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ABSTRACT

In this paper, we present our currently on-going work on a method
for analyzing digital health transformation in our society by con-
structing a Knowledge Graph from a large corpus of 7.8 million
English news articles, dating from 1987 through 2023. We firstly
sampled around 95k articles relevant to the Digital Health topic
by training and deploying a Deep Learning binary classifier via
fine-tuning BERT. Successively, by deploying NLP techniques, we
extracted triples from the identified articles to form a Digital Health
News Knowledge Graph, which consists of 431k distinct triples
connecting 186k entities through 1866 relations. The constructed
Knowledge Graph provides insights into the evolution of Digital
Health in news media and serves as a resource for further research
in the field. The analysis that we have carried out reveals significant
trends in Digital Health as reflected in the news, with notable peaks
coinciding with key events like the COVID-19 pandemic.
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1 INTRODUCTION

In recent years, traditional healthcare systems have witnessed a
pervasive digital transformation process characterized by the in-
tegration of digital tools and innovative solutions encompassing
electronic health records, telemedicine, artificial intelligence (AI),
and wearable devices. By analyzing news articles, reports, and
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commentaries, one can glean insights into emerging trends, tech-
nological innovations, policy developments, public perceptions,
and the overall evolving discourse surrounding digital health (DH)
initiatives.

While a plethora of news monitoring tools already exist, offering
diverse capabilities for news analysis!, generally they feature lim-
ited capability on extracting connections and supporting advanced
queries about the entities, tags and keywords they identify in the
news texts or cover a limited number of target domains [2, 20]. To
address this limitations, researchers have proposed diverse method-
ologies to construct structured, interlinked, and machine-readable
data frameworks tailored for news analysis [16, 22]. A number of
these frameworks utilize semantic technologies, including knowl-
edge graphs (KGs), which are expansive networks comprising en-
tities and relationships [9, 18] that can also undergo automatic
expansion via link prediction techniques [5, 11, 15]. Information
extraction pipelines have been successfully applied to the creation
of extensive and high-quality KGs from text data in several do-
mains [1, 3, 6-8, 12, 13, 21, 23, 24]. Nonetheless, constructing a
large-scale, cohesive, and semantically robust representation of
news content sourced from millions of news articles still poses
various challenges concerning the capacity of a system to consol-
idate multiple instances of the same entity and grounding them
onto existing repositories, as well as mapping verbal predicates to
generalized semantic relations.

We present an enhanced, scalable information extraction archi-
tecture under current development, which is designed to generate a
large knowledge graph of predictive triples concerning key entities
in the Digital Health domain from news articles. Additionally, we
report on an ongoing endeavor of building a series of data analytics
visualizations on top of the generated graph and show how these
can potentially support insight gathering about trends and dynam-
ics of digital transformation in the health sector over time and in
different geographical regions.

!Examples include: Europe Media Monitor (emm.newsbrief.eu), Brandwatch
(brandwatch.com), Repustate (repustate.com), Cision Communication Cloud (cision.
com), SentiOne (sentione.com) and Meltwater (meltwater.com).
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P R F-Score | Acc.
Cross-validation 99.40 | 97.40 | 98.39 98.59
200 documents Test Set | 98.9 93.0 95.8 96.0

Table 1: Evaluation of the binary Health Tech topic classifier.

2 PIPELINE
2.1 Dataset

Our source dataset comprises title and full text of around 7.8M
English language news articles from the Dow Jones Data, News and
Analytics (DNA) platform? ranging from September, 1987 through
December, 2023. We used the curated Region codes metadata pro-
vided by DNA and merged them into a two-valued (‘EU’,US’) at-
tribute in order to differentiate our analysis for the European and
US contexts.

2.2 Topic Classifier

In order to sample news articles about Digital Health technologies
we trained a Deep Learning binary classifier on the concatenated
title and full text of news items from DNA? and several RSS feeds
from specialized news outlets in health tech?, where positive train-
ing instances are digital health-related documents and negative
instances are documents belonging to unrelated topics. Namely,
we fine-tuned BERT® on a near-balanced small training set of 9097
news items (4495 positive - 4602 negative instances).

Among the positive instances, 4187 were articles from health
tech news outlets, while 308 were DNA articles filtered by general
Health-related Subject codes and then manually tagged as con-
cerning Digital Health. Out of the 4602 negative instances, 3000
were DNA items sampled from ‘negative’ Subject tags such as gcat
(Political/General News) or mcat (Commodity/Financial Market
News) and 1602 were articles scraped from ‘negative’ topic feeds of
technology news outlets®.

Fine-tuning was performed using 10-fold stratified cross-validation
with 80-20% data splits and Binary Cross Entropy as Loss function,
training for 10 epochs with Early Stopping on 1 epoch of non-
increasing Accuracy score. We mitigate the model over-fitting on
the relatively small training set by keeping a small number of train-
able parameters (4.3M) and adding a dropout regularization layer
in the training phase (0.2 dropout rate).

