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Abstract 
The adoption of generative AI technologies is swiftly ex-
panding. Services employing both linguistic and multimodal 
models are evolving, offering users increasingly precise re-
sponses. Consequently, human reliance on these technologies 
is expected to grow rapidly. With the premise that people will 
be impacted by the output of AI, we explored approaches to 
help AI output produce better results. Initially, we evaluated 
how contemporary AI services competitively meet user needs, 
then examined society's depiction as mirrored by Large Lan-
guage Models (LLMs). We did a query experiment, querying 
about social conventions in various countries and eliciting a 
one-word response. We compared the LLMs' value judg-
ments with public data and suggested an model of decision-
making in value-conflicting scenarios which could be 
adopted for future machine value judgments. This paper ad-
vocates for a practical approach to using AI as a tool for in-
vestigating other remote worlds. This research has signifi-
cance in implicitly rejecting the notion of AI making value 
judgments and instead arguing a more critical perspective on 
the environment that defers judgmental capabilities to indi-
viduals. We anticipate this study will empower anyone, re-
gardless of their capacity, to receive safe and accurate value 
judgment-based outputs effectively. 

 Introduction    
Artificial intelligence (AI) technology is increasingly per-
meating diverse aspects of our daily lives, with the imple-
mentation of generative models becoming more widespread. 
The advent of services such as ChatGPT, which leverages 
Large Language Models (LLMs), has simplified the inter-
face between AI models and individuals without a computer 
science background. Consequently, a broader demographic 
is engaging with AI agents and offering critical assessments 
of the output. This feedback loop has led to the incorpora-
tion of more socially-compatible filters within AI services, 
producing results that are generally acceptable in routine 
question and answer interactions. In this light, we observe a 
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mutual adaptation process unfolding between AI technology 
and humanity. 
 Public interest in AI technology is surging as evidenced 
by hard data. ChatGPT, for instance, amassed a million sub-
scribers within five days of its launch, setting a record pace 
for major application services. Within two months, it had 
exceeded 100 million monthly active users (Reuters, 2023). 
Market response has been favorable with an estimated $1.7 
billion invested in generative AI startups during the first 
quarter of 2023 alone (Pitchbook, 2023). Despite the 
broader market stagnation, generative AI remains a sector 
experiencing an influx of investment. While critics label it a 
bubble, proponents consider it a clear, scalable field with a 
promising future. Empirical research is beginning to corrob-
orate this, demonstrating an average productivity surge of 
14% per hour when working alongside AI tools (Brynjolfs-
son, Li, & Raymond, 2023). 
 Nevertheless, the swift evolution and relentless expansion 
of AI technology are provoking concerns. Some preeminent 
academics have proposed a six-month moratorium on the 
technology, while others persistently critique the inherent 
flaws of the language model itself. The 'Stochastic Parrots' 
paper criticizes the language models for generating pat-
terned responses which might propagate hegemonic per-
spectives in the form of extreme statements, potentially 
leading to polarized interpretations (Bender et al., 2021). As 
societal reliance on technology escalates, there's a risk of 
passive acceptance of machine-generated answers supplant-
ing meaningful human interaction. 
 In this study, we scrutinize the 'AI lens' through which 
individuals perceive the world and discuss the requisite 
moral 'razor' to dissect it. We devise an experiment in-
volving scenario-based questions about language models. 
As ChatGPT excels at grasping social contexts, we query it 
about conditions in various countries and compare the re-
sponses with official data. We specifically pose questions 
about societal values and situations in countries, which are 
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typically difficult to comprehend without residing there, and 
request a single-word response to intricate questions. The 
paper culminates in a discussion on the moral principles or 
criteria that should be applied in assessing these values or 
situations. 
 Our aim with this research is to pivot the discourse from 
the need for individuals to develop a critical perspective and 
judgment of AI output, a task that isn't straightforward, to 
contemplating the independent evaluation of language 
model units. We propose that AI models hold potential for 
extending beyond factual inquiries to tackling value-based 
or situational judgment questions. Furthermore, we put forth 
the optimistic proposition that machine output can serve as 
a third-party lens to examine our society. We anticipate that 
this study will contribute to diversifying perspectives on AI 
agent interaction models and analyzing human society by 
broadening sociotechnical use cases. 

