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Abstract

The purpose of the shared task 2 at the Chal-
lenges and Applications of Automated Ex-
traction of Socio-political Events from Text
(CASE) 2023 workshop was to test the abil-
ities of the participating models and systems
to detect and geocode armed conflicts events
in social media messages from Telegram chan-
nels reporting on the Russo Ukrainian war. The
evaluation followed an approach which was in-
troduced in CASE 2021 (Giorgi et al., 2021):
For each system we consider the correlation of
the spatio-temporal distribution of its detected
events and the events identified for the same
period in the ACLED (Armed Conflict Loca-
tion and Event Data Project) database (Raleigh
et al., 2010). We use ACLED for the ground
truth, since it is a well established standard in
the field of event extraction and political trend
analysis, which relies on human annotators for
the encoding of security events using a fine
grained taxonomy. Two systems participated in
this shared task, we report in this paper on both
the shared task and the participating systems.

1 Introduction

Automatic discovery of an event’s location is an
important sub-task of event extraction: most events
occur at a defined location, reported in text. Usu-
ally the event time can be guessed by the time of the
publication of the news article or the social media
post and the presence of temporal adverbs. How-
ever, it is far more difficult to detect the location:
multiple events can be reported in the same story,
each with potentially no, one, or multiple locations
mentioned in the text (Halterman, 2019; Radford,
2021; Akdemir et al., 2018).

Event geoparsing, as distinguished from sim-
ple geoparsing, is an important part of the event
extraction process (Halterman, 2019; Dewandaru
et al., 2020; Halterman, 2023). The purpose of this
shared task was to provide a real-world evaluation
of event geoparsing and challenge the researchers,
working on event detection, to propose solutions
for event geocoding. Another critical aspect of this
evaluation is the comparison between automated
and manually curated datasets in line with Giorgi
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et al. (2021) and Zavarella et al. (2022).
Our evaluation methodology is based on spatio-

temporal correlation, using the PRIO GRID geo-
graphical cells (Tollefsen et al., 2012): We mea-
sured the correlation between the geographical
cells in which armed clashes were detected by
the participating systems and the cells containing
events from the gold standard data. Details about
the evaluation methodology are given in the section
Data set and evaluation methodology.

In the previous two years the shared task has
featured protest events with complex geographi-
cal patterns. This year data, referring to Russo
Ukrainian conflict, features battles situated along
the Russian Ukrainian border.

Conflict has a different structure than protest.
Protests are followed instantly by journalists, there
is a civilian population, you can get information
about the same protest from different news sources.
In a military conflict it is difficult to access infor-
mation as there is much less reporting from open
source. And the information is often unreliable
and imprecise. Conflict or their shape and size can
be hidden or difficult to assess. All these are the
main reasons why this work is both valuable and
difficult.

This year we had two submissions, which used
two different paradigms to event detection, exhibit-
ing different behaviour: The TMA system, a com-
bination of transformer-based classification model
and a geoparser, which achieved better correlation
and NEXUS, a rule based system also combined
with a geoparser.

2 Related work

Socio-political event extraction (SPE) has long
been a challenge for the natural language process-
ing (NLP) community, as reflected in previous edi-
tions of the Challenges and Applications of Au-
tomated Extraction of Socio-political Events from
Text (CASE) workshops (Hürriyetoğlu et al., 2022).
Specifically, event extraction in the security do-
main has been identified as an important applica-
tion area in the automatic information retrieval do-
main (Best et al., 2008). Similarly, deriving geolo-
cated information from social networks has been
seen early identified as an application-rich disci-
pline (Intagorn et al., 2010; De Longueville et al.,
2010). Despite the fact that detection and geocod-
ing of events from social media sources have been
studied for more than a decade, the field is still

vibrant and innovative as advances in Artificial In-
telligence make new approaches possible, and as
the evolution of the Web and its social media ser-
vices constitute a "moving target" for automatic
information extraction efforts.

3 Data

The goal of this task is to evaluate the performance
of automatic discovery of event locations systems
on modeling the spatial and temporal patterns of
violence in the Russo-Ukrainian War. The data con-
sists of Telegram messages from channels reporting
about developments in the Russo-Ukrainian war.
We evaluate the capability of participant systems to
reproduce the manually curated Russo-Ukrainian
War-related dataset.

