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CAUSAL KNOWLEDGE IDENTIFICATION
AND EXTRACTION

BACKGROUND

[0001] The present embodiments relate to a system, a
computer program product, and a computer-implemented
method for leveraging of an artificial intelligence (Al) model
to 1dentily cause-eflect pairs and/or extract causal knowl-
edge from a corpus, particularly i an unsupervised or
substantially unsupervised manner.

[0002] The development of databases containing a high-
quality collection of cause-eflect pairs has many potential
benelfits and applications. Such collection can be further
processed for various ends, can be represented as a causal
knowledge graph, and can be used as mput for decision
support or predictive analytics, particularly in Al systems.
Assembling collections of cause-eflect pairs 1nvolves
extracting causal knowledge from natural language descrip-
tions of such knowledge 1n text documents and corpuses.
Such extraction presents a challenging problem with a wide
range ol application 1n Al systems. A major problem in
applying state-of-the-art supervised knowledge extraction
methods 1s the need for a large manually annotated corpus.
The manual annotation of corpuses i1s not feasible for
large-scale generic causal knowledge extraction.

[0003] It would be a significant advancement in the tech-
nological error to develop a system, a computer program
product, and a computer-implemented method that can out-
put a high-quality collection of cause-eflect pairs. In par-
ticularly exemplary embodiments, the system, computer
program product, and computer-implemented method are
operable 1n a substantially or completely unsupervised man-
ner.

SUMMARY

[0004] The embodiments include a system, a computer
program product, and a method for leveraging of an artificial
intelligence (Al) model to extracting causal knowledge from
a corpus and/or identifying cause-eflect pairs. This Sum-
mary 1s provided to introduce a selection of representative
concepts 1 a sumplified form that are further described
below 1n the Detailed Description. This Summary 1s not
intended to 1dentily key features or essential features of the
claimed subject matter, nor 1s it intended to be used 1n any
way that would limit the scope of the claimed subject matter.

[0005] In one aspect, a computer system 1s provided with
a processor operatively coupled to memory, and an artificial
intelligence (Al) platform in communication with the pro-
cessor and the memory. The Al platform includes a sentence
assembler, an Al model, and a director. The sentence assem-
bler 1s configured to access candidate text and a candidate
pair of first and second phrases, and to substitute the first and
second phrases of the candidate pair into a plurality of
cause-cllect patterns to generate a plurality of variant sen-
tences 1ncluding the first and second phases. The Al model
1s configured to determine respective probabilities that the
variant sentences are inferred from the candidate text, cal-
culate a statistical measure of the respective probabilities,
and assess the calculated statistical measure to ascertain
whether the first and second phrases possess a causal rela-
tionship or non-causal relationship to one another. The
director 1s configured to populate a knowledge base with the
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candidate text including the first and second phrases pos-
sessing the causal relationship.

[0006] In another aspect, a computer system 1s provided
with a processor operatively coupled to memory, and an
artificial itelligence (Al) platform 1n communication with
the processor and the memory. The Al platform includes a
natural language processing (NLP) model, an AI model, and
a director. The NLP model i1s configured to generate a natural
language (NL) question using a {irst phrase representing a
cause or an eflect. The Al model 1s configured to extract one
or more candidate second phrases from candidate text,
determine respective probabilities that the one or more
candidate second phrases answer the NL question, and
selected the candidate second phrase having the highest
probabilities as possessing a causal relationship with the first
phrase. The director 1s configured to populate a knowledge
base with the first and selected second phrases.

[0007] In still another aspect, a computer program product
1s provided. The computer program product includes a
computer readable storage medium having program code
embodied therewith. The program code 1s executable by a
processor to access candidate text, extract a candidate pair of
first and second phrases from the candidate text, and sub-
stitute the first and second phrases of the candidate pair into
a plurality of cause-ellect patterns to generate a plurality of
variant sentences including the first and second phrases. The
program code 1s further executable by the processor to
determine respective probabilities that the variant sentences
are inferred from the candidate text, calculate a statistical
measure of the respective probabilities, assess the calculated
statistical measure to ascertain whether the first and second
phrases possess a causal relationship or non-causal relation-
ship to one another, and populate a knowledge base with the
candidate text including the first and second phrases pos-
sessing the causal relationship.

[0008] In a further aspect, a computer-implemented
method 1s provided. Candidate text and a candidate pair of
first and second phrases are accessed. The first and second
phrases are substituted into a plurality of cause-efiect pat-
terns to generate a plurality of variant sentences including
the first and second phrases. An artificial intelligence model
1s leveraged to determine respective probabilities that the
variant sentences are inferred from the candidate text, cal-
culate a statistical measure of the respective probabilities,
and assess the calculated statistical measure to ascertain
whether the first and second phrases possess a causal rela-
tionship or non-causal relationship to one another. A knowl-
edge base 1s populated with the candidate text including the
first and second phrases possessing the causal relationship.

[0009] In a still further aspect, a computer-implemented
method 1s provided. A natural language processing model 1s
used to generate a natural language (NL) question using a
first phrase representing a cause or ellect. An artificial
intelligence (Al) model 1s leveraged. The leveraging of the
Al model includes extracting one or more candidate second
phrases from candidate text, determining respective prob-
abilities that the one or more candidate second phrases
answer the NL question, and selecting the candidate second
phrase having the highest probability as possessing a causal
relationship with the first phrase. A knowledge base 1s
populated with the first and selected second phrases.

[0010] These and other features and advantages will
become apparent from the following detailed description of
the exemplary embodiment(s), taken 1n conjunction with the
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accompanying drawings, which describe and 1llustrate vari-
ous systems, sub-systems, devices, apparatus, models, pro-
cesses, and methods of additional aspects.

BRIEF DESCRIPTION OF THE SEVERAL
VIEWS OF THE DRAWINGS

[0011] The drawings referenced herein form a part of the
specification, and are incorporated herein by reference.
Features shown 1n the drawings are meant as illustrative of
only some embodiments, and not of all embodiments, unless
otherwise explicitly indicated.

[0012] FIG. 1 illustrates a schematic diagram of a com-
puter system to support and enable identification and veri-
fication of causal pairs, as well as creation and/or augmen-
tation of a knowledge base.

[0013] FIG. 2 illustrates a block diagram depicting the Al
platform tools, as shown and described 1n FIG. 1, and their
associated application program interfaces (APIs).

[0014] FIGS. 3A and 3B collectively illustrate a flow chart

for ascertaining whether candidate phrase pairs possess a
causal relationship or non-causal relationship according to
an exemplary embodiment.

[0015] FIGS. 4A and 4B collectively illustrate a flow chart
for matching a candidate cause or eflect phrase with a
corresponding eflect or cause, respectively.

[0016] FIGS. SA and 5B collectively illustrate a flow chart
for determining whether candidate sentences extracted from
a corpus of text includes a causal relationship.

[0017] FIG. 6 illustrates a block diagram depicting an
example of a computer system/server of a cloud based
support system, to implement the system and processes
described above with respect to FIGS. 1-5B.

[0018] FIG. 7 illustrates a block diagram depicting a cloud
computer environment.

[0019] FIG. 8 illustrates a block diagram depicting a set of
functional abstraction model layers provided by the cloud
computing environment.

DETAILED DESCRIPTION

[0020] It will be readily understood that the components of
the exemplary embodiments, as generally described and
illustrated 1n the Figures herein, may be arranged and
designed 1n a wide variety of different configurations. Thus,
the following detailed description of the embodiments of the
system, the computer program product, and the method and
other aspect described herein, as presented in this descrip-
tion and the accompanying Figures, 1s not intended to limit
the scope of the embodiments, as claimed, but 1s merely
representative of selected embodiments.

[0021] Reference throughout this specification to “a select
embodiment,” “one embodiment,” or “an embodiment”
means that a particular feature, structure, or characteristic
described 1in connection with the embodiment is included 1n
at least one embodiment. Thus, appearances of the phrases

4

- B Y

a select embodiment,” “in one embodiment,” or “in an
embodiment” 1n various places throughout this specification
are not necessarily referring to the same embodiment. It
should be understood that the various embodiments may be
combined with one another and that embodiments may be
used to modily one another.

[0022] The 1llustrated embodiments will be best under-
stood by reference to the drawings, wherein like parts are
designated by like numerals throughout. The following
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description 1s mtended only by way of example, and simply
illustrates certain selected embodiments of devices, systems,
and processes that are consistent with the embodiments as
claimed herein.

