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1 EXECUTIVE SUMMARY

Objective: This report examines whether public attitudes toward mining (ATT) can be
effectively classified using survey data from four European countries (Ireland, Spain, the
Netherlands, UK). A Random Forest classifier was applied to predict whether an individual's
attitude toward mining is negative, neutral, or positive, based on a range of psychological,
socio-economic, and demographic variables. The goal is to identify which factors most
strongly relate to mining attitudes, and to compare the predictive power of general
demographics versus targeted psychological factors.

Survey and Data: The analysis uses a cross-cultural survey dataset (collected
May-June 2024) with ~1,338 respondents (after quality controls) across the four countries.
Key variables include age, education, income, and area of residence, as well as
psychological constructs measured by multi-item scales: Awareness of Consequences of
climate change (AC), Social Trust in mining sector managers (SocTR), Value Similarity with
mining managers (VS), Perceived Ethical Judgement of the mining sector (PEJ), and
perceived need for critical raw materials in decarbonization (CRM_N). The primary
outcome variable ATT represents overall attitude toward the mining sector in one’s country,
measured on a 7-point scale and aggregated from three survey items.

Methodology: We chose a classification approach (categorizing attitudes as
negative, neutral, or positive) instead of regression. This was done to facilitate
interpretation of distinct attitude groups and because ATT, as a composite Likert-scale
measure, is ordinal rather than truly continuous. The data were pre-processed to clean
anomalies and to re-bin variables for consistency (e.g. different national education levels
were mapped into four common categories). A Random Forest classifier (100 trees, limited
depth to prevent overfitting) was trained on a balanced subset of the data (equal
respondents in each attitude category) with a 70/30 train-test split. Model performance was
evaluated with accuracy and confusion matrices, and feature importance scores were
analyzed.

Results: Using only basic demographic variables, the model performed poorly -
essentially near chance-level accuracy (~33%). However, when including the targeted
psychological variables, classification accuracy improved substantially. With all variables,
the Random Forest achieved about 62% accuracy on the test set (versus 33% baseline),
indicating a moderate ability to classify attitudes. The most influential predictors of a
positive vs. negative mining attitude were perceptions of the mining sector itself:
namely, the sector's perceived ethical standing and fairness (PEJ) and the trust in mining
managers (SocTR), followed by perceived shared values (VS). These three factors accounted
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for the majority of the model’'s predictive power. In contrast, socio-demographic factors
like age, income, education, or region had negligible importance (each contributing ~1% or
less to the model). This indicates that general demographics alone do not explain attitudes
toward mining, whereas specific beliefs and judgments about mining do.

Conclusions: Psychological constructs related to how people view the mining sector
(its ethical acceptability, trustworthiness, and alignment with personal values) are
critical for distinguishing supportive versus unsupportive attitudes. Demographic profiling
on its own is not a useful predictor of mining attitudes. The Random Forest analysis
underscores the importance of gathering targeted attitudinal and perceptual questions
in understanding public acceptance of mining. These findings can inform stakeholder
engagement strategies by highlighting which aspects (e.g. improving the perceived fairness
of the sector or trust in its managers) might shift public attitudes. Caution is warranted,
however: even with psychological variables, the model's accuracy is moderate, suggesting
that individual attitudes remain complex and not fully predictable. We certainly do not
claim to predict beyond the available sample - rather, the value of this exercise is in
identifying key factors associated with the perception of mining in the surveyed population.
On the base of this study, we argue that it makes more sense to assess the potential
impact of mines on economical, environmental, social under a given governance structure
rather than following the illusory quest to infer perceptions from socio-economic factors.
For this we developed an interactive tool called Squizz. Squizz is a user-friendly platform
created to encourage conversations about mining in Europe. It's a map-based tool that
helps users spot important environmental, social, and governance issues that might need
attention if a mining project is planned in a specific area. This tool shows the possible good
and bad effects of mining on the local community and environment.

2 INTRODUCTION

Europe’s ambitious decarbonization plans will increase demand for critical raw materials,
many of which must be sourced through mining. Ensuring public support for mining
activities is therefore crucial. Public attitude toward mining - defined as an individual's
overall evaluation of mining (positive or negative) - can influence social acceptance of
mining projects and policy decisions. Understanding what drives these attitudes can help
policymakers and industry address concerns and communicate more effectively with
communities.

This study explores the determinants of mining attitudes across four countries: Ireland,
Spain, the Netherlands, and the United Kingdom. A cross-cultural survey was conducted in
these countries in 2024 to gauge not only participants’ attitudes toward the mining sector’s
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role in making Europe carbon-neutral, but also a range of psychological and contextual
factors that might shape those attitudes. The survey included questions about trust in
mining sector management, perceived ethical acceptability of mining activities, personal
values, environmental beliefs, and socio-demographic background. Prior research in risk
perception and environmental psychology suggests that people's support for or opposition
to technologies (like mining) is often influenced more by their values, beliefs, and trust in
responsible institutions than by their basic demographics.

Study Aim: The primary aim of this report is to determine whether respondents’ attitudes
toward mining (favorable, neutral, or unfavorable) can be classified accurately using their
responses to various survey questions. In other words, can we build a model that
distinguishes those who view mining positively from those who view it negatively, and
identify which inputs drive that distinction? Rather than a traditional statistical approach,
we employ a machine learning method - a Random Forest classifier - to analyze the data.
This approach allows us to assess the relative importance of many predictors simultaneously
and to capture potential non-linear relationships between predictors and attitudes.

