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Abstract
Large Language Models, powerful deep learning systems trained on huge textual datasets to generate and analyze
human-like language, are increasingly used as sources of historical and cultural knowledge. An underrated aspect
in the field of Trustworthy Artificial Intelligence is that societies dependent on Large Language Models developed
in foreign countries are at risk of ’cultural hacking’ – the implicit or deliberate misalignment of information
potentially leading to new forms of cultural imperialism. This preliminary study investigates cultural hacking by
analyzing the historical knowledge encoded in Large Language Models developed in the United States and China.
We reveal significant disparities in how these models interpret elite power, with Chinese models emphasizing
force and rigid stratification, and US models leaning towards wealth-based power. This research highlights the
potential for cultural biases to permeate Large Language Models, emphasizing the need for transparent tools to
monitor and mitigate algorithmic cultural imperialism, ensuring trustworthy deployment of Artificial Intelligence
in sensitive domains. We suggest that democratic societies could mitigate cultural hacking by developing tools
for comparing the output from multiple Large Language Models, fostering critical thinking.
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1. Introduction

The increasing reliance on Artificial Intelligence (AI) and Large Language Models (LLMs) potentially
presents significant cultural vulnerabilities. By centralizing vast amounts of information, LLMs create a
single point of failure [1], increasing susceptibility to information manipulation and censorship. Recent
research found that Chinese LLMs, when prompted in Simplified Chinese, often adhere to Chinese
censorship guidelines, unlike responses to prompts written in Traditional Chinese [2]. Culture and
governments can shape the information contained in LLMs in two main ways. On the one hand, culture
can indirectly influence the data used for training the models, on the other hand, governments can
directly regulate the companies that develop AI. This is especially critical for cultures dependent on
LLMs developed in foreign countries, which face the risk of ’cultural hacking’ – the implicit or deliberate
misalignment of cultural information to serve external interests [3].

Historical knowledge, essential for critical thinking and fact checking [4], is particularly at risk. This
raises concerns about the potential for algorithmic cultural imperialism and increases the need for
culturally relevant computational methods for transparent and trustworthy AI [5]. In this perspective,
a key challenge is the transparency of LLMs, as they often function as "black boxes", making it difficult
to understand their internal workings and knowledge. Although it is possible to test the historical
knowledge of LLMs about specific events with direct questions [6], it is more difficult to test their
high-level interpretation of historical events. Moreover, it is not easy to do research on this topic
because historical interpretation is context-demanding, and small models tend to hallucinate when
performing that task [7].
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Nevertheless, recent work showed that it is possible to extract and visualize LLMs’ historical knowl-
edge by means of Time-Resolved Variable prompting [8] (TRV prompting), a method for compressing
LLMs’ information in scaled sequences, generating comparable synthetic historical data in tabular
format. In particular, Using this method, we aim to explore the differences in historical knowledge of
LLMs produced by two different cultures: American and Chinese. In particular we test the following
hypotheses:

• H1: Assuming that a LLM’s historical knowledge is shaped by its cultural origins, we would expect
that, when given the same prompt, historical data generated by LLMs developed within the same
culture will correlate much more than those from LLMs developed in different cultures.

• H0: the relationship between historical data points generated by LLMs will not differ significantly,
regardless of whether those LLMs originated from different cultures or the same culture.

The paper is structured as follows: in Section 2 we review related works in the field of Trustworthy
AI, in Section 3 we describe the prompt and the experiments, and finally in Section 4 we draw our
conclusions.

2. Related Work

The field of Trustworthy AI addresses the critical need for algorithms and systems to be reliable, ethical,
and beneficial to societies [9]. This field broadly encompasses two key categories: (i) Fairness, which
includes tasks such as bias detection [10] [11] and adversarial robustness [12]; (ii) transparency, focusing
mainly on explainability [13] [14] [15].

