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Figure 5: Features contribution (Shapley values w.r.t. the racism class) and embedding in the text model’s latent
space of an islamophobic and a anti-black racist tweets. The two sentences had, according to our text model, the

75% and 24% probability of being racist respectively.

its behavior reacts to different targets.

We run the same experiment with our social
model. This time, it correctly classifies the anti-
black tweet as racist (55% confidence). This sug-
gests that text bias could be mitigated by using
models that do not only rely on the text input. How-
ever, the social model is much more sensitive to
changes in the user-derived features. To test this,
we feed the model the same tweet and only change
the author that generated it. For a fair comparison,
we pick one random user with other racist tweets,
one random user with other sexist tweets, and one
random user with no hateful tweets in the dataset.
We refer to these users as racist, sexist, and regular
users respectively.

Our crafted tweet is classified as racist when
coming from a racist user (64%). However, it is
instead judged non-hateful in both the other cases
(12% and 19% for a sexist and user with no hate
background respectively). Evidently, racist tweets
also need some contribution from the social fea-
tures to be judged as racist.

A very informative explanation comes again
from both the Shapley values and the feature space
exploration (figure 6). On the left side, we can see
the Shapley value for the racist and regular users.
Results relative to the sexist user are analogous to
the regular user and reported in the supplementary
material (A.3). All the words have a similar con-
tribution to the racism class in all cases. However,
the difference in the authors plays a substantial role
in the decision. Only the racist user positively con-
tributes to the racism class. On the right side of
6, we can see the embedding in the latent space
for each case. Different input authors cause the
tweet to be embedded in different clusters. Only
in the first one the model actually considers the
possibility of the tweet being racist.

Hence, while adding user-derived features might
mitigate the effects of bias in the text, it generates
a new form of bias that could discriminate users
based on their previous behavior and hinder the
model from classifying correctly hateful content.
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Figure 6: Features contribution (w.r.t. racism class) and embeddings of the islamophobic tweet in the social
model’s latent space. The two pairs of plots are w.r.t. two predictions done with different users as input: a racist

one (a,b, 64%), and a regular one (c,d, 19%).

5 Conclusion and Future Work

In our work, we investigated the effects of user
features in hate speech detection. In previous stud-
ies, this was done by comparing models based on
performance metric. We have shown that post-hoc
explainability techniques provide a much deeper
understanding of the models’ behavior. In our case,
when applied to two models that differ specifically
on the usage of context features, the in-depth com-
parison reveals the impact that such additional fea-
tures can have.

The two utilized techniques—Shapley values es-
timation and learned feature space exploration—
convey different kinds of information. The first one
quantifies how each feature plays a role but does
not tell us what is happening in the background.
The second one illustrates the model’s perception
of the tweets but does not provide any quantita-
tive information for the prediction. Furthermore,
we have seen that artificially crafting and modify-
ing a tweet can be useful to examine the models’
behavior in particular scenarios. In concrete exam-
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ples, the two approaches worked as bias detectors
present in the text as well as in the user features.
We believe that analyzing detection models is
vital for understanding how certain features shape
the way data is processed. Accuracy alone is by no
means a sufficient metric to decide which model
to prefer. Our work shows that even models that
perform significantly better can potentially lead
to new types of bias. We urge researchers in the
field to compare recognition approaches beyond
accuracy to avoid potential harm to affected users.
Data scarcity is still a main issue faced by current
researchers, especially when it comes to context
features. We believe that larger and more complete
datasets will improve our understanding of how cer-
tain features interact and will help future research
in advancing both in accuracy and bias mitigation.
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A Results on the Davidson Dataset

A.1 Feature Space learned by the Text Model
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Figure 7: DAVIDSON tweets, colored by label, in the
feature space learned by the text model.

Figure 7 shows the feature space learned by our
text model on DAVIDSON. Overall, the distribution
looks similar as the one of WASEEM visualized
in figure 4d. We can notice that hate tweets are
extremely sparse and mixed with the offensive ones.
This is reflected by the poor model performance on
the hate class, possibly caused by the conceptual
overlap that these two classes have. On the other
hand, non-harmful tweets are mostly concentrated
in one area of the plot, confirming the satisfactory
F1 scored achieved.

A.2 Feature Space learned by the Social
Model

Figure 8 shows the feature space learned by our so-
cial model on DAVIDSON. As done for WASEEM,
we report the plots both for the single branches as
well as for their combination. The tweet branch
(figure 8a) has a similar structure to figure 7. How-
ever, hateful tweets are also concentrated in a small
portion of the space. This reflects the improved
performance that the social model had on the hate
class. This suggests that the information coming
from the other input sources reinforces the signal
backpropagated to the tweet branch, resulting in a
less chaotic mixture of hateful and offensive tweets.
The user vocabulary (figure 8b) and the follower
network branch (figure 8c) do not present the same
characteristics as seen on WASEEM. In this case,
we do not have the data points separated into multi-
ple clusters. The same goes for the overall learned
feature space (figure 8d), where all the tweets are
contained in one single cloud. This is consistent
with what we observed in terms of F1 Scores. In
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contrast to what occurred on WASEEM, user fea-
tures did not cause a substantial impact on the fea-
ture space on DAVIDSON and thus did not produce
a large leap in performance.

A.3 Complement to Figure 6

Figure 6 compares the model’s behavior on the
same tweet but with different authors, one racist
and one regular. For completeness, figure 9 shows
the corresponding plots—Shapley values and em-
bedding onto the features space—for the same
tweet when generated by a sexist user. The result
is analogous to the one obtained with the regular
user. Also in this case the tweet is not classified
as racist (12% confidence). The estimated Shap-
ley values show a substantial impact of the user
vocabulary against the racism class. The embed-
ding onto the latent space shows once more that
changing the author caused the tweet to embed in
a different cluster, hence excluding the possibility
of the content being classified correctly.
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Figure 8: Latent space visualization of our social model on DAVIDSON, colored by label. The features are extracted
from the single branches before the concatenation: tweet (a), user’s vocabulary (b), follower network (c). The last
plot (d) shows instead the final learned features space, after all branches are combined and processed together.
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Figure 9: Features contribution (w.r.t. racism class) and embeddings of the islamophobic tweet in the social
model’s latent space. The pair of plots are w.r.t. the prediction done with sexist author.
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