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(57) ABSTRACT

Embodiments are provided for intelligent causal knowledge
analysis from data sources 1 a computing system by a
processor. Multiple communications may be identified from
one or more data sources. One or more causal statements
having a cause-eflect relationship may be extracted from the
plurality of communications.

500 )
550
510 ;o
S07 e - 230 CAUSE-EFFECT PAIRS SEARCH
/] CAUSAL KNOWLEDGE EXTRACTION ENGINE 7 S g
| 4 . : Bty /cau sab_sesrch ] :
E i _}1'{’ -.-114 CAEJ'.‘JAL E o

o A / Lm|KNOWLEDGE | CAUSALITY ANALYSIS :
| | IDENTIFICATION OF |, EXTRACTIONOF | APIS || EEER ity anaiyes }
1 ICAUSAL STATEMENTS! T CAUSE BFFECTRAIRS] | SR _ S

. | * _ EVIDENCE SEARCH

520
] . ' 540
| SEMANTIC EMBEDTHNGS ENGINE y ) o
- 5o Y 6 | MIND-MAP CREATION :
A LARGE CORPUS i oy Ty ) ZEEDR E U B '5
o L / - / : HOST /mingmapgen 5
GF TEX pef | ‘ syryerran B | SIMILARITY | S ;
S VWORD . ] ogE E fOSENTENCE | ABIS } DEEP SIMILARTIY SEARCH
cnvsenomGe P CONCEPT g Z0 © o N
<AVt b E?‘ﬁEE{}DiNGSE i kil 3. L{é_ﬁ_ ;'Ci.t_mif.?s.}‘h"_ rirase)
““““““““““““““““ | . HAIST /deensin/on/

CAUSAL EXTRACTION FRAMEWORK & APIS

560
£

Souice:

Acadenic _{ COULD EXROFION CAUSE INURY?
Berchinisk | COULD VACCINE CAUSE FEVER?
Docutnent ~

designed By
Llumen Javpents .

SN O

I NGRICEN
OG5, RS Gitfcies -

CAUSE ANLD EFFECT PAIRS

Sowve: o newr wricle COULD EXPLOSION CAUSE FIHE INSIDE & FACTORY BLILINNGT

P ( COULD CURRENCY APPRECIATION AGAINST MONEY CAUSE LOW INFLATION?
AI SIOGEIS o COULD WEANENING ECONOMIC ENVIRDMNMENT CAUSE RISING UNEMPLOYMENT RATES?
COULEY INCREASE £ CORRUPTION CAUSE UNFAIR ALLOCATION OF GOVERNMENT BUDGET?

ABCD Govt | COULD RISING REGIGNAL TENSIONS CAUSE INCREASED DEFENCE SPENDING?
A Apstest Repewr ] COULD AGEING POPULATION AND YOUTH BULGES CAUSE STRAINING RESOURCES?

SO | | COULD SOOIAL PROGRAMS CAUSE MIGHER QUALITY OF LiFEY
COULD WEATYR INEGDALUTIES CADLSE ROMIAL FISSURESY

COULD IRIURY TAUSE EXBLOBMONT
COULD REPORT CAULE PANEL?

- g - e - —pr b e o o e e i R o g g™ - s - - —pr bl o i o e e - b e e i e e i R e ‘- g g - g - g g g g’ - g e '

- g g g g s g e - b e e i e e i e e g g g - - - — g e’ - - ' ‘g g s -y s s e e g e g - g g



US 2020/0401910 Al

Dec. 24, 2020 Sheet 1 of 7

Patent Application Publication

1 9l

(S13DIA3G
TWYNHILIXT W

HALAVOV AHOMIIN o7 (S)30V4UILNI
. VASN gLl avidsio
........................................................................... O/ m
e :
: 77 v

LING
DNISSAO0H

/

A

971

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii




Patent Application Publication Dec. 24, 2020 Sheet 2 of 7 US 2020/0401910 A1l




US 2020/0401910 Al

Dec. 24, 2020 Sheet 3 of 7

Patent Application Publication

15
A

H3IAVT 3DIAZ0 /

4 f

IHYMLI0S GNY IHYMAYYH /
79 19 /
T w _

o

(X
i1
[
N R
i
i i
i
i1
[
N R .
“.
_h..

ZOM.M..QNE%DF%S\

0 1-
“_.l
. +
+
. H :
+
. +
i -
4
111111111 - b

\_
LNIWIDYNYIN /

g 0
pamrrre




Patent Application Publication Dec. 24, 2020 Sheet 4 of 7 US 2020/0401910 A1l

400
\
R 17
/
J/'.
A9
1
/

INTELLIGENT CAUSAL KNOWLEDGE
EXTRACTION SERVICE

DATA ANALYZING COMPONENT

450
' /l
IDENTIFIER COMPONENT

450
e
EXTRACTION COMPONENT

470
| MACHINE LEARNING MODEL COMPONENT

480

| CAUSAL KNOWLEDGE COMPONENT



US 2020/0401910 Al

5 'Ol

(SIWNISSIA TS 35NVD SHLTIVIRANS HEVIM QW00 L sononos stenie

2377 30 ALTYND UIHDH 35NV SWYRDO0UE WS GINCT | o

(SIILNASS DNINIYELS 350V SINOE HLN0A ONY NOUY NS0 DRINSY QINOD | iy iy
CEMIGRICS BOREIC GASVIBIMEISNYD SRISNIL IWROIDIY DRISH INCD | HACLY (U

Ted 2SO

LI3DONE ANINNUIAGS 40 NOBVIOTIV SIVAND 35067 NOLLSNHYOD N) ASYIEINE (10D R MU

e DRSNS

¢S3198 INFNADTANINT DMISIR 3SNIVD ANSINNORIANTG 2INWONO33 SNININYIM JIN02 ~ SIBHON YEN
ENGILYHEN MOT 350V] AINCW ISNIVDY NOULWDEHEdY ADNIHEND Q110D | g

FORIETHITE AHDLOWE ¥ IGISHE 28I ISNVINDISDTINY GINGT 210 saan D 1A3NI0g

o “ UL

CIENYS SNV ENCGETY IR0 CHIAZE ISV BNODVA CINOD 1 R
CNOISTIAXT ISNYD AMOINI Q10D ¢ AN 350VD NOISQWEX3 31000 | PO
SRIHOT

Sdivid 103443 QNY 3SNVD

Dec. 24, 2020 Sheet 5 of 7

Patent Application Publication

e
(8%
| SidY § FUOMINVES NOLLOVHLXT WSHVD
.| {soNGazaNG mo,mu%ummw%m | SONIGOIEN | B
b1 Sy IDNIINIS | AR L guom |
b e | owmaswyHd | | :
” ALY HALS P \ 1111111111111111111111111 et e \ 111111111111111111111 “Im X34 30 mm
| dma / | SNd¥0D 3DWTY
S - 9¢s iTAS A : | w
L e INIONT SONIQOIBING DILNVINIS L L
w UFS ,.__ | | L ..".w,. w
N\
$TAS |
_ Sivd 193443 35NYD | |SININILYIS WSAYD] |
RGN T I 3O NOUJVMAXS || 10 NOUVORINGGY | | | e i
| 30QTIMONN 7 7 4
mreungs e B SRR L L B N a2 718 e w
A L INIONI NOILOVHELXT 3DOCITMONY T5YD | m
A S/ 208
0Ls X
\
30



Patent Application Publication Dec. 24, 2020 Sheet 6 of 7 US 2020/0401910 A1l

IDENTIFY A PLURALITY OF COMMUNICATIONS FROM ONE OR MORE |
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INTELLIGENT CAUSAL KNOWLEDGE
EXTRACTION FROM DATA SOURCES

BACKGROUND OF THE INVENTION

Field of the Invention

[0001] The present invention relates in general to com-
puting systems, and more particularly, to various embodi-
ments for intelligent causal knowledge analysis from data
sources by a processor.

