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Abstract: This article presents a state-of-the-art system to extract and synthesize causal statements
from company reports into a directed causal graph. The extracted information is organized by
the relevance to different stakeholder groups’ benefits (customers, employees, investors, and the
community/environment). The presented method of synthesizing extracted data into a knowledge
graph comprises a framework that can be used for similar tasks in other domains, e.g. medical
information. The current work addresses the problem of finding, organizing, and synthesizing a
view of the cause-and-effect relationships based textual data, in order to inform and even prescribe
the best actions that may affect target business outcomes related to different stakeholders’ benefits
(customers, employees, investors, and the community/environment).

Keywords: Causality extraction, Organizational data, Stakeholder Taxonomy, Natural Language
Processing, NLP

1. Introduction

This article is motivated by the problem of extracting business knowledge from busi-
ness texts, such as technical articles and financial reports.

The business problem is illustrated by the estimate by the International Federation of
Accountants (IFAC), saying that the efforts of integrating various reporting data may have
cost the financial industry alone $780 billion annually [1]. Furthermore, in current climate,
not only do managerial accountants and analysts need to monitor and analyze financial
activities, but they also need to do so by making causal links to non-financial behaviors
and outcomes such as sustainability, corporate social responsibility (CSR), environmental,
social, and governance (ESG), and/or integrated reporting [2,3]. It is found by recent
accounting research that decision-makers heavily rely on the causes-and-effects insights
(e.g., materiality) underlying the accounting reporting to make financial and strategic
decisions [4]. While more financial and non-financial reporting is making more information
accessible about a company, it also creates an analytic paralysis for both internal decision-
makers and external analysts to make sense of the complex and often hidden causal links
among different KPIs (key performance indicators) and their drivers.

This article addresses the above business need by providing a framework, in which a
collection of documents could be translated in to a knowledge graph representing causal
relations expressed in the texts. Such a Text-to-Knowledge Graph tool will allow, for the
timely synthesis of fragmented knowledge within and across reporting documents. Within
enterprise performance management, this tool will assist human managers, auditors, ac-
countants, and analysts to automatically detect, extract, and deconstruct causal propositions
within and across company reports and then sort and visually connect the extracted causes
and effects into a knowledge graph, which is a visual representation of variables (“entities")
and their relationships (“links").
Contributions in this article
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The article describes a prototype of the proposed framework, Text2CausalGraph, and
evaluates its performance. Our specific contributions include the following:

• We created a new annotated dataset of causes-and-effect relationships and performance
term classifications based on the S&P Financial Company 10-K reports.

• We created a pipeline to automatically read a text document and process it to create a
knowledge graph.

• We compared the extracted causalities against a domain taxonomy and classify the
extracted causalities.

• We have developed a novel approach to bridge machine reading with domain expertise
(e.g., a pre-built taxonomy from domain experts)

• The presented architecture can be used as a framework for extracting causal informa-
tion in other domains, for example in medical texts.

2. Related Work

Causality extraction is the process of extracting the cause and effect from a sentence.
In the past few years, much work on causality extraction has been done, but still it remains
a challenging task. A survey on the extraction of causal relations from text [5] categorizes
the existing methodologies into knowledge-based, statistical-machine-learning-based, and deep–
learning-based methodologies. We briefly show the diversity of these approaches below.

Earlier works in this area of causality extraction were using rules and linguistic features
to extract cause/effect tuples [6], [7], [8]. Machine learning models can also be used to
extract the causality from the text. Linguistic features, verb-pair rules, etc., as well as
discourse features can be used to train the classifiers such as Naive Bayes and Support
Vector machines [9,10]. In recent times deep learning-based models have been used for
extracting the causalities from the text [11],[12],[13].

The causalities can be extracted in sentence level (intra-sentence) [14], [15], [16], [17],
or it can also be extracted across the sentences (inter-sentence) [18], [19], [20]. A model
can classify a sentence as causal based on the presence of an explicit connective (explicit
causality) [21], [11], [13]. In the absence of causal connectives, semantic information can be
used to find the causalities (which is called implicit causality) [22], [23].

