


Figure 4: Sentic path between ACCEPTand REJECT.

4. Experiments
We evaluated SenticNet 7 (available both as a
standalone XML repository2 and as an API3 in
multiple languages) against 20 popular English
lexica for sentiment analysis developed between
1966 and 2020, namely: General Inquirer (Stone
et al., 1966), LIWC (Francis and Pennebaker,
1993), ANEW (Bradley and Lang, 1999), WordNet-
Affect (Strapparava and Valitutti, 2004), Opinion
Lexicon (Hu and Liu, 2004), Opinion Finder (Wilson
et al., 2005), Micro WNOp (Cerini et al., 2007),
Sentiment140 (Go et al., 2009), SentiStrength (Thel-
wall et al., 2010), SentiWordNet (Baccianella et al.,
2010), AFINN (Nielsen, 2011), SO-CAL (Taboada
et al., 2011), EmoLex (Mohammad and Turney,
2013), NOVAD (Warriner et al., 2013), NRC HS
Lexicon (Zhu et al., 2014), VADER (Hutto and
Gilbert, 2014), MPQA (Deng and Wiebe, 2015), Sen-
tiWords (Gatti et al., 2016), HSSWE (Wang and Xia,
2017), and Lingmotif-lex (Moreno-Ortiz et al., 2018).
We tested these lexica on 10 well-known sentiment
analysis datasets, namely: CR (Hu and Liu, 2004),
MR (Pang and Lee, 2005), Amazon (Blitzer et al.,
2007), IMDb (Maas et al., 2011), Sanders (Analytics,
2012), SST (Socher et al., 2013), STS (Saif et al.,
2013), SE13 (Nakov et al., 2013), SE15 (Rosenthal
et al., 2015), and SE16 (Nakov et al., 2016). We
set the experiment as a binary classification problem
(Table 2), i.e., we reduced the labels of all datasets and
lexica to positive and negative (neutral entries were
ignored).

2https://sentic.net/downloads
3https://sentic.net/api

SenticNet 7 was the best-performing of all 20 lexica,
mostly because of its bigger size. Many of the clas-
sification errors made by other lexica, in fact, were
due to missing entries. Beside single words, more-
over, SenticNet 7 also contains multiword expressions
which enable polarity disambiguation, e.g., dead vs
dead right , smart vs smart ass , blind vs
blind date , or damn vs damn good . Most sen-
tences misclassified by SenticNet 7, instead, were us-
ing sarcasm or contained antithetic opinion targets. An
ablation study showed that sentic paths enable a 6.8%
average gain over using XLNet and affective similar-
ity prediction alone. Finally, SenticNet 7 also stands
tall against its predecessors, e.g., SenticNet 5 (Cambria
et al., 2018) and SenticNet 6 (Cambria et al., 2020),
and recent subsymbolic NLP models, e.g., Google’s
T5 (Raffel et al., 2019), which achieves slightly better
accuracy on STS but it is supervised, hard to reproduce,
uninterpretable, and not explainable.

5. Conclusion
AI systems are becoming more and more accurate but,
at the same time, less and less transparent. In this work,
we attempt to reverse the latter trend in the context of
sentiment analysis by developing SenticNet 7, a neu-
rosymbolic AI system that leverages subsymbolic mod-
els, such as auto-regressive language models and kernel
methods, to build symbolic representations that convert
natural language to a sort of protolanguage to better in-
fer polarity from text. As a result, SenticNet 7 is unsu-
pervised, reproducible, interpretable, trustworthy, and
explainable while maintaining comparable accuracy to
recent state-of-the-art subsymbolic models.

https://sentic.net/downloads
https://sentic.net/api
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