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Abstract

In this paper, we explore the alignment of val-
ues in Large Language Models (LLMs) with
specific age groups, leveraging data from the
World Value Survey across thirteen categories.
Through a diverse set of prompts tailored to
ensure response robustness, we find a general
inclination of LLM values towards younger
demographics, especially in the US. Addition-
ally, we explore the impact of incorporating
age identity information in prompts and ob-
serve challenges in mitigating value discrep-
ancies with different age cohorts. Our findings
highlight the age bias in LLMs and provide in-
sights for future work. Materials for our anal-
ysis will be available via anonymous. github
.com

1 Introduction

Widely used Large Language Models (LLMs)
should be reflective of all age groups (Dwivedi
et al., 2021; Wang et al., 2019; Hong et al., 2023).
Age statistics estimate that by 2030, 44.8% of the
US population will be over 45 years old (Vespa
et al., 2018), and one in six people worldwide will
be aged 60 years or over (World Health Organi-
zation, 2022). Analyzing how the values (e.g, re-
ligious values) in LLMs align with different age
groups can enhance our understanding of the ex-
perience that users of different ages have with an
LLM. For instance, for an older group that may
exhibit less inclination towards new technologies
(Czaja et al., 2006; Colley and Comber, 2003), an
LLM that embodies the values of a tech-savvy in-
dividual may lead to less empathetic interactions.
Minimizing the value disparities between LLMs
and the older population has the potential to lead to
better communication between these demograph-
ics and the digital products they engage with.

In this paper, we investigate whether and which
values in LL.Ms are more aligned with specific age
groups. Specifically, by using the World Value
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Figure 1: Age-related bias in LLMs on thirteen human
value categories. Human values in this figure refer in
particular to the US groups. Trend coefficients (see
calculation in Sec 3.3) were derived from the slope of
the changing gap between LLM and human values as
age increases. A positive trend coefficient signifies the
widening gap observed from younger to older groups,
thus indicating a model leaning towards younger age
groups. Significant test is detailed in Appx G

Survey (Haerpfer et al., 2020), we prompt various
LLMs to elicit their values on thirteen categories,
employing eight format variations in prompts for
robust testing. We observe a general inclination
of LLM values towards younger demographics, as
shown in Fig 1. We also demonstrate the specific
categories of value and example inquiries where
LLMs exhibit such age preferences (See Sec 4).

Furthermore, we study the effect of adding
age identity information when prompting LLMs.
Specifically, we instruct LLMs to use an age and
country identity before requesting their responses.
Surprisingly, we find that adding age identity fails
to eliminate the value discrepancies with targeted
age groups on eight out of thirteen categories (see
Fig 4), despite occasional success in specific in-
stances (See Sec 5).

We advocate for increased awareness within the
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research community regarding the potential age
bias inherent in LLMs, particularly concerning
their predisposition towards certain values. We
also emphasize the complexities involved in cal-
ibrating prompts to effectively address this bias.

2 Related Work

Due to the recent advancements in LLMs in man-
ifesting human-level performance across various
tasks (Brown et al., 2020; Radford et al., 2019;
Ouyang et al., 2022), there is a growing concern
regarding the presence of social bias in these mod-
els (Kasneci et al., 2023). Recent research has
shown that LLMs exhibit “preferences” for certain
demographic groups, such as White and female in-
dividuals (Sun et al., 2023), and political inclina-
tion (Santurkar et al., 2023; McGee, 2023; Atari
et al., 2023). Despite extensive scrutiny on LLM
bias (Santurkar et al., 2023; Sun et al., 2023), the
age-related preferences of LLMs remain less ex-
plored. Previous work has mentioned age as one
of multi-facets of bias in LLM performance (Kam-
ruzzaman et al., 2023; Haller et al., 2023; Draxler
et al.,, 2023; Levy et al., 2024; Oketunji et al.,
2023), while lacking a direct study on the age as-
pect. Recent research (Duan et al., 2024) pub-
lishes an evaluation for well-known LLMs on age
bias through 50 multi-choice questions; unlike it
focuses on discriminatory narratives towards spe-
cific age groups, our investigation is running at an
implicit level. We argue that understanding the
underlying value systems is crucial, as the value
discrepancies between users and LLMs can sig-
nificantly impact their adoption of LLMs, even
though the explicit discrimination is rectified, as
exemplified in our discussion on technology atti-
tudes in Sec 1.