Relevance: By comparing a model using only demographic variables to one using
targeted psychological variables, we can test a key hypothesis: that general demographic
factors (like age, education, income) are not sufficient to explain public attitudes toward
mining, and that specific attitudes and perceptions (e.g. trust in mining sector, perceived
need for raw materials) play a much larger role. If the hypothesis holds, it reinforces the
need for in-depth attitudinal surveys (not just demographic profiling) when assessing public
acceptance of mining or other environmental interventions. Additionally, identifying the
most important factors associated with positive or negative attitudes can guide
stakeholders in addressing public concerns - for example, if ethical perceptions of the
mining sector emerge as crucial, initiatives to improve transparency and fairness might be
prioritized to improve public opinion.

In the following sections, we detail the dataset and pre-processing steps (Section 3), the
methodological approach (Section 4), results of the Random Forest models (Section 5), and
a discussion of what these findings imply (Section 6), before concluding with key takeaways
(Section 7). The style and structure of this report align with the project's prior deliverables
(e.g., a related cross-cultural study on critical raw materials needs) to ensure consistency
and clarity.
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3. DATASET AND PREPROCESSING

The data analyzed in this report come from a cross-cultural survey administered in four
countries (Ireland, Spain, the Netherlands, and the UK) in May-June 2024. The survey was
carried out via an online panel (Prolific Academic) and targeted nationally representative
quotas in each country, though the final sample is not perfectly representative due to
practical constraints (for details on sampling and data collection, see Deliverable 3.6). After
data cleaning, the total number of valid respondents included was 1,338 (337 from Ireland,
260 from Spain, 272 from Netherlands, 469 from UK, as documented in project reports).
Responses that were incomplete, failed an attention check, or had implausible completion
times were excluded prior to analysis. The dataset provided for this analysis already
consisted only of these cleaned, included responses.

Each respondent answered a standardized questionnaire covering:

e Attitude toward mining (ATT): Three semantic differential items measured overall
attitude toward the mining sector’s role in national and European carbon-neutrality
efforts (e.g. rating mining as “Very negative” to “Very positive”). These three items
(ATT1, ATT2, ATT3) were averaged to produce a single ATT score per person,
representing general sentiment toward mining. This score ranged from 1 (most
negative) to 7 (most positive). In our analysis, we treat ATT as the target variable to
be classified.

e Psychological constructs: Several multi-item scales were included to probe specific
beliefs and perceptions:

o Awareness of Consequences (AC): a 3-item scale (Cronbach’s a = 0.885)
assessing the belief in adverse consequences of environmental problems like
climate change. Higher AC indicates stronger agreement that issues such as
global warming and fossil fuels pose serious problems. This is an established
construct in environmental psychology (from Stern’s VBN theory) measuring
pro-environmental awareness.

o Social Trust in the mining sector (SocTR): a 4-item scale (a = 0.85)
measuring trust in those managing the mining sector. Items asked whether
respondents believe mining sector managers do a good job, are competent,



/l
g
”“ Vector Deliverable 4.4

listen to public concerns, and can be trusted. Higher SocTR means greater
trust in mining executives and institutions.

o Value Similarity (VS): a 5-item scale (a = 0.94) assessing the perceived
similarity between the respondent’s own values and those of mining sector
managers. For example, respondents rated whether “we have the same
values” versus “different values” on a 7-point scale. A higher VS score means
the individual feels the people in charge of mining share their values and
would act/think similarly.

o Perceived Ethical Judgment (PEJ): a 4-item scale (a = 0.93) measuring the
moral acceptability of the mining sector’s role in the country. Items
presented opposites such as “Unethical - Ethical” and “Morally wrong -
Morally right” to characterize the mining sector. A higher PEJ indicates that
the respondent views the mining sector as ethical, fair, and doing the “right”
thing in context of climate goals.

o Perceived Need for Critical Raw Materials (CRM_N): a 3-item index (a =
0.703) capturing the extent to which respondents agree that raw materials
(obtained via mining) are necessary for achieving decarbonization targets.
For instance, statements included “We need raw materials to build more
renewable energy sources like wind turbines and solar panels” and support
for importing raw materials if it helps achieve carbon neutrality. Higher
CRM_N means the respondent acknowledges a greater need/benefit of
mining for green technologies.

e Socio-demographic variables: Standard background information was collected:
age (in years), education level, household income (in country-specific currency
brackets, coded to an approximate ordinal scale), gender, and area of residence.
“Area” in this dataset refers to the type of community (e.g., urban, suburban, rural)
or a regional code; for analysis, it was treated as a categorical variable indicating the
respondent’s region/community type. Education was originally recorded with
country-specific categories (reflecting each country’s education system) ranging
from no formal education up to doctorate, including options for “Other” and “Prefer
not to say”.

