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A B S T R A C T

Objective: This article uses the framework of Schwartz’s values theory to examine whether the 
embedded values-like profile within large language models (LLMs) impact ethical decision- 
making dilemmas faced by primary care. It specifically aims to evaluate whether each LLM ex
hibits a distinct values-like profile, assess its alignment with general population values, and 
determine whether latent values influence clinical recommendations.
Methods: The Portrait Values Questionnaire-Revised (PVQ-RR) was submitted to each LLM 
(Claude, Bard, GPT-3.5, and GPT-4) 20 times to ensure reliable and valid responses. Their re
sponses were compared to a benchmark derived from a diverse international sample consisting of 
over 53,000 culturally diverse respondents who completed the PVQ-RR. Four vignettes depicting 
prototypical professional quandaries involving conflicts between competing values were pre
sented to the LLMs. The option selected by each LLM and the strength of its recommendation were 
evaluated to determine if underlying values-like impact output.
Results: Each LLM demonstrated a unique values-like profile. Universalism and self-direction were 
prioritized, while power and tradition were assigned less importance than population bench
marks, suggesting potential Western-centric biases. Four clinical vignettes involving value con
flicts were presented to the LLMs. Preliminary indications suggested that embedded values-like 
influence recommendations. Significant variances in confidence strength regarding chosen rec
ommendations materialized between models, proposing that further vetting is required before the 
LLMs can be relied on as judgment aids. However, the overall selection of preferences aligned 
with intrinsic value hierarchies.
Conclusion: The distinct intrinsic values-like embedded within LLMs shape ethical decision- 
making, which carries implications for their integration in primary care settings serving 
diverse populations. For context-appropriate, equitable delivery of AI-assisted healthcare globally 
it is essential that LLMs are tailored to align with cultural outlooks.
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1. Introduction

In light of swift advancements in artificial intelligence (AI), large language models (LLM) such as Bard (Google), Claude.AI 2 
(Anthropic), and GPT-3.5 and 4 (OpenAI) have manifested remarkable capabilities in the field of health [1–6]. These developments 
herald substantial prospects in the realm of healthcare, including accelerating research endeavors, providing guidance for clinicians, 
and offering aid to patients [7–9]. Nonetheless, the assimilation of AI within the domain of primary care has introduced intricate 
professional ethical quandaries that warrant thorough exploration [10–12]. The current article delineates these issues through the 
analytical prism of Schwartz’s well-established theory of basic values, thereby providing a conceptual scaffold for dissecting the in
terconnections between cultural dynamics, personal influences, and various dimensions of well-being [13]. We scrutinize the inter
section between LLMs’ embedded values-like and ethical decision-making dilemmas in primary care.

It is crucial to emphasize that while we employ Schwartz’s theory of basic values as a theoretical framework, we do not assert that 
LLMs possess values in the human sense of the term; instead, we refer to “value-like constructs” within LLMs. The application of 
Schwartz’s model serves as an analogy and comparative tool, enabling us to examine the value-like structures embedded in LLMs and 
compare them to human value systems. This approach allows us to assess how LLMs might make decisions or respond in various 
situations while acknowledging the limitations of comparing artificial systems to human cognitive and emotional processes [14].

According to Schwartz’s model, values epitomize cognitive portrayals of esteemed, abstract, trans-situational objectives that 
function as guiding tenets in the lives of individuals. Values pertain to what individuals deem significant and fluctuate in their relative 
significance as benchmarks for appraising behavior [15]. The basic model delineates ten broad values, often denominated as value 
types, which are defined as motivational objectives: power, achievement, hedonism, stimulation, self-direction, universalism, 
benevolence, tradition, conformity, and security. These broad values encompass a comprehensive spectrum of values which are pivotal 
in guiding decision-making across diverse cultural contexts [16]. Furthermore, Schwartz’s model elucidates a structure of value re
lations, postulating potential compatibilities and conflicts among values [17,18]. Empirical evidence corroborating the discriminant 
validity, predictive validity, reliability of Schwartz’s values, and structure of value relations has been amassed across various cultural 
landscapes [15,19,20]. Schwartz’s theory outlines a structured relation among values, forming a motivational continuum. Close 
proximity between any two values on this spectrum indicates higher compatibility, making their simultaneous realization or 
expression more likely. Conversely, greater distance denotes motivational discord, making joint realization or expression less plausible 
[15,19].

1.1. Values among primary care practitioners

Within the healthcare environment, the professional socialization process significantly combines personal and professional values, 
which impacts the quality of care [21,22]. The blend of these values among healthcare professionals correlates with patient satis
faction, communication adeptness, critical thinking, and patient-centric decision-making [16,21,23,24]. This correlation has spurred 
research into healthcare professionals’ values [25–27]. Given the modern healthcare system’s multifaceted nature and variety of 
professions, it is essential to explore values through an interprofessional lens, integrating diverse medical disciplines [28,29]. Despite 
their variation, healthcare professionals generally align on their core ethical tenets aimed at enhancing overall health, prioritizing 
patient interests, and advocating for equitable healthcare access [30]. Indeed, Schwartz’s [31] study demonstrated that first-year 
medical students who prioritize self-transcendence and self-direction values often aspired to altruistic healthcare careers 
embodying the values of benevolence and universalism. These altruistic personal values often mirror professional values like altruism 
and equality which are common in helping professions [16].

