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Abstract

Political scientists who employ event data—structured records of “who
did what to whom”—would ideally use custom datasets tailored to their
questions, but the cost of producing custom data pushes them toward
existing general event datasets. We introduce a modular framework for
producing custom event data that decomposes the process into five inde-
pendently customizable steps: event detection, event “attribute” extrac-
tion (actors, recipients, dates, and locations), entity linking, entity cat-
egorization, and date/location resolution. Researchers can use models
we provide and invest effort only in the steps their project requires. To
address the two most challenging steps, we develop new models: a small
language model for extracting event attributes, trained on synthetic and
real data, that generalizes to new event types; and a Wikipedia-based en-
tity linking system that disambiguates and categorizes political entities.
We validate the pipeline against held-out expert and human-adjudicated
annotations and by evaluating it, without retraining, against the hand-
coded Electoral Contention and Violence dataset. Applied to ECAV,
the pipeline matches ECAV’s actor category for 62% of events and 45%
for recipients. Given ECAV’s own spans, categorization reaches 89%,
suggesting that customization effort should focus on extraction. The
pipeline is open source, runs on consumer hardware, and requires no
proprietary APIs.
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1 Introduction

Political scientists often draw on event data derived from text to answer
questions about the actions and interactions of political entities. Event data
consists of structured data on event types, the actors and recipients involved
in the event, and the dates and locations of events, or, more colloquially, is
structured data that answers the questions “who did what to whom, where and
when?” Researchers can draw on large, off-the-shelf event datasets, both hand-
coded—such as ACLED (Raleigh, Kishi and Linke, [2023), MID (Palmer et al.,
2022), or UCDP GED (Sundberg and Melander, 2013)—and machine-coded—
such as GDELT (Leetaru and Schrodt, [2013), POLECAT (Scarborough et al.,
2023), the historical Phoenix event data (Althaus et al., 2020), or ICEWS
(Boschee et al., 2015). While using off-the-shelf datasets is low cost and makes
many projects feasible, this approach has its drawbacks. Pre-built datasets
might be several years out of date or may not be updated anymore at all,
limiting the range of historical data that they cover or making it difficult to
use such data in forecasting applications. Off-the-shelf datasets may not cover
the news sources or geographic areas that a researcher wishes to study. Or,
most importantly, these data resources may not code the events or actors that
a researcher requires. If the concepts researchers intend to measure are not well
aligned with existing event data options, using such data can raise significant
measurement validity concerns (Adcock and Collier, 2001; Goertz, |2020).

Thus, for many political science research projects it is preferable to con-
struct a custom event dataset specifically tailored to a specific question or ap-
plication (e.g.,|Toft and Zhukov, [2015;|Zhukov and Ayers, 2023; |Salau and Hal-
terman, 2025). However, creating custom event datasets is often prohibitively
costly. Hand-coding event data from text is an expensive, multi-year undertak-
ing. Automated techniques for producing event data are difficult or expensive
to use, require technical expertise and effort to customize them, and are often
unacceptably inaccurate. This paper addresses these challenges.

This paper makes two contributions. First, we propose a modular frame-
work that decomposes event data production into five independently customiz-
able steps: event detection, attribute extraction (identifying the actors, recip-
ients, dates, and locations of events), entity linking, entity categorization,
and date/location resolution. The framework clarifies the design decisions re-
searchers face and allows them to adopt pretrained models where applicable,
investing effort only in the steps their project requires. Second, we develop
new models for the two most challenging steps: a small language model for
extracting event attributes from English language text, trained on a mixture of
synthetic and real text so that it generalizes to new event types without hand
annotation; and a Wikipedia-based entity linking system that disambiguates



political actors without hand-built dictionaries.ﬂ The five-part framework is
general to any event ontology, while the trained components we release were
built around the common PLOVER event ontology. We demonstrate that
these models can generalize to new event types, including by validating the
pipeline, with no retraining, against the hand-coded Electoral Contention and
Violence (ECAV) dataset (Daxecker, Amicarelli and Jung), 2019), which uses
an entirely different ontology.

We provide our tools as an open-source Python package, the Next Gener-
ation Event Coder (NGEC), for producing event data from English-language
text The pipeline uses only open-weight models, can run entirely offline on
consumer hardware, and supports customization at multiple levels: researchers
can use our pretrained models with new text sources, define new event types
by training document classifiers, or extend the system with new attributes.
We provide guidance on each customization scenario and estimate the effort
required. As we emphasize throughout the paper, these steps can each be used
on their own to solve specific research problems.

