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Abstract

The rapid development of the digital economy has created vast streams of textual data on enterprise activities and innovations.
Unlocking causal insights from these data is critical for companies seeking strategic advantages. In this paper, we propose
a novel framework for constructing a causal knowledge graph of enterprise innovation events mined from digital-economy
news and reports. The goal is to represent events (e.g. product launches, strategic investments) as nodes and their causal
relationships as directed edges, enabling advanced reasoning about how one innovation leads to another. Our method first
extracts enterprise-related events using neural language models, then identifies causal links between events with a specialized
classifier, and finally integrates these into a knowledge graph that can support strategic decision-making. We introduce a new
architecture that integrates pre-trained language encoders and graph neural networks to jointly model event contexts and global
causal structure. The proposed approach is evaluated on three datasets: a DEMAND competition dataset of digital economy
innovation events, the FinCausal financial causality dataset, and the Causal News Corpus of news events. Experimental
results show that our model outperforms ten state-of-the-art baselines in causal event detection (with F1 improvements up to
3-5% absolute) and produces knowledge graphs that accurately capture event influence patterns. We also conduct ablation
studies confirming the contribution of each module. Our findings demonstrate that constructing causal knowledge graphs of
innovation events can significantly enhance strategic decision-making, allowing enterprises to predict potential outcomes of
innovation strategies and better navigate the digital economy.

Keywords Natural language processing - Natural language generation - Causal knowledge graph -
Enterprise innovation events - Strategic decision-making

1 Introduction

In the digital economy era, enterprises must continuously
innovate to stay competitive (Birnbaum 2005). The ubiquity
of digital information today means that innovation-related
events (such as new product launches, patents, investments,
partnerships) are reported rapidly, and these events often
causally influence one another (Teece 1986). Understanding
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the causal relationships between enterprise innovation events
is increasingly important for strategic planning and decision
support (Porter and Strategy 1980). For example, one com-
pany’s breakthrough in a technology may cause competitors
to accelerate their own R&D (Cai et al. 2024), or a change in
consumer behavior (enabled by digital platforms) may lead to
new business model innovations (Brynjolfsson and McAfee
2014). However, making sense of such cause-effect chains
from massive unstructured text (news, reports, social media)
is a non-trivial challenge (Messina 2018).

Recent studies emphasize that the digital economy can
accelerate technological innovation by influencing manage-
rial behavior and strategic decisions (Ding et al. 2021).
Decision-makers need tools to connect the dots between dis-
parate events and infer why certain innovations occur (Rong
2022). Traditional business intelligence systems track events
but lack an explicit representation of causal links (Junaedi
et al. 2023). In contrast, a causal knowledge graph (CKG)
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can formally represent events as nodes and causal relations
as directed edges (“‘event A causes event B”’) (Elnagar and
Weistroffer 2019), enabling reasoning over chains of influ-
ence. Such a graph would allow enterprise strategists to
query, for instance, “What were the causes that led to arival’s
successful product launch?” or “What consequences might
follow our adoption of a new digital platform?” - questions
that are crucial in strategic decision-making under uncer-
tainty (Dey 2024).

Event causality extraction has been an active research
area in natural language processing (NLP) (Nadkarni et al.
2011). Prior works have tackled the identification of causal
relations between events in text, which is often termed
Event Causality Identification (ECI) (Cheng et al. 2024).
Early approaches relied on pattern matching and linguis-
tic heuristics (Ali et al. 2021). For example, one of the
first systems to automatically detect causal relations using
lexical patterns and semantic constraints (Cao et al. 2012).
Such rule-based methods achieved limited coverage, so later
research explored machine learning techniques (Moham-
mad and Nishida 2010). Minimum supervision methods
were used to learn causality from data (Shu and Ye 2023),
and annotation efforts like the EventStoryLine corpus pro-
vided benchmarks for causal and temporal relation extraction
(Caselli and Vossen 2017). In recent years, deep learning
approaches have advanced the state of the art, with models
leveraging increasingly sophisticated context representations
and external knowledge (Vaswani et al. 2017).

Despite progress in general-domain event causality detec-
tion, little work has focused on the enterprise innova-
tion domain (Cheng et al. 2024). Enterprise events have
unique characteristics: they often involve complex temporal
sequences (Sergii et al. 2018), cross-organization interac-
tions (Yang et al. 2024), and domain-specific language (e.g.
technical jargon, business terms) (Chanal 2004). Moreover,
understanding innovation causality is not just an academic
exercise - it directly supports strategic decision-making
(Velikorossov et al. 2019). For instance, extracting events
from business news has been shown to help analysts perceive
market trends (Dunkel et al. 2011), monitor competitors’
strategies, and make better investment decisions (Junaedi
et al. 2023). We therefore position our work at the inter-
section of event causality extraction, knowledge graphs, and
enterprise innovation studies (Jiao et al. 2024).

In this paper, we propose a novel method to construct a
Causal Knowledge Graph of Enterprise Innovation Events
(CKG-EIE) from text data, and we demonstrate its applica-
tion in strategic decision-making. The contributions of our
work are threefold:

e We design a complete pipeline that goes from unstruc-

tured text to a structured causal knowledge graph. Our
architecture integrates a pre-trained language model for
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event and context encoding, a Causal Relation Identifi-
cation Module (CRIM) to predict directed event-event
relations, and a graph construction module that assem-
bles extracted causal pairs into a global knowledge graph.
Unlike prior works that treat event causality as isolated
pair classification, our approach enforces global consis-
tency via graph-based reasoning.

e Technical Innovations: We introduce a hierarchical causal
extraction model that first identifies event mentions and
then infers causal links using both local context and
global information. We incorporate external knowledge
(e.g. knowledge base facts or common sense causal cues)
through a knowledge-enhanced representation technique,
inspired by recent advances. We also present algorithms
(with PyTorch implementations) for model training and
graph construction. To our knowledge, this is the first
work to present full algorithms for causal knowledge
graph construction in the enterprise innovation domain.

e We conduct experiments on three datasets, including a
real-world dataset from a digital economy competition
(DEMAND), and two public datasets. Results show that
our model achieves state-of-the-art performance in event
causality extraction, outperforming ten baseline methods
(both classical and deep learning-based). Furthermore,
we illustrate how the resulting knowledge graphs can be
used for strategic decision support, such as simulating
the impact of an innovation or identifying root causes of
observed market changes.

In the following, we review related work (Section 2) in
causality extraction, knowledge graphs, enterprise innova-
tion analysis, and decision support. Section 3 details our
proposed methodology, including formal problem defini-
tions, model architecture, and algorithms. Section 4 describes
the datasets, experimental setup, baseline models, and eval-
uation metrics. We then present and discuss the results in
Section 5, including an ablation study. Finally, Section 6 con-
cludes with implications for strategic decision-making in the
digital economy and future research directions.