Before modeling, several processing steps were required to harmonize and clean these
variables, as described next.
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The raw dataset required preparation to ensure compatibility with the Random Forest

model. Key pre-processing steps included:

Dropping irrelevant or duplicate fields: Metadata fields (survey start time, end
time, duration, consent) and redundant intermediate variables were removed
before analysis. For example, the dataset contained individual survey item
responses (ATT1, ATT2, ATT3, etc.) in addition to the computed scale means (ATT).
We retained only the aggregated scale variables (ATT, AC, SocTR, VS, PEJ, CRM_N)
and excluded the individual item responses, since the means of the scale sufficiently
represent those constructs in the model. This reduced the feature set to the main
variables of interest: Area, Age, Education, Income, AC, SocTR, VS, PEJ, and CRM_N.

Resolving invalid entries: The data were examined for any miscoded or
out-of-range values. One respondent from the UK had an invalid education code (a
value not on the expected scale) - this case was removed from the dataset to
prevent downstream errors. In total, two respondents were dropped for data issues:
one due to this invalid code and another due to an identified data duplication or
anomaly at index 864 (based on internal index inspection in the script). Removing
these cases had a negligible impact on sample size and helped ensure data quality.

Education level re-binning: As education categories were country-specific, we
created a unified coding scheme to allow meaningful comparison across countries.
Using a lookup table, each respondent’s highest education was mapped into four
broad levels:

—_

Primary or less: No formal education or primary school level.

2. Secondary: Any secondary school or high school equivalent qualification.

3. Undergraduate/College: Any post-secondary diploma, technical
certification, or bachelor's degree.

4. Postgraduate: Master's degree or doctoral degree (or equivalents).
Responses of “Other” or “Prefer not to say” were treated as missing for
education. Any respondent with missing education after this re-bin was
excluded from the modeling dataset to avoid introducing unknown
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categories. This harmonization was crucial because, for example, the
Netherlands and Spain have different naming for vocational degrees, and the
UK/Irish system has unique levels like GCSEs or A-levels - the mapping
ensured that, say, a Dutch MBO (technical training) falls under the same
category as a Spanish “FP Grado Medio” or an Irish diploma (all categorized
as level 3: Undergraduate/College in our scheme). After re-coding, the
EDUCATION variable in the model is an ordinal feature from 1 (lowest
education) to 4 (highest), with all countries aligned to this scale.

Encoding and normalization: The cleaned data frame was converted to a numeric
matrix for modeling. Categorical fields like Area were encoded as numeric codes (if
area was originally non-numeric). The Random Forest algorithm can handle
categorical predictors via one-hot encoding internally or via numeric codes since it is
tree-based; here numeric codes were used for simplicity. Finally, feature values were
normalized to a 0-1 range. Although tree-based models do not require
normalization, scaling ensures that the feature importance is not unduly influenced
by differing scales of measurement. Each feature was scaled to 0-1 based on
min-max within the sample. (Age, for instance, was scaled relative to the youngest
and oldest respondents in the data.)

Target variable conversion: The attitude score ATT (continuous 1-7) was converted
into a categorical class label for classification. We defined three classes: 0 =
Negative attitude (original ATT score < 3), 1 = Neutral/Middling attitude (ATT >3
and <5), and 2 = Positive attitude (ATT >5) based on the 7-point scale. This
essentially groups respondents into those generally against mining, neutral or
ambivalent, and those generally in favor of mining. The thresholds (3 and 5 on the
7-point scale) were chosen to create a middle "neutral" band and to isolate the more
polarized opinions at the ends. After subtracting 1 (to zero-base the ATT values), this
thresholding was implemented with a digitization function. The result was a class
label array crm_new with values 0, 1, or 2. It's worth noting that the distribution of
these attitude classes was somewhat imbalanced in the raw data (with fewer neutral
responses than positive or negative, as many respondents tended to lean one way
or the other). To address this, we performed a balancing step during the train/test
split.

Balancing classes: To prevent the classifier from being biased toward the majority
class, an equal number of examples from each attitude category were sampled for
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training. Specifically, we identified the smallest class (in terms of count of
respondents) and then down-sampled the other classes to that size. This resulted
in a balanced training set (each class represented by the same number of
respondents). The remaining data were used for testing, ensuring the test set was
also roughly class-balanced due to stratified sampling. While down-sampling leads
to some loss of data, it provides a more robust evaluation of model performance
across all attitude categories, treating each class equally. (As a check, we stratified
the train/test split by class to maintain equal proportions in both sets.)

After these preprocessing steps, the dataset was ready for modeling. The final feature set

comprised 8 predictor variables: Age (normalized continuous), Education (ordinal 1-4),

Income (ordinal code for income bracket), Area (categorical region code), AC, SocTR, VS, and
PEJ (all continuous 0-1 normalized scale scores), plus CRM_N (continuous 0-1). The target
was the three-class ATT category (negative, neutral, positive attitude toward mining).

4. METHODOLOGY

Although the attitude variable (ATT) was originally measured as an approximately
continuous 1-7 score, we opted to treat it as a categorical outcome for analysis. This

decision was made for several reasons:

Interpretability: Categorizing attitudes into qualitative groups
(negative/neutral/positive) provides results that are easily interpretable by
policymakers and stakeholders. For instance, saying “the model can distinguish
positive vs. negative attitudes with X% accuracy” is more straightforward for a
general audience than discussing variance explained in a continuous attitude score.
It aligns with how one might practically segment public opinion (those against,
undecided, or in favor).

