollution are significant issues of
concern that are often raised in relation to mining activities (Franks et al. 2014, Kapyla, J.
2021) Additionally, health and safety risks are associated with mining operations, including
exposure to hazardous substances and accidents, contribute to (community and wider
societal) opposition and scepticism (Kolk & Lenfant, 2015). Land use conflicts arise as
mining projects compete with other land uses such as agriculture, tourism, and
conservation, leading to disputes over resource allocation and land rights (Jenkins & Obara,
2014). Social disruption, including population displacement and changes in traditional
livelihoods, further exacerbates tensions within communities and undermines social
cohesion (Pfitzer et al., 2013). Cultural and heritage impacts are also of concern, with
communities advocating for the preservation of cultural identity and heritage sites
threatened by mining activities (Morsing & Schultz, 2006). Lack of trust and transparency in
mining companies, coupled with regulatory challenges and enforcement gaps, further
erode community confidence in mining projects (Margolis et al., 2007, Proctor & MacCallum
2019). Lastly, long-term impacts and legacy considerations, such as mine closure planning
and post-mining rehabilitation, necessitate proactive measures to address environmental
and social risks (Kolk & Lenfant, 2015). It is essential that the mining sector addresses these
issues. This requires collaborative efforts among stakeholders, adherence to sustainable
mining practices, and effective regulatory frameworks to ensure responsible mining
operations that prioritize environmental protection and community well-being. The
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creating shared value concept introduced by Porter and Kramer (2011), presents mining

companies with an alternative approach to considering and engaging with environmental

and social legacy issues and complexities of a context and to determine potential solutions
as an alternative business strategy. This involves framework for identifying opportunities to

improve socio-economic outcomes and related core business performance (Fraser 2019) .

In VECTOR, this is translated as a strategic approach to influencing a more human-

centered approach to mining. Being able to demonstrate that responsible mining practices

prioritising societal and community collaboration, can be aligned with a company's success

is an important step for mining companies to regain trust.

hared Value creation can support companies in several ways:

1.

SV initiatives are designed to address societal needs and challenges, such as
poverty, inequality, and environmental degradation. By directly addressing these
issues, businesses can build trust and goodwill within communities, fostering social
acceptance of their operations (Porter and Kramer 2011).

SV involves engaging with a wide range of stakeholders, including local
communities, NGOs, governments, and service providers. Through meaningful
engagement and dialogue, insights into community priorities, concerns, and
aspirations can be gained, leading to more socially responsible decision-making and
increased social acceptance.

SV seeks to create value for both businesses and society, emphasizing mutually
beneficial outcomes by developing initiatives that deliver tangible benefits to
communities while also generating business value. Such demonstration of
commitment to social responsibility can earn the trust and support of stakeholders.
Collaborating with local organizations, governments, and community groups can
enhance the effectiveness and sustainability of SV initiatives. By working together
towards common goals, businesses can leverage the expertise, resources, and
networks of partners, increasing the positive impact of their initiatives and
strengthening social acceptance.

Prioritising SV suggests a responsible corporate culture committed to making a
positive difference in society. By demonstrating such commitment to social and
environmental stewardship, projects can enhance their reputation, leading to
increased social acceptance among stakeholders.

Transparency and accountability are essential components of SV. Openly
communicating about social and environmental impacts, goals, and progress,
projects can demonstrate their commitment to transparency and accountability,
fostering trust and social acceptance among stakeholders.
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Shared Value creation can play a crucial role in aligning corporate objectives with societal
needs, engaging stakeholders, creating win-win solutions, building partnerships, enhancing
reputation, and promoting transparency and accountability. Understanding what potential
there is and what opportunities there are for creating shared value in a proposed or
existing project area could contribute to building resilient, inclusive, and sustainable
communities.

Through VECTOR we are undertaking research to develop an open-source online screening
tool called the SV index for identifying and assessing the potential for SV for business. The
SV index is intended to be a screening tool to kickstart a dialogic process to grasp the
opportunity or potential for shared value creation, if and/or when a certain contextual and
perception-based threshold is achieved. It is not intended to replace any regulatory
requirements, neither is it aimed at a particular group of stake / rights-holders and/ or duty
bearers.

It is intended that development of the Shared Value index will facilitate access to and
understanding of potential for creating shared value as an ethical imperative that is
beneficial for business sustainability.

The first step in this process is developing a framework and then to experiment and see if
and how machine learning can be utilised and to what extent.