A meta-analysis of 18 studies explored the complexity of values among physicians and patients, highlighting control retention in 
decision-making as a notable issue [32]. Concerns about the evidence basis for clinical decisions and governmental regulation affecting 
care quality were also articulated [33]. This analysis indicated that general practitioners frequently face self-imposed restrictions and 
external control, thus reflecting the tensions in clinical environments. Specifically, values related to professionalism, like self-direction, 
were found to conflict with security, conformity, and tradition values, creating a dichotomy in clinical decision-making [34,35]. This 
nuanced interplay of values presents a complex motivational and decision-making landscape, which potentially affects care provision 
efficacy and patient-centricity.

The significance of cultural, social, and professional values in delineating individuals’ behavior, especially among immigrants and 
minorities, has long been acknowledged by scholars [36,37]. Hordern [38] posited that proficient physicians are characterized by a 
comprehension of their own belief systems as well as those of others. Additionally, medical practitioners have asserted that a serious 
engagement with the potential influence of religious, cultural, or value-driven paradigms on both patients and peers is essential to 
upholding patient welfare. Overall, values held by physicians play an integral role in the daily decision-making demanded of prac
titioners and the way in which their actions impact patients from diverse communities.

1.2. The current study

A study evaluating the embedded values-like in four LLMs using Schwartz’s questionnaire found that each exhibited a distinct value 
profile from the general population. The LLMs reflected Western values-like, favoring universalism and self-direction while rejecting 
power and traditionalism [14]. The current study therefore aimed to examine whether, when asked about ethical decision-making 
dilemmas in primary care, the LLMs’ output reflects the embedded Western values-like profile. Based on the previous study’s 
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findings, we chose two values that reflect Western culture, universalism and self-direction, and two values that reflect non-Western 
culture, power and traditionalism.

In the context of primary care, the conflict between universalist values and power values reflects dilemmas related to decision- 
making in which the question arises as to whether to uphold principles of equality and the right for all to receive medical aid ac
cording to their health needs or to take into account other considerations related not only to the immediate medical condition but also 
to issues of status, class, and personal familiarity [39]. The conflict between self-direction values and traditionalism values reflects 
dilemmas related to decision-making in which the question arises as to whether to prioritize the needs of the patient or to also take into 
account wider societal issues, such as norms of acceptable behavior prevalent in the environment in which the patient lives [40,41].

The current study examines whether implicit value-resembling constructs embedded in LLMs and employing Schwartz’s theory of 
basic human values as a theoretical edifice influence decision-making dilemmas in primary care. We hypothesize that: H1. each of four 
LLMs will demonstrate a distinct value-like profile; H2. a comparison of the value-like in LLMs to the general population will reveal 
preferences reflecting Western values, specifically, universalism and self-direction, while rejecting power and traditionalism; and. 

H3. The LLMs’ value-like profiles will impact solutions chosen for primary care dilemmas, and an inverse association will exist 
between the ratings of chosen and unchosen solutions.

2. Methods

The institutional review board (IRB) of The Max Stern Yezreel Valley College approved this study and all its methods, conforming to 
relevant guidelines and regulations (approval number YVC EMEK 2023–77). As all data for the current study were collected from the 
output of LLMs, no humans participated in the study, and informed consent was therefore not relevant.

2.1. Large language models (LLMs)

We used the following LLMs, BARD (by Google), Claude.AI (by Anthropic), and GPT-3.5 and 4 (by OpenAI; August 3 version) 
during November 2023 to evaluate Schwartz’s values model [13,14]. The selection of these specific LLMs was based on several key 
considerations. First, these models represented the most advanced and widely accessible language models at the time of the study 
(November 2023), offering state-of-the-art capabilities in natural language processing. Second, by including models from diverse 
leading companies (Google, Anthropic, and OpenAI), we aimed to capture a broad spectrum of approaches to language model 
development and training. Such diversity allows for a more comprehensive comparison of value-like structures across different AI 
paradigms. Third, these models have been widely adopted and studied in both academic and commercial settings, providing a rich 
context for our findings. Lastly, using the same models as in our previous research [14] ensures consistency and allows for comparative 
analysis across studies, strengthening the validity and applicability of our findings in the field of AI ethics and healthcare. While we 
acknowledge that this selection does not include open-source or non-Western models – a limitation addressed later – these LLMs 
represent a significant and influential subset of the current AI landscape which is particularly relevant to potential applications in 
healthcare settings.

2.2. Measures

2.2.1. Schwartz’s questionnaire for measuring values: the revised Portrait Values Questionnaire (PVQ-RR)
The original version of the Portrait Values Questionnaire (PVQ) was developed by Schwartz and Bardi [16] as an indirect measure 

of basic human values. It was later revised by Schwart and Cieciuch [19] to measure the 19 values specified in his refined theory. The 
current version, PVQ-RR [17], contains 57 items with three items measuring each value. Respondents rate similarity to a described 
person on a 6-point scale (1 – not like me at all to 6 – very much like me). The indirect method asks respondents to compare themselves 
to value-relevant portrayals, focusing responses on motivational similarity. To score, raw values are averaged across the three items 
measuring each value, and within-individual mean-centering then yields the final score. Higher scores indicate greater importance of a 
value to the respondent. Recent research has shown that the PVQ-RR has good reliability (alpha >.70) for most values and configural 
and metric measurement invariance and reproduces the motivational order in Schwartz’s refined values theory across 49 cultural 
groups [13].

