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Abstract

Socio-political event extraction (SPE) enables
automated identification of critical events such
as protests, conflicts, and policy shifts from
unstructured text. As a foundational tool for
journalism, social science research, and crisis
response, SPE plays a key role in understanding
complex global dynamics. The emergence of
large language models (LLMs) like GPT-4 and
LLaMA offers new opportunities for flexible,
multilingual, and zero-shot SPE. However, ap-
plying LLMs to this domain introduces signifi-
cant risks, including hallucinated outputs, lack
of transparency, geopolitical bias, and potential
misuse in surveillance or censorship. This posi-
tion paper critically examines the promises and
pitfalls of LLM-driven SPE, drawing on recent
datasets and benchmarks. We argue that SPE
is a high-stakes application requiring rigorous
ethical scrutiny, interdisciplinary collaboration,
and transparent design practices. We propose
a research agenda focused on reproducibility,
participatory development, and building sys-
tems that align with democratic values and the
rights of affected communities.

1 Introduction

Socio-political events (SPEs) are occurrences in-
volving political or social actors that have signif-
icance for societies or governance. Protests, con-
flicts, elections, policy changes, and diplomatic
interactions are examples of SPEs. In computa-
tional terms, an SPE can be represented as a struc-
tured record of who did what to whom, when and
where, extracted from text (Cai and O’Connor,
2023). Event extraction systems seek to transform
unstructured data (e.g. news articles, social media
posts) into structured event representations (often
as tuples like source—action—target with time and
location) (Hu et al., 2024). Such structured event
databases enable large-scale analysis of political
dynamics and serve as inputs for monitoring con-
flict, tracking trends, and forecasting crises (Hu
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et al., 2024). In both academic research and real-
world decision-making, having timely and accurate
event data is crucial. Analysts use these databases
to understand patterns of violence, policymakers
use them for early warnings, and humanitarian or-
ganizations for situational awareness.

Automated SPE extraction has grown in impor-
tance as the volume of text data (news, social me-
dia) explodes beyond human coding capacity. Tra-
ditional rule-based or supervised systems have been
used to populate global event databases (e.g. ex-
tracting ‘who attacked whom’) for decades. Re-
cently, large language models (LLMs) have begun
to play a transformative role in this space. LLMs
like GPT-3.5 and GPT-4 can, in principle, read and
interpret complex texts to identify events with mini-
mal task-specific training. Early experiments show
that advanced LLMs (e.g. GPT-4) significantly
outperform previous models in zero-shot political
event coding, handling nuanced distinctions better
and generalizing with fewer examples (Hu et al.,
2024). The success of GPT-4 in following event
coding guidelines highlights the vast potential of
LLMs for this task (Hu et al., 2024). At the same
time, LLMs introduce new challenges (like hallu-
cination and transparency issues, discussed later)
that must be managed. This position paper takes
a hybrid technical and policy-oriented view of au-
tomated socio-political event extraction in the era
of LLMs, examining not only the algorithmic and
data-centric hurdles but also the ethical, legal, and
societal implications of these technologies.

2 Technical Challenges in SPE

Despite progress, automated SPE extraction faces
numerous technical challenges.

2.1 Ambiguity and Coreference

Language describing socio-political events is often
ambiguous. A single phrase can imply different
event types depending on context (e.g. “sanction”
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could mean an economic sanction or simply ap-
proval) (Cai and O’Connor, 2023; Hiirriyetoglu
et al., 2022a; Danilova and Popova, 2014). Identi-
fying whether an event actually occurred or is hy-
pothetical (modality) also requires understanding
subtle cues (did a politician promise an action or ac-
tually do it?). Moreover, the information about one
real-world event may be scattered across multiple
sentences or reports. Systems must perform coref-
erence resolution to merge mentions referring to
the same event. For example, in the text ‘A protest
broke out in CityX... The demonstration contin-
ued into the night’, linking ‘protest’ and ‘demon-
stration’ is non-trivial. Recent efforts have been
made to explicitly evaluate event coreference link-
ing across sentences (Hiirriyetoglu et al., 2022b).
However, ambiguity and cross-sentence reference
remain open problems. Without resolving these, an
automated system might count one event multiple
times or miss it entirely.

2.2 Temporal and Spatial Grounding

Every event entry needs a when and where (Abra-
ham et al., 2018; Westin, 2025). Extracting accu-
rate temporal and geospatial information is chal-
lenging. News text may describe an event with rela-
tive times (‘earlier today’, ‘last week’) that require
context (e.g., publication date) to resolve. Loca-
tions can be mentioned at various granularities (a
city, a region, a country), and many event coders
need coordinates, which requires mapping place
names to a gazetteer (Hiirriyetoglu et al., 2024).
Ensuring that each event is anchored to the correct
date and place is vital for analysis (e.g., distin-
guishing two protests on different days). Temporal
ordering (figuring out the sequence of events) is
also difficult when texts jump around chronologi-
cally. Techniques from temporal IE and geographic
entity resolution are needed as part of any robust
SPE pipeline. These tasks remain hard, especially
in noisy or terse text (like social media), where
time/place might not be explicitly stated.