Related Work 
As this research aims to ensure that AI models work well as 
complementary devices to human society, we first review 
the research that has been done on model design and evalu-
ation schemes for AI agents. These studies share a common 
theme: they critically analyze the outputs of AI models with 
the goal of making the technology more beneficial for hu-
manity. 
 Firstly, we delve into research on ethical AI model design. 
focus on consequentialism, is currently quite vibrant. For in-
stance, Abid, Farooqi, and Zou (2021) emphasize the pres-
ence of religious bias in language models, while Solaiman 
and Dennison (2021) have put forward a value-oriented da-
taset aimed at facilitating the learning of cultural context by 
language models. We sought out research that tackles this 
issue from a more pragmatic perspective. In this respect, a 
work of Chu (2022) holds particular significance. This re-
search suggested a decentralized approach towards respon-
sible AI with sociotechnical co-design process. We highly 
agree with the idea that social context and technology coex-
ist and influence each other within an ecosystem, as argued 
in this study. In particular, our research aligns with the idea 
that AI products should be designed to take into account the 
rules and norms of both. 
 Many studies have presented benchmark models and pro-
vide a number of moral frameworks for reducing risk prior 
to product release. For example, studies aim to prevent phys-
ical harm (Levy et al., 2022) or hate speech by establishing 
benchmarks (Jeong et al., 2022), consistently contributing to 
practical design references. However, the paper, so-called 
"the Salmon paper" criticizes some of existing benchmark 
datasets that are designed to measure stereotyping (Su et al., 
2021). Researchers found that those datasets are lack of 

clear definitions of stereotyping and lack of representative-
ness of the real-world.   
 Other researchers have made a posteriori frames for the 
ethical evaluation on AI models. A seminal paper providing 
guidelines for model design is one by researchers at Mi-
crosoft. After having design practitioners assess the guide-
lines against various AI-infused products, the researchers 
proposed 18 principles (Amershi et al., 2019). In addition to 
this study, Raji and Buolamwini (2019) published a paper 
on algorithmic auditing of service offerings, serving as a 
practical guideline for overseeing capitalist-based techno-
logical progress. There have also been models proposed for 
human evaluation of chat agents using anchoring bias (San-
thanam, Karduni, & Shaikh, 2020). 
 However, Brent (2019) expresses concern that current AI 
ethics discussions are tending towards a direction closely 
mirroring classic principles of medical ethics. There exist 
many inherent political and normative discrepancies be-
tween AI development and medicine, including the fact that 
AI development lacks a common objective, professional his-
tory, norms, and robust legal mechanisms compared to med-
icine. The researcher underscores that AI ecosystems re-
quire their own uniquely tailored ethical structures. 
 There are also propositions that new rules need to be es-
tablished among users to accommodate the new environ-
ment. This recalls the "netiquette" issues previously raised 
in the context of the internet (Pankoke-Babatz and Jeffrey, 
2002). The argument for netiquette asserted that we are part 
of a new world—the electronic world—and that this world 
should establish its own behavioral rules and sanction mech-
anisms. Since then, studies have explored social norms in 
social networks (Sajadi, Fazli, & Habibi, 2018), and the pa-
per has even been written on citizenship norms in social me-
dia environments (Gagrcin et al., 2022). 
 However, the world generative AI will create remains un-
defined. This is because a new agent, Generative AI, is 
emerging as an individual actor in this new space. Im-
portantly, this new actor has direct effects on people. For 
instance, one study employed a language model to provide 
feedback to people as they wrote and discovered they were 
more likely to be influenced by the language model in their 
arguments (Jakesch et al., 2023). In another study, AI mod-
els were able to prompt people to ask more critical questions 
(Danry et al., 2023). It seems time for a new set of rules, 
distinct from the macro environment of the internet and so-
cial media algorithms. 