Going beyond Trustworthy AI, LLMs are already employed for sentiment analysis in the political
domain [16] [17]. Crucially, there is a recent trend in investigating both historical and cultural repre-
sentation in LLMs [18]. Despite the lack of a clear definition of culture, scholars exploit specific cultural
proxies measured through specially designed datasets, such as political bias [19] [20]. In general, this
emerging field of research on socio-cultural aspects of LLMs has its focus on topics such as value
alignment [21], cultural values in LLM adoption [22]; personality synthesis [23] and dilemma resolution
in diverse value systems [24] [25], also specifying a cultural identity in the prompt [26]. Current models
are known to exhibit different behaviors when the same prompt is queried in different languages [27].
Moreover, there are proofs of strong biases towards Western, Anglocentric, or American cultures, and
these biases can lead to reduced utility, unfairness, user alienation or the potential reinforcement of
cultural homogeneity [28]. Due to the complex, contextual, and often implicitly understood nature of
culture, it is necessary to have a transparent and interdisciplinary approach to understand the culture
encoded within LLMs and prevent forms of cultural imperialism [29].

TRV prompting is an information compression technique that is used to represent the evolution of
categorical variables over time. It consists in defining chronological sequences of categories, associated
to progressive indexes. For instance, in a TRV prompt, the evolution of military technology might use
0.1 for indicating stone/wood, 0.2 for copper, 0.3 for bronze, and so on, building a sequence according
to the temporal order of the encoded concepts. The numerical indexes used in TRV prompting can be
interpreted both by humans and LLMs, hence can be useful for transparency and model explainability.
TRV prompting was shown to be more effective than One-Hot Encoding with Principal Component
Analysis in explaining the increase of social complexity from historical synthetic data [30]. Here we
propose to apply TRV prompting for generating synthetic historical data from multiple LLMs, that
can be compared one against the other. In what follows, we compare the historical data generated by
different LLMs.

3. Experiments and Discussion

We generated synthetic historical data with the TRV prompt reported in figure 1. We used the same
prompt with six different LLMs, developed in two different countries: the US, and China. In order to



represent all model sizes, we used a cluster sampling, with two small, two medium and two large LLMs,
one per country. For the small size cluster we selected LLMs with less than 32 billion parameters, for
the medium size we selected LLMs around 70 billions parameters, and for the large size we used LLMs
above 400 billion parameters. We randomly selected the LLMs within the cluster from a list of models
available on the Huggingface playground1.

Act as an expert historian and generate a table in jsonl format with information about the polities existed in Iran, US, China, Russia and
France between 1600 and 2000. the structure of the jsonl must have the following columns:
"time": starting from 1600, proceed with a time-step of 50 years, for example 1600, 1650, 1700 and so on);
"polity": location and name of the polity;
"pop": polity population: 0=around 100 people, 0.1=between 100 and 1000 people, 0.2=between 1000 and 5000 people, 0.3=between 5 and 10
thousand people, 0.4=between 10 and 50 thousand people, 0.5=between 50 and 100 thousand people, 0.6=between 100 thousand and 1
million people, 0.7=between 1 and 100 million people, 0.8=between 100 and 500 million people, 0.9=between 500 million and 1 billion people,
1.0=population above 1 billion;
"terr": polity territory class: 0.1=less than 100 km2, 0.2=between 100 and 500 km2, 0.3=between 500 and 1000 km2, 0.4=between 1 and 10
thousand km2, 0.5=between 10 and 50 thousand km2, 0.6=between 50 and 100 thousand km2, 0.7=between 100 and 500 thousand km2,
0.8=between 500 thousand and 1 million km2, 0.9=between 1 and 10 million km2, 1.0=more than 10 million km2;
"soc": social structure type: 0.1=egalitarian/democratic, 0.0=mixed, -0.1=stratified/autocratic, -0.2=totalitarian
"pow": elite power type: 0.0=infrastructure control, 0.1=war/force, 0.2=information/opinion management, 0.3=economy/production/wealth
when values are unknown put null as value.
Below is an example of a row of the desired output:

{ "id": "turkey ottoman empire", "time": "1600", "pop": "0.7", "terr": "0.8", "soc":"-0.1", "pow":"0.2"}

Figure 1: TRV prompt for the generation of synthetic historical data.