Description of the Related Art

[0002] In today’s society, consumers, businesspersons,
educators, and others communicate over a wide variety of
mediums 1n real time, across great distances, and many
times without boundaries or borders. With the increased
usage ol computing networks, such as the Internet, humans
are currently inundated and overwhelmed with the amount
of information available to them from various structured and
unstructured sources. Due to the recent advancement of
information technology and the growing popularity of the
Internet, a wide variety of computer systems have been used
in machine learning. Machine learning 1s a form of artificial
intelligence (“AI”) that 1s employed to allow computers to
evolve behaviors based on empirical data.

SUMMARY OF THE INVENTION

[0003] Various embodiments of intelligent causal knowl-
edge analysis from data sources 1n a computing system by a
processor are provided. In one embodiment, by way of
example only, a method for providing intelligent causal
knowledge analysis from data sources in a computing sys-
tem, again by a processor, 1s provided. Multiple communi-
cations may be identified from one or more data sources.
One or more causal statements having a cause-eflect rela-
tionship may be extracted from the plurality of communi-
cations. In an additional aspect, a corpus of text documents
may be received as mput data. performs identification of
causal statements 1n the mput corpus, extracts cause-ellect
pairs from the statements, and provides retrieval and analy-
s1s functions over the extracted collection of cause-eflect
pairs

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] Inorder that the advantages of the mnvention will be
readily understood, a more particular description of the
invention briefly described above will be rendered by ret-
erence to specific embodiments that are illustrated in the
appended drawings. Understanding that these drawings
depict only typical embodiments of the invention and are not
therefore to be considered to be limiting of 1ts scope, the
invention will be described and explained with additional
specificity and detail through the use of the accompanying
drawings, 1n which:

[0005] FIG. 1 1s a block diagram depicting an exemplary
cloud computing node according to an embodiment of the
present ivention;

[0006] FIG. 2 1s an additional block diagram depicting an
exemplary cloud computing environment according to an
embodiment of the present invention;

[0007] FIG. 3 1s an additional block diagram depicting
abstraction model layers according to an embodiment of the
present mvention;
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[0008] FIG. 4 15 a block diagram depicting an operation
mode for intelligent causal knowledge analysis from data
sources 1n which various aspects of the present invention
may be realized;

[0009] FIG. § 1s an additional block diagram depicting an
operation mode for intelligent causal knowledge analysis
and/or extraction from data sources in which various aspects
of the present invention may be realized;

[0010] FIG. 6 1s a flowchart diagram depicting an exem-
plary method for providing intelligent causal knowledge
analysis and/or extraction 1n a computing environment by a
processor in which aspects of the present invention may be
realized; and

[0011] FIG. 7 1s a flowchart diagram depicting an addi-
tional exemplary method for providing intelligent causal
knowledge analysis and/or extraction 1n a computing envi-
ronment by a processor, again in which aspects of the
present invention may be realized.

DETAILED DESCRIPTION OF THE DRAWINGS

[0012] As a preliminary matter, computing systems may
include large scale computing called *““cloud computing,” 1n
which resources may interact and/or be accessed via a
communications system, such as a computer network.
Resources may be software-rendered simulations and/or
emulations of computing devices, storage devices, applica-
tions, and/or other computer-related devices and/or services
run on one or more computing devices, such as a server. For
example, a plurality of servers may communicate and/or
share information that may expand and/or contract across
servers depending on an amount of processing power, stor-
age space, and/or other computing resources needed to
accomplish requested tasks. The word “cloud” alludes to the
cloud-shaped appearance of a diagram of interconnectivity
between computing devices, computer networks, and/or
other computer related devices that interact in such an
arrangement.

[0013] Currently, capturing and representing causal
knowledge 1s a challenging problem 1n artificial intelligence
(“Al”’) computing systems, with important applications in
various domains such as, for example, healthcare, legal, and
enterprise risk management. For example, extracting causal
knowledge from text, with the goal of answering questions
like “could X cause Y?”°, “what could X cause?”’, or “what
leads to Y7, where X and Y are phrases that, for example,
describe an event or condition such as: 1) “higher taxes”
“stock market crash”, and ‘“an increase in inflation rate”
(linance domain), 2) “influenza”, “taking medicine”, and
“extended exposure to pollution™ (healthcare domain), 3)
“broken brake pads™, “crack in windshield”, and “old engine
01l (vehicle maintenance).

[0014] While an Al operation may be used for causal
discovery and modeling from structured data and events, a
need exist for employing an Al operation for solving the
challenge of extracting causal knowledge described in natu-
ral language within a data source (e.g., a text document),
without placing restrictions on causes and eflects such as, for
example, by not restricting the causes and eflects to events
with a particular semantic representation.

[0015] Accordingly, the present invention provides a solu-
tion for eflective analysis and/or extraction of cause-ellect
pairs from a corpus of text data (e.g., text documents) and
locating semantically related causes and eflects 1n order to
answer causal questions along with providing evidence from
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the mput text corpus. In one aspect, the present invention
provides for intelligent causal knowledge analysis and/or
extraction from data sources 1n a computing system. Mul-
tiple communications (e.g., structured and/or unstructured
data) may be i1dentified from one or more data sources. One
or more causal statements having a cause-eflect relationship
may be extracted from the plurality of communications.

[0016] Inan additional aspect, an intelligent causal knowl-
edge analysis and extraction system of various embodiments
described herein may perform an Al operation such as, for
example, a natural language processing (“NLP”) operation.
The intelligent causal knowledge analysis and extraction
system may perform an extraction of cause-eflect pairs from
an mnput text corpus and may provide a semantic similarity
search over “cause” and “‘effect” clauses/sentences of text
data for eflective causal relation analysis for an input cause
and/or eflect. Also, the intelligent causal knowledge analysis
and extraction system may perform an analysis and extrac-
tion of cause-eflect pairs without any semantic restrictions
on cause and effect data/commumnications (e.g., text data
such as, for example, sentences, clause, phrases, etc.) with-
out requiring labeled training data.

