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Abstract

A necessary, but not sufficient, condition for
using an automated scoring system is that au-
tomated scores strongly correlate with subject-
matter expert scores. One must also demon-
strate that the automated scoring system de-
rives its score based on construct-relevant fea-
tures. However, for general-purpose founda-
tional generative AI (GAI) models, one often
does not have access to the training data or
procedures used to build the model. Drawing
on Kane’s scoring inference, I argue that this
GAI model development opaqueness is a va-
lidity threat, and under some conditions limits
the attribution of subject-matter expert score
meaning to GAI automated scores, even when
the scores agree. I distinguish text-proximal
from expertise-dependent scoring tasks, walk
through an example of scoring a common per-
formance assessment in medical education with
analytic and holistic rubrics, and identify the
resulting implications for interpretations and
use.

1 Introduction

The use of generative artificial intelligence (GAI)
has permeated many aspects of medical education
(Gordon et al., 2024; Nagi et al., 2023), with the
range of use cases expanding more quickly than
corresponding education about how GAI models
work. Several helpful articles provide guidance on
what users should do to effectively use GAI mod-
els (Tolsgaard et al., 2023; Kim et al., 2025; Nagi
et al., 2023); however, much of this guidance lacks
more technical explanations of GAI architecture, in-
cluding the functional mechanisms by which these
models are trained and generate responses. How
much this knowledge matters depends on the use
case. For low-stakes uses, such as improving the
clarity of a draft email, these details may be largely
irrelevant. For generating or scoring assessment
content or aiding high-stakes decisions, knowledge

of how GAI systems function becomes important
for judging whether GAI use is appropriate.

This paper examines how GAI model training
and architecture affect a validity argument when
these models are used to score performance assess-
ments in an automated scoring system. The dis-
cussion specifically focuses on aspects of Kane’s
(1992, 2013) scoring inference through a sample
use case of scoring objective structured clinical
encounter (OSCE) notes with analytic and holis-
tic rubrics (Sloan et al., 1995; Yune et al., 2018;
Jönsson and Balan, 2018). Central to this discus-
sion is the relationship between construct represen-
tation and the text proximity of the performance
being scored. I argue that for tasks where the con-
struct representation is more text-proximal, such as
scoring assessments with highly explicit analytic
rubrics, there may be strong alignment between
the capabilities of GAI models and intended score
meaning. In contrast, for tasks where the construct
representation is less text-proximal and requires
deep subject-matter expertise, such as scoring with
a holistic rubric that requires contextual clinical
judgment, GAI models may lack the appropriate
grounds for supporting the intended score meaning.

An appropriate step in developing any automated
scoring system is to ensure that the score being
produced by the automated scoring system corre-
lates with subject-matter expert (SME) scores when
scoring the same assessment (Attali and Burstein,
2006; Bejar, 2011; Williamson et al., 2012). While
necessary, this score correlation is not a sufficient
condition for inferring that the scores generated by
the automated scoring system and the SME scores
are equivalent in meaning. If sufficient informa-
tion about the automated scoring system’s train-
ing data and processes are not available (such as
with many proprietary GAI models), then the au-
tomated scoring system may lack the appropriate
epistemic grounds to produce a score that repre-
sents an expert’s judgment. I challenge the idea
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that just because SMEs and GAI-powered auto-
mated scoring systems produce similar scores, that
the corresponding score meanings are equivalent.

I call this the Fallacy of Algorithmic Knowledge
Equivalence in Score MEaning, or FAKE SME: the
mistaken inference that because a GAI system can
generate scores resembling SME judgments, the
meaning of those scores is also transmitted through
the generation. This inferential fallacy has direct
implications for score use and consequences, espe-
cially when scores are used to support judgments
about high-stakes assessments or decisions.

The manuscript proceeds as follows. I first re-
view the validity concepts that motivate the argu-
ment, focusing on Kane’s (1992, 2013) scoring in-
ference and the roles of warrants and backing, and
on Williamson et al. (2012)’s emphasis on the con-
ceptual fit between construct and scoring features.
I then describe how GAI-based scoring restructures
the scoring inference, discuss OSCE-note scoring
with analytic and holistic rubrics, and conclude
with implications for interpretations and use.

1.1 Kane’s Scoring Inference and Automated
Scoring

Kane’s argument-based validity framework has
been extremely influential in educational measure-
ment (Kane, 1992, 2013). This theory utilizes an
interpretive chain of sequential inferences, includ-
ing scoring, generalization, extrapolation, and use.
Each inference entails its own warrant, meaning
the assumptions that must hold for the inference
to obtain, and backing, meaning the empirical ev-
idence and theoretical support for those warrants.
Although each inference is important, the discus-
sion focuses primarily on the scoring inference
because this is the point at which observed perfor-
mance is translated into an observed score.

The scoring inference answers the question:
Does the assigned score adequately represent the
quality of the performance according to the scoring
rules? When experts are used to score a perfor-
mance assessment, warrants for the scoring infer-
ence include that the SME has the requisite exper-
tise, can apply the rubric appropriately, and bases
the score on construct-relevant features. Corre-
sponding backing includes evidence of rater train-
ing, calibration, appropriate interrater reliability
metrics, and validity evidence for the construction
of the scoring rubric. In this setting, the SME acts
as an instrument within the scoring inference.