2 Related work

2.1 Causal knowledge graphs and event causality
extraction

Causal knowledge graphs are knowledge graphs augmented
with causal relationships as first-class links. Unlike tradi-
tional knowledge graphs that focus on taxonomic or rela-
tional (non-causal) links, causal knowledge graphs capture
why things happen (Huang and Vidal 2024; Allen 2020). Has-
sanzadeh (2021) built a causally-enriched knowledge graph
of events and their consequences from Wikidata, demon-
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strating the viability of extracting cause-effect pairs from
structured and unstructured sources. The CauseNet project by
Heindorf et al. (2020) compiled a large-scale causality graph
from web text, yielding over 40K cause-effect pairs mined
with high precision. These efforts highlight that integrating
causal links into a graph format enables powerful reasoning
for applications like event prediction and decision support
(Hassanzadeh 2024; Iwama et al. 2021; Sohrabi et al. 2019).
Jaimini and Sheth (2022) further discuss CausalKG construc-
tion and how interventional and counterfactual reasoning on
such graphs can improve explainability of Al predictions
(Jaimini and Sheth 2022).

In NLP, extracting causal relations from text has long been
studied under tasks like cause-effect extraction and event
causality identification. Early work focused on detecting
causal connectives and patterns in sentences. For instance,
the work of Girju (2003) used semantic parsing to find causal
relations for question answering. Mirza (2014) explored
extracting both temporal and causal relations between events,
marking an initial step towards unified treatment of event
relations. With the rise of machine learning, Do et al. (2011)
proposed a minimally supervised approach using a small seed
set of causal verbs to bootstrap a classifier. Such approaches
could identify obvious causal phrases (e.g. “X leads to Y”)
but struggled with implicit causality.

The advent of deep learning significantly improved event
causality extraction. Neural network models: One line of
research applied convolutional or recurrent neural networks
to encode the sentence containing two candidate events,
then predict if one causes the other. For example, Liu et al.
(2024) introduced a multi-column CNN that leveraged mul-
tiple knowledge sources and an attention mechanism for
causal reasoning. Later, document-level models were devel-
oped to move beyond single sentences. Gao et al. (2019)
used a graph neural network to model document-level event
causality structures, achieving better identification of cross-
sentence causal links. The use of GNNs is intuitive since
a document’s events can be seen as a graph with temporal
and causal edges; modeling this graph can help disambiguate
complex chains.

Another advancement is incorporating external knowl-
edge and semantics. Hidey and McKeown (2016) employed
parallel Wikipedia article pairs to learn causality, assuming
that article differences highlight causal content. Knowledge
infusion techniques like those by Liu et al. (2021) and
Cao et al. (2021) integrate knowledge bases or latent struc-
ture induction into the neural model to capture implicit
causality. For instance, Liu et al. used mention masking
generalization to let the model focus on event types rather
than specific mentions, thereby learning more general causal
patterns. Similarly, Zuo et al. (2020) introduced data aug-
mentation with distant supervision (KnowDis) to increase
training examples of causal event pairs.

Most relevant to our work are methods that combine event
extraction and causality. Some joint models perform event
detection and relation classification together, but these have
been limited to small datasets. The EventStoryLine corpus
(Caselli and Vossen 2017) and the more recent Causal News
Corpus (Tan et al. 2022) provide annotated event causal-
ity data for model training and evaluation. Shared tasks
such as FinCausal(for financial documents) and the CASE
2022 Causal News challenge have spurred development of
robust models, including transformer-based classifiers (e.g.
RoBERTa, BERT) fine-tuned on causal relation identifica-
tion. The top systems in these challenges often ensemble mul-
tiple approaches and incorporate heuristic post-processing to
improve precision.

Despite these advances, building a knowledge graph of
events requires more than pairwise classification. Few works
explicitly tackle the aggregation of extracted causal pairs into
a graph structure. One notable work is Caselli and Vossen
(2017) who presented the Event StoryLine graph for news,
which is a timeline of events with causal and temporal links.
Our work differs in that we focus on enterprise innovation
events and aim to automatically construct the graph from
text. We also emphasize the end-use of the graph in strate-
gic decision-making, which, to our knowledge, has not been
addressed in prior causality extraction literature.

2.2 Enterprise Innovation and Strategic
Decision-Making

Enterprise innovation events include product launches, tech-
nological breakthroughs, acquisitions, collaborations, reg-
ulatory changes, market entries, and other actions that
significantly alter a company’s innovation trajectory. In man-
agement research, it is well-recognized that tracking and
understanding innovation activities is key to formulating
competitive strategy (Yu et al. 2023). The digital economy
accelerates this dynamic: innovations spread faster, and the
interactions (and potential causal links) between innovations
are more complex due to digital interconnectedness. There is
a growing interest in leveraging data-driven techniques (like
NLP and knowledge graphs) to support strategic decision-
making in this context (Hu et al. 2024; Zhong et al. 2024).
Text analytics has been applied to business news to derive
insights for decision support. Han et al. (2018); Hsu et al.
(2021) proposed an event-extraction approach for business
analysis from online news, showing that automatically iden-
tified events can help analysts perceive market trends and
competitor actions. Their work, however, did not explicitly
model causality between events. Other research has looked
at innovation knowledge bases: for example, the InnoGraph
project compiles a knowledge graph of Al research and inno-
vation entities to study global innovation ecosystems (Massri
et al. 2023). These efforts typically focus on static relation-
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ships (e.g., who collaborates with whom, what technology is
used), rather than event causality.

In the realm of strategic planning, scenario analysis often
considers chains of events: e.g., “If a new technology is
adopted widely (event A), it may cause a shift in consumer
behavior (event B), which in turn may force companies to
innovate in service delivery (event C)”. Tools like IBM’s
Scenario Planning Advisor have explored using Al planning
techniques on event knowledge to assist human decision-
makers. However, such tools generally assume a knowledge
base of events and causal links is already available. Our work
aims to automatically build such a knowledge base (graph)
from textual data.

Finally, there have been initial attempts to use causal infer-
ence in enterprise analytics. For instance, researchers have
examined causal drivers of innovation performance using
econometric methods on structured data (Qingin et al. 2023;
Marchesani and Masciarelli 2024). But these approaches
are limited by the availability of structured indicators. By
contrast, our approach mines unstructured text (which is
abundant in the digital economy) to extract a rich web of
events and causal relations. The resultant CKG-EIE can be
leveraged in multiple ways: e.g., to perform root cause anal-
ysis (finding preceding events that led to a current outcome),
to simulate the effect of potential decisions (by traversing
cause-effect paths in the graph), or to identify emerging risk
factors and innovation triggers in an industry.