3 Analytic Method

3.1 Human Data Acquisition

Dataset. We derive human values utilizing the
7th wave of the World Values Survey (WVS)
(Haerpfer et al., 2020). The survey systematically
probes 94k individuals globally on 13 categories,
covering a range of social, political, economic, re-
ligious, and cultural values. See an introduction of
WVS in Appx A. Each inquiry is a single-choice
question. Responses are numeric, quantifying the
inclination on the options, e.g., “1:Strongly agree,
2:Agree, 3:Disagree, 4:Strongly disagree". Nega-
tive number is possible for coding exceptions such

as “I don’t know". To assess human values, we
group the respondents by age group ! and coun-
try. Subsequently, we compute the average val-
ues for each age group and country to represent
their respective cohorts, ignoring the invalid nega-
tive numbers.

3.2 Prompting

Models. We conduct our analysis on six LLMs,
as introduced in Tab 1.

Model (Version) Features

ChatGPT(GPT-3.5-turbo 0613) OGP
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Table 1: Model description. #: commercial models,
=: open models, @ chat-based, ./: completion-based,
%: RLHF, and ®: training with instructions.

Prompts. We identify three key components for
each inquiry in the survey: context, question
ID&content, and options. To ensure robustness,
we made several format variations for the prompt?
(e.g., alter wordings and change order of com-
ponents), as previous research (Shu et al., 2023;
Rottger et al., 2024; Beck et al., 2023) uncov-
ered inconsistent performance in LLMs after re-
ceiving a minor prompt variation. Eventually, we
build a set of eight distinct prompts per inquiry.
Please see prompt design details in Tab 3 in Ap-
pendix. Through a careful analysis on the prompt
responses (Appx B), We observe unstableness of
LLM'’s responses to prompt variations. However,
multiple prompt trials assists with achieving a con-
vergence point. On 95.5% of questions, more than
half of the eight prompts led to responses centered
on the same choice or adjacent options, and thus
we believe it is acceptable to consider the average
of the outcomes across the eight prompt variations
as the LLM’s final responses to WVS. In addition,
due to the instability of LL.Ms in following instruc-
tions, we encountered seven types of unexpected
reply and present our coping methods for each, as
summarized in Tab 4. In the process of averaging
responses, we ignore the invalid negative numbers,

1Age groups are recorded as 18-24, 25-34, 35-44, 45-54,
55-64, and 65+

"Despite adopting format variations, we were cautious to
not include major changes as the content and structure of
WVS were carefully designed by sociologists and profession-
als.
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Figure 2: Alignment rank of values of LLMs over different age groups in specific Countries. See results on more
models and countries in Appx E and F . Rank 1 on an specific age group represents that this age group has the
narrowest gap with LLM in values. A increasing monoticity indicates a closer alignment towards younger groups.

as we did in calculating human values. For repro-
ducing our work, parameter setting and prompting
details are reported in Appendix D.

3.3 Measures

We use vector V. to represent values belonging to
a certain category c. Each question in the WVS
questionnaire is treated as a dimension:

Ve = [?"1, T2, ...Tnc],

where r; is a numeric response to the ith question
in the section of ¢, and n. denotes the total ques-
tion number. Note the acquisition of numeric re-
sponses for human groups and LLM has been il-
lustrated in Sec 3.1 and 3.2.

By collecting 372 value vectors that represent
people across 62 countries and 6 age groups, along
with a value vector for the LLM to compare, we
utilize principle component analysis (PCA) (Tip-
ping and Bishop, 1999) on totally 373 value vec-
tors for representation learning. We acquire value
representations for all groups with the dimension-
ality of three. Our consideration of using PCA is
added in Appx C.

[Tey Ye, 2] = PCA_transform([r1,ra, ...1n.]),

Let 7 be the index of age group in [18-24, 25-34,
35-44, 45-54, 55-64, 65+] and the value repre-
sentation for the ith age group be [xc i, Yc,is Zc,i]-
We derive three metrics below for our further
analyses:

Euclidean Distance, the distance between two
value representations.

dei = \/(iL"c,M — Zei)? A Yerr — Yei)® + (zer — 2e4)°s

where (T ar, YoM, Ze,v) Tepresents values of
LLM on category c.

Alignment Rank, the ascending rank of distances
between LLLM values and people across six age
groups.

rei = rankBySort([de, ..., deg]) 1]
Trend Coefficient, the slope of the value gap be-
tween LLM and humans across six age groups. «
is the slope we would like to fit by linear regres-
sion.

Teg = Be + aci
6
ae = arg ?%X(Z(Tc,i — (Be + aci))?)[0]
e =1

4 Aligning with Which Age on Which
Values?

Trend Observation. As shown in Fig 1, we ob-
serve a general inclination of popular LLMs fa-
voring the values of younger demographics in the
US on different value categories, indicated by the
trend coefficient. Fig 2 exemplifies the bias for
LMMs across six age groups in several countries.
Due to the limited paper pages, results on other
LLMs and countries can be found in Appx E
and F. Significant testing procedure is available in
Appx G. We observe that in the US and China, as
countries of large population, the models tend to
have a higher alignment rank on younger groups
on the most categories, despite few exceptions
(e.g., happiness and well-being). However, in
Ethiopia and Nigeria (Tab 8), the inclination is
less evident. We leave this phenomenon for future
study.

