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Abstract
Understanding the construction of socio-environmental narratives at a national scale is a complex challenge,
particularly when research remains fragmented across disconnected case studies. In Chile, the energy transition
has generated territorial disputes as extractive industries and renewable energy projects expand, yet large-scale
systematic analyses of how these conflicts are represented in public discourse remain scarce. This paper addresses
this gap by applying a spatio-temporal topic modelling framework to a corpus of 1,996 validated news articles
covering conflicts related to the energy transition in Chile from 2011 to 2025. Using RollingLDA, a dynamic
adaptation of latent Dirichlet allocation that prevents information leakage from future documents, we identify
twelve topics that provide insights into the public narratives surrounding socio-environmental conflicts. Our
analysis reveals how specific conflicts, such as the HidroAysén dam project, the Dominga mining controversy,
and pollution in sacrifice zones such as Quintero-Puchuncaví, have evolved over time, with some narratives
declining while others, including green hydrogen development and lithium extraction, have emerged as central
concerns. We complement this temporal analysis with a spatial dimension by mapping the prevalence of topics
across Chilean regions through an interactive dashboard. By combining established methods, our work offers
a reproducible framework that can be adapted to topic modelling results incorporating spatial and temporal
dimensions, enabling the tracking of how socio-environmental narratives emerge, evolve, and fade over time.
Please also refer to the GitHub repository at https://github.com/JonasRieger/t2s2026.
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1. Introduction

Socio-environmental conflicts have consolidated as a structural phenomenon in countries of the Global
South, particularly in contexts where economic development strategies have consistently been based
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on extractive industries and large-scale infrastructures [1]. In these settings, the expansion of economic
activities has generated persistent disputes over access to and use of natural resources, environmental
and health impacts, and the legitimacy of decision-making processes, commonly framed under the
concept of extractivism [2, 3, 4]. Chile represents a particularly relevant case in this context, mainly
due to the central role that mining plays in the national production matrix [5, 6]. After the return
to democracy in the 1990s, Chile embraced the so-called commodities consensus in Latin America
[3, 7, 8], a cross-party agreement that framed natural resource extraction and its fiscal revenues as
drivers of poverty reduction and economic growth. However, the reduction of extreme poverty has
been accompanied by a proliferation of socio-environmental controversies that have gained increasing
public visibility, articulated both in territorial settings and in the media sphere [9, 10, 11, 12, 13].

Although Chile is a regional leader in the transition to clean energy, researchers warn that the local
territorial dynamics associated with the global energy transition often reproduce extractive logics
[14, 15, 16]. First, energy technologies are materially dependent on minerals, which has intensified
global demand and further expanded mining activities that were already generating significant social
and environmental tensions [17, 18]. Second, the development of new energy production and transport
infrastructures has also generated territorial conflicts, particularly in contexts where these projects
intersect with Indigenous territories and other local economic activities [19, 20]. From a critical
analytical perspective, the concept of the extractive-energy nexus highlights how the energy transition
itself may deepen extractivism, its frictions, and its socio-environmental impacts [21].

Academic research on extractivism and related conflicts has intensified in recent years, consolidating a
dynamic and diverse field while also revealing recurring limitations. An analysis of indexed publications
from 2015 to 2020 addressing conflict, territory, and extractivism in the Chilean case identifies several
problematic patterns: (i) the routinisation of extractivism as a concept, frequently used as an adjective
or contextual descriptor rather than as an analytical category; (ii) the treatment of conflict as a largely
taken-for-granted notion, with limited conceptual problematisation; (iii) a simplified understanding
of territory; (iv) a recurrent classification of actors along a state, company, and civil society axis;
(v) a predominant focus on the local scale; and (vi) a clear dominance of case studies as the main
methodology [22]. In response, the authors argue that renewing the field requires, among other
elements, methodological innovation and a more explicit discussion of the key concepts structuring
these studies [22].