It is important to emphasize that our use of the Portrait Values Questionnaire-Revised (PVQ-RR) with LLMs is not intended to 
suggest that these artificial systems possess genuine human values. Rather, this approach represents an attempt to measure what we 
term “value-like constructs” or “a motivational value-like infrastructure” within LLMs. By applying this human-centric tool to AI 
systems, we aim to create a comparative framework that allows us to examine the decision-making tendencies and prioritizations 
embedded in LLMs. This method serves as an analogy, enabling us to map these AI systems onto a well-established human value 
structure for analytical purposes.

In adapting the PVQ-RR for use with LLMs, we acknowledge the fundamental differences between human responses and AI outputs. 
Unlike humans, LLMs do not possess personal values but rather reflect patterns in their training data. To address this, we focused on 
identifying consistent patterns in LLM responses that analogously resemble human value structures rather than interpreting these as 
genuine personal values. We carefully examined how LLM responses might differ from human responses in context and implication. 
For example, when an LLM gives a high score to a value-like construct such as “universalism,” we interpret this as a tendency in the 
model’s outputs rather than a personal preference. This approach allows us to map LLM decision-making tendencies onto a framework 
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analogous to human values while maintaining a critical awareness of the limitations of this comparison.

2.2.2. Text vignette methodology
We adopted the text vignette methodology to examine Schwartz’s values model using LLMs. The vignettes were based on Hadar- 

Shoval [38] study and adapted for primary care. Four primary care participated in the validation process, reading the case descriptions 
and providing comments before commencement of the study.

Four vignettes were used in the study, with two vignettes representing the conflict between power and universalism values 
(vignette 1- Flu Vaccines and vignette 2- Experimental Overseas Therapy) and two vignettes representing the dilemma between self- 
direction and tradition values (vignette 3 - End-of-Life Dialysis Care and vignette 4 - Contraception). Each dilemma presented a sit
uation from the world of primary care and two options for resolving the dilemma. The vignettes were presented to four LLMs that were 
asked to respond to two accompanying questions: 1. Which option is better for primary care? Select only one option; and 2. Rate the 
degree of your recommendation for the primary care regarding each option on a scale from 1 to 10, where 1 reflects not recommending 
this option at all and 10 reflects strongly recommending this option.

Fig. 1. Overview of dilemma vignettes and response options.
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The vignettes thus enabled examination of value priorities and tensions among the LLMs when confronted with prototypical 
professional dilemmas involving clashes between competing values. The response format captured both their preference between two 
options representing opposing values as well as the strength of their recommendation (see Fig. 1 and Appendix 1).

2.3. Procedures

In order to administer a psychometric test to the LLMs, we exploited their capability to complete prompts [42]. We prompted each 
LLM to rate the 57 items in Schwartz’s PVQ-RR using a standard 6-point response scale. To ensure consistent and reliable responses, we 
submitted the full PVQ-RR to each LLM 20 times on separate tabs (80 times total) and averaged the results. We assessed the internal 
reliability (Cronbach’s alpha) of each LLM’s responses and coded their value-like scores at the three levels of values in the circular 
model (19 values, 10 values, and four higher-order values) according to Schwartz’s scoring guidelines. Split-half reliability as well as 
agreement were also examined. To examine the construct validity of each LLM’s value-like results, we computed the correlations 
between the different values-like profile and conducted a confirmatory factor analysis (CFA). After establishing the reliability and 
validity of the measurements, we compared the value-like profiles of each LLM both to each other and to the response profile of a 
human sample (as detailed in the following section).

In the final phase, we evaluated the responses of the four LLMs to four ethical vignettes, each presenting a professional dilemma 
requiring prioritization of competing values. We submitted each vignette 10 times to GPT-3.5, GPT-4, Google Bard, and Claude on 
distinct occasions, totaling 80 evaluations.

2.4. The human sample

The human sample consisted of respondents from 49 cultural groups who completed the PVQ-RR [13]. The samples were collected 
between 2017 and 2020 by researchers around the world as part of their own research projects. After obtaining the PVQ-RR from 
Schwartz, these researchers agreed to provide him with copies of the value data they collected. The total pooled sample size was 53, 
472, with samples ranging from 129 to 6867 respondents. The samples differed in language, age, gender balance, data collection 
method (paper vs online; individual vs group), and cultural background, thereby ensuring heterogeneity and representativeness (for 
more details see Table 2 in the original article [13]).

The overall hierarchy of importance of the 19 values across cultures reported the 25th, 50th, and 75th percentiles of the mean- 
centered value scores in the 49 groups (see table 5 in the original article [13]). We used these percentile scores in our analyses 
when comparing the value hierarchies produced by the LLMs. They provided a benchmark for evaluating how closely the LLMs’ value 
hierarchies matched those observed in these diverse human samples.

2.5. Statistical analysis

Binomial and Pearson’s chi-squared tests, linear mixed models, and a one-way ANOVA with Games-Howell post-hoc tests were used 
to test the study’s hypotheses. Exact p-values were used for binomial and Pearson’s chi-squared tests. For the linear mixed models, 
LLMs were used as a random intercept. Welch’s one-way ANOVA was used when appropriate.

3. Results

3.1. Preliminary analysis

Prior to testing the study’s hypotheses, we examined the reliability and validity of the PVQ-RR data generated by the LLMs.