2 Existing Approaches to Automated Event Ex-
traction

The process of producing an event record from text consists of taking in a
document, identifying information from within the document about the events
and entities reported in the document, and structuring that information ac-
cording to an ontology. Consider the simplified example in Figure[l] Given an
input document, an initial phase of the event extraction system might identify
an event description, then identify the spans of textﬁ that report the entities
involved in the event. Finally, to be useful in downstream analysis, the parts
of an event are categorized according to the ontology being usedﬁ This in-
cludes categorizing actors and recipients, and resolving locations and dates to
canonical values.

Creating custom event data consists of answering several project-specific
questions before beginning the coding process: what event types should one
code and how should they be defined? (e.g., should “riots” be distinguished
from “protests”) What attributes do events have? (e.g., should a protest event
have distinct “participants” and “organizer” attributes?). How should entities

'An earlier version of the pipeline we describe here generated the global POLECAT
dataset (Halterman et al., [2023} |Scarborough et al., |2023)).

Zhttps://github.com/ahalterman/NGEC-2025

3A span is a verbatim sequence of words from the document, such as “Syrian government
forces” or “Tuesday.”

4While our pipeline is agnostic to the specific ontology being used, we will use the fairly
generic PLOVER ontology (Halterman et al.| |2023) for most examples in the paper.
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Figure 1: A high level overview of event data extraction, emphasizing the dis-
tinction between information extraction steps and resolution/disambiguation.
For example, a coding pipeline must identify that “Nusra” is the target of the
event, and separately that Nusra is an instance of a SYR[ian] REB/el] group
(according to the researcher’s ontology), potentially using information from an
external data source such as Wikipedia.

be aggregated? (e.g., should all law enforcement entities be resolved to a single
“police” category, or should local and national police be distinguished in the
dataset)? We return to this in Section

Many existing projects and methods in social science and computer science
have sought to build automated systems to extract event information from text
(see, especially |Zhukov and Ayers, 2023; |[Haunss et al., 2025). However, none
of these systems have enabled applied social scientists to feasibly generate
custom event data.

Dictionary-based methods have long been a technique for producing event
data in social sciences (Schrodt, Davis and Weddle, 1994; |Gerner et al., 2002;
Schrodt, 2009; |O’Brien, 2010; |Norris, Schrodt and Beieler, 2017). These sys-
tems use pattern matching against hand-built lists of terms to perform event
identification, actor identification, and actor resolution simultaneously. While
researchers have built custom dictionary-based coders for specific event types
(Brathwaite and Park| 2018) or non-English languages (Osorio and Reyes,
2017; Liang et al.. 2018), and developed techniques for semi-automated dictio-
nary development (Halterman et al., 2018; Radford, [2019), dictionary-based
coders face limitations. They suffer from low recall from incomplete dictionar-
ies and their reliance on exact matching, context unawareness (e.g., “launch
a strike” could refer to military or labor actions), and the need to maintain
exhaustive, time-specific actor dictionaries. These difficulties have limited the
adoption of dictionary-based methods by researchers seeking to produce cus-
tom event datasets.

A second body of work in computational linguistics treats event extrac-
tion as identifying linguistic frames or arguments (Baker, Fillmore and Lowe,
1998; |Das et al., |2014; Doddington et al., | 2004; Palmer, Gildea and Kingsbury,
2005). More recently, neural architectures and LLMs have achieved strong per-



formance on extraction benchmarks through document-level models (Li, Ji and
Han, 2021; |[Ebner et al., 2020; Alsarra et al., [2025), question-answering formu-
lations (Du and Cardie, [2020), and generative approaches (Hsu et al., 2022;
Dai, Radford and Halterman, [2022). However, these systems focus specifically
on argument extraction—identifying text spans corresponding to event-specific
arguments—without providing the broader steps political scientists need, in-
cluding linking extracted names to canonical identifiers, categorizing actors
into substantively meaningful groups, and resolving locations to coordinates.
A social scientist cannot take a trained extraction model and produce a usable
event dataset without building the remaining infrastructure themselves.
Third, researchers are increasingly adopting large language models to iden-
tify events in text (Zhukov and Ayers, 2023; Halterman and Keith, 2025),
including through broadly useful fine-tuned language models (Hu et al., 2022;
Meher and Brandt, 2025). Treating event detection as document classification
is attractive because it is well understood in social science, straightforward to
customize, and amenable to synthetic data augmentation (Halterman, 2025).
While prior work on automated event extraction has made important con-
tributions to coding event data, it has left three gaps for applied researchers:

e No clear modular framework that decomposes event extraction into inde-
pendently customizable steps, allowing researchers to invest effort only
where their project requires it.

e No efficient, general-purpose method for extracting the actors, recipients,
dates, and locations of events that generalizes to new event types without
retraining.

e No technique for disambiguating political entities and categorizing them
into researcher-defined groups without maintaining hand-built dictionar-
ies.