This paper engages directly with the identified limitations. In particular, we adopt a critical
stance towards the strong localist perspective that characterises large parts of the research on socio-
environmental conflicts in Chile, both in the classic literature on extractivism and in more recent
studies focused on energy-related conflicts. The predominance of case study-based approaches limits
the capacity to identify general patterns, recurring dynamics, and shared features across conflicts,
especially when these unfold over discontinuous or intermittent time spans, or across territorially
dispersed settings.

Building on this diagnosis, we propose a shift in the analysis to the national scale, using news data
to identify narrative patterns that reveal trends and temporal dynamics in an industrial landscape
continuously reconfigured by the introduction of new technologies. Accordingly, we approach socio-
environmental conflicts as configurations that are constructed, circulated, and transformed within
public narratives. This perspective enables us to trace how different controversies are narratively
articulated over time and how shared discursive patterns emerge across conflicts that might otherwise
appear disconnected. Beyond specific topics, meaning-based groupings or clusters are identified through
human interpretative analysis, capturing conflict dynamics linked to different industrial transformations,
such as those associated with fossil fuels or new renewable energy technologies, while simultaneously
foregrounding institutional dimensions and impacts on communities and fragile ecosystems.

1.1. Related Quantitative Approaches

This shift in the scale of analysis, from qualitative case-based research to quantitative national-level
analysis, is not uncommon, especially in narrative research, which has greatly benefited from the recent



development of powerful natural language processing (NLP) models. In particular, models based on
the Transformer architecture [23] have demonstrated a high level of language understanding, enabling
them to extract narratives from documents without having to rely on rigid, manually defined linguistic
rules. NLP pipelines such as RELATIO [24] and its adaptations [25] utilise classic NLP tasks such
as part-of-speech tagging, named entity recognition, and coreference resolution to extract economic
narratives from a corpus. The Narrative Trails methodology [26] identifies relevant related documents
based on a given start and end document and arranges them along a timeline. More recently, studies
have shown that decoder-only models provide more stable results than the previously mentioned
pipelines by performing narrative extraction in a single step through accurate prompting of the model.
[27, 28, 29, 30].

While the aforementioned studies show the theoretically optimal performance that could be achieved
by applying an LLM such as GPT [31] to an entire corpus, they also highlight the significant costs
of such an endeavour. Prompting an LLM for all documents in a large corpus results in substantial
financial or computational costs for the user. Another option, not within the scope of this paper, is to
use small or distilled language models, which often maintain a large part of the performance of larger
models through different approaches, such as parameter-efficient algorithms or teacher-student learning
[32], making them significantly less complex. Other studies have focused on developing appropriate
narrative extraction tools using traditional low-resource NLP methods. For instance, [33, 34] use a
temporal adaptation [35] of the classic topic model latent Dirichlet allocation [LDA, 36] to detect shifts
in the content of newspaper articles during Covid-19 as well as shifts in political discussions in the
German Bundestag. This approach was extended in [37] to explain these shifts and annotate them
according to the Narrative Policy Framework [38, 39, 40].

These studies on narrative extraction propose methods that focus not only on extracting narratives
from a corpus, but also on performing this extraction in a low-resource environment and integrating a
temporal component into their research. However, they do not take possible non-temporal factors into
account in their analysis.

1.2. Contribution

The general objective of this article is to analyse socio-environmental conflicts associated with the
energy transition in Chile through a quantitative narrative extraction approach applied to news media
data. Specifically, the article aims to: (i) design and implement a methodological pipeline oriented
towards the identification and structuring of conflict narratives in the media; and (ii) identify and
characterise dominant and topic-specific socio-environmental conflict narratives at different spatial
levels, considering their distribution and temporal dynamics.

This paper is positioned at the intersection of socio-environmental conflict research, social studies
of energy transitions, and narrative analysis based on text mining methods. By conceptualising
socio-environmental conflicts as emerging narrative configurations within news corpora, the paper
proposes a methodological framework consisting of already existing methods, thereby contributing to
the combination and development of computational approaches for narrative identification, structuring,
and comparison in complex public debates. In this sense, the contribution not only extends the
application domain of narrative extraction methods, but also provides a challenging empirical test case,
namely nationwide socio-environmental conflicts related to the energy transition in Chile, to assess the
ability of these methods to capture multi-scalar, temporal, and thematic dynamics in non-European and
non-English-language contexts.