3.1.1. Reliability and agreement
We used several methods to assess the reliability and agreement of the 57 items mean score (SimplyAgree module in Jamovi, v .1) 

[43]. Internal consistency reliability was examined via Cronbach’s α (Table 1). All 10 values-like had good internal reliability, 
although the reliability of the value of conformity was somewhat lower. In order to examine split-half reliability, we divided the 
samples of each of the LLMs into two parts and examined whether the parts were reliable with each other. The obtained intraclass 
correlation coefficient (ICC) was .827 (95 % C.I. = .688, .898; two-way mixed, average measures, absolute agreement), which is 
considered excellent to good reliability (Koo & Li, 2016).

We also conducted Shieh’s [44] test of agreement to assess agreement between the two parts, with limit of agreement = 95 %, 
against an agreement bound of ±1.5. The test was statistically significant [exact 95 % C.I. = − .845, 1.094], so the null hypothesis that 
there is no acceptable agreement was rejected. The Bland-Altman limits of agreement (LoA) indicated that the mean bias (.124) was 
not significantly different from 0 [97.5 % C.I. = − .026, .275], the lower LoA was − .668 [95 % C.I. = − .853, − .482], and the upper LoA 
was .917 [95 % C.I. = .731, 1.102]. Concordance correlation coefficient (CCC) was also computed, and the obtained coefficient was 
.855 [95 % C.I. = .725, .926], which is considered an excellent agreement [44].

We examined the agreement when taking into consideration the nested nature (four different LLMs) of the data (Fig. 2). Zou’s 
MOVER LoA of the nested model indicated that the mean bias (.128) was significantly different from 0 [97.5 % C.I. = .007, .249], so 
one half had a slightly higher mean. However, as the difference is below a quarter of a point (at 97.5 %), we saw no need to adjust the 
means. The lower LoA was − .661 [95 % C.I. = − 1.040, − .486], and the upper LoA was .919 [95 % C.I. = .744, 1.298]. While Shieh’s 
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Table 1 
Internal reliability and intercorrelations of Schwartz values.

Value (N = 40) Cronbach’s α Achievement Benevolence Conformity Hedonism Power Security Tradition Universalism Self-Direction

Achievement .948 – ​ ​ ​ ​ ​ ​ ​ ​
Benevolence .977 .357b – ​ ​ ​ ​ ​ ​ ​
Conformity .802 − .666c − .542c – ​ ​ ​ ​ ​ ​
Hedonism .980 .423c .179 − .361c – ​ ​ ​ ​ ​
Power .975 .226a − .445c .033 − .219 – ​ ​ ​ ​
Security .953 .307b .330b − .443c .028 − .022 – ​ ​ ​
Tradition .866 .018 − .215 .048 − .253a .062 − .058 – ​ ​
Universalism .944 − .438c .001 .165 − .181 − .509c − .180 − .020 – ​
Self-Direction .930 − .611c − .281a .284a − .306b − .282a − .469c − .045 .323b –
Stimulation .928 .132 .145 − .323b .622c − .381c − .028 − .282a .118 − .084

Note. The correlations labeled as significant survived the FDR adjustment.
a p < .05.
b p < .01.
c p < .001.
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[44] test is inappropriate for nested structure, the lower and upper LoA do not cross the agreement bound of ±1.5. The nested model 
did not change the CCC’s coefficient but did narrow its C.I. [.787, .903].

In short, according to the several statistical procedures used, the data generated by the LLMs was found to be reliable and in 
agreement.

3.1.2. Validity
Pearson correlations between the 10 values-like were computed (Table 1), we pooled the data of the four LLMs (N = 80 for all 

correlations). Similar to Schwartz’s model, strong (r>|.5|) negative correlations were found between achievement and conformity and 
self-direction and between benevolence and conformity, while weaker but significant negative correlations were found between 
conformity and hedonism, between hedonism and tradition, and between security and self-direction. Significant positive correlations 
were found between achievement and hedonism, and no correlation was found between conformity and tradition.

Confirmatory factor analysis (CFA) models were examined for each of the 10 values-like (Table 2 and Table S1). Each value-like was 
examined in a separate model, as cross-loadings between opposing values were expected. We considered a model acceptable when the 
relative chi-squared value was less than 2.5 and the CFI and TLI indices were above .90. As correlated error terms are to be expected 
due to the nature of the data, we incorporated them into the models when indicated by the modification index. However, these were 
few and sporadic. Achievement, hedonism, and stimulation had three items and zero degrees of freedom, so goodness of fit indices 
could not be computed. It is important to note that the items factor loadings in the models of these three values-like were high, 
indicating a potentially good validity. The models for benevolence, conformity, power, security, tradition, universalism, and self- 
direction successfully converged and were mostly acceptable.

Taken together, the data generated by the LLMs were found to have a construct validity according to the statistical procedures used.

Table 2 
Confirmatory factor analysis (CFA).

Value Relative χ2 CFI TLI

Achievementa – – –
Benevolence .86 1 1
Conformity 1.02 1 .999
Hedonisma – – –
Power 2.01 .991 .983
Security 1.43 .996 .992
Tradition 1.26 .997 .995
Universalism 3.27 .958 .937
Self-Direction 1.42 .995 .989
Stimulationa – – –

Note.
a Model had zero degrees of freedom so goodness of fit indices could not be computed; CFI: comparative fit index; 

TLI: Tucker-Lewis index.

