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Abstract

Identifying driving factors in cascading crisis events is essential for a coordinated response, yet the standard
event-relation task lacks spatial and multilingual capabilities. This paper presents a graph-based formulation of
document-level event relation extraction that jointly models event detection, causal relations, and spatial ground-
ing in crisis-related texts. We introduce an annotation scheme and a small preliminary multilingual benchmark,
annotated in English to enable language-independent evaluation. A cross-lingual node alignment strategy is
proposed to compare predicted event graphs with English ground truth. Experiments with a large language model
baseline show that node alignment is the main performance bottleneck that strongly affects relation extraction.
The results highlight the need for robust cross-lingual alignment as a foundation for meaningful evaluation and
further development of multilingual extraction pipelines.
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1. Introduction

Web and social media are important real-time sources of information for crisis management, providing
insights into rapidly evolving situations such as natural disasters or humanitarian emergencies [1, 2].
One method to structure heterogeneous and multilingual text is to represent events, their attributes, and
relationships in a knowledge graph, supporting reasoning, situational awareness, and decision making
[3, 4]. Event Relation Extraction (ERE) aims to identify causal, temporal, and hierarchical relationships
between events in unstructured text [5]. These relations form the foundation of event-centric KGs and
enable decision-makers to track the development of events, recognize cascading effects, and respond
effectively.

ERE typically models temporal and causal relationships, but rarely considers spatial context. Al-
though event coreference resolution approaches usually consider spatial information, their focus is on
linking multiple mentions of the same event across sentences and documents, rather than modeling
spatiotemporal and causal relations among distinct events [5, 6]. In addition, existing multilingual ERE
data sets are often limited in scope, language coverage, and data size [7, 8, 9], reducing their applicability
to real-world crisis scenarios.

In practice the absence of training data leads to the use of predefined causal markers (e.g., "because",
"led to", "due to") and hand-engineered syntactic rules, which limits ERE to sentence-level and explicit
mentioned relationships [10]. However, causal and spatio-temporal relationships usually span across
multiple sentences. Event Causality Identification and Spatial Grounding address this limitation by
modeling global context and long-range dependencies, enabling the detection of implicit causal and
spatial relations beyond lexical cue words. Large Language Models (LLMs) outperform traditional
methods in detecting such implicit relations [11, 12], and their extracted event representations provide
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a foundation for integrating information across sources to construct a more comprehensive picture of
crisis events [13, 6].

These circumstances motivate approaches that jointly integrate spatial information and multilingual
analysis. As a first step, this paper explores a graph-based formulation of ERE for crisis-related text,
jointly addressing Event Detection (ED), document-level Event Causality Identification (DECI), and
Spatial Grounding (SG). A tailored annotation scheme is proposed and a preliminary multilingual
benchmark is annotated based on English translations including a mapping from original to English
text parts to enable language-independent evaluations. Finally, an evaluation setup for multilingual
results is proposed, using a LLM as a baseline.

2. Methodology

The proposed task defines multilingual ERE as a mapping problem. News articles are manually anno-
tated on their English translations to produce ground truth graphs, which are then evaluated against
predicted event graphs extracted from the source language. The design decouples annotations from the
source language, enabling language-independent evaluation of multilingual predictions. This chapter
introduces an annotation scheme and a preliminary benchmark for the creation of document-level,
spatially grounded causal event graphs, while highlighting the core challenges of the proposed task and
its evaluation.

2.1. Benchmark Construction

News articles are collected from the GDELT news aggregator platform, which provides rich metadata
including language, location, and Global Knowledge Graph (GKG) themes [14]. To cover different
languages, Ukrainian, Chinese, and German are selected, and the Ukrainian city Kharkiv is chosen as
the case study location. To ensure topical diversity, we group GKG themes into broader categories, using
the World Bank Group Topical Taxonomy [15] as a rough reference, and focusing on the two topics of
Crime and Health Nutrition and Population. For each topic and language, three articles are randomly
sampled, resulting in a total of 18 news articles whose HTML content is retrieved, and boilerplate (i.e.
non-content elements like advertisements or navigation menus) is removed to obtain the article text!.