The approaches mentioned in Section 1.1 largely demonstrate that automating narrative extraction
alone does not (yet) work reliably. This is one reason why we use a hybrid approach in this work,
combining NLP methods with human judgement and avoiding black box automation where appropriate.
Consequently, from a broader perspective, our work lies within the newly proposed field of interactive
narrative analytics [41].



2. Data

To analyse socio-environmental conflict narratives at the national level, we constructed a corpus of
digital news articles that captures the public visibility of these disputes in the Chilean media ecosystem.
The following subsections detail the data collection process and the quality assurance measures.

2.1. Composition

The data collection was based on digital news articles published in Chile, using Google News (Chile
edition) as the primary source. To this end, a web scraping system was developed specifically to index
national news outlets, configured with Google’s standard URL parameters for territorial and linguistic
filtering (gl=CL; hl=es-419) to ensure the retrieval of content produced and circulated within the Chilean
media space. The search process relied on a broad and systematic set of keyword combinations aimed at
capturing socio-environmental conflicts related to the energy transition, including references to types
of projects, specific territories, and terms associated with controversies, complaints, and contentious
actions. In total, the system operated with 651 Boolean search combinations, resulting from two
successive scraping phases that expanded and refined the coverage of the corpus.

The scraping process led to an initial collection of 24,051 news articles. This dataset was subsequently
subjected to a filtering and classification process based on automated systems, complemented by
manual quality control checks. Inclusion criteria were restricted to news articles that reported disputes,
controversies, or collective actions related to socio-environmental impacts, the use or management
of natural resources, or energy and extractive infrastructures, and that displayed some form of public
opposition, conflict, or dispute between actors. Exclusion criteria comprised duplicated items, purely
descriptive or informational content lacking any reference to conflict, corporate announcements,
institutional press releases without evidence of controversy, and articles not situated within the Chilean
context. As a result of this process, 20,783 records were excluded, yielding a corpus of 3,268 validated
news articles relevant to the topic of interest, that is, containing coverage of socio-environmental
conflicts. An additional filtering step removed articles with missing text content or publication dates,
resulting in a final corpus of 1,996 articles that constitute the empirical basis of the analysis. Thus, after
applying the filter according to the required features (text content and publication date), 61% of the
articles previously identified as relevant could be used.

The final dataset comprises 30 structured variables, including information on media source, pub-
lication date, territorial location, type of conflict, actors involved, and characteristics of contentious
action. The systematic documentation of both included and excluded content, together with the explicit
recording of exclusion criteria, ensures methodological transparency and traceability. This corpus
construction process1 enables the analysis of socio-environmental conflict as a narrative phenomenon
at the national scale, grounded in explicit selection criteria and rigorous control over inclusion and
exclusion decisions.

2.2. Integrity

The filtering process described in Section 2.1 positively affected the integrity and quality of the data.
The filtered dataset contains substantially fewer missing values than the initial scraped dataset. After
filtering, the share of missing values in the data columns referring to spatial localisation (region, province,
communes) decreased from 61% to < 1%, 66% to 15%, and 66% to 13%, respectively, allowing precise
spatial analysis. With respect to the temporal dimension, the filtering resulted in only 0.2% missing
date values, compared with 6.4% in the initial scraped dataset. Although the filtering improved the data
quality and allows for spatio-temporal modelling, it cannot solve inherent source problems originating
from the outlets. The newspapers “La Izquierda Diario Chile”, “Ex-Ante”, and “latribuna.cl” show 100%
missing text data and therefore indicate total scraping failure. Furthermore, several other outlets,
namely “Elquiglobal”, “País Circular”, and “BioBioChile”, are missing a large number of full-text articles,

1For more detailed information, please check construction_of_database.txt at https://github.com/JonasRieger/t2s2026.
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ranging from 90% to 34%. Since text data are essential for the analysis, the described filtering reduces
the number of articles from these outlets to a small number of observations in the filtered dataset. As a
result, for our analysis we were able to use at least 61% of the relevant articles.