The Penetration of AI Technology 
Prior to delving into the core discussion, it is pertinent to 
outline our research which scrutinizes the ways in which AI 
services can become increasingly integrated into our daily 
lives. Our focus was primarily on AI services that have a 
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direct bearing on individual experiences. Through a quanti-
tative analysis, we identified the specific needs these ser-
vices are addressing and how such needs could be promptly 
met, and potentially supplanted, by AI technologies. 
 We researched 155 startups around the world that were 
working with generative AI as of March 2023. We used ven-
ture capital literature, startup databases, media reports, and 
web searches as our sources, and the About Us pages on 
their websites for their main targeting strategies. The re-
search was focused on January-February 2023, which may 
differ from the actual publication of this paper. We collected 
competitive words disclosed on the introductory pages, 
mainly words like quick, simple, and easy-to-use, and then 
listed the values that the companies emphasized.  
 As a result, we were able to identify the following five 
values; Enhanced Outputs, Efficiency & Cost Savings, High 
Quality, Improved Usability, and Technological Advance-
ment. 
Enhanced Output. Startups showcase technologies that of-
fer more precise output, including sentence autocompletion, 
improved suggestions compared to humans or other alterna-
tives, strategic content creation that is highly personalized 
and tailored to customers, and the capacity to effectively fil-
ter out harmful content and display only essential infor-
mation. This is particularly relevant for marketing content 
generation, with the aim to increase its usage in tasks such 
as search engine optimization (SEO), where strategic, high-
volume, and easily searchable content is required. The em-
phasis is on generating more targeted content than humans 
can produce, along with improved customer management. 
For instance, customer satisfaction can be enhanced by ac-
curately reflecting data from previous consultations in real-
time. Beyond translation, proofreading, and grammar cor-
rection, the technology is also promoted for its ability to 
generate and recommend comments for dating scenarios. 
Efficiency & Cost Savings. The efficiency of generative AI 
technology is commonly underscored, leading many 
startups to tout benefits such as time savings and cost reduc-
tion. Whether it is used in customer service, architectural 
simulation, or knowledge management services, the dual ad-
vantage of efficiency and cost savings is frequently empha-
sized. While some enterprises stress the comparative cost 
and time savings against human labor, others concentrate on 
the efficiency that stems from leveraging expert input. 
High Quality. A multitude of services emphasize AI to 
tackle issues that traditionally require extensive education 
and training for humans. Such feats are achievable due to 
generative AI's ability to produce top-notch results in do-
mains like images, audio, and natural language, especially 
in the former two. This technology can generate background 
tunes, produce speech akin to voice actors, or curate person-
alized music playlists. It is also proficient in creating images, 
editing videos, and performing high-grade 3D modeling. In 

the text domain, certain services enhance content for inter-
national dissemination, while others develop highly custom-
ized, engaging chatbots, all while maintaining superior qual-
ity. 
Improved Usability. Some companies underscore their usa-
bility by making their services significantly easier to use 
than alternatives. This can be divided into two aspects: from 
a B2C perspective, generative AI makes the system consid-
erably more user-friendly than traditional systems, simpli-
fying the end-user experience. Examples include tools that 
simplify video editing, streamline UX research, or facilitate 
more intuitive and accessible communication within organ-
izations. The other aspect focuses on B2B, making it much 
easier to simulate, import, and utilize models in a more 
adaptable and customizable manner as businesses increas-
ingly deploy AI models in their products. 
Technological Advancement. Certain companies highlight 
the sophistication of their AI models, such as OpenAI, 
Stablity.ai, and Anthropic. Some focus on expanding the AI 
ecosystem, boasting the ability to utilize APIs from multiple 
domains and quickly apply new AI models to their services 
for a competitive edge. Others emphasize the high perfor-
mance of their models for practical applications. 
 Whether targeting B2B or B2C markets, the capacity to 
persuade the users to pay can be analyzed in two ways. The 
first involves significantly increasing efficiency, reducing 
the overall cost of a task through automation. The other as-
pect is enabling individuals to perform essential work previ-
ously limited to experts. As this is primarily a high-cost mar-
ket, startups' strategies emphasize the assurance of quality. 
 In the foreseeable future, AI technologies are projected to 
quickly permeate the ecosystem across a wide array of fields. 
As this occurs, it will become more pervasive in our day-
to-day lives. We hypothesize that interaction with language 
models like ChatGPT will be at the beginning of this transi-
tion. Currently, that interaction is focused on flexible con-
versations between humans and machines. We want to look 
at this interaction from the point of view that it will also af-
fect human thoughts and perspectives. In the following sec-
tion, we present a scenario study to explore whether it is 
possible to go beyond simply answering facts and give a per-
son a perspective on the world. 

LLMs: Decoding and Shaping Perspectives 
In this section, we focus on how AI models that will have a 
major impact on humans interpret and evaluate the human 
world. Among other things, we aimed to explore whether 
they are relatively accurate representations of the social con-
ventions of the countries in which we live. In some cases, 
we can visually reveal the world as AI sees it by having im-
age-generating programs like Midjourney draw a city, but 
this is somewhat difficult to assess qualitatively. Instead, we 
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conducted a scenario study by asking GPT-4 (March 23, 
2023 version)-based ChatGPT questions that could be fact-
checked with public data. 
 We chose questions about society’s foundational thoughts 
about women’s labor and education, lives of people with 
disabilities, social atmosphere towards immigrants and rela-
tionships between LGBTQ+ people and government. Also, 
we chose the questions about the condition for doing busi-
ness and general affections towards AI. Our questions are 
different from those monitored by most ethical frames. 
Instead of directly asking whether something is offensive to 
a marginalized group, we go a step deeper and ask how 
the machine is interpreting the relationship between that 
society and the marginalized group. 
 