3. FRAMING THE RESEARCH
3.1. Potential for creating Shared Value with Machine Learning

Building on work undertaken in the H2020 INFACT research project, Creation of Shared
Value opportunities has been framed into two phases, each with two steps, Phase 1:
Development of an index to assess potential for creating shared value (SVi 2.0), and Phase 2:
Shared Value Opportunity Creation. This research focuses on Phase 1, to develop a
structured approach to assessing opportunities for SV in a European context, with a
particular focus on how machine learning can be deployed in the development of an index
for demonstrating the degree of potential for shared value creation within a given context.

Europe and the EU in particular have an impressive bank of data that covers most aspects
of society, environment and governance contexts. This was detailed in the VECTOR
Milestone Report M7 Data sources on social accessibility identified. Much of the data
required for Phase 1.1: Understanding the context, is in the public domain and available
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through Eurostat data sets, policy and strategic development documents, corporate
reporting and media sources. Machine learning can support understanding the context
through the analysis of social data, statistics, sustainability reporting, and policy
documentation automating data processing, identifying patterns and trends, assessing
stakeholder perceptions, analysing policy impacts, monitoring compliance, and supporting
decision-making processes.

This is summarised in Table 3.1-1

Table 3.1-1 Shared Value Creation Phases

Phase Detail Role of machine learning

1.1 Evaluate relevant EU policies, directives, Machine learning algorithms can

Understanding | and initiatives to understand the efficiently process large volumes of

the context. overarching context and priorities. diverse data sources, including:
Analyse regional demographics, analysing policy documentation
economic structures, environmental and legislative texts to identify key
conditions, and social dynamics to themes, policy priorities, and
identify unique challenges and regulatory trends; identifying
opportunities. patterns, trends, and correlations
Utilize Eurostat datasets to gather within social data, statistics, and
quantitative information on sustainability reports.

demographics, employment, education,
health, environment, and economic
indicators

Conduct surveys and focus group
discussions to gather additional insights
into community priorities, perceptions,

and values.

1.25V The priorities aspirations, and concerns Performing sentiment analysis on

Opportunity of local communities, civil society social media data, community

Identification organizations, businesses, and feedback, and stakeholder
government agencies. communications to gauge public
The regional development priorities as sentiment and perceptions;
detailed in regional, district and local Regional and local government
development plans aligned with development strategy and policy
sustainable development principles. and planning documentation;
Corporate reputation interests and ESG Corporate profiles and ESG
priorities, effectiveness of stakeholder performance and compliance.

engagement, commitments to
sustainable development and compliance | Advanced data visualization

with Good International industry Practice. | techniques can then map these
relationships, highlighting areas of
inefficiency or opportunity.
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2.1 Strategic Facilitate dialogues and partnerships among stakeholders to co-create solutions and
Mapping and foster collaboration towards common goals.
Prioritization Assess risks and opportunities associated with SV initiatives, considering factors such

as regulatory compliance, market demand, and stakeholder engagement

Involve stakeholders in the design and implementation of SV projects to ensure
relevance, ownership, and sustainability.

Embed sustainability principles into project design and implementation

Value chain analysis of potential opportunities

2.2 Monitoring, | Develop key performance indicators (KPIs) to monitor and evaluate the impact of SV
Evaluation, and | initiatives on economic, social, and environmental outcomes.

Learning Foster a culture of learning and adaptation, using monitoring and evaluation
findings to refine strategies, enhance effectiveness, and scale successful initiatives.

Share insights, best practices, and lessons learned with stakeholders, peer
organizations, and policymakers to inspire replication and scaling of successful SV
models

Provide training and capacity-building support to empower stakeholders to
implement SV initiatives effectively and sustainably.

3.2.Framing the Analysis

Understanding the context of an area, a region, a nation state, where a project is planned is
an essential first step and one that can draw on the vast amount of open-source Eurostat
data and other publicly available data. Analysis of this data, again building on the research
undertaken in INFACT, uses the Sustainable Livelihoods Framework (SLF) to provide a
structured, multidimensional approach to understanding the context of an area. This can
facilitate a deeper understanding of the social, economic, and environmental contexts in
which SV opportunities or potential exist.

Focusing on the framework's five key capital assets: human, social, natural, physical, and
financial, the SLF considers various dimensions of livelihoods, including economic, social,
human, natural, and physical capital. Analysing Eurostat data within this framework,
enables a holistic understanding of the factors influencing livelihoods in a particular area,
beyond purely economic indicators.