For the annotation, all texts are translated into English using Google Translate’ and afterwards im-
ported into an annotation tool with relation extraction capabilities®. So far, annotation was carried out by
a single annotator to explore the feasibility of the process. Based on existing event-causality frameworks
[16, 17], an initial annotation guideline is developed around the following five core components:

(1) Event detection identifies events that function as meaningful components within a cause-effect
chain. The event relevance is defined at document level and depends on the main topic, argumentative
focus, or narrative structure of the text. When an event is mentioned multiple times, only the most
explicit formulation is annotated, and stylistic variations are not treated as distinct events.

(2) Event type classification assigns each detected event to one of the DPSIR categories (Driver, Pressure,
State, Impact, Response). The DPSIR framework provides a generic structure for organizing causal
processes [18, 19] and reflects basic causal principles of domain-specific models [20, 21]. It is applied
as an ordering principle that supports the identification of events and their causal flow during the
annotation. For a specific event, its type assignment may therefore vary across documents depending
on the perspective and storyline.

(3) Causal relation annotation captures directed cause-effect relations between events, including both
explicit and implicit causality. Relations are annotated only when both events are mentioned within
the same paragraph or discourse unit, the causal direction is unambiguous, and the relation can be
inferred from the document context alone, without introducing external assumptions. Complex causal
structures, including many-to-many and many-to-one relations are allowed.
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Figure 1: Annotation example. Translated and annotated text [22] (left), extracted ground truth graph (right).

(4) Spatial grounding links events to identifiable toponyms such as cities, countries, or other geographic
features, while avoiding vague spatial references. Events may be associated with multiple locations,
and implicit locations are inferred from contextual or linguistic cues.

(5) An annotator-based graph review finalizes the annotation process. As shown in Figure 1, the graph
integrates events, directed causal relations, and spatial grounding, capturing the document’s central
event-related causal information while avoiding redundant structures.

2.2. LLM Baseline and Task Evaluation

For a first evaluation, event-relation graphs are extracted from multilingual documents using an LLM
and compared with English ground truth graphs, focusing on the ED, DECI, and SG tasks. GPT-OSS
120B [23] is used in a prompt-based setting (see Appendix A), where all extraction tasks are jointly
requested based on the annotation guidelines, and the KOR package® is used to convert the outputs
into structured, machine-readable event triples.

The cross-lingual comparison is enabled through node alignment. Node texts are embedded using
the multilingual LaBSE model [24], and a global one-to-one semantic alignment is computed based
on cosine similarity by selecting the best overall matching between predicted and ground truth nodes.
Alignments with similarity above 0.75 are counted as true positives (TP), predicted nodes without
alignment are false positives (FP), and unaligned ground truth nodes are false negatives (FN). This
procedure is performed independently for event alignment and toponym alignment.

The node alignment is then used to evaluate spatial grounding and causal relations between events in
terms of causal existence and causal direction. For each case, predicted triples (e.g., event; — causes —
events or event] — occurs_in — toponym) are mapped to English via aligned nodes and counted as
TP if they exactly match a ground truth triple, otherwise they are FP. False positives are further divided
into FP node-aligned, where node alignment exists but the triple is incorrect, and FP node-unaligned,
where no valid node alignment exists. Unmatched ground truth triples are FN.

.. o TP . . .
Standard precision, denoted as Prec = mumber of predicted friples” combines relation and alignment
TP

errors. Therefore, a conditional precision Preccond = imperornodesi aned predicted triples is reported,

which measures performance only over predictions with valid node alignment. Recall is defined
TP . . .

as Rec = s around fruth tiples” All metrics are computed globally by pooling all predicted and

ground truth triples across the dataset.