[0017] In an additional embodiment, a corpus of text data
(e.g., text documents) may be received as input. The corpus
of text data (e.g., text documents) may be ingested and
transformed 1into a collection of clauses/sentences and
phrases that may be used 1n: 1) a causal knowledge extrac-
tion engine, which identifies sentences that are likely to be
causal statements, and then extracts cause and eflect phrases
from these causal sentences, and 2) a semantic embeddings
engine, which builds distributed representations of the
words, phrases, and clauses/sentences in the corpus of text
data that are then used to handle the variety of representa-
tions of causes and eflects 1n natural language, and enable
ellective retrieval and analysis of the extracted cause-eflect
pairs.

[0018] The present mvention enables various queries/
questions, answers, and analysis tasks using the extracted
causal knowledge. For example, the intelligent causal
knowledge extraction system, as described herein, may be
used to answer queries/questions in a variety of forms,
structures, and semantic structures such as, for example,
“could X cause Y?”, “What could X cause?”’, or “What leads
to Y77 where “X” and “Y” are generic/general phrases
without any constraints. The query/question and answering,
operations performed via the intelligent causal knowledge
extraction system may be: 1) based on direct lookup over an
index of all the extracted cause-eflect pairs, 2) based on a
similarity search for retrieving cause-etlect pairs with causes
similar to a defined parameter/variable (e.g., “X”) and/or
cllects similar to an additional/alternative defined param-
cter/variable (e.g., “Y™), 3) based on creating a causal
knowledge graph, and/or 4) based on use of Al planning
based operations to enable eflicient and effective analysis of
plausible paths from X and/or to Y in the causal graph. A
score may be assigned to each answer, and evidence from
the 1put corpus may be provided to support the answer.

[0019] It should be noted as described herein, the term
“intelligent” (or “cognitive/cognition”) may be relating to,
being, or mvolving conscious intellectual activity such as,
for example, thinking, reasoning, or remembering, that may
be performed using a machine learning. In an additional
aspect, cognitive or “intelligent may be the mental process
of knowing, including aspects such as awareness, percep-
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tion, reasoning and judgment. A machine learning system
may use artificial reasoming to interpret data from one or
more data sources (e.g., sensor based devices or other
computing systems) and learn topics, concepts, and/or pro-
cesses that may be determined and/or derived by machine
learning.

[0020] In an additional aspect, cognitive or “intelligent™
may refer to a mental action or process of acquiring knowl-
edge and understanding through thought, experience, and
one or more senses using machine learning (which may
include using sensor based devices or other computing
systems that include audio or video devices). Cognitive/
intelligent may also refer to identifying patterns of behavior,
leading to a “learning” of one or more events, operations, or
processes. Thus, the intelligent model may, over time,
develop semantic labels to apply to observed behavior and
use a knowledge domain or ontology to store the learned
observed behavior. In one embodiment, the system provides
for progressive levels of complexity in what may be learned
from the one or more events, operations, or processes.

[0021] In an additional aspect, the term intelligent may
refer to an 1ntelligent system. The intelligent system may be
a specialized computer system, or set of computer systems,
configured with hardware and/or software logic (1n combi-
nation with hardware logic upon which the software
executes) to emulate human cognitive functions. These
intelligent systems apply human-like characteristics to con-
vey and manipulate ideas which, when combined with the
inherent strengths of digital computing, can solve problems
with a high degree of accuracy (e.g., within a defined
percentage range or above an accuracy threshold) and resil-
ience on a large scale. An intelligent system may perform
one or more computer-implemented intelligent operations
that approximate a human thought process while enabling a
user or a computing system to interact in a more natural
manner. An intelligent system may use Al logic, such as
NLP based logic, for example, and machine learning logic,
which may be provided as specialized hardware, software
executed on hardware, or any combination of specialized
hardware and software executed on hardware. The logic of
the mtelligent system may implement the intelligent opera-
tion(s), examples of which include, but are not limited to,
question answering, identification of related concepts within
different portions of content 1 a corpus, and intelligent
search algorithms, such as Internet web page searches.

[0022] In general, such intelligent systems are able to
perform the following functions: 1) Navigate the complexi-
ties of human language and understanding; 2) Ingest and
process vast amounts of structured and unstructured data; 3)
Generate and evaluate hypotheses; 4) Weigh and evaluate
responses that are based only on relevant evidence; 5)
Provide situation-specific advice, insights, estimations,
determinations, evaluations, calculations, and guidance; 6)
Improve knowledge and learn with each 1teration and inter-
action through machine learning processes; 7) Enable deci-
sion making at the point of 1mpact (contextual guidance); 8)
Scale 1 proportion to a task, process, or operation; 9)
Extend and magnily human expertise and intelligent; 10)
Identily resonating, human-like attributes and traits from
natural language; 11) Deduce various language specific or
agnostic attributes from natural language; 12) Memorize and
recall relevant data points (1mages, text, voice) (e.g., a high
degree of relevant recollection from data points (images,
text, voice) (memorization and recall)); and/or 13) Predict
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and sense with situational awareness operations that mimic
human 1ntelligent based on experiences.

[0023] Other examples of various aspects of the illustrated
embodiments, and corresponding benefits, will be described
turther herein.

[0024] It 1s understood in advance that although this
disclosure 1ncludes a detailed description on cloud comput-
ing, implementation of the teachings recited herein are not
limited to a cloud computing environment. Rather, embodi-
ments of the present mvention are capable of being imple-
mented 1n conjunction with any other type of computing
environment now known or later developed.

[0025] 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,
applications, virtual machines, and services) that can be
rapidly provisioned and released with minimal management
cllort 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.

[0026] Characteristics are as follows:

[0027] 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.

[0028] 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).

[0029] 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 level of abstraction (e.g.,
country, state, or datacenter).

[0030] Rapid elasticity: capabilities can be rapidly and
clastically provisioned, 1n 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.

[0031] Measured service: cloud systems automatically
control and optimize resource use by leveraging a metering
capability at some level 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.

10032]

[0033] Software 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 e-mail).
The consumer does not manage or control the underlying
cloud infrastructure including network, servers, operating
systems, storage, or even mdividual application capabilities,
with the possible exception of limited user-specific applica-
tion configuration settings.

Service Models are as follows:
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[0034] Platform as a Service (PaaS): the capability pro-
vided to the consumer i1s to deploy onto the cloud inira-
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.

[0035] Infrastructure as a Service (laaS): the capability
provided to the consumer 1s to provision processing, storage,
networks, and other fundamental computing resources
where the consumer 1s able to deploy and run arbitrary
soltware, 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).

10036]

[0037] Prnvate cloud: the cloud infrastructure i1s operated
solely for an organmization. It may be managed by the
organization or a third party and may exist on-premises or
ofl-premises.

[0038] 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.

[0039] 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.

[0040] 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).

[0041] A cloud computing environment 1s service oriented
with a focus on statelessness, low coupling, modulanty, and
semantic interoperability. At the heart of cloud computing 1s
an infrastructure comprising a network of interconnected
nodes.

[0042] Referring now to FIG. 1, a schematic of an
example of a cloud computing node 1s shown. Cloud com-
puting node 10 1s only one example of a suitable cloud
computing node and 1s not intended to suggest any limitation
as to the scope of use or functionality of embodiments of the
invention described herein. Regardless, cloud computing
node 10 1s capable of being implemented and/or performing
any of the functionality set forth hereinabove.