A recent work on causality extraction [12] extends the SemEval 2010 Task 8 dataset by
adding more data and uses BILSTM-CRF with Flair embeddings [24] to extract cause/effect
relationships. A similar work [25] uses CNN on the SemEval-2010 Task 8 dataset [26],
Causal-TimeBank dataset [27], and Event StoryLine dataset [28], whereas [29] uses a Re-
cursive Neural Tensor Network (RNTN) model [30]. Some of the works consider causality
extraction as a span extraction or sequence labeling task [31]. CausalizeR [32] is a similar
work that extracts the causal relationships from literature based on grammatical rules.

Finally, the emergence of large language models creates a new environment for ex-
tracting causality-related information. Some models such as GPT-3 may exhibit subpar
performance (as shown in the Appendix B) to this article. On the other hand, GPT-4 has
potential to outperform existing methods [33]. (At the time of this writing we do not have
access to GPT4).

3. Data

We have collected and manually annotated the 2020 SEC 10-K Documents of 65 S&P
Financial Companies. Five graduate students trained in business analytics, business admin-
istration, and/or economics were hired to manually annotate the causal insights from the
documents based on a predefined dictionary of causal trigger words. At least two students
carefully read each sentence with trigger words to ensure it describes a cause-and-effect
relationship. Together, we have identified and manually annotated 2234 sentences that are
causal in nature. For each of the identified causal sentences, the cause/effect relationship
will be marked using the tags. Five graduate students manually annotated causes, triggers,
and outcomes. After one round of discussions to resolve disagreements there was a 100%
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inter-rater agreement.1 An example sentence is given below:

<causal-relation> When a <cause> policyholder or insured gets sick or
hurt </cause>, the Company <trigger> pays </trigger> <outcome>
cash benefits fairly and promptly for eligible claims </outcome>
</causal-relation>.

Each of the identified causal relationships was mapped into two-level hierarchical
taxonomy representing different stakeholder aspects of business performance indicators.
Below is the stakeholder taxonomy we developed for representing business performance
indicators.

Level 1 Level 2 Level 2 description
Performance (P) Investors (INV) The economic or financial outcome of the firm, which benefits investors,

shareholders, debtholders, or financers.
Customers (CUS) The value and utility of products/services the firm creates for and deliv-

ers to customers, clients, or users.
Employees (EMP) The benefits and welfare employees (workers and managers) receive

from an organization.
Society (SOC) An organization’s efforts and impacts on addressing community, envi-

ronmental, and general public concerns.
Unclassified

Non-performance (NP) Sentences which doesn’t come under the performance category.

Table 1. Stakeholder Taxonomy which we use to classify the extracted causal statements. The causal
statements extracted (Section 4.3) will be classified using the machine learning model (Section 4.4)
into any one of the categories.

4. Methodology

The prototype, named Text2CausalGraph (meaning finding causal insights and con-
verting them to a knowledge graph), comprises a series of machine learning modules to
automatically detect, extract, label, and synthesize the causal insights from unstructured
text in company reports.

The overall architecture is given in Figure 1. The system’s operation includes four
steps. Given a text document, the first step is to classify whether the given sentence is
causal or not. From the list of the classified causal sentences, cause/effect will be extracted,
and then the extracted causalities will be classified based on a stakeholder taxonomy. The
final step is to visualize the classified taxonomy results (work in progress, and not reported
in this article). In this pipeline, all the models are fine-tuned on manually annotated gold
data, using transformer-based deep learning models.

1 However, the 100% agreement does not imply complete consistency, e.g. some phrases included the determiner
’the’ in some sentences but omitted them in others.
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Figure 1. An architecture diagram showing the extraction and classification of causal statements from
the S&P financial companies. The method consists of four main steps: causal sentence classification,
causality extraction, classification of causalities based on stakeholder taxonomy, and construction of a
knowledge graph. For this pipeline, the input is a set of text documents, and the output a knowledge
graph showing the relations of cause and effect.

