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Abstract

Alignment of AI models to ensure that they are
safe and useful decision-aids or decision-makers
in human society is close to the top of the tech-
nical concerns of many if not most major AI
deployment efforts. Here I explore a class of
categorical decisions, triage, for which AI mod-
els are already being used in medicine. I use
this to motivate the urgent need for an interna-
tional Human Values Project (HVP) that will
be at least as hungry for empirical data as any
existing international project. A major compo-
nent of the HVP will be the Clinical Decision
Dynamics Study that captures descriptive and
normative decisions across a wide range of clin-
ical context and from highly diverse, lay and
professional perspectives. Along the way, there
are important preliminary studies that the AI
(and medicine) community should embrace.
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1. Introduction

Alignment of AI models to ensure that they are safe
and useful decision-aids or decision-makers in human
society is close to the top of the technical concerns
of many if not most major AI deployment efforts.
Oversimplifying, two leading questions include: Do
AI models hew to human values or at least accept-
able values? If not, how well can we bring them in
closer correspondence with values that we find ac-
ceptable. The resources required to answer these
questions might be at least as significant as those of
developing AI. Here I explore a class of categorical
decisions, triage, for which AI models are already be-
ing used for in medicine(Mello and Rose, 2024). I use
this to motivate the urgent need for an international
Human Values Project (HVP) that will be at least
as hungry for empirical data as any existing interna-
tional project.

Here is a simple categorical decision from the per-
spective of a clinician: Which of two patients should
be seen today in a clinic. A 50-year-old male with di-
abetes mellitus who has had multiple recent hospital
admissions or a 40 year old female with recurring dis-
abling migraines on medication without much relief:
The patient not chosen will be seen in the clinic in
the near future. This triage task pertains to the allo-
cation of a somewhat scarce resource, an opening in
the clinic schedule. It is an instance of a large class of
decisions regarding the allocation of scare resources.
Persad et al.(Persad et al., 2009), in discussing allo-
cation of scarce medical resources note “some people
wrongly suggest that allocation can be based purely
on scientific or clinical facts, often using the term
’medical need.’ There are no value-free medical cri-
teria for allocation.”

Let’s return to the simple categorical decision
above. Let’s imagine, without much difficulty, that
an AI program, a frontier Large Language Model
(LLM), is supporting the work of a triage adminis-
trator in the clinic. Is the AI helping the clinic or the
patient or the payer? That may be difficult to dis-
cern. In a recent review(Yu et al., 2024) we gave an
example of a short male child with borderline growth
hormone. When queried for a decision on growth
hormone treatment, the LLM gave diametrically dif-
ferent recommendation based upon whether the LLM
was prompted to take the role of a pediatric endocri-
nologist or an employee of a payer (e.g. insurance
company).

Let’s return to the simple categorical decision
above. Let’s imagine, without much difficulty, that
an AI program, a frontier Large Language Model
(LLM), is supporting the work of a triage admin-
istrator in the clinic. Is the AI helping the clinic
or the patient or the payer? That may be difficult
to discern. In a recent reviewYu et al. (2024) we
gave an example of a short male child with border-
line growth hormone. When queried for a decision on
growth hormone treatment, the LLM gave diametri-
cally different recommendation based upon whether
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the LLM was prompted to take the role of a pedi-
atric endocrinologist or an employee of a payer (e.g.
insurance company). The LLM we used already had
undergone extensive alignment procedures performed
by the company selling its services. From the selec-
tion of data used to create the pre-trained data, fine-
tuning, RLHF, and safety prompts prepended to all
user interactions, extensive effort had been invested
to make the LLM safe for public use. As the result
of all this effort, whose values was the LLM aligning
with in the simple categorical decision above?

In a small study, three commercially available fron-
tier models were posed the patient triageKohane
(2024) decisions introduced above. Over dozens of
such decisions, the three LLMs had different levels of
concordance with the decision of a single human clin-
ician. The ranking of the concordance varied with
triage task. That is, no single LLM’s performance
dominated the others. Moreover, when given ex-
amples of the clinician’s prior decisions (within the
prompt, for “in context” alignment) some of the
LLM’s concordance with the clinician consistently
improved but others became less concordant. Also,
the consistency of the decision-making changed. Two
of the three LLM’s were less consistent with them-
selves across multiple runs when provided in context
alignment.

