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Fine-grained implicit sentiment processing of polar economic events
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* Fine-grained token-level:
Target-opinion-polarity triplet
extraction

( Ford’s share price, weakness, NEG )

( Ford’s share price, surpass, NEG)
( Tesla, surpass, POS )

* Apply end-to-end SotA model “Grid
Tagging Scheme for ABSA” (GTS) [9]

* Feasibility check:
given gold polar facts
classify implicit sentiment?

* SENTIVENT == Dataset: 286 economic news articles annotated with: ACE/ERE event structures +
target-sentiment expressions. = 9500 target + opinions [1, 2]

a. +Positive

* Model selection: Hyperband
hyperparameter search. [4]
Model eval.: Train-dev-test +
McNemar’s significance test.

b. -Negative

* Polar facts: connotational implicit [
sentiment of events, facts [3]
— challenge in SA

* Investor sentiment:
\ “Implicit and explicit text that
expresses or affects an
investor’s attitude towards
an economic actor.”

\

Ford ’s crisis , indeed, contains elements of both danger and opportunity .

Company

* Combine events +

[c. MACROECONOMICS | —_\Ivgmﬁivo]

* Fine-tune several transformers

Sentlment for t(] rg eted a. Sentiment: Positive directed to “Ford” expressed by “opportunity”. Negative
. . . _ . . Sentiment F Negative a | ['!l.*-i'.l'-.'l'l
InCI‘UdIng Severql‘ In domqln' Q pOI.Or fq Ct proceSSIng' Polarity +Positive Ford’s share price ur:i‘l:[lnu-m has allowed Tesla to surpass it [..] .
) Target Term “Ford” T
. P Opinion Term  “opportunity” m-: I s
* Add lexicon scores from general O/ event participants Bullish & QO L .
. . b. Sentiment: Negative directed to “Ford” expressed by “danger”. Q pten: | GB | XL E 1 E
domain and finance at clf head. = taragets peeepo: C o . NS ool b Tl R L
o B h \ has
Polarity -Negative eCI r I S @ « allowed | -
o Target Term “Ford” e | | | | LS .
Holdout results. Precision (P), recall (.R), Fi-score (F7) percentag’es . . Opinion Term “donger” Neutrql = MH_]J“:: T L e = { "
are macro-averaged. Accuracy (A) with the p-value of McNemar’s ® App“cq’“ons- it ' '- ' ' —
test w.rt. best on dev RoBERTa ,;-4.t€CcON+general. e Event: Macroeconomics with negative investor sentiment. B B i e el R alikeer TR o ciives @

market analysis,

Figure 2: A grid tageing example for the OTE task.
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polarity classification is
hard but feasible.
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