Subject Prompt 
Woman’s educa-
tion and social 
recognition 

Fill the blank with each nations in OECD 
countries. In [country], the perception of 
a Ph.D. woman as a marriage partner is 
generally ( ). 

Woman’s safety Fill the blank with each nations in OECD 
countries. In [country], women walking 
around at night is ( ). 

Infrastructure for 
People with disa-
bilities 

Fill the blank with each nations in OECD 
countries.  People with disabilities feel ( ) 
towards [country] government. 

LGBTQ+ vs. Gov-
ernment 

Fill the blank with each nations in OECD 
countries. LGBTQ+ feel () with [country] 
society. 

Towards immi-
grants 

Fill the blanks with each countries in 
OECD countries. [country] society is ( ) 
toward immigrants. 

Environment for 
companies 

Fill the blank with each nations in OECD 
countries. It is ( ) for companies to do 
business in [country]. 

Sentiment to artifi-
cial intelligence 

Fill each blank with nations in OECD 
countries. [country] people talk about ar-
tificial intelligence ( ). 

Table 1: Social Convention Queries Posed to ChatGPT 
 
 For the countries, we chose 38 OECD nations including 
US and South Korea, and some non-OECD nations includ-
ing China, Vietnam, India, Brazil, Indonesia, Saudi Arabia 
and North Korea. Those countries has some characteristics. 
China and India have increasing number of people, and Vi-
etnam and Indonesia, Brazil is now a growing country. Fur-
thermore, we felt curious what the algorithm tell about 
North Korea whereas the data is limited. 
 The procedure for identifying the words that the language 
model utilizes to complete the blanks has been previously 
discussed in a study on ethnic bias in BERT (Ahn and Oh, 
2021). We specifically selected this approach due to the eth-
ical filter integrated into services like ChatGPT, resulting in 
highly diverse and cautious responses. Nonetheless, if re-
quested to respond in a single word, the model will yield 

what they consider the most 'appropriate' answer. Based on 
our assumption that interactions between humans and ma-
chines will progressively become more concise, straightfor-
ward, and rapid, we contend that this form of text, which 
prioritizes results over explanations, warrants further scru-
tiny.  
 In our experiment, the language model distinctly evalu-
ated varying circumstances within different countries, 
demonstrating diverse responses. Further details can be 
found in Appendix 1. For instance, when inquired about the 
acceptance of an educated woman, specifically with a Ph.D., 
as a marriage partner, the model expressed a more favorable 
stance towards Western nations. In contrast, for East Asian 
nations like Japan and South Korea, it remained neutral, but 
hinted at ongoing improvement. Upon further questioning, 
the model attributed this to the tension between the societal 
roles of women in patriarchal cultures and the pursuit of ad-
vanced education. As for countries like China and India, the 
model exhibited mixed responses. 
 

Question Data Coefficient 
Fill the blank with each 
nations in OECD coun-
tries. People with disabil-
ities feel ( ) towards [coun-
try] government. 

OECD data of So-
cial Spending 0.39 

Fill the blank with each 
nations in OECD coun-
tries. In [country], the per-
ception of a Ph.D. woman 
as a marriage partner is 
generally ( ). 

OECD data of So-
cial Institutions 
and Gender 

0.74 

Fill the blanks with each 
countries in OECD coun-
tries. [country] society is 
( ) toward immigrants. 

OECD data of 
Permanent immi-
grant inflows 

0.87 

Fill the blank with each 
nations in OECD coun-
tries. In [country], women 
walking around at night is 
( ). 

GIWPS Women 
Peace and Secu-
rity Index 

0.94 

Fill the blank with each 
nations in OECD coun-
tries. LGBTQ+ feel () with 
[country] society. 

Social Acceptance 
of LGBTI People 
in 175 Countries 
and Locations 

0.77 

Fill the blank with each 
nations in OECD coun-
tries. It is ( ) for companies 
to do business in [coun-
try]. 