3.1 Input Data
We provided one collection of English-language
messages from Telegram channels with a large
number of followers and constant broadcasts about
the Russo-Ukraine war. The data was scraped using
the official API from Telegram.

Telegram Telegram is the most important social
media of data for this topic as it is very popular
in the belligerant countries: Russia ranks second
in the world in terms of Telegram users (24.15
million) and Ukraine ranks eighth (7.02 million).
Data was scraped from Russian and Ukrainian Tele-
gram accounts with a large number of followers
who posted messages in English using the official
Telegram API. We gathered nearly 326K original
English Telegram Massages from Telegram Chan-
nels. Table 1 shows the Telegram Channels used
and the number of followers.

Figure 1: Telegram Channels (verified channels) - (En-
glish Language)

The date ranges of the Telegram data and the
date ranges of the gold standard are the same. The
date range of Telegram data is February 24, 2022 /
August 24, 2022

3.2 Gold Standard Data
The Armed Conflict Location and Event Data
Project (ACLED) collects real-time data on the lo-
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cations, dates, actors, fatalities, and types of all re-
ported political violence and protest events around
the world. The data ACLED collects is detailed
and manually curated. For this study, we have
used ACLED data from the date range: February
24, 2022 / August 24, 2022, and considered as
events only the events located in Ukraine with the
Battle event type. After the specified edits, we
have an ACLED data set of 18K rows. This dataset
was used as the gold standard data for the study.

We challenged the participant systems to repro-
duce the Gold Standard data set from ACLED’s
Curated Data comprising curated disorder events
directly related to the Russo-Ukrainian War.

4 Evaluation

The performance of event geolocation is evalu-
ated by computing correlation coefficients on event
counts aggregated on cell-days, using uniform grid
cells of approximately 55 kilometers sides from
the PRIO-GRID data set (Tollefsen et al., 2012).
We use these analytical measures as a proxy to the
spatio-temporal pattern of violence in the Russo-
Ukrainian War.

4.1 Metrics

We use the cell-days counts for two different analy-
sis: the correlation with the total daily “Battle cell"
counts (i.e., time trends alone) and the event counts
for each cell-day (i.e., spatial and temporal trends
together).

Temporal Trends The first analysis only consid-
ers the total number of “activated" cells (i.e., for
which at least one Battle typed event was recorded),
in the system output and Gold Standard data set.
This time series analysis is sufficient to estimate
how well the automatic systems capture the time
trends of the conflict. However, it does not compute
accuracy of system data in estimating the spatial
variation of the target process.

Spatial and Temporal Trends We also measure
the correlation coefficients on the absolute event
counts with respect to Gold Standard, over each
single cell-day.

For both analyses, we use two types of correla-
tion coefficients to assess variable’s relationship:
Pearson coefficient r and Spearman’s rank correla-
tion coefficient ρ. Moreover, we used Root Mean
Squared Error (RMSE) to measure the absolute

value of the error on estimating cell/event counts
from the Gold Standard.

5 Participating systems

5.1 XLM-RoBERTa and NEROne
The TMA system was composed of two modules:
event classification and geolocation. The classifier
was a xml-roberta-small (Liu et al., 2019)
transformer model fine tuned using data from the
ACLED dataset on all the 26 fine-grained classes
using a batch size of 32 and 3 epochs. The training
data was sampled over several years over 800k
availlable data point in such a way to avoid highly
skewed distribution: a maximum of 1k data points
for each category, which resulted in a relatively
small dataset of 23.6k datapoints and also lead to
using the small version of the model instead of the
large one.

The geolocation was performed using the
NEROne system (Steinberger and Pouliquen, 2007)
which is mulitlingual system based on the geon-
ames dataset1 with flexible matching and linking
capacities, and which is able to provide the 3-levels
of geographical information as expected by the
scorer. Moreover, NEROne is able to guess the
most likely place name among all the different geo-
graphical entities mentioned in a text.

An event was reported for a given text only if the
ACLED type matched any label under Battle
event type, and if a most likely place name was
identified and it was located in Ukraine, moreover
only entities for which the 3 levels of geoloca-
tion were predicted were considered. NEROne
has the possibility to detect time expressions in a
text, whenever that was the case, the date reported
by NEROne was used, otherwise the publication
date was considered.