[0023] Referring to FIG. 1, a schematic diagram of a
platform computing system (100) 1s depicted. In an exem-
plary embodiment, the system (100) includes or incorporates
an artificial intelligence (Al) platform (150). As shown, a
server (110) 1s provided 1in communication with a plurality
of computing devices (180), (182), (184), (186), (188), and
(190) across a network connection (105). The server (110) 1s
configured with a processing unit (also referred to herein as
a processor) (112) i communication with memory (116)
across a bus (114). The server (110) 1s shown with the Al
platform (150) for cognitive computing, including natural
language processing (NLP) and machine learning (ML),
over the network (105) from one or more of the computing
devices (180), (182), (184), (186), (188), and (190). More
specifically, the computing devices (180), (182), (184),
(186), (188), and (190) communicate with each other and
with other devices or components via one or more wired
and/or wireless data communication links, where each com-
munication link may comprise one or more of wires, routers,
switches, transmitters, receivers, or the like. In this net-
worked arrangement, the server (110) and the network
connection (105) enable communication detection, recogni-
tion, and resolution. Other embodiments of the server (110)
may be used with components, systems, sub-systems, and/or
devices other than those that are depicted herein.

[0024] The Al platform (150) 1s shown herein configured
with tools to distinguish causal relationships from non-
causal relationships and populate a knowledge base with the
causal relationships. The tools include, but are not limited to,
a sentence assembler (152), an Al model (154), which 1n an
exemplary embodiment comprises a machine learning
model (MLM), a natural language processing (NLP) model
(156), and a director (158). Although FIG. 1 shows each of
the tools (152), (154), (156), and (158) as part of the Al
platiorm (150), 1t should be understood that 1n an embodi-
ment any one or combination of the tools (152), (154), (156),
and (158) 1s/are not necessarily part of the Al platform (150)
or Al operated. In exemplary embodiments, the sentence
assembler (152) 1s non-Al, 1.e., the sentence assembler (152)
functions are carried out without the use of artificial intel-
ligence. In exemplary embodiments, the Al platform (150)
can operate unsupervised or substantially unsupervised.

[0025] Artificial Intelligence (Al) relates to the field of
computer science directed at computers and computer
behavior as related to humans. Al refers to the intelligence
when machines, based on information, are able to make
decisions, which maximizes the chance of success 1n a given
topic. More specifically, Al 1s able to learn from a dataset to
solve problems and provide relevant recommendations. For
example, in the field of Al computer systems, natural
language systems (such as the IBM Watson® artificially
intelligent computer system or other natural language inter-
rogatory answering systems) process natural language based
on system-acquired knowledge. To process natural lan-
guage, the system may be trained with data derived from a
database or corpus of knowledge, but the resulting outcome
can be incorrect or 1naccurate for a variety of reasons.

[0026] Machine learning (ML), which 1s a subset of Al,
utilizes algorithms to learn from data and create foresights
based on this data. Al refers to the ntelligence when
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machines, based on information, are able to make decisions,
which maximizes the chance of success 1n a given topic.
More specifically, Al 1s able to learn from a dataset to solve
problems and provide relevant recommendations. Cognitive
computing 1s a mixture ol computer science and cognitive
science. Cognitive computing utilizes self-teaching algo-
rithms that use minimum data, visual recognition, and
natural language processing to solve problems and optimize
human processes.

[0027] At the core of Al and associated reasoning lies the
concept of similarity. The process of understanding natural
language and objects requires reasoning from a relational
perspective that can be challenging. Structures, including
static structures and dynamic structures, dictate a deter-
mined output or action for a given determinate mput. More
specifically, the determined output or action 1s based upon an
express or inherent relationship within the structure.
Adequate datasets are relied upon for building those struc-
tures.

[0028] The Al platform (150) 1s shown herein configured
to receive mput (102) from one or more sources. For
example, the Al platform (150) may receive mput (e.g.,
candidate pairs, candidate phrases, and/or candidate text)
across the network (105) from one or more of the plurality
of computing devices (180), (182), (184), (186), (188), and
(190). Furthermore, and as shown herein, the Al platform
(150) 1s operatively coupled to a first knowledge base,
KnowledgeBase, (160), and a second knowledge base,
KnowledgeBase, (170), each of which 1s also referred to
herein as a corpus or a database. Although two knowledge
bases (160) and (170) are shown m FIG. 1, it should be
understood that variations of the system (100) may be
employed. For example, KnowledgeBase, (160) and Knowl-
edgeBase, (170) may be combined into a single knowledge
base. According to another vanation, either or both of
KnowledgeBase, (160) and/or KnowledgeBase, (170) com-
prise¢ a plurality of knowledge bases. According to still
another varnation, additional knowledges basis with other

information are in communication with the Al platform
(150).

[0029] According to exemplary embodiments, the Al plat-
form (150) 1s configured to access candidate pairs of first and
second phrases (162), candidate phrases (164), and/or can-
didate text (166) as imnput data for processing.

[0030] In exemplary embodiments, the first and second
(candidate) phrases are noun phrases. In other exemplary
embodiments, cause and eflect phrases are not limited to
noun phrases, but further comprise a prepositional phrase
descriptive of the noun phrase. As a non-limiting example,
consider the candidate text “There 1s a great concern about
the effect of rising gasoline prices, due to supply shortages
and cyberattacks.” In the example sentence, the causal part
of the sentence includes the noun phrase “great concern™
tollowed by the descriptive prepositional phrase “about the
cllect of rising gasoline prices.” In an exemplary embodi-
ment, the NLP model (156) extracts the noun phrase and the
descriptive prepositional phrase as either the cause or effect
phrase. According to another embodiment, the first and
second phrases of the candidate cause-eflect pair are anno-
tated with a tag 1dentitying a class of semantic relationships
between the first and second phrases. Examples of classes of
semantic relationships 1include temporal, correlational,
hypothetical, etc.
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[0031] Candidate Pair Exemplary Embodiment(s)
[0032] In exemplary embodiments, the sentence assem-

bler (152) of the Al platform (1350) 1s configured to access
one or more candidate pairs (162) and the candidate text
(166) (typically a candidate sentence) containing the candi-
date pairs (162) from KnowledgeBase, (160), either directly
from the KnowledgeBase, (160) or indirectly through one or
more of the plurality of computing devices (180), (182),
(184), (186), (188), and (190). Each candidate pair (162)
comprises at least a first phase and a second phrase that
represent a candidate cause-eflect semantic pairing. In
another exemplary embodiment, the NLP model (156) is
configured to access and receive candidate text (166) from
KnowledgeBase, (160), and to parse the candidate text (166)
to 1dentily candidate pairs therein.

[0033] The sentence assembler (152), which 1s shown 1n
FIG. 1 as part of the Al platform (150) but 1n an alternative
exemplary embodiment 1s not Al-based or part of the Al
platform (150), 1s configured to access a plurality of cause-
cllect patterns (168). In an exemplary embodiment, the
cause-cllect patterns (168) are syntactically different from

one another. Examples of cause-etlect patterns (168) include

“X causes Y,” “X 1s the reason for Y,” “Because of X, Y,” “X
leads to Y,” “if X, then Y,” “the Eftect of X 15 Y,” Y 15 a
result of X,” etc. In an exemplary embodiment, the sentence
assembler (152) 1s configured to generate a plurality of
variant sentences by substituting or plugging in the first and
second phrases of each of the candidate pairs (162) into the
different cause-cilect patterns (168).

[0034] Inan embodiment, the Al model (e.g., MLM) (154)
1s configured to receive the varnant sentences from the
sentence assembler (152). In an exemplary embodiment, the
Al model (154) 1s an inference model, such as a natural
language inference (NLI) model. The Al model (154) is
configured determine, for each of the variant sentences, a
respective probability that the variant sentence i1s inferred
from the candidate text, e.g., the candidate sentence. Accord-
ing to an exemplary embodiment, the probability may be
represented as a score, such as a confidence score between
zero and one. For example, for a variant sentence “a summer
of violent storms throughout the southeast led to a rise 1n the
number of property insurance claims,” the Al model (154)
assesses the probability that the variant sentence 1s inferred
by the candidate text.

[0035] According to an embodiment, the Al model (e.g.,
MLM) 1s trained using training data designed for the task.
For example, 1n an embodiment the natural language infer-
ence (NLI) model 1s traimned using training data curated by
humans (e.g., subject matter experts), wherein the traiming
data includes pairs of sentences marked with labels such as,
by way of example, “entails”, “contradicts™, or “neutral”. As
a non-limiting example of a training istance, a first sentence
provided may read “We observed a major decrease 1n prices
alter a statement was made,” with “statement being the first
phrase and “major decrease 1n prices” being the second
phrase. A second sentence 1s constructed using one of the
cause-cllect patterns, such as ““a statement caused a major
decrease 1n prices” to evaluate 1f the mput sentence entails,
contradicts, or 1s neutral with respect to the second sentence.
[0036] In exemplary embodiments, the Al model (154) 1s
turther configured to calculate a statistical measure, such as
a mean or a median, of the respective probabilities of the
variant sentences. An assessment 1s made whether the cal-
culated statistical measure 1s indicative that the first and

second phrases of the candidate pair possess a causal rela-
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tionship or a non-causal relationship. In an embodiment, the
assessment comprises determining whether the calculated
statistical measure satisfies a predetermined threshold, such
as, by way of example, a statistic measure of 0.5 or greater.