The remainder of the paper addresses these gaps.

3 A Five-Part Framework for Coding Event Data

Our first contribution is a proposed five-step conceptual framework for
coding events, independent from the specific ontology being usedE] Posing
event extraction in this way shows applied researchers where they can use
existing models or where they need to customize specific steps to produce
their custom event data. It also highlights that certain steps can be used on

JAhn| (2006) suggests an alternative four-part conceptual framework, but focusing on
computational linguistics challenges in the ACE dataset, rather than on practical guidance
for social scientists creating custom event data. Haunss et al. (2025) also argue for the
importance of modular pipelines in coding protest event data.



their own to address other research requirements, such as resolving named
entities to their Wikipedia pages.

1. Event detection: We begin with a step that identifies whether an event
type is reported (at least once, anywhere) in a document. We argue for
treating this as a document classification task.

2. Event attribute identification: We conceptualize political events as
having four generic attributes, the event’s actor, recipient, date, and loca-
tion. We pose this as an information extraction problem and introduce
a small fine-tuned language model to extract the corresponding spans
from a document.

3. Entity Resolution: named political entities, such as people or organi-
zations, are easier to analyze and categorize if they can be linked to a
canonical external knowledge base. We introduce a new model for linking
extracted names to their correct article in an offline copy of Wikipedia.

4. Entity Categorization: political entities, whether generic or named
entities resolved to Wikipedia, are categorized according to the researcher’s
ontology (e.g., that “police” and “internal security forces” are both mem-
bers of a broader LAW ENFORCEMENT category.)

5. Date and Location Resolution: events’ relative dates (“last Wednes-
day”) are resolved to absolute dates and extracted event locations (“Aleppo”)
are resolved to their geographic coordinates. Specifically, we resolve place
names to their entries in the Geonames gazetteer (Wick and Boutreux,
2011) to obtain their geographic coordinates.

Researchers can use pretrained models for each step, customize only the
components relevant to their project, or employ individual steps to solve non-
event data problems.

3.1 LLMs and the “Test of Time”

The rapidly improving capabilities of LLMs raise a natural question: why
build specialized tools rather than using large generative LLMs to produce
event data end-to-end (Sutton, 2019)7 We offer three responses. First, resolv-
ing actors and locations to canonical identifiers such as Wikipedia or Geon-
ames (Steps 3 and 5), requires querying canonical knowledge stores rather
than relying on the pretrained knowledge in LLM weights. Second, process-
ing entire corpora through large LLMs imposes major computational costs,
and using closed-weight models has well-established reproducibility concerns
(Palmer, Smith and Spirling| [2024). SI[E.2 provides an end-to-end compar-
ison of our pipeline on a new application to a frontier LLM, showing that
while frontier LLMs outperform our attribute model on recipients (but not ac-
tor recognition), they come with clear replicability and monetary costs. Third,
our pipeline’s modularity means that as LLMs improve, researchers can indeed



use them for individual steps in the pipeline, such as document classification
or the attribute model, without replacing the full system.

4 Customizing Event Data

Before describing the technical details of each step, we outline the research
design decisions researchers face when producing custom event data. The sim-
plest scenario—a researcher coding new event types from English-language
news text—requires customizing only the event detection step, while the pre-
trained attribute, entity linking, and resolution models can be used without
modification. More substantial departures require progressively more effort,
as summarized in Table [1l

Event types. Researchers must decide which event types to classify, at
what level of granularity, and how each event type is defined (Halterman and
Keith, [2026). For example, distinguishing hunger strikes from demonstrations
provides greater granularity about protest tactics, but requires more annota-
tion effort. Political scientists’ familiarity with document classification, com-
bined with techniques such as synthetic data augmentation (Halterman, 2025)
and fine-tuning (Hu et al., 2022), makes training new event classifiers feasible.

Event attributes. Defining new event types changes the inputs to the
attribute model, which must extract attributes for event types it was not
trained on. In most cases, the pretrained model extracts the core four at-
tributes even for unseen event types, as we demonstrate in our validations
below. Researchers who need additional attributes (e.g., “number of partici-
pants” in a protest) may need to generate new training data, but our synthetic
data pipeline reduces the effort required.