3. Spatio-Temporal Topic Modeling Framework

For our analysis, we developed a generic spatio-temporal framework that is applicable to all topic
modelling results, requiring only that each document include both a spatial and a temporal dimension.

3.1. Preprocessing

For preprocessing the data, we use the language-specific spaCy preprocessing pipeline (cf. Section A
in the Appendix) followed by a few dataset-specific human adjustments that make the preprocessing
more tailored. For our case (cf. Section 4), these adjustments include fixing a tokenisation artefact for
the company Albemarle, which was lemmatised as “albemar” and “albemar él”. In addition, we exclude
tokens containing digits and remove punctuation. For stopword removal, we use the internal stopword
list of spaCy, supplemented with additional words and connectors2 provided by domain experts.

3.2. Dynamic Topic Modeling

As a topic model, we propose using a dynamic topic model. Since latent Dirichlet allocation [LDA, 36] is
convenient and still performs robustly compared with neural topic models [42, 43], we use RollingLDA
[35] as temporal variant of LDA. Unlike other temporal adaptations of LDA[44, 45, 46, 47, 48] or neural
topic models [e.g., 49], RollingLDA never utilises documents from future temporal components when
modelling topics. This prevents the word and topic distributions from being influenced by information
that is only available in the future, that is, a form of information leakage. Rather, it allows new data to
be easily added, as the modelling approach can simply be continued, with only the new data requiring
further modelling.

The topic assignments of classic LDA are based on a latent probability model using two distributions.
The document-topic distribution 𝜃𝑚 and the word-topic distribution 𝜙𝑘 both follow a Dirichlet distribu-
tion with priors 𝛼 and 𝜂, defining the mixture of topics. Utilising the underlying probability model, for
a document 𝑚 = 1,… ,𝑀, a topic vector 𝑇 (𝑚) = (𝑇 (𝑚)1 , … , 𝑇 (𝑚)𝑁 (𝑚)) with 𝑇 (𝑚)𝑛 ∈ 𝑇 = {𝑇1, … , 𝑇𝐾} is sampled
following the generative model [50], which can be summarised as

𝑊 (𝑚)
𝑛 ∣ 𝑇 (𝑚)𝑛 , 𝜙𝑘 ∼ Discr(𝜙𝑘), 𝜙𝑘 ∼ Dir(𝜂), 𝑇 (𝑚)𝑛 ∣ 𝜃𝑚 ∼ Discr(𝜃𝑚), 𝜃𝑚 ∼ Dir(𝛼).

For a given parameter set {𝐾, 𝛼, 𝜂}, LDA assigns one of the 𝐾 topics to each token. An estimator for
the distributions 𝜃𝑚 = (𝜃𝑚,1, … , 𝜃𝑚,𝐾)𝑇 ∈ (0, 1)𝐾 (document-topic) and 𝜙𝑘 = (𝜙𝑘,1, … , 𝜙𝑘,𝑉)𝑇 ∈ (0, 1)𝑉
(word-topic) can be derived from the Gibbs iterations [50] via

̂𝜃𝑚,𝑘 =
𝑛𝑚(•)𝑘 + 𝛼

𝑁 (𝑚) + 𝐾𝛼
, ̂𝜙𝑘,𝑣 =

𝑛(•𝑣)𝑘 + 𝜂

𝑛(••)𝑘 + 𝑉𝜂
.

Since a single LDA is not trained deterministically, we stabilise this process and ensure the reliability
of the results by using LDAPrototype [51], selecting the medoid, that is, the most representative LDA
from a set of replicated candidate LDAs. We combine this method with the aforementioned RollingLDA
[35] for dynamic modelling. The method models documents sequentially for each temporal component,
using a number of previous temporal components specified by the user as a form of seeding. This rolling
window with fading memory approach translates into the model remembering recent content as part of
its memory while forgetting content further in the past that lies outside the memory window. As a result,

2For more detailed information, please check preprocessing.py at https://github.com/JonasRieger/t2s2026.
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it allows gradual changes in topics over time while maintaining a consistent overall interpretation of
each topic.