5.2 NEXUS and Mordecai3
NEXUS is a multilingual event extraction system
(Tanev et al., 2008) in the domain of conflict and
disasters. It exploits language resources which are
learned semi-automatically (Tanev et al., 2009).
NEXUS is running as a module inside the Europe
Media Monitor (EMM) (Best et al., 2005). In this
shared task, however, we have run NEXUS as a
standalone system, in order to discovers armed
conflicts, reported in these posts. Regarding the
spatio-temporal components of the detected events,
NEXUS uses as event time, the time when the post

1http://www.geonames.org/
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Figure 2: The geo-referenced Ukraine-Russo conflict records from Gold Standard (small blue dots) overlaid with the
PRIO-GRID cells over the Ukraine.The red dots represent events recognized by the XLM-RoBERTa classification
model and NERone system from Telegram.

was published, while the location is detected with
the Mordecai3 geoparser (Halterman, 2023).

NEXUS classifies news articles and social media
posts into a taxonomy of security related events,
disasters, and humanitarian crises. Among the se-
curity related event classes, the system is capable
of detecting military events, such as battles, air at-
tacks and shelling, criminal events, such as robbery,
kidnapping, murder, rape, assault, cyberattacks, as
well as legal events such as trial and arrest.

Apart from the event type, location and time,
NEXUS also detects other event metadata, such
as conflict and crime perpetrators, dead and in-
jured victims, kidnapped people, arrested, and dis-
placed during war and disaster. Figure 3 shows an
overview of the NEXUS event template.

Event classification is performed through
AND/OR combinations of keywords, learned
through weakly supervised multilingual terminol-
ogy learning (Tanev, 2022). For the English lan-
guage NEXUS uses a statistical SVM classifier,
whose output is combined with the keyword classi-
fication, using empirically derived heuristics.

For our shared task run we filtered only the news
which contain events of type Armed conflict, which
is the NEXUS equivalent of the ACLED Battle.

Mordecai3 (Halterman, 2023) is an event geop-
arser that employs a two-step process for identi-

Figure 3: Event template generated by the NEXUS
event extraction system

fying an event’s locations and resolving them to
their geographic coordinates. First, it identifies all
place names in the input text using named entity
recognition and attempts to resolve each to their en-
try in the Geonames gazetteer (Wick and Boutreux,
2011). As features, it uses string and vector similar-
ity between the extracted placenames and candidate
geolocations from the Geonames gazetteer, along
with contextual information from the other place-
names present in the text. It uses these features in
a neural networked trained on several thousand la-
beled events to select the best entry from Geonames.
To conduct the second step of linking events and
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r ρ RMSE
NexMor3 0.127 0.155 98.70
TMA 0.338 0.295 73.40

Table 1: Correlation coefficients and error rates for daily
Battle cell counts: r represents Pearson correlation co-
efficient, ρ is Spearman’s rank correlation coefficient,
and RMSE is the Root Mean Squared Error computed
on day-cell units.

locations, it uses a fine-tuned question answering
model (Halterman et al., 2023) that asks variations
of “Where did [event] take place?" and identifies
the location names that overlap with the answer
span. Mordecai3 can identify multiple locations
for a single event if they are present.

Only Telegram documents with ArmedConflict
events (the NEXUS’ counterpart of ACLED’s Bat-
tle) identified with NEXUS were processed with
Mordecai3.

6 Results

Table 1 shows the Pearson r, Spearman correla-
tion coefficient ρ and Root Mean Squared Error
(RMSE) of the total daily “Battle cell” counts of
the two participant systems with respect to the
Gold Standard, over the 6 months target time range.
Here, the correlations are between the total number
of cells per day where the system found an event
vs. the number of cells where an event happened
according to the Gold Standard (i.e., temporal pat-
terns and not spatial patterns). These correlation
measures are tolerant to errors in geocoding (as
long as the events are located in Ukraine) and es-
timate the capability of the systems to detect from
the source texts the evolution over time of the mil-
itary clash events, independent of their location.
We see that TMA system largely outperforms the
Nexus-Mordecai3 system (NexMor3 in the table)
in both Pearson r and Spearman ρ coefficients.

Table 2 reports Pearson r, Spearman correla-
tion coefficient ρ, and Root Mean Squared Error
(RMSE) over cell-day event counts of the two par-
ticipant systems with respect to Gold Standard, for
the 6 months time range. Here the variables range
over the whole set of PRIO-GRID cells included
in the Ukraine territory and, thus, shows the cor-
relation of event numbers across geo-cells, thus
evaluating the systems’ geolocation capabilities.
The correlation scores for this metrics are in the
lower to insignificant range as well for both sys-
tems, with a noticeable prevalence of TMA over
Nexus-Mordecai3.

r ρ RMSE
NexMor3 0.083 0.088 0.002
TMA 0.180 0.196 0.002

Table 2: Correlation coefficients and error rates for cell-
day event counts of the Baseline and participant systems
with respect to Gold Standard.