Actor categories. Researchers using our pipeline define actor categories
by editing a human-readable text file of role descriptions that are matched via
semantic similarity. Modifying the actor categorization only requires updating
the mapping file with patterns in the relevant categories and does not require
retraining any models.

Text sources. Our pipeline is designed for English-language news text.
Stylistically similar text should work without modification, though very dif-
ferent domains may require additional training data. Non-English languages
would require translation or significant retraining (see Sections |7 and SI .

We next describe new techniques for doing each of these steps. We address
the annotation burden through synthetic training data, the sentence-level lim-
itation through document-level extraction, and the actor dictionary problem
through Wikipedia-based entity linking. The result is an end-to-end system
that can produce custom event data without requiring dictionary development
or computational linguistics expertise, and also a modular set of models and
techniques that can be used independently.



Customization Pipeline Step Af- Customization Required

fected
New event types Event detection Train classifiers on labeled
(synthetic) examples
Event sub- Event detection Train second-stage classi-
types/modes fiers
Custom attributes Attribute extraction = Extend (synthetic) training

data and retrain model
Actor category ontol- Entity categorization  Edit category mapping file

ogy

Whether to  link Entity linking Optional; no changes
named entities needed

Non-English text All steps Retrain ~ models; new

Wikipedia index

Table 1: Mapping customization decisions to pipeline steps and required ef-
fort.

4.1 Step 1: Event Detection

The first step in our pipeline is event detection: identifying which events are
reported in a document. We suggest that researchers treat this as a document
classification task, following an increasingly common approach in the litera-
ture (Hu et al., 2022; Zhukov and Ayers, 2023; Halterman and Keith| [2025). In
addition to the benefits discussed in Section [2| treating event detection as doc-
ument classification makes this step easy to customize. Political scientists have
access to several techniques for making document classification more efficient,
including through zero-shot classification techniques (Halterman et al., 2021;
Burnham et al., 2025), synthetic data augmentation (Halterman, |2025), and
active learning-based annotation (Miller, Linder and Mebane, 2020). In par-
ticular, pretrained models such as ConfliBERT (Hu et al., 2022; [Brandt et al.,
2025) can be efficiently fine-tuned to produce an accurate event classifier.

A clear way to pose the problem is as a set of binary event classifiers. This
also greatly eases the annotation process: rather than completely annotating
each document for all event types, researchers can collect binary annotations
of each event type for documentsS]

Because event detection as document classification is well established, we

6Researchers can also use document classifiers to identify broader themes or “contexts”
of a document or nested event types: sub-types such as “hunger-strike” or “demonstration”
within a broader PROTEST category can be identified with a second-stage classifier. See SI
[A] Similarly, classifiers could be trained to distinguish more clearly between actual, planned,
hypothetical, or historical events.



do not introduce new models for this step. Our technical contributions begin
with the subsequent steps in the pipeline, starting with attribute extraction,
which also addresses limitations of document-level classification such as local-
izing and distinguishing multiple events within a single story.

4.2 Step 2: Extracting Event Attributes

After identifying that a document contains a set of events, the next step in
our conceptual framework is to identify the attributes of each event. We pose
this as an extraction problem: for each event of a given type that the document
reports, the model should return the spans of text that report information on
the participants, date, and location of the event.

In contrast to the computational linguistics literature, which defines dif-
ferent attributes or “arguments” for each event type, we deliberately adopt a
generic set of event attributes. For example, we treat the wictim of an at-
tack and the beneficiary of aid as equivalent recipients. We focus on four core
attributes shared by most political event types:

e Actor: Which person, organization, or entity is initiating or carrying
out the event?

e Recipient: Which entity is target, victim, beneficiary, or recipient of
the event?

e Location: Where did the event take place?

e Date: When did the event take place?

Some event types may not have all attributes (e.g., a bilateral meeting
may have only actors and no recipients), some attributes may not be reported
in the text, and some attributes may have multiple answer spans. A single
document may also report several events of the same type (e.g., protests in
three different cities), each with its own attributes.

One approach from the prior literature is to frame attribute extraction as
a question-answering task, posing natural language questions to a pretrained
question-answering (QA) model for each attribute and event type (Du and
Cardie, 2020). However, this approach requires separate questions for each
event-attribute combination, asks each question in isolation (which can lead
to “role flipping” where actor and recipient are confused), and struggles with
absent or multi-part answers. Prior work found that only 34.5% of event
attributes could be identified from the sentence describing the event (Li, Ji
and Han| 2021), which motivates our document-level extraction.