To interpret how topics change over time, we make use of leave-one-out word impacts [33, 34], which
determine the most influential words driving gradual changes in topics. We calculate cosine similarities
between the word count vectors of the selected topic 𝑘 for two consecutive temporal components 𝑡1 and
𝑡2, first using the complete vocabulary 𝑉 and second excluding the respective word (𝑉 ∖ 𝑣). We repeat
this process for all words in the vocabulary and present those with the highest values. The score for
word 𝑣 = 1, … , 𝑉 is given by

cos(𝑡1, 𝑡2, 𝑘, 𝑉 ∖ 𝑣) − cos(𝑡1, 𝑡2, 𝑘, 𝑉 ).

3.3. Postprocessing and Visualization

Based on the metadata (time and location) of the dataset, we process the results of the dynamic
topic model to enable spatio-temporal analyses. This metadata can be provided at different levels of
granularity; for instance, the location can be specified as continents, countries, states, or regions, among
others. We use the JavaScript library Leaflet with OpenStreetMap to visualise the spatial components.
The resulting dashboard can be seen in Figure 2 in the Appendix. On the right-hand side, several
settings are available, the most important of which are explained below. We distinguish between three
modes: Corpus, Topics, and Clusters, each of which leads to corresponding analyses and visualisations
in the left panel. At the same time, the map displays the document counts (Corpus) or the prevalence
of the selected topic or cluster, restricted to the selected time period and normalised according to the
selected spatial granularity. The Clusters option allows users to define a second level of hierarchy by
consolidating sets of topics. The dashboard includes, but is not limited to, the following features:

• Top words per topic (and location) over time.
• Overall topic prevalence over time.
• Gini coefficient showing the inequality of topic prevalence across locations over time.
• Number of documents across locations and over time.
• Cluster prevalence across locations and over time.
• Interactive filtering by time period and geographic granularity.
• Option to download individual graphics and tables.

4. Results

To perform the analysis, we used the Python implementation of LDAPrototype and RollingLDA, available
in the library “ttta: Tools for Temporal Text Analysis” [52]. The code for all analysis steps is available
in the GitHub repository https://github.com/JonasRieger/t2s2026. For legal reasons, the data cannot be
made publicly available, but may be shared upon specific request.

4.1. Study design

In our temporal modelling using RollingLDA, we use yearly time chunks, with the first ten years serving
as a warm-up period modelled using LDAPrototype with 100 candidate models. To capture recent devel-
opments in environmental narratives, we set a memory window of three years for each consecutively
modelled time period. In an iterative process involving human domain experts (cf. Section 4.2), we set
the number of modelled topics to 𝐾 = 12 and used a document-topic prior of 𝛼 = 0.05 for the final
analysis.

We restricted the analysis to articles published from 2011 onwards, resulting in news coverage
spanning from 14 February 2011 to 13 October 2025. Three different levels of granularity for the spatial
component, namely regions, provinces, and municipalities, allow us to identify both broad structural
patterns and local heterogeneity.

https://leafletjs.com/
https://www.openstreetmap.org/
https://github.com/JonasRieger/t2s2026


4.2. Parameter choice

In topic model analyses, automated proxy measures for human judgement are often used for model and
parameter selection. Due to their negative correlation with human judgement [53], likelihood-based
measures are less commonly used today, while coherence-based measures have gained considerable
popularity. One advantage of these measures is that they can be calculated automatically and quickly,
making it easy to evaluate and compare a large number of potential models. However, one disadvantage
is that these measures are not suitable for reliably assessing traditional against neural topic models
[42, 43, 54], which can lead to an incoherent selection of the best models [54] based on, e.g., normalized
pointwise mutual information (NPMI) [55], the most established measure. Additionally, there are
numerous variations of aggregating topic coherences into a metric for model selection, some of which
differ substantially in the ranking of potential models [42]. For the reasons mentioned above, and with
a view to human interaction, we follow the concept of interactive narrative analysis [41] and implement
an iterative workflow with human input to select the most suitable parameters 𝐾 and 𝛼.