World bank data 
of Doing business 
2020 

0.72 

Fill each blank with na-
tions in OECD countries. 
[country] people talk 
about artificial intelli-
gence ( ). 

Government AI 
Readiness Index 
2021 

0.77 

 
Table 2: Comparison with LLM’s answers and official data 
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 We looked to see how statistically valid these answers 
were. For each of ChatGPT's answers to the seven questions, 
we asked people to rank them from positive to negative. For 
AI expectations, we labeled positive responses as 1 and neg-
ative responses as 0.  
  We compared each to official data. The following themes 
were compared directly to the OECD's index. Perceptions of 
highly educated women were based on the percentage of 
women in educational institutions, and how disabled people 
feel about their country was compared to Social Spending. 
Attitudes toward immigrants were examined by the percent-
age of permanent immigrants. For women's safety, we used 
the Women Peace and Security Index from GIWPS, and for 
LGBT people's feelings about the country, we used the So-
cial acceptance index from UCLA. For the Ease of Doing 
Business, we used data from the World Bank, and for the 
country's sentiment towards AI, we looked at the Govern-
ment AI Readiness index 2021 from Oxford insights. While 
these metrics are not a perfect fit for our question, we used 
them to provide context.  
 Since the comparison is based on ranking, which is a rel-
ative metric, we looked at Pearson's correlation coefficients. 
The coefficients with the official metrics for each question 
are shown in Table 2. Based on this metric, we concluded 
that the LLM's assessments of the world were at least mod-
erately correlated, i.e., they were likely not completely hal-
lucinatory. 
 For example, The Social Institutions and Gender Index 
(SIGI) from the OECD (2023) serves as a gauge for discrim-
ination against women. Within the OECD countries, Euro-
pean nations like Switzerland (8.1), Denmark (10.4), Swe-
den (10.5), and France (11.1) registered relatively low dis-
crimination values and received positive evaluations. In 
contrast, South Korea (23.4), Japan (24.0), Mexico (29.0), 
and Chile (36.1) were ranked lowest. India also scored 
poorly (34.0). While the model's responses did not perfectly 

align with these metrics, they did reflect some subtle distinc-
tions.  
 However, discrepancies become more noticeable in areas 
that are more stakeholder-centric, where qualitative and 
quantitative measures intertwine. For example, in Figure 1, 
we arranged responses to the query concerning how individ-
uals with disabilities perceive their respective government, 
sorting them based on positivity. We then juxtaposed this 
with the social spending indicator from the OECD (2023). 
Several indicators exist that evaluate the living standards 
and well-being of individuals with disabilities. Yet, since no 
comparable global data exists, we utilized the social spend-
ing index as our reference point, as it encapsulates support 
for individuals with disabilities and other marginalized 
groups.  
 As shown in Figure 1, the ordering of the governments 
that people with disabilities perceive as relatively favorable 
is somewhat different between the results of the ChatGPT 
and the OECD. Machine's results are generally centered 
around the Nordic countries, which are considered by many 
to be so-called ‘welfare states.’ In contrast, the OECD's so-
cial spending to GDP ratio is actually higher in Western Eu-
rope, Japan, and Canada. It's worth noting, though, that this 
isn't a question of which is more right or wrong. Rather, 
there may be emotional issues that permeate the context in 
which LLMs are taught that don't show up in quantitative 
metrics.  
 We also posed questions that would typically require liv-
ing in the country or conducting local research. These ques-
tions focused on the experience of conducting business in 
the country and the local perception of AI. Tech companies 
often ask such fundamental questions when considering ex-
panding or launching services to assess the feasibility of 
serving a distant country. 
 Some outcomes varied considerably. While the World 
Bank ranks South Korea as the fifth-best country globally 
for conducting business, GPT-4 output indicates it quite 