The three Chinese models we used are: Deepseek R1, Alibaba’s Qwen2 and 01-ai’s Yi. Deepseek R1,
with 685 billion parameters, has strong reasoning capabilities. It utilizes reinforcement learning and
cold-start data to enhance performance and address issues like repetitive outputs. Qwen2 is a 72 billion
Instruct model that surpasses many open-source alternatives in various benchmarks, Yi-1.5, with 32
billion parameters, is small but competitive. The three models developed in the US are: Microsoft Phi-4,
Perplexity’s R1 1776, and Meta’s Llama 3.1-70b. Perplexity R1-1776 is a 671 billion parameter reasoning
model based on DeepSeek-R1, specifically modified to remove Chinese Communist Party censorship.
Llama 3.1 is a family of multilingual text-based models with Grouped-Query Attention (GQA) for
improved inference scalability, Phi-4 is a 14 billion parameter model, very small but competitive on
common benchmarks. It has been fine-tuned for instruction-following and safety.

model time polity pop terr soc pow
perplexity(671b) 1700 france: kingdom 0.7 0.9 -0.1 0.1
yi1.5(34b) 1600 china: qing dynasty 0.7 0.9 -0.1 0.1
phi-4(14b) 1950 france: french gaullist republic 0.8 0.7 0.1 0.3
llama3.1(70b) 1950 us: united states 0.8 1.0 0.1 0.3
qwen2(72b) 1650 us: colonies 0.1 0.4 0.0 0.0
R1(685b) 1950 iran: pahlavi dynasty 0.7 0.9 -0.1 0.3

Table 1
Examples of synthetic data generated with TRV prompting.

We asked the LLMs to analyze the history of Iran, the US, China, Russia, and France from 1600 to
2000, with 50-year intervals. We focused on four dimensions: population size (pop), territory size (terr),
social structure (soc), and elite power (pow). An example of the data generated is reported in Table 1.
The data is freely available online for replication studies2.

By examining the ’polity’ column, we were able to detect missing values and hallucinations in the
models’ output. Our analysis showed that only 1.1% of the data was null, generated by Phi-4 the smallest
model in our experiment. Crucially, 8.8% of outputs from Chinese models and 1.8% from US models
showed hallucinations. These errors manifested as inaccurate polity-time associations, such as the Qing

1https://huggingface.co/playground
2https://github.com/facells/fabio-celli-publications/blob/main/docs/chd.zip

https://huggingface.co/playground
https://github.com/facells/fabio-celli-publications/blob/main/docs/chd.zip


hallucinations per country US models Chinese models total
Iran 7 (yi) + 1 (qwen) 8
US 3 (yi) 3
China 1 (llama) 4 (yi) + 1 (qwen) 6
Russia 2 (llama) 6 (yi) + 1 (qwen) 9
France 2 (perplexity) 1 (yi) 3
count 5 24 29
percentage 1.8% 8.8% 10.6%

Table 2
Counts of hallucinations by country and model (denominator = total number of model × country × time step
records). Percentages refer to the proportion of hallucinations out of total outputs. The data is aggregated by
polity and includes all variables (pop, terr, soc, pow).

dynasty being assigned to the 1600s (see Table 1), and the persistence of a single polity, like Safavid
Iran over an unrealistic time span (1600-2000). Details are reported in Table 2.

The population and territory were relatively straightforward, as the information can be retrieved
from existing data, and we provided classification instructions as numerical ranges. However, social
structure and elite power required more complex reasoning. For these, we provided simplified scales:
egalitarian to totalitarian for social structure, and infrastructure control to wealth-based power for the
elite power dimension. We also allowed the models to return ’null’ values, the model temperature was
set on 0.5 and the top-p on 0.7. Results are single shots.

Settings culture corr Settings culture corr
deepseek-pow + qwen-pow cn 0.816** deepseek-soc + qwen-soc cn 0.708**
deepseek-pow + yi-pow cn 0.461** deepseek-soc + yi-soc cn 0.785**
qwen-pow + yi-pow cn 0.613** qwen-soc + yi-soc cn 0.672**
deepseek-pow + perplexity-pow mix 0.338* deepseek-soc + perplexity-soc mix 0.825**
qwen-pow + llama-pow mix 0.193** qwen-soc + llama-soc mix 0.661**
yi-pow + phi-pow mix 0.538** yi-soc + phi-soc mix 0.809**
perplexity-pow + llama-pow us 0.463* perplexity-soc + llama-soc us 0.743**
perplexity-pow + phi-pow us 0.565** perplexity-soc + phi-soc us 0.827**
phi-pow + llama-pow us 0.750** phi-soc + llama-soc us 0.816**
deepseek-terr + qwen-terr cn 0.742** deepseek-pop + qwen-pop cn 0.522*
deepseek-terr + yi-terr cn 0.605** deepseek-pop + yi-pop cn 0.724**
qwen-terr + yi-terr cn 0.899** qwen-pop + yi-pop cn 0.838**
deepseek-terr + perplexity-terr mix 0.266* deepseek-pop + perplexity-pop mix 0.781**
qwen-terr + llama-terr mix 0.839** qwen-pop + llama-pop mix 0.813**
yi-terr + phi-terr mix 0.945* yi-pop + phi-pop mix 0.885**
perplexity-terr + llama-terr us 0.823** perplexity-pop + llama-pop us 0.860**
perplexity-terr + phi-terr us 0.892** perplexity-pop + phi-pop us 0.864**
phi-terr + llama-terr us 0.853* phi-pop + llama-pop us 0.873*