Data related to employment rates, education levels, and health statistics can inform human
capital analysis. Social capital can be assessed through data on community networks and
social cohesion indicators. Environmental statistics provide insights into natural capital.
Infrastructure data can help evaluate physical capital, and income levels and economic
indicators can inform financial capital assessments, facilitating a comprehensive
understanding of livelihood sustainability in the EU context.

VECTOR - Deliverable 3.2 - Shared Value index 2.0 and Machine Learning
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Building on a data-driven understanding of the social, economic, and environmental
landscapes or context in which a project seeks to operate, understanding societal
perceptions and sentiments, could further enable the identification of synergies and trade-
offs among different capital assets. Informing the design of targeted interventions. To
facilitate this, natural language processing techniques are being deployed.

Social Capital Assessment: Utilizing sentiment analysis to gauge the social capital in
communities—characterized by trust levels, social cohesion, and community
engagement—presents an innovative approach to understanding the fabric of societal
interactions. According to a World Bank report in 2001, social capital is multifaceted and
crucial for societal well-being and economic development, facilitating collaborative
partnerships and collective action essential for effective SV (Dasgupta and Serageldin
2001). Positive sentiments and perceptions of trust and cohesion are indicative of strong
social capital, which can significantly enhance the success of SV by fostering a cooperative
environment.

Human Capital Development: Sentiment analysis can also play a pivotal role in evaluating
public discourse on education, skills development, and employment opportunities, serving
as a barometer for human capital development prospects. The United Nations
Development Programme (UNDP) emphasizes the importance of investing in human
capital for achieving sustainable development goals, including quality education and decent
work (UNDP, 2020). Positive public sentiments towards access to education, training
programs, and job prospects can highlight areas ripe for SV aimed at bolstering human
capital and workforce development.

Community Well-being and Livelihoods: Analysing perceptions and sentiments
concerning quality of life, access to basic services, and socio-economic opportunities
provides insights into the well-being and livelihoods of communities. Community-led local
development (CLLD) is an EU approach involving citizens at local level in developing
responses to the social, environmental and economic challenges they face, in the form of
an integrated development strategy for their area. Identifying negative sentiments can
uncover challenges and vulnerabilities, linking SV potential to CLLD and improving
community livelihoods and resilience.
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Environmental Sustainability: Sentiment analysis regarding environmental issues,
sustainability practices, and conservation efforts offers insights into public environmental
consciousness and attitudes. The positive public sentiment towards environmental
conservation, renewable energy, and sustainable resource management presents an
important indicator for SV potential, and initiatives that promote environmental
sustainability and stewardship, aligning with the global agenda for sustainable
development (United Nations, 2015).

Policy and Governance: Evaluating perceptions and sentiments towards government
policies, regulatory frameworks, and corporate practices can influence governance
dynamics and decision-making processes. Public feedback, whether in the form of
concerns, criticisms, or support, can inform assessments of governance effectiveness and
highlight opportunities for enhancing policy coherence and corporate accountability
through SV (OECD, 2021).

It is anticipated that Machine Learning will enhance the effectiveness, efficiency, and
scalability of the analysis. Leveraging advanced data analytics and predictive modeling will
make it possible to determine positive intersections between the priorities of communities'
regional development priorities and the corporate interests of potential mining projects.

Corporate ESG Interests: In parallel to this deliverable, WP3.2 has also been investigating
how to assess the Environmental, Social and Governance profile of a range of mineral and
mining companies, across the same three regions: Nordic, Iberian and CEE. This involved
participating companies, self identifying their ESG performance and interests as well as
VECTOR researchers undertaking screening of what is said about these companies in the
public domain. One of the outcomes of this research will be a code book that can hopefully
be used as part of the SVi to assess potential for shared value creation. Also, just as both
deliverables are being prepared, the World Bank International Finance Corporation has
launched an open source ESG screening tool they developed for internal due diligence. The
intent is as it is used, sufficient data will be accesses to train machine learning algorithms
to determine what good and bad ESG performance looks like. The IFC Private Sector Guide

and Dataset are designed for companies and investors looking for connections between
their ESG risk management practices and delivering positive outcomes for the society and
the planet. (IFC 2024)

3.3. Research Locations


https://ifc.us15.list-manage.com/track/click?u=f7e733abd944f2b4fa2cdfa4b&id=b9d99c3108&e=c1dde1f32d
https://ifc.us15.list-manage.com/track/click?u=f7e733abd944f2b4fa2cdfa4b&id=b9d99c3108&e=c1dde1f32d
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The European Union (EU) is a mosaic of diverse regions, each with its own cultural,
economic, and political characteristics. Broad representation of EU member states in
research projects is crucial for producing robust, relevant, and inclusive research outcomes
that address the diverse needs and realities of the European Union. For purpose of
continuity in this aspect of the research the same three regions from VECTOR Deliverable
D3.1 on Shared Values were focused on, these were the Iberian Peninsula, the Nordic
region, and Central Eastern Europe. Together they present a diverse and representative
sample for assessing the potential of creating Shared Value (SV) initiatives within the
European Union (EU). The summaries below are adapted from Deliverable 3.1.