Obviously, the decisions of a single clinician make
for a highly biased and unrepresentative sample.
What is needed is an extensive international sam-
pling of clinicians to capture a broad swathe of the
distribution of their decisions, which represent their
values and their prior knowledge about the cases pre-
sented. This makes it clear that we also require a vast
study entailing sampling of clinician decisions across
patient presentations in varied locations throughout
the world. Parenthetically, even in a diverse country
like the United States, data set shift influencing de-
cision is noticeable across clinical hospitals with sim-
ilar technological resources but different patient pop-
ulations or clinical practicesFinlayson et al. (2021).
This study, let’s call it the Clinical Decision Dynam-
ics Study, is intimidatingly large. First there are the
combinatorics of diseases, findings, and current treat-
ments which potentially far outstrip the numbers
of human beings on the planetSzolovits and Pauker
(1978). Even if we use dimensionality reduction ap-
proaches based on samples of well-studied popula-
tions, the space remains large and of course grows if
we include a temporal dimension, the particular tra-
jectory that a patient has taken in the treatment of

their diseases. The logistics of the Clinical Decision
Dynamics Study will require a broad range of survey
techniques to capture preferences. Although some
commercial survey resources (e.g. Prolific) might be
useful, outreach to various clinical specialty organi-
zations as well as healthcare systems will be essential
to obtain adequate representation.

There are a variety of vetted statistical techniques
that could guide the Clinical Decision Dynamics
Study to make it more tractable across available time
and resources. At present, available data sets on hu-
man decision-making, even in the clinical domain in-
clude merely thousands of such decisions over a very
skewed sample of patient presentations. Contrast
these to the millions and often billions of examples
that we routinely use to train foundation models in
many application domains. Also, there is a huge set
of preferences not mentioned so far that would have to
be included in the Clinical Decision Dynamics Study:
those of the patient. I recently spoke with a friend
undergoing cancer therapy. While his doctors were
speaking of selecting palliative therapies, he had to
work on convincing them to take increased risks for a
higher probability of a longer lasting response. That
lack of alignment is particularly striking with medi-
cal problems that do not fit the typical mold such as
those encountered in the Undiagnosed Disease Net-
workRamoni et al. (2017); Splinter et al. (2018). Even
if many medical schools emphasize shared decision-
makingStiggelbout et al. (2012), autonomous human
patients will have preferences, driven by values and
knowledge that are not fully aligned with those of
clinicians. Extending the Clinical Decision Dynam-
ics Study to represent a large swathe of patients is
therefore a necessity.

It might be tempting to revisit the decades of
research in human decision-makingResearch Confer-
ence on Subjective Probability and Making (1975)
to see if there are generalizable principles that could
be used to drastically reduce our requirement for
a vast Human Decision Dynamics Study. Can we
perform focused, well-designed studies to study hu-
man decision making to allow us to identify functions
that extend from a smaller set of samples to all of
medical decision-making? It is certainly worth try-
ing, but what we know from decision science, going
back at least to the 1960s, is that there are many
sharp discontinuities and non-linearities of values or
preferences in human decision-making, particularly
with near-term life-risking decisions, and decisions
immediately before and after a therapy. Approaches
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to taking a richer preference context in formalizing
decisions, such as multi-attribute utility measure-
mentsEdwards (1977); Von Winterfeldt and Fischer
(1975), have had limited success in decision domains
with the dimensionality of life-altering decisions in-
formed by personal and societal values. Nonethe-
less, more recent work on inferring utilities, or at
least partial orders of utilities from large numbers of
categorical (aka discrete choice) decisions show some
promiseBahrampour et al. (2020).

If AI is to play the role of a decision-making assis-
tant in healthcare, then the Clinical Decision Dynam-
ics Study is only the first step in the HVP. HVP is a
necessary endeavor to ensure long-term effective and
safe partnerships between humans and AI to enable
each patient or doctor to express, select and refine
their preferences they wish included in their decisions.
Or at least to adopt those of others (individuals or
groups) whose decision-making style they wish to em-
ulate. What are the major components of the HVP
beyond the Clinical Decision Dynamics Study?