[0043] In cloud computing node 10 there 1s a computer
system/server 12, which 1s operational with numerous other
general purpose or special purpose computing system envi-
ronments or configurations. Examples of well-known com-
puting systems, environments, and/or configurations that
may be suitable for use with computer system/server 12
include, but are not limited to, personal computer systems,
server computer systems, thin clients, thick clients, hand-
held or laptop devices, multiprocessor systems, micropro-
cessor-based systems, set top boxes, programmable con-
sumer electronics, network PCs, minicomputer systems,

Deployment Models are as follows:
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mainframe computer systems, and distributed cloud com-
puting environments that include any of the above systems
or devices, and the like.

[0044] Computer system/server 12 may be described in
the general context of computer system-executable 1nstruc-
tions, such as program modules, being executed by a com-
puter system. Generally, program modules may include
routines, programs, objects, components, logic, data struc-
tures, and so on that perform particular tasks or implement
particular abstract data types. Computer system/server 12
may be practiced in distributed cloud computing environ-
ments 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 in both local and remote computer
system storage media including memory storage devices.

[0045] As shown in FIG. 1, computer system/server 12 1n
cloud computing node 10 1s shown 1n the form of a general-
purpose computing device. The components of computer
system/server 12 may include, but are not limited to, one or
more processors or processing units 16, a system memory
28, and a bus 18 that couples various system components
including system memory 28 to processor 16.

[0046] Bus 18 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 of example, and not limitation, such
architectures include Industry Standard Architecture (ISA)
bus, Micro Channel Architecture (IMCA) bus, Enhanced ISA
(EISA) bus, Video Flectronics Standards Association

(VESA) local bus, and Peripheral Component Interconnects
(PCI) bus.

[0047] Computer system/server 12 typically includes a
variety of computer system readable media. Such media
may be any available media that 1s accessible by computer
system/server 12, and it includes both volatile and non-
volatile media, removable and non-removable media.

[0048] System memory 28 can include computer system
readable media 1n the form of volatile memory, such as
random access memory (RAM) 30 and/or cache memory 32.
Computer system/server 12 may further include other
removable/non-removable, volatile/non-volatile computer
system storage media. By way of example only, storage
system 34 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 instances, each can be connected to bus 18 by one
or more data media interfaces. As will be further depicted
and described below, system memory 28 may include at
least one program product having a set (e.g., at least one) of
program modules that are configured to carry out the func-
tions of embodiments of the invention.

[0049] Program/utility 40, having a set (at least one) of
program modules 42, may be stored in system memory 28
by way of example, and not limitation, as well as an
operating system, one or more application programs, other
program modules, and program data. Each of the operating,
system, one or more application programs, other program
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modules, and program data or some combination thereof,
may include an implementation of a networking environ-
ment. Program modules 42 generally carry out the functions
and/or methodologies of embodiments of the invention as
described herein.

[0050] Computer system/server 12 may also communicate
with one or more external devices 14 such as a keyboard, a
pointing device, a display 24, etc.; one or more devices that
ecnable a user to interact with computer system/server 12;
and/or any devices (e.g., network card, modem, etc.) that
enable computer system/server 12 to communicate with one
or more other computing devices. Such communication can
occur via Input/Output (I/O) interfaces 22. Still yet, com-
puter system/server 12 can communicate with one or more
networks such as a local area network (LAN), a general wide
area network (WAN), and/or a public network (e.g., the
Internet) via network adapter 20. As depicted, network
adapter 20 communicates with the other components of
computer system/server 12 via bus 18. It should be under-
stood that although not shown, other hardware and/or soft-
ware components could be used 1n conjunction with com-
puter system/server 12. 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, etc.

[0051] Referring now to FIG. 2, illustrative cloud com-
puting environment 50 1s depicted. As shown, cloud com-
puting environment 50 comprises one or more cloud com-
puting nodes 10 with which local computing devices used by
cloud consumers, such as, for example, personal digital
assistant (PDA) or cellular telephone 34A, desktop com-
puter 54B, laptop computer 54C, and/or automobile com-
puter system 34N may communicate. Nodes 10 may com-
municate with one another. They may be grouped (not
shown) physically or virtually, in one or more networks,
such as Private, Community, Public, or Hybrid clouds as
described hereinabove, or a combination thereof. This
allows cloud computing environment 50 to oifer infrastruc-
ture, platforms and/or software as services for which a cloud
consumer does not need to maintain resources on a local
computing device. It 1s understood that the types of com-
puting devices 54A-N shown in FIG. 2 are intended to be
illustrative only and that computing nodes 10 and cloud
computing environment 30 can communicate with any type
of computerized device over any type ol network and/or
network addressable connection (e.g., using a web browser).

[0052] Referring now to FIG. 3, a set of functional
abstraction layers provided by cloud computing environ-
ment 30 (FIG. 2) 1s shown. It should be understood in
advance that the components, layers, and functions shown 1n
FIG. 3 are intended to be 1llustrative only and embodiments
of the invention are not limited thereto. As depicted, the
following layers and corresponding functions are provided:

[0053] Device layer 55 includes physical and/or virtual
devices, embedded with and/or standalone electronics, sen-
sors, actuators, and other objects to perform various tasks 1n
a cloud computing environment 50. Each of the devices 1n
the device layer 55 incorporates networking capability to
other functional abstraction layers such that information
obtained from the devices may be provided thereto, and/or
information from the other abstraction layers may be pro-
vided to the devices. In one embodiment, the various devices
inclusive of the device layer 55 may incorporate a network
of entities collectively known as the “internet of things”
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(Io'T). Such a network of entities allows for mtercommuni-
cation, collection, and dissemination of data to accomplish
a great variety of purposes, as one ol ordinary skill 1n the art
will appreciate.

[0054] Device layer 55 as shown includes sensor 52,
actuator 33, “learning” thermostat 56 with integrated pro-
cessing, sensor, and networking electronics, camera 57,
controllable household outlet/receptacle 58, and controllable
clectrical switch 59 as shown. Other possible devices may
include, but are not limited to various additional sensor
devices, networking devices, electronics devices (such as a
remote-control device), additional actuator devices, so
called “smart” appliances such as a refrigerator or washer/
dryer, and a wide variety of other possible iterconnected
objects.

[0055] Hardware and software layer 60 includes hardware
and software components. Examples of hardware compo-
nents include: mainframes 61; RISC (Reduced Instruction
Set Computer) architecture based servers 62; servers 63;
blade servers 64; storage devices 65; and networks and
networking components 66. In some embodiments, software
components include network application server software 67
and database software 68.

[0056] Virtualization layver 70 provides an abstraction
layer from which the following examples of virtual entities
may be provided: virtual servers 71; virtual storage 72;
virtual networks 73, including virtual private networks;

virtual applications and operating systems 74; and virtual
clients 75.