Within this iterative process, we first computed fivemodels with𝐾 = 10, 15, 20, 25, 30, and 𝛼 = 1/𝐾. In
a second step, we examined all 25 combinations of 𝐾 = 10, 11, 12, 13, 14, 15with 𝛼 = 0.01, 0.05, 0.25, 0.5, 1
in greater detail. After testing all models by domain experts in a non-standardised way, verifying the
quality and coherence of the topics of a non-dynamic LDAPrototype model trained on the entire corpus
using subjective criteria such as interpretability and plausibility, we chose a total of 𝐾 = 12 topics and a
document-topic prior of 𝛼 = 0.05 for the final analysis. The final number of topics was established based
on their explanatory capacity, that is, their ability to account for both specific socio-environmental
conflicts and territorially extended conflictualities linked to particular industries, whether dependent
on the closure of fossil fuel sources or associated with renewable energies, as well as tensions related to
the functioning of environmental institutions.

4.3. Findings

Table 1 presents the 12 distinct topics that capture the main narrative threads in Chilean socio-
environmental conflict discourse, together with their top representative words and our interpretive
labels, derived from domain expert analysis. Table 2 shows a higher level of abstraction in which the
raw topics have been grouped into topical clusters based on further domain expert analysis.

For this purpose, we re-analysed the topics through human interpretation based on their terminolog-
ical and semantic proximity, as identified by the computational process, evaluating their associative
capacity to form narrative units that express specific forms of socio-environmental conflictuality. From
this interpretive exercise, the topics were organised into five meaning clusters, which allow us to observe
how these narratives evolve over time and across space. In particular, the temporal and territorial
dynamics of these clusters, analysed over 15 years and across all 16 political-administrative regions of
the country, reveal differentiated patterns of growth, stabilisation, or decline in socio-environmental
conflictuality. This finding reinforces the idea that these conflicts are not static but rather respond to
industrial, institutional, and territorial transformations that persist over time.

4.3.1. Spatio-Temporal Cluster Analysis

In Figure 1, we observe the dashboard organised by clusters. In this case, we selected Cluster 2
Environmental Impacts & Energy Projects, which groups Topics 1, 3, and 7. The map allows regional
visualisation and the possibility to explore greater detail at smaller territorial scales, such as provinces
and municipalities. At the same time, it allows the selection of specific years, as illustrated in Figure 3
in the Appendix, where we highlight three maps from different years.

The first map corresponds to 2012 and shows a high prevalence of news coverage in the Aysén region
due to opposition to the HidroAysén project. The second map shows the situation in 2016, when the
prevalence of news about conflicts shifted towards the south-central and central parts of the country.
This shift is explained by conflicts linked to small run-of-river hydroelectric plants in Mapuche territory
and to the Alto Maipo mega-hydroelectric project near the capital. The final map corresponds to 2025,



Figure 1: Screenshot of the interactive dashboard illustrating Cluster 2 Environmental Impacts & Energy Projects
(T1, T3, T7). Click the Figure to open the dashboard in your browser or download it via our GitHub repository.

Table 1
The 12 topics identified by RollingLDA with top-5 representative words and interpretive labels.

Topic Label Top-5 Words
1 Environmental Impact, Glaciers & Wind glaciar, impacto, zona, agua, ambiental
2 Hydroelectric & Indigenous Rights maipo, río, mapuche, agua, comunidad
3 Environmental Court Proceedings dominga, huasco, comité, ambiental, tribunal
4 Coal & Decarbonization energía, carbón, central, descarbonización, eléc-

trico
5 Local Impacts & Communities gente, pueblo, cielo, lumínico, comunidad
6 Industrial Pollution & Sacrifice Zones quintero, contaminación, puchuncaví, zona, salud
7 Green Hydrogen Development hidrógeno, hidroaysén, verde, patagonia, magal-

lanes
8 Environmental Impact Assessment ambiental, resolución, tribunal, evaluación, sma
9 Government & Environmental Legislation ley, gobierno, comisión, derecho, política
10 General Word & Concepts artículo, resumen, autor, investigación, texto
11 Lithium Mining litio, salar, sqm, atacama, comunidad
12 Copper Mining & Water minera, pelambres, agua, minero, cobre

Table 2
Topic clusters grouping thematically related topics for higher-level analysis. Clusters were defined through
domain expert interpretation, grouping algorithmically identified topics into thematically coherent categories
that reflect the structure of Chilean socio-environmental conflicts.