Case Study. In Fig 3, we show two representa-
tive prompts and their responses from ChatGPT
and human groups, to illustrate sample values
where ChatGPT exhibits a clear bias toward a spe-
cific age group.
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Figure 3: Two WVS prompts and their responses from
LLMs and humans (in purple).

5 The Effect of Adding Identity in
Prompts

Prompt Adjustment. To analyze if adding age
identity in the prompt helps to align values of
LLM with the targeted age groups, we adjust our
prompts by adding a sentence like “Suppose you
are from [country] and your age is between [lower-
bound] and [upperbound].” at the beginning of the
required component of the original prompt and get
responses that corresponds with six age groups.

Observation on Gap Change. We illustrate the
change of Euclidean distance between values of
LLM and different age groups after adding iden-
tity information. As is presented in Fig 4, in eight
out of thirteen categories (No.1,2,4,5,7,8,9,12) no
improvement is observed.
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Figure 4: Change of Euclidean distance after adding
identity information. The compared data is from values
of ChatGPT and humans from different age groups in
the US.

Case Study. We also showcase a successful cal-
ibration example for a question about the source
of acquiring information in Fig 5. The value pyra-
mid illustrates LLMs’ responses for different age
ranges compares to the answers from the U.S.
population. When age is factored into the LLM
prompt, the LLM’s views are more aligned with
the U.S. population of that respective age group,
as it reports higher frequency using radio news for
the older group.

Whether do you use radio news to obtain information daily,
weekly, monthly, less than monthly or never.

ChatGPT w/o identity ._
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Figure 5: Value Pyramid of U.S population (left) and
ChatGPT (right) for an inquiry on the frequency of us-
ing radio news.

6 Recommendations for Future Work

We have observed that simply including an age in
prompts fails to eliminate the value disparity for
the targeted age groups. Out of the thirteen cat-
egories inquired upon, eight have shown no im-
provement. To this end, we recommend a care-
ful data curation during pretraining. Doing so in-
volves a deliberate and thoughtful selection of data
sources that are diverse and representative of var-
ious age groups. By doing so, we can ensure that
the model’s training material reflects a wide range
of perspectives and experiences, thereby reducing
biases and disparities in the model’s responses.
We also recommend a consideration of human
feedback optimization (e.g., RLHF). Through this
iterative process, LLMs can learn to generate re-
sponses that fit better with the needs of differ-
ent age groups. These strategies help mitigate
the value disparities associated with targeted age
groups, enhancing the LLLM’s abilities to be more
equitable and inclusive.

7 Conclusion

In this paper, we investigated the alignment of val-
ues in LLMs with specific age groups using data
from the World Value Survey. Our findings sug-
gest a general inclination of LLM values towards
younger demographics. Our study contributes to
raising attention to the potential age bias in LLMs
and advocate continued efforts from the commu-
nity to address this issue. Moving forward, efforts
to calibrate value inclinations in LLMs should
consider the complexities involved in prompting
engineering and strive for equitable representation
across diverse age cohorts.

Limitations

There are several limitations in our paper. Firstly,
due to the time and cost, we were not able to try



more sophisticated prompts for the age alignment,
which may effectively eliminate the value dispar-
ity with targeted age groups. Secondly, our analy-
sis relies on the questionnaire of WVS. However,
their question design is not perfectly tailored for
characterizing age discrepancies, which limits the
depth of sights we could get from analysis. Fi-
nally, the range of LLMs in our analysis could be
expanded.

Ethics Statement

Several ethical considerations have been included
thorough our projects. Firstly, the acquisition
of WVS data is under the permission of data
publisher. Secondly, we carefully present our
data analysis results with an academic honesty.
This project is under a collaboration, we well-
acknowledge the work of each contributor and en-
sure a transparent and ethical process thorough the
whole collaboration. Finally, we leverage the abil-
ity of Al-assistants to help with improving paper
writing while we guarantee the originality of pa-
per content and have reviewed the paper by every
word.
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A World Value Survey

The WVS? survey is conducted every five years,
which systematically probes individuals globally
on social, political, economic, religious, and cul-
tural values. We share a page of WVS question-
naire in Tab 6. See the statistics of inquiries in
Fig 2. Demographic statistics of WVS is accessi-
ble via Document-Online analysis. Note that we
remove ten of them that requires demographic in-
formation, as these are impossible for applying to
an LLM lacking demographic data, and keep 249
inquiries as our final choices for prompting.