4.2.1 A New Model for Event Attribute Extraction

We introduce a single model that extracts attributes for arbitrary event
types from English-language text, trained on public domain news text and
synthetic stories, and small enough to run on consumer hardware.



We fine-tune a small generative LLM that takes as input a (document,
event description) tuple and yields a structured JSON list with the actor,
recipient, date, and location spans, along with an “anchor quote” from the text
that identifies which event the record describes, allowing the attribute model
to identify multiple instances of the same event type in a single document.
Generating all attributes jointly in a single pass avoids the role flipping and
per-attribute overhead of QA approaches, and allows us to use the capabilities
and inference efficiency of modern LLMs.

Large LLMs are capable of performing this task (Salau and Halterman,
2025) and may be the right approach for some projects, given their ease of
use. However, commercial closed-weight LLMs carry costs: they are not re-
producible (Palmer, Smith and Spirling, 2024, and large open-weight LLMs
(10B+ parameters) are costly to run at large scale or have prohibitive hard-
ware requirements. We therefore adopt a distillation approach to train a small
model: we use a larger “teacher” LLM to generate training data (Halterman,
2025), then fine-tune a much smaller “student” model, Qwen3.5-0.8B (800M
parameters), on this data.

We build the training data in two steps (see SI[B.I). First, we assemble
documents from two sources: 884 real public-domain news articles from Voice
of America (VOA), and 1,008 synthetic news stories generated by open weight
models.m The synthetic stories contain specified event types, and we vary
the prompted country, document length, writing style, event placement, and
completeness of reporting to produce a diverse training set. The event types
and descriptions are taken from the PLOVER event ontology (Halterman et al.,
2023). Second, we provide a separate larger LLM with each document, the
event type definition, and detailed attribute extraction rules based on standard
practice in natural language processing (SI @, and ask it to return every
instance of the event type in JSON format. Because most pairs contain no
event of the given type, the model learns to return an empty list when the
event is absent. A benefit of this approach is that we can generate a large and
diverse set of training examples cheaply and release the training data in its
entirety, which would not be possible with annotated copyrighted news text.

Because the fine-tuned model’s output is conditioned on event type defini-
tions provided at inference time, researchers can adapt it to entirely new event
types simply by writing a new definition without any additional annotation
or retraining. When we removed two event types from the training data en-
tirely and provided only their definitions, the model, seeing for the first time,
extracted their attributes about as accurately as a model trained on them (SI

. We evaluate its performance in Section .

"We use different LLMs families the two stages, Gemma3-12B and Gemma-4-31B for
story generation and GLM 5.3 flash for attribute labeling, to avoid concerns about over-
reliance on a single idiosyncratic model.

10



4.3 Step 3: Linking Entities

For applied users of event data, the raw spans of text describing an event’s
actors and recipients need further processing to be useful. Specifically, named
entities such as people or organizations should be disambiguated and resolved
to a unique identifier. For example, a researcher would want a model to
identify, from context, whether “Bush” and “George Bush” refer to the 41st or
43rd US president. Prior dictionary-based methods are limited here, requiring
exhaustive entity lists and exact string matches.

We develop a new model to link mentions of political entities with their
correct Wikipedia entries, using the context of the surrounding news docu-
ment. Resolving each extracted entity to Wikipedia provides both a unique,
canonical identifier for each entity, and information to correctly categorize the
entity in the following step.

4.4 A New Model for Linking Entities to Their Wikipedia
Pages

We train and validate a method that resolves mentions of named entities
to their English Wikipedia pages, drawing on the context of the news text to
select the best article. The method consists of two broad steps. First, we query
an offline Wikipedia index with the entity’s name to obtain a list of candidate
articles. Second, we use a supervised model to select the best article from
among the candidates.

To query Wikipedia, we build an offline Elasticsearch index from a complete
dump of English-language Wikipediaﬁ The index recreates Wikipedia’s redi-
rect network (e.g., “ISIS” — “Islamic State”) and extracts alternative names
from each article’s first paragraph, both of which are valuable for resolving
ambiguous names. Details on processing and ingestion are in SI The
Elasticsearch query searches for exact and fuzzy matches on article titles,
redirects, and alternative names, with lower-weighted searches on introduc-
tion paragraphs and short descriptions. The correct article appears in the top
200 results 95.7% of the timel’

We then train an XGBoost classifier to select the correct article from among
the candidates, or to decline to link when none is correct. The classifier uses
exact and fuzzy string matching, semantic similarity between the mention’s
document context and candidate article content, role and country matching,
and proxies for the article’s importance. The full feature list and an ablation
study are in SI We train the classifier on 1,592 hand-annotated entity-
article pairs from public domain Voice of America articles and evaluate on 374

8Researchers can download and use our pre-built index or rebuild the database in ~2
hours using scripts we provide.
9Reducing to 50 candidates lowers recall to 92.5%.
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mentions from 59 held-out articles['] When we evaluate the model on held-out
test documents, it achieves 87.7% accuracy.