The Iberian Peninsula, comprising Spain and Portugal, represents the southwestern edge
of Europe, with a rich history and a blend of traditional and modern influences.
Economically, Spain and Portugal have faced challenges like high unemployment but have
shown resilience in navigating crises. Politically, they have transitioned from authoritarian
regimes to vibrant democracies, actively participating in EU affairs and contributing to
debates on issues like migration and regional cohesion.

The perception of mining in the Iberian Peninsula is complex and multifaceted, reflecting a
combination of economic, environmental, social, and cultural factors. While mining has
played a significant role in the region's history and economy, concerns about its
environmental and social impacts have led to increased scrutiny and debate in recent
years. Mining operations have been associated with social conflicts, as local communities
may resist or protest against the negative effects of mining on natural habitats, water
sources, their livelihoods, health, and quality of life.

In contrast, the Nordic region, including Denmark, Finland, Iceland, Norway, and Sweden,
epitomizes social welfare, sustainability, and innovation. With strong welfare states and a
commitment to environmental protection, the Nordic countries boast high living standards
and progressive policies. Characterised by political stability and consensus-based decision-
making, the Nordic Region historically advocates for liberal values and human rights within
the EU, while also championing sustainability initiatives and renewable energy.

Across the region, mining is recognised as an important industry, by respective
governments, with an emphasis on responsible practices that minimize negative impacts
on the environment and communities. Social conflicts have arisen over issues such as land
use, indigenous rights, and the distribution of benefits from mining activities.
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Central Eastern Europe (CEE), encompassing countries like Poland, Hungary, Czech
Republic, and Slovakia, presents a dynamic landscape shaped by post-communist
transitions. These countries have experienced rapid economic growth since joining the EU
but have had to grapple with issues such as corruption and economic disparities. Politically,
some Central Eastern European nations have witnessed shifts towards populism and
illiberal democracy, leading to tensions with EU institutions over matters like the rule of law
and media freedom. These countries have experienced rapid economic growth but also
face issues such as corruption, economic disparities, and environmental degradation.
Mining has a deep-rooted history in many CEE countries, with some regions having been
significant mining centers for centuries. This historical legacy can shape perceptions, with
mining often seen as part of the cultural and economic identity of certain communities.
While mining has created jobs and economic opportunities, there are increasing levels of
social disruption and tensions between mining companies, local communities over issues
like land rights and the distribution of benefits from mining activities.

Together, these three regions within the EU embody a spectrum of experiences and
challenges within the European project and were consequently selected as target regions
for the development of the creating Shared Value index.

Three critical raw material mineral and mining projects were selected, one from each of
these regions. In line with our ethics principles, they are not named, and all data used was
sourced in the public domain. An initial analysis of the three projects and their host regions
was performed using the social licence to operate/ social acceptability index developed
through INFACT.

Publicly available data sets for the respective parameters were identified and detailed in
the VECTOR Milestone 7 ‘Data sources on social accessibility identified'. This was transferred to
the WP4 team, who proceeded to examine and develop automated mechanisms for
accessing and using this data, through ‘web scraping’ and machine learning. This
transformative approach will enable the extraction of actionable insights from vast and
diverse datasets.

4. MACHINE LEARNING APPLICATIONS

4.1. Web scraping
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Combining the social science expertise from WP3 with the data and machine learning
expertise from the WP4 team, a process is being developed to extract valuable insights
from diverse publicly available sources such online databases, websites, and social media
to develop a comprehensive assessment of the SV potential across the three projects in
their respective locations.

The intention is to harness the power of web scraping to gather data and employ advanced
machine learning models to analyse complex patterns and trends, uncover hidden
correlations, identify emerging opportunities, to determine the transformative potential in
driving evidence-based decision-making for a diverse range of stakeholders.

The intersection of web scraping techniques and machine learning algorithms represents a
significant advancement in how researchers can access and analyse vast amounts of
publicly available data. This convergence of expertise from social science teams with the
technical skills of data and machine learning specialists, will develop a process to extract
insights from diverse sources such as social media platforms, online databases, and
websites. This collaborative effort aims to construct a comprehensive assessment of the SV
potential within mining projects across different geographical locations.