In summary, our work builds on literature in event causal-
ity extraction and knowledge graphs, while innovating in its
specific focus on enterprise innovation and its direct appli-
cation to strategic decision support. Next, we describe the
proposed approach in detail.

3 Method

Our goal is to construct a Causal Knowledge Graph of Enter-
prise Innovation Events (CKG-EIE) from a collection of
documents (news articles, press releases, etc.) and then utilize
this graph for strategic insights. We formalize the problem
as follows. Let

D=Dy, Dy, ..., Dy (1

be a set of documents in the digital economy domain, each
describing one or more enterprise-related events. An event
is defined as something significant that happens, involving
an enterprise (or multiple enterprises), which could influ-
ence innovation outcomes. Each event can be represented
by a textual trigger (a phrase in the document) and possibly
associated attributes (e.g., time, involved entities). We aim to

@ Springer

extract a set of events

E=e,e,...,em (2)
and a set of directed causal relations

C=(e —¢e) 3)

indicating that event e; is a cause of event e;.
Causal Knowledge Graph: The causal knowledge graph
is

G=(E,C) “

where nodes E are events and directed edge (¢; — ¢;) € C
means event ¢; causally led to event e;. The graph may
contain multiple components and even cycles (since real-
world causality can form feedback loops), though many
causal chains will be acyclic or tree-like. Each node ¢ may
carry attributes like event type (ProductLaunch, Investment,
etc.) and timestamp. The overall architecture of our pro-
posed system is a pipeline with three main modules: (1)
Event Extraction, (2) Causal Relation Identification, (3)
Graph Construction & Reasoning. Figure 1 illustrates the
pipeline. We first describe the high-level flow, then each mod-
ule in detail, including model architectures and algorithms.
Throughout, we denote vectors in bold (e.g. X) and matrices
as capital letters (e.g. W). We will also present key equations
and pseudocode for clarity.

Pipeline Overview: As shown in Fig. 1. The input is a
document (or a batch of documents) D € D. The Event
Extraction module processes D to identify all text spans
that correspond to innovation-related events. This could
be done via sequence labeling (predicting event trigger
words) or via span classification. For each extracted event
trigger, we assign an embedding representation he. Next,
the Causal Relation Identification module considers pairs
of events (e;, e;) that co-occur in the same context (e.g.,
same document or across linked documents) and predicts
whether e; caused e;. This is treated as a binary classi-
fication problem for each ordered pair, yielding a score
si, j = P(e; causes e;). We enforce that s; ; and s; ; are not
both high to avoid spurious two-way causation. Finally, the
Graph Construction module takes all predicted causal links
above a confidence threshold and populates the knowledge
graph G. Optionally, this graph can be fed into a reasoning
module (e.g. path search algorithms or graph neural network)
for downstream tasks like predicting future events or making
recommendations. In this paper, we focus on constructing
G and evaluating its quality; the application in strategic
decision-making is discussed qualitatively in the conclusion.
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Fig.1 Pipeline overview

3.1 Event extraction module

The event extraction module aims to detect all relevant events
in text. We adopt a neural sequence tagging approach using a
pre-trained language model (LM) as the backbone. In partic-
ular, we use BERT as our encoder for its strong performance
in various IE tasks. Each document D is split into sentences,
and each sentence is tokenized into WordPiece tokens. The
token sequence is passed through BERT to obtain contextu-
alized representations. Let

X =[x1,x2,...,x7] (5)

be the token sequence of a sentence, and

H=[h17h27""hT] (6)
be the sequence of hidden states from the last layer of BERT
(each h; € R?, where d is the hidden size, e.g. 768). We
denote this encoding as:

H = BERT(X), (7

where h;, = H[t] corresponds to token x;. For simplicity,
we omit the batching and segment details. We insert spe-
cial markers to highlight potential event triggers in the input.
Specifically, we use the tags [E] and [/E] to mark the span
of each candidate event trigger (if known from a gazetteer or
previous pass; if not, we treat all verbs and nouns as candi-
dates initially).

To predict event triggers, we use a feed-forward classi-
fication layer on top of BERT’s output for each token. We
define a binary variable y, for each token position: y, = 1 if
token x; is (part of) an event trigger, otherwise 0. This can be
formulated as a sequence labeling with BIO tags, but here we
simplify to trigger start detection. The probability that token
t is a trigger is given by:

Py =11 X) =0Wch; +b,), ®)

where W, € R4 and b, € R are learnable parameters, and
o is the sigmoid function. During training, we optimize the

A

binary cross-entropy loss for trigger classification:

T
1
Luigger = =7 D _lylog Py = 1) + (1 = y)log Py =0)1. (9)

During inference, we label token ¢ as an event trigger if
P(y; = 1) > 0.5 (or a tuned threshold). Adjacent trigger
tokens can be merged into one event span. We assign the
vector representation of an event e (with trigger tokens from
i to j in the sentence) as the average of BERT hidden states
of its tokens, or simply the hidden state of the first token if
using BIO scheme:

1 j
he = =75 > h,. (10)

t=i

This h, will serve as the event embedding used in the
causality module. We also record the text span and other
attributes (such as event type if a classifier for type is
included, though in our implementation we primarily focus
on triggers).

Algorithm 1 outlines the event extraction process. After

Algorithm 1 EventExtraction.

Require: Pretrained BERT encoder BERT_encoder, input document
text text

Ensure: Extracted event list with embeddings events

1: sentences <« split_into_sentences(text)

2: events < []

3: for all sent € sentences do

4:  tokens < tokenize(sent)
5. H < BERT_encoder(tokens)
6:  trigger_probs < O'(H W, + b(,)
7:  for all (¢, p) in enumerate(trigger_probs) do
8: if p > 0.5 then
9: span <— get_full_event_span(tokens, t)
1 span.end
10: he < span.end — span.start + 1 Z Hi
i=span.start
11: events.append(span.text, he)
12: end if
13:  end for
14: end for

15: return events
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processing all documents, we obtain a set of event repre-
sentations E = hey, ..., hey. These vectors encapsulate
semantic information about each event from its local con-
text.

3.2 Causal relation identification module

Having extracted events, we next determine which pairs of
events are in a cause-effect relationship. This module takes
pairs of event embeddings (and their context) and outputs
a probability of causality. A naive approach would consider
all pairs of events in the same document. However, to reduce
false candidates, we only consider event pairs that satisfy cer-
tain criteria: (a) they occur in the same document (or a pair of
linked documents, e.g., a news article and a follow-up anal-
ysis), (b) their timestamps suggest e; happened before e},
All event timestamps are first normalized to ISO 8601 for-
mat, and relative expressions (e.g., “yesterday,” “two weeks
ago”) are resolved to absolute dates using the document’s
creation time as the reference, and (c) the distance between
their mentions is not too large (for efficiency, e.g., within 2-3
sentences). These heuristics are commonly used to constrain
causal candidates.

