






Figure 1: Sample of unigrams in the GLOCON Gold training corpora (English, Spanish, Portuguese); each circle

represents a unigram, with circle size corrsponding to term frequency. For each corpus, we compute P (D|w) and

P (w|D) as defined in Section 6.1.1. The left plot presents all unigram with low P (D = 1|w) and with P (w|D =
0) > 0.0005. P (w|D = 0) indicates how likely a unigram w is to occur in articles that are not conflict-related.

Words like “growth” and “peso” contain much discriminate information - having very high P (D = 0|w), but low

P (w|D = 1). The reverse logic applies for the right graph, displaying all the unigram with P (w|D = 1) > 0.0005.

Figure 2: Undirected network of city co-mentions as introduced in Section 6.2.1; the nodes represent all cities

present in the English GLOCON Gold training set. The size of the nodes corresponds to the number of occurrences

that each city is mentioned. The edges are coloured according to the ratio of articles pertaining “conflict” versus

“no conflict” that the cities share. The imbalanced ratio between both classes is well reflected in the map, with the

light blue edges being the thickest. Edges related to conflict articles are more, but reveal lower weights.
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the left plot have P (D = 1|w) as the x-axis and

P (w|D = 0) y-axis. Indeed, a word would be a

good classifier if both P (w|D) and P (D|w) were

high. There are however no such words in our

corpora. This finding reinforces our presumption

that more general words contain less information

relevant for our context-dependent task.

6.1.3 Result interpretation

This section summarises the information displayed

in Figure 1. The right plot shows that, for words

with high P (w|D = 1), English ones seem to

have higher P (D = 1|w) if compared with Span-

ish and Portuguese. In fact, the Portuguese ones

have P (D = 1|w) not exceeding 0.7. The right

plot also shows an interesting pattern with regard

to conflict actors. Rather surprisingly, terms re-

lated to state-based conflict actors like police,

officer or military do not seem to be the

most useful words to identify conflict-related texts.

In fact, in terms of conditional probabilities these

are not very discriminatory terms for the classifica-

tion (e.g. we obtain P (D = 1| military ) = 0.31,

and accordingly P (D = 0| military ) = 0.69 for

the English case, P (D = 1| militar ) = 0.37, and

thus P (D = 0| militar ) = 0.63 for the Spanish

case). On the other hand, non-state conflict ac-

tors are much more indicative of a text covering

a conflict event. As seen in the graph, terms like

activist or protester are highly suggestive

for a conflict context. We also suspect that po-

larized sentiment could be a valuable indicator of

conflict-related texts, because conflict-news con-

tain negatively associated words - such as kill,

violence, terrorism - but also terms that in

certain contexts may have positive connotation, like

dharna (peaceful protest), democracy, pro,

activist, supporter. The existence of po-

larized sentiments among words with high P (D =
1|w) could be indicative of the narrative style that

is adopted for describing conflict events, with sto-

ries being usually reduced to oppressors-against-

oppressed narratives.

6.2 Geospatial analysis

The analysis described in previous sections mainly

focuses on words that appear with relatively high

frequency in the corpus. Key contextual infor-

mation of an article like place, time, actors etc.

is usually very specific and thus likely to have

lower frequencies. Nevertheless, contextual in-

formation plays a major role in detecting conflict

events. Thus, we conduct an analysis on the geo-

spatial entities of the English corpus provided by

the shared task.

6.2.1 A geospatial undirected network

We construct an undirected network from entity

co-mentions as displayed in Figure 2. The network

can be seen as a symmetric matrix having as ele-

ment in position (i, j) the number of times city i

appears in an article where also city j is present.

Nodes of the network represent the cities preva-

lent in the English corpus. If a document cites k

cities, they will be represented in the network as

a k-vertex clique. The network summarizes the

relationship among the major locations involved in

the events of the English set. The size of each node

corresponds to the overall number of articles a city

appears in. On an interpretative level, a conflictual

edge does not imply that the two cities represent

actors standing in conflict with each other. In fact,

actors of different cities could as well be partak-

ing in the same protest, hence sharing a common

cause, rather than a divisive one. The most frequent

cities cited are Indian cities such as Delhi, Banga-

lore, Chennai and Chinese ones like Beijing and

Shanghai. In general, it is interesting to notice how

the entire African continent is underrepresented if

compared to others, South Africa being the only

African state whose cities are mentioned (Braese-

mann et al., 2019; Stoehr et al., 2020).

6.3 Outlier detection with Tf-Idf

This section investigates the variability of the doc-

uments on a term-frequency level. Computing

Tf-Idf embeddings for each corpus and reducing

their dimensionality with PCA, we are able to

detect few outliers. In particular, the document

with ID 106495 in the English corpus is written

in Afrikaans and not in English. A more detailed

analysis can be found in the appendix.

7 Conclusion

In conclusion, the paper outlines two major contri-

butions to the CASE 2021 shared task. Firstly, our

XLM-RoBERTa model for classification Task 1.1

and Task 1.2 yields competitive results, especially

for the Hindi subtask, where no training data was

available. Secondly, we provide a descriptive anal-

ysis of idiosyncrasies contained with the provided

text corpora. Our analysis qualitatively investigates

geographical connotations in the corpora and pos-

sible outliers using word probability estimation.
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Gürel. 2020. Cross-context news corpus for protest
events related knowledge base construction. CoRR,
abs/2008.00351.
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A Appendix

A.1 Outlier detection with Tf-Idf

This section investigates the variability of the docu-

ments of the training corpus provided by the shared

task. We try to qualitatively assess possible articles

that differ significantly from the rest of the corpus.

A.1.1 Tf-Idf word representation

We produce a Tf-Idf word embedding represen-

tation of the corpus in order to gain a deeper un-

derstanding on the variability of the documents in

terms of term-frequencies. Given a word w and

a document d, tf-idf associates a score tf(w, d) ·
idf(w,D) to the word-document pair. The first

term refers to how often a word occurs in a doc-

ument, and the second one refers to how often a

word occurs in the overall corpus.

A.1.2 Dimensionality reduction with PCA

After computing the Tf-Idf embeddings, we per-

form Principal Component Analyis to reduce the

dimensionality of the problem. The principal com-

ponents are calculated on the original Tf-Idf em-

bedding matrix and on its normalized version,

with zero mean and unit variance.The results are

more interpretable on the normalized matrix, even

though it disregards the idf-term of the embeddings.

The analysis is carried on the three corpora inde-

pendently. The representation displays most of

the data points as cluttered into one dense cluster,

with very few ones standing out. Among these,

in the English dataset for example, the data point

with ID 108218 is not in English but in Afrikaans.

Another article that stands out is the one with ID

106495; it contains 16108 characters whereas the

0.99 quantile of the character length distribution

per document is 6290. A graphical representation

can be found in the appendix in Figure 3. In Por-

tuguese and Spanish instead, the reason why some

articles are isolated from the group is less evident

and it is probably more related to the category of

content that the articles talk about.
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Figure 3: This figure shows the training English set with the first three principal components. Even if most of

the data is concentrated in one dense cluster, there are a few points that can be very easily distinguished. They

generally are either in a language different than English (ID 108218), or have other very rare characteristics, (ID

106495 having an extremely large character length).


