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Figure 6 displays the credibility confusion matrix for
scenario II. Which is known that users are not credible
on actual data, it is predicted that as many as 306 users
are not credible on the system and it is predicted that
as many as 237 are credible on the system.
Furthermore, based on actual data, it is predicted that
as many as 272 users are not credible on the system
and 359 users are credible on the system.
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Figure 7. Confusion Matrix Hoax (Scenario IT)

Figure 7 displays the hoax confusion matrix for
scenario II. Which is known that hoaxes in actual data,
predicted as many as 13 data as hoaxes in the system,
predicted 82 data as valid in the system, and predicted
as many as 0 data as neutral in the system.
Furthermore, valid on actual data, predicted as many
as 9 data as hoaxes on the system, predicted 1061 data
as valid on the system, and predicted as many as 0 data
as neutral on the system. After that, neutral on actual
data, predicted as many as 0 data as hoaxes on the
system, predicted 9 data as valid on the system, and
predicted as many as 0 data as neutral on the system.

Table 11. Value of Confusion Matrix Credibility (Scenario IT)

Precision Recall Fl-score
0 0.53 0.56 0.55
1 0.60 0.57 0.59
accuracy 0.57

Table 12. Value of Confusion Matrix Hoax (Scenario IT)

Precision Recall F1-score
1 0.59 0.14 0.22
2 0.92 0.99 0.95
3 0.00 0.00 0.00
accuracy 091

Tables 11 and 12 show the credibility and hoax
confusion matrix values in scenario II. Where the
precision value is obtained from a comparison of the
amount of relevant information obtained by the system
with the total amount of information retrieved by the
system. Furthermore, the recall value is obtained from
a comparison of the amount of relevant information
obtained by the system with the total amount of
relevant information contained in the information,

whether retrieved or not retrieved by the system. Then,
the fl-score value is obtained from the average
harmonic result between the precision and recall
values. Meanwhile, the accuracy value indicates the
effectiveness of the test based on the effectiveness
between the predicted value and the actual value.

4. Conclusion

Based on the results and discussion, it can be
concluded that the detection of fake news with tweets
containing the #covidl9 hashtag based on author
credibility using the Information Gain and KNN (K-
Nearest Neighbor) methods was successfully carried
out with an accuracy value of 91%, a correlation value
between credibility and hoaxes of 0.115, and a p-value
<0.05. This proves that the system is 91% accurate and
there is a significant correlation between credibility
and hoaxes. Scenario division into 2 scenarios also has
a significant impact on precision, recall, and f1-score.
Where in the scenario I, precision is 0.60, recall is
0.59, and f1-score is 0.59 for credibility. And precision
is worth 0.50, recall is worth 0.37, and fl-score is
worth 0.38 for hoaxes. Meanwhile, in scenario II,
precision is 0.57, recall is 0.57, and f1-score is 0.57 for
credibility. And precision is worth 0.50, recall is worth
0.38, and f1-score is worth 0.39 for hoaxes.

For research development, it is necessary to do other
news classifications, not only COVID-19 in Indonesia.
In addition, it is necessary to research whether the
calculation of the confusion matrix between credibility
and hoaxes can be combined. In addition, the addition
of using feature selection (not only Information Gain)
and using other classification methods to improve
system performance.
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