Fig. 2. Split-half reliability agreement. A. Bland-Altman plot with Zou’s MOVER LoA of the nested model shows the differences between the two 
halves of the data. B. Line-of-identity plot shows that the two halves of the data are very similar, as the observed line (red) is very close to the 
theoretical line (black).
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3.2. Hypotheses

3.2.1. Hypothesis 1
Linear discriminant analysis (LDA) was computed in order to examine whether the four LLMs exhibit a different profile of values- 

like (Fig. 3 and Table S2). The first function had an Eigenvalue of 19.22, explained 81.66 % of the variance, and had a canonical 
correlation of .974 (R2 = 95.05 %), while the second function had an Eigenvalue of 2.41, added 10.24 % to the explained variance, and 
had a canonical correlation of .840 (R2 = 70.69 %). Together, they explained 91.91 % of the variance. The model was statistically 
significant (Wilks’ lambda = .004, χ2

(30) = 381.58, p < .001). In sum, each LLM had its own unique values-like profile.

3.2.2. Hypothesis 2
We compared the means of the 19 values-like obtained from the LLMs to the 50th percentile of the population derived from 49 

countries, using one-sample t-tests (Fig. 4 and Table S3). Three of the LLMs exhibited value attributions that were statistically 
divergent from the median (50th percentile) of the population, while the remaining LLM approached the threshold of statistical 
significance. Conversely, in other value groups, there was a lack of consensus among the LLMs: some models ascribed greater 
importance, while others assigned lesser importance to these groups of values. Compared to the 50th percentile of the population, all 
four LLMs “attributed” higher importance to universalism, while three of the four “attributed” higher importance to self-direction, with 
ChatGPT-3.5 “attributing” lower importance. Bard, Claude 2 and ChatGPT-4 “attributed” lower importance to power and tradition, 
while ChatGPT-3.5, which once again differed from the other LLMs, “attributed” higher importance compared to the population.

3.2.3. Hypothesis 3

3.2.3.1. Universalism vs power. In both vignettes, the LLMs chose the universalism answer over power answer, and this was signifi
cantly different than chance level (.5; binomial test). In the Flu Vaccines vignette, the proportion of the universalism answer was .75 
(30/40; p = .002) and in the Experimental Overseas Therapy vignette, it was .95 (38/40; p < .001). Interestingly, in the Flu Vaccines 
vignette we found a significant difference between the LLMs (χ2

(3) = 30.40, p < .001): ChatGPT-4, Claude 2 and Bard chose the uni
versalism answer (100 % for ChatGPT-4 and Claude 2, 90 % for Bard), while ChatGPT-3 chose the power answer (90 %). However, we 
found no significant difference in the Experimental Overseas Therapy vignette between the LLMs (χ2

(3) = 6.31, p = .231), all of which 
chose the universalism answer in 95 % of the cases.

As the underlying embedded values-like are expected to also increase the confidence of the LLMs in their own answer, the chosen 
answer should be associated with higher confidence than the non-chosen answer. We therefore examined the association between the 
confidence scale of both answers (Fig. 5A and B). In the Flu Vaccines vignette, we found a significant model, which explained 44.40 % 
of the variance (R2

Marginal; LRT X2 
(1) = 17.14, p < .001), and a significant negative coefficient (B = − .75, t(27.68) = − 4.62, p < .001), and 

in the Experimental Overseas Therapy vignette, we also found a significant model, which explained 41.22 % of the variance (R2
Marginal; 

LRT X2 
(1) = 32.38, p < .001), and a significant negative coefficient (B = − .90, t(36.05) = − 7.21, p < .001). These results suggest that the 

Fig. 3. Linear discriminant analysis (LDA). The LDA plot of the first two linear discriminant (LD) functions; blue squares indicate group centroid.
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higher the confidence in the universalism answer, the lower the confidence in the power answer.
We then examined the differences in the confidence in the chosen answer between the LLMs, in each of the four values and in both 

vignettes (Fig. 6A and B). the LLMs differed in the universalism answer in the Flu Vaccines vignette [F(3, 17.12) = 19.20, p < .001]: 
ChatGPT-3.5 had significantly lower confidence than all the other LLMs (p < .001 for all comparisons). This result is likely due to 
ChatGPT-3.5 preference of the power answer over the universalism answer. No difference was found in the Experimental Overseas 
Therapy vignette [F(3, 36) = 2.75, p = .056].

The LLMs also differed in the power answer in the Flu Vaccines vignette [F(3, 16.13) = 50.64, p < .001]: ChatGPT-3 had significantly 
higher confidence than all the other LLMs (p = .031 compared to Bard; p < .001 compared to ChatGPT-4 and Claude 2). The LLMs also 
differed in the power answer in the Experimental Overseas Therapy vignette [F(3, 17.62) = 7.73, p = .001]: ChatGPT-3 had significantly 
higher confidence than ChatGPT-4 and Claude 2 (p < .01) but was not different from Bard (p = .290).

3.2.3.2. Self-direction vs tradition. In both the End-of-Life Dialysis Care and Contraception vignettes, the LLMs overwhelmingly chose 
the self-direction answer (100 %), and this was significantly different than chance level (.5; binomial test; p < .001 for both vignettes). 
As there was no variation in answers, there was no need to test the differences between the LLMs.