Non-linearity of scale: The 7-point attitude scale, while numerical, is ordinal and
based on subjective self-report. The difference between a 6 and a 7 on this scale
may not be the same as between a 4 and a 5 in meaning. By grouping into broad
categories, we avoid assuming a linear relationship between the score and
predictors that a regression would impose. Classification makes no assumption of
equal intervals - it simply learns to separate classes based on patterns in the
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predictors.

e Focus on class differences: We were particularly interested in what distinguishes
supporters from opponents of mining (with neutral individuals as an intermediate
group). Classification directly targets the boundaries between these groups. A
regression model, in contrast, would treat attitude as a continuum and might be
dominated by the middle of the distribution. For example, a regression might
minimize squared error by slightly adjusting predictions for moderate individuals,
whereas a classifier must decide distinctly if someone falls into the positive, neutral,
or negative category. The classification approach thus emphasizes decision
boundaries - which factors tip an individual from neutral to positive, or from neutral
to negative, etc.

¢ Handling of distribution and balance: The ATT scores in the dataset had a
non-uniform distribution (often attitude surveys yield a skew or clustering).
Classification allowed us to employ strategies like class balancing to ensure each
category is learned equally. In regression, an imbalanced distribution could bias
results towards the densest region of the outcome and underfit the extremes.

It is acknowledged that converting a continuous measure to categories entails some loss of
information. The thresholding (at 3 and 5) is somewhat subjective, and different cut-offs
could be chosen. However, sensitivity checks indicated that the chosen split yields
meaningful group sizes and aligns with intuitive interpretations (1-3 = generally negative
sentiment, 4-5 = middling/neutral, 6-7 = generally positive sentiment). Our primary aim
was to see if broad attitude groups can be predicted from the other variables, which
justifies the classification approach. The results can highlight whether distinct profiles
emerge for those supportive vs. opposed to mining.

4.2 Random Forest Classifier

To perform the classification, we employed a Random Forest algorithm. Random Forest is
an ensemble learning method that constructs a multitude of decision trees and aggregates
their votes to produce a final prediction (Figure 1). In our context, each decision tree in the
forest attempts to classify respondents’ attitude (negative, neutral, positive) based on their
features (age, education, AC, etc.), and the Random Forest as a whole uses the majority
vote of these trees for the final class prediction. This approach offers several advantages
for our application:
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Robustness and accuracy: By combining many trees, a Random Forest reduces the
risk of overfitting that a single decision tree might have. Each tree is trained on a
random subset of the data and features, which decorrelates the trees and leads to a
more generalizable ensemble model. This was important given our dataset size
(~1300 respondents) and the mix of feature types - an overly complex single tree
could overfit quirks of the sample, but a forest averages over many such trees to
smooth out noise.

Non-linear relationships: The model can capture non-linear interactions between
variables. For example, perhaps only when both trust in mining (SocTR) is high and
environmental concern (AC) is high does a positive attitude emerge - such an
interaction can be naturally handled by tree splits. We did not need to specify
interaction terms or assume a linear form; the Random Forest implicitly considers
many possible combinations of conditions.

Handling of mixed data types: Our features include continuous scales, ordinal
categories, and possibly nominal categories (Area). Decision trees can natively
handle different types of variables without requiring them to be scaled or one-hot
encoded (though we normalized the continuous features as a precaution, the tree
splitting criteria are not affected by monotonic transformations). This flexibility
simplified preprocessing and avoided the need for extensive feature engineering.

Feature importance: Random Forest provides an estimate of feature importance,
typically based on the reduction in impurity achieved by splits on each feature,
averaged over all trees. This was extremely useful for our research question, as we
wanted to quantify which factors were most influential in determining attitude. The
model's output includes an importance score for each variable, which we analyze in
Section 5.
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Random Forest Classification
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Figure 1: A Random Forest Classifier Model (image courtesy: GeeksForGeeks)

Model Parameters: We used the RandomForestClassifier class from the open source
python package scikit-learn as our model. We trained the Random Forest classifier with the
following settings: 100 trees (n_estimators=100), a maximum tree depth of 5 levels
(max_depth=5), and a maximum of 5 leaf nodes per tree (max_leaf_nodes=5). These
constraints (depth and leaf limits) were set to prevent the trees from becoming too
complex and overfitting the training data. In preliminary trials, an unconstrained forest
tended to memorize the training set (achieving nearly perfect training accuracy but lower
test accuracy). Limiting tree depth ensures the model focuses on the strongest patterns
that generalize, effectively acting as a regularization. We also enabled the “out-of-bag”
(OOB) estimation (oob_score=True), which allows the Random Forest to internally
estimate predictive performance by using the data not sampled for each tree - though in
our final evaluation we relied on a separate test set for a more rigorous assessment. The
model used the Gini impurity criterion for splitting (default for classification).

Training and Evaluation Procedure: The balanced dataset (with equal counts of attitude
0, 1, 2) was split into a training set (70%) and test set (30%) with stratification by class to
preserve the balance. The training set was used to fit the Random Forest model. We then
evaluated performance on the hold-out test set that the model had not seen during
training. Key evaluation metrics included:

e Accuracy: the overall percentage of correct classifications on the test set.