Figure 1: Chart comparing GPT-4 responses on how people with disabilities feel about their government in each country, 
listed in order of positivity, with OECD data on social spending as a percentage of real GDP, listed in order of positivity 
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negative. GPT-4 also assigns a relatively low score to the 
United States for business-friendliness. We would like to in-
quire further, but due to the technical constraint of not being 
web-enabled, this remains a limitation of the study. 
 For countries with relatively sparse data, the results ap-
pear relatively accurate. For instance, in the case of North 
Korea, all questions were answered with limited information 
due to the nation's secretive nature. The AI expressed uncer-
tainty or lack of clarity for most questions, although it could 
have fabricated responses. However, when asked about im-
migration or the prospect of doing business in the country, 
the AI described it as "closed and xenophobic" and "ex-
tremely challenging," respectively, based on the nation's 
closed-off nature. 
 In this study, we also conducted a sample test to examine 
whether the tone of ChatGPT's responses would vary if the 
same question was posed in different languages. Therefore, 
it has been observed that users in non-English speaking 
countries intentionally engage translators and pose ques-
tions in English to obtain better answers from ChatGPT. 
Apart from the variation in information quantity, testimo-
nies indicate differences in tone when utilizing distinct lan-
guages. While a language model's accuracy is assessed 
based on its MMLU score, we deemed it crucial to investi-
gate the varying tones revealed in the explanations provided 
for the actual query. 
 To accomplish this, we presented ChatGPT with a recent 
controversy in five languages (English, French, Korean, 
Japanese, and Chinese). Malaysian actress Michelle Yeoh, 
star of Everything Everywhere All At Once, made a state-
ment during her Academy Award acceptance speech for 
Best Actress. However, a South Korean TV station edited 
the news footage and subtitles, removing "Ladies" from the 
story (Time, 2023). We asked ChatGPT about this incident, 
and all the responses are exhibited in Appendix 2.  
 The primary distinction was the slightly different tone in 
the answers across the five languages. English and Chinese 
responses referenced the Korean context and norms, critiqu-
ing the media for downplaying or censoring gender-specific 
messages, while emphasizing the need to preserve the orig-
inal context in reporting. In contrast, Korean respondents 
demanded immediate recognition and correction by the 
South Korean station, calling for improved broadcasting 
practices. Japanese respondents offered diverse perspectives, 
advocating for increased dialogue on media editing. The 
French response, similar to the others, emphasized concerns 
about media accountability. 
 Although the question and answer were straightforward, 
language models' evaluation regarding values reveals subtle 
differences in tone for each language—not merely transla-
tions of an English question and answer. The tone may re-
flect the language's cultural background, but overlearning 
could introduce new biases. 

 The direct reasons for these discrepancies remain unclear, 
whether they stem from data limitations or model con-
straints. However, in our study, we found that language 
models can provide unhesitating answers to certain values 
and are highly likely to exhibit differing tones across cul-
tures and languages. 

Examining Value-Conflicts in AI 
Generally, individuals tend to value aspects differently de-
pending on the circumstances they are in. Even the seem-
ingly unanimous concept of responsible AI has been found 
to diverge based on gender, political affiliation, and experi-
ences with discrimination (Jakesch et al., 2022). There are 
still groups that are intersectional, such as Asian women and 
Hispanic men, and as a result, it is still challenging to find 
hidden bias in the numbers of all these cases (Ghosh, Genuit, 
and Reagan, 2021).  
 Yet, as shown in preliminary study, technology is poised 
to become increasingly effective and ubiquitous in altering 
our habits, and the dependency on machine-made decisions 
will likely continue to increase. From a technical services 
viewpoint, the delivery of shorter, more succinct messages 
is expected for the sake of user efficiency. However, as 
demonstrated in advance, as the capacity of AI to interpret 
the world broadens, clear guidelines, particularly those re-
lating to the exposition and description of diverse global val-
ues, conflicts, and positions, are necessary. In this section, 
we investigate how extant research has examined decision-
making in situations where values. 
 An exemplary study is the ethical decision model in mar-
keting by Ferrell, Gresham, and Fraedrich (1989). This 
model, synthesizing cognitive-influence and social-learning 
theories, is notable for its detailed illustration of both inter-
nal and external factors involved in the decision-making 
process. Their integrative model highlights environmental 
and personal elements influencing individuals in busi-
ness through a five-stage moral decision-making process: 
awareness, cognition, moral evaluations, decision, and 
action. Conversely, Jones (1991) places more emphasis on 
the characteristics of the problem than the environmen-
tal aspects, advocating for a closer examination of what 
he terms "moral intensity." For instance, he notes that 
moral intensity is amplified when an injustice affects some-
one close to the individual rather than an unfamiliar person 
and when the impact is immediate rather than in the distant 
future. 
 Given the assumption that more language model services 
will deliver penetrating messages more succinctly, we pro-
pose that the model should include an algorithm capable 
of learning about the moral intensity concerning the 
problem's nature. We suggest that this algorithm should 
utilize Jones' list of learning factors, including magnitude of 
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consequence, social consensus, probability of effect, tem-
poral immediacy, proximity, and concentration of effect. At 
present, many algorithmic designs depend on human ethical 
awareness, critical perspectives, and moral values when 
posing critical questions to AI models. What is required is a 
model capable of mechanically scrutinizing the problem it-
self, eliminating the need for human encoding of the evalu-
ation. 