2.3 Multilinguality and Low-Resource
Languages

Socio-political events occur worldwide, and being
able to extract events from multiple languages is
essential for global coverage. Many high-profile
event extraction systems have focused on English
(or a few major languages) due to data availabil-
ity. However, relying only on English sources cre-
ates a biased pictures (Claro et al., 2019; Miok

et al., 2024). The challenge is that NLP resources
(annotated data, pretrained models) for many low-
resource languages are limited. Progress is being
made (Hiirriyetoglu et al., 2022b). Still, perfor-
mance typically drops for truly low-resource lan-
guages (with different scripts or limited data).

2.4 Dataset Quality and Reproducibility

High-quality training and evaluation data are ex-
pensive to create (Thapa et al., 2023). Annotating
event mentions in text (especially with detailed
role labeling or fine-grained event types) is time-
consuming and often requires expert knowledge of
political contexts (Olsen et al., 2024; Cardie and
Wilkerson, 2008). As a result, existing datasets
may be small, sparse, or inconsistently annotated.
Many academic event extraction datasets (e.g. ACE
2005, TAC KBP event tracks) focus on a limited
ontology and are not perfectly aligned with the
needs of socio-political analysis (Doddington et al.,
2004; Mitamura et al., 2015). On the other hand,
political science event datasets (like ICEWS or
ACLED) contain high-level coded events but are
not released with their source texts (often due to
copyright), making it hard to use them for super-
vised learning or to reproduce results (Raleigh et al.,
2010; O’brien, 2010). This raises a reproducibility
challenge. A research group may train a model on
proprietary news data and output a set of events,
but without public text data, others cannot repli-
cate the extraction process. Furthermore, different
datasets use different schemas, making it hard to
compare systems. Annotation consistency is also
an issue, as complex events can suffer from low
inter-annotator agreement if guidelines are vague.

2.5 Event Schema and Ontology Design

What counts as an “event” and how it is categorized
can vary greatly. Designing an ontology (schema)
for events is a foundational challenge that affects
extraction (Danilova and Popova, 2014; Xiang and
Wang, 2019). SPE extraction has been guided by
schemas like CAMEQO (Conflict and Mediation
Event Observations) which defines a hierarchy of
around 20 top-level event classes and over 200 sub-
types for political interactions (from cooperative
acts like appeals or meetings to conflictual ones like
protests, attacks) (Parolin et al., 2019; Gerner et al.,
2002). Other ontologies exist (ACE’s schema for
general events, custom schemas for cybersecurity
events, etc.), and social science projects have pro-
posed new ones (e.g., PLOVER, a recent political



violence ontology aligning with CAMEO) (Halter-
man et al., 2023). The schema design problem has
two elements: (1) deciding on the categories and
their granularity (balancing detail with annotator
reliability), and (2) ensuring models can general-
ize across schema changes. A rigid ontology may
become outdated as new event types emerge (for
example, “COVID lockdown protest” might not fit
neatly into older categories). On the other hand,
very broad definitions reduce analytical usefulness.

3 Applications and Use Cases of LLMs

3.1 Conflict Early Warning and Crisis
Forecasting

One of the original motivations for machine-coded
event data was to feed conflict early warning sys-
tems (Hegre et al., 2019). Projects like the Inte-
grated Crisis Early Warning System (ICEWS) have
used continuous streams of coded events (protests,
violence, cooperation events, etc.) to predict insta-
bility and conflict outbreaks. By analyzing trends
e.g. a spike in protests or escalating repressive
events, these systems aim to forecast the risk of
civil war, mass atrocities, or other crises, enabling
preventative action. Automated event extraction
greatly speeds up the data pipeline for such systems,
which need near-real-time updates from daily news.
LLMs could enhance early warning by improving
the recall of relevant events (catching subtle precur-
sors in text) and by summarizing situational reports
(Foisy et al., 2025; Baek et al., 2023). For example,
an LLM might synthesize disparate reports into a
narrative of escalating tension.

3.2 Use by Governments and International
Organizations

Governments and intergovernmental organizations
(IGOs) are heavy users of event data (Ngai et al.,
2025). Intelligence and defense agencies use event
extraction to monitor global security like identify-
ing terror attacks, troop movements, or diplomatic
gestures in open sources. The U.S. government’s
ICEWS program is one example where automated
event data directly supports analysts. Diplomatic
services might track protest movements or election-
related unrest in real time to inform embassy staff.
At the IGO level, organizations like the United Na-
tions or regional bodies (African Union, EU) may
utilize event data for peacekeeping and policy de-
cisions (Nohuddin and Zainol, 2020; Amicarelli
and Di Salvatore, 2021). The U.N.’s crisis map-

ping initiatives and the World Bank’s political risk
assessments rely on understanding the event land-
scape. Here, comprehensiveness and reliability of
event extraction are key. An LLM-powered sys-
tem might help by reading situation reports or local
news in various languages and highlighting events
of concern, thus augmenting human analysts.