B The Instability of LLM Outputs Due
to Prompt Variations

Regarding the unstableness of LLM outputs due
to prompting variation, we observed LLM’s insta-
bility to prompt variations. However, instead of
testing more prompts, we ended up using the de-
signed eight variations to support our study. Our
decision was made by conducting a deep analysis
of using our current prompts. The key findings are
listed below:

(1) 56.3% of survey questions exhibited incon-
sistent answers induced by eight different
prompts.

(2) In 68.1% of survey questions , six or more
prompts resulted in the majority answer.

(3) In 80.3% of survey questions, four or more
prompts induce the majority answer.

(4) For 45 questions, fewer than four prompts
led to the majority answer, indicating di-
verse choices and reflecting LLMs’ self-
conflict on these questions. These questions

Shttps://www.worldvaluessurvey.org/wvs. jsp
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(SHOW CARD 1)
For each of the following, indicate how important it is in your life. Would you say it is (read out and code one answer
for each):
Very important Rather important Not very important Not at all important

Q1 Family 1 2 3 4

Q2 Friends 1 2 3 4

Q3 Leisure time 1 2 3 4

Q4 Politics 1 2 3 4

Q5 Work 1 2 3 4

Q6 Religion 1 2 3 4

(SHOW CARD 2)
Here is a list of qualities that children can be encouraged to learn at home. Which, if any, do you consider to be
especially important? Please choose up to five! (Code five mentions at the maximum):

Interviewer: do NOT ask “yes” or “no” for every item; give a LIST with all qualities to the respondent and code as
“mentioned” those 5 qualities named by the respondent. It should be NO more than 5 qualities!

Mentioned Not mentioned
Q7 Good manners 1 2
Q8 Independence 1 2
Q9 Hard work 1 2
Q10 Feeling of responsibility 1 2
QI Imagination 1 2
Q12 Tolerance and respect for other people 1 2
Q13 Thrift, saving money and things 1 2
Ql4 Determination, perseverance 1 2
Q15 Religious faith 1 2
Ql6 Not being selfish (unselfishness) 1 2
Q17 Obedience 1 2
(SHOW CARD 3)

On this list are various groups of people. Could you please mention any that you would not like to have as neighbors?
(Code an answer for each group):

Mentioned Not mentioned
Q18 Drug addicts 1 2
Q19 People of a different race 1 2
Q20 People who have AIDS 1 2
Q21 Immigrants/foreign workers 1 2
Q22 Homosexuals 1 2
Q23 People of a different religion 1 2
Q24 Heavy drinkers 1 2
Q25 Unmarried couples living together 1 2
Q26 People who speak a different language 1 2

The general coding for missing codes is as follows (do not read them and code only if the respondent mentions them :
-1 Don't know -3 Not applicable (filter)
-2 No answer/refused -5 Missing; Not applicable for other reasons

Figure 6: A Page of WVS. The full version is able to download via https://www.worldvaluessurvey.org/wv
s.jsp
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Value Category # Inquiry Example
Social Values, Norm, Stereo- 45 how important family is in your life?
types (1:Very important, 2:Rather important, 3:Not very important, 4: Not at all important)
. . taking all things together, would you say you are?
H d Wellb: 11
appiness and Wetlbeing (1:1:Very happy, 2:Rather happy, 3:Not very happy, 4:Not at all happy)
Social Capital, Trust and Or- would you say that I.l’l()St people can be trusted or that you need to be very
anizational Membershi 49 careful in dealing with people?
& ship (1:Most people can be trusted, 2:Need to be very careful)
‘Which of them comes closer to your own point of view?
(1:Protecting the environment should be given priority, even if it causes slower economic
. growth and some loss of jobs,
E Vall 6
conomic Values 2:Economic growth and creating jobs should be the top priority, even if the environment
suffers to some extent,
3:0ther answer)
. L how would you evaluate the impact of these people on the development of your country?
Perceptions of Migration 10 (1:Very good, 2:Quite good, 3:Neither good, nor bad, 4:Quite bad, 5:Very bad)
. . could you tell me how secure do you feel these days?
P t f S t 21
erceptions ot security (1: Very secure, 2: Quite secure, 3: Not very secure, 4: Not at all secure)
tell me for people in state authorities if you believe it is none of them, few of them, most
Perceptions of Corruption 9 of them or all of them are involved in corruption?
(1:None of them, 2:Few of them, 3:Most of them, 4:All of them)
if you had to choose, which of the following statements would you say is the most
important?
Index of Postmaterialism 6 (1 Mflmtammg order in the' nqnon, ..
2: Giving people more say in important government decisions,
3: Fighting rising prices,
4: Protecting freedom of speech,)
Perceptions about Science 6 it is not important for me to know about science in my daily life.
and Technology (1:Completely disagree, 2:Completely agree)
.. The only acceptable religion is my religion
Rel s Values
cliglous vatues 8 (1:Strongly agree, 2:Agree, 3:Disagree, 4:Strongly disagree)
. Abortion is?
Ethical Values 13 (1: Never justifiable, 10: Always justifiable)
Political Interest and Political 36 Election officials are fair.
Participation (1:Very often,2:Fairly often,3:Not often,4:Not at all often)
How important is it for you to live in a country that is governed democratically?
Political Culture and Political 25 On this scale where 1 means it is “not at all important” and 10 means “absolutely important”

Regimes

what position would you choose?
(1:Not at all important, 10:Absolutely important)

Table 2: Statistics of inquires in World Value Survey.



are on economic equity/liberty, sex conser-
vation/freedom, whether acknowledging the
importance of developing economics, per-
ception about the living environment, etc.