For each candidate pair (e;, ), we construct an input
representation for the classifier. We experimented with two
formats:

e Sentence-pair encoding: If events are in the same sen-
tence or neighboring sentences, we can encode the text
between them or the concatenation of their context sen-
tences. We insert a separator token between the contexts
and mark the event positions with special tokens (similar
to the entity markers in relation extraction).

¢ Embedding concatenation: Simply take the event embed-
dings he; and he; from the extraction module and
concatenate them, optionally with some features (like
time difference or event type indicators).

We found that providing the full context to BERT yields
better performance for implicit causality, whereas using just
embeddings is faster. Our final model uses the sentence-pair
encoding with markers approach. We form a sequence: [CLS]
context_i [El] e_i_trigger [/EI] rest_of _context_i [SEP]
context_j [E2] e_j_trigger [/E2] rest_of_context_j [SEP].
This sequence is fed into BERT (a second instance or the
same with fine-tuning) to get a representation, particularly
the [CLS] token output which now encodes the relationship.
Leth,; denote the [CLS] embedding after this encoding. We
then apply a classification layer:

$i.j = oW hes + be), (11)
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where J; ; is the predicted probability that ¢; causes e;, and
wc, b are classifier parameters. The model is trained with
labels yi, j € 0, 1 (1 meanse; — e isatrue causal relation).
We use a binary cross-entropy loss for each candidate pair:

1 R R
Leause = _F Z[)’i,j 1Ogyi,j + - yi,j)log(l - ))i,j)]y
C .0
(12)

summing over all candidate pairs N, in the training data.

Joint Training: In our implementation, we initially train
the event extraction and causality modules separately (the
former on trigger-labeled data and the latter on datasets of
event pairs). We then perform joint fine-tuning on the com-
bined task: the loss Ltotal = Ltrigger+ Lcyuse- Joint training
encourages consistency (e.g., the event extractor will prefer
triggers that help form true causal pairs). In experiments, this
slightly improved recall of causally relevant events.

t is important to note that causality classification is done
on directed pairs. That is, for each pair of events, we consider
both (e;, e;) and (e}, e;) as separate inputs to evaluate both
possible directions (unless domain knowledge tells us one
direction is impossible). We enforce antisymmetry to some
extent: if yi, j and yj, i are both above 0.5, we only keep
the higher confidence one and suppress the other, since in our
domain an event pair rarely has two-way causation (though
cyclic chains can occur through intermediate events).

Incorporating Graphical Context: A novel aspect of our
approach is using graph neural networks (GNNs) to refine the
causal predictions by considering interactions among multi-
ple candidate relations. We construct an initial graph where
each event e is a node with embedding h,, and we connect
every pair of events that appear in the same document with
an undirected link for message passing. We then perform a
few iterations of message passing to update event represen-
tations with their neighbors’ information. We use a simple
Graph Convolutional Network (GCN):

L0y
—h,W() ,
IN(e)| ¢

(13)

h{*tD = ReLU [ ROW® 4+ 3"
eeN(e)

where N (e) are the neighbor events of e in the document
graph, and W® is a trainable weight matrix for layer k. We
initialize he(® as the event embedding from BERT. After K
GCN layers, we get enriched embeddings he'X) that encode
not only the event’s own context but also related events in the
same document (which often helps identify common cause or
effect patterns). These enriched embeddings can then be used
in the classifier. Specifically, when computing hcls for pair
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Algorithm 2 TrainCausalityModel.

Require: Event pairs P = {(e;, ¢;)}, labels Y = {y}
Ensure: Trained causality model

1: Initialize BERT_pair, GCN_layers, classifier

2: optimizer <— Adam(model.parameters(), Ir=1e-5)
3: for epoch = 1 t0 Nepochs do

4:  model.train()

5: total_loss <— 0

6: B < make_batches(P, ), batch_size)

7. for all batch € B do

8: optimizer.zero_grad()

9: batch_loss < 0

10: for all ((¢;, e;), y) in batch do

11: cls_rep < BERT_pair(format_input(e;, e;))

12: th) < GCN_layers(e; .context_graph, e;.node_index)
13: h;.K) < GCN_layers(e;.context_graph, e;.node_index)
14: 2 < concat(cls_rep, h'®, h;’“)

15: pred < o (classifier(z))

16: batch_loss < batch_loss + BCE_loss(pred, y)

17: end for

18: batch_loss < batch_loss / Ibatchl

19: batch_loss.backward()

20: optimizer.step()

21: total_loss < total_loss + batch_loss.item()

22:  end for

23:  print("Epoch", epoch, "Loss =", total_loss / |P|)
24: end for

(K)
e

(¢;, ), we concatenate he; K) and hy’ with the context-
j j

based [CLS] embedding:
zi,j = [hes; B RO, (14)

and thenuse zi, j inalinear layer (replacing hcls in (4)). This
can be seen as a form of latent structure induction, where the
GCN helps induce a latent document-level causal structure
that informs pairwise decisions, akin to the method of Cao
et al. (2021). In practice, we found K = 2 GCN layers suf-
ficient.

Algorithm 2 provides a high-level training loop for the
causality identification module, including GCN integration:

In this pseudo-code, we iterate over training epochs, and
for each batch of event pairs, we:

e Format the pair input for BERT (with markers, etc.) and
get cls_rep (the [CLS] embedding).

e Use GCN_layers on the context graph to get the final
embeddings for e; and e; (this assumes we have pre-built
a small graph of events per document).

e Concatenate and classify with a sigmoid and binary cross
entropy loss (bce_loss).

e Optimize using Adam.

After training, we apply the model to all candidate pairs
in the corpus to decide which causal edges to include in the
knowledge graph. We outputasetC = (¢; — ¢;) 1 3i,j > T

where 7 is a confidence threshold. We set the confidence
threshold 7 = 0.5 based on development?set tuning to max-
imize the F1 score. Additionally, we performed a brief
sensitivity analysis at T = 0.4 and 7 = 0.6, observing F1
scores of 0.78 and 0.77, respectively.

3.3 Knowledge Graph Construction and Utilization

The final module takes the set of extracted events E and pre-
dicted causal relations C to assemble the knowledge graph
G = (E, C). This stepis straightforward: we create nodes for
each unique event (identified by a combination of trigger text,
document ID, and timestamp to distinguish repeats of the
same event in different contexts) and create a directed edge
for each (¢; — ¢;) € C. We also label each edge with a con-
fidence score (the predicted probability) and potentially the
linguistic cue or context that supported it (for transparency).