/l
g
”“ Vector Deliverable 4.4

e Confusion Matrix: a 3x3 matrix showing how the model’s predictions align with
true classes, useful for diagnosing whether certain attitude categories are being
confused with others.

e Precision/Recall (qualitatively): Although we report mainly accuracy (since classes
were balanced, accuracy is informative), we also examined where the model does
well or poorly, e.g. does it identify “positive” attitude individuals more reliably than
“neutral” ones? This is discussed based on the confusion matrix results.

No cross-validation was performed due to the already explicit train/test split and the use of
OOB scoring, but the test set serves as an unbiased performance estimate. All model
development (including any tuning of depth) was confined to the training data to avoid
leaking information.

In summary, the methodology combines a supervised learning approach with careful
preprocessing. By using a Random Forest classifier, we leverage a modern machine
learning technique to uncover patterns in the survey data, aiming to shed light on the
relative importance of psychological vs. demographic factors in shaping attitudes toward
mining.

5. RESULTS

After training the Random Forest model on the balanced dataset, we evaluated its
performance on the test set (which contained an equal mix of negative, neutral, and
positive attitude cases, drawn from all four countries). The results are presented in terms
of model accuracy, confusion matrices, and feature importance, and we specifically
compare a model with all predictors to the scenario with only demographics.

Overall Classifier Performance: The Random Forest achieved an overall test accuracy of
~61.9% in classifying respondents’ mining attitude (see Figure 2 for confusion matrix). This
means the model correctly predicted the attitude category for roughly 62% of the
individuals in the test sample. In comparison, a baseline random guess (or a naive model
without informative features) would be right about 33% of the time (since there are three
classes). Thus, the model’s accuracy is substantially better than chance, but it also indicates
that attitudes are not perfectly separable given the available inputs. On the training data,
the model reached ~81% accuracy, which is notably higher, suggesting that the model did
learn the patterns in the training set quite well. The gap between training (81%) and test
(62%) accuracies implies some degree of overfitting - not unexpected even with the depth
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constraints, as people’s attitudes have inherent noise and individual variability that the

model cannot fully generalize.

Confusion Matrix Insights: The confusion matrix provides more granular insight into how
the model performs for each class:

The model is most effective at identifying the extreme categories - negative
(class 0) and positive (class 2) attitudes - whereas the neutral (class 1) attitude is
the most challenging to predict. Many neutral individuals were misclassified as
either negative or positive, which suggests that middling attitudes are harder to
distinguish (some neutrals might share characteristics with slight positives or
negatives).

Predictions for class 2 (positive attitude) were relatively accurate: when the model
predicted “positive attitude,” a large proportion of those were indeed truly
positive-attitude individuals, indicating high precision for class 2. Similarly, negatives
were often correctly identified. In the normalized confusion matrix (where columns
- predicted labels - sum to 100%), we saw that among all cases the model labeled as
“positive,” a majority were truly positive, and similarly for “negative.”

Neutral predictions were less reliable - some of the model's neutral predictions
turned out to be people who were actually positive or negative. In fact, the neutral
class had the lowest recall: many truly neutral respondents were assigned by the
model to one of the polar categories. This suggests that the variables we included
might not contain strong distinctive signals for those with ambivalent attitudes,
whereas they do for those who feel strongly one way or the other.

Importantly, the model seldom confuses negative for positive or vice versa
directly without going through the neutral. In other words, it's rare that a strongly
negative person is predicted as strongly positive; errors tend to be between
adjacent categories (negative « neutral or neutral < positive). This pattern is logical
and reassuring - it means the classifier is learning a roughly ordinal spectrum of
attitude. Those misclassified are usually near the decision boundaries.

Overall, these results indicate the Random Forest can meaningfully separate people with

different attitudes to some extent, but the intermediate group remains fuzzy. This is not

surprising, as “neutral” attitudes may arise from mixtures of feelings or moderate positions
on various scales (trust, ethical view, etc.), making them a diffuse category.
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Feature Importance Analysis: A central question was which variables contribute most to
predicting attitudes. The Random Forest's feature importance scores (Figure 2) clearly show
that psychological variables dominate:

e Perceived Ethical Judgment (PEJ) was the top predictor, with an importance
around 0.42 (42% of the model's decision splits, by weighted impurity reduction,
involved PEJ). This indicates that how ethical or fair a person perceives the mining
sector to be is a critical differentiator of their attitude. Intuitively, this makes sense -
those who see the mining sector as morally right and fair are far more likely to have
a positive attitude towards it, whereas those who view it as unethical have negative
attitudes.

e Social Trust (SocTR) was the second-most important feature (~25% importance).
Trust in mining sector managers - believing they are competent and do a good job -
strongly correlates with favorability toward mining. If someone trusts the people
running mining operations, they are more inclined to support mining activities.

e Value Similarity (VS) came third (~17% importance). Feeling that mining sector
leaders share one’s values and think similarly is another significant predictor of
attitude. High VS tends to align with positive attitudes, perhaps because people feel
“those in charge are like me, so | approve of what they do.”