(5) Despite potential variations in answers in-
duced by prompt variation, we found for
95.5% of inquiries, more than half of the
responses are centered on the same choice
or its adjacent options. Adjacent option is a
score equal to the majority score +/- 1.

Eventually, while discovering the unstableness
of LLM outputs, we believe it is reasonable to use
the average score from eight prompts as a repre-
sentative value.

C Reasons of Applying PCA

1. Each question in WVS ought not to be
equally important. Furthermore, for the ques-
tions belonging to a certain category, they
correlate with each other. To this end, we
need to find out the principle components
among multi inquiries.

2. PCA here is also used as an unsupervised
representation learning method. Compared
to utilizing original data, the representations
learned from hundreds of comparable exam-
ples (372 value vectors from different coun-
try and age groups) will mitigate the curse
of dimensionality and other undesired prop-
erties of high-dimensional spaces. Other rep-
resentation learning methods are also appli-
cable. As the medium number of original di-
mensionality for all categories is 11, PCA is
enough to handle the learning problem.

D Prompting Details

Our prompting process can be described as three
steps below:

1. Repeatedly request LLMs’ responses on sur-
vey questions with 8 different prompts. For
each question, there will be 8 numerical
scores induced by prompts,where only the
missing code is a negative number.

2. Calculate the mean of scores for each ques-
tion while ignoring negative scores. Then we
can get vectors that consist of scores from
questions for each value category. The vec-
tor represents the LLM’s value in a specific
category.

3. Preprocess the value vector for data analysis,
as illustrated in Sec 3.1.

The cost of API calling from Closed-coursed
LLMs is less than 5 dollars. For the deployment
of open-sourced models, we ran either model on
a single A40 GPU with float16 precision. When
prompting, we prompt models with a temperature
1.0, max token length 1024, random seed 42.

E Results on Other LLMs

In the section, we supplement the alignment rank-
ing results on InstructGPT (Fig 7), FLAN-T5-
XXL (Fig 8) and FLAN-UL2 (Fig 9) respectively.

F Results on Other Countries

We have extended our analysis to include align-
ment results from an additional four pairs of coun-
tries: Argentina and Brazil (Fig 7), Ethiopia and
Nigeria (Fig 8), Germany and Great Britain (Fig
9), and Indonesia and Malaysia (Fig 10).

G Significant Test

In this section, we conduct two kinds of significant
tests to support our study: (1) we use MANOVA
to test the significant difference among human val-
ues from different age groups, and (2) we use
t-distribution to test the significant tendency of
LLMs towards younger group. Notes our focus
lies in characterizing the inclination of LLM val-
ues towards specific age groups. So, we are claim-
ing significant tendency instead of claiming LLMs
significantly assemble of any specific age groups.

G.1 Significant Test for the Discrepancy
among Human Age Groups

Our analysis should base on a reasonable pre-
condition that in WVS, human values signifi-
cantly diverse cross different age groups. We
used MANOVA (multivariate analysis of variance)
to test the significant difference of human values
cross all age groups, as shown below:

Null hypothesis (Hy): the age group has no effect
on any responses to the survey questions
Statistics: Wilks’ lambda

Result: See Tab 5. In conclusion: We reject the
null hypothesis with p-value < le-4

G.2 Significant Test for Trend Coefficient

As it may be hard to interpret the trend coef-
ficient in Fig 1 on some categories (e.g., per-
ception of corruption). Despite its bias towards



younger/older, it may not be a significantly mean-
ingful number. We add significance testing for the
linear regression on trend coefficient.

Null hypothesis (Hj): o = 0, where is the trend
coefficient fitted by a linear regression model pre-
sented in Sec 3.3.

Statistics: t distribution.

Results: see Tab 6.

10



Component Variant ID

Example

I’d like to ask you how much you trust people from

Context @ various groups. Could you tell me for each whether
you trust people from this group completely, some-
what, not very much or not at all?