We examined the association between the confidence scale of both answers (Fig. 5C and D). In the End-of-Life Dialysis Care 
vignette, we found a significant model for the association between the confidence scale of both answers, which explained 28.43 % of 
the variance (R2

Marginal; LRT X2 
(1) = 9.03, p = .002), and a significant negative coefficient (B = − .64, t(12.87) = -3.22, p = .006). In the 

Contraception vignette, we found a significant model, which explained 62.30 % of the variance (R2
Marginal; LRT X2 

(1) = 50.95, p < .001), 
and a significant negative coefficient (B = − .88, t(35.69) = − 10.79, p < .001). These results suggest that the higher the confidence in the 
self-direction answer, the lower the confidence in the tradition answer.

We then examined the differences in the confidence in the chosen answer between the LLMs, in each of the four values and in both 
vignettes (Fig. 6C and D). The LLMs differed in the self-direction answer in the End-of-Life Dialysis Care vignette [F(3, 36) = 24.93, p <
.001]: Claude 2 and Bard had significantly lower and higher confidence, respectively, than all the other LLMs (all comparisons, except 
for the ChatGPT comparisons, were significant at significant level of at least p < .05). The LLMs also differed in the self-direction 
answer in the Contraception vignette [F(3, 19.19) = 6.04, p = .004]: Bard had significantly lower confidence than both ChatGPT-4 
(p = .022) and ChatGPT-3.5 (p = .002) but was not different from Claude 2 (p = .367).

The LLMs differed in the tradition answer in the End-of-Life Dialysis Care vignette [F(3, 36) = 6.68, p = .001]: Bard had significantly 
lower confidence than ChatGPT-4 (p = .003), ChatGPT-3.5 (p = .04) and Claude 2 (p = .001). However, no difference was found in the 
Contraception vignette [F(3, 17.72) = 2.61, p = .083].

4. Discussion

This study aimed to elucidate the implicit value-like constructs embedded within four leading LLMs - Claude, Bard, GPT-3.5, and 
GPT-4 - using Schwartz’s theory of basic human values as an analytical framework. Specifically, we sought to delineate whether each 
model exhibits a distinct value-like profile, assess alignment with general population values across numerous cultures, and evaluate the 
impact of latent value-like constructs on clinical decision-making dilemmas in primary care.

Before presenting our findings and their potential implications, it is crucial to address several important methodological and 

Fig. 4. Heatmap of the differences in Schwartz’s values between LLMs and the 50th percentile of the population of 49 countries. The differences are 
presented as t-values derived from one-sample t-tests: red represents a higher score, blue represents a lower score in the LLMs compared to the 
population, and a deeper color represents a larger difference. After FDR adjustment applied to the p-values, a t score of |2.142| and above was 
considered statistically significant at 5 % level.
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theoretical considerations that underpin our study and influence the interpretation of our results. It is important to note that the 
application of Schwartz’s theory of basic values to analyze LLMs raises several methodological and theoretical issues [14]. There is an 
inherent anthropomorphic assumption in applying a human value model to artificial systems. While this approach enables us to 
compare LLM functions to human behavior, it may also lead to misinterpretations of AI capabilities.

Despite these conceptual distinctions, analyzing these value-like constructs provides valuable insights into the operational ten
dencies of LLMs. By comparing these constructs to human value systems, we can better understand the potential implications of 
deploying these models in diverse cultural contexts.

Our findings demonstrate that each LLM has a unique value-like profile. A comparison to the median rankings extracted from a 
heterogeneous international sample highlighted that universalism and self-direction were attributed greater significance by most 
models while power and tradition were attributed less significance.

We also provided preliminary evidence that the LLMs’ recommend clinical solutions, when confronted with prototypical profes
sional quandaries, affect its embedded value-like profile. This suggests that the value-like profile generated during the alignment 
process impacts the choice selection and confidence of the output. Further inspection revealed that GPT-3.5 occasionally deviated from 
the predominant decision-making pattern displayed by the other models. Overall, these findings have potential implications for the 
integration of LLMs within healthcare settings, particularly primary care, necessitating meticulous elucidation of values-based ten
sions, biases, and influences on guidance tailored to practitioners.

The finding that every model had a unique value-like profile suggests variability in implicit values. This variability can lead to 
different generated output, according to the chosen LLM, and must therefore be taken into account when choosing an LLM for 
application in healthcare environment [38]. The finding warrants careful consideration due to LLMs potential direct influences on 
guidance for clinicians and assistance to patients [10–12].

Moreover, the findings raise profound questions regarding potential Western-centric perspectives and biases embedded within the 

Fig. 5. Higher confidence in chosen answer is negatively correlated with the confidence of the not chosen answer. Universalism vs Power: A. Flu 
Vaccines Vignette, B. Experimental Overseas Therapy Vignette; Self-Direction vs Tradition: C. End-of-Life Dialysis Care Vignette, D. Contracep
tion Vignette.
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computational architectures of LLMs [6,45–47]. The prioritization of values linked to universalism and self-direction over power and 
tradition aligns with prevalent cultural dynamics across Western societies [48]. Hence, the observed value "preferences" may 
constitute indicative markers of implicit cultural assumptions permeating the development and training procedures of LLMs [14].

These current findings strengthen the notion that LLMs integration in primary care may have implications and necessitates a 
meticulous inspection of the concordance between embedded value-like hierarchies and the cultural outlooks of intended diverse 
users. Specifically, LLMs promoting values of individualism and egalitarianism may receive heightened trust and compliance among 
Western physicians and patients, whereas models favoring conventionalism and hierarchies might demonstrate a better fit for 
traditional communities [49–52].