One challenge is that multiple text mentions might refer
to the same real-world event. For example, an event “Apple
releases iPhone 13” might be mentioned in several news arti-
cles. We perform a simple coreference resolution at the event
level: if two event triggers refer to the same event (detected
via string matching of normalized names or co-reference
tools), we merge them into one node in the graph. We per-
form event-level coreference resolution using a two-stage
String-and-Time (S + T) matcher. First, candidate mentions
are normalized (lower-casing, Unicode-NFKC, removal of
stop punctuation and enterprise suffixes such as ‘Inc.” or
‘Ltd.”). We then apply (i) lexical similarity sim;., computed
as 1 - Levenshtein-distance / max(|a/|,|b|) and (ii) semantic
similarity simgem using Sentence-BERT embeddings with
cosine distance. Two mentions m 1, m, are merged if: sim;.y
> 0.85 OR (simjex > 0.70 AND simgep, > 0.80) and their
timestamps differ by < 24 h (to avoid conflating recurring
events). This heuristic retains high precision while covering
paraphrastic variants.” This prevents the graph from having
duplicate nodes. Entity linking techniques can also ground
events to knowledge base entries, but in our current imple-
mentation we mostly rely on string matching and temporal
alignment.

The resultant graph can be stored in a standard format
(e.g., as triples or an adjacency list). An excerpt of such a
graph might be: Node: el = “Company A launches product
X (Jan2024)” - Node: e2 = “Competitor B sales decline (Mar
2024)” - Edge: el — €2 (0.9 confidence). And so on.

While constructing the graph, we ensure transitivity is not
enforced by default (causality is not necessarily transitive in
a straightforward way, e.g. A causes B and B causes C does
not always mean A causes C directly, though it may imply an
indirect chain). However, for analysis, one can traverse the
graph to find indirect causal chains of length >1.

The utilization of the CKG-EIE for strategic decision-
making can take several forms:
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e Querying Causes/Effects: A strategist can query an
event node to retrieve its direct causes and effects. For
instance, given an outcome (e.g., a sudden drop in stock
price), the graph may reveal preceding innovation events
that likely caused it, aiding root cause analysis.

e Simulation: By treating the graph as a causal model,
users can simulate “what-if” scenarios. For example, if
a certain planned innovation (node) is removed, what
downstream events might not occur? Although our graph
is not a full causal Bayesian network, it can qualitatively
indicate possible consequences.

e Trend Analysis: Clusters of interconnected events can
be interpreted as emerging innovation trends or cas-
cades. Decision-makers can monitor these cascades (e.g.,
a series of causally linked AI adoption events across
firms) to anticipate where the industry is heading.

e Risk propagation: Negative events (like regulatory
crackdowns) often cause ripple effects; the graph can help
identify how a risk might propagate through the innova-
tion ecosystem, which is vital for risk management.

While a detailed implementation of these applications is
beyond the scope of this paper, the construction of the CKG-
EIE is a foundational step to enable them. In our evaluation,
we primarily focus on the accuracy of the graph construction
(i.e., correctly extracted events and causal links). Section 5
will, however, include a brief case study illustrating how the
graph can be queried for strategic insights.

In summary, our method produces a structured repre-
sentation of innovation events and their causal relations,
harnessing modern NLP (BERT, GCNs, etc.) to achieve high
accuracy. The next section describes the experimental setup
to validate the effectiveness of each component and the over-
all framework.

4 Experiments
4.1 Datasets

DEMAND Dataset(National Laboratory 2024): This is a
dataset from the Digital Economy Multilingual Analytics for
Innovation competition (DEMAND 2024), which focuses on
enterprise innovation event extraction and causality. It con-
sists of Chinese news articles about technology companies
and startups. Each article is annotated with innovation-
related events (in Chinese) and causal relations between
them (annotated by experts). The dataset contains 500 doc-
uments (train: 400, test: 100), with about 2,000 events and
1,200 annotated causal links. All Chinese sentences are fed
verbatim into a Chinese-BERT encoder; automatic English
translations (Microsoft Translator) are retained only for abla-
tion studies and manual error analysis and are never seen
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during supervised training. A typical causal pair is “Alibaba
launches a new Al chip” — “sparks investments in domestic
semiconductor firms”.

FinCausal 2020 Dataset (Mariko et al. 2020): FinCausal
is a publicly available dataset from a shared task on causal-
ity detection in financial documents. It contains sentences
from annual reports and financial news where the goal is to
detect cause-effect relations. We used the FinCausal data in
two ways: (1) As a source of additional training data for our
causality module (since it provides many examples of causal
statements, albeit not specifically innovation-related). (2) As
an evaluation of sentence-level cause-effect extraction. The
dataset has 5,000 sentence fragments annotated whether they
contain a cause-effect relation or not, and for those that do,
the cause and effect portions are marked. We converted these
into event pairs for our model (treating the annotated cause
and effect as two events). Because the corpus is entirely in
English, preprocessing relies exclusively on the WordPiece
tokenizer of BERT-base-uncased with no language-specific
customization. In our experiments, we report the precision,
recall, F1 of detecting the causal relation in this dataset.

Causal News Corpus (CNC) (Tan et al. 2022): The
Causal News Corpus is a dataset of news articles (in English)
annotated for event causality, released as part of the CASE-
2022 workshop shared task (Task 3) on event causality iden-
tification in news reports. It focuses on sociopolitical events
(e.g., protests, policy changes) and their causes/effects. We
include this dataset to test our model on general news and
to compare with recent models. Tokenization and encod-
ing mirror the FinCausal pipeline (BERT WordPiece only).
It contains 750 documents with 5,000 event mentions and
1,000 causal relations (the training set), plus a held-out test set
of similar size. Unlike FinCausal which is at sentence-level,
CNC has document-level annotations: an event in paragraph
2 could be marked as caused by an event in paragraph 1, etc.
This suits our graph approach. We used the official train-test
split provided by the shared task.

All datasets were preprocessed to a unified format. For
Chinese text (DEMAND), we used Jieba tokenizer and pre-
trained BERT base-Chinese model for encoding. For English
(FinCausal, CNC), we used BERT base-uncased model. We
lowercased and removed stopwords for some baseline meth-
ods (not for our neural model). We also normalized date
references (e.g., “Monday” to a standard date if possible) for
better temporal ordering. The gold annotations of causality
were used for supervision. In constructing graphs for evalua-
tion, we consider an extracted edge correct if it matches any
annotated causal pair (order matters).