3.3 NGOs and Humanitarian Monitoring

Non-governmental organizations (NGOs), espe-
cially in the human rights and conflict prevention
space, have been both producers and consumers
of event data (Alhelbawy et al., 2020). A notable
example is ACLED (Armed Conflict Location &
Event Data Project), an NGO-driven effort that
manually curates conflict and protest events across
the world. ACLED (Raleigh et al., 2010) and oth-
ers (e.g. Crisis Group, Human Rights Watch’s
data teams) might use automated extraction to ex-
tend their reach, scanning local media or social
platforms for reports of violence that their human
coders can then verify and add. Humanitarian or-
ganizations can benefit from real-time event feeds
to coordinate responses. For instance, knowing
about protests turning violent could help the Red
Cross prepare, or detecting displacement events
could trigger UNHCR action. LLLMs could assist
these NGOs by quickly summarizing large volumes
of community radio transcripts or Facebook posts
from affected communities, pulling out events like
“village attacked by armed group” or “aid convoy
blocked by protesters.”

3.4 Event Databases and Knowledge Graphs

In academia and policy research, curated event
databases are valuable for studying patterns of con-
flict, cooperation, and social movements (Zhao
etal., 2024). Automated extraction is used to popu-
late and update these databases continuously (Deng
et al., 2024; Gottschalk and Demidova, 2018). For
example, the GDELT project has attempted to au-
tomatically ingest global news and output coded
events for every day. While impressive in scale,
such efforts sometimes sacrificed precision for
breadth. With LLMs, there is potential to improve
the quality of automated event databases. An LLM
can consider subtler contexts than keyword-based
systems, thereby potentially reducing false posi-
tives. Moreover, LLMs can help unify or recon-
cile events. If multiple news reports describe the
same protest from different angles, an LLM might
consolidate them into one entry with a more com-



plete description (this borders on automatic sum-
marization of events). Knowledge graphs are an-
other use where events can be nodes linking actors,
places, and dates in a graph database. Querying
such graphs can answer complex questions (e.g.
“find all confrontations between government forces
and tribe X in the past year”). Automated SPE ex-
traction is what supplies the raw material for these
knowledge bases. LLMs could be used to populate
new types of relations in graphs, like sentiment or
causal links (e.g. “protest led to policy change”).
There is active research on using LLMs to enrich
knowledge graphs with event information extracted
from text (Deng et al., 2024).

3.5 Analytical Tools and Summarization

Finally, a growing application is the use of LLMs
for higher-level analysis of event data. Rather
than just populating a database, an LLM can help
analysts make sense of the data (Kumar et al.,
2024). For instance, given a chronology of ex-
tracted events, an LLM could produce a narrative
report or timeline summary (“In June, a series of
protests in X province escalated into clashes by Au-
gust, prompting government crackdown in Septem-
ber...”). This moves into the realm of report gen-
eration and explanatory analysis. Automating such
analytical tasks has policy value as busy decision-
makers may not have time to read dozens of inci-
dent reports, but a well-crafted summary or even an
on-demand Q&A powered by an LLM (e.g. “Has
violence against civilians increased this month com-
pared to last?”’) could be immensely helpful. Some
prototypes in media monitoring have used LLMs to
summarize global news on a topic across countries.
For example, summarizing how different countries’
press are reacting to a conflict. Those same ca-
pabilities can be tuned to summarizing event data.
Additionally, interactive exploration via natural lan-
guage questions is an exciting use case. For exam-
ple, an analyst could ask the system (which has
ingested an event database) questions in English
and get answers or charts, without needing to write
code or SQL. LLMs can serve as an interface be-
tween humans and complex event data, broadening
access to insights. Caution is warranted to keep the
LLM “grounded” in actual data (so it doesn’t fabri-
cate answers). Combining retrieval methods with
LLMs (so the model bases answers on retrieved
event records) is one technique being explored for
this purpose (Arslan et al., 2024).

4 Limitations of LLMs, Multilingual and
Global Considerations

4.1 Technical Limitations

Introducing LLMs into the pipeline brings its own
set of technical caveats (Thapa et al., 2025). By
design, generative LL.Ms will fill in gaps and pro-
duce plausible text even when the input is uncertain.
This can lead to hallucinated events, i.e. the model
might assert that an event occurred that isn’t actu-
ally supported by the source (Zhang et al., 2025;
Ji et al., 2023; Shiri et al., 2024; Liu et al., 2025).
For example, if given a vaguely worded report, an
LLM might “assume” a protest happened when in
reality the text was speculating. Ensuring faith-
ful extraction requires grounding the LLM to the
source text. Relatedly, LLM outputs can be in-
consistent; the same prompt might yield slightly
different extractions on different runs (due to sam-
pling variability), which is problematic for a de-
terministic database update. Stability and calibra-
tion of confidence in extracted facts are therefore
technical issues to solve. Another limitation is in-
terpretability as deep learning models, especially
large generative ones, are often black boxes. Un-
derstanding why a model classified something as,
say, an “attack” versus an “arrest” can be difficult,
hindering our ability to trust and refine the system.
LLMs also have practical limitations like they may
struggle with very long documents (context length
limits), or with remembering a long list of ontology
definitions without confusion.