Web scraping serves as a pivotal tool in this process, enabling the automatic extraction of
data from various web resources. Through automated methods, web scraping techniques
navigate web pages, locate specific content, and extract relevant information, thereby
streamlining the data collection process. This facilitates the analysis of extensive datasets,
which would otherwise be impractical to gather manually.

Key challenges in web scraping include dealing with dynamic content, ensuring legal
compliance, and performing data cleansing to maintain data integrity and quality.

The process of web scraping involves selecting appropriate tools and libraries,
understanding the structure of web pages, and employing techniques to locate and extract
desired data elements effectively. Python libraries such as BeautifulSoup, Scrapy, and
Selenium are commonly used for web scraping tasks, offering functionalities to fetch web
pages, parse HTML content, and extract data efficiently. Strategies will be developed for
handling dynamic content, respecting website policies, and optimizing performance as
essential considerations for successful web scraping.

The research will assess web scraping potential for gathering real-time data and leveraging
advanced machine learning models to uncover hidden patterns, correlations, and emerging
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opportunities. By harnessing the power of web scraping and machine learning, the VECTOR
SVi will facilitate evidence-based decision-making for a diverse range of stakeholders
involved in mining projects.

4.2.Preparing a Machine Learning Decision Tree

Interpreting and giving meaning to the data ‘scraped’ from all of Eurostat and other public
sources requires analysis. Consequently, the Social Science team within WP3 were tasked
with preparing a Decision Tree to guide this as a precursor to Machine Learning. Decision
trees are a form of flowchart that help make decisions based on certainty. They are used in
machine learning when you need a transparent, interpretable model for classification or
regression tasks, when you want to analyse feature importance, when dealing with mixed
data types, or as part of more complex ensemble methods. Such a ‘model' approach was
deemed appropriate for the SVi as it was being developed based on a limited sample of
data related to a limited number of projects. With an eventual goal to create a platform
that will enable SV potential to be determined from any given region in Europe and
processed automatically.

To automate this process, machine learning can be utilised. In the absence of significant
quantities of training data to train an algorithm, decision trees can be utilised to aid
decision-making (Friedl & Brodley, 1997). To ensure a machine-learning algorithm could
appropriately classify the three pilot areas without a wealth of data to call upon, an initial
decision tree was designed to ensure this. However, upon further discussion, the team
realised the design of this particular tree was flawed as the questions did not account for
every possible outcome of every scenario, as an appropriately designed tree should (Batra
and Agrawal, 2018). It was subsequently proposed that smaller, more refined , expert
based, decision trees were to be produced. The data sets included in this research can be
split into five Capital assets categories with further sub-categories. This allows for easier
comparisons between vastly different regions.

Preparing the decision tree for machine learning analysis of Eurostat data required
understanding the variables (features) available, their data types, and the structure of the
dataset including identifying any missing values, outliers, or inconsistencies.

As there wasnt enough training data at this stage, an expert based approach was utilised,
in which the weights are defined by an expert. The objective of the analysis was to
determine the potential for creating social value through context analysis. The data sets
were grouped into the five categories, associated with each of the five capital assets and
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then divided to respond to between three and four questions for each category. A target
variable was defined for each data set, in response to the overall objective. For example, it
was determined that higher unemployment rates in a region provided an opportunity for
SV (Khubana et al., 2022). Based on this, a region with an unemployment rate of >10% was
perceived to be better for SV.

Responses meeting or exceeding the target variables were scored as 1, responses not
meeting the target were scored as 0, and missing values were handled by replacing them
with 0.5 to acknowledge the degree of uncertainty of data. The average of each score for
each of the subcategories or questions was then calculated to normalise the results and
improve the performance of the decision tree algorithm. The idea of confidence values was
also discussed (Schweder and Hjort, 2002). For the averaged value of multiple outcomes, a
confidence value could be assigned based on the availability of data. For an outcome of a
subcategory where all of the values are present, one can assume with 100% confidence
that the value is correct. For scenarios where all outcomes cannot be calculated due to a
lack of data, a lower confidence value would be assigned.

To further improve on this and account for multiple scenarios, Confidence Intervals (ClI)
were indicated, to assess the level of (un)certainty. With the absence of sufficient data to
conduct random sampling, the WP3 team of social and data experts and researchers used
expert judgment to inform uncertainty assessments.