4.2 Baseline Models

We compared our approach against ten baseline methods
from the literature and simple ablations:
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e Rule-based Patterns (RB) (Girju 2003): A pattern
matching baseline using causal cue phrases (e.g., “led
to”, “because”, “as a result”). If a sentence contained a
known cue connecting two clauses, we label those clauses
as cause and effect. This baseline has high precision but
low recall, especially for implicit causality.

e EventPair Classifier (MLP) (Xu 2023): A simple multi-
layer perceptron that takes as input the concatenation
of two event trigger embeddings (averaged word2vec
embeddings) and outputs causality score. This represents
a basic non-pretrained approach.

e Semisupervised (Do et al. 2011): The minimally super-
vised method by Do et al. which uses seed verbs and
bootstrapping. We reimplemented their approach: start-
ing with a small seed list of cause verbs, then iteratively
expanding using an EM-style algorithm on our data.

e ClearTK (Mirza 2014): A feature-based classifier using
the features described in Mirza - tense, aspect, polarity
of events, presence of connectives, etc. We used ClearTK
and 1ibSVM to train a model on our training sets.

e Bi-LSTM Seq (Kadowaki et al. 2019): A bidirectional
LSTM model similar to the one used by Kadowaki et al.
for event causality, but without their multiple annotator
or knowledge features. It encodes the sentence and uses
two attention vectors focusing on each candidate event,
then a feedforward layer for classification.

e Multi-CNN (Oh et al. 2017): The multi-column CNN
model of Kruengkrai et al. for why-question answer-
ing with causality attention. We adapt it to our data:
essentially, multiple convolution filters are applied on
the context of the event pair, and an attention mecha-
nism highlights causal segments. We used the authors’
published hyperparameters.

e BERT-EM (Koroteev 2021): A fine-tuned BERT model
for event causality identification. This baseline feeds the
two events marked in the input sequence to BERT and
adds a classification layer (similar to our model but with-
out GCN or external knowledge). It is akin to the model
used by the top teams in the 2021-2022 shared tasks (often
a RoBERTa or BERT finetune). We fine-tuned BERT on
each training set separately for up to 5 epochs.

e KnowDis (Zuo et al. 2020: The data augmentation
method by Zuo et al. which uses distant supervision
to create additional training examples. We simulate this
by augmenting training data with cause-effect pairs
extracted from external resources (e.g., causality from
Wikipedia sentences as in CausalNet). We then train a
BERT classifier on the augmented data. This tests if more
data helps.

e LSIN (Cao et al. 2021): The latent structure induction
network from Cao et al. , which models latent discourse
causality structure. We obtained their code and applied it

to our data. It uses a structured self-attention to induce a
latent graph. This is a strong recent model.

e HFEPA (Liu et al. 2024): The state-of-the-art model
by Liu et al. featuring Hierarchical Feature Extrac-
tion and Prompt-aware Attention. We include this as
a reference on the CNC dataset (since HFEPA was
evaluated on EventStoryLine and a Chinese corpus).
For our experiments, we consider a simplified version
using segment-level and event-level features without the
prompt (because prompt tuning would require careful
template engineering for each dataset).

Additionally, we include a baseline where we run our
Event Extraction + separate classifier without joint training
or GCN (essentially a variant of baseline 7 but using our
pipeline for extraction). This helps quantify the benefit of
our joint approach and graph integration.

4.3 Evaluation metrics

We evaluate the performance at two levels:

e Event Extraction: We measure Precision (P), Recall (R),
and Fl-score for identifying event triggers, compared
to gold annotations. An extracted event is correct if its
trigger span matches (or overlaps with) a gold trigger
referring to the same event.

e Causal Relation Identification: We use Precision,
Recall, and F1 for predicting cause-effect pairs. Here a
true positive is a directed pair (¢; — e;) that matches
a gold annotated causal relation. We count each distinct
cause-effect pair once. We also report the Precision@K
for the top K highest-confidence predictions to evaluate
how well the model ranks true causes above spurious
ones, which is relevant for decision-making (where one
may only act on the top few inferred causes or effects).

When evaluating the final knowledge graph, we look at
the quality of the edges: essentially the same as causal rela-
tion identification metrics on the graph edges. We also assess
graph-level metrics such as coverage (what percentage of
gold causal links are present in the graph) and connectiv-
ity (whether the graph is fragmented or well-connected). A
useful metric in causal graphs is the causal density, defined
as |C|/|E| (average out-degree of nodes). We compare the
causal density of our extracted graph to that of the gold graph
to ensure we are not hallucinating excessive causality.

For the FinCausal dataset (which is sentence-level classifi-
cation), we follow the official metric: accuracy of identifying
whether a sentence contains a causal relation, and F1 on the
positive class (causality). Our model outputs a positive if it
finds any event pair with probability > 0.5 in the sentence.
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4.4 Implementation details

Our model is implemented in PyTorch. We use the BertModel
from HuggingFace Transformers for encoding. The event
extraction BERT and the pair classification BERT are ini-
tialized from the same pretrained model but not weight-tied
during fine-tuning (though we experimented with tying and
found negligible difference). The GCN is a simple two-layer
GCN implemented using PyTorch Geometric. The hidden
size d = 768 throughout. The classifier on z; ; (7)is a single
linear layer if z is 768 (CLS) + 768 + 768 (two GCN outputs)
= 2304; we reduce dimensionality by a linear projection to
768 before the final sigmoid.

We train using Adam optimizer with learning rate 2 x 10>
for BERT parameters and 1 x 1073 for non-BERT param-
eters. Training epochs: 3 for event extraction alone, 3 for
causality alone, then 2 joint epochs (early stopping on dev set
F1). Batch size 16 for pair classification (32 for extraction).
For multi-document datasets (CNC), we restrict candidate
pairs to events within the same document for training to
reduce combinatorial explosion; at test time, we also consider
adjacent documents for possible cross-doc causality (though
none of the gold relations were cross-doc in our data).

For baselines, we either use authors’ code or implement
based on descriptions. All neural baselines use the same pre-
trained embeddings or language models where applicable to
ensure fairness.

5 Results
5.1 Main performance

Event Extraction: Our event extraction module achieved an
F1 of 0.81 on the DEMAND dataset (Precision 0.85, Recall
0.78), 0.89 F1 on the English CNC data (P 0.87, R 0.91),
and 0.95 F1 on the simpler FinCausal (which often had one
event per sentence). These high scores indicate that identi-
fying innovation events is feasible with high accuracy using
BERT. Baseline methods that do not use contextual language
models, like the rule-based or classical ML, had lower recall
(e.g., RB had Recall j 0.50 on CNC, missing events that
are not signaled by obvious verbs). The joint training with
causality helped improve Recall slightly (by 2 points on
DEMAND) as the model learned to be more liberal in tag-
ging events that could play a role in some causal relation.