4.2 Non-Western Contexts and Local Nuance

Many event extraction tools and models have been
developed primarily on Western news sources and
in languages like English, Spanish, or French
(Aliyu et al., 2024; Kulkarni and Dogra, 2024).
Applying these to events in, say, rural Africa or
Central Asia can pose problems. The way events
are reported, the cultural context, and the actors
involved may differ greatly (Hiirriyetoglu et al.,
2022b). For example, a “protest” in one coun-
try might be described very differently in another
country’s media (or might not be reported openly
at all). Local idioms or euphemisms (e.g., refer-
ring to rebel militants as “our boys” in some con-
text) might mask what an event is about. Also, the
salience of event types can differ. Events like tribal
clashes, land disputes, election violence, etc., each
have unique markers. An extraction system needs
to be tuned into these nuances. This often requires



involving regional experts in the loop, or at least
using region-specific data to fine-tune models. One
promising avenue is to engage local journalists or
organizations to help create training data (perhaps
via annotation or feedback) for their context, cre-
ating a more inclusive global system. LLMs, with
their ability to absorb vast multi-domain text, might
already know some culturally specific references,
but careful prompt engineering is needed to make
them work for less-covered contexts.

4.3 Cross-Lingual and Low-Resource
Techniques

As mentioned, multilingual capability is crucial.
There are a few approaches to handle it (Jafri et al.,
2024; Alghamdi et al., 2024). One is machine
translation (MT), i.e., translate all foreign texts to
a pivot language (e.g. English) and then run an En-
glish event extractor (Chew et al., 2025; Cabrera,
2024). This was a common strategy in earlier sys-
tems, but MT errors can lead to missed or wrong
events (especially if translation alters proper names
or event verbs). Another approach is using multilin-
gual models like multilingual BERT or XLLM (Pires
et al., 2019; Conneau et al., 2020), which have
some cross-lingual transfer ability. Such models
can sometimes be trained on a high-resource lan-
guage and still be applied to a related low-resource
language. Few-shot learning with LLMs could
shine where one could prompt an LLM in a target
language with a few examples of event annotations
in that language (or even in English, relying on its
cross-lingual knowledge) and get results. There
is early research on prompt-based cross-lingual 1E
which is encouraging. Additionally, active learning
could be employed i.e., the system asks humans to
translate or verify a few critical pieces to improve
itself iteratively.

4.4 Multimodal Event Extraction

Socio-political events are not only described in text;
they may be captured in images, videos, or even
satellite data (Bhandari et al., 2023; Thapa et al.,
2024). A protest might be live-streamed, a damage
assessment might come from satellite imagery, a so-
cial media image might show evidence of an attack.
Multimodal event extraction seeks to combine text
with other data sources to improve event detection
and validation. For instance, an automated sys-
tem could corroborate a reported protest (text) with
social media images geotagged in that city show-
ing crowds. LLMs are expanding into multimodal
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models (e.g. vision-language models like GPT-4’s
multi-modality or others that can process images)
(Thapa et al., 2025; Fei et al., 2024). A future SPE
pipeline might take a news article and also any at-
tached photo or video transcript, and use both to
decide what happened. Multimodal analysis can
improve recall (catch events that text missed but
image shows) and precision (disambiguate events
by seeing visuals). It also helps in contexts where
text might be propagandistic and images can some-
times cut through biases (though they have their
own issues of authenticity).

4.5 Bias and Representation in Global Data

Global event extraction must grapple with bias in
sources (Xiang and Wang, 2019; Spiliopoulou et al.,
2020; Dev et al., 2021). Many regions lack indepen-
dent media, or any media coverage at all of certain
event types (e.g. state repression might be hidden).
As a result, automated systems might reflect state
narratives or international media agendas. Being
aware of these gaps is part of a global perspec-
tive. There are efforts to include non-traditional
sources. For instance, using reports from NGOs
or crowdsourced data to complement news. A bal-
anced approach might merge information from lo-
cal citizen reports with mainstream media, with
the Al model reconciling them. Bias mitigation
techniques can be applied, such as calibration (if
a known bias exists, adjust the data distribution)
(Garrido-Muiioz et al., 2021; Sun et al., 2019). Ul-
timately, a global system may need regional tuning,
as what works well for event extraction in Europe
might need rethinking for Central Africa. Com-
munity evaluations and workshops (like regional
“data challenges™) could help identify where cur-
rent models fall short. Inclusivity in the develop-
ment process (having NLP researchers and social
scientists from diverse regions) is also vital to en-
sure the tools are attuned to global realities and not
just Western media patterns.