Within each capital asset category, if more than 25% of the identified data sets were
missing for a location-based question then the degree of confidence was highlighted. The
weight of an uncertain event is governed by its probability and without a known
probability, the average outcome can be assumed for this scenario (Chow and Sarin, 2002).
As such, a value of 0.5 was decided to be most appropriate for the outcome fields of
regions that did not have values for certain data sets.

The decision tree was broken down into into five parallel sub-trees resulting in five scores
that can be visualised in a pentagram to illustrate the interconnectedness of the different
capital assets and the degree of potential for shared value creation. Based on the results
from the five decision sub-trees, an assumption was made that shared value potential
exists if three or more of the capital assets meet and or exceed the target variables.
Based on the available data sets identified, a series of questions were developed for the
five parallel decision trees. The parameters are based on a detailed review of existing
available data from sources including the European Social Survey that feeds into the
wellbeing Index, Eurostat data and geospatial data. Scores are based standardized EU
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ratings. A summary of the questions for the five decision trees, based on identified data
sets is presented in Table 4.2-2 Decision Tree Questions

Table 4.2-2 Decision Tree Questions

Table 4.2-2 Decision Tree Questions

Capital Asset

Subcategory questions

Justification

educated young and working age
people in the area?

Category

Financial Is there a history of employment in Potential understanding of value chains
industry, agriculture and/ or mining? | and the sourcing and processing of raw

materials.

Do people have secure housing and/ | An indicator of potential issues related
or transport? to influx.
Are there structural funds in place to | Regenerative support and presence of
support regeneration? community led development processes.
Are there large numbers of educated | Potential interest in new opportunities
unemployed people?

Human Is there a high proportion of Potential interest in new opportunities

Is there a tradition of adult education
and/ or re-skilling?

Potential interest in new opportunities

Are people healthy?

Quality of life indicator

Natural capital
assets

Are there any designated areas
within close proximity to the project?

Potential environmental issues of
concern to be avoided or championed

Does the quality of air suggest
pollution from industry, dust, other?

Indicator of industrial legacy or activity

Is there an abundance of
biodiversity?

Potential environmental issues of
concern to be avoided or championed

Is land use anthropomorphised?

Potential interest in new opportunities

Physical capital
Assets

What is the housing and population
density?

Quality of life indicator

Is there access to services, facilities
and infrastructure?

Potential interest in new opportunities

Is there historical and or current land
use for heavy and light industry?

Potential interest in new opportunities

Social Capital
Assets

Is the population of working age?

Potential interest in new opportunities

Are communities politically and/ or
societally minded?

Potential for collaboration

Are electric vehicles are being used?

Measure of environmental
consciousness

Is there is a stable harmonious
quality of life?

Quality of life indicator
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Because of the nature and lack of subsidiarity of the capital assets, five parallel decision
trees have been developed. These are detailed in the following figures:
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4.3.Natural Language Processing

Data scientists from WP4 and Social scientists from WP3 are collaborating to determine if
useful and representative insights can be gained regarding socio-cultural landscapes. If
successful, this would provide a means for the creating SVi to support a more human-
centred approach and improve sustainable development practices in in order to create
societal benefits.

Natural Language Processing (NLP) refers to the branch of computer science - concerned
with giving computers the ability to understand text and spoken language in the same way
as humans (Arivazhagan & Van Vleck, 2023). NLP combines computational linguistics, rule-
based natural language modeling with statistical machine learning and deep learning
models. NLP allows computers to process human speech in the form of text or voice data
and “understand” its full meaning, including the intentions and feelings of the speaker or
author (Dinesh et al., 2021).

NLP will be used to analyse a range of narratives, ranging from social and news media
articles, through to regional policy documents, plans and strategies. This integration aims
to enable machine learning algorithms to take into account the intricate nuances of local
contexts, cultural variations, and the diverse perspectives of stakeholders.

This will include sentiment analysis being conducted on a diverse array of textual data
extracted from sources such as social media platforms, news articles, and community
forums pertinent to mining regions. Sentiment analysis is a machine learning tool that
analyses texts for polarity, from positive to negative. By training machine learning tools
with examples of emotions in text, machines automatically learn how to detect sentiment
without human input.

Vector WP4 team will use pre-trained models publicly available on the Hub to perform
sentiment analysis. These models use deep learning architectures such as transformers
that achieve state-of-the-art performance on sentiment analysis and other machine
learning tasks. We will fine-tune a model with VECTOR data to further improve the
sentiment analysis results and get an extra boost of accuracy in our particular use case.
By scrutinizing the sentiment conveyed within these texts, VECTOR researchers will
endeavor to gain valuable insights into the prevailing public perceptions, attitudes, and
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sentiments within the context of mining regions. This process will be rigourous and
monitored to assess how sensitive it is to the specific contextual nuances and cultural
intricacies inherent to the research localities.