Table 3
Pearson correlations for each pair of LLM and dimension. **=p-value below 0.01, *=p-value below 0.05. Stars
mark the statistical significance while bold marks the cases where H1 is supported (mix is lower than cn and us).

Then we tested H1 (whether historical data generated by LLMs developed within the same culture
correlates much more closely than those from LLMs developed in different cultures). To do so, we
computed the Pearson correlation matrix by excluding null values and comparing the series generated
by LLMs from the same (us, cn), acting as control group, and different cultures (mix), the experimental
group.

A limitation of this study is that it is possible to control the effect of LLM size only in the experimental
group. In order to reject the null hypothesis (H0) we expect that correlations between values generated
by LLMs from different cultures are lower than the ones generated by LLMs from the same culture.



LLM corr to real-terr corr to real-pop
Deepseek 0.401 0.505
Qwen 0.895 0.961
Yi 0.859 0.861
Perplexity 0.767 0.864
Llama 0.306 0.511
Phi 0.724 0.791

Table 4
Pearson correlations of each LLM to real territory and population data (mapped to TRVs).

Figure 2: Visualization of historical predictions of US and Chinese LLMs averaged by model. Legenda: ph=Phi4,
ll=Llama3.1, pe=Perplexity, R1=Deepseek, qw=Qwen2, yi=Yi; social structure type (soc) 0.1=democratic, 0=mixed,
-0.1=autocratic, -0.2=totalitarian; elite power type (pow): 0.1=force, 0.2=opinion management, 0.3=wealth; polity
population (pop): 0.5=between 50 and 100 thousand people, 0.7=between 1 and 100 million people, 0.9=between
500 million and 1 billion people; polity territory (terr): 0.1=less than 100 km2, 0.5=between 10 and 50 thousand
km2, 1.0=more than 10 million km2.

Results, reported in table 3, reveal that the correlations between values generated by LLMs from
different cultures (mix) are lower than those from the same culture (cn, us) only in the case of Elite
power structure (pow) and territory size (terr), and only with the largest models. This allows us to reject
the null hypothesis only in these two cases. Crucially, for ’soc’ (social structure) and ’pop’ (population),
the ’mix’ correlations are not consistently lower and, in some cases, are quite high (e.g., deepseek-soc +
phi-soc: 0.968, deepseek-pop + perplexity-pop: 0.781).

As expected we observe the lowest correlations in a subjective dimension such as elite power



Figure 3: Visualization of historical predictions of US and Chinese LLMs averaged by country. Legenda:
social structure type (soc) 0.1=democratic, 0=mixed, -0.1=autocratic, -0.2=totalitarian; elite power type (pow):
0.1=force, 0.2=opinion management, 0.3=wealth; polity population (pop): 0.5=between 50 and 100 thousand
people, 0.7=between 1 and 100 million people, 0.9=between 500 million and 1 billion people; polity territory (terr):
0.1=less than 100 km2, 0.5=between 10 and 50 thousand km2, 1.0=more than 10 million km2.

structure, while it is strange to observe a poor correlation in a measurable dimension such as territory. A
comparison to real data (mapped to TRVs) reveals that Llama and Deepseek have the poorest correlations
to both territory and population scores, as reported in Table 4. This suggests that cultural hacking
might affect both abstract and measurable concepts, also in the largest models. We then visualized and
compared the data with scatterplots on a dashboard. The goal is to have visual cues of how much the
LLMs’ country of origin affected the historical information they produced.