5 Policy and Ethical Challenges

5.1 Surveillance and Authoritarian Misuse

A powerful SPE extraction system can turn into a
double-edged sword. On one hand, it can provide
transparency and early warnings about crises; on
the other, it could enable authoritarian surveillance
at an unprecedented scale (Yabanci, 2025; Roberts
and Oosterom, 2024). Repressive regimes might
use automated event detection to track dissident



activities or protests in real-time, flagging leaders
and participants for reprisal. Unfortunately, this is
not just hypothetical. Al-driven surveillance and
policing systems are already used by authoritarian
governments and have been found effective in sup-
pressing political unrest and entrenching regimes.
If an event extraction tool can scrape social me-
dia and news to pinpoint every protest or strike
as it begins, authorities could quickly crack down,
undermining civil liberties. Even in democratic so-
cieties, law enforcement has shown interest in such
tools. This kind of proactive surveillance blurs the
line between public safety and infringement of the
right to assemble.

5.2 Privacy and Human Rights

Related to the above, the privacy implications of
large-scale event monitoring are significant (Bal-
dassarre et al., 2024). Socio-political events often
involve individuals like protesters, activists, and
even victims of violence. If an automated system
is parsing social media for events, it might inciden-
tally capture personal data like names of organizers,
eyewitness accounts, etc. Even news articles can
contain personal identifying information in event
descriptions. Using Al to aggregate and analyze
this at scale can amplify privacy risks. For instance,
extracting a “protest event” from a Facebook post
could reveal the poster’s political participation with-
out their consent. Furthermore, in conflict zones or
authoritarian contexts, being identified in an event
report (e.g., as attending a demonstration) could
endanger one’s safety. Human rights organizations
worry that indiscriminate use of such technology
could lead to abuses such as compiling watchlists
of protesters or surveilling minority communities
under the guise of event detection.
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Automated event extraction systems could inadver-
tently become conduits for misinformation or pro-
paganda if not carefully managed. These systems
rely on source data which may be inaccurate or
biased. For example, state-controlled media might
report a fabricated event (e.g. a false “terror plot
foiled”) or exaggerate an incident for propaganda.
If an automated pipeline naively extracts that into
the event database, it lends credence to the false
narrative and propagates it to any downstream users
(analysts, alert systems, etc.). There is a real risk of
false positives where an SPE system could report
an event that never actually happened, due to either

Misinformation and Propaganda
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misinterpretation or malicious input. In the context
of political events, such an error can have serious
consequences (imagine a system that mistakenly
alerts to a “coup attempt” that was just a rumor, and
governments could react harshly). Systems should
thus cross-validate events with multiple sources or
official reports when possible.

5.4 Bias, Fairness, and Data Provenance

Automated SPE extraction inherits and can even
amplify biases present in source data (Huang et al.,
2024; Kumari et al., 2024). Media reporting bias
is well documented. For instance, studies find that
international media severely underreport violence
in certain regions compared to others. If an event
extraction system relies on those media, the re-
sulting database will systematically undercount or
underplay conflicts in those underreported regions.
This raises fairness concerns around analyses using
the data might over-focus on areas that the media
highlight and neglect others. Bias can also creep
in through the algorithms. If an ML model were
trained mostly on, say, Western news text, it might
not recognize event triggers in the rhetoric of other
cultures or might misclassify events that don’t fit its
learned patterns. Furthermore, LLMs themselves
carry biases from their training data; they might be
more likely to extract events that sound “newswor-
thy” in a Western sense, for example.

6 Recommendations and Guidelines

6.1 Robust Dataset Creation and Sharing

The community should establish best practices for
creating and sharing event data. This includes clear
documentation of inclusion criteria, coding method-
ologies, and known limitations of any event dataset.
Data collectors (whether researchers or organiza-
tions) have a responsibility to explicitly state what
sources they use, what counts as an event, and what
biases might result. When possible, datasets should
be shared in a form that supports reproducibility.
For example, reference URLs or source snippets
for each coded event (within copyright constraints)
should be provided. Creative solutions like releas-
ing machine-readable summaries or embeddings
of text can be explored to respect copyright while
still enabling method comparison. The community
could benefit from an open repository of annotated
texts for events (perhaps using texts that are in the
public domain or licensed for research) to serve as
a benchmark. Moreover, any new event ontology



or schema should ideally be published openly, with
rationales for design, to encourage standardization
or at least interoperability between projects.

6.2 Integration of LLMs with Human
Oversight (“Human-in-the-Loop’’)

To harness LLM power while safeguarding against
errors, a human-in-the-loop approach is highly rec-
ommended (Amirizaniani et al., 2024; Cohn et al.,
2024). LLMs can be used to draft event annotations
or suggest events, but human analysts or annota-
tors should verify critical details, especially for
high-impact events. For instance, an LLM might
summarize a complex report into a tentative event
entry; a human can then check the source, correct
any misinterpretation, and approve it. This not
only prevents spurious data from entering official
records but also allows humans to catch subtle bi-
ases the Al might introduce. Output validation is
crucial and automated confidence scores from mod-
els can guide which events need human review (low
confidence or novel event types get flagged). Addi-
tionally, employing multiple systems (e.g., an LLM
and a rule-based checker) in parallel and compar-
ing outputs where disagreements can be routed to
humans can be useful. This kind of cross-validation
workflow ensures that LLMs augment rather than
replace expert judgment in sensitive applications.