[0057] In one example, management layer 80 may provide
the functions described below. Resource provisioning 81
provides dynamic procurement of computing resources and
other resources that are utilized to perform tasks within the
cloud computing environment. Metering and Pricing 82
provides cost tracking as resources are utilized within the
cloud computing environment, and billing or mvoicing for
consumption of these resources. In one example, these
resources may comprise application software licenses. Secu-
rity provides 1dentity verification for cloud consumers and
tasks, as well as protection for data and other resources. User
portal 83 provides access to the cloud computing environ-
ment for consumers and system admimistrators. Service level
management 84 provides cloud computing resource alloca-
tion and management such that required service levels are
met. Service Level Agreement (SLA) planning and fulfill-
ment 85 provides pre-arrangement for, and procurement of,
cloud computing resources for which a future requirement 1s
anticipated 1n accordance with an SLA.

[0058] Workloads layer 90 provides examples of function-
ality for which the cloud computing environment may be
utilized. Examples of workloads and functions which may
be provided from this layer include: mapping and navigation
91; software development and lifecycle management 92;
virtual classroom education delivery 93; data analytics pro-
cessing 94; transaction processing 95; and, in the context of
the illustrated embodiments of the present invention, various
intelligent causal knowledge analysis and/or extraction
workloads and functions 96. In addition, intelligent causal
knowledge analysis and/or extraction workloads and func-
tions 96 may include such operations as data analytics, data
analysis, and as will be further described, notification func-
tionality. One of ordinary skill 1n the art will appreciate that
the mtelligent causal knowledge analysis and/or extraction
workloads and functions 96 may also work 1n conjunction

Dec. 24, 2020

with other portions of the various abstraction layers, such as
those 1n hardware and software 60, virtualization 70, man-
agement 80, and other workloads 90 (such as data analytics
processing 94, for example) to accomplish the various
purposes of the illustrated embodiments of the present
invention.

[0059] As previously mentioned, the mechanisms of the
illustrated embodiments provide novel approaches for a
system for extraction and analysis of causal knowledge from
a corpus of text data such as, for example, millions of news
articles, journals, papers, and/or reports. In one aspect, the
present invention performs an extraction of causal state-
ments from a text corpus. A collection of application pro-
gramming 1nterfaces (“APIs”) may be provided for causal
analysis and retrieval. Each of the APIs enable searching for
the effects ol a given cause (or causes of a given eflect), as
well as an analysis of existence of causal relation given a
pair of text data (e.g., words, clauses, phrases, sentences,
etc.). The causal analysis operation may include providing a
score (e.g., a confidence score) indicating a degree of
likelihood/accuracy of the existence of a causal relation. The
causal analysis operation also provides evidences from the
corpus of text data explains why a causal relation may exist
between the input text data (e.g., words, clauses, phrases,
sentences, etc.). In one aspect, a machine learning operation
(e.g., unsupervised and supervised operations) of causal
relation extraction may be performed without imposing
semantic constraints on causes and ellects.

[0060] Turning now to FIG. 4 a block diagram depicting
exemplary functional components 400 according to various
mechanisms of the illustrated embodiments 1s shown. FIG.
4 1llustrates systems 400 for intelligent causal knowledge
analysis and/or extraction. As will be seen, many of the
functional blocks may also be considered “modules™ or
“components” of functionality, in the same descriptive sense
as has been previously described 1in FIGS. 1-3. With the
foregoing 1n mind, the module/component blocks 400 may
also be incorporated into various hardware and software
components of a system for intelligent causal knowledge
extraction 1n accordance with the present invention. Many of
the functional blocks 400 may execute as background pro-
cesses on various components, either 1 distributed comput-
ing components, or on the user device, or elsewhere.

[0061] As illustrated 1n FIG. 4, intelligent causal knowl-
edge extraction service 410 1s shown, incorporating process-
ing unit 420 (“processors) and memory 430, which may also
be the processing unit 16 (“processor’”) and memory 28 of
FIG. 1, to perform various computational, data processing
and other functionality 1n accordance with various aspects of
the present invention. The processing umt 420 may be in
communication with memory 430. The intelligent causal
knowledge extraction service 410 may be provided by the
computer system/server 12 of FIG. 1.

[0062] As one of ordinary skill 1in the art will appreciate,
the depiction of the various functional units 1n the intelligent
causal knowledge extraction service 410 1s for purposes of
illustration, as the functional units may be located within the
intelligent causal knowledge extraction service 410 or else-
where within and/or between distributed computing com-
ponents.

[0063] The ntelligent causal knowledge extraction service
410 may 1include a data analyzing component 440, an
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identifier component 450, an extraction component 460, a
machine learning model component 470, and a causal
knowledge component 480.

[0064] In one embodiment, by way of example only, the
data analyzing component 440 and the 1dentifier component
450 may analyze and identify structured and/or unstructured
data such as, for example, a plurality of communications
(e.g., words, clauses, phrases, sentences, statements, mes-
sages, etc.) from one or more data sources. The data sources
may be provided as a corpus or group of data sources defined
and/or 1dentified. The data sources may include, but are not
limited to, data sources relating to one or more documents,
materials related to emails, books, scientific papers, online
journals, journals, articles, drafts, audio data, video data,
and/or other various documents or data sources capable of
being published, displayed, interpreted, transcribed, or
reduced to text data. The data sources may be all of the same
type, for example, pages or articles 1n a wiki or pages of a
blog. Alternatively, the data sources may be of diflerent
types, such as word documents, wilds, web pages, power
points, printable document format, or any document capable
of being analyzed by a natural language processing system.
[0065] In addition to text based documents, other data
sources such as audio, video or 1mage sources may also be
used wherein the audio, video or image sources may be
pre-analyzed to extract or transcribe their content for natural
language processing (via the machine learning component
470, such as converting from audio to text and/or image
analysis. For example, a voice command 1ssued by a content
contributor may be detected by a voice-activated detection
device 404 and record each voice command or communi-
cation. The recorded voice command/communication may
then be transcribed into text data for natural language
processing (“NLP”) and artificial intelligence (Al) to pro-
vide processed content.

[0066] The data sources may be analyzed by the data
analyzing component 440 and the identifier component 450
to data mine or transcribe relevant information from the
content of the data sources (e.g., documents, emails, reports,
notes, audio records, video recordings, live-streaming com-
munications, etc.) in order to display the information n a
more usable manner and/or provide the information in a
more searchable manner.

[0067] The extraction component 460 may extract one or
more causal statements having a cause-eflect relationship
from the plurality of communications.

[0068] The causal knowledge component 480 may clas-
s11y each of the plurality of communications as being the one
or more causal statements or non-causal statement. The
causal knowledge component 480 (and 1n association with
the machine learning component 470) may perform an NLP
operation on the communications to identity the one or more
causal statements where one or more data sources include a
corpus of text data.

[0069] The causal knowledge component 480 may create
an index of a list of a plurality of causal statements collected
of a selected period of time, wherein the 1ndex 1s enabled to
perform a search operation for a defined query. The causal
knowledge component 480 may create cause-ellect relation-
ship graphs having a plurality of nodes and edges represent-
ing the one or more causal statements having the cause-
cllect relationship.

[0070] The causal knowledge component 480, in associa-
tion with the identifier component 450, may i1dentily a
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frequency of occurrence of each of the one or more causal
statements, and/or assign a confidence score to the one or

more causal statements indicating a degree of accuracy for
the cause-ellect relationship.