[0037] In an exemplary embodiment, the director (158) 1s
in communication with the KnowledgeBase, (170), which in
FIG. 1 1s deplcted pre-populated with a plurality of verified
cause-cllect pairs, e.g., Cause-Effect Pair, (172,), Cause-
Effect Pair, (172,), and Cause-Effect Pair,., (172,.,),
wherein N can be any integer. In an exemplary embodiment,
the director (158) 1s configured to further populate the
KnowledgeBase, (170) with the candidate text and the
candidate pair as a verified cause-eflect pair 1f the candidate
pair 1s verified to have a causal relationship. On the other
hand, the director (158) 1s configured not to further populate
the KnowledgeBase, (170) with the candidate pair 1t the

candidate pair 1s assessed to have a non-causal relationship.

[0038] The ventfied candidate pairs have various applica-
tions and uses. In an exemplary embodiment, the candidate
pairs verified to have a causal relationship can be used to
train the Al model. In another embodiment, the candidate
pairs verified to have a causal relationship can be used for
forecasting (or predicting) future events. For example, if
there are “protests” occurring tomorrow, and the Al model
draws a causal relationship (or a lack of a causal relation-
ship) between “protests™ and “violence”, the verified can-
didate pairs can be used to produce an alert, 1f appropriate.

[0039] Candidate Phrase Exemplary Embodiment(s)

[0040] In exemplary embodiments, the NLP model (156)
1s configured to access one or more first phrases (164) from
KnowledgeBase, (160), either directly from the Knowledge-
Base, (160) or indirectly through one or more of the plurality
of computing devices (180), (182), (184), (186), (188), and
(190). In an exemplary embodiment, each of the accessed
first phrases (164) represents a cause phrase or an ellect
phrase of candidate text, e.g., a candidate sentence. In
another exemplary embodiment, the NLP model (156) is
configured to access candidate text (166) from Knowledge-
Base, (160), and to parse the candidate text (166) to extract
first phrases therefrom. In an exemplary embodiment, the
NLP model (156) uses the accessed first phrases (164) to
generate natural language (NL) questions derived from or
comprising the accessed first phrases.

[0041] In an exemplary embodiment, the Al model (154)
comprises a question-answer (QA) model. QA models can
be trained 1n advance using, for example, question-answer
pairs that have been reviewed by a SME. The Al model
(154) (e.g., QA model) 1s configured to extract one or more
candidate second phrases from the candidate text. According
to an embodiment, the accessed first phrases (164) represent
causes, and the candidate second phrase(s) represent an
ellect or eflects. According to another embodiment, the
accessed first phrases (164) represent eflects, and the can-
didate second phrase(s) represent a cause or causes.

[0042] The Al model (154) i1s configured to determine, for
cach of the candidate second phrases, a respective probabil-
ity whether the candidate second phrase correctly answers
the NL question. According to an exemplary embodlment

the probability may be represented as a score, such as

confidence score between zero and one. In an embodiment,,
cach score represents a measure ol the likelihood that the
accessed first phrase and the candidate second phrase pos-
sess a cause-ellect relationship with respect to one another.
At least one matched candidate pair 1s selected based on the

Dec. 22, 2022

probability or score. According to an exemplary embodi-
ment, the probability (e.g., score) of the selected matched
candidate pair reflects a greatest likelihood that the accessed
first phrase and the candidate second phrase have the cause-
ellect relationship. For example, where scores are between
zero and one, with zero being the lowest score and one being
the highest score, the pair with the highest score (1.e., closest
to one) 1s selected.

[0043] In an exemplary embodiment, the director (158) 1s
in communication with the KnowledgeBase, (170), which 1n
FIG. 1 1s deplcted pre-populated with a plurality of verified
cause-cllect pairs, e.g., Cause-Effect Pair, (172,), Cause-
Effect Pair, (172,), and Cause-Effect Pair,., (172,.,).
wherein N can be any integer. In an exemplary embodiment,
the director (158) i1s configured to further populate the
KnowledgeBase, (170) with the matched candidate pair
having the highest score (or plurality of matched candidate
pairs having the highest scores). On the other hand, the
director (158) 1s configured not to further populate the
KnowledgeBase, (170) with first and second phrases having
a non-causal relationship.

[0044] The director (158) 1s 1n communication with the
KnowledgeBasel (170) mncluding one or more cause-ellect
phrase pairs, e.g., Cause-Effect Pair, (172,), Cause-Effect
Pair, (172,), and Cause-Eflect Pair,, (172,,) in FIG. 1. The
director (158) 1s configured to populate the KnowledgeBase,
(170) with the matched candidate pair(s) having the highest
score(s), thereby incrementally increasing the quantity of

cause-ellect pairs populating KnowledgeBase, (170).

[0045] The verified pairs have various applications and
uses. In an exemplary embodiment, the candidate pairs
verified to have a causal relationship can be used to train the
Al model. In another embodiment, the candidate pairs
verified to have a causal relationship can be used for
forecasting (or predicting) future events, as described above.

[0046] Candidate Text (Without Candidate Pair/Phrase
Seeds) Exemplary Embodiment(s)

[0047] According to other exemplary embodiments, the Al
plattorm (150) accesses the candidate text (166). In exem-
plary embodiments, the Al platform (150) 1s configured to
access the candidate text (166) from KnowledgeBase, (160),
either directly from the KnowledgeBase, (160) or indirectly
through one or more of the plurality of computing devices
(180), (182), (184), (186), (188), and (190). According to an
exemplary embodiment, the NLP model (156) 1s configured
to extract candidate sentences comprising first and second
phrases from the candidate text (166). According to another
exemplary embodiment, the NLP model (156) 1s configured
to extract candidate phrases and pair all combinations of
causes with eflects to form candidate cause-eflect pairs.
According to an exemplary embodiment, phrase extraction
1s performed with NPFST (or NP), which 1s an algorithm for
extracting noun phrases from sentences using Finite State
Transducers. According to another exemplary embodiment,
phrase extraction 1s performed using CP.NPFST (or CP),
which 1s based on constituency parse of sentences to extract
all kinds of phrases, not just noun phrases. See Handler et
al., “Bag of What? Simple Noun Phrase Extraction for Text
Analysis, Proceedings of the First Workshop of NLP and
Computational Social Science, 114-124 (2016).

[0048] In exemplary embodiments, the candidate text
(166) comprises structured and/or unstructured data. For
example, the candidate text (166) may include the sentence
“Even though secondary school summer break was short-
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ened, a lowering of gas prices lead to a rise 1 summer
vacation travel.” In an embodiment, the NLP model (156)
identifies a first candidate pair (P,) of the first and second
phrases “secondary school summer break was shortened”
and “rise 1n summer vacation travel,” respectively, which 1s
non-causal. The NLP model (156) also identifies a second
candidate pair (P,) of the first and second phrases “a
lowering of gas prices” and “rise 1 summer vacation

travel,” respectively, which 1s causal.

[0049] In an exemplary embodiment, the NLP model
(156) 1s provided access to a plurality of causal patterns
(169). In an exemplary embodiment, the causal patterns
(169) are syntactically different from one another. The
cause-ellect patterns (168) (described above 1n connection
with the candidate pair exemplary embodiments) and the
causal patterns (169) may be the same or different from one
another, or may partially overlap, with some patterns shared
by both sets (168) and (169) and other patterns contained in
only set (168) or (169), but not the other.

[0050] A non-limiting example of patterns of causal con-
struction 1s found 1 Dunietz et al., The BECauSE Corpus
2.0: Annotating Causality and Overlapping Relations, Pro-
ceedings of the 117 Linguistic Annotation Workshop,
05-104 (2017). Irrespective of the source, patterns of causal
construction that are common and often weak indicators of
causality (e.g., Y by X”’) can be removed to generate the set
of causal patterns (169). A non-exhaustive list of exemplary
causal patterns are rest forth in the Table below:

TABLE

1. X causes Y
2. Y because X
3. X triggers Y
4. Y results from
5. attribute Y to X
6. X 18 responsible for Y
7. whenever X, Y
8. Y arises from X
9. X contributes to Y
10. following X, Y

[0051] The NLP model (156) 1s configured to lemmatize
cach of the causal patterns (169) and the candidate sentences
from the candidate text (166). According to an embodiment,
lemmatizing comprises converting the verbs (e.g., “causes”
and “caused” for number 1 1n the Table above) of the causal
patterns (169) and candidate sentences from the candidate
text (166) to their root form (e.g., “cause’). As an example,
lemmatization of the verb of the causal pattern “X causes Y
to its root form produces the lemmatized causal pattern “X
cause Y.” The lemmatizing of the verb facilitates matching
of the causal patterns and candidate sentences.