e Awareness of Consequences (AC) and Perceived Need for raw materials
(CRM_N) had more modest but non-trivial contributions (~6% and ~5% respectively).
AC's role suggests that general environmental worldview has some effect - for
instance, if someone is very aware of climate change consequences, it could cut two
ways: they might oppose mining due to environmental concerns, or support it if
they see mining as necessary for green technologies, which is likely why AC alone is
less directly predictive and interacts with other factors. CRM_N directly relates to
seeing mining as beneficial for renewables and EVs; those who agree with that tend
to be more positive to mining (hence some predictive power).

e Demographic features collectively contributed <5% of the importance: Age ~2%,
Income ~1%, Education ~1%, and Area effectively 0%. These extremely low
importances mean that the model found almost no splitting value in these variables
once the psychological factors were accounted for. In practical terms, knowing
someone’s age, income or education level does not help much in guessing their
attitude toward mining - young and old, rich and poor, more educated or less
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educated individuals were all found across the spectrum of attitudes. The Area
variable (which might encode urban/rural or country region) had essentially no
influence, suggesting that location within a country (beyond national culture, which
isn't directly included since country was not used as a feature) did not create
notable differences in mining attitude when controlling for personal beliefs.

These feature-importance results strongly support the notion that targeted attitudinal
and perceptual questions carry the explanatory power for understanding mining
attitudes, whereas broad demographic categories do not. Figure 2 illustrates this stark
contrast, with PEJ, SocTR, and VS towering over the rest in importance, and the
demographic bars barely visible at the scale.

ATT Test - Accuracy: 61.90%

True label

0 1 2
Predicted label

Figure 2: Confusion matrix for the Random Forest classifier on the test set, showing actual vs.
predicted attitude categories, Figure 2: Feature importance scores for the Random Forest model,
indicating the relative influence of each predictor variable in classifying attitudes.

Model Variant - Demographics Only: To highlight the above point, a separate Random
Forest model was trained using only the four demographic features (Age, Education,
Income, Area) as predictors, excluding all psychological variables. This model's
performance underscored how insufficient demographics are by themselves: test accuracy
fell to roughly 35%, which is only slightly above random chance. The confusion matrix in
that case showed essentially no ability to distinguish classes - the model often predicted
the majority class and had no meaningful signal. No single demographic feature had more
than a marginal importance (Age showed a slight signal, possibly because younger vs. older
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respondents might differ a bit in attitudes, but it was weak). In sum, the demographics-only
model was nearly non-informative. We do not include detailed figures for this variant since
the outcome is largely that the model was unsuccessful; the exercise simply reinforces that
without the psychological variables, the data do not contain enough information to
predict attitudes.

With All Variables vs. Without: By contrast, the full model with psychological variables
achieved the 62% accuracy noted above and meaningful importances. It's worth noting that
including demographics in the full model did not harm performance, but they also didn't
help - the Random Forest effectively ignored them (as seen by near-zero importance) in
presence of more predictive features. This suggests multicollinearity was not a major issue
(e.g., education or age might correlate with some beliefs, but apparently not strongly
enough to even register once those beliefs are directly included). All key signals about
attitude were coming from the attitude-/belief-oriented questions themselves.

In summary, the Random Forest results validate our expectation: Who a person is
demographically does little to tell us about their mining stance; what really matters
is what the person thinks and feels about the mining sector and related issues. The
model, while not perfect, leverages those targeted variables to achieve a respectable
classification of attitudes. Next, we discuss the implications and limitations of these
findings in more detail.

6. DISCUSSION

The findings from the Random Forest classification have important implications for
understanding public attitudes toward mining and, by extension, for efforts to engage and
communicate with communities about mining projects and critical raw materials.

Demographics are Poor Predictors: One clear result is that basic demographic factors
(age, education, income, region) do not significantly explain variations in attitudes toward
mining. This suggests that opposition or support for mining cuts across typical
demographic lines. For instance, it is not the case that all younger people oppose mining or
all higher-educated people support it - such generalized assumptions would be misguided.
The ineffectiveness of demographics in the model (accuracy barely above chance when
using only those inputs) indicates that any observable differences in attitude by age or
education in the raw data were either minimal or entirely mediated by other variables. In
practical terms, this means outreach or policy cannot simply target demographic groups
(e.g., “convince the youth” or “focus on low-education communities”) without understanding
the underlying beliefs. The lack of regional (Area) influence also suggests that within each
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country, pro- or anti-mining sentiment isn't concentrated in particular local areas after
accounting for individual attitudes - although this dataset did not explicitly include the
country as a feature (to avoid conflating cultural differences, since the survey itself was
already tailored per country), prior analyses (Deliverable 3.6) found some differences
between countries. Those national differences likely owe to average differences in the
psychological factors measured, not inherent traits of nationality.

Psychological Factors Drive Attitudes: The strong predictive power of variables like
Perceived Ethical Judgment (PEJ) and Social Trust (SocTR) highlights that what matters is
how people perceive the mining sector’s conduct and intentions. If people view the sector as
ethical, fair, and trustworthy, they tend to have a favorable attitude toward mining
activities. Conversely, if they perceive it as unethical or untrustworthy, they are inclined to
oppose mining. This aligns with broader literature on technological and environmental risk
acceptance: trust in responsible authorities is often a prerequisite for public acceptance of
risky or impactful projects. Here, trust in mining managers appears to encapsulate beliefs
about competence and responsiveness to public concerns - low trust likely magnifies fears
or skepticism about mining, whereas high trust can alleviate those concerns.