Cluster Label Topics Included
1 Water Resources & Mining Operations T2 (Hydroelectric & Indigenous Rights)

T11 (Lithium Mining)
T12 (Copper Mining & Water)

2 Environmental Impacts & Energy Projects T1 (Environmental Impact, Glaciers & Wind)
T3 (Environmental Court Proceedings)
T7 (Green Hydrogen Development)

3 Industrial Pollution & Decarbonization T4 (Coal & Decarbonization)
T6 (Industrial Pollution & Sacrifice Zones)

4 Environmental Institutions T8 (Environmental Impact Assessment)
T9 (Government & Environmental Legislation)

5 Local Impacts & Communities T5 (Local Impacts & Communities)

https://rawcdn.githack.com/JonasRieger/t2s2026/9030bbf0f823a9781c42135e0f2deeeeaa8d86f9/board.html


where we observe a high prevalence across Chile, with the Antofagasta and Magallanes regions standing
out due to large renewable energy projects.

In summary, the clustering of topics and their illustration through dynamic maps, both temporally
and spatially, allow for the organisation of large volumes of information related to socio-environmental
conflicts stemming from the energy transition in Chile, while also enabling flexible interaction in
terms of scope and level of detail for different users. The validation of this system and its results by
an academic team with knowledge of the social and historical context of these conflicts ensures that
different social actors, stakeholders, and policymakers can interact with the information and generate
new outputs.

5. Discussion

The results demonstrate how our spatio-temporal topic modelling framework overcomes the identified
limitation of “methodological localism” [22], which has fragmented knowledge about these conflicts
Our results show, for example, how narratives about lithium and green hydrogen cannot be understood
as isolated cases, but rather as dynamic expressions of the same process: the materialisation of the
extractive-energy nexus in Chile’s energy transition. This contradiction challenges the sustainability of
the energy transition, as decarbonisation narratives often obscure the socio-territorial frictions and
local impacts inherent in the expansion of the extractive-energy nexus [16, 18].

By combining low-resource methods that require only modest computational resources, our frame-
work maintains a low barrier to real-world application. Thanks to its flexibility, the proposed framework
can be easily applied to other suitable datasets with spatial and temporal components, requiring only
minor adjustments and a small number of human decisions regarding the model parameters. Addi-
tionally, the integration of LLMs allows for the automated generation of labels and descriptions for
topics and clusters. Further extensions of the framework could build on this capability by using LLMs
to explain broader narrative threads derived from the spatio-temporal topic modelling results.

This work contributes to the social sciences by demonstrating how computational methods can
combine qualitative and quantitative approaches to study complex phenomena. By treating socio-
environmental conflicts as narrative configurations circulating in the public sphere, our approach
uncovers both the relevant topics and how their meanings and territorial dimensions evolve over time.
For instance, the lexical evolution of Topic 2 Hydroelectric & Indigenous Rights, from HidroAysén and
dam toward hydrogen and Magallanes, shows how public narratives are reconfigured in response to
new projects and forms of resistance. This methodology allows for the identification of inflection points
and unexpected convergences between apparently distant conflicts, offering the social sciences a tool to
map the complexity of socio-environmental conflicts without losing sight of their specific contextual
dimensions.