[0052] The NLP model (156) 1s tfurther configured to
convert the lemmatized causal patterns to lemmatized
regexes, €.2., “(.*¥) cause (.*).” The lemmatized regexes are
compared to the lemmatized candidate sentences (166) to
find one or more matches. In an exemplary embodiment,
matching comprises identifying regexes and candidate sen-
tences having the same root verb, e.g., “cause,” “trigger,”
“result,” “attribute,” etc. In an exemplary embodiment, the
matched lemmatized candidate sentences are subject to
verification, e.g., that the above-described first candidate
pair P, 1s non-causal, and the above-described second can-
didate pair P, 1s causal. According to an exemplary embodi-
ment, verification comprises adding the first and second
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phrases of the matched lemmatized candidate sentences to
the candidate pairs (162), and processing the candidate pairs
as described above in connection with the candidate pair
exemplary embodiment.

[0053] While the above description refers to the NLP
model (156) performing multiple tasks 1n certain exemplary
embodiments, 1t should be understood that the NLP model
(156) may comprise a plurality of NLP models, each
assigned a specific task or tasks, with the plurality of NLP
models collectively referred to as the NLP model (156).

[0054] In some 1illustrative embodiments, the server (110)
may be the IBM Watson® system available from Interna-
tional Business Machines Corporation of Armonk, N.Y.,
which 1s augmented with the mechamisms of the illustrative
embodiments described hereafter. "

The sentence assembler
(152), the Al model (154), the NLP model (156), and the
director (158), referred to collectively as tools, are shown as
being embodied 1n or integrated within the Al platform (150)
of the server (110). In an embodiment, the tools may be
implemented 1 a separate computing system (e.g., server
190) that 1s connected across network (103) to the server
(110). Wherever embodied, the tools function to support
identifying cause-eflect pairs and building the knowledge
base of cause-ellect pairs.

[0055] Types of mformation handling systems that can
utilize the AI platform (150) range from small handheld
devices, such as handheld computer/mobile telephone (180)
to large mainframe systems, such as mainiframe computer
(182). Examples of handheld computer (180) include per-
sonal digital assistants (PDAs), personal entertainment
devices, such as MP4 players, portable televisions, and
compact disc players. Other examples of information han-
dling systems 1nclude pen, or tablet computer (184), laptop,
or notebook computer (186), personal computer system
(188), and server (190). As shown, the various information
handling systems can be networked together using computer
network (105). Types of computer network (105) that can be
used to interconnect the various mformation handling sys-
tems include Local Area Networks (LANs), Wireless Local
Area Networks (WLANSs), the Internet, the Public Switched
Telephone Network (PSTN), other wireless networks, and
any other network topology that can be used to interconnect
the information handling systems. Many of the information
handling systems include nonvolatile data stores, such as
hard drives and/or nonvolatile memory. Some of the infor-
mation handling systems may use separate nonvolatile data
stores (e.g., server (190) utilizes nonvolatile data store
(190 ,), and mainframe computer (182) utilizes nonvolatile
data store (182a). The nonvolatile data store (182 ,) can be
a component that 1s external to the various information
handling systems or can be internal to one of the information
handling systems.

[0056] The information handling system employed to sup-
port the Al platiorm (150) may take many forms, some of
which are shown i1n FIG. 1. For example, an information
handling system may take the form of a desktop, server,
portable, laptop, notebook, or other form factor computer or
data processing system. In addition, an information handling
system may take other form factors such as a personal digital
assistant (PDA), a gaming device, ATM machine, a portable
telephone device, a communication device or other devices
that include a processor and memory. In addition, the
information handling system may embody the north bridge/
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south bridge controller architecture, although 1t will be
appreciated that other architectures may also be employed.

[0057] An Application Program Interface (API) 1s under-
stood 1n the art as a software intermediary between two or
more applications. With respect to the (Al) platform (150)
shown and described 1n FIG. 1, one or more APIs may be
utilized to support one or more of the tools (152), (154),
(156), and (158) and their associated functionalities. Refer-
ring to FIG. 2, a block diagram (200) 1s provided 1llustrating,
the tools (152), (154), (156), and (158) and their associated
APIs. As shown, a plurality of tools are embedded within the
(Al) platform (205), with the tools including a sentence
assembler (2352) associated with API, (212), an artificial
intelligence model (e.g., machine learning model) (254)

associated with API, (222), a natural language processing
model (256) associated with API, (232), and a director (2358)

associated with API, (242). Each of the APIs may be
implemented in one or more languages and interface speci-
fications.

[0058] As shown, API, (212) 1s configured to support and
cnable the functionality represented by the sentence assem-
bler (252). API, (212) provides functional support to
assemble sentences from {first and second phrases using
cause-ellect patterns; API, (222) provides functional support
to extract candidate sentences from a corpus, lemmatize
sentences and causal patterns, generate regexes, and gener-
ate natural language questions; API, (232) provides func-
tional support to draw inferences, generate question-answer
pairs, and provide statistical measures and scores; and API,
(242) provides functional support to populate knowledge
bases with cause-ellect phrase pairs. As shown, each of the
APIs (212), (222), (232), and (242) are operatively coupled
to an API orchestrator (260), otherwise known as an orches-
tration layer, which 1s understood in the art to function as an
abstraction layer to transparently thread together the sepa-
rate APIs. In an embodiment, the functionality of the sepa-
rate APIs may be joined or combined. In another embodi-
ment, the functionality of the separate APIs may be further
divided into additional APIs. As such, the configuration of
the APIs shown herein should not be considered limiting.
Accordingly, as shown herein, the functionality of the tools
may be embodied or supported by their respective APIs.

[0059] Referring collectively to FIGS. 3A and 3B, a flow
chart (300) 1s provided illustrating an embodiment of a
process (or method) for ascertaiming whether candidate
phrase pairs possess a causal relationship or non-causal
relationship.

[0060] In FIG. 3A, a corpus comprising text is accessed
(302), and a database of cause-eflect patterns i1s accessed
(304). In an exemplary embodiment, the cause-eliect pat-
terns are syntactically different from one another. The text of
the accessed corpus 1s pre-processed to 1dentity one or more
candidate sentences, each of which includes a candidate pair
containing first and second phrases (306). The quantity of
candidate pairs 1s 1dentified and assigned the variable M-
74z (308), and a corresponding CandidatePair counting vari-
able, M, 1s mitialized (310).

[0061] Variant sentences are constructed from the Candi-
datePair, , by substituting the first and second phrases of the
CandidatePair, , into each of the accessed cause-eflect pat-
terns (312). The quantity of variant sentences 1s 1dentified
and assigned the variable N, -, , (314), and a corresponding
VariantSentence counting variable, N, 1s mitialized (316).
Using an Al model, e.g., a machine learning model (MLM),

Dec. 22, 2022

such as a natural language inference model, the probability
that VariantSentence,; 1s inferred from the corpus text, e.g.,
a sentence, 1s determined (318). The VanantSentence count-
ing variable, N, 1s incremented (320), and a decision 1s made
whether the incremented variable N 1s greater than N, ,
(322). A non-aflirmative response to the decision (322) 1s
interpreted as an indication that additional variant sentences
remain for processing, which causes a return to step (318)
for processing of the next variant sentence. An aflirmative
response to the decision (322) 1s interpreted as an indication
that all variant sentences for the CandidatePair, , have been
processed.

[0062] Referring to FIG. 3B, the aflirmative response to
the decision (322) causes a calculation of a statistical
measure ol probabilities of VariantSentence, to VariantSen-
tence,.,r,, for CandidatePair,, (324), shown 1n FIG. 3B.
Examples of statistical measures include means and medi-
ans. A decision 1s made whether the statistical measure
satisfies a threshold (326). An aflirmative response to the
decision (326) 1s interpreted as an indication that a causal
relationship exists between the first and second phrases of
the candidate pair, and the first and second phrases of the
CandidatePatr, ,are 1dentified as having a causal relationship
(328). In the event of a non-aflirmative response to the
decision (326), the first and second phrases of the Candi-
datePair, , are 1dentified as not having a causal relationship
(330). In either case, following either step (328) or (330), or
a non-athrmative response from the decision at step (326),
the CandidatePair counting variable, M, 1s incremented
(332), and a decision 1s made whether the incremented
counting variable M 1s greater than M ., (334). A non-
allirmative response to the decision (334) is interpreted as an
indication that additional candidate pairs remain for pro-
cessing, which causes a return to step (312). An aflirmative
response to the decision (334) 1s interpreted as an indication
that all candidate pairs have been processed, which causes
the process to proceed to (336). At (336), the identified
candidate sentences containing candidate pairs having a
causal relationship are compiled and outputted. The output-
ted candidate sentences are used to populate a database

(338), e.g., KnowledgeBase, (170) of FIG. 1.

