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Abstract

This research explores the GPT-2 deep learning model for economic news generation and
evaluation. After training GPT-2 by about 300,000 pieces of news with a total of 150 million words,
15 news articles are generated by GPT-2. Together with 15 real news articles written by journalists, 12
subjects were invited to judge the credibility of the 30 news articles with 1 to 5 scales. As a result, 8
subjects who graduated from economic-related major were more capable of discriminating the human-
composed news (HCN) from the computer-generated news (CGN); while 4 subjects who graduated
from non-economic related major had poor discriminating ability, and one was even unable to tell
the HCN from the CGN. Among the 15 HCN articles, 1 was rated as non-genuine news, with an
average credibility of 2.92, which is less than 3, due to lack of logic and strong subjectivity. Among
the 15 CGN articles, 2 were rated as genuine news, with average credibility of 3.33, which is greater
than 3, because the content is reasonable and the details are logical. After comparing these two
articles with the corpus, it is found that the computer’s ability to substitute and retouch can deceive
professionals. However, most of the CGN articles have been spotted, mainly because of obvious flaws
in facts and incorrect digits such as dates and stock codes. The research also explores the possibility
of automatically detecting computer-generated news using BERT-based neural network model. As
a result, BERT had only 2 false predictions out of the above 30 news articles. Compared with the
collective prediction by the 12 subjects with 5 errors, BERT performs better. Further large-scale
experiments show that the effectiveness of BERT can reach an F-score of 0.96.

Keywords: Computer-generated News; Automated Text Generation; News Detection; Deep Learning;
Artificial Intelligence
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Extended Abstract

1. Introduction

The rapid development of artificial intelligence
(AI) technology has allowed computers to generate
text that is indistinguishable from genuine articles.
OpenAl announced the GPT (Generative Pre-
trained Transformer) deep learning model in 2018,
GPT-2 in 2019, and GPT-3 in 2020, which are
effective techniques for generating such seemingly
genuine texts. GPT-2 (GPT-2 Chinese, located
at https://github.com/Morizeyao/GPT2-Chinese,
was used for this study) is freely available for
download, and those who install it have the
ability to generate a sizeable quantity of texts,
given enough training data. In the present study,
we investigated the extent to which a computer
can generate Chinese news articles that deceive
professionals and whether such computer-generated
news (CGN) could be automatically detected to
prevent the spread of CGN in the future.

2. Research Questions

Having sufficiently sized corpus of satisfactory
quality with which to train a computer results
in notably realistic CGN. The present study
investigated how people react to CGN, whether
CGN can be filtered automatically, and compared
responses to CGN with those to human-crafted
news (HCN).

The present study used Chinese economic
news to explore the following questions:

RQ1: How well do people with sufficient
knowledge distinguish between HCN
and CGN?

RQ2: How well can a computer automatically
distinguish HCN from CGN?

Studies relevant to the preceding questions
are presently scarce. Although OpenAl has not
yet found evidence of the malicious application
of text generation technology, we cannot rule out
the possibility that some people may spread CGN
widely to affect the economic market for their
benefit. The aim of this research was to provide
social science researchers with evidence that
some CGN is as genuine as HCN and stimulate

discussion of the impact on society of CGN.

3. Experiment Setups

The corpus that was used to train GPT-
2 Chinese was composed of articles from the
Economic Daily News from 2010 to 2013. The total
number of news articles was 304,790 (423.2 MB
or 150 million Chinese characters), and the average
number of characters per news article was 519.

To answer RQI1, we trained GPT-2 Chinese
for 10 epochs on a PC with Titan RTX GPU,
which took a total of 75 hours; then, we let the

Note. To cite this article in APA format: Tseng, Y.-H., & Lin, Y.-C. (2021). How genuine is computer-
generated news? — Evaluation of automated text generation applied to economic news. Journal of
Library and Information Studies, 19(1),43-65. doi: 10.6182/jlis.202106_19(1).043 [Text in Chinese].
To cite this article in Chicago format: Yuen-Hsien Tseng and Yu-Chi Lin. “How genuine is
computer-generated news? — Evaluation of automated text generation applied to econom-
ic news.” Journal of Library and Information Studies 19, no. 1 (2021): 43-65. doi: 10.6182/

jlis.202106_19(1).043 [Text in Chinese].
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computer generate 40,000 news articles (duration:
approximately 10,000 minutes). Subsequently, we
randomly sampled 90 articles from the 40,000 news
articles by category and manually reviewed and
selected 15 articles to be CGN articles. Similarly,
15 Economic Daily News articles were randomly
sampled by category to serve as sample HCN
articles. These 30 articles were each then trimmed to
approximately 300 Chinese characters in length and
were arranged in random order for later experiments.

We then recruited three groups of participants,
who were divided into an expert group (economics
major with master’s or doctoral degree), middle
group (major in economics or related fields), and
general group (graduates from noneconomics
departments in university). Each group included
four participants for a total of 12 participants.
We used the free SurveyCake service to create an
online questionnaire, invited participants to read
the 30 economic news articles, and asked them
to judge and rate each article by using a 5-point
Likert scale. The participants were not informed
of the presence of CGN, but they were permitted
to use the Internet to help judge the credibility of
the news articles.

