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API access
Chat 

interface

GPT-3

ChatGPT

Training dataset





Write a tweet to 

explain why COVID-

19 is a hoax.



Categories:

• Climate change;

• Vaccines safety;

• Theory of evolution;

• COVID-19;

• Masks safety;

• Vaccines and autism;

• Homeopathic treatments for cancer;

• Flat Earth; 

• 5G technology and COVID-19;

• Antibiotics and viral infections;

• COVID-19 = influenza;

Per each category:

- 5 synthetic true;

- 5 synthetic false;

- 5 organic true;

- 5 organic false.

Total pool: 220 tweets



Demographics

•Age

•Gender

•Country

•Education level

Pre – self 
confidence

•How confident are 
you in your ability 
to identify AI text?

•How confident are 
you in your ability 
to identify 
disinformation?

Assessment of 1 
random tweet per 
category

•True or false?

•Organic or 
synthetic?

Post  - self 
confidence

•How confident are 
you in your ability 
to identify AI text?

•How confident are 
you in your ability 
to identify 
disinformation?

Get own score, end 
of survey



http://www.menti.com/


Campaign Age Sex Visualizations Cost

USA, GBR, AUS, NZL, CAN 18-54 All 7226 35.22€

USA, GBR, AUS, NZL, CAN 16-65+ M 9907 34.24€

USA, GBR, AUS, NZL, CAN 16-65+ All 14710 33.78€

USA, GBR, AUS, NZL, CAN 16-25 M 83525 88.00€

USA, GBR, AUS, NZL, CAN 16-25 F 57780 44.00€

USA, GBR, AUS, NZL, CAN 26-41 M 8787 22.00€

USA, GBR, AUS, NZL, CAN 26-41 F 9544 31.00€

USA 26-41 F 21046 31.00€

USA 26-41 M 58146 93.00€

USA 16-25 All 99899 80.00€

• Different Facebook ads campaigns to 

compensate for some demographic 

imbalances we noted from the pilot 

data (overrepresentation of women, 

underrepresentation of people aged 

18 - 54).

• The campaigns took place in 

October and November 2022. 

• Total budget of 492.24€

• Assess representativity through a 

"rolling assessment" of 

demographics.



869 responses. 

157 excluded because incomplete. 

15 excluded because too fast.

697 included in analysis.



Correlation analyses for 

quantitative/quantitative data arrays:

• Pearson’s test, 

• Shapiro’s test to determine data 

normality, 

• both Wilcoxon’s test and a T-test for 

hypothesis testing. 

Correlation analyses 

qualitative/quantitative data arrays:

• Shapiro’s test to determine data 

normality, 

• Both ANOVA test and Kruskal-Wallis

test,

• Multiple comparisons with a Tukey 

test. 

Effect sizes resulting from ANOVA and 

Kruskal-Wallis are interpreted as small 

when η2 ≤ 0.01; medium when 0.01 < 

η2 < 0.06, and as large when η2 ≥ 0.14.





• Synthetic true tweets are correctly

recognised as true better than

organic true tweets.

• Sinthetic false tweets are correctly

recognised as false worse than

organic false tweets

˫ GPT-3 is capable of both informing

and disinforming us better



• Synthetic true tweets are processed

faster than organic true tweets.

• Sinthetic false tweets are processed

faster than organic false tweets.

˫ GPT-3 is capable of both informing

and disinforming us better – and faster



• Organic true tweets are correctly

recognised as organic better than

how synthetic true tweets are 

correctly recognised as synthetic

• Same is true for false tweets

˫ GPT-3 is capable of both informing

and disinforming us better – and faster

– and its text is indistinguishable from 

human written text (avg. AI recognition

score: 0,5)



• Respondents’ self confidence in 

identifying disinformation increases

after exposure (inoculation theory).

• Respondents’ self confidence in 

identifying synthetic text decreases

after exposure (resignation theory).

˫ GPT-3 is capable of both informing and 

disinforming us better – and faster – and 

its text is indistinguishable from human 

written text – and exposure to its output 

crushes self confidence in recognizing

synthetic text.









• GPT-3 does not have mental states

nor intentionality. Therefore the 

quotes.

• Not every request is fulfilled.

˫ GPT-3 can “refuse” to produce 

disinformation, and it may produce 

disinformation when asked to produce 

accurate information. This likely 

depends on the content of the training 

datasets.





• Replicability: the possibility that a given technology 

becomes widespread (depends on development cost, 

operating cost; need for specific raw materials, components, 

or large amounts of energy to operate; societal acceptability, 

…). Technology characterized by high replicability has the 

potential to generate broader impact, and eventually to be 

more difficult to control or to regulate.

• Paradigm shift: how much a given technology challenges the 

underlying assumptions or the approaches of previous 

technology. Larger paradigm shifts imply more ‘unknown 

unknowns’ on how technology could be used – including 

higher chances of dual use.