[0063] Referring collectively to FIGS. 4A and 4B, a flow
chart (400) 1s provided illustrating an embodiment of a
process (or method) for starting with text (e.g., one or more
sentences) and a candidate cause phrase or eflect phrase and
identifying a corresponding eflect phrase or cause phrase,
respectively.

[0064] In FIG. 4A, a corpus comprising text 1s accessed
(402). One or more {irst phrases representing a cause or an
cllect are also accessed (404). The quantity of accessed first
phrases 1s 1dentified and assigned the vanable X ., , (406),
and a corresponding FirstPhrase counting variable, X, is
initialized (408).

[0065] FirstPhrase, 1s presented to a natural language
processing (NLP) model to create a natural language (NL)
question (410). The NL question 1s presented to an Al model,
¢.g., a machine learning model (MLM), such as a question-
answer (QA) model, to extract one or more candidate second
phrases from the corpus text (412). The FirstPhase, 1s
matched to each of the one or more candidate second phrases
to provide matched candidate pair(s) (414). Each of the
matched candidate pairs 1s assigned a cause-ellect relation-
ship score (416). In an exemplary embodiment, the Al model
assigns the score. The matched candidate pair(s) with a
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score/scores reflecting a greatest likelihood that the
FirstPhrase.- and the candidate second phrase has a cause-
cllect relationship 1s/are selected (418).

[0066] Retferring to FIG. 4B, verification 1s performed that
the selected high score matched candidate pair(s) have a
causal relationship (420). According to an embodiment, the
verification (420) may involve analyzing the selected high
score matched candidate pair(s) by subjecting the candidate
pair(s) to steps (308) to (336) of FIG. 3A. The FirstPhrase
counting variable, X, 1s incremented (422), and a decision 1s
made whether the incremented value of FirstPhrase, 1s
greater than X -, -, , (424). A non-atirmative response to the
decision (424) 1s interpreted as an indication that additional
accessed first phrases remain for processing, which causes a
return to step (410). An aflirmative response to the decision
(424) 1s interpreted as an indication that all of the accessed
first phrases have been processed. The selected high score
matched pairs are compiled and output (426), and used to
populate a database (428).

[0067] Referring collectively to FIGS. 5A and 5B, a flow
chart (500) 1s provided illustrating an embodiment of a
process (or method) for determining whether candidate
sentences accessed from a corpus comprising text possess a
cause-eilect relationship.

[0068] In FIG. 5A, a database of causal patterns (e.g.,
causal patterns (169) of FIG. 1 described above) 1s accessed
(502). In an exemplary embodiment, the causal patterns are
syntactically different from one another. The causal patterns
are lemmatized (504). In an exemplary embodiment, the
verb of the causal patterns 1s lemmatized. For example, the
verb “causes” of the causal patterns “X causes Y and the
verb “caused” of the causal pattern “X caused Y are
converted to the root verb, “cause.” In an exemplary
embodiment, a NLP model i1s used for the lemmatization.
The lemmatized causal phrase (e.g., X cause Y) 1s converted
to a regex (e.g., “(.*) cause (.*)”) (506). A quantity of the
regexes 1s 1dentified and assigned the vanable Z,,, (508),
and a lemmatized regex counting variable, Z, 1s mitialized
(510).

[0069] A corpus comprising text 1s accessed (512). One or
more candidate sentences of from the corpus of text are
identified (514). For each sentence, one or more candidate
pairs of first and second phrases are extracted (516). In an
exemplary embodiment, the first and second phrases com-
prise noun phrases. In another exemplary embodiment,
either or both of the first and second phrases comprise a
noun phrase and a descriptive prepositional phrase. In other
embodiments, either or both of the first and second phrases
are not noun phrase(s). A quantity of the candidate sentences
1s 1dentified and assigned the variable Y.,,,,, (518). A
counting variable, Y, 1s initialized for CandidateSentences
(520).

[0070] The CandidateSentence, 1s also lemmatized (522).
As shown 1n FIG. 5B, a decision 1s made whether the one or
more pairs of first and second phrases of the lemmatized
CandidateSentence,- match the lemmatized Regex (524). In
an exemplary embodiment, the decision (524) comprises
assessing whether each pair of the first and second phrases
of the lemmatized CandidateSentence,- has the same lem-
matized verb as the lemmatized Regex,. An aflirmative
answer to the decision (524) is iterpreted as an indication
that the pair of the first and second phrases of the candidate
sentence potentially possesses a causal relationship. It the
decision (524) 1s answered 1n the athrmative, the Candida-
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teSentence ;- and the candidate pair of phrases are added to a
list (526), which 1n an embodiment 1s a file, and the Regex
counting variable 7 1s incremented (628). On the other hand,
answering the decision (524) in the non-atlirmative causes
the process to proceed to step (528) to increment the Regex
counting variable Z.

[0071] Adfter the Regex counting variable Z 1s incremented
(528), a decision 1s made whether the incremented Regex
counting variable 7 1s greater than 7Z.,,.,,, (530). A non-
allirmative answer to the decision (530) 1s interpreted as an
indication that the CandidateSentence,- has not been sub-
jected to a matching decision with respect to all of the
lemmatized regexes, causing the process to return to deci-
s1on (324) for determiming whether a match exists between
the CandidateSentence, and the incremented regex, e.g.
Regex.,. An aflirmative answer to the decision (530) i1s
interpreted as an indication that all regexes have been
subject to the matching process with respect to the Candi-
dateSentence,, causing the candidate sentence variable to be
incremented (532).

[0072] A decision 1s made whether the incremented vari-
able Y 1s greater than YTOTAL (534). A non-aflirmative
answer to the decision (534) 1s interpreted as an indication
that not all of the lemmatized candidate sentences have been
processed, causing the process to return to step (522) for
lemmatizing of the incremented CandidateSentence,. An
allirmative answer to the decision (534) 1s interpreted as an
indication that all lemmatized candidate sentences have been
processed (1.e., all lemmatized candidate sentences have
been subjected to the matching decision (524) with respect
to all of the lemmatized regexes). Optionally list of candi-
date sentences with identified candidate pairs developed 1n
step (3526) 1s sent to step (308) of FIG. 3A for verification
that the first and second phrases of the candidate sentences
possess a cause-ellect relationship (336).

[0073] Certain exemplary embodiments of the systems,
methods, and computer program products described herein
produce high quality collections of cause-ellect pairs 1n an
automated, substantially or entirely unsupervised manner.
Exemplary embodiments further involve the use of the
cause-cllect pairs for further processing, representation as a
causal knowledge graph, and use for decision support or
predictive analysis.

[0074] Aspects of 1dentifying and verilying causal pairs
are shown and described with the tools and APIs shown 1n
FIGS. 1 and 2, respectively, and the processes shown 1n

FIGS. 3A, 3B, 4A, 4B, 5A, and 3B. Aspects of the functional
tools (152), (154), (156), and (158) and their associated
functionality may be embodied in a computer system/server
in a single location, or 1n an embodiment, may be configured
in a cloud-based system sharing computing resources. With
references to FIG. 6, a block diagram (600) i1s provided
illustrating an example of a computer system/server (602),
hereinafter referred to as a host (602) 1n communication with
a cloud-based support system, to implement the processes
described above with respect to FIGS. 3A-5B. The host
(602) 1s operational with numerous other general purpose or
special purpose computing system environments or configu-
rations. Examples of well-known computing systems, envi-
ronments, and/or configurations that may be suitable for use
with the host (602) include, but are not limited to, personal
computer systems, server computer systems, thin clients,
thick clients, hand-held or laptop devices, multiprocessor
systems, microprocessor-based systems, set top boxes, pro-
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grammable consumer electronics, network PCs, minicom-
puter systems, mainirame computer systems, and file sys-
tems (e.g., distributed storage environments and distributed
cloud computing environments) that include any of the
above systems, devices, and their equivalents.

[0075] The host (602) may be described in the general
context of computer system-executable instructions, such as
program modules, being executed by a computer system.
Generally, program modules may include routines, pro-
grams, objects, components, logic, data structures, and so on
that perform particular tasks or implement particular abstract
data types. Host (602) may be practiced 1n distributed cloud
computing environments (610) where tasks are performed
by remote processing devices that are linked through a
communications network. In a distributed cloud computing
environment, program modules may be located 1n both local
and remote computer system storage media including
memory storage devices.