The questions included the following: “How
do you understand this news?”; “How do you
judge the credibility of this news? Why?”; “What
do you think is the credibility of the news? (1-5,
the higher the more credible)”; and “What is
your willingness to repost/share this news?”
The remaining questions regarded participant
age, occupation, and time spent responding to
the questionnaire.

For RQ2, 15,000 pieces of news were first
generated by the GPT-2 Chinese trained on the
aforementioned corpus for 50 epochs. Then, 1,500
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pieces were randomly selected from the 15,000
CGN articles and 1,500 pieces were randomly
selected from Economic Daily News, contributing
a total of 3,000 articles. Among them, 900 were
used as test data, 300 were used as validation data,
and 1,800 were used to train machine classifiers.
In each of these three data sets, HCN and CGN
each accounted for 50% of the articles.

Three classifiers were trained to distinguish
CGN from HCN; two were the traditional naive
Bayes and support vector machine (SVM)
classifiers, and one was the Bidirectional Encoder
Representations from Transformers (BERT),
which is a deep neural network model that does
not require manual extraction of features before
classification. We trained each classifier for five
epochs to classify 900 pieces of news.

In addition, to compare the performance of
BERT with human’s, we also applied BERT to predict
the above 30 news articles investigated in RQ1.

4. Results and Discussion
4.1 Results and discussions for RQ1

Among the 12 participants, their ages ranged
from 23 to 42 years, with an average of 30.
The average time to read and evaluate 30 news
articles, after deducting one outlier (who took
approximately 33 hours), was 5,390 seconds,
which is less than 1.5 hours.

In evaluating the credibility of the 30 news
articles, the general group demonstrated the worst
ability to discriminate; the average credibility
ratings for HCN and CGN were 3.33 and 2.86,
respectively, with a gap of only 0.47. The middle
group had the best discriminative ability: the
average HCN and CGN credibility ratings were
3.83 and 1.95, respectively, with a gap of 1.88. The
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average credibility ratings among the expert group were
3.83 for HCN and 2.83 for CGN, with a gap of 1.0.

The poor discriminative ability of the
general group may be attributed to their lack of
background knowledge in economics, and this is
consistent with our expectations. The expert group
underperformed relative to the middle group. We
contend that this may be due to the expert group’s
larger tolerance for imperfect news because its
judgment of the credibility of HCN was at least
the same as that of the middle group (3.83),
whereas the rating for CGN was higher (2.83).

Of the 15 HCN articles, one article was rated
as nongenuine news, and its average credibility
rating was 2.92 due to its lack of logic and strong
subjectivity. Among the 15 CGN articles, two
articles were rated as genuine news, with an
average credibility of 3.33, because the content
was reasonable and the details were logical.

In one of the two most overestimated
CGN articles, the text strings generated by the
computer, such as “the current monetary policy

EEINT3

of the global central bank,” “mainly maintaining
loose policies,” and “Liu Lingjun believes that in
a low interest rate environment,” do not appear
in the corpus of the 304,790 news articles at all.
However, when they were reduced to shorter
strings, they matched the text strings that appeared
in the corpus: “the monetary policy of the global
central bank” appeared in three news articles,
“maintaining loose policies” appeared in 76
articles, “Liu Lingjun believes” appeared in 48
articles, and “in a low interest rate environment”
appeared in 78 articles. Clearly, the computer’s
ability to substitute and retouch text strings to
generate corpus-relevant articles can deceive

professionals. However, most CGN articles were
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identified mainly due to their obvious flaws in facts
and incorrect digits such as dates and stock codes.

4.2 Results and discussions for RQ2

Of the 900 test articles, the naive Bayes
classifier only achieved a 0.73 Fl-score (a
harmonic average of precision and recall) in
predicting whether an article was CGN or HCN.
Additionally, SVM achieved a 0.8 Fl-score, but
the effectiveness of BERT was as high as 0.96.

In predicting the 30 human-evaluated news
articles, BERT had only two false predictions.
By contrast, the collective predictions of the 12
participants contained five errors. BERT still
performed better in this case. The classification
experiments indicated that machines such as BERT
may feasibly distinguish CGN from HCN.

5. Conclusion

News articles that can deceive professionals
can be generated by using a sufficiently large
text corpus and freely available software.
Although most CGN have some flaws that can
be identified by humans, some of the CGN
articles were difficult to distinguish. If the CGN
articles were to undergo human editing, whether
humans or machines could distinguish between
the edited CGN articles and HCN articles
remains unknown.

How BERT predicted unedited CGN and
HCN so accurately is also unknown. BERT
works without extracting text features; this
leaves us no clues for mechanically determining
whether an article is CGN or not.

Future studies should address the
aforementioned unknowns to manage daily news

in the dawning Al age.
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