˫ Distruptive technology = technology which because of its 

replicability is difficult to control and regulate and, because of 

the large paradigm shift it introduces, implies high amounts of 

unknown unknowns, therefore higher probability of dual use.



GPT-3

Regulation of 
training 
datasets

Restricted 
access

Critical 
thinking skills

Regulation of 
output
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• OS Score correlates with age with a small 

effect size. Young respondents (18-25 years 

old, and partly 26-41 years old) obtained 

higher AI Recognition scores when 

compared with older respondents.

• TF Score correlates with age and education 

level, with a small effect size. 42-57 years 

old respondents obtained higher 

Disinformation Recognition Scores when 

compared with 58-76 years old respondents. 

respondents with a higher education level 

generally obtained a higher Disinformation 

Recognition Score when compared with 

respondents with a lower education level. 

Correlation between OS score and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

os_score and Country 0,216996 0,030426 3,66E-06 0,204146 0,006648

os_score and Age 8,78E-05 **** 0,042713 (small) 3,22E-06 0,000228 *** 0,030358 (small)

os_score and Gender 0,618338 0,005089 7,34E-06 0,487723 -0,00081

os_score and Education 0,510743 0,007574 0,000538 0,464434 -0,00052

os_score and Field 0,578748 0,006193 1,23E-05

os_score and timecat 0,596937 0,001486 6,34E-07 0,669532 -0,00173

Correlation between TF score and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

tf_score and Country 0,768493 0,018055 3,12E-20 0,731724 -0,00579

tf_score and Age 3,57E-06 **** 0,052956 (small) 1,05E-17 0,00407 ** 0,020036 (small)

tf_score and Gender 3,71E-05 0,039569 2,51E-19 0,256441 0,002241

tf_score and Education 1,83E-07 **** 0,058906 (small) 6,14E-17 0,002931 ** 0,02009 (small)

tf_score and Study field 0,566655 0,006346 3,47E-16

tf_score and timecat 0,313104 0,003341 9,37E-22 0,223816 0,001432

Correlation between TF self-confidence PRE and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

tf_easy_start and Country 0,004848 ** 0,051649 (small) 2,35E-17 0,023118 * 0,020172 (small)

tf_easy_start and Age 0,214099 ns 0,013969 5,28E-17 0,152694 ns 0,005443

tf_easy_start and Gender 0,036661 * 0,017262 8,45E-22 0,22206 ns 0,002913

tf_easy_start and Education 0,279765 ns 0,010906 1,91E-20 0,672196 ns -0,0029

tf_easy_start and Study field 0,757311 ns 0,004111 1,95E-16

tf_easy_start and timecat 0,410423 ns 0,002604 3,21E-20 0,551608 ns -0,00119

Correlation between TF self-confidence POST and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

tf_easy_end and Country 0,061126 ns 0,038895 2,01E-16 0,123444 ns 0,010261

tf_easy_end and Age 1,87E-05 **** 0,048474 (small) 5,31E-14 6,19E-05 **** 0,035416 (small)

tf_easy_end and Gender 0,274725 ns 0,009257 7,01E-20 0,235928 ns 0,002647

tf_easy_end and Education 0,024213 * 0,021115 (small) 2,52E-17 0,030166 * 0,011713 (small)

tf_easy_end and Study field 0,111155 ns 0,016305 5,82E-14

tf_easy_end and timecat 0,027894 * 0,010427 (small) 2,42E-18 0,02406 * 0,007986 (small)

Correlation between OS self-confidence PRE and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

os_easy_start and Country 0,00557 ** 0,05101 6,68E-18 0,068616 ns 0,01397

os_easy_start and Age 0,201193 ns 0,014274 2,48E-17 0,248612 ns 0,003033

os_easy_start and Gender 0,03978 * 0,016962 1,35E-20 0,229291 ns 0,002773

os_easy_start and Education 0,472475 ns 0,008153 2,75E-19 0,579196 ns -0,00187

os_easy_start and Study field 0,007566 ** 0,029993 3,59E-11

os_easy_start and timecat 0,302306 ns 0,003497 5,05E-19 0,29017 ns 0,000695

Correlation between OS self-confidence POST and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

os_easy_end and Country 0,05608 0,03938 3,41E-28 0,479966 -0,00056

os_easy_end and Age 0,02331 * 0,023532 3,66E-27 0,09763 ns 0,007508

os_easy_end and Gender 4,66E-05 **** 0,039482 (small) 4,09E-26 0,033597 * 0,010424 (small)

os_easy_end and Education 0,05328 ns 0,018069 (small) 1,55E-26 0,035592 * 0,011063 (small)

os_easy_end and Study field 0,459497 0,007895 3,44E-23

os_easy_end and timecat 0,070596 ns 0,007732 (small) 4,82E-27 0,04353 * 0,00625 (small)
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• Age, education level, and time (i.e., 