[0076] As shown in FIG. 6, the host (602) 1s shown 1n the

form of a general-purpose computing device. The compo-
nents of the host (602) may include, but are not limited to,
Oone or more processors or processing units (604), e.g.
hardware processors, a system memory (606), and a bus
(608) that couples various system components including the
system memory (606) to the processing unit (604). A bus
(608) represents one or more of any of several types of bus
structures, including a memory bus or memory controller, a
peripheral bus, an accelerated graphics port, and a processor
or local bus using any of a variety of bus architectures. By

way ol example, and not limitation, such architectures
include Industry Standard Architecture (ISA) bus, Micro

Channel Architecture (MCA) bus, Enhanced ISA (FISA)
bus, Video Electronics Standards Association (VESA) local
bus, and Peripheral Component Interconnects (PCI) bus.
The host (602) typically includes a variety of computer
system readable media. Such media may be any available
media that 1s accessible by the host (602) and it includes
both volatile and non-volatile media, removable and non-
removable media.

[0077] The system memory (606) can include computer
system readable media 1n the form of volatile memory, such
as random access memory (RAM) (630) and/or cache
memory (632). By way of example only, a storage system
(634) can be provided for reading from and writing to a
non-removable, non-volatile magnetic media (not shown
and typically called a “hard drive”). Although not shown, a
magnetic disk drive for reading from and writing to a
removable, non-volatile magnetic disk (e.g., a “floppy
disk™), and an optical disk drive for reading from or writing
to a removable, non-volatile optical disk such as a CD-
ROM, DVD-ROM or other optical media can be provided.
In such 1nstances, each can be connected to the bus (608) by
one or more data media interfaces.

[0078] A program/utility (640), having a set (at least one)
of program modules (642), may be stored in the system
memory (606) by way of example, and not limitation, as
well as an operating system, one or more application pro-
grams, other program modules, and program data. Each of
the operating systems, one or more application programs,
other program modules, and program data or some combi-
nation thereof, may include an implementation of a net-
working environment. The program modules (642) gener-
ally carry out the functions and/or methodologies of
embodiments to support and enable reinforcement learning
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through random action replay for natural language (NL). For
example, the set of the program modules (642) may include

the tools (152), (154), (156), and/or (158) as described 1n
FIG. 1.

[0079] The host (602) may also communicate with one or
more external devices (614), such as a keyboard, a pointing
device, etc.; a display (624); one or more devices that enable
a user to interact with the host (602); and/or any devices
(e.g., network card, modem, etc.) that enable the host (602)
to communicate with one or more other computing devices.
Such communication can occur via Input/Output (I/0) inter-
tace(s) (622). Still yet, the host (602) can communicate with
one or more networks such as a local area network (LAN),
a general wide area network (WAN), and/or a public net-
work (e.g., the Internet) via a network adapter (620). As
depicted, the network adapter (620) communicates with the
other components of the host (602) via the bus (608). In an
embodiment, a plurality of nodes of a distributed file system
(not shown) 1s 1n communication with the host (602) via the
I/O 1interface (622) or via the network adapter (620). It
should be understood that although not shown, other hard-
ware and/or soltware components could be used 1n conjunc-
tion with the host (602). Examples, include, but are not
limited to: microcode, device drivers, redundant processing
units, external disk drive arrays, RAID systems, tape drives,
and data archival storage systems, efc.

[0080] In this document, the terms “computer program
medium,” “computer usable medium,” and “computer read-
able medium™ are used to generally refer to media such as
the system memory (606), including the RAM (630), the
cache (632), and the storage system (634), such as a remov-
able storage drive and a hard disk installed 1n a hard disk
drive.

[0081] Computer programs (also called computer control
logic) are stored in the system memory (606). Computer
programs may also be recerved via a communication inter-
face, such as the network adapter (620). Such computer
programs, when run, enable the computer system to perform
the features of the present embodiments as discussed herein.
In particular, the computer programs, when run, enable the
processing unit (604) to perform the features of the com-
puter system. Accordingly, such computer programs repre-
sent controllers of the computer system.

[0082] In an embodiment, the host (602) 1s a node of a
cloud computing environment. As 1s known 1n the art, cloud
computing 1s a model of service delivery for enabling
convenient, on-demand network access to a shared pool of
configurable computing resources (e.g., networks, network
bandwidth, servers, processing, memory, storage, applica-
tions, virtual machines, and services) that can be rapidly
provisioned and released with minimal management eflort
or interaction with a provider of the service. This cloud
model may include at least five characteristics, at least three
service models, and at least four deployment models.
Example of such characteristics are as follows:

[0083] On-demand self-service: a cloud consumer can
unilaterally provision computing capabilities, such as server
time and network storage, as needed automatically without
requiring human interaction with the service’s provider.

[0084] Broad network access: capabilities are available
over a network and accessed through standard mechanisms
that promote use by heterogeneous thin or thick client
platforms (e.g., mobile phones, laptops, and PDAs).
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[0085] Resource pooling: the provider’s computing
resources are pooled to serve multiple consumers using a
multi-tenant model, with different physical and wvirtual
resources dynamically assigned and reassigned according to
demand. There 1s a sense of location independence 1n that
the consumer generally has no control or knowledge over
the exact location of the provided resources but may be able
to specily location at a higher layer of abstraction (e.g.,
country, state, or datacenter).

[0086] Rapid elasticity: capabilities can be rapidly and
clastically provisioned, in some cases automatically, to
quickly scale out and rapidly released to quickly scale 1n. To
the consumer, the capabilities available for provisioning
often appear to be unlimited and can be purchased in any
quantity at any time.

[0087] Measured service: cloud systems automatically
control and optimize resource use by leveraging a metering
capability at some layer of abstraction appropriate to the
type of service (e.g., storage, processing, bandwidth, and
active user accounts). Resource usage can be monitored,
controlled, and reported providing transparency for both the
provider and consumer of the utilized service.

[0088]

[0089] Soiftware as a Service (SaaS): the capability pro-
vided to the consumer 1s to use the provider’s applications
running on a cloud infrastructure. The applications are
accessible from various client devices through a thin client
interface such as a web browser (e.g., web-based email). The
consumer does not manage or control the underlying cloud
infrastructure including network, servers, operating systems,
storage, or even 1ndividual application capabilities, with the
possible exception of limited user-specific application con-
figuration settings.

[0090] Platform as a Service (PaaS): the capability pro-
vided to the consumer 1s to deploy onto the cloud infra-
structure consumer-created or acquired applications created
using programming languages and tools supported by the
provider. The consumer does not manage or control the
underlying cloud infrastructure including networks, servers,
operating systems, or storage, but has control over the
deployed applications and possibly application hosting envi-
ronment configurations.

[0091] Infrastructure as a Service (IaaS): the capability
provided to the consumer 1s to provision processing, storage,
networks, and other fundamental computing resources
where the consumer i1s able to deploy and run arbitrary
software, which can include operating systems and applica-
tions. The consumer does not manage or control the under-
lying cloud infrastructure but has control over operating
systems, storage, deployed applications, and possibly lim-
ited control of select networking components (e.g., host
firewalls).

10092]

[0093] Private cloud: the cloud infrastructure i1s operated
solely for an orgamization. It may be managed by the
organization or a third party and may exist on-premises or
ofl-premises.

[0094] Community cloud: the cloud infrastructure 1is
shared by several organizations and supports a specific
community that has shared concerns (e.g., mission, security
requirements, policy, and compliance considerations). It
may be managed by the organizations or a third party and
may exist on-premises or oll-premises.

Service Models are as follows:

Deployment Models are as follows:
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[0095] Public cloud: the cloud infrastructure 1s made
available to the general public or a large industry group and
1s owned by an organization selling cloud services.

[0096] Hybnd cloud: the cloud infrastructure 1s a compo-
sition of two or more clouds (private, community, or public)
that remain unique entities but are bound together by stan-
dardized or proprietary technology that enables data and
application portability (e.g., cloud bursting for load balanc-
ing between clouds).

[0097] A cloud computing environment 1s service oriented
with a focus on statelessness, low coupling, modularity, and
semantic interoperability. At the heart of cloud computing 1s
an infrastructure comprising a network of interconnected
nodes.

[0098] Referring now to FIG. 7, an illustrative cloud
computing network (700) 1s shown. The cloud computing
network (700) includes a cloud computing environment
(750) having one or more cloud computing nodes (710) with
which local computing devices used by cloud consumers
may communicate. Examples of these local computing
devices include, but are not limited to, a personal digital
assistant (PDA) or a cellular telephone (754A), a desktop
computer (754B), a laptop computer (754C), and/or auto-
mobile computer system (754N). Individual nodes within
the cloud computing nodes (710) may further communicate
with one another. They may be grouped (not shown) physi-
cally or virtually, in one or more networks, such as Private,
Community, Public, or Hybrid clouds as described herein-
above, or a combination thereof. This allows the cloud
computing environment (700) to offer infrastructure, plat-
forms and/or software as services for which a cloud con-
sumer does not need to maintain resources on a local
computing device. It 1s understood that the types of com-
puting devices (754 A-N) shown in FIG. 7 are intended to be
illustrative only and that the cloud computing environment
(750) can communicate with any type of computerized
device over any type of network and/or network addressable
connection (e.g., using a web browser).