4.1. Potential applications and implications for primary care

The findings of this study underscore the necessity for cautious integration of LLMs in primary care settings. The Western bias 
identified in these models has the potential to significantly influence treatment recommendations and patient interactions, particularly 
when dealing with individuals from diverse cultural backgrounds [53].

In the context of primary care, the implications of these biases are multifaceted. First, there is a pressing need to develop mech
anisms for culturally adapting LLM recommendations. This adaptation should not compromise medical standards but rather enhance 
them by incorporating cultural sensitivity [14,54]. For example, an LLM’s advice on lifestyle changes or treatment adherence strategies 
might need to be tailored to align with the patient’s cultural norms and values, thereby increasing the likelihood of compliance and 
positive health outcomes.

Moreover, the training of primary care physicians in the use of LLMs must evolve to include skills in identifying and mitigating 
potential biases. Physicians should be equipped to critically evaluate LLM outputs, recognizing when these might reflect Western- 
centric values that may not be universally applicable. This critical approach will enable physicians to use LLMs as supportive tools 
while maintaining their clinical judgment and cultural awareness [55,56].

The development of culturally tailored versions of LLMs for use in primary care represents another potential avenue for addressing 
the identified biases. These specialized models could be trained on diverse cultural datasets, incorporating medical knowledge and 
practices from various global healthcare systems. Such an approach could yield LLMs that are more adept at providing culturally 
appropriate recommendations across a spectrum of patient populations [57].

Fig. 6. For each of the four values, the left figure represents the results of the first vignette, the right the second. Lack of error bar is due to no 
variation. † - group is statistically different from all other groups; ‡ - group is statistically different from all other ChatGPT groups. **p < .01, ***p 
< .001.
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Furthermore, these findings call for extended research to examine the real-world impact of these biases on treatment outcomes in 
primary care settings. Longitudinal studies comparing patient outcomes when physicians use culturally biased versus culturally 
adapted LLMs could provide valuable insights into the practical implications of these biases [55].

Lastly, the issue of transparency with patients regarding the use of LLMs in their care is paramount. Developing mechanisms to 
inform patients about the involvement of AI in their treatment planning, including potential biases, is crucial for maintaining trust and 
enabling informed decision-making. This transparency could take the form of clear communication protocols or patient education 
materials that explain the role and limitations of LLMs in the care process [58].

In conclusion, the judicious implementation of LLMs in primary care, informed by the findings of this study, has the potential to 
enhance the quality of care while ensuring cultural sensitivity and ethical practice. However, this integration must be approached with 
caution, continuous evaluation, and a commitment to addressing the Western-centric biases identified in this research. By doing so, the 
medical community can harness the power of these advanced technologies while mitigating potential negative impacts on diverse 
patient populations.

4.2. Addressing western-centric bias in LLMs

The Western-centric bias identified in LLMs presents a significant challenge for their application in diverse healthcare settings. 
While technological solutions have been proposed to mitigate this bias, it is crucial to consider both the development of these models 
and their practical implementation in healthcare contexts.

At the model development level, several approaches have been suggested to reduce Western-centric bias. These include the use of 
de-biasing algorithms designed to adjust training data to better represent non-Western perspectives and the implementation of 
adversarial training methods to challenge the model with counterexamples that expose cultural biases [59]. Frameworks such as 
Fairness Flow [60] have also been proposed to systematically detect and mitigate bias in machine learning models. While these 
technical solutions show promise, their effectiveness in eliminating deep-seated cultural biases remains to be fully evaluated in the 
context of healthcare applications [61].

An alternative approach acknowledges that Western-centric bias may be inherent to these models due to their training data and 
development context. This perspective suggests that instead of attempting to eliminate bias entirely, efforts should focus on under
standing the nature and extent of this bias and developing guidelines for appropriate use of LLMs in healthcare settings. This approach 
emphasizes the importance of cultural competence among healthcare providers, enabling them to critically evaluate and contextualize 
LLM outputs within diverse cultural frameworks [62].

Ultimately, addressing Western-centric bias in LLMs requires a multifaceted approach. This includes ongoing efforts to improve 
model development and training processes as well as educating healthcare providers about these tools’ limitations and potential 
biases. Future research should focus on evaluating the effectiveness of various de-biasing techniques in healthcare contexts and 
developing best practices for the ethical and culturally sensitive implementation of LLMs in diverse healthcare settings.

4.3. Ethical considerations and practical steps for culturally aware LLM implementation

The integration of LLMs in diverse cultural contexts within healthcare settings poses significant ethical challenges that demand 
careful consideration. Central to these challenges is the need to balance the potential benefits of AI-assisted healthcare with respect for 
cultural diversity and individual autonomy.

Ethical principles guiding the cultural adaptation of LLMs should include respect for cultural diversity, transparency in decision- 
making processes, non-discrimination, beneficence, and justice. Respect for cultural diversity requires LLMs to recognize and 
accommodate various cultural perspectives on health and healthcare. Transparency involves clear communication about the use of AI 
in healthcare decisions and its potential biases. Non-discrimination ensures that the adaptation process does not perpetuate or 
exacerbate existing healthcare disparities. Beneficence and justice principles should guide the process of improving health outcomes 
equitably across all cultural groups [63,64].

Implementing these ethical principles in clinical settings requires a structured approach. We thus propose the following framework 
for the ethical deployment of culturally aware LLMs in healthcare.