In Table 1 we show the average cross-validation performance of
the classifier on the provided dataset. Additionally, after training
the classifier on the entire training set, we evaluated it on a sep-
arate dataset comprising 100 negative and 100 positive instances
sampled from DNA using Subject codes. We report the classifier’s
performances on the test set as well in the second row in the Table.

Zhttps://professional.dowjones.com/developer-platform/. We discarded items with
missing Title and short articles with text body character length lower than 300.

3We removed URLs, DNA-specific and news outlet-specific tokens (e.g., ‘Reuters’,
‘Reuters Limited’, ‘techcrunch’) and we truncated training instances to 1000 characters,
in order to remove correlation between the topic and text length features of the article
sources.

4E.g., healthtechdigital.com, techcrunch.com/tag/healthtech/feed/ digitalhealth.net/
news/ and others.

5https:/ /tfhub.dev/tensorflow/small_bert/bert_en_uncased_L-2_H-128_A-2/1

SFor example, https://techcrunch.com/tag/security/.
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The models achieved 98.39% on the training set and 95.8% F-
Score on the hold-out test set from DNA (98.9% Precision, 93.0%
Recall), which shows that, despite missing a significant number
of true positives, it allows to sample a mostly relevant subset of
health tech articles from the DNA multi-domain corpus’. From the
original full DNA dataset we then filtered out around 95k health
tech articles (1.2% sample) by deploying the trained classifier.

2.3 Triple Extraction and Refining

In the triple extraction phase, the DH news items filtered by the clas-
sifier have been passed to a spaCy NLP pipeline®. Then we applied
several optimized procedures for identifying candidate nominal
entities and forming predicative triples, namely:

e An entity extraction module that identifies local nomi-
nal phrases and extends them with non-recursive attached
prepositional phrases and Quantity-type entities (MONEY,
PERCENT, QUANTITY, CARDINAL), yielding a set E =
{eo, ..., en} of non-unified, candidate entity phrases;

o A relation extraction module selecting all the shortest
paths of the dependency tree between every pair of entities
(em. en) containing a verb and matching any of a shortlist of
expert-validated patterns’, yielding a set of verbal relations
V = vy, ..., v and a set of triples S = s, ..., sg in the form
< em,0,en, >wherev € Vande € E.

The pipeline goes on generalizing from the surface form triples
in set S to a smaller set T = o, ..., t}, of triples in the form of <
€m, T, €n > where each ¢; € E is the result of entity merging (see
modules below) and r is a label drawn from a generalized relation
vocabulary R. In particular:

o The entity refining module first cleans up and normalizes
candidate entities, then the normalized entities are merged by
leveraging their linking to DBpedia entries via the DBpedia
Spotlight service!?. The merging process has been formalized
with a relation owl: sameAs in the output knowledge graph.

The relation refining module is used to identify the most

suitable predicate label r for each relation verb v in a triple

< em, v, ep > and to establish the mapping from v to r in the
resulting triple. In detail:

— We retrieve the 300-dimensional word embeddings rep-
resentation learned with GloVe [19] for each single or
multi-token verb predicate;

— We perform UMAP [10, 14] non-linear dimensionality
reduction!! and apply HDBSCAN clustering [4] on the
relation vectors, optimizing via grid search across the
hyperparameters of both algorithms. We use the score:
S = silhouettex - clusteredy, combining the mean sil-
houette coefficient over all clustered instances and the
fraction clusteredy of instances of X actually clustered by

HDBSCAN [4];

"The trained model is made publicly available at the project repository https:
//github.com/zavavan/dtm_kg/blob/master/resources/bert_fine_tuned_healthTech-
20240516T132123Z-001.zip

8Including sentence splitting, POS tagging, Dependency Parsing, (https://github.com/
explosion/spacy-models/releases/tag/en_core_web_lg-3.6.0).
“https://github.com/zavavan/dtm_kg/blob/master/resources/paths.txt
Ohttps://www.DBpedia-spotlight.org/
https://umap-learn.readthedocs.io/en/latest/parameters.html
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— Finally, for each relation verb v in the dataset, we replace
it with a predicate label r consisting of the most frequent
lemma among the ‘exemplars’ relations returned by HDB-
SCAN for the cluster of 912, otherwise we map it to itself
if v is an outlier.

The chosen hyper-parameter configuration for the combination
of UMAP and HDBSCAN was sub-optimal and represents a bal-
ance between higher S score and lower number of generated clus-
ters (allowing higher generalization over relation predicates). For
UMAP, we used cosine distance metric over normalized vectors,
applying 0.0 min_dist, 2 n_neighbors and 2 n_components. As for
HDBSCAN, we set min_cluster_size to 5, with min_samples and
cluster_selection_epsilon set to 0.