[0099] Referring now to FIG. 8, a set of functional
abstraction layers (800) provided by the cloud computing
network of FIG. 7 1s shown. It should be understood in
advance that the components, layers, and functions shown 1n
FIG. 8 are mtended to be 1illustrative only, and the embodi-
ments are not limited thereto. As depicted, the following
layers and corresponding functions are provided: a hardware
and software layer (810), a virtualization layer (820), a
management layer (830), and a workload layer (840).

[0100] The hardware and software layer (810) includes

hardware and software components. Examples of hardware
components include mainframes, 1 one example IBM®
zSeries® systems; RISC (Reduced Instruction Set Com-
puter) architecture based servers, in one example IBM
pSeries® systems; IBM xSeries® systems; IBM BladeCen-
ter® systems; storage devices; networks and networking
components. Examples of software components include
network application server software, 1n one example IBM
WebSphere® application server software; and database soft-
ware, 1n one example IBM DB2® database software. (IBM,
zSeries, pSeries, xSeries, BladeCenter, WebSphere, and
DB2 are trademarks of International Business Machines
Corporation registered 1 many jurisdictions worldwide).

[0101] The virtualization layer (820) provides an abstrac-
tion layer from which the following examples of virtual
entities may be provided: virtual servers; virtual storage;
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virtual networks, including virtual private networks; virtual
applications and operating systems; and virtual clients.

[0102] In one example, the management layer (830) may
provide the following functions: resource provisioning,
metering and pricing, user portal, service layer management,
and SLA planning and fulfillment. Resource provisioning
provides dynamic procurement of computing resources and
other resources that are utilized to perform tasks within the
cloud computing environment. Metering and pricing pro-
vides cost tracking as resources are utilized within the cloud
computing environment, and billing or invoicing for con-
sumption of these resources. In one example, these resources
may comprise application soltware licenses. Security pro-
vides 1dentity verification for cloud consumers and tasks, as
well as protection for data and other resources. User portal
provides access to the cloud computing environment for
consumers and system administrators. Service layer man-
agement provides cloud computing resource allocation and
management such that required service layers are met.
Service Layer Agreement (SLA) planming and fulfillment
provides pre-arrangement for, and procurement of, cloud
computing resources for which a future requirement 1is
anticipated 1n accordance with an SLA.

[0103] The workloads layer (840) provides examples of
functionality for which the cloud computing environment
may be utilized. Examples of workloads and functions
which may be provided from this layer include, but are not
limited to: mapping and navigation; software development
and lifecycle management; virtual classroom education
delivery; data analytics processing; transaction processing;
and causal knowledge 1dentification and extraction.

[0104] While particular embodiments of the present
embodiments have been shown and described, it will be
obvious to those skilled in the art that, based upon the
teachings herein, changes and modifications may be made
without departing from the embodiments and its broader
aspects. Therefore, the appended claims are to encompass
within their scope all such changes and modifications as are
within the true spirit and scope of the embodiments. Fur-
thermore, 1t 1S to be understood that the embodiments are
solely defined by the appended claims. It will be understood
by those with skill 1n the art that 1f a specific number of an
introduced claim element i1s intended, such intent will be
explicitly recited 1n the claim, and in the absence of such
recitation no such limitation 1s present. For a non-limiting
example, as an aid to understanding, the following appended
claims contain usage of the introductory phrases “at least
one” and “one or more” to mtroduce claim elements. How-
ever, the use of such phrases should not be construed to
imply that the introduction of a claim element by the
indefinite articles “a” or “an” limits any particular claim
containing such mtroduced claim element to embodiments
containing only one such element, even when the same
claim includes the introductory phrases “one or more™ or “at
least one” and indefinite articles such as “a” or “an”; the
same holds true for the use in the claims of definite articles.
As used herein, the term “and/or” means either or both (or
any combination or all of the terms or expressed referred to),

e.g., “A, B, and/or C” encompasses A alone, B alone, C
alone, A and B, A and C, B and C, and A, B, and C.

[0105] The present embodiments may be a system, a
method, and/or a computer program product. In addition,
selected aspects of the present embodiments may take the
form of an entirely hardware embodiment, an entirely soit-
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ware embodiment (including firmware, resident solftware,
micro-code, etc.) or an embodiment combining software
and/or hardware aspects that may all generally be referred to
herein as a “circuit,” “module” or “system.” Furthermore,
aspects of the present embodiments may take the form of
computer program product embodied 1n a computer readable
storage medium (or media) having computer readable pro-
gram 1nstructions thereon for causing a processor to carry
out aspects of the present embodiments. Thus embodied, the
disclosed system, a method, and/or a computer program
product are operative to provide improvements to identify-
ing and verilying causal pairs.

[0106] The computer readable storage medium can be a
tangible device that can retain and store instructions for use
by an struction execution device. The computer readable
storage medium may be, for example, but 1s not limited to,
an electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
examples of the computer readable storage medium 1ncludes
the following: a portable computer diskette, a hard disk, a
dynamic or static random access memory (RAM), a read-
only memory (ROM), an erasable programmable read-only
memory (EPROM or Flash memory), a magnetic storage
device, a portable compact disc read-only memory (CD-
ROM), a digital versatile disk (DVD), a memory stick, a
floppy disk, a mechanically encoded device such as punch-
cards or raised structures in a groove having instructions
recorded thereon, and any suitable combination of the fore-
going. A computer readable storage medium, as used herein,
1s not to be construed as being transitory signals per se, such
as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a wave-
guide or other transmission media (e.g., light pulses passing
through a fiber-optic cable), or electrical signals transmitted
through a wire.

[0107] Computer readable program instructions described
herein can be downloaded to respective computing/process-
ing devices from a computer readable storage medium or to
an external computer or external storage device via a net-
work, for example, the Internet, a local area network, a wide
area network and/or a wireless network. The network may
comprise copper transmission cables, optical transmission
fibers, wireless transmission, routers, firewalls, switches,
gateway computers and/or edge servers. A network adapter
card or network interface in each computing/processing
device receives computer readable program instructions
from the network and forwards the computer readable
program 1nstructions for storage in a computer readable
storage medium within the respective computing/processing
device.

[0108] Computer readable program instructions for carry-
ing out operations of the present embodiments may be
assembler 1nstructions, instruction-set-architecture (ISA)
instructions, machine instructions, machine dependent
instructions, microcode, firmware instructions, state-setting
data, or either source code or object code written 1n any
combination of one or more programming languages,
including an object oriented programming language such as
Java, Smalltalk, C++ or the like, and conventional proce-
dural programming languages, such as the “C” program-
ming language or similar programming languages. The
computer readable program instructions may execute
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entirely on the user’s computer, partly on the user’s com-
puter, as a stand-alone software package, partly on the user’s
computer and partly on a remote computer or entirely on the
remote computer or server or cluster of servers. In the latter
scenar1o, the remote computer may be connected to the
user’s computer through any type of network, including a
local area network (LAN) or a wide area network (WAN), or
the connection may be made to an external computer (for
example, through the Internet using an Internet Service
Provider). In some embodiments, electronic circuitry includ-
ing, for example, programmable logic circuitry, field-pro-
grammable gate arrays (FPGA), or programmable logic
arrays (PLA) may execute the computer readable program
instructions by utilizing state information of the computer
readable program instructions to personalize the electronic
circuitry, i order to perform aspects of the present embodi-
ments.

[0109] Aspects of the present embodiments are described
herein with reference to flowchart illustrations and/or block
diagrams ol methods, apparatus (systems), and computer
program products according to embodiments. It will be
understood that each block of the flowchart illustrations
and/or block diagrams, and combinations of blocks 1n the
flowchart 1llustrations and/or block diagrams, can be 1imple-
mented by computer readable program instructions.

[0110] These computer readable program instructions may
be provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the tlowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function 1n a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
istructions which implement aspects of the function/act

specified 1n the flowchart and/or block diagram block or
blocks.

[0111] The computer readable program instructions may
also be loaded onto a computer, other programmable data
processing apparatus, or other device to cause a series of
operational steps to be performed on the computer, other
programmable apparatus or other device to produce a com-
puter implemented process, such that the instructions which
execute on the computer, other programmable apparatus, or
other device implement the functions/acts specified in the
flowchart and/or block diagram block or blocks.