The following subsections explain the modules we have developed and the model’s
performance. The steps we follow in this process are given in Algorithm 1. The performance
results, documented in Section 4.3, are based on splitting the manually-annotated data into
training and testing portions.

Algorithm 1 Text to Knowledge Graph. The sample output of Algorithm 1 is shown in
Fig. 2

Input: Organizational data: a set of annual reports of Standard & Poor Financial com-
panies documents in textual format .
Model: a pipeline to process unstructured text into a knowledge graph.

Output: KG — A knowledge graph based on the stakeholder taxonomy from the causalities.

1: for each of the test documents in pdf form uploaded by the user. do
2: Extract the text from the pdf document.
3: Classify whether a sentence is causal or not using a transformer-based deep learning

model.
4: Extract the causalities from the classified causal sentences.
5: Classify the extracted causalities based on the stakeholder taxonomy.
6: Construct the Knowledge graph KG
7: end for
8: return KG

4.1. Data Preparation and Preprocessing

As an initial step, 62 reports for the year 2019 from the 10-K annual report documents
of Standard & Poor (S&P 500) Financial Companies were retrieved from the Securities
and Exchange Commission (SEC) website. On the SEC website, the data will be in Inline
(eXtensible Business Reporting Language) XBRL format (IXBRL) format. We extracted
this text in JSON format without filtering using Trafilatura [34], a Python package, and
cleaned them using the NLTK package [35]. From this extracted and cleaned text, the causal
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sentences are identified using the causal trigger words. The set of the causal trigger words
we used for this task is given in Appendix A, which are adopted from [36]. If the trigger
word is present in a sentence, it will be marked as a possible causal sentence using tags
<causal-relation>.A JSON dataset with possible causal sentences marked was given to
a set of graduate students to read the sentence and mark which part of the sentence is
cause/effect/outcome. They were marked using the tags as given in Example 1.

The next step was to convert the annotated tags into the BIO label format. Whenever
there is a cause tag, the beginning of that tag would be marked as the “B-C“ beginning of
the cause, and the rest of the cause was marked as “I-C“ inside the cause. Similarly, the
beginning of the effect would be marked as “B-E, “the rest of the effect as “I-E, “ and the
beginning of a causal trigger would be marked as “B-CT“, the rest of the causal trigger as
“I-CT“. The rest of the words which were not cause/effect/trigger were be marked with “O“
to indicate outside (i.e., not a label of interest). From the annotated tags, BIO labels were
marked using regular expressions. The data in BIO label format was simplified into the IO
label format, which improved the consistency of annotations.

4.2. Machine learning for automatic causal sentence detection and extraction

BERT [37] for sequence classification was fine-tuned on our dataset. As the training
data, we labeled all the manually annotated causal sentences as causal. We randomly
selected an equal amount of tweet data for the negative samples and shuffled both of them.
Our data have an equal number of positive and negative samples. The obtained data was
divided into train and test data. On the test data, the system obtained the F1 score of
87.65%.

4.3. Machine learning for automatic causality extraction

BERT is a state-of-the-art performing model for many NLP tasks, including Named
Entity Recognition (NER). We used SpanBERT and DistilBERT models, adapted for token
classification for causality extraction. Based on an 80% training set and 20% test set from
the manually-annotated gold data, the performance of the SpanBERT model has the macro
average F1-score of 0.89, the macro average precision of 0.87, and the macro average recall
of 0.91 and DistilBERT has an average F1-score of 0.86, macro average precision of 0.81, and
a macro average recall of 0.91.

P(Span) R(Span) F1(Span) P(Distil) R(Distil) F1(Distil)
Cause 0.82 0.86 0.84 0.78 0.93 0.85
Causal trigger 0.93 0.97 0.95 0.77 0.86 0.81
Effect 0.86 0.90 0.88 0.88 0.94 0.91

Table 2. Summary of SpanBERT and DistilBERT’s performance on the ORGanizational data for the
Causality Extraction task (CE-ORG). Each token in the text is assigned a cause (C), effect (E), and
Causal Trigger (CT) label. The results given above are obtained by splitting the manually annotated
gold data into train and test partitions where the training partition is used to fine-tune BERT.