4.4, Piloting NLP to analyse sentiments.
Semantic understanding in natural language processing (NLP) refers to the ability of
machines to comprehend the meaning of text beyond its literal interpretation. It involves
understanding the context, intent, and underlying concepts conveyed by the words and
sentences in a piece of text. Semantic understanding is crucial for various NLP tasks,
including sentiment analysis, question answering, information extraction, and dialogue
systems.

To effectively conduct sentiment analysis, requires collection of text data containing
defined keywords and analysing the sentiment expressed within a given context. The text
generation process utilizes generative methods to generate text or topics based on user-
given prompts, such as dialogue generation, story generation, and text summarization. An
information extraction process resulted in a concise summary of a longer piece of text that
retained key information and meaning.

Sentiment analysis was trialled, focusing on available data and information in the public
domain, regarding the three regions. The intent was to see if this could enhance
understanding of public perceptions, attitudes, and sentiments towards mineral and
mining projects in each location whether they are positive, negative, or neutral.

To define this process, first, we prepared a list of positive, neutral, and negative keywords
and phrases related to both SV and mining. We then selected ten phrases/ key words to be
used to pilot sentiment analysis in each of the target regions; these are highlighted in Table
4.4-3

Table 4.4-3 NLP Key words for perceptions analysis testing

Positive Keywords: Neutral Keywords: Negative Keywords:
Sustainable development Stakeholder engagement Environmental degradation
Community empowerment Corporate initiatives Social conflicts
Environmental stewardship Business practices Exploitative practices

Ethical mining practices Impact assessment Resource depletion

Social investment Industry standards Community displacement
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Var
Value creation Regulatory compliance Labor disputes
Collaborative partnerships Economic opportunities Environmental pollution
Responsible resource Resource utilisation Human rights violations
management
Shared prosperity Innovation in mining Profit-driven motives
Economic growth and Public-private partnerships Negative externalities
development

These ten keywords were then used to identify and categorize sentiments within text data
related to mining in the three target regions.

We analyzed these keywords for the three areas of interest. This involved piloting use of
advanced sentiment analysis toolboxes such as Vader, Nltk, and Textblob (Malik et al 2012).
These toolboxes learned to analyze the sentiment from an enormous corpus of articles.

Pre-trained sentiment analysis models typically employ deep learning architectures, often
based on variants of recurrent neural networks (RNNs) or transformers. These
architectures consist of multiple layers designed to process text data efficiently. Initially,
the text input undergoes tokenization, where it is divided into smaller units like words or
subwords. These tokens are then embedded into high-dimensional vectors to capture their
semantic meaning. The embedded tokens are fed into the model, which consists of stacked
layers of neurons, each performing operations like attention mechanisms, convolution, or
recurrent connections to capture contextual information. These models are typically
trained on large datasets with labeled sentiment annotations, enabling them to learn to
predict sentiment polarity (positive, negative, or neutral) for given text inputs. Fine-tuning
these pre-trained models on domain-specific datasets can further enhance their
performance for specific tasks or domains. Finally, the output layer of the model produces
sentiment predictions, which can be interpreted as probabilities or class labels.

Pre-trained models, were utilised with advanced text processing models like transformers
(Elbagir & Yang, 2020). Articles related to the above-mentioned search keywords were
stored and the text ‘cleaned’. The intention is for sentiment analysis modules to compute
the subjectivity, polarity, positivity, negativity, and neutrality of the text. This method, once
tested, will be used to quantify a compound sentiment of the text. This type of analysis will
be helpful in assessing the vast number of articles usually found on the web.
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5. INITIAL FINDINGS
5.1. Contextual data analysis

Publicly available statistical and geospatial data from each region, was ‘scraped’ from
Eurostat and other sources and compared against the predefined thresholds for the five
capital assets.

The initial results from the data scraping are presented as a pentagram (Fig. Figure 5.1.6 to
illustrate contexts potentially conducive or not conducive to creating shared value. For
comparative purposes, the three target regions' results are in one figure. Ultimately, itis
intended that this process of analysis is a result of machine learning, initially guided by the
decision trees. However, for the purposes of this deliverable it was not possible to reach
this level of automated analysis.