[0112] The flowchart and block diagrams in the Figures
illustrate the architecture, functionality, and operation of
possible 1implementations of systems, methods, and com-
puter program products according to various embodiments
of the present embodiments. In this regard, each block 1n the
flowchart or block diagrams may represent a module, seg-
ment, or portion of instructions, which comprises one or
more executable mnstructions for implementing the specified
logical function(s). In some alternative implementations, the
functions noted 1n the block may occur out of the order noted
in the figures. For example, two blocks shown 1n succession
may, in fact, be executed substantially concurrently, or the
blocks may sometimes be executed in the reverse order,
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depending upon the functionality involved. Additional
blocks not represented 1n the Figures may be included, for
example, prior to, subsequent to, or concurrently with one or
more illustrated blocks. It will also be noted that each block
of the block diagrams and/or flowchart illustration, and
combinations of blocks 1n the block diagrams and/or flow-
chart illustration, can be implemented by special purpose
hardware-based systems that perform the specified functions
or acts or carry out combinations of special purpose hard-
ware and computer 1nstructions.
[0113] It will be appreciated that, although specific
embodiments have been described herein for purposes of
illustration, various modifications may be made without
departing from the spirit and scope of the embodiments. In
particular, 1dentitying and veriiying causal pairs may be
carried out by different computing platforms or across
multiple devices. Furthermore, the data storage and/or cor-
pus may be localized, remote, or spread across multiple
systems. Accordingly, the scope of protection of the embodi-
ments 1s limited only by the following claims and their
equivalents.
What 1s claimed 1s:
1. A computer system comprising:
a computer processor operatively coupled to memory;
a sentence assembler operatively associated with the
computer processor to:
access candidate text and a candidate pair of first and
second phrases; and
substitute the first and second phrases 1nto a plurality of
cause-cilect patterns to generate a plurality of variant
sentences mncluding the first and second phrases; and
an artificial itelligence (Al) platform 1n communication
with the computer processor and the memory, the Al
platform comprising:
an Al model configured to:
determine respective probabilities that the variant
sentences are inferred from the candidate text;
calculate a statistical measure of the respective prob-
abilities; and
assess the calculated statistical measure to ascertain
whether the first and second phrases possess a
causal relationship or non-causal relationship to
one another; and
a director configured to populate a knowledge base
with the candidate text including the first and second
phrases possessing the causal relationship.
2. The computer system of claim 1, wherein the Al model
comprises an inference model.
3. The computer system of claim 1, further comprising;

a natural language processing (NLP) model in commu-
nication with a corpus comprising the candidate text,
the NLP model configured to extract the candidate pair
from the corpus.

4. The computer system of claim 3, wherein the NLP

model 1s further configured to:

lemmatize a plurality of causal patterns;

convert the lemmatized causal patterns to regexes;

lemmatize the candidate text;

determine whether the lemmatized candidate text matches
one or more of the regexes; and

identity the candidate pair from the lemmatized candidate
text and the matched one or more of the regexes.

5. The computer system of claim 3, wherein the NLP

model 1s configured to:
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extract a noun phrase and a prepositional phrase descrip-
tive of the noun phrase from the corpus, the noun and
preposition phrases collectively representing the first
phrase or the second phrase.

6. The computer system of claim 1, wherein the director
1s configured to train the Al model with the candidate text
including the first and second phrases possessing the causal
relationship.

7. A computer system comprising:

a computer processor operatively coupled to memory; and

an artificial intelligence (Al) platform 1n communication

with the computer processor and the memory, the Al

platform comprising;:

a natural language processing (NLP) model configured
to:

generate a natural language (NL) question using a
first phrase representing a cause or an ellect;

a first AI model configured to:

extract one or more candidate second phrases from
candidate text;
determine respective probabilities that the one or
more candidate second phrases answer the NL
question; and
select the candidate second phrase having the highest
probability as possessing a causal relationship
with the first phrase; and
a director configured to populate a knowledge base
with the first and selected second phrases.
8. The computer system of claim 7, wherein the first Al
model comprises a question-answer (QA) model.
9. The computer system of claim 7, wherein:
the NLP model 1s in communication with a corpus com-
prising the candidate text, the NLP model being further
configured to extract the first phrase from the corpus.
10. The computer system of claim 7, wherein the Al
platform further comprises:
a sentence assembler configured to:
access the first phrase and the selected second phrase;
and
substitute the first phrase and the selected second
phrase into a plurality of cause-eilect patterns to
generate a plurality of variant sentences including
the first and selected second phrases ; and
a second Al model configured to:
determine respective probabilities that the variant sen-
tences are inferred from the candidate text;
calculate a statistical measure of the respective prob-
abilities; and
assess the calculated statistical measure to ascertain
whether the first and selected second phrases possess
a causal relationship or non-causal relationship to
one another.
11. The computer system of claim 7, wherein the director
1s configured to train the AI model with the first and selected
second phrases.

12. A computer program product comprising:
a computer readable storage device; and

program code embodied with the computer readable stor-
age device, the program code executable by the pro-
cessor to:

access candidate text;

extract a candidate pair of first and second phrases from
the candidate text;
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substitute the extracted first and second phrases 1nto a
plurality of cause-eflect patterns to generate a plu-
rality of varniant sentences including the first and
second phrases;

determine respective probabilities that the variant sen-
tences are inferred from the candidate text;

calculate a statistical measure of the respective prob-
abilities;

assess the calculated statistical measure to ascertain
whether the first and second phrases possess a causal
relationship or non-causal relationship to one
another; and

populate a knowledge base with the candidate text
including the first and second phrases possessing the
causal relationship.

13. The computer program product of claim 12, further
comprising program code executable by the processor to:
extract the candidate pair from a corpus.
14. The computer program product of claim 13, further
comprising program code executable by the processor to:
lemmatize a plurality of causal patterns;
convert the lemmatized causal patterns to regexes;
lemmatize the candidate text;
determine whether the lemmatized candidate text matches
one or more of the regexes; and
identily the candidate pair from the lemmatized candidate
text and the matched one or more of the regexes.
15. The computer program product of claim 12, further
comprising program code executable by the processor to:
extract a noun phrase and a prepositional phrase descrip-
tive of the noun phrase from the corpus, the noun and
preposition phrases collectively representing the first
phrase or the second phrase.
16. A computer-implemented method comprising:
accessing candidate text and a candidate pair of first and
second phrases;
substituting the first and second phrases into a plurality of
cause-ellect patterns to generate a plurality of varant
sentences mncluding the first and second phrases;
leveraging an Al model to:

determine respective probabilities that the variant sen-
tences are inferred from the candidate text;

calculate a statistical measure of the respective prob-
abilities; and

assess the calculated statistical measure to ascertain
whether the first and second phrases possess a causal
relationship or non-causal relationship to one
another; and

populating a knowledge base with the candidate text
including the first and second phrases possessing the
causal relationship.
17. The computer-implemented method of claim 16,
wherein the Al model comprises an inference model.
18. The computer-implemented method of claim 16, fur-
ther comprising:
extracting the candidate pair from a corpus, the corpus
comprising the candidate text.
19. The computer-implemented method of claim 18, fur-
ther comprising:
lemmatizing a plurality of causal patterns;
converting the lemmatized causal patterns to regexes;
lemmatizing the candidate text;
determining whether the lemmatized candidate text
matches one or more of the regexes; and
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identifying the candidate pair from the lemmatized can-

didate text and the matched one or more of the regexes.

20. The computer-implemented method of claim 18, fur-
ther comprising:

extracting a noun phrase and a prepositional phrase

descriptive of the noun phrase from the corpus, the
noun and preposition phrases collectively representing
the first phrase or the second phrase.

21. The computer-implemented method of claim 16, fur-
ther comprising traimng the Al model using the candidate
texts mcluding the first and second phrases possessing the
causal relationship.

22. A computer-implemented method comprising;:
generating a natural language (NL) question using a first
phrase representing a cause or an eflect;
leveraging a first AI model, the leveraging of the first Al
model comprising:
extracting one or more candidate second phrases from
candidate text;
determining respective probabilities that the one or
more candidate second phrases answer the NL ques-
tion;
selecting the candidate second phrase with the highest

probability as possessing a causal relationship with
the first phrase; and
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populating a knowledge base with the first and selected

second phrases.

23. The computer-implemented method of claim 22,
wherein the first Al model comprises a question-answer
(QA) model.

24. The computer-implemented method of claim 22, fur-
ther comprising training the Al model with the first and
selected second phrases.

25. The computer-implemented method of claim 22, fur-
ther comprising:

substituting the first and selected second phrases mto a

plurality of cause-eflect patterns to generate a plurality
of variant sentences including the first and selected
second phrases;

leveraging a second Al model, the leveraging of the

second Al model comprising:

determining respective probabilities that the varnant
sentences are inferred from the candidate text;

calculating a statistical measure of the respective prob-
abilities; and

assessing the calculated statistical measure to ascertain

whether the first and selected second phrases possess a
causal relationship or non-causal relationship to one
another.
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