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Abstract. Strategic foresight has been identified as a key tool to en-
hance policymaking and guide decision-making in private and public or-
ganizations. While the potential of artificial intelligence has been recog-
nized in this domain, it has only been applied to specific tasks, and no
AI-first approach has been developed yet. Among the multiple strategic
foresight methodologies, one of the most frequently used ones is scenario
planning. Nevertheless, creating such scenarios requires specific domain
knowledge, particularly about causal relationships, to understand how
forces of change may affect potential future outcomes. In this research,
we describe some early results we obtained from semantic enrichment
performed on causal graphs extracted from media news. The experiments
were performed using ChatGPT 4o on 50 media events that correspond
to oil prices in the first quarter of 2023. The results show that when per-
forming semantic linking, different results are obtained if the extracted
causal variables or the causal relationships are considered. While there
is complete agreement regarding the assigned wiki concepts in 9% of the
cases, such agreement falls below 33% in most of the cases. Furthermore,
nearly 23% of the proposed wiki concepts do not correspond to real ones.
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1 Introduction and related work

Strategic Foresight aims to provide a structured approach to gathering informa-
tion regarding plausible futures to prepare for change adequately. It frequently
leverages experts’ knowledge regarding trends and emerging issues to understand
better how decisions and policies may influence the future and guide strategic
planning and policy-making [4]. The ability to lead to better future outcomes
has promoted an increasing adoption in the private and public sectors [12].

While artificial intelligence is increasingly being used across different do-
mains, it has only been adopted to aid in specific strategic foresight tasks [11],
and no end-to-end tool exists to (semi-)automate the complex process performed
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by domain experts. Among the most frequently used strategic foresight methods,
we find scenario planning [1], which aims to foresee relevant scenarios based on
trends and factors of influence to understand better how actions can influence
the future [14]. Building such scenarios requires identifying the driving forces
of change and possible outcomes while acknowledging the accompanying un-
certainties. Knowledge about such causal relationships and context is currently
owned by experts, who then estimate plausible outcomes. Artificial intelligence
could automate this process using LLMs and causal inference frameworks to
extract and test causal relationships and infer future scenarios. In particular,
we envision using LLMs to extract candidate causal relationships from media
news, assess whether such relationships effectively mean a causal relationship,
and merge them into a causal graph [2]. The resulting causal graph could be
analyzed, and subgraphs of interest could be identified to build scenarios about
plausible futures for human examination.

LLMs have shown promising results but face challenges in causal inference
from text due to the inherent complexity of natural language, which is often un-
structured, high-dimensional, and semantically ambiguous [9]. LLMs have been
used for causal discovery, effect estimation, and tasks like counterfactual reason-
ing. Research on causal discovery focuses on pairwise causal direction [8], though
issues arise with LLMs repeating embedded knowledge [15] or inferring causal
relations from entity order [7]. For full causal graph discovery, LLMs have been
mostly applied on datasets, where they have even outperformed baselines [10].
Among the few studies focusing on extracting causal links from the text, we
can mention [3] and [5]. Jin et al. [6] proposed an alternative approach using a
chain-of-thought prompting strategy to extract a causal graph and context (e.g.,
conditional or interventional probabilities) to perform correct causal inferences
and answer causality questions.

Gendron et al. [2] have recently described an approach leveraging LLMs for
causal relationship extraction from media news. Their approach shows promise
in extracting observed and hidden causal variables and their causal relationships.
Nevertheless, the experiments were executed only on a handful of cases and the
causal variables and relationships they extract are encoded as strings. While
encoding such knowledge as strings can sometimes provide rich expressiveness,
we consider that they could be further enriched associating them with a semantic
concept. This would allow for a normalized understanding of the causal variables
and enable further interoperation with ontologies and knowledge bases. This
work, therefore, explores on how such enrichment can be performed, and provides
a quality assessment of the causal graphs described above.

2 Experiments and results

This research is part of a wider research effort on how artificial intelligence can
be applied to enhance strategic foresight [13]. The manuscript aims to describe
experiments and results we obtained when pursuing two research goals (a) se-
mantically enrich the causal variables identified in media news by following the
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prompts described by Gendron et al. [2] and (b) assess how reliable is the se-
mantic linking obtained through LLM prompting.

Methodology The experiments were performed considering 50 media news events
related to oil prices which were reported in the first quarter of 2023 and extracted
from EventRegistry. A total of 169 causal graphs from the events were obtained
by applying the prompt described in Gendron et al. [2]. Their observed edges
and nodes were further processed to semantically enrich them. In particular, two
enrichments were performed: (i) considering the strings describing the already
extracted causal variables and (ii) considering the edge description that explains
how two causal variables are related to each other. The outcomes were then
compared to understand to what extent did (i) and (ii) lead to the same under-
standing. To that end, we measured the Jaccard similarity of the extracted wiki
concept URLs for causal variable pairs associated through a causal relationship.
Finally, we measured how many of the wiki concept URLs issued by the LLM
corresponded to real ones. The work was performed using the OpenAI ChatGPT
4o model.

Results The results we obtained from the semantic enrichment show that in most
cases the wiki concepts retrieved from the causal variables do not match the ones
described when obtained from the causal relationships. In fact, in 54% of the
cases, the Jaccard similarity was zero, in 36% of the cases the Jaccard similarity
was 0.33, and in just 9% of the cases we could observe a perfect match. We
randomly picked some cases to understand the quality of the extracted wiki con-
cepts and understand whether it would be better to consider the extracted causal
variables or rely on the causal relationships. One such example was »Influence
of Russian supply cuts on oil prices«. The causal graph prompt correctly iden-
tified that »Russian supply cuts« influence »Oil prices«. When executing the
additional prompts, the causal variables were mapped to Economy of Russia:
Natural resources and energy exports and Oil price and the causal relationship
to Oil supply and Oil prices, which is not tied to a particular country and more
accurately describes the key resource being considered in the market dynam-
ics. Finally, when assessing how many unique wiki links were valid, we found
that 204 unique links corresponded to real wiki concepts, while 59 entries were
misleading.

Conclusion and Future work Our research regarding causal extraction and coun-
terfactuals has not been tested on an extensive dataset. Further research is re-
quired to understand (i) how causal graph extraction prompts can be enhanced
to yield more accurate results, (ii) how to enhance the semantic enrichment to
avoid LLM hallucination scenarios. Future work will address this gap by (a) re-
fining the causal graph extraction, (b) enrich the semantic linking considering
domain-specific ontologies, and (c) testing the proposed approach on a dataset
spanning multiple years of media news.
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