[0071] The causal knowledge component 480 may pro-
vide the one or more causal statements to a received cause-
ellect relationship query void of semantic constraints.

[0072] The machine learning component 470 may 1nitiate
a machine learning mechanism to 1) traimn a cause-eflect
relationship model for learning the cause-eflect relationship
to 1dentify the one or more causal statements, 2) identily one
or more semantic similarities between the plurality of com-
munications, and/or 3) identily one or more paths i a
cause-ellect relationship graph representing the one or more

causal statements having the cause-eflect relationship relat-
ing to a recerved cause-ellect relationship query.

[0073] By way of example only, the machine learning
component 470 may determine one or more heuristics and
machine learming based models using a wide variety of
combinations of methods, such as supervised learning, unsu-
pervised learning, temporal difference learning, remnforce-
ment learning and so forth. Some non-limiting examples of
supervised learning which may be used with the present
technology include AODE (averaged one-dependence esti-
mators), artificial neural networks, Bayesian statistics, naive
Bayes classifier, Bayesian network, case-based reasoning,
decision trees, inductive logic programming, (Gaussian pro-
Cess regression, gene expression programming, group
method of data handling (GMDH), learning automata, learn-
ing vector quantization, minimum message length (decision
trees, decision graphs, etc.), lazy learning, instance-based
learning, nearest neighbor algorithm, analogical modeling,
probably approximately correct (PAC) learning, ripple down
rules, a knowledge acquisition methodology, symbolic
machine learming algorithms, sub symbolic machine learn-
ing algorithms, support vector machines, random forests,
ensembles of classifiers, bootstrap aggregating (bagging),
boosting (meta-algorithm), ordinal classification, regression
analysis, information fuzzy networks (IFN), statistical clas-
sification, linear classifiers, fisher’s linear discriminant,
logistic regression, perceptron, support vector machines,
quadratic classifiers, k-nearest neighbor, hidden Markov
models and boosting. Some non-limiting examples of unsu-
pervised learning which may be used with the present
technology include artificial neural network, data clustering,
expectation-maximization, self-organizing map, radial basis
function network, vector quantization, generative topo-
graphic map, information bottleneck method, IBSEAD (dis-
tributed autonomous entity systems based interaction), asso-
ciation rule learning, apriori algorithm, eclat algorithm,
FP-growth algorithm, hierarchical clustering, single-linkage
clustering, conceptual clustering, partitional clustering,
k-means algorithm, fuzzy clustering, and reinforcement
learning. Some non-limiting examples of temporal difler-
ence learning may include Q-learning and learning
automata. Specific details regarding any of the examples of
supervised, unsupervised, temporal difference or other
machine learning described in this paragraph are known and
are considered to be within the scope of this disclosure. The
machine learning operations may include various Al
instances. These Al instances may include IBM® Watson®
Alchemy Language. (IBM Watson and Alchemy are trade-
marks of International Business Machines Corporation).
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[0074] Turning now to FIG. 5, block diagram depicting
exemplary functional components 300 according to various
mechanisms of the illustrated embodiments 1s shown. FIG.
5 1illustrates system 500 for intelligent causal knowledge
analysis and/or extraction. Said differently, FIG. 3 depicts a
causal extraction framework 500. As will be seen, many of
the functional blocks may also be considered “modules™ or
“components” of functionality, in the same descriptive sense
as has been previously described in FIGS. 1-4. With the
foregoing in mind, the module/component blocks 500 may
also be incorporated into various hardware and software
components of a system for intelligent causal knowledge
analysis and/or extraction in accordance with the present
invention. Repetitive description of like elements, compo-
nents, modules, services, applications, and/or functions
employed 1n other embodiments described herein 1s omitted
for sake of brevity.

[0075] As illustrated, the system 500 for itelligent causal
knowledge analysis and/or extraction may include a corpus
of text data 502, a causal knowledge extraction engine 510,
a semantic embeddings engine 520, causal knowledge APIs

530, and deep similarity APIs 540.

[0076] In one aspect, input data may a large corpus of text
data (e.g., documents) 502. The corpus of text data 502 may
be digest and turned 1nto a large collection of words, clauses,
sentences, and/or phrases that are in turn used in the causal
knowledge extraction engine 510 and the semantic embed-
dings engine 520. The ingestion and processing may be
performed 1n parallel on a distributed processing framework.

[0077] The causal knowledge extraction engine 510 may
identify causal sentences that may be i1dentified and/or
interpreted as causal statements, as 1n block 312, and then
extracts cause and eflect pairs, as 1 block 514, such as, for
example, text spans and phrases (e.g., words, clauses, and/or
phrases) from these sentences, which may be performed
using a rule-based approach for detection of causal sen-
tences. Such operations are opposed to an approach relying
on more complex deep parsing since: 1) more complex
operations do not scale to hundreds of millions of documents
and billions of sentences, and 2) given the large size of the
input corpus, the causal knowledge extraction engine 510
may rely on frequency and statistical analysis to identify
noise.

[0078] The rule-based approach may rely on a dictionary,
ontology, or domain knowledge of causal verbs (or discourse
cues). The causal knowledge extraction engine 510 may then
transform, edit, and/or modily the sentences into one or
more (X, Y) pairs where X and Y are text spans or phrases.
For phrase extraction, the causal knowledge extraction
engine 510 may use a number of operations based on regular
expressions on top of part-of-speech tagging 1n addition to
a built-in function of a natural language processing opera-
tion. The output of the causal knowledge extraction engine
510 may be a collection of cause-eflect pairs along with
meta-data 1dentifying a data source and sentence and the
phrase extraction operation (1f any). This output may be
indexed on a distributed Information Retrieval (IR) engine
that enables full-text search on all the fields.

[0079] The semantic embeddings engine 520 may process
a variety of representations of causes and eflects statements
in natural language and enable effective retrieval and analy-
s1s of the extracted cause-eflect pairs ({from block 514). The
semantic embeddings engine 520 may use the corpus of text
data 502 to build a distributed representations of word
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embeddings 522, phrase and concept embeddings 524, and
sentence embeddings 526 (e.g., words, phrases, and sen-
tences) 1n the corpus of text data 502.

[0080] In one aspect, by way of example, only, for build-
ing a distributed representations for words (e.g., word
embeddings 522), a group of related models may be used to
produce word embeddings (e.g., use word2vec). For build-
ing a distributed representations for phrases (e.g., phrase and
concept embeddings 524), an adaptation of word2vec may
be used by treating each sentence as a set of phrases and
building embeddings that do not take the order of the phrases
or the length of the sentence into account. For building a
distributed representations for sentences (e.g., sentence
embeddings 526), a language representation models (e.g.,
BERT based embeddings) may be used. The vectors are then
indexed using a highly eflicient nearest neighbor search
index.

[0081] The causal knowledge APIs 530 and/or deep simi-
larity APIs 540 functions may be used and implemented 1n
a variety ways using the various API functions outlined 1n
block 550 (e.g., searching cause-eflect pairs, causality analy-
s1s, evidence search, mind-map creation, and deep similarity
search).

