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Text mining for causal relations helps to uncover real world
causal relationships.

e \We approach causal text mining through three broad steps:

1. Extraction ] . [2. Representation] . [ 3. Application

We need high quality data and Causal representation must There are various
targeted models for effective be able to adapt to new downstream applications of
extraction of causal relations. context to be useful. causal text mining.

Models & Datasets | cCausalGraph ..  Hypothesis Generation

I ST B (LREC'22, ACL-IJCNLP'23) | NewsCausalkG  [RGYNUSEPO)
(DAWAK'23) EconCausalKG (ISWC'23)



Fiona Anting Tan: “Text Mining for Causal Relations”

Extraction l Clustering & Representation

Constructing
and U S ng / Pattern-based\ 4 h

Cluster & Get Topics

C ausa I Causal Noun Pairs Causal Pattern Cau§al Datastore Remove Word Cluster Args
Kn o I ed g e Relations of Args NER words Embeddings into Topics
W * number — demand ‘[[cause]/N\t-
Input Sentence * number — display || nsubj\tresult/VB\t Caiise |_ : 1
G ra p h S * number — systems +nmod-in\tffeffect]yN % I — D |:|
Thus, the  vehicles — demand 9 B r ol .
growing number + vehicles — display th . oo |:|
of electric K’Vehides — systems r ebgrowflng g o
number O |
vehicles will / electric vehicles| 1 1
result in an 1 ]
increased / \ ) i — — i
In Ne WS demand for c - BERT-based Effect ‘ ' Knowledge
automotive ausal Sequence Arg K Cause Arg | Effect Arg | Datastore of KG Subgraph Graph
displ. Classification A e ' : rap
smart display Keywords Keywords v retrieval of
systems. ) an increased Y Target Node ki pore ¥
Cause-Effect Span Detection demand for S sensors, of EVs?
- - automotive bility, systems What
Thus <ARGO>, the growing number of electric 3 mobility; 2 e e and
vehicles</ARGO> will result in <ARG1>an :x’;:f“"ay vehicles, [ — ::ZE::::ES ol L S
increased demand for automotive smart display gratlve, g t
systems .</ARG1> lictease componenty
: RO Example Confounder Proposal
Seq2Seq Extractor KMeans Clustering Backdoor Criterion " o e P .
l’ " \\
Confounder /" linderlying fim| ,Jfevel (or persistent)\

differences in wages | |
across cities in the
United States and
Canada

Causal
productivity

I n A ca dem I Cc Papers Relations

Proposal

r:
labor mobility

J

I
. ' \
' '
Literature Cause  Eftect » :
H / \ Q! ’
v [ locallabor |\ », i
= v market | & !
(~ ) x \\producﬂvlly A °§ : '
| J - § 1/ canreduce wage ]
_ S [ 9 ’ 1 [ differences across 3
% 3 : cities, as workers ¥
.~ . /
r 3 A I'
[ Possiple, es
( confoﬁ del % o e