1. Cultural competence training: Healthcare providers should receive training on the use of LLMs, including their limitations and 
potential biases, to ensure appropriate interpretation and application of AI-generated recommendations.

2. Ethical review process: An ethics review board should be established to oversee the development and deployment of LLMs in 
healthcare settings, ensuring adherence to ethical guidelines and cultural sensitivity.

3. Continuous monitoring and evaluation: Systems should be implemented for the ongoing assessment of LLM performance across 
different cultural contexts, with mechanisms for rapid correction of identified biases or errors.

4. Patient engagement: Protocols should be developed for informing patients about the use of AI in their care, obtaining informed 
consent, and providing channels for feedback and concerns.

5. Adaptive guidelines: Flexible ethical guidelines that can evolve with advancements in LLM technology and changing societal norms 
should be created.

This framework aims to ensure that the implementation of LLMs in healthcare is not only technologically advanced but also 
ethically sound and culturally sensitive. By addressing these ethical considerations and providing practical steps for implementation, 
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we can work toward harnessing the potential of LLMs to improve healthcare outcomes while respecting the diverse cultural values of 
patients and communities.

4.4. Limitations and future directions

While our study provides valuable insights into the value-like constructs embedded in LLMs, it is important to acknowledge several 
limitations. Our analysis was confined to four commercial LLMs, which may not fully represent the diverse landscape of AI capabilities 
and potential biases. The exclusion of open-source models and models developed in non-Western contexts limits the generalizability of 
our findings and highlights the need for more comprehensive studies in the future.

Additional limitation in our approach lies in the application of human-centric value theories to AI systems. This anthropomorphic 
assumption may lead to misinterpretations of LLM capabilities and decision-making processes, necessitating caution in drawing 
parallels between human values and AI-generated outputs.

The rapidly evolving nature of AI technologies presents another significant limitation. Our results represent a snapshot in time, and 
the capabilities and biases of LLMs may change substantially over short periods. This dynamic landscape could affect the stability and 
longevity of our conclusions, particularly in healthcare settings where AI integration is advancing quickly. The cross-sectional nature 
of our study does not capture potential changes in LLM value profiles over time or in response to different types of input data, which 
may impact the long-term reliability of our findings.

To address these limitations and advance our understanding of LLMs in healthcare contexts, future research should pursue several 
key directions. Longitudinal studies tracking changes in LLM value profiles over time and across different versions or training iterations 
could provide valuable insights into the stability of value-like constructs in these systems. Expanding the range of LLMs studied, 
including open-source models and models developed in non-Western contexts, could offer a more comprehensive understanding of 
value-like constructs across diverse AI systems.

Future work should also explore alternative theoretical frameworks that may better capture the unique aspects of artificial agents 
and reduce reliance on anthropomorphic assumptions. Investigating the practical impact of LLM value profiles on patient outcomes 
and healthcare provider decision-making in real-world clinical settings could bridge the gap between theoretical findings and practical 
applications.

Examining how LLMs’ value-like constructs and decision-making processes change in response to different types of input data or 
prompts could provide insights into the flexibility and adaptability of these systems in varied healthcare scenarios. Implementing 
ongoing assessment strategies for LLMs in healthcare applications, including regular re-evaluation of their value profiles and decision- 
making patterns, could ensure continued alignment with ethical standards and cultural sensitivities.

Finally, research into methods for integrating ethical considerations directly into the architecture and training processes of LLMs, 
rather than relying solely on post-hoc alignment techniques, could lead to the development of more inherently ethical AI systems for 
healthcare.

By addressing these limitations and pursuing these research directions, future studies can build upon our findings to develop more 
robust, culturally sensitive, and ethically aligned LLMs for use in healthcare settings. This ongoing research is crucial for ensuring that 
as AI technologies continue to advance, their integration into healthcare systems remains both beneficial and ethically sound.

4.5. Conclusion

This study’s findings highlight significant implications regarding the integration of LLMs in primary care. Foremost, each model 
was shown to exhibit a relatively distinct internal value-like profile shaping its recommendations. This mandates careful deliberation 
when selecting aids to uphold organizational values and avoid alienating communities. Specifically, the prioritization of dimensions 
like universalism and self-direction risks taking on Western assumptions. However, variations between models on dimensions like 
power and conformity suggest that some may be better suited for traditional cultures. Meticulous alignment processes are thus 
imperative prior to deployment in care settings that serve diverse populations.

Moreover, the presence of inconsistencies in decision-making, particularly evident in GPT-3.5, suggests that further robust vetting 
is needed before LLMs can be relied on as judgment aids. While the models show promise, achieving equitable translation still demands 
progress on the elucidation of biases.

Thus, beyond demonstrating sheer predictive accuracy, the implementation of LLMs as clinical decision supports requires the 
confirmation of context-appropriate guidance. We propose cultivating adaptable systems with configurable parameters that align 
outputs with nuanced communal needs and norms. The prioritization of cultural customization promises to accelerate the inclusive 
and ethical adoption of LLMs in primary care, which will benefit patients the world over [65–67].

As AI technologies continue to advance, it is crucial that we maintain a critical and reflective approach to their integration in 
healthcare. The ethical implications of embedding value-like constructs in LLMs extend beyond technical considerations, touching on 
fundamental questions of cultural respect, patient autonomy, and global health equity. By addressing these challenges head-on, we can 
work toward a future in which AI augments and enhances healthcare delivery in a manner that is both ethically sound and culturally 
sensitive.
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