6.3 Transparent Model Use & Explainability

Any use of LLMs or Al for SPE extraction in pol-
icy or public-facing contexts should be transparent
(Foisy et al., 2025). Stakeholders (from end-users
of an event dataset to citizens potentially affected
by its use) deserve to know if an event was identi-
fied by a human, a classical algorithm, or an LLM,
and what the reliability might be. We recommend
developing explainability tools specific to event ex-
traction. For example, if an LLM classifies some-
thing as an “armed attack” event, the system should
ideally provide a rationale or highlight the evidence
in text that led to this classification. Techniques
such as step-by-step reasoning prompts or modu-
lar pipelines can help with interpretability. At the
very least, event records generated or assisted by
Al could carry a tag or confidence level. In high-
stakes use (e.g. legal accountability for conflict
incidents), one might decide that no event enters
the official record without either two independent
sources or human verification similar to journalistic
standards. Transparency reports on system perfor-
mance, biases found, and corrections made would
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also build trust in the technology.

6.4 Ethical Guidelines and “Do No Harm”
Policies

It is imperative to establish and follow ethical
guidelines for deploying SPE extraction, partic-
ularly in volatile and sensitive regions. Drawing
on principles from humanitarian and human rights
domains, developers should adopt a “Do No Harm”
mentality by anticipating how the technology could
cause harm and work to mitigate it. For example,
if deploying a system to monitor protests in an op-
pressive regime, measures should be taken so the
data is not easily accessible to the regime to target
individuals (perhaps aggregating or anonymizing
certain elements). Collaboration with ethics boards
or oversight committees can provide external re-
view of such deployments. Access control might
be one guideline. For example, sensitive event data
(like locations of protest organizers) might only be
shared with vetted parties like NGOs, not made
fully public. The community could formulate a
code of conduct or ethics checklist for SPE projects,
including considerations like ‘have we accounted
for bias?’, ‘are the communities being monitored
aware or have a say?’, ‘is there a risk of misuse
and how are we preventing it?” For LLM-specific
issues, guidelines should stress not to over-rely on
Al without verification, and to always have a hu-
man accountability in the loop for decisions made
from event data. When working in conflict zones,
respecting local laws and norms, and protecting
sources (e.g. journalists or informants who are
reporting events) is also part of ethical use.

6.5 Bias Awareness and Correction

To address fairness, we recommend that any large-
scale SPE extraction effort include an explicit bias
assessment phase. This might involve comparing
the Al-extracted data with known baselines (per-
haps human-curated datasets like ACLED in some
regions) to see where discrepancies lie. If certain
event types or areas are consistently under-detected,
the model or pipeline should be adjusted (addi-
tional training data for those cases, or lowering
thresholds). Bias correction techniques such as re-
weighting events from underrepresented regions
can be applied to the output data. Another best
practice is involving local stakeholders in evaluat-
ing the system’s output, like having experts from
different regions review the events detected in their
region for completeness and accuracy. Not only



does this catch biases, but it also builds a more
inclusive system. Data provenance, as mentioned,
should be maintained. Each event record ideally
links to its source material, which allows users to
judge source reliability and bias. If an event comes
only from a single source with a strong slant, per-
haps the system can flag that (like “source is state
media”). Users of the data should be educated on
these provenance flags. In essence, continuous au-
diting for bias and an openness about the system’s
limits will improve fairness and trustworthiness.

6.6 Collaboration Among Stakeholders

Finally, we urge a strong collaboration between the
technical developers (NLP researchers, scientists)
and the policy community (political scientists, ethi-
cists, legal experts, and practitioners on the ground).
This cross-domain dialogue can ensure that the
tools developed address real needs and align with
norms. For example, engaging with human rights
organizations might highlight the need for certain
event categories (like “internet shutdown event”)
that technologists hadn’t considered. Policymakers,
on the other hand, should stay informed about the
capabilities and limits of the latest tech, avoiding
both unrealistic expectations and ungrounded fears.
Joint workshops or working groups can produce
normative guidelines that marry technical possibil-
ities with ethical guardrails. We recommend for-
mulating clear use policies for different scenarios,
e.g., guidelines for using event extraction in elec-
tion monitoring versus in conflict zones (the latter
might require more restraint). By working together
on scenario planning, the community can preemp-
tively set standards for responsible use (similar to
how bioethics guides biomedical innovations).

7 Future Directions

7.1 Hybrid Extraction Models

Future research will likely explore hybrid models
that combine the strengths of LLMs with struc-
tured symbolic knowledge (He et al., 2025; Shaik
and Doboli, 2025). For example, an LLM could
be used to interpret text and draft possible events,
but a symbolic reasoner or knowledge graph en-
sures consistency with known facts (preventing ob-
vious contradictions or impossibilities). Integrating
expert-defined rules (from event coding manuals)
into LLM prompts or architectures could yield sys-
tems that are both flexible and precise. One con-
crete direction is leveraging existing political on-
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tologies and knowledge bases to guide LLMs, e.g.,
providing a model with a library of event type defi-
nitions and historical examples to reduce ambiguity.
This addresses the question posed by researchers
like ‘can we use expert knowledge to enhance ef-
ficiency without extensive new data?’. Progress
in prompt engineering and fine-tuning will make
LLM outputs more controllable, which is crucial
for complex event schemas.