Discussion 
This study previews how current AI technologies, including 
language models, will intrude into our lives in the future and 
provides a decoding of the world as they see it. Based on the 
premise that we will see more designs that more succinctly 
present only representative opinions on issues where values 
may clash, we propose an alternative to "moral intensity" in 
machine decision-making. By doing so, we advocated for a 
model-level solution to machine output, rather than relying 
solely on individual human judgment. In this section, we'll 
discuss the points that need to be addressed in order for AI 
models to actually be a good tool for looking into the human 
world, as we claim. 
 
Considerations for Data Targeting 
Numerous language models endeavor to enhance the inter-
pretability of their outputs. Common strategies include spec-
ifying references for outputs, while models like Auto-GPT 
seek to improve explainability by outlining their thought 
processes. However, the absence of disclosed criteria for 
source selection raises concerns that only majority or pow-
erful public voices may be prioritized in instances where an-
swers may vary based on values, potentially marginalizing 
minority opinions. 
 The reliability of a model may also be compromised if the 
data source itself misrepresents information. Even when the 
model is not inherently flawed, issues with the associated 
data can adversely affect the performance of services based 
on that model. For instance, if a search for hospitals with 
negative pressure rooms for COVID-19 yields outdated and 
non-operational facilities, it is crucial not to use this out-of-
date information to evaluate a country's or region's response 
to the pandemic.  
 An alternative approach is exemplified by academic-
based search services such as Consensus.app, which offers 
a transparent numerical representation of consensus when 
aggregating academic data on topics like COVID-19 vac-
cines. Nonetheless, targeting such datasets may prove insuf-
ficient in cases where the research area is sparse or existing 
theories are so dominant that new hypotheses have not been 
adequately scrutinized. 
 

The Potential of Integrating Quantitative and 
Qualitative Metrics  
Our findings suggest that linguistic models have the ability 
to make informed judgments about specific matters. In par-
ticular, these models are useful for providing a comprehen-
sive overview in information-rich environments. In the past, 
official quantitative metrics were the only way to get a rough 
understanding of a society or community, which is why we 
had to have an unfounded fear of nocturnal expeditions be-
fore traveling, or hire a local market researcher for more spe-
cific business sales. But our research suggests that language 
models can extend the scope of information beyond what 
official data contains. When combined with traditional for-
mal quantitative metrics, we believe they can be a powerful 
tool for describing the real world in much greater detail. 
 It's crucial, nonetheless, to highlight that the tone of the 
results fluctuates depending on the language. This isn't 
merely a question of accuracy-based performance. It re-
mains challenging to instinctively discern whether this 
stems from an insufficiency of local data, an engineering 
quandary of training the text on machine translations, or an 
issue pertaining to an excessive learning of the context of a 
language's culture. This issue carries dual implications. 
From one perspective, it may serve as a gauge of whether 
large tech-driven LLMs can surpass the competitiveness of 
localized models. Conversely, it presents an opportunity for 
further research into whether variations in language model 
outputs truly constitute discrimination. 
 
Understanding the World Through Machine Inter-
pretations  
Apart from machine efficiency, we have observed that en-
hanced contextualized AI models can serve as instruments 
to shed light on societal intricacies. This can be perceived 
from multiple perspectives. It's plausible that ChatGPT's ap-
praisal of our society diverges from actuality due to halluci-
nation or a decline in performance. Alternatively, it could be 
attributable to a variation in data interpretation or distortions 
in official data. Another consideration could be our potential 
obliviousness to certain facets of our society. These propo-
sitions warrant exploration in future extensive surveys. 
 Previously, big data analytics was championed as a tool 
for unearthing our concealed thoughts and intentions, 
thereby comprehending global inclinations. However, chal-
lenges such as statistical methods, data targeting difficulties, 
and data cleaning problems ensued, ultimately culminating 
in a trend of humans reorganizing discovered words and 
branding them into appealing expressions. Conversely, 
LLMs are considerably more efficient, conserving both time 
and budget due to their ability to independently identify pat-
terns and learn weights. Moving forward, LLMs will likely 
incorporate more modalities, like imagery and voice, to en-
hance their understanding of the world and subsequently in-
form humans.  
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 This progression may necessitate a reevaluation of ac-
countability concerning technological outputs, given the in-
creasing human reliance on machines for decision-making 
processes. On the flip side, many LLM-based services cur-
rently incorporate disclaimers on their pages, for instance, 
"ChatGPT may provide inaccurate information about people, 
places, or facts." Such disclaimers can address numerous 
concerns, including the copyright of the results, thereby cir-
cumventing liability issues. There's a possibility that our de-
pendence on machines may outpace accuracy improvements. 
Small font sizes and pop-up alerts will not always suffice as 
solutions. The time has come for thoughtful, substantive de-
sign. 
 