During the error analysis, we identified that in most places, stopwords are annotated as
“O“ and predicted as cause/effect or vice versa. In order to avoid this, as a post-processing
step, we removed stop words from the list of tokens. We used the list of NLTK stopwords
excluding negations. The results after removing the stop words are summarized in Table 3
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P(Span) R(Span) F1(Span) P(Distil) R(Distil) F1(Distil)
Cause 0.83 0.88 0.85 0.79 0.87 0.83
Causal trigger 0.93 0.97 0.95 0.91 0.93 0.92
Effect 0.87 0.91 0.89 0.80 0.94 0.86

Table 3. Summary of the results of causality extraction after removing the stopwords from the list of
the tokens. Here we use a set of common English stopwords that crucially omits negation tokens (ex.
not) from the ignored set.

From the DistilBERT’s performance after removing stopwords by comparing Table 2
and Table 3, we can understand that for the cause and effect, the F1-score is reduced if
we remove the stop words, but for the causal triggers the F1-score increased from 0.81 to
0.92. SpanBERT’s performance on the cause and effect slightly increases after removing the
stopwords.

We also tried using the BERT-large model for the same causality extraction task. BERT-
large got the macro average F1-score of 0.83, the macro precision of 0.78, and the macro
recall of 0.90, which is lower than the DistilBERT and SpanBERT’s performance.

Finally, we note that when using the BIO-label format to include the beginning and
the inside tags for cause, effect, and trigger, we got a macro average F1-score of 0.60, an
accuracy of 0.73, macro average precision of 0.73, and a macro average recall of 0.60 using
DistilBERT. The results of running DistilBERT, SpanBERT, and BERT-large on our dataset
are summarized in Table A1 in the Appendix.

4.4. Machine learning for automatic labeling of stakeholder taxonomy

We used the logistic regression model based on the performance in our prior exper-
iments with similar data. Based on an 80% training set and 20% test set, with five-fold
validation, the performance for the selected model has the average macro F1-score of 0.78,
the accuracy of 0.89, the macro average precision of 0.76, and the average macro recall of
0.79 for Level 1. For Level 2, we got the macro average F1-score of 0.45, the accuracy of 0.88,
the macro average precision of 0.47, and the macro average recall of 0.44.

Precision Recall F1-Score Support
Business Performance 0.58 0.65 0.62 12532
Business Non-performance 0.94 0.93 0.94 1976

Table 4. Performance of logistic regression model on Level 1 labels of the stakeholder taxonomy. The
results summarized in this table are based on splitting the manually annotated data into train, test,
and train a logistic regression model.

Precision Recall F1-Score Support
Customer 0.11 0.06 0.08 31
Employee 0.61 0.52 0.56 204
Investor 0.56 0.70 0.62 1013
Society 0.22 0.11 0.15 35
Unclassified 0.36 0.32 0.34 693
Business Non-performance 0.94 0.93 0.94 12532

Table 5. Performance of classification model on Level 2 labels of the stakeholder taxonomy. The
results summarized in this table are based on splitting the manually annotated data into train, test, and
train a machine learning model. In the manually annotated data, many of them are Non-performance
labels, and we got a higher F1 score in that category.

From Table 1 and Table 5 we can understand that this is unbalanced data which is the
reason for the poor performance of the logistic regression model on certain labels. (We are
working on increasing the size of the dataset to have a balanced dataset). We also tried
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running BERT. However, the results were low compared to using logistic regression: the
average F1-score of 0.65 on Level 1 labels, and 0.28 on Level 2 labels.