Consequently, the initial analysis of the findings draws on human analysis of the results
from data scraping. The analysis was based on the assumption that positive results from a
minimum of three of the five capital asset categories, representing a majority, could be
assumed to suggest a context with potential for shared value creation. Conversely, if a
majority of the results for capital asset categories suggested no potential, then that would
be the decision. This is illustrated in the decision trees using a traffic light system, with
green represented a high degree of potential with positive results from all five categories,
yellow/ amber representing some potential with positive results between three and four
capital asset categories and little or no potential for shared value creation with positive
results for two or less categories.

All three of these regions, based on initial screening of the context, demonstrated potential
for SV as all reached the threshold requirement in a minimum of three of the capital asset
categories.



aVAN

VECTOR Deliverable 3.2
’4\4

Potential for SV based on the context

e [herPen e CEE Nordic

Financial
1.0

Human Social

Natural Physical

Figure 5.1.6 Initial findings from web scraping of statistical data

Highlights from the initial analysis were as follows.

From these pentagrams it can be seen that both the target region in the Iberian Peninsula
and Central Eastern Europe have access to financial capital assets that are conducive
towards creating shared value. This was influenced by both regions being in receipt of
European Structural Investment Funding, whereas the Nordic target was not eligible and or
didn't meet the threshold for this financial support. Presence of the European Structural
and Investment Funds suggests experience in multi-sectoral approaches whereby the
economic, social, cultural and environmental dimensions are comprehensively activated in
projects that capitalise on local potential to respond to local needs. Such understanding
and experience is very conducive to determining opportunities for shared value creation.

In relation to human capital both the Nordic and the Iberian Pensinsula regions had a
history of adult education and reskilling, which in turn enhanced the potential for any
shared value creation. The CEE region had no such history, with no mention or available
data on adult education or reskilling opportunities.
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Natural capital assets, in particular, designated areas of biodiversity significance were
within the threshold proximity in the Nordic region but not in the other two regions. This
would suggest that for shared value creation to be possible, biodiversity and agricultural
land use would need to be prioritised.

Data available for all three regions suggested that both social capital and physical capital
were strong. In both the Iberian Peninsula and the CEE region this could possibly be
attributed to having structural funds and exposure to public private partnerships or local
action groups prioritised through receipts of these funds. The Nordic region has a tradition
of social cohesion and deliberative democracy.

5.2. Sentiment analysis

The process of sentiment analysis was started with ten keywords provided, this will be
further developed in the next phase of the research. Furthermore, as this needs to be an
iterative process, between data scientists and social scientists further work is required to
determine which of the different forms of NLP will be applied.

Other NLP that will be piloted include:

e Leveraging advanced algorithms like Latent Dirichlet Allocation (LDA) or Non-
Negative Matrix Factorization (NMF), to discern the underlying themes and topics
embedded within textual data associated with mining regions.

e Employing Named Entity Recognition (NER) machine learning models to
automatically identify and categorize entities mentioned within textual data.

e Regression analysis and predictive modeling, to forecast future trends and
outcomes and identifying discernible patterns.

e Semantic analysis and word embeddings will be leveraged to unpick semantic
meanings and intricate relationships embedded within textual data relevant to
mining regions.

5.3. SVi Model
It is proposed that the different aspects of Machine Learning described will be combined to

determine the shared value creation potential within a given area and or context. This
model is illustrated in Figure 5.3.7.
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Figure 5.3.7 SVi Model

6. CONCLUDING REMARKS AND NEXT STEPS

Using a sustainable livelihoods framework to analyse the context of an area from available
statistical and geospatial data to determine SV potential is one aspect. This will be further
refined through engaging machine learning in narrative analysis of corporate and regional
economic development priorities as well as perceptions and sentiment analysis towards
minerals and mining projects in an area.

Valuechain

VECTOR - Deliverable 3.2 - Shared Value index 2.0 and Machine Learning
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The resultant index will be an open source and useful tool for screening available
information and data to facilitate opportunities for engaging in multisector dialogue
regarding creation of shared value opportunities.

The ability of machine learning algorithms to develop interactive data visualization tools
aimed at effectively communicating the findings and insights derived from both the
statistical and textual data analysis, will be tested. By visualizing trends, clusters, and
relationships inherent within texts, VECTOR seeks to develop the SVi as a mechanism to
disseminate complex information in an accessible manner to diverse stakeholders.

This will involve an iterative process between the VECTOR data scientists within WP4 and
social scientists within WP3 to ensure a continuous feedback loop, so information and data
processed is analysed verified and evaluated accordingly.
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