In Figure 4 and 5 we plot the time series of total
daily Battle cells for the Gold Standard and TMA
and Nexus-Mordecai3 systems, respectively. Only
the TMA system seems to slightly capture the vari-
ation in the temporal pattern (i.e., an initial large
number of Battle events which gradually declines,
with recurrent escalations), but both system sys-
tems detect only a fraction of the events: While the
average number of event per day is ca 10, the aver-
age number of event detected by the TMA system
is around 2.5.

A more lenient representation of the agreement
with Gold Standard is shown in Table 3. Here we
report the confusion matrix between grid cells that
Gold Standard and system runs code as experienc-
ing at least a Battle event. It can be observed that
only few of the cells classified as Battle by Gold
Standard are detected by the automatic systems,
which on the other hand incorrectly classified as
Battle several additional cells.

6.1 Discusion

The correlations with the Gold standard obtained by
both systems in this year shared tasks were much
lower than the performance of the systems in the
2021 issue of same task, when data from the Black
Lives Matter protests (Giorgi et al., 2021) were
used as a Gold standard. Moreover, the Nexus
system was also used in this 2021 shared task is-
sue, achieving six times higher temporal correla-
tion with the Gold standard than on the data from
Russo Ukrainian conflict. This clearly shows that
detecting and geolocating battles from the Russo
Ukrainian war was far more challenging than repli-
cating the data from Black Lives Matter protests.
Table 3 shows that both systems have very low re-
call 2% and 9.3% and overall poor performances.
There are several potential reasons for could lead
to these results outside the intrinsic performance
of each system: a) it could be that the data sample
from Telegram channel did not contain the actual
information allowing to recover the information
present in the ACLED dataset; b) it could be that
the data is unverified or biased, as such the systems
are penalized even if the correctly detect the event
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Gold Standard Precision Recall F1true false

TMA true 157 220 0.416 0.093 0.152false 1530 2435255

NexMor3 true 39 75 0.34 0.02 0.04false 1648 2435400

Table 3: Confusion matrix of grid cells experiencing at least one Battle event (true) versus inactive cells (false), for
the Gold Standard and the participant systems.

and the location contained in a message. Properly
assessing these will require further research.

The TMA system performs better at event classi-
fication, this could be due to the fact that it is a state
of the art transformer-based model, but also the fact
that it was trained on ACLED data, therefore hav-
ing trained to detect the very types in the ground
trurth could also play a role. It is not possible to
assess properly which geoparser was the most effi-
cient as the correlation as reported location depend
on detected events.

Figure 4: Time series of total daily Battle cells from
the Gold Standard (in yellow) against TMA XLM
RoBERTa/NERone runs on Telegram input data (in
green).

7 Conclusions

The purpose of the database replication shared task
is to provide a flexible benchmark for evaluation
and comparison between event geocoding systems
without annotated corpus of events and locations.

This year we tested the capabilities of the event
detection systems to detect and geolocate battles
event type in the Russo-Ukrainian war from Tele-
gram messages in English, comparing the extracted
events against a subset of the ACLED database,
dedicated to the war in Ukraine. Two systems par-
ticipated this year: Each system was an aggregation
of two subsystems - event detection and classifica-

Figure 5: Time series of total daily Battle cells from the
Gold Standard (in yellow) against NEXUS-Mordecai3
system runs on Telegram input data (in green).

tion and a geoparser, based on different paradigms.
The first system was a combination of Nexus and

the Mordecai3 geoparser and the second consisted
of event classifier based on XLM-RoBERTa com-
bined with NERone geoparser. XLM RoBERTa
and NERone obtained much better correlation in
both evaluation scenarios: temporal and spacio-
temporal.

A conclusion from this year shared task is that
tracking armed conflicts is a challenging task, due
to the incompleteness of the information: biased
because of political consideration or unavailable be-
cause of security reasons, and in most case difficult
to verify. Nevertheless, one of the participating
systems achieved a medium level of correlation,
which is a satisfactory result, given the difficulty of
this year task.
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