Causal Relation Identification: Tables 1,2,3 reports the
precision, recall, F1 for causality identification on each
dataset, comparing our method to baselines.

Our proposed model (CKG-EIE) achieves the best F1
on all three datasets. On the DEMAND Chinese dataset,
CKG-EIE reaches 77.79 F1, outperforming the next best
(HFEPA-lite) by 2 points. We attribute this to the GCN mod-

@ Springer

Table 1 Results on DEMAND

Model Precision Recall F1
Rule-based Patterns 61.31 20.40 30.76
EventPair Classifier 48.54 33.58 38.45
Semisupervised 45.87 32.70 37.84
ClearTK 50.38 44.79 47.22
Bi-LSTM Seq 62.19 55.67 58.85
Multi-CNN 64.96 50.95 56.07
BERT-EM 72.47 68.83 70.10
KnowDis 75.47 66.52 70.21
LSIN 77.99 69.80 73.80
HFEPA 80.62 70.81 75.92
CKG-EIE (Ours) 83.56 72.15 77.79
Table 2 Results on FinCausal

Model Precision Recall F1
Rule-based Patterns 88.52 35.79 50.35
EventPair Classifier 60.54 45.25 46.58
Semisupervised 52.83 40.49 45.49
ClearTK 70.76 60.16 65.39
Bi-LSTM Seq 85.52 72.78 78.47
Multi-CNN 87.23 69.20 77.22
BERT-EM 93.53 87.26 90.68
KnowDis 94.12 88.03 91.32
LSIN 92.10 90.81 91.30
HFEPA 93.47 91.77 92.83
CKG-EIE (Ours) 96.17 91.41 94.37
Table 3 Results on causal news

Model Precision Recall F1
Rule-based Patterns 57.73 18.20 27.93
EventPair Classifier 44.68 30.58 35.12
Semisupervised 40.77 29.14 34.97
ClearTK 48.26 40.54 44.45
Bi-LSTM Seq 60.18 51.15 55.67
Multi-CNN 63.72 49.44 55.65
BERT-EM 74.93 70.99 72.06
KnowDis 75.63 72.01 73.84
LSIN 78.65 73.46 75.34
HFEPA 81.93 75.93 78.81
CKG-EIE (Ours) 85.61 78.36 81.60
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ule which helps when events are spread across sentences,
as is common in these news articles. On FinCausal, which
is a relatively easier dataset (most cause-effect are explic-
itly stated in one sentence), our model achieves 94.37 F1,
again highest; here many models do very well (since cues
are explicit), but our joint training likely helped capture a
few implicit cases (like cause without explicit connectives).
On the Causal News Corpus, our model yields 81.60 F1, sig-
nificantly higher than the classical baselines and about 3-6
points higher than strong neural baselines (which clustered
around 72-78 F1). This shows the benefit of our integrated
approach in a realistic setting of news articles with multiple
sentences.

Statistically, the improvements of CKG-EIE over the best
baseline (Cao2021 or HFEPA-lite) are significant (using
paired bootstrap test, p < 0.05) on CNC and DEMAND.
On FinCausal, the gap is smaller but still consistent.

In terms of precision, our model is particularly strong (e.g.,
83.56% on DEMAND, meaning the majority of extracted
causal links are correct). This is important for decision-
making applications where false positives could mislead
strategy. The baseline with highest precision was rule-based
(which rarely makes a claim without a clear marker) but its
recall was abysmal. Our model manages to maintain high
precision while also achieving high recall, thanks to the com-
bination of rich context encoding and careful thresholding
with the graph consistency check (suppressing dubious sym-
metric links, etc.).

Baseline comparisons: The rule-based approach (RB)
performs poorly except on precision. The feature-based clas-
sic method (Mirza2014 features) does reasonably (47-65 F1
range) but is handily beaten by neural approaches. The Bi-
LSTM and Multi-CNN from 2017 show the impact of deep
learning: they nearly match BERT on FinCausal, but lag on
the more complex multi-sentence cases (CNC), indicating
difficulty capturing long-range context without transformers.
BERT fine-tune (BERT-EM) is strong (72-90 F1), prov-
ing that pre-trained LMs capture a lot of causal semantics.
KnowDis data augmentation gave a slight boost over BERT
(especially recall +1-2), but also a bit more false positives, so
F1 improvement was marginal ( +1). Ca02021’s structured
self-attention is effective in finding latent structure, achiev-
ing over 0.75 F1 on CNC, second only to ours. HFEPA-lite,
even without the full prompt complexity, is very competitive
(75-78 F1 on CNC) given it explicitly targets event-level and
segment-level features with a custom architecture. On Chi-
nese (DEMAND), HFEPA-lite we used Chinese RoBERTa
with segment embeddings and got 75 F1, slightly below our
77-likely because our joint training on that dataset leveraged
some bilingual data.

Ablation - Impact of GCN and Joint Training: We per-
formed ablations on our model. Removing the GCN module
(i.e., not using (6) and just relying on h.s in (4)) drops F1

by about 3 points on DEMAND and 2 points on CNC. The
effect on FinCausal is negligible (since one-sentence cases
don’t benefit from graph context). This confirms that model-
ing interactions among events in a document (via the GCN)
helps in complex documents. Removing joint training (train-
ing extraction and causality separate) caused a slight drop in
event recall and about 1 point drop in causality F1 on average
- a modest benefit, indicating that while joint training helps,
the tasks can also be performed decoupled reasonably well.
We also tried replacing BERT with a smaller DistilBERT; F1
fell by 4 points on average, highlighting the importance of
a powerful encoder.

5.2 Knowledge graph evaluation and case study

Beyond pairwise metrics, we examined the overall knowl-
edge graph constructed for each dataset’s test set:

e On average, our graphs achieved about 85-90% of the
gold causal links (slightly less on DEMAND due to a few
missed cross-sentence links), and they included a handful
of extra predicted links not in gold. Many of those extra
were plausible upon manual review, showing that our
model sometimes inferred causality that annotators did
not mark (possibly due to annotation guidelines focusing
on explicit links).

e The causal density of our graphs was close to gold: for
CNC, gold causal density = 0.22 (each event had on aver-
age 0.22 causal outgoing links), our extracted graph had
0.20. For DEMAND, gold density 0.30, ours 0.27. This
indicates no over-generation of edges.

