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Abstract. News media aggregate and report disposition counts during crises: how
many people are affected, suspected affected, have died, and have recovered or been
recovered; and they tend to do so in a timely and trustworthy manner. We present
and evaluate a method for identifying these counts in unstructured natural language
text, supporting downstream tasks such as automatic creation of epidemic curves.
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1. Introduction

News media often describe the evolution of public health concerns by reporting on the
number of people affected (cases, casualties, etc.). We present a system that identifies
these disposition counts® with their certainty and location. Figure 1 presents an example.

CountLocation CountCertainty
GeoLocation €————————— Cases ————® Confirmed
Health officials in Ottawa yesterday announced 54 confirmed cases of COVID-19.

Figure 1. A sample sentence with a count (54), type (Cases), certainty (Confirmed), and location (Ottawa).

2. Methods and Results

The task of automatically annotating these counts can be modelled as one of finding
relations between entities in text, where the entities are the counts, certainties and
locations. We use Named Entity Recognition (NER; [1][2]) to tag the entities, and
Relation Extraction (RE; [3][4]) to link counts to certainties and locations. We developed
a dataset® of 850 news articles from the Global Public Health Intelligence Network [5]
platform. We preprocess the text using Stanford CoreNLP [7] to tag tokens, parts-of-

! Corresponding Author: Simon Rodier; E-mail: simon.rodier@cnrc-nre.gc.ca.

2 We define disposition as a medical state in which a person finds themselves, and a disposition count to
be a reported number of people in this state at a given time.

3 Hand-annotated (with BRAT [6]) 50 highly-relevant COVID-19 articles per month from 2020/02 to
2021/06. We annotated all occurrences of disposition counts with their type, and the certainty and location
words that relate back to a disposition count. Total of ~14 000 annotated entities.
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speech, locations and numbers; and replace specific numbers and locations with generic
tokens to improve generalizability. We train the NER and RE classifiers* with the dataset.

We evaluate the system components using 5-fold cross-validation, and obtain an F
score® of 0.751 for the NER task and 0.912 for RE. We evaluate the whole system on
five metrics® also with 5-fold cross-validation, measuring the system’s correct annotation
of: the count (e.g. 54; Fi: 0.812); count and type (e.g. 54, cases; Fi: 0.782); count, type
and certainty (e.g. 54, cases, confirmed; Fi: 0.750); count, type and location (e.g. 54,
cases, Ottawa; Fi: 0.541); and count, type, certainty and location (e.g. 54, cases,
confirmed, Ottawa; Fi: 0.517).

3. Discussion and Conclusions

We have presented a system for automatic disposition count annotation in news articles,
using NER to identify entities and RE to link them together. Our NER score is lower
than general-purpose NER taggers, such as huggingface’s (F;: 0.913) [10] and
CoreNLP’s (Fi: 0.923) [8]. However, those largely target noun entities (e.g. Person,
Organization, Location), a task that is more linguistically constrained than this one. Even
with the added complexity, our NER system provides useful results. Our RE score is in
line with huggingface’s (Fi: 0.95) [11]. Overall tagging is strongest at identifying count,
type and certainty, and weaker with location, which proved harder to automatically tag.
Future work could further disambiguate counts by establishing the time covered by a
count, and whether it is incremental or total.
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4 NER classifier is a CRF classifier trained with CoreNLP [8]. RE classifier also trained with CoreNLP [9].
Feature ablation experiments for both classifiers showed strong resilience.

> We chose F, as a scoring metric as a balanced measure of true and false positives and negatives.

6 Partially-correct tags scored as 0.5 false positive and 0.5 false negative.