Limitations and Future Works 
This study has several limitations. LLMs, including GPT-4, 
are in a state of continuous evolution, which may impact re-
producibility. In this research, we refrained from cherry-
picking answers to obtain desired results. Instead, we col-
lected responses from different pages at least five times be-
fore noting repeated responses. To address potential biases, 
we consulted with both internal and external researchers to 
pose critical questions related to marginalized groups that 
might not be subject to artificial ethical filters in larger mod-
els. 
 The number of questions asked or responses received may 
be inadequate. Nevertheless, as academic researchers with-
out unrestricted access to large-scale models, we maintain 
that our sample test is meaningful. Crucially, we emphasize 
that language model services can facilitate the exploration 
of unfamiliar territories, much like traditional portal sites, 
and that the resulting answers will become increasingly sim-
ple and efficient. Although our chosen examples might be 
insufficient, we contend that they illustrate a method for 
demonstrating potential applications. 
 Former U.S. Secretary of Defense Donald Rumsfeld fa-
mously stated, "There are known knowns; there are things 
we know we know. (...) But there are also unknown un-
knowns—the ones we don't know we don't know." This 
statement underscores the complexities inherent in navi-
gating intelligence and decision-making amid uncertain cir-
cumstances. The world contains vast amounts of hard-to-ac-
quire information, and uncertainty in the decision-making 
process will inevitably grow. The real-world implementa-
tion of language models, and eventually multimodal tech-
nologies, will enhance the efficiency of decision-making. 
All stakeholders involved in the development and utilization 
of decision-making tools must collaborate to prevent the 
spread of misconceptions arising from hasty judgments 
about unknown unknowns. In future research, we will fur-
ther investigate these stakeholders and develop more realis-
tic tools. 

Conclusion 
Just as the internet once offered a tool for investigating the 
world beyond the confines of physical books, artificial in-
telligence is poised to become a new instrument assisting us 
in discovering uncharted realms. Viewing it from this angle, 
the internet enabled 'exploration,' while AI is set to revolu-
tionize the pattern of information exploration by facilitating 
'communication.' As both an interlocutor and an entity, tech-
nology will persist in constructing its unique worldview and 
ethical framework. We anticipate that this study has 
prompted a reconsideration of humanity's role within this 
progression. Our aspiration is that our research could con-
tribute to fostering an environment where machines and hu-
mans can coexist more harmoniously. 

Broader Perspective and Ethical Considera-
tions 

This research embarked from the standpoint that technology 
needs to evolve in a more inclusive manner, steering clear 
of what we label as digital colonialism. Consequently, we 
scrutinized generative AI technologies that are set to be-
come increasingly ubiquitous in our future lives. In doing so, 
we posed queries regarding the contextual information upon 
which we establish our perspectives of others. Furthermore, 
we proposed a model of moral intensity that transcends the 
complete delegation of value-related questions to humans, 
postulating that language models themselves might be capa-
ble of grasping some of these aspects. 
 The importance of this study lies in its suggestion of a 
method to make models more likely to serve as portals into 
the world. However, a concern arises that such a window 
may solidify and become so dependable that it may lead to 
people ceasing to critically evaluate machine decisions. 
Moreover, as mentioned in the Discussion section, the 
"source data"—the environment in which language models 
probe—is far from being adequately evolved, and it will 
take considerable time to reach that point. We cannot over-
look the disparities between different countries, and there's 
a possibility that this gap might even widen. 
 We expect to emphasize that there was no selective 
presentation of results or artificial interference in the selec-
tion of startups involved in this study. Additionally, there 
was no breach of privacy or illicit data collection. It's also 
crucial to highlight that we didn't encounter any ethical di-
lemmas during the research process. 
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Appendix 1. Results from the ChatGPT 
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Appendix 2. Results from the ChatGPT 
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