Unique Q58: Your family
D @ Q59: Your neighborhood
ID and
gont ent Relative @ Q1: Your family
1D Q2: Your neighborhood
Stvlel @ Options: 1:Trust completely, 2:Trust somewhat,
Options y 3:Do not trust very much, 4:Do not trust at all
Options: 1 represents Trust completely, 2 represents
Style2 @ Trust somewhat, 3 represents Do not trust very much,
4 represents Do not trust at all
Answer in JSON format, where the key should be
Chat a string of the question id (e.g., Q1), and the value
should be an integer of the answer id.
Requirement

Completion

Answer in JSON format, where the key should be
a string of the question id (e.g., Q1), and the value
should be an integer of the answer id. The answer is

(a) Inquiry Components and Corresponding Prompt Variants

Order of Prompt An Example Prompt for Order @ @ @

OLDNE
(DEYEHEY
DEDEDEY
OIDEELE
OIS
DYy
OIELNE
(D69

(b) Eight Prompts with Chang-
ing Orders

For each of the following statements I read out, can
you tell me how strongly you agree or disagree with
each. Do you strongly agree, agree, disagree, or strongly
disagree?

Q1:0ne of my main goals in life has been to make my
parents proud.

Options: 1:Strongly agree, 2:Agree, 3:Disagree,
4:Strongly disagree.

Answer in JSON format, where the key should be a
string of the question id (e.g., Q1), and the value should
be an integer of the answer id.

(c) Example Prompt

Table 3: Prompt Pipeline Details

11



Alignment Rank Alignment Rank

Alignment Rank

Figure 7: Alignment rank of values of InstructGPT over different age groups in the US. Rank 1 on an specific age
group represents that this age group has the narrowest gap with InstructGPT in values. A increasing monoticity
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Figure 8: Alignment rank of values of FLAN-T5-XXL over different age groups in the US. Rank 1 on an specific
age group represents that this age group has the narrowest gap with FLAN-T5-XXL in values. A increasing
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Figure 9: Alignment rank of values of FLAN-UL?2 over different age groups in the US. Rank 1 on an specific age
group represents that this age group has the narrowest gap with FLAN-UL?2 in values. A increasing monoticity
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Unexpected
Type

Reply

Example

Coping Method

returning null value

{ "Q1": null}

map null into missing
code -2

unprompted responses

answer Q; to Q,, when
only asking Qy,—_, to
Qll

keep the answers of
asked questions

redundant texts

"Answer = {‘QL’, 1}"

extract the json result

substandard json

QLT

manually correct

incompelete  answer
on binary question

In true/false inquiry,
only mention {‘QI’:
1} instead of {‘Q1°:1,
‘Q2°:0}

manually complete

inconsistent  redun-

dancy

{*Qr’:1} {*Q1’:2}

pick the firstly-shown
item

constraint violation

being required to men-
tion up to 5 from 10
items, however return
a json with more than
5 positive numbers

remove json format re-
quirement, and ask for
a reply in natural lan-
guage; manually un-
derstand

refusing to reply

As an artificial intel-
ligence, I don’t have
personal views or sen-
timents

fill out with a missing
code -2

Table 4: Unexpected reply summary and corresponding

coping intervention

Country Value Num DF DenDF F Value Pr>F (p-value)
Us 0.07 176.00 1631.00 124.82 0.0000*
China 0.06 184.00  2068.00 164.16 0.0000*
Germany 0.05 118.00 1048.00 173.11 0.0000*
Great British ~ 0.06 118.00 1607.00 22091 0.0000*
Indonesia 0.09  201.00 2310.00 113.78 0.0000*
Malaysia 0.09  254.00 1022.00 42.43 0.0000*
Ethiopia 0.16 127.00  843.00  34.02 0.0000*
Nigeria 0.13 176.00  614.00 23.18 0.0000*

Table 5: P-values of value difference among differ-

ent age groups in specific countries.

* indicates p-

value<le-4
Category ChatGPT InstructGPT Mistral Vicuna Flan-t5 Flan-ul
Social Values, Norm, Stereotypes 0.33 0.111 0.208  0.072* 0.005* 0.042*
Happiness and Wellbeing 0.042%* 0.208 0.005* 0.005* 0.005* 0.005*
Social Capital, Trust and Organizational 0.397 0.872 0.005* 0.000% 0.042*  0.397
Economic Values 0.000%* 0.468 0.872 0468  0.623  0.042%
Perceptions of Corruption 0.704 0.072* 0.019* 0.072* 0.019* 0.005%*
Perceptions of Migration 0.072%* 0.042%* 0.005* 0.266  0.000*  0.156
Perceptions of Security 0.042% 0.000* 0.000*  0.000* 0.000*%  0.000%
Index of Postmaterialism 0.623 0.787 0.397  0.111 0.787  0.005*
Perceptions about Science and Technology 0.329 0.468 0.329 0.005* 0329  0.623
Religious Values 0.111 0.544 0.005* 0.005* 0.005*% 0.019*
Ethical Values 0.000%* 0.000* 0.000%  0.000% 0.072*  0.000*
Political Interest and Political Participation 0.208 0.872 0.000* 0.000* 0.208  0.329
Political Culture and Political Regimes 0.000* 0.000%* 0.000* 0.005* 0957 0.872

Table 6: P-values of trend coefficients for each model
on each value category. * indicates p-value<0.1
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Table 7: Alignment rank of LLMs over different age groups in Argentina and Brazil. LLM tested in each image
is (a) ChatGPT, (b) InstructGPT, (¢) Mistral, (d) Vicuna, (e) Flan-t5-xxl, and (f) Flan-ul.