7.2 Adaptive and Continual Learning

Socio-political realities evolve, and so must our
extraction systems. A promising avenue is contin-
ual learning (Wang et al., 2024) for LLM-based
extractors, i.e., the ability to update the model as
new event types emerge or new slang/terms en-
ter the lexicon, without forgetting past knowledge.
This could involve periodic fine-tuning on newly
annotated events or streaming adaptation where the
model’s prompts are adjusted based on feedback.
One challenge is avoiding “catastrophic forgetting”
when adapting to new domains (Kirkpatrick et al.,
2017). Research into LLMs that can plugin new
information (modular learning or using external
memory) will benefit SPE greatly, as it means,
for example, the system that was never trained on
“COVID-19 lockdown protest” could learn that cat-
egory on the fly. Additionally, ontology evolution
should be handled, as event schemas are revised
(which happens in social science as new patterns
like cyber warfare become relevant), systems need
to incorporate those changes.

7.3

Building on current trends, the future will likely
see fully multimodal event extraction in practice.
This means models that simultaneously process
text, images, video, and maybe audio to detect and
validate events. A protest event, for instance, could
be confirmed by both a news text and a tweet with
a photo. Research into multimodal transformers
and alignment techniques (like aligning image de-
tection of violence with text reports) is burgeoning.
By 2025 and beyond, we anticipate systems that
can, say, take a live social media feed (text + im-
ages) and output structured events to dashboards
for crisis responders. On the multilingual front,
future work may achieve more universal models
that work across dozens of languages via a com-
bination of improved training data and leveraging
LLM’s polyglot capabilities. There is also room for
transfer learning between languages and modalities.

Multimodal and Multilingual Fusion



For example, an event described in French text and
an Arabic tweet might be linked as the same event
through a shared embedding space.

7.4 Narrative Construction & Causal Analysis

Moving up the value chain, an exciting research
frontier is automated narrative and causality extrac-
tion. It’s not just about listing events, but under-
standing how they connect. Future LLM-driven
systems could attempt to identify causal or tem-
poral relationships. For example, protest A led to
government response B, which triggered conflict C.
Some early studies are looking at event chains and
temporal reasoning with LLMs. If successful, this
could produce draft analytical reports or help popu-
late causal graphs of events, which are immensely
useful for political analysis (like understanding es-
calation paths or conflict dynamics). There is also
potential for what-if analysis. With generative mod-
els, one could simulate how a sequence of events
might unfold under different scenarios, giving poli-
cymakers a tool to explore consequences (though
this enters speculative territory and would need ro-
bust grounding in data). Additionally, as LL.Ms
become more explainable, we might use them to
interrogate event data like “Why did violence in-
crease in region X?” and the system might high-
light a series of coded events (e.g. arrests, then
protests, then clashes) as an explanation. Achiev-
ing this level of reliable narrative construction will
require advances in discourse understanding and
knowledge integration for LLMs.

7.5 Data Responsibility and Ethics

On the policy side, a major future direction is es-
tablishing international norms or agreements on
the responsible use of Al for social data analysis.
Just as there are treaties and agreements on the use
of certain surveillance (for instance, UN discus-
sions on digital privacy), we may see efforts to set
guidelines for technologies like event extraction,
especially as they get more powerful with LLMs.
Researchers and practitioners should collaborate in
forums to develop a code of ethics specific to com-
putational event monitoring. This could encom-
pass agreements on not facilitating human rights
abuses, ensuring data sharing for humanitarian pur-
poses, and perhaps even certification of systems
(an independent audit to say an event extraction
system meets certain bias and transparency stan-
dards). Work in this direction will involve not just
technical people, but also lawyers, ethicists, and
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the communities being monitored. Another aspect
is education and literacy. Future efforts should in-
clude training for policymakers and journalists on
how to interpret Al-generated event data, to avoid
misuse or misinterpretation.

7.6 Open Research and Collaboration

Finally, a future direction that underpins all oth-
ers is maintaining an open and interdisciplinary
research environment. The challenges at this socio-
technical junction are complex; solving them will
require insights from NLP, machine learning, po-
litical science, conflict studies, ethics, and more.
We envision more joint research endeavors like po-
litical scientists formulating problems that NLP
folks can help solve, and NLP advances (like new
LLM capabilities) being rapidly tested on social sci-
ence use cases. There is also likely to be increased
benchmarking and evaluation efforts specific to
SPE, creating shared tasks that evaluate not just ex-
traction accuracy but also bias, fairness, and utility
in downstream analysis. A “roadmap” paper from
a multi-disciplinary team could periodically assess
where we stand and recalibrate goals (for exam-
ple, setting a goal to achieve a certain reliability in
low-resource languages by year X). As foundation
models evolve (e.g., new versions of GPT or open-
source LL.Ms with tens of billions of parameters),
continually applying them and assessing their fit
for event extraction tasks will be an ongoing pro-
cess. Keeping this work open (publishing results,
sharing models) will ensure broad access and avoid
a scenario where only a few large players domi-
nate the technology (which could be risky if their
interests don’t align with public interest).