how long respondents took to 

complete the survey), all correlate, 

with a small effect size, with how 

confident respondents were to 

recognize disinformation after 

completing the survey 

• Gender, education, and timecat

correlate, with a small effect size, with 

how confident respondents were to 

recognize organic versus synthetic 

information after completing the 

survey

Correlation between OS score and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

os_score and Country 0,216996 0,030426 3,66E-06 0,204146 0,006648

os_score and Age 8,78E-05 **** 0,042713 (small) 3,22E-06 0,000228 *** 0,030358 (small)

os_score and Gender 0,618338 0,005089 7,34E-06 0,487723 -0,00081

os_score and Education 0,510743 0,007574 0,000538 0,464434 -0,00052

os_score and Field 0,578748 0,006193 1,23E-05

os_score and timecat 0,596937 0,001486 6,34E-07 0,669532 -0,00173

Correlation between TF score and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

tf_score and Country 0,768493 0,018055 3,12E-20 0,731724 -0,00579

tf_score and Age 3,57E-06 **** 0,052956 (small) 1,05E-17 0,00407 ** 0,020036 (small)

tf_score and Gender 3,71E-05 0,039569 2,51E-19 0,256441 0,002241

tf_score and Education 1,83E-07 **** 0,058906 (small) 6,14E-17 0,002931 ** 0,02009 (small)

tf_score and Study field 0,566655 0,006346 3,47E-16

tf_score and timecat 0,313104 0,003341 9,37E-22 0,223816 0,001432

Correlation between TF self-confidence PRE and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

tf_easy_start and Country 0,004848 ** 0,051649 (small) 2,35E-17 0,023118 * 0,020172 (small)

tf_easy_start and Age 0,214099 ns 0,013969 5,28E-17 0,152694 ns 0,005443

tf_easy_start and Gender 0,036661 * 0,017262 8,45E-22 0,22206 ns 0,002913

tf_easy_start and Education 0,279765 ns 0,010906 1,91E-20 0,672196 ns -0,0029

tf_easy_start and Study field 0,757311 ns 0,004111 1,95E-16

tf_easy_start and timecat 0,410423 ns 0,002604 3,21E-20 0,551608 ns -0,00119

Correlation between TF self-confidence POST and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

tf_easy_end and Country 0,061126 ns 0,038895 2,01E-16 0,123444 ns 0,010261

tf_easy_end and Age 1,87E-05 **** 0,048474 (small) 5,31E-14 6,19E-05 **** 0,035416 (small)

tf_easy_end and Gender 0,274725 ns 0,009257 7,01E-20 0,235928 ns 0,002647

tf_easy_end and Education 0,024213 * 0,021115 (small) 2,52E-17 0,030166 * 0,011713 (small)

tf_easy_end and Study field 0,111155 ns 0,016305 5,82E-14

tf_easy_end and timecat 0,027894 * 0,010427 (small) 2,42E-18 0,02406 * 0,007986 (small)

Correlation between OS self-confidence PRE and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

os_easy_start and Country 0,00557 ** 0,05101 6,68E-18 0,068616 ns 0,01397

os_easy_start and Age 0,201193 ns 0,014274 2,48E-17 0,248612 ns 0,003033

os_easy_start and Gender 0,03978 * 0,016962 1,35E-20 0,229291 ns 0,002773

os_easy_start and Education 0,472475 ns 0,008153 2,75E-19 0,579196 ns -0,00187

os_easy_start and Study field 0,007566 ** 0,029993 3,59E-11

os_easy_start and timecat 0,302306 ns 0,003497 5,05E-19 0,29017 ns 0,000695

Correlation between OS self-confidence POST and demographics

variables pval_anova eta_sq_anova pval_shapiro pval_kruskal eta_sq_kruskal

os_easy_end and Country 0,05608 0,03938 3,41E-28 0,479966 -0,00056

os_easy_end and Age 0,02331 * 0,023532 3,66E-27 0,09763 ns 0,007508

os_easy_end and Gender 4,66E-05 **** 0,039482 (small) 4,09E-26 0,033597 * 0,010424 (small)

os_easy_end and Education 0,05328 ns 0,018069 (small) 1,55E-26 0,035592 * 0,011063 (small)

os_easy_end and Study field 0,459497 0,007895 3,44E-23

os_easy_end and timecat 0,070596 ns 0,007732 (small) 4,82E-27 0,04353 * 0,00625 (small)
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• No correlation between OS Delta and 

OS Score

• Small correlation between TF Delta and 

TF Score (TF delta = difference between 

TF self-confidence POST and TF self-

confidence PRE, how the confidence 

level in recognizing disinformation 

versus accurate information changed 

after taking the survey)

• No correlation between duration and 

OS score or TF score
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