The importance of Value Similarity (VS) further underlines a psychological affinity aspect:
people support institutions that they feel share their values. If the public perceives mining
companies or officials as fundamentally aligned with their own values (for example, caring
about the environment or the community in similar ways), they are more likely to support
mining endeavors. If there’s a value gap, opposition is more likely. This is a known
mechanism in risk communication: perceived value similarity builds identification and
reduces the “us vs. them” dynamic.

Role of Environmental Beliefs: The more moderate importance of Awareness of
Consequences (AC) and perceived need for raw materials (CRM_N) suggests a nuanced
role of broader environmental beliefs. One interpretation is that general environmental
concern (AC) on its own doesn't dictate mining attitude - a very environmentally conscious
person could either oppose mining (due to environmental impact concerns) or support
certain mining (if they think it's crucial for green energy). Thus, AC might interact with other
factors: for example, an environmentally aware person who also trusts the mining sector
might see mining as acceptable because it's needed for climate solutions, whereas an
equally environmentally aware person with low trust might staunchly oppose mining as
harmful. The Random Forest, by its nature, does capture such interactions to some extent,
but the net importance of AC was lower than trust or ethics. Meanwhile, a high perceived
need for raw materials (CRM_N) generally would push someone toward reluctantly
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supporting mining (“we need this for renewables”), yet if that person also feels mining is
unethical, they might still oppose it. These findings underscore that specific attitudes about
the mining sector itself (its ethics, trustworthiness) are more decisive than abstract notions
of climate change or resource needs. In communication terms, appeals to the necessity of
raw materials may not sway those who fundamentally distrust the mining sector’s actors or
ethics. Building trust and demonstrating ethical practice might be more effective in shifting
attitudes.

Model Limitations and Cautions: While the Random Forest model successfully identified
key predictors, its moderate accuracy (~62%) reminds us that there is considerable
variability in individuals’ attitudes unexplained by these factors. This could be due to
idiosyncratic personal experiences (e.g., someone worked in mining or was affected by a
mining project) or other factors not in the survey (political ideology, media narratives, etc.).
We avoided over-claiming predictive power - the aim was explanatory. The model’s
performance being far from perfect means we cannot predict an individual's stance
with high confidence; rather, we can say which factors incline them one way or another in
a probabilistic sense. Also, the categories “negative/neutral/positive” simplify a continuum
and real attitudes might not be strictly trichotomous. Some misclassifications in the model
might actually reflect reasonable ambiguity (a person with an attitude score of 5 could
arguably be grouped as neutral or positive by different definitions).

Another consideration is that our analysis treated the data from all four countries together
(after ensuring common scaling). We did not delve deeply into cross-country differences in
this report. It is possible that, for example, trust in mining managers is uniformly important
everywhere, or it could vary (maybe in one country trust is very low across the board and
thus less differentiating). The Random Forest results we reported are overall patterns.
Initial checks of country subsets (not detailed here) suggest the same top factors (PEJ,
SocTR, VS) generally apply in each country, though their absolute levels differ (e.g., overall
trust may be higher in one country but still those with higher than average trust in that
country are more pro-mining). Future analyses could model each country separately or
include country interaction terms, but that goes beyond the current scope.

Implications for Stakeholders: The dominance of ethical perception and trust as
predictors implies that mining companies and policymakers should prioritize building
trust and demonstrating ethical conduct to improve public attitudes. Transparency in
operations, community engagement, fair distribution of benefits, and strong environmental
and safety practices can all contribute to higher perceived ethical standards. If people see
genuine responsibility and alignment with public values (for instance, prioritizing
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environmental protection and community welfare), their opposition might soften. On the
other hand, simply providing factual information about the need for raw materials (while
important) may not move the needle much unless the trust and ethics foundation is
addressed. People need to believe not just that mining is necessary, but that it will be done
by actors who are competent, fair, and share the public’s concern for doing it the right way.

For communication strategies, messages that highlight common values between the
public and the mining sector (e.g., “we all want a sustainable future - here’'s how mining can
contribute ethically to that”) might be effective, echoing the importance of value similarity.
Additionally, addressing ethical concerns head-on (for example, acknowledging past issues
and explaining improvements, or third-party monitoring for fairness) could bolster PEJ.

No one-size-fits-all demographic target: The fact that demographics didn't matter means
outreach efforts shouldn't assume a particular age group or socio-economic class is the
“problem” or “support base” for mining. Rather, people’s stances are more
psychology-driven. This democratization of attitudes means, for instance, that educational
campaigns need to be broad-based or tailored by mindset segments (like high-trust
believers vs low-trust skeptics) rather than by age or education level per se. It's also a
positive in the sense that anyone could potentially be convinced with the right approach -
one is not constrained by their demographics in how they view mining.

Limitations and Future Work: A limitation of this study is that it relied on self-reported
survey measures at one point in time. Attitudes can change, and causal relationships
cannot be definitively established here. While we talk about trust “driving” attitudes, it
could also be that those who favor mining rationalize it by rating the sector as
ethical/trustworthy - causality might be bidirectional. Longitudinal data or experimental
interventions would be needed to confirm causal influence. However, from a practical
standpoint, improving trust and ethics is valuable regardless, since it correlates strongly
with acceptance.