4.5. Visualizing the output

The output of the process described in Section 4.4 is a table with the following infor-
mation: a full sentence that is causal, cause/effect phrase, classification of cause/effect
into Level1 and Level2 stakeholder taxonomy as given in Table 1. From this table, we
can understand the relationships between the causes and the effects. This table can be
converted into a directed graph or a knowledge graph. This is can be to visualized as
the relationship between the causes, the effect and the labels in the taxonomy. A sample
visualization for a sentence is given in Figure 2.

Figure 2. Knowledge graph for a sample sentence. Here the cause (policyholder or insured gets sick
or hurt) is a non-performance label. The trigger word "pays" triggers an effect (cash benefits fairly
and promptly for eligible claims). The effect is a performance label, and it can be further categorized
into a customer at level 1 stakeholder taxonomy.

5. Error Analysis

We performed an error analysis on the DistilBERT model’s predictions on the test data.
Below are some example errors from our predictions. In Example1, cause is predicted

as effect; in Example 2, effect predicted as cause; and in Example 3, DistilBERT predicts CT
wrongly and SpanBERT predicts CT correctly (an example of a pattern where DistilBERT
performs poorly for causal triggers compared to SpanBERT).

Example 1.

Input text: Over time, certain sectors of the financial services industry have become
more concentrated as institutions involved in a broad range of financial services have
been acquired by or merged into other firms. These developments could result in the
Company’s competitors gaining greater capital and other resources, such as a broader
range of products and services and geographic diversity. The Company may experience
pricing pressures as a result of these factors and as some of its competitors seek to increase
market share by reducing prices or paying higher rates of interest on deposits.

Step 1 (extracting causal sentences using BERT) produces:
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The Company may experience pricing pressures as a result of these factors and as some of
its competitors seek to increase market share by reducing prices or paying higher rates of
interest on deposits.

Step 2: Extract causalities (which part of the sentence is cause/effect in the
classified causal sentence in Step 1, above)

Gold data:

O E E E E E CT CT CT O O C O O O O O C C C C C C C C C C C C C C C C
C

Prediction:

E E E E E E CT CT CT O O C O O E E C E E E E E E E E E E E E E E E E

Example 2.

Input text: In times of market stress, unanticipated market movements, or unanticipated
claims experience resulting from greater than expected morbidity, mortality, longevity, or
persistency, the effectiveness of the Company’s risk management strategies may be limited,
resulting in losses to the Company. Under difficult or less liquid market conditions, the
Company’s risk management strategies may be ineffective or more difficult or expensive
to execute because other market participants may be using the same or similar strategies
to manage risk.

Step 1: Classify whether a sentence is causal or not using the transformer-based
model (BERT):

Under difficult or less liquid market conditions, the Company’s risk management strate-
gies may be ineffective or more difficult or expensive to execute because other market
participants may be using the same or similar strategies to manage risk.

Step 2: Extract causalities, i.e. which part of the sentence is cause/effect in the
classified causal sentence in Step 1.

Gold data:

O O O O O O O C C C C C C C C C C C C C C C C CT E E E E E E E E E E
E E E E Prediction:

O C C C C E E E E E E E E E E E E E E E E E E CT C C C C C C C C C C
C C C C

Example 3.

Input text: If the contractual counterparty made a claim against the receivership (or
conservatorship) for breach of contract, the amount paid to the counterparty would depend
upon, among other factors, the receivership (or conservatorship) assets available to pay
the claim and the priority of the claim relative to others. In addition, the FDIC may
enforce most contracts entered into by the insolvent institution, notwithstanding any
provision that would terminate, cause a default, accelerate, or give other rights under the
contract solely because of the insolvency, the appointment of the receiver (or conservator),
or the exercise of rights or powers by the receiver (or conservator).

Step 1: The causal label is produced using the transformer-based model (BERT):
In addition, the FDIC may enforce most contracts entered into by the insolvent institution,
notwithstanding any provision that would terminate, cause a default accelerate, or give
other rights.