Because Wikipedia is continuously updated and more comprehensive than
any individual research project could be, researchers can keep their entity
resolution current by periodically downloading a new Wikipedia dump rather
than manually maintaining actor dictionaries. This addresses the primary
obstacle for maintaining dictionary-based event coders.

Once the correct article is identified, we parse out structured information
from its information box and introductory paragraph, including office titles,
dates in office, and short descriptions, to provide inputs for the entity catego-
rization step. Details on this extraction are in SI[C.6]

4.5 Step 4: Entity Categorization—Assigning Ontology
Categories to Actors and Recipients

Resolving an entity to Wikipedia provides a canonical identifier, but re-
searchers typically also need to categorize entities into substantively meaning-
ful groups defined by their substantive questions. For instance, a researcher
studying civil conflict might want to categorize “Syrian government forces,”
“President Assad,” and “government troops” under a single SYR GOV code,
while distinguishing them from “Syrian rebels” and “Free Syrian Army” (SYR
REB). Similarly, a researcher studying labor politics might need to identify all
mentions of “union leaders,” “labor organizers,” and specific union officials as
belonging to a custom LABOR category of entities.

Our approach handles both named entities linked to Wikipedia (e.g., “Antony
Blinken”) and generic actor mentions (e.g., “Latvian air force,” “protesters”).
We represent each category in the researcher’s ontology as a set of text pat-
terns describing typical roles for that category. For example, the GOV cat-
egory includes patterns like “government official” and “president,” while MIL
includes “armed forces” and “military officer.” These patterns are stored in a
human-readable text file that researchers can easily modify to define their own
ontologiesE-] We encode both the entity description and all ontology patterns
using a sentence transformer and select the highest-similarity match above a
threshold. Unlike dictionary-based approaches, this does not require exact
matches between text spans and category entries. Details are in SI[D]

Defining a new actor ontology thus requires only editing a text file of cate-
gory descriptions, not exhaustively enumerating every possible actor mention.

0Details on the gold standard dataset are in SI
1 Our default ontology is based on the PLOVER coding scheme (Halterman et al., 2023),
but researchers can substitute their own.

12



4.6 Step 5: Dates and Locations

Finally, the extracted information about the event’s date and location need
to be resolved to canonical references. Assuming that a story’s events occur on
the story’s date of publication can lead to serious inferential problems. Instead,
we resolve the extracted date span to an absolute date (or date ranges) in
reference to the article’s publication date (with reported day, week, month, or
year granularity), by using the existing Python dateparser library, and a set
of custom rules to handle common patterns such as “last Monday” or “over the
weekend.”

To identify the event’s location, we employ the existing Mordecai3 geopars-
ing library (Halterman, 2023). Mordecai3 extracts all locations in a document
and resolves them to their entries in the Geonames gazetteer, which provides
the geographic coordinates of each location. We compare the extracted lo-
cation span from the attribute model to each of the geoparsed locations and
identify any spans with overlap.

5 Evaluation

We evaluate the pipeline’s components on internal held-out data and expert
annotations, and then validate the full pipeline’s transferability on an external
dataset with a completely different ontology.

5.1 Internal Validation of the Attribute Model

An accurate attribute model will correctly extract the spans of text that
correspond to a provided event’s attributes. We evaluate the attribute model
against two separate sets of annotated public domain Voice of America articles.
First, we perform evaluation on a small set of 100 Voice of America articles,
each independently coded by three authors. This evaluation annotates only
PLOVER ASSAULT events, and only the first ASSAULT event in each article.
As a result, we cannot use it to estimate the attribute model’s precision, nor its
performance on other event categories. The results (Table [2]) show that among
the assault events identified by the attribute model, its spans exactly match the
gold evaluation set for between 55.9% (recipients) and 98.5% (dates). Allowing
partial overlap of the spans yields accuracies above 80% for all spans.