2.3. Preliminary Results

As depicted in Figure 2, toponym alignment and event alignment achieve moderate performance, with
F1 scores of 0.68 and 0.55, respectively. For event alignment, the error analysis shows a comparable
number of FP and FN, indicating that many ground truth nodes lack a corresponding prediction while
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Figure 2: Performances of node matching and across relation types using F1 score (left) and the number of
instances contributing to False Positives (FP) or False Negatives (FN) (right).

the model also generates additional nodes not present in the ground truth. This pattern suggests both
node overgeneration and limitations in the semantic alignment procedure. In addition, it cannot be
ruled out that some alignments are semantically similar but nevertheless incorrect.

These node-level errors propagate to relation predictions, where FN dominate, indicating that the
model often fails to predict relations present in the ground truth graph. This highlights recall as the
primary limitation. In contrast, precision is mainly affected by predictions that cannot be aligned to
any ground truth node, resulting in a higher number of node-unaligned FP.

Across relation types, spatial grounding achieves higher F1 scores than causal relations. Comparing
standard F1 with conditional F1 further shows that relation predictions become substantially more
reliable once correct node alignment is given, indicating again that node alignment is the dominant
source of error. Moreover, no meaningful difference is observed between causal existence and causal
direction, suggesting that the primary challenge lies in identifying causal links at all, rather than in
predicting their directionality.

3. Conclusion & Outlook

This work proposes a graph-based formulation of document-level ERE that jointly models event detec-
tion, causal relation extraction, and spatial grounding, investigated in crisis contexts. By introducing
an annotation scheme and a preliminary language-independent evaluation framework, this work ad-
dresses key limitations of prior ERE research, including the lack of spatial modeling and multilingual
document-level benchmarks.

Evaluating predicted event graphs in the source language against annotated English ground truth
graphs at document level represents a promising direction for multilingual ERE assessment. Nevertheless,
experimental results identify the cross-lingual node alignment as the primary source of error, affecting
the evaluation of ERE. Since surface-level string matching via text spans are not suited to multilingual
settings, the investigated semantic similarity approach offers a viable starting point, but more robust
alignment methods are needed to establish event-agnostic mapping between English ground truth and
predicted extractions from the source language.

In addition, the annotation scheme requires further development. Determining what constitutes a
relevant event remains a core challenge to be able to reduce future inter-annotator inconsistencies.
Particularly in open-domain extraction, annotators should be more guided in extracting salient events,
carrying relational significance or are central to the document’s context. To reduce cognitive load,
future annotation will adopt a staged pipeline, addressing event detection and causal relations prior to
spatial relations and geocoding.
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A. LLM Extraction Prompt

The following instruction was passed to the KOR extraction chain alongside the document text and
forwarded to the OpenAI GPT OSS 120B model. Nodes and edges were defined as KOR schema objects,
with properties such as description, type or relation specified as object attributes. Returned nodes and
edges were subsequently used to construct the document-level event graph.

KOR Instruction Template for Causal Graph Extraction

Your task is to extract a directed causal graph from the provided text to support cause-effect analysis for
disaster response. Focus on mechanisms, not narrative background or rhetorical framing.

NODES

Description: Extract only nodes explicitly stated in the text. Each node represents a distinct causal
event or geographic location. Select the most explicit instance; do NOT invent, infer, or duplicate nodes.

Type: Classify each node as exactly one of:

» Driver - root cause or external forcing factor

« Pressure - intermediate stress on a system

+ State - condition or status of the affected system

« Impact — observed negative consequence

» Response — mitigation or reaction measure

« Place - only real-world geographic toponyms; events must never be classified as Place
Id: Short label in the source language:

« Place nodes: copy toponym verbatim (e.g. Kharkiv, Luhansk, Ukraine)

«+ Event nodes: concise description of the event extracted from the text verbatim

EDGES

Description: Extract edges explicitly stated or reasonably inferable. Every source and target must
exactly match an existing node id; do NOT introduce new ids.

Relation: Exactly one of:
« causes — directed causal link; source and target must both be non-Place nodes
« occurs_in - links event node (source) to its Place node (target)

Source: The id of the source node. Must exactly match an existing node id

Target: The id of the target node. Must exactly match an existing node id

\.
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