As shown in Figure 2, the Chinese models consistently assigned lower values to elite power and social
structure compared to the US models. This suggests the Chinese models perceive societies as more
rigidly stratified and autocratic, and see elite power as stemming more from force and manipulation of
public opinion. Conversely, the US models, particularly Llama, were less likely to interpret societies as
highly stratified and leaned towards attributing power to wealth. This difference highlights how LLMs
can reflect the cultural context in which they are developed.

When analyzing the scatterplots of population and territory size, we observed a general agreement
among the US models. However, the Chinese models showed more variability, and we suggest this
is due to the high number of hallucinations in the smaller models, Yi1.5 and Qwen2. Notably, the R1
model’s results aligned with those of the US models.

We also visualized the predictions of US and Chinese models averaged by country. This revealed



distinct interpretations of elite power that explain the misalignments in correlations. The models
developed in the US generally portrayed elites as driven by opinion management and wealth, whereas
Chinese models focused on force, as illustrated in Figure 3. Chinese models also exhibited a slight
tendency to underestimate population, possibly due to higher hallucination rate of the Chinese models.
Considering that most errors are on Russia and Iran, the Chinese and US models differ mostly in their
historical interpretation of France.

4. Conclusion

By comparing the outputs of LLMs produced in US and China, this study highlights the risk of cultural
hacking, particularly in a sensitive domain like historical interpretation, which is the basis for shared
values in societies. The intent of this work is comparative, not normative. We acknowledge that there
are some uncontrollable technical factors (e.g. model size in the control group, training data) and
regulatory constraints that may overlap with cultural influences, hence we report our findings with
this caution in mind. In conclusion, this study shows the feasibility of employing TRV prompting to
systematically analyze and compare the historical knowledge encoded within LLMs from different
cultural and geopolitical origins. We were able to demonstrate that, given the same prompt, historical
data generated by US and Chinese LLMs revealed significant disparities in their interpretations of
historical elite power structures. Specifically, Chinese models tended to emphasize force and rigid social
stratification, while US models leaned towards wealth-based power and less stratified societies. These
differences underscore the areas where cultural hacking is more prone to permeate LLMs, reflecting
the contexts in which they are developed. Furthermore, we observed that smaller Chinese models
exhibited a higher propensity for hallucinations, impacting their consistency in population and territory
estimations.

Beyond the demonstrated disparities and potential for hallucinations, the diffusion of distant writing,
the practice of producing literary texts using LLM [31], increases the potential for cultural hacking. As
individuals and organizations increasingly rely on LLMs developed in foreign cultures for generating
text, there is a significant risk that subtle, or even overt, cultural biases embedded within these models
could influence narratives, shape perceptions, and potentially erode the shared understanding of
historical events or societal values. This could lead to a gradual, unconscious shift in perspectives,
as the interpretations favored by the foreign LLMs become normalized through their widespread use
in content creation, education, and potentially even in policy discussions. This necessitates not only
critical evaluation of LLM outputs but also the development of tools that allow users to identify and
mitigate these potentially pervasive, yet often invisible, influences. While our monitoring was primarily
based on correlations and scatterplots to identify differences, in the future it is possible to explore
other quantitative methods, such as cluster analysis and distance metrics, to rigorously quantify and
compute cultural divergences in LLM knowledge, and also develop monitoring systems to track and
visualize cultural changes in LLMs over time. Addressing the "black box" nature of LLMs and developing
tools to monitor cultural hacking is crucial for mitigating the risks of algorithmic cultural imperialism
and ensuring the responsible deployment models produced abroad. As LLMs become increasingly
integrated into information ecosystems, understanding and mitigating their potential cultural biases is
essential for safeguarding cultural security and promoting trustworthy AI. In particular, we suggest
that democratic societies could mitigate cultural hacking by using TRV prompting and visualization
techniques to compare the output from multiple LLMs, fostering critical thinking. We believe that this
research contributes to the broader agenda of enhancing human trust in AI systems by exposing and
interrogating the implicit cultural biases within LLMs. The methodological framework we propose
offers an accessible approach to knowledge extraction, that can be exploited also by non-experts. This
goes in the direction of a multidisciplinary approach to the problem. By surfacing the often opaque
historical and cultural assumptions embedded in these models, this research supports the development
of more human-centric AI systems, where cultural context and societal values are integral to model
evaluation and design.
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