[0082] For cause-ellect pair searches, the cause-eflect pair
API of block 550 enables searching for 1) eflects of a given
cause, 2) causes ol a given eflect, and/or 3) mentions of a
given cause-ellect pair. The parameters for the search may
include, for example, a cause and etlect (each could be “*”
that indicates (“any”), a query type (e.g., “and” or “OR”), a
data source (e.g., news articles corpus), a field (e.g., “title”
or “body”), a phrase extraction operation for input cause and
cllect (if any), a phrase extraction operation used for cause-
ellect pairs extraction (if any), and/or an extension operation
along with parameters (e.g., phrase embeddings along with
model parameters).

[0083] For searching for cause-etlect evidence/proot, the
evidence API of block 500 may be similar to the causal
knowledge APIs 530 and/or deep similarity APIs 540 and be
used with the same input parameters may be used/employed
and return groups of source sentences along with meta-data
(e.g., a URL of the news article).

[0084] The causal analysis API of block 550 also takes 1n
a cause-cllect pair with the same parameters as the above
APIs and returns a “causality score” 1n addition to the list of
cause-cllect pairs as evidences in the mput corpus. The
causality score may be determined/calculated in a number of
different operations, which 1s an additional 1nput parameter.
For example, one operation of calculating (e.g., “operation
17”) the causality score 1s by dividing a number of hits founds
for the cause-etlect pair (X, Y) by the number of hits found
for the cause-eflect pair (Y, X). This 1s based on the intuition
that 1 X causes Y, it 1s less likely that Y causes X.

[0085] In an additional example (e.g., “Operation 27°), the
operation of calculating the causality score may use sentence
embeddings and returns the average similarity of the top-k
causal sentences to an input sentence such as, for example,
“X may cause Y’ constructed from the input pair (where “k”
1s a positive integer or defined value). The intuition for this
score 1s that 1f X causes Y, the constructed sentence may
have a number of highly similar causal sentences in the
index of causal sentences.

[0086] A third approach for calculating the causality score
may be a combination of the first two operations (e.g.,
operation 1 and operation 2) for calculating the causality
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score, where the average similarity score of operation 2 1s
divided by the average similarity of the top-k causal sen-
tences to a constructed sentence like “Y may cause X”.

[0087] The mind map creation API, depicted in block 550,

may be used to create a graph of causal knowledge given a
small number of keywords to define the domain. The mind
map creation API may use variations of the input keywords
to query for cause-eflect pairs with a high “causality score.”
The output of this mind map creation API can be turned into
a “mind map” for visualization.

[0088] Using the various API functions of block 550, the
input the corpus of text data 502 may be a collection of a
variety of text data such as, for example, millions of articles
crawled from various public data sources. For examples, the
data source may be from academic benchmarks as well as
cause-ellect pairs and derived from enterprise and govemn-
ment risk analysis and health related documents. Thus, block
560 depicts various cause and eflect pairs i1dentified,
extracted, and/or linked together to the causal knowledge.
For example, a first data input may be a document have a
defined number of tasks, that may be i1dentified from a

defined data source (e.g., an academic benchmark document
of text data 502).

[0089] Turning now to FIG. 6, a method 600 for providing
intelligent causal knowledge analysis and/or extraction from
data sources by a processor 1s depicted, in which various
aspects of the illustrated embodiments may be implemented.
The functionality 600 may be implemented as a method
executed as instructions on a machine, where the instruc-
tions are included on at least one computer readable medium
or one non-transitory machine-readable storage medium. As
one of ordinary skill in the art will appreciate, the various
steps depicted 1n method 600 may be completed 1n an order
or version differing from the depicted embodiment to suit a

particular scenario. The functionality 600 may start in block
602.

[0090] Multiple communications (e.g., structured and/or
unstructured data) may be i1dentified from one or more data
sources, as 1n block 604. One or more causal statements
having a cause-eflect relationship from the plurality of
communications, as in block 606. The functionality 600 may

end 1n block 608.

[0091] Turning now to FIG. 7, an additional method 700
for providing intelligent causal knowledge analysis and/or
extraction from one or more data sources by a processor 1s
depicted, 1n which various aspects of the illustrated embodi-
ments may be implemented. The functionality 700 may be
implemented as a method executed as instructions on a
machine, where the instructions are included on at least one
computer readable medium or one non-transitory machine-
readable storage medium. As one of ordinary skill in the art
will appreciate, the various steps depicted 1n method 600
may be completed 1n an order or version differing from the

depicted embodiment to suit a particular scenario. The
functionality 700 may start in block 702.

[0092] A corpus of text documents may be received (e.g.,
as mput data), as i block 704. One or more causal state-
ments may be 1dentified 1 the corpus of text documents, as
in block 706. One or more cause-ellect statement pairs may
be extracted from the one or more causal statements, as 1n
block 708. The extracted collection of the one or more
cause-cllect statement pairs may be retrieved and/or ana-
lyzed, as 1 block 710. The functionality 700 may end 1n

block 712.
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[0093] In one aspect, 1n conjunction with and/or as part of
at least one block of FIGS. 6-7, the operations of methods
600 and 700 may include each of the following. The
operations of methods 600 and 700 may classity each of the
communications as being the one or more causal statements
or non-causal statement and/or perform an NLP operation on
the plurality of communications to 1dentify the one or more
causal statements, wherein the one or more data sources
include a corpus of text data. The operations of methods 600
and 700 may create an index of a list of a plurality of causal
statements collected of a selected period of time where 1ndex
1s enabled to perform a search operation for a defined query.
The operations of methods 600 and 700 may create a
cause-cllect relationship graph having a plurality of nodes
and edges representing the one or more causal statements
having the cause-eflect relationship.

[0094] The operations of methods 600 and 700 may 1den-

tify a frequency of occurrence of each of the one or more
causal statements, assign a confidence score to the one or
more causal statements indicating a degree of accuracy for
the cause-ellect relationship, and/or provide the one or more
causal statements to a recerved cause-eflect relationship
query void of semantic constraints.

[0095] The operations of methods 600 and 700 may ini-
tiate a machine learning mechanism to 1) train a cause-eflect
relationship model for learning the cause-eflect relationship
to 1dentify the one or more causal statements, 2) identily one
or more semantic similarities between the plurality of com-
munications, and 3) identify one or more paths in a cause-
cllect relationship graph representing the one or more causal
statements having the cause-eflect relationship relating to a

received cause-eflect relationship query.

[0096] The present mnvention may be a system, a method,
and/or a computer program product. The computer program
product may include a computer readable storage medium
(or media) having computer readable program instructions
thereon for causing a processor to carry out aspects of the
present invention.

[0097] The computer readable storage medium can be a
tangible device that can retain and store instructions for use
by an instruction 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
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a static random access memory
(SRAM), 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.
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[0098] 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.