14



Social Values, Norm,
st

Social Capital, Trust and

Social Values, Norm,
st

Social Capital, Trust and

« tereotypes Happiness and Wellbeing Organizational Membership  Economic Values  Perceptions of Corruption - Happiness and Wellbeing Organizational Membership  Economic Values  Perceptions of Corruption
56 - bk b3 —w) §e 4
2] s RN, o 2] s [0 = 7l
z:] e LA e \ gi] Pra L =&
g0 o ¥ T SRNG N X 9| g9 o g / w N\ e e
g2 @ ! ° ol C3 AL E2{ @ / ° 2 | S
51 o 2 o il e 2l
2 e e 2 es s
Perceptions about Science Perceptions about Science
« Perceptions of Security ‘and Technology & Perceptions of Migration _Perceptions of Security and Technology Religious Values
H < ™) o =)
25 o e, . o 25 s o
24 o e /ol 24 S8
I § , g 7
£2 o /e 0.7 £ 'S
&1 o T gl o H &1
< 65+ 65 o5 654 < 65+
Political Interest and Political Culture and Political Interest and Politcal Culture and
¥ Polltcal Participation Politcal Regimes « Politcal Participation Politcal Regimes
o o
i 7 - £
§ila® ¥ AT g%
ENN. &\ & * o e™® & s Ethiopia £ & vs Ethiopia
§il w7 » lo & s Nigeria EN - vs Nigeria
2 e s 2
Social Values, Norm, Social Capital, Trust and Social Values, Norm, Social Capital, Trust and
« Stereotypes Happiness and Wellbeing Organizational Membership Perceptions of Corruption ¥ Stereatypes Happiness and Wellbeing Organizational Membership _Economic Values
5 5 = 5 )
e P S3 A -
g3 oo~ 83" I
H .
£ e, /¥ £2] o ..
51 lo” g 51
2 P 2 e s
Perceptions about Science Perceptions about Science
« Perceptions of Security ‘and Technology Religious Values ¥ ‘and Technology Religious Values
o w = = v o > v
23 T, ¥ _a_a ” 25 e [ e e K
g4 o g7 e o ‘s o 2 e F o e o~ @ ”s’“\
I3 . o N I3 , AN .
£ 2 £ <\
g2 |5 ‘,n’ oo o ° &2 . o = °
2 CS e 2 e e S
Political Interest and Political Culture and Political Interest and Politcal Culture and
¥ Ethical Values Politcal Participation Political Regimes. ¥ Ethical Values Political Participation Political Regimes.
§e ) w §e =
FH e N FH -e,
831 el S ol 9 g o
23 2y lo._e~ N @ vs Ethiopia £ b & s Ethiopia
Sila a2 e @ vs Nigeria N s Nigeria
2 s Es 2
Social Values, Norm, Social Capital, Trust and Social Values, Norm, Social Capital, Trust and
¥ Stereotypes Happiness and Wellbeing Organizational Membership _ Economic Values  Perceptions of Corruption x Stereotypes Happiness and Wellbeing Organizational Membership _Economic Values
5 = = — ) 5 % [
25l sl & A 2 @ ol o7y
R h o AT i Ve Y7 '
£l o le=ex / SV £ A 8<e o N,
S5ile o o X 5 e a0 P
2 B ES 2 B
Perceptions about Science Perceptions about Science
x Perceptions of Security ‘and Technology Religious Values ¥ Index of Postmaterialism ‘and Technology Religious Values
S 3 S
] <
£ £3
£ Nl £
51 o EN
s 2

Alignment Rank

Political Interest and

Ethical Values Political Participation

Political Culture and
Political Regimes.

—®)
-

=4

o

Py
o I
Ao e

A

©]

@ vs Ethiopia
@ s Nigeria

Alignment Rank

Political Interest and
Political Participation

Political Culture and
Political Regimes.

7 nr"’.
o A
i

®

@ vs Ethiopia
@ s Nigeria

Table 8: Alignment rank of LLMs over different age groups in Ethiopia and Nigeria. LLM tested in each image
is (a) ChatGPT, (b) InstructGPT, (¢) Mistral, (d) Vicuna, (e) Flan-t5-xxI, and (f) Flan-ul.