Graph connectivity: In CNC, the events form several
storylines. Our graph correctly connected many events into
causal chains. For instance, in one news article about a
protest, the graph linked events: “Government announces
policy X” — “Mass protests erupt” — “Police respond with
force” — “Public outrage increases”. This chain of four
events was correctly extracted by our model (matching gold).
In a couple of cases, our model added an edge like “Govern-
ment announces policy X” — “Public outrage increases”
skipping the intermediate, which while not gold annotated,
reflects a valid indirect cause; these were low-confidence
edges in our graph.

We present a brief case study from the DEMAND dataset
(translated from Chinese for illustration):

e Document about a tech startup:

— Event A: Startup ABC secures Series A funding of
SM.

— Event B: ABC accelerates development of Al plat-
form.
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— Event C: ABC’s Al platform outperforms competi-
tors in benchmarks.

— Event D: Venture capital interest in Al startups
increases.

Gold annotations indicated A causes B, B causes C, and
A (indirectly) leads to D (through industry trend). Our model
extracted:

A — B (with score 0.88) - correct.

B — C (0.90) - correct.

A — C (0.55) - not annotated (because A leads to C via

B, but our model picked up a weak direct link).

e A — D(0.70) - the model detected that the funding event
contributed to increased VC interest (makes sense as part
of trend).

e C— D (0.51) - alow score edge suggesting the success

(C) helped drive interest (D).

In the knowledge graph, we can see ABC’s funding and
accelerated development as root causes leading to their plat-
form success, which then influences broader investor interest.
For a strategist, this graph tells a story: investments lead to
accelerated innovation which yields competitive success and
market attention. Such insights align with business intuition,
and the graph formalizes them with evidence from text.

Error analysis: The most common errors in causality
extraction were:

e Missing subtle causality: e.g., model missed that “recruit-
ing anew CTO” led to “improved innovation pipeline” if
not explicitly stated, since it requires real-world knowl-
edge that a CTO can cause such an effect.

e Temporal confusions: occasionally, the model confused
chronological order with causation (though we attempted
to mitigate this). For example, it might link events that
happen sequentially but without a true causal link. This
happened in 10% of errors, often when two events
were reported together (e.g., “Company launches prod-
uct; stock price rises”, which is causal, vs “Company
holds annual meeting; later that day stock price rises”,
which might be coincidence).

e Co-referent events: if the same event was mentioned
twice in different ways, the model sometimes thought one
mention caused the other. We addressed this by merging
events, but our co-reference was not perfect.

Despite these, the overall precision remained high, so most
extracted edges were valid.

Comparing to baselines, our model’s errors were fewer in
cases of implicit causation. Baseline neural models tended
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to miss those entirely, while ours caught some. On the other
hand, when a baseline like BERT predicted a causal link, it
was usually correct; our model with GCN sometimes pro-
posed an extra link (like A— C above) that was plausible but
not annotated. Depending on use-case, that might be accept-
able or even useful as a hypothesis.

5.3 Application in strategic decision-making

While a full evaluation in a decision-making scenario is
beyond our scope, we illustrate how CKG-EIE can be
applied. We built a prototype interface where a user can query
the graph. For example, a user asks: “What caused the surge in
interestin Al startups in Q1 2024?” The system looks at event
nodes matching “surge ininterest in Al startups” (like event D
above) and finds its predecessors: the graph returns: Possible
causes: (1) “Startup ABC secures SM funding (Jan 2024)” -
confidence 70%; (2) “Startup XYZ acquired by BigTech (Feb
2024)” - confidence 65%. These were events from different
documents in the dataset that both led to the trend. This kind
of output can help an analyst piece together factors behind
a trend. It shows the utility of aggregating causality across
sources.

Another query: “If Company X delays 5G deployment,
what could happen?”” The system finds an event node “Com-
pany X delays 5G rollout” and looks at outgoing edges in
the graph: it might find effects like “Competitors gain mar-
ket share” (with probability) or “X’s customer satisfaction
drops”. These are not definitive predictions but plausible out-
comes distilled from how similar events played out elsewhere
in the data. Such information can assist strategic planning by
highlighting potential risks of an action.

These examples underscore that the CKG-EIE can serve
as a knowledge base for “what-if” analysis. Our evaluation
focused on the accuracy of constructing this base. Ensuring
the causal graph is correct is crucial - any application is only
as good as the data it relies on. Hence, our improvements in
extraction accuracy directly benefit the reliability of decision
support.

6 Conclusion

We presented a comprehensive framework for constructing
a causal knowledge graph of enterprise innovation events
and demonstrated its effectiveness on multiple datasets.
Our approach leverages state-of-the-art NLP models (BERT,
GCNs) and introduces a joint learning paradigm to extract
events and their causal relations with high accuracy. The
resulting knowledge graph encodes rich causal linkages
among innovation activities, which we argue is a valuable
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asset for strategic decision-making in the digital economy.
Our experiments showed that the proposed method outper-
forms numerous baselines, achieving new state-of-the-art
results in event causality extraction on both English and
Chinese corpora. Importantly, it maintains high precision,
making the extracted knowledge graph credible for use by
decision-makers. By applying our causal graph to exam-
ple scenarios, we illustrated how business strategists can
query the graph to uncover cause-effect chains behind mar-
ket trends or foresee consequences of strategic moves. This
aligns with the needs of modern enterprises that must make
decisions quickly based on insights distilled from mas-
sive, disparate data sources. However, accuracy declines on
low-resource or out-of-domain texts, and large-scale GCN
construction incurs non-trivial overhead; future work should
explore lightweight or incremental graph models to improve
scalability.

In conclusion, this work demonstrates that causal knowl-
edge graphs offer a promising approach to taming the
complexity of innovation ecosystems in the digital econ-
omy. By automatically extracting “which innovation caused
what”, we provide a structured lens for organizations to
understand the ripple effects of events. As the digital econ-
omy continues to produce rich data, tools like ours will be
instrumental in converting data into strategic knowledge.
We hope our contributions stimulate further research at the
intersection of NLP, knowledge graphs, and business strat-
egy, ultimately helping enterprises navigate the ever-evolving
landscape of innovation with greater foresight and con-
fidence. Despite the promising results, several limitations
remain. One challenge lies in accurately fusing multiple men-
tions of the same event across documents, which can affect
the completeness and consistency of the resulting causal
graphs. Moreover, deploying the proposed system in real-
world organizational settings introduces additional hurdles,
including domain adaptation, system robustness, and inte-
gration with enterprise workflows. For future work, we plan
to explore methods that integrate richer external knowledge
bases to enhance causal inference, such as domain-specific
ontologies or industry taxonomies. Extending our approach
to multilingual environments could broaden its applicability
to global innovation ecosystems. Additionally, incorporat-
ing adversarial training techniques may improve the system’s
resilience to noisy or ambiguous input data, making it more
robust in practical deployments.
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