[0099] Computer readable program instructions for carry-
ing out operations of the present invention may be assembler
instructions, 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 Smalltalk, C++ or
the like, and conventional procedural programming lan-
guages, such as the “C” programming language or similar
programming languages. The computer readable program
instructions may execute entirely on the user’s computer,
partly on the user’s computer, 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. In the latter scenario, 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, elec-
tronic circuitry including, for example, programmable logic
circuitry, field-programmable gate arrays (FPGA), or pro-
grammable logic arrays (PLA) may execute the computer
readable program 1instructions by utilizing state information
of the computer readable program instructions to personalize
the electronic circuitry, 1n order to perform aspects of the
present invention.

[0100] Aspects of the present invention are described
herein with reference to flowchart illustrations and/or block
diagrams of methods, apparatus (systems), and computer
program products according to embodiments of the inven-
tion. 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 implemented by computer readable program instruc-
tions.

[0101] 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 flowcharts and/or block diagram block or blocks.
These computer readable program instructions may also be
stored 1n 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
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that the computer readable storage medium having instruc-
tions stored therein comprises an article of manufacture
including mstructions which implement aspects of the func-
tion/act specified 1n the flowcharts and/or block diagram
block or blocks.

[0102] 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 1n the
flowcharts and/or block diagram block or blocks.

[0103] The flowcharts and block diagrams in the Figures
illustrate the architecture, functionality, and operation of
possible implementations of systems, methods, and com-
puter program products according to various embodiments
of the present mvention. In this regard, each block 1n the
flowcharts or block diagrams may represent a module,
segment, or portion of instructions, which comprises one or
more executable mstructions for implementing the specified
logical tunction(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, i fact, be executed substantially concurrently, or the
blocks may sometimes be executed in the reverse order,
depending upon the functionality mvolved. It will also be
noted that each block of the block diagrams and/or flowchart
illustrations, and combinations of blocks in the block dia-
grams and/or tlowchart i1llustrations, can be implemented by
special purpose hardware-based systems that perform the
specified functions or acts or carry out combinations of
special purpose hardware and computer instructions.

1. A method for intelligent causal knowledge analysis
from a data source 1n a computing system by a processor,
comprising;

identifying a plurality of communications from one or

more data sources; and

extracting one or more causal statements having a cause-
ellect relationship from the plurality of communica-

tions.

2. The method of claim 1, further including classitying
cach of the plurality of communications as being the one or
more causal statements or non-causal statements.

3. The method of claim 1, further including performing a
natural language processing (“NLP”) operation on the plu-
rality of communications to identily the one or more causal
statements, wherein the one or more data sources include a
corpus of text data.

4. The method of claim 1, further including:

creating an index of a list of a plurality of causal state-
ments collected of a selected period of time, wherein
the 1ndex 1s enabled to perform a search operation for
a defined query; or

creating a cause-ellect relationship graphs having a plu-
rality of nodes and edges representing the one or more
causal statements having the cause-eflect relationship.

5. The method of claim 1, further including;:

identifying a frequency of occurrence of each of the one
or more causal statements; or

assigning a confidence score to the one or more causal
statements indicating a degree of accuracy for the
cause-ellect relationship.
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6. The method of claim 1, further including providing the
one or more causal statements to a received cause-ellect
relationship query void of semantic constraints.

7. The method of claim 1, further including mmitiating a
machine learning mechanism to:

training a cause-eilect relationship model for learning the

cause-ellect relationship to i1dentity the one or more
causal statements;

identifying one or more semantic similarities between the

plurality of communications; and

identifying one or more paths 1n a cause-etlect relation-

ship graph representing the one or more causal state-
ments having the cause-eflect relationship relating to a
received cause-ellect relationship query.

8. A system for itelligent causal knowledge analysis
from a data source 1 a computing system, comprising:

one or more computers with executable 1nstructions that

when executed cause the system to:
identify a plurality of communications from one or
more data sources; and
extract one or more causal statements having a cause-
cllect relationship from the plurality of communica-
tions.

9. The system of claim 8, wherein the executable 1nstruc-
tions further classify each of the plurality of communica-
tions as being the one or more causal statements or non-
causal statements.

10. The system of claim 8, wherein the executable mstruc-
tions further perform a natural language processing (“NLP”)
operation on the plurality of communications to 1dentily the
one or more causal statements, wherein the one or more data
sources mclude a corpus of text data.

11. The system of claim 8, wherein the executable mstruc-
tions further:

create an index of a list of a plurality of causal statements

collected of a selected period of time, wherein the index
1s enabled to perform a search operation for a defined
query; or

creates cause-ellect relationship graphs having a plurality

of nodes and edges representing the one or more causal
statements having the cause-eflect relationship.

12. The system of claim 8, wherein the executable mstruc-
tions further:

identily a frequency of occurrence of each of the one or

more causal statements; or

assign a confidence score to the one or more causal

statements indicating a degree of accuracy for the
cause-ellect relationship.

13. The system of claim 8, wherein the executable instruc-
tions further provide the one or more causal statements to a
received cause-ellect relationship query void of semantic
constraints.

14. The system of claim 8, wherein the executable mnstruc-
tions further initiate a machine learning mechanism to:

train a cause-eilect relationship model for learning the

cause-cllect relationship to i1dentity the one or more
causal statements;

identily one or more semantic similarities between the

plurality of communications; and
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identily one or more paths 1n a cause-eflect relationship
graph representing the one or more causal statements
having the cause-eflect relationship relating to a
received cause-ellect relationship query.

15. A computer program product for intelligent causal
knowledge analysis from a data source by a processor, the
computer program product comprising a non-transitory
computer-readable storage medium having computer-read-
able program code portions stored therein, the computer-
readable program code portions comprising:

an executable portion that identifies a plurality of com-
munications from one or more data sources; and

an executable portion that extracts one or more causal
statements having a cause-eflect relationship from the
plurality of communications.

16. The computer program product of claim 15, further
including an executable portion that classifies each of the
plurality of communications as being the one or more causal
statements or non-causal statements.

17. The computer program product of claim 15, further
including an executable portion that performs a natural
language processing (“NLP”) operation on the plurality of
communications to identily the one or more causal state-
ments, wherein the one or more data sources include a
corpus of text data.

18. The computer program product of claim 13, further
including an executable portion:

creates an 1ndex of a list of a plurality of causal statements
collected of a selected period of time, wherein the index
1s enabled to perform a search operation for a defined
query; or

creates a cause-ellect relationship graphs having a plu-
rality of nodes and edges representing the one or more
causal statements having the cause-eflect relationship.

19. The computer program product of claim 15, further
including an executable portion:

identifies a frequency of occurrence of each of the one or
more causal statements:

assigns a confidence score to the one or more causal
statements indicating a degree of accuracy for the
cause-ellect relationship; or

provides the one or more causal statements to a received
cause-ellect relationship query void of semantic con-
straints.

20. The computer program product of claim 15, further
including an executable portion initiate a machine learning
mechanism to:

trains a cause-ellect relationship model for learning the
cause-cllect relationship to i1dentily the one or more
causal statements;

1dentifies one or more semantic similarities between the
plurality of communications; and

identifies one or more paths 1n a cause-etlect relationship

graph representing the one or more causal statements
having the cause-eflect relationship relating to a
received cause-eflect relationship query.
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