To evaluate the model on a broader set of events and completely anno-
tated events, we produce an evaluation set of 500 Voice of America docu-
ments labeled for all PLOVER event types, under an annotation scheme built
on standard definitions in natural language processing (SI . The annota-
tion scheme provides clear instructions about the correct extent of a span and
how to pick the most informative “canonical” span among several mentions of
the same entity. Three open-weight LLMs drafted each unit independently,

13



Field Exact Overlap

Actor 67.6 81.2
Recipient 55.9 90.4
Location 69.1 91.2
Date 98.5 98.5
Coded attacks found (of 93) 68

Table 2: Attribute model accuracy on a sample of 100 hand-labeled stories
for ASSAULT events. Note that the spans are evaluated only if the event is
detected (68 of 93 gold events).

with a human adjudicator evaluating documents with high disagreement be-
tween models and agreeing with the resulting annotations around 75% of the
time. This yields 1,048 events.

Table |3| reports the attribute model’s performance on this evaluation set.
The attribute model is conservative in its event detection: it refrains from
identifying events more than it invents events. Its missed events are concen-
trated in articles that report several events of the same type: event recall is
88% in articles with one event and 67% in articles with two or more. We illus-
trate this by decomposing the attribute’s model accuracy into performance on
all events and only on the subset of events it identifies. Our standard measure
allows for partial overlap between gold and predicted spans (e.g., “police” and
“police officers” would match). We find that among events that the attribute
model detects, F1 scores are between 65.0 and 77.9, with recipients being the
most difficult challenge. A stricter test, requiring word-for-word matches to
the gold spans reduces actor and recipient accuracy by around 10-15 points.
These scores are comparable to those reported in the NLP literature (SI .

The model also extracts attributes for event types it never saw in training
when it is given only their definitions (SI . It also rarely confuses actors
and recipients: only 1.0% of the key’s actor and recipient spans appear in the
other role in the model’s output. The model processes approximately 36 events
(18 documents) per second on a consumer GPU!? and can run on CPUs at a
tolerable speed, around about 2-4 seconds per event.

5.2 Internal Evaluation of the Wikipedia Model

For entity linking, our Wikipedia candidate retrieval returns the correct
article in 95.7% of queries when considering up to 200 candidates. The super-
vised XGBoost classifier then selects the correct article, or correctly declines
to link a mention that has no page, with 87.7% accuracy on held-out test data

12Nvidia RTX 4090.
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All events Found events

Role Precision Recall F1 Precision Recall F1 Exact F1
Actor 53.7 51.7 52.7 70.9 72.5 T71.7 60.8
Recipient 53.5 47.1  50.1 66.3 63.7 65.0 51.7
Date 62.5 55.6  58.9 80.7 75.3 779 76.7
Location 54.7 54.9 54.8 70.9 73.7 722 68.5
Mean of four roles 56.1 52.3 54.1 72.2 71.3 T1.7 64.4
Events found 76.5 71.1  73.7

Table 3: Performance of the fine-tuned attribute model on the held out eval-
uation set of 500 PLOVER-annotated documents. The model is conservative
in identifying events (left columns, missed events are Os for all attributes), but
more accurate on detected events. All results allow partial span overlap except
the final column.

(see SI|C.4). The model is precise (it links to an article, 92.2% are correct)
and has high recall (88.6% of the mentions that have a page).

6 Cross-Ontology Validation: Electoral Contention
and Violence Dataset

To validate the pipeline’s ability to generate custom event data, we em-
ploy it to replicate hand-coded event data from the Electoral Contention and
Violence dataset (ECAV) (Daxecker, Amicarelli and Jung, 2019), which codes
violence, intimidation, and protests related to elections. ECAV’s event types
and actor categories differ entirely from the PLOVER ontology we used in
developing the pipeline. We retrain none of the pipeline’s components, only
rewriting event type definitions and a file that maps generic entity mentions
to ECAV categories. We test every step of the pipeline after event detection:
attribute extraction, actor resolution and categorization, geocoding, and date
resolution. Performance on this dataset represents realistic accuracy for a
researcher using our pipeline on a new domain without retraining any compo-
nents.

Among event datasets, ECAV has two unique features that make it useful
for validation: each record includes the raw spans that annotators recorded
for actors and targets and enough metadata to link the event to its original
news story.

We select the seven elections with the greatest number of ECAV events
(ST . We link each event to its original news article by matching the source,
date, and title metadata to a LexisNexis corpus, which we are able to do for
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46%-84% of events per election. After additional filtering (SI , we arrive at
1,662 events.