8 Conclusion

In conclusion, automated socio-political event ex-
traction sits at a pivotal point with the rise of LLMs.
The coming years will likely bring substantial im-
provements in capability with support for more lan-
guages, more nuanced detection, and richer outputs.
At the same time, ensuring these advancements are
applied responsibly and benefit the global com-
munity is a collective task for researchers, prac-
titioners, and policymakers. By recognizing the
challenges and actively working on both technical
solutions and ethical safeguards, we can harness
LLMs to better understand and respond to the socio-
political events that shape our world.
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A Appendix
A.1 Related Works

Systematic political event data collection dates
back to the Cold War era. In the 1960s and 70s,
political scientists began manual coding of interna-
tional events from news reports to enable quantita-
tive analysis (Olsen et al., 2024). Influential early
datasets like WEIS (World Events Interaction Sur-
vey) and COPDAB (Conflict and Peace Data Bank)
catalogued interstate events (e.g. protests, conflicts,
diplomatic acts) by human annotation of news
archives (McClelland, 1978; Olsen et al., 2024,
Azar, 1980). These pioneering efforts demon-
strated the value of structured event data but were
labor-intensive and limited in scope (covering only
certain actors or regions). By the late 1980s, re-
searchers recognized that much of this coding could
be automated by text processing. The Kansas Event
Data System (KEDS) in the early 1990s was a sem-
inal rule-based system that used dictionaries and
patterns to code events from newswire feeds (like
Reuters) (Schrodt et al., 1994). KEDS (and its
successor TABARI) could scan sentences for key-
words indicating actions (e.g. ‘attack’, ‘meet’) and
map them to predefined event types, initiating the
era of machine-coded event databases (Schrodt,
2001). These early systems were capable of coding
thousands of articles, paralleling developments in
the NLP field of information extraction.

In the 1990s and 2000s, the NLP community’s
work on event extraction evolved in parallel. Early
information extraction (IE) tasks in NLP, such as
the MUC competitions and later ACE, involved
identifying event “triggers” and participants in text
(for example, extracting a terrorist bombing event
with its perpetrator, target, date, etc.) (Grishman
and Sundheim, 1996; Doddington et al., 2004).
While political scientists’ event databases aimed
at capturing abstract real-world events (often ag-
gregating information across sources), NLP tasks
focused on text-bound events with token-level an-
notations (Olsen et al., 2024). This led to a diver-
gence. Socio-political event databases prioritized
what actually happened in the world (even if details
were spread across multiple documents), whereas
NLP event annotations captured what was explic-
itly mentioned in a single text. Nonetheless, by
the 2010s there was convergence in methodology.
Statistical and ML-based approaches emerged for
event extraction. For example, supervised clas-
sifiers to detect if a sentence describes a protest,



or sequence labeling models to mark event trig-
gers and arguments. Researchers began applying
emerging deep learning techniques to event extrac-
tion, achieving improvements over brittle pattern-
matchers (Olsen et al., 2024). However, these su-
pervised models required substantial annotated data
(which was scarce for fine-grained socio-political
events) and often struggled to adapt when event
schemas or ontologies changed.

The late 2010s and early 2020s saw the advent
of large pretrained language models, culminating
in today’s LLMs (Thapa et al., 2025; Naveed et al.,
2023). Initially, these models were used as contex-
tual encoders in neural event extraction pipelines
(Hu et al., 2024; Ma et al., 2021; Ding et al., 2023).
For example, BERT-based classifiers for protest
detection or relational models for ‘who did what to
whom’ (Liu et al., 2021). More recently, prompt-
based extraction and in-context learning have be-
come feasible. Given a prompt describing event
categories or a few examples, an LLM can attempt
to parse new texts into structured event records
without explicit retraining. This zero-shot or few-
shot capacity is attractive for socio-political events,
which often require flexibility to new event types or
languages. Early studies are mixed but promising.
For instance, one study found GPT-4 could achieve
nearly the performance of a supervised classifier
in coding political event types, and even exceeded
some rule-based systems in recall (Hu et al., 2024).
At the same time, prompting LLMs for complex,
fine-grained event coding exposes issues (mem-
ory limits for long ontology descriptions, prompt
sensitivity, etc.), indicating that LLMs are not a
silver bullet (Thapa et al., 2025; Li et al., 2024;
Ziems et al., 2024). The field has now reached a
point where hybrid approaches are being explored
like combining LLMs with knowledge bases, us-
ing retrieval-augmented generation (RAG) for fac-
tual grounding, and integrating human feedback
for higher fidelity. This sets the stage for under-
standing the technical challenges that persist and
the new considerations that arise in the LLM era.
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