Our findings offer insights into how energy transition conflicts are represented in public narratives.
On the one hand, some conflicts show long-term media visibility. This is the case of the sacrifice zones
discourse around Quintero-Puchuncaví, which has remained present in public debate over extended
periods. On the other hand, older controversies, such as HidroAysén, have gradually faded from
media attention, while new sites of contestation are emerging. For instance, green hydrogen has
become a prominent narrative theme since 2022, particularly in media coverage of the Magallanes
region. This suggests that Chile’s energy transition is not only reshaping the energy matrix but also
reconfiguring the geography of socio-environmental conflicts. The appearance of green hydrogen
discourse in Magallanes, following patterns observed in earlier hydropower debates in Aysén, indicates
that renewable energy projects may not be exempt from the territorial contestation that characterised
fossil fuel and hydropower developments. Whether this parallel extends beyond media framing, at the
level of local mobilisation or policy responses, remains an open question for future research.



6. Conclusion & Limitations

This paper presents a spatio-temporal topic modelling framework for analysing socio-environmental
conflict narratives in news corpora. Applied to 1,996 Chilean news articles spanning 2011–2025, our
RollingLDA-based approach, with humans in the loop, identifies 12 topics that provide insight into the
underlying narrative themes structuring public discourse on energy transition conflicts. The temporal
analysis reveals how conflict narratives evolve, for instance from the HidroAysén controversy to green
hydrogen debates, while the spatial dimension maps these narratives onto Chile’s diverse territorial
landscape.

We used Google News as our primary source, which introduces a selection bias: smaller regional
media outlets are underrepresented, and the number of articles increases over time, partly due to the
growing availability of digital news rather than solely to the intensity of the conflicts. Furthermore,
our data capture public discourse as shaped by the media, but not necessarily the perspectives of
local communities. In future work, we intend to compare the usefulness of the data presented here
with high-quality data from a selection of Chilean newspapers3, accessed directly through the official
distributor of the digital archives of these newspapers. In the corresponding analysis, we aim to leverage
the advantages of both data types: the diversity of sources in the scraped dataset and the completeness
of the directly retrieved dataset.

While we were able to utilise postprocessing to integrate spatial factors into our analysis, the results
could be improved by directly incorporating spatial factors into the modelling process of the topic
model itself. In future work, we plan to develop further methodological improvements, including a
metadata-aware topic model that co-models both temporal and non-temporal (e.g. spatial) factors. This
would allow the model to allocate parameters in order to deliberately identify differences in spatial
topic content and prevalence.

We also plan to examine in future work the extent to which our proposed topic modelling framework
can be complemented with LLM components or replaced in certain parts. To this end, we intend to
focus on distilled LLMs and neural topic models, comparing their quality through experiments with
human coders as well as automated measures [42, 43, 54, cf.]. Moreover, we aim to develop further
postprocessing and presentation tools to illustrate even more clearly the evolution of narratives.
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A. Preprocessing

For general text cleaning and preprocessing, we apply the Spanish text processing pipeline
es_core_news_lg (version 3.8.0) from spaCy. We choose this pipeline over the small and medium
counterparts due to its higher lemmatization accuracy (97% vs. 96%) reported in the package docu-
mentation. Within the pipeline, each text passes through a tokenization embedding layer. This layer
tokenizes the text and projects the tokens into a vector space. These vector representations are then
passed to a morphologizer, which adds part-of-speech tags and morphological features used for the
subsequent lemmatization step. The lemmatization stage leverages the token vectors together with the
morphological and positional features from the previous layer to produce lemmatized tokens. As a final
step, the token vector representations are passed through a named entity recognition pipeline to assign
entity tags, which are useful for the spatial dimension and subsequent token filtering. The attributes
generated by the spaCy pipeline are then fed into a postprocessing pipeline. The full stopword list will
be made available in our GitHub repository upon publication of this paper.

B. Dashboard Screenshots

Figure 2: Screenshot of the interactive spatio-temporal dashboard showing topic distribution across Chilean
regions. Click the Figure to open the dashboard in your browser or download it via our GitHub repository.

Figure 3: Dashboard of regional distribution of Cluster 2 Environmental Impacts & Energy Projects in 2012, 2016,
and 2025 (from left to right).

https://spacy.io/models/es/
https://rawcdn.githack.com/JonasRieger/t2s2026/9030bbf0f823a9781c42135e0f2deeeeaa8d86f9/board.html
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