For each record, the attribute model (Step 2) receives the full article,
ECAV’s selected passage for the event, and the event and its definition. The
extracted spans then pass through actor resolution (Step 3), categorization
(Step 4), and geocoding and date resolution (Step 5). For entity categoriza-
tion, we write a new custom dictionary that maps generic role descriptions

W VA4

(“supporters”, “police”, “gunmen”) to ECAV’s five actor categories.

6.1 ECAV Evaluation

Comparing the model’s spans directly with ECAV’s is complicated because
ECAV often reports non-verbatim text, which our attribute model disallows,
or makes assumptions about the targets of protests (“Government”; if not
otherwise specified). Allowing for partial matches, 45.4% of actor spans, 22.9%
of recipient spans, and 40.1% of locations match ECAV’s (SI .

A more realistic evaluation is an end-to-end comparison: how often does
NGEC’s pipeline match the entity categories and locations of ECAV? Table
reports the share of events where the pipeline’s final value matches ECAV’s.
“ECAV spans” feeds ECAV’s own spans into the steps after extraction; errors
here result from dictionary mismatches and some inconsistencies in ECAV itself
(E.3). “Raw NGEC” uses our attribute spans and our entity resolver. The “+
rules” column deterministically applies a small number of corrections to match
ECAV (e.g., “Government” as the recipient of protests if not otherwise stated.)

Field ECAV spans Raw NGEC NGEC + rules
Actor category 88.9 62.3 63.2
Recipient category 89.6 45.2 55.2
Location (<25 km) 71.8 54.8 54.8
Date (exact) — 85.8 85.8
Both right (actor, recipient) 80.2 30.4 37.3
Actor, recip., location right 57.5 20.0 22.5

Table 4: End-to-end accuracy on the 1,662 ECAV events: percent of events
where the pipeline’s final value matches ECAV’s coded value. “ECAV spans”
uses ECAV’s own hand-coded names in the steps after extraction. “Raw
NGEC” uses our attribute model’s spans, with the pipeline exactly as it runs.
“NGEC + rules” adds two ECAV coding conventions: a protest, strike, block-
ade, or riot with no target gets the target State, and an arrest with no actor
gets the actor State.

Most remaining errors are omissions or near misses (SI . SIE.2 re-
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ports a comparison with three off-the-shelf LLMs, finding that they outper-
form NGEC on end-to-end recipient and location extraction, but not actors,
and with replicability and cost implications (Tables , .

7 Limitations and Future Work

Our pipeline is currently limited to English-language text. Extending
to non-English contexts would require retraining the attribute model, re-
building the Wikipedia index, and reconfiguring the similarity-based compo-
nents. Whether this is preferable to applying our English-language pipeline to
machine-translated text remains an open question (Osorio et al., 2025).

Second, specific components of the pipeline can be improved. For exam-
ple, our ECAV validation suggested that integrating story-level context into
the entity categorization step and not just the Wikipedia lookup step could
improve actor resolution. More broadly, cascading errors (and propagating
uncertainty) across pipeline components remain a well-known problem for se-
quential data processing pipelines that we measure, but do not fully address
here.

Third, our pipeline does not address several longstanding event data chal-
lenges, including duplicate extraction of the same event from multiple sources,
resolving conflicting information from across multiple reports, and media re-
porting biases that cause systematic under-coverage of certain event types and
areas.

8 Conclusion

This paper introduces a modular framework and open-source pipeline that
lowers the barriers to producing custom event data. Our five-part decomposition—
event detection, attribute extraction, entity linking, entity categorization, and
date/location resolution—clarifies the decisions that researchers face when
coding custom event data with their own ontologies and allows them to cus-
tomize only the components their project requires. To address the two most
challenging steps, we develop a distilled language model for attribute ex-
traction that can generalize to new event types without hand annotation,
and a Wikipedia-based entity linking system that disambiguates political ac-
tors without hand-built dictionaries. Our validation against expert annota-
tions and the ECAV dataset—using a completely different ontology and no
retraining—shows that the attribute model transfers to new domains. The
lower performance of attribute extraction suggests that researchers should fo-
cus their customization efforts here. Because the pipeline runs on consumer
hardware, relies only on open-weight models, and requires no proprietary APIs,
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it is accessible to researchers regardless of their computational resources or in-
stitutional setting. We hope that by making custom event data production
faster and cheaper, this work will encourage researchers to build event datasets
that are well matched to their substantive questions rather than accepting the
measurement tradeoffs inherent in repurposing existing datasets.
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