3 KNOWLEDGE GRAPHS AND DATA
ANALYTICS

Using the described pipeline we generated a Digital Health News
Knowledge Graph (DHNKG), comprising roughly 431k distinct
(non-reified) triples, connecting 186k unique entities via a total of
1866 generalized relations. We then reified each extracted claim
of DHNKG into instances of the dhn-ont:Statement class in the
corresponding ontology (dhn-ont namespace prefix), with each
dhn-ont:Statement representing a specific assertion derived from
a collection of news items.

Out of the overall set of unique DHNKG entities, around 8% have
been linked to DBpedia entries using 14975 owl : sameAs and 33345
skos:related predicates, indicating entity equality and related-
ness, respectively. Overall, 23.8% of all triples had either subject
or object entities linked to DBpedia. DHNKG’s owl : sameAs-linked
entities inherit DBpedia entity typization.

While the DHNKG graph is fully automatically generated, the de-
ployed methodology has been manually evaluated[25] and proved
to have reliable Precision. Therefore, we made the KG available as
a public resource via data access endpoints. We set up a Virtuoso
SPARQL endpoint (https://api-vast.jrc.service.ec.europa.eu/sparql/)
where DHNKG can be queried and analytical information on target
entities, attributes, and relations can be retrieved in some structured
data formats!3.

As an example, one may start up by exploring the KG (the internal
name ‘DHNEWS_KG’) via SPARQL queries like the one in Figure 1,
which uses regex constraints to retrieve the graph’s information
about entities matching a target name of interest, like ‘biogen’, the
American multinational biotechnology company known as Biogen
Inc.

SELECT ?s ?p %0
FROM <DHNEWS_KG>
WHERE { ?s ?p ?0 .FILTER regex(str(?s), "biogen") }.

Figure 1: Explorative search query on DHNKG.

2https://hdbscan.readthedocs.io/en/latest/api.html
BCurrently the access is password protected, with credentials available upon request
to authors.
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The result set will include a triple in which an internal graph re-
source (specifically http://dhnewskg.org/dhnewskg/resource/biogen)
is linked to the DBpedia entry for Biogen Inc., using the owl : sameAs
predicate. At this point, a more fine-grained query like the one in
Figure 2 can be run to return all the 480 statements in ' DHNEWS_KG’
having the target entity dhnewskg:biogen as object. Finally, for
each result statement, a link to its corresponding URL in a Virtuoso
Faceted Browser endpoint is returned, allowing further navigation.

PREFIX dhnewskg: <http://dhnewskg.org/dhnewskg/resource/>
PREFIX dhnewskg-ont: <http://dhnewskg.org/dhnewskg/ontology#>
SELECT ?statement

FROM <DHNEWS_KG>

WHERE { ?statement a rdf:Statement .

?statement rdf:subject dhnewskg:biogen . }

Figure 2: Targeted query returning all DHNKG statements
with the graph entity dhnewskg:biogen as rdf:subject.

By deploying the presented pipeline, we also generated an aggre-
gated analysis of the news reflection on the Digital Health dynamics
over the years!?.

In Fig. 3 below we measure the presence of the Digital Health
discourse in the news over time by plotting the month-sampled time
series of the ratio of news articles about Digital Health over the total
of English language DNA news mentioning EU and US, respectively.
While representing an underestimation in absolute terms (due to
the classifier’s low recall), the plot describes significant patterns
in the raising and consolidation of the impact of DH technologies,
with some remarkable differences between the EU and US contexts.

The DH topic is minimally represented in the news (around 1%)
until a first breakthrough recorded on 2005 in both regions, with
the rise in exposure likely due to advancements in technology, par-
ticularly to the implementation and progressive adoption of Health
Information Exchange (HIE) networks to facilitate the electronic
sharing of patient data among healthcare providers. A second peak
took place in 2017 in the US, while EU news showed a rather steady
growth of the topic’s momentum from 2015 on. Finally, a third
major spike occurred worldwide in 2020, arguably related to the
global effort towards applying innovative technologies in the fight
against COVID-19.

4 CONCLUSIONS

The paper describes the ongoing development of a Digital Health
News Knowledge Graph (DHNKG) using a dataset of 7.8 million
English news articles from 1987 to 2023. The work involves training
a deep learning classifier to identify relevant articles and employing
NLP techniques to extract knowledge triples. The resulting DHNKG
offers insights into digital health trends, particularly highlighting
the impact of events like the COVID-19 pandemic. The analysis
also compares digital health coverage in the US and EU. We are
currently working on expanding the visualization and analytics

4This is a preliminary result of an ongoing endeavour to build data analytics visual-
izations on top of the information in DHNKG, in order to support DH trend analysis
and insight gathering.
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Figure 3: Monthly time series of the ratio of news articles about Digital Health over the total of DNA news about Europe and

the US, respectively.

tools to further exploit the DHNKG and extract useful hidden in-
sights. A current limitation of the KG extraction method is that
the entity and relation extraction processes are not backed by un-
derlying ontology specifications. We are currently working on an
enhanced version of the pipeline that builds upon the current entity
and relation spans and further classifies them into domain-specific
categories, leveraging fine-tuning of contextual word embedding
representations from Large Language Models [17].
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