Step 2: Extract causalities (which part of the sentence is cause/effect in the
classified causal sentence in step 1)

Gold data:

O O C C C C C C C C C C C C C C C C C C CT O E E E E E E

Prediction - DistilBERT:
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O O O E O C C C C C C C C C C C C C C C C C E E E E E E

Prediction - SpanBERT:

O O C C C C C C C C C C C C C C C C C C CT E E E E E E E

Overall,out of a total of 29674 tokens, 38% was E, 38% was of type C, 6% CT, and the
rest of them were O. Based on the error analysis results, 5% of E predicted as C, 1% of E
predicted as O, 11% of C predicted as E, 3% of C predicted as O, 2% of CT predicted as E, 3%
of CT predicted as O. Less than 1% of E predicted as CT, C predicted as CT, CT predicted as C.

6. Conclusion

In this article we presented a framework for extracting a causal knowledge graph from
text documents. Secondly we described a prototype, Text2Graph, applying this framework
to organizational performance and financial data which we curated as part of the project.
We also showed how to integrate extracted causalities into a a stakeholders taxonomy.

The results show the feasibility of causal information extraction and the conversion
of this information into a potentially actionable knowledge graph. This is the first step in
addressing the needs of business analysts by integrating information from multiple textual
sources into a single knowledge model.
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Appendix A

Appendix A.1

The results of the causality extraction in Bio label format are summarized below. Here
in most cases, the model cannot differentiate between the B-C/B-E and I-C/I-E.

Precision Recall F1-Score
Beginning of effect 0.67 0.06 0.10
Beginning of cause 0.68 0.27 0.39
Inside of cause 0.76 0.83 0.79
Inside of causal trigger 0.76 0.95 0.84
Inside of effect 0.72 0.94 0.82
Beginning of causal trigger 0.89 0.85 0.87

Table A1. Summary of DistilBERT’s performance on causality extraction task. Each token in the text
is assigned a BIO label. The results given above are obtained by splitting the manually annotated
gold data into train and test partitions where the training partition is used to fine-tune BERT.

Appendix A.2

Precision Recall F1-Score
Beginning of effect 0.62 0.63 0.62
Beginning of cause 0.56 0.59 0.57
Inside of cause 0.78 0.87 0.83
Inside of causal trigger 0.94 0.96 0.95
Inside of effect 0.84 0.90 0.87
Beginning of causal trigger 0.94 0.96 0.95

Table A2. Summary of SpanBERT’s performance on causality extraction task. Each token in the text
is assigned a BIO label. The results given above are obtained by splitting the manually annotated
gold data into train and test partitions where the training partition is used to fine-tune BERT.

Appendix A.3

Precision Recall F1-Score
Beginning of effect 1.00 0.00 0.00
Beginning of cause 0.83 0.02 0.04
Inside of cause 0.70 0.87 0.77
Inside of causal trigger 0.63 0.70 0.66
Inside of effect 0.71 0.91 0.80
Beginning of causal trigger 0.74 0.67 0.70

Table A3. Summary of BERT-large performance on causality extraction task. Each token in the text is
assigned a BIO label. The results given above are obtained by splitting the manually annotated gold
data into train and test partitions where the training partition is used to fine-tune BERT.

Appendix B

In recent times, prompting large language models has given state-of-the-art performing
results for many NLP tasks [38,39]. We tried a few-shot prompting of GPT3 on a sample of
100 sentences from our dataset. The model’s results are summarized in Table A4. At the
time of running these experiments, we don’t have access to GPT4.
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Precision Recall F1-Score
Cause 0.49 0.28 0.36
Causal trigger 0.05 0.05 0.05
Effect 0.47 0.38 0.42

Table A4. Few-shot prompting of GPT3 on the organizational causality extraction dataset. This result
is on the sample 100 sentences from the dataset.

Precision Recall F1-Score
Non-Performance 0.72 0.80 0.76
Performance 0.12 0.08 0.10

Table A5. Few-shot prompting of GPT3 on the Level1 labels of the stakeholder taxonomy . This result
is on the sample 100 sentences from the dataset.
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