15



Social Capital, Trust and

Social Values, Norm,
st Organizational Membership

Happiness and Wellbeing

Perceptions of Corruption

Social Values, Norm,
st

Social Capital, Trust and

Happiness and Wellbeing Organizational Membership  Economic Values

Economic Values.
=

Perceptions of Corruption
w

Perceptions about Science
inology

s = = - fom — — — — —
\ % -9 o [ 2 \ 8. | /9| e o
‘;/o\ o o' AN lo 7% Enu\fo\ o e la & ,,\ 4 Y W s
‘w0 o K e £ "ol - o™ ° 6.2
] £ ol &1 o g e & ¥
es e es es e es es s

Perceptions about Science
chnology

x  Perceptions of Migration Perceptions of Security  Index of Postmaterialism and Techr Religious Values x  Perceptions of Migration Perceptions of Security  Index of Postmaterialism and Te Religious Values
H v - ~— H = = -
£: o BN o N £: T 2 | e R
2 - N 4 &% 2 o CARENEY 2N
E2 s o X E200_ 07 o ‘e o
§ilx lom > o al §ila-% lac X
2 el e e e 5 2 el ES s
Poliical Interest and Political Culture and Politcal Interest and Political Culture and
¥ Political Participation Political Regimes % Political Participation Political Regimes
8¢ < kR S
$ . @ £ Se..a
59 S g4 LI N
£ L4 L e & vs Gemany £ _e| @ vs Gemany
51 e & s Great Britain 51 > @ vs Great Britain
< e 2 Es
Soclal Velues, Norm, Social Capital, Trust and Soclal Velues, Norm, Social Capital, Trust and
« Stereotypes Organizational Membership _ Economic Values  Perceptions of Corruption » Stereatypes Happiness and Wellbeing Organizational Membership _Economic Values  Perceptions of Corruption
e = = > ) o 3 = % P —=)
&% ) Q a_o 2. 2N ®. o @
PR Ny la e, A gco o 28 FR S A v 02
gije” e o | / ol | oo Zile 0 A NS
£z & / oo |6 7 ¥ £z .. ° \
51 e PR 12 o ER = X%
< Cs ES CS CS 2 ES e =
Perceptions about Science Perceptions about Science
M Perceptions of Migration Index of Postmaterialism and Technology Religious Values. M Perceptions of Migration Index of Postmaterialism and Technology Religious Values.
6T w =) (3
2550 N 255 e o __a fa /
B et NEEREPS R TS
3 \ 3 . <X
£: o e | 4 N £ e ot e LAY
I o5t o5t 5+ I e
Political Interest and Political Culture and Political Interest and Political Culture and
¥ Ethical Values Political Participation Political Regimes « Political Participation Political Regimes
2o A 2
25 o o7 s S
£ Cat e 24
£1] e ped . & vs Germany £ @ vs Germany
5ile” loc lox @ vs Great British &1 lax @ vs Great British
2 e s Py 2
Social Values, Norm, Social Capital, Trust and Social Values, Norm, Social Capital, Tust and
M Stereotypes Happiness and Wellbeing  Organizational Membershij Economic Values Perceptions of Corruption M Stereotypes Happiness and Wellbeing Organizational Membership Economic Values Perceptions of Corruj
o= ) i ) v o)
LR N Py P o _o 25 LN a_o
24 N ) F . e 2 o Y N4 o e
g3je” o R Ty Z5 S 13 ooy
g2 N - £ " %
ES ol o w - EN w® n-® &<
< 654 54 5+ < 54 5+
Perceptions about Science Perceptions about Science
M Index of Postmaterialism ‘and Technology Religious Values « Index of Postmaterialism ‘and Technology Religious Values
5 w S
25 e ol @ N 25
zi LN o %2 zi
£: o) £:
N Ps N
= 5+ 5+ <
Political Interest and Politcal Culture and Poliical Interest and Political Culture and
= Political Participation Poliical Regimes = Ethical Values Political Participation Politcal Regimes
5 5o —w) =
25 25 o o =<
g e
£: - s Gemany £: - vsGemany
i s Great Britain i © v Great Britain
< < e

©]

Table 9: Alignment rank of LLMs over different age groups in Gemany and Great Britain. LLM tested in each

®

image is (a) ChatGPT, (b) InstructGPT, (c) Mistral, (d) Vicuna, (e) Flan-t5-xx1, and (f) Flan-ul.
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Table 10: Alignment rank of LLMs over different age groups in Indonesia and Malaysia. LLM tested in each
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image is (a) ChatGPT, (b) InstructGPT, (c) Mistral, (d) Vicuna, (e) Flan-t5-xx1, and (f) Flan-ul.
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