First, as LLM’s are already being used by patients
and clinicians, the most urgent question is how well
do the decisions proposed by these AI models concord
with those of the patients and clinicians using them
today? Then, how well do those decisions align with
those of the larger community of patients and clini-
cians sampled through the Clinical Decision Dynam-
ics Study. Monitoring the alignment (the LLM Align-
ment Benchmarking processes—see Figure 1) across
a handful of the most widely used models would serve
as essential guideposts for regulatory efforts as well
as public funding or certification of existing models.

Second, given the decisions encoded in the Clini-
cal Decision Dynamics Study, how and to what ex-
tent can leading frontier models be “steered” (LLM
Aligning Process in Figure 1) towards the decision-
making preferences of one or more of the communi-
ties, or even individuals represented in the study. It
is not known which of the large armamentariumWang
et al. (2024) of alignment techniques would be most
effective. To that end, a standardized set of metrics
of compliance with alignment (e.g. the Alignment
Compliance IndexKohane (2024) as well as reliability
and robustness measuresGoto et al. (2024)) should
be adopted to guide the implementation decisions for
clinical applications of AI.

Third, and in parallel, the HVP will entail ex-
tensive societal discussions about which preferences
we should be able to steer our AI clinical assistants
(Normative Decision Guidance in Figure 1). It might

be that we place primacy on individual preferences.
However, often considerations other than the pref-
erences of clinicians or patients may enter into deci-
sions. For example, where there are limited resources,
such as organs available for transplant, societal con-
siderations such as those articulated by Persad et
al.Persad et al. (2009) may be considered as norma-
tive.

The governance of the HVP will be of necessity
multidisciplinary. Although, as diagrammed in Fig-
ure 1, AI researchers will be attending to the technical
details of alignment measurement and aligning pro-
cedures, the values being assesses in the HVP are of
broad human relevance and therefore all the partici-
pants in the Human Decision Guidance process must
be represented in the governance structure.

We are already in the era of use of LLMs in clini-
cal care, much of it driven by the interest and needs
of individual clinicians and patients. As the use
of these powerful cybernetic intellectual extenders
rapidly encompass more of human decision-making
and in healthcare in particular, the questions ad-
dressed by the HVP become central to human wel-
fare, freedom and happiness. Fortunately, much pre-
liminary work is already underway across multiple
domainsHu et al. (2024); Eigner and Händler (2024)
and leaders in medical AI increasingly recognize the
urgency of embracing the ethical dimension in AI im-
plementationsChar et al. (2018). The HVP is a re-
sponse to that sense of urgency by recognizing that
only a public, transparent and highly pragmatic rep-
resentation of the wide variety of human values driv-
ing (clinical) decision-making and systematic stud-
ies of the alignment compliance of AI agents making
their way into human decision making can ensure our
individual and public good.
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Figure 1: The HVP starts with the development of a
Clinical Decision Dynamics Study (CDDS)
driven by thousands of decisions by thou-
sands of patients and clinicians. The
CDDS is used as one of several perspec-
tives informing the groups that are part
of the Normative Decision Guidance pro-
cess (patient, clinician, ethicists, AI re-
searchers) developing decision frameworks.
The CDDS human data are also used by
the LLM Alignment Benchmarking pro-
cesses (driven by AI researchers) to mea-
sure the alignment of those LLM’s avail-
able without prior HVP guidance (Non-
HVP Aligned LLMs). CDDS is also used
for some of the alignment procedures (by
the LLM Aligning Process, also driven by
AI researchers). The decision frameworks
produced by the Normative Decision Guid-
ance processes help parameterize the LLM
Aligning Process, sometimes also using the
CDDS data subsets. The HVP-Aligned
LLMs generated by the LLM Aligning Pro-
cess are evaluated by the LLM Alignment
Benchmarking process, where their align-
ment can also be compared to that of the
Non-HVP Aligned LLM’s.
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