Additionally, the moderate predictive power suggests that there may be other relevant
variables not captured. Future surveys could include factors like political ideology, local
economic dependence on mining, knowledge about mining, or personal experience with
the mining sector to see if they add to prediction. Incorporating such factors might improve
the model and provide a fuller picture of attitude drivers.

In summary, the discussion confirms that attitudes toward mining are a complex
product of specific perceptions rather than simple demographics. The Random Forest
approach provided a nuanced, data-driven confirmation of theories from environmental
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psychology and risk communication: trust and perceived integrity are central to public

acceptance. These insights are valuable for shaping engagement strategies in the context

of expanding mining for critical raw materials.

7. CONCLUSION

This report analyzed a cross-country survey on public attitudes toward mining using a
Random Forest classification model. The results clearly demonstrated that who people are
(in terms of demographics) is far less important than what people believe and feel when

it comes to their attitude toward mining. Key conclusions include:

Demographics vs. Psychographics: Demographic factors alone do not yield a
useful model of mining attitudes - our classifier achieved only around chance-level
accuracy with age, education, income, and region. In contrast, including
psychological and perception variables raised accuracy significantly (to ~62%),
underlining that attitudes are primarily explained by those targeted variables.

Trust and Ethics are Paramount: Among all factors, the perceived ethical
acceptability of the mining sector and trust in mining sector managers
emerged as the top predictors of attitude. Individuals who view the mining sector as
ethical, fair, and trustworthy tend to support it, whereas those who view it as
unethical or untrustworthy tend to oppose it. Building and maintaining public trust
and demonstrating ethical practices should therefore be at the forefront of efforts
to improve public attitudes toward mining.

Shared Values Matter: The perception of value similarity between the public and
mining decision-makers is another crucial component. Bridging the gap between
stakeholder values - for instance, emphasizing mutual goals like environmental
sustainability and community well-being - could help in aligning public attitude with
industry objectives.

General Environmental Beliefs Play a Secondary Role: Broad environmental
concern and recognition of raw material needs were found to have a modest
influence, interacting with the above factors. Simply being environmentally
conscious does not uniformly translate to a pro- or anti-mining stance; it matters
whether that concern is coupled with trust in mining or not. Appeals to the necessity
of mining for green technology must be accompanied by credible assurances of
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ethical and responsible mining.

e Methodological Insight: The use of a machine learning classifier provided an
effective means to handle multiple variables and uncover non-linear relationships. It
reinforced conclusions from standard analyses in a quantifiable way (e.g., by
assigning feature importance weights to factors). However, the moderate accuracy
also serves as a reminder that predicting human attitudes has limits - there remains
a lot of individual unpredictability.

If Europe is to secure the raw materials needed for a green transition, understanding and
addressing public attitudes is as important as geological surveys or economic analyses. This
study, in line with the broader project's findings, suggests that earning public support
hinges on trust-building, ethical conduct, and communicating shared values more
than on demographic targeting. By focusing on the psychological drivers identified,
policymakers and industry leaders can better engage the public in dialogue about mining
and possibly increase acceptance of the necessary mining activities for a sustainable future.
The Random Forest analysis provided empirical support for these focus areas and offered a
foundation for more targeted future research (for example, interventions to improve trust
and perceived fairness, and then measuring attitude changes).

Ultimately, while not a crystal ball, the model highlighted where to pay attention: people’s
perceptions of the mining sector itself. Improving those perceptions is likely the key to
shifting attitudes, more so than any intrinsic characteristics of the people. This insight is
valuable for any strategic planning around critical raw materials and society’s readiness to
embrace the required changes.

As a consequence we chose to focus on the potential impact of mining on values that could
shape the perceptions of mining by stakeholders (M19). We decided to allow stakeholders
to imagine a map of Europe, and think how a mine would change the environment or bring
jobs in a given region. With Squizz stakeholders can see how different mine types could
affect relevant factors such as local employment or forests and thus see what could
potentially influence the well-being of citizens. Users can make these impacts more or less
important, just by playing with the cursors to personalize their findings. Squizz aims to
support well-informed discussions and thoughtful planning, which can lead to the
development of sustainable strategies for finding the metals needed for Europe's
transition to clean energy. It is mainly intended for people involved in research, industry,
and local government.
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Squizz is a user-friendly platform created to encourage conversations about mining and its
risks, benefits and implications in Europe. It's a map-based tool that helps users to consider
important environmental, social, and economical implications in order to make informed
decisions about metal sourcing. Squizz uses advanced data science tools to gather and
combine open-source social, economical, and environmental information from across the
EU, all presented on maps. By combining this data, Squizz highlights the most
important positive and negative aspects that will need careful attention and dialogue
among all stakeholders. To make this information easy to understand, Squizz provides a
simple rating system that shows potential benefits or issues. Squizz is designed to help with
early discussions, like involving different groups or exploring regions, by showing social and
environmental factors to consider. Squizz doesn't support or oppose any specific mines,
past or proposed. It doesn't label regions as good or bad for mining, and it doesn't predict
whether anyone would approve a project. Squizz is a research tool that should be used
with caution.
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