When automated scoring systems are used to

score a performance assessment, the warrants and
backing shift. Generally speaking, warrants in-
clude that the automated scores approximate SME
scores with sufficient accuracy, that the automated
score represents the same scoring construct as the
SME score, and that the automated system is ro-
bust to construct-irrelevant manipulation (Attali
and Burstein, 2006; Bejar, 2011; Williamson et al.,
2012; McCaffrey et al., 2022; Ferrara and Qun-
bar, 2022). Corresponding backing includes evi-
dence of model training procedures, the selection
and quality of training data, expert-system scor-
ing agreement statistics, robustness testing, and the
conceptual fit between the scoring model and the
construct.

An additional distinction concerns the kind of
epistemic backing available for each scoring pro-
cess. When SMEs score a performance assessment,
it is typically possible to identify how their scoring
expertise was acquired. For example, in medical
education, a physician-educator has passed through
some combination of formal education, supervised
practice, calibration against standards, and expe-
rience with the consequences of decisions. This
history does not make SME judgment infallible,
but it provides an epistemic basis for treating the
SME as a plausible instrument for applying the
scoring rules. In custom automated scoring sys-
tems, the epistemic backing is different but still
often inspectable: developers can describe the train-
ing sample, the chosen scoring features, the mod-
eling approach, and how these decisions relate to
the intended construct (Attali and Burstein, 2006;
McCaffrey et al., 2022). With GAI systems, the
source of scoring capability is harder to identify.
The model may be trained on text that contains
relevant domain knowledge, but that knowledge is
distributed across large-scale pretraining, tuning,
and configuration. The GAI model is not trained
for a specific scoring task and has the more gen-
eral design purpose of generating text, which some
have argued prevents GAI models from having the
appropriate epistemic backing to make judgments
at all (Quattrociocchi et al., 2025). Thus, compared
with SME and custom automated scoring systems,
GAI scoring provides weaker epistemic access to
how the relevant scoring expertise was acquired
and utilized in the score generation.

This difference in epistemic backing extends ear-
lier concerns in the automated scoring literature.
Williamson et al. (2012)’s framework for the evalu-
ation and use of automated scoring identifies “con-
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struct evaluation” as an important component, in-
cluding “a summary judgment of the conceptual
fit between the scoring features of the automated
system and the construct of interest” (Williamson
et al., 2012, p. 6). The introduction of GAI models
warrants further reflection on this point, because
what has changed is the nature of the scoring sys-
tem being evaluated. GAI models are qualitatively
different from many of the custom automated scor-
ing systems that preceded them. In a custom sys-
tem, the training data was purposefully curated and
scoring features may be intentionally selected, en-
gineered, and evaluated in relation to the construct
(Attali and Burstein, 2006; McCaffrey et al., 2022).
In a GAI system, the score is generated through a
general-purpose language model whose capabili-
ties were shaped by massive, heterogeneous train-
ing data and the relevant text-generation features
are designed for general-purpose use. The rele-
vant validity question shifts to whether the GAI
scoring protocol provides sufficient evidence that
the generated scores preserve the intended score
meaning.

1.2 What Changes When the Automated
Scorer Is GAI?

The warrants and backing are different when GAI
is used in an automated scoring system. In addition
to producing scores that are similar to SME scores,
the warrant is that the GAI system can correctly in-
terpret the rubric within the scoring instructions and
apply it to the assessment outcome in a way that
resembles expert judgment for construct-relevant
reasons. The GAI system must base its scores
on the intended construct rather than on surface-
level linguistic features, indirect cues, or construct-
irrelevant patterns embedded in the rubric, task,
or response, much like with other automated scor-
ing systems (Williamson et al., 2012; McCaffrey
et al., 2022). Research has already shown that AI-
generated essays that are well constructed but lack
strong analytical reasoning have received inflated
scores with automated scoring systems (Zhong
et al., 2026), highlighting this vulnerability.

A key difference between GAI and both SME
scoring and custom automated scoring systems
is the role of the full scoring protocol. When
SMEs are applying the rubric, it is being directly
interpreted in the context of the area of their ex-
pertise. In a custom automated scoring system,
the rubric is developed through the integration of
specific construct-relevant metrics. In a GAI sys-

tem, the rubric is consumed and represented by
a prompt-mediated scoring process that combines
the model’s learned language representations, the
supplied rubric text, any exemplars or anchors (if
provided), and the system’s generation and post-
processing rules.

This distinction creates a central validity concern.
GAI systems may produce a plausible score (and a
plausible explanation if prompted) without actually
using the rubric in the same way that SMEs do.
GAI systems may still produce meaningful scores.
However, the scoring inference requires different
support because these systems do not apply a rubric
in the same way as an SME or a purpose-built scor-
ing model. For SME raters, the validity argument
can appeal to common ways in which expertise is
developed and calibrated. For custom automated
scoring systems, the validity argument can appeal
to the design of the scoring features, training labels,
and model development process. For GAI systems,
the grounding for how the model was trained to
generate the score is less transparent. Even if the
relevant expertise was transmitted through train-
ing, it is hard to determine that this expertise was
acquired in the form or depth required for the in-
tended scoring task.

In the example of using a GAI model to score a
medical student assessment, some of the requisite
professional expertise may be encoded in the GAI
model’s training. Medical reasoning, clinical guide-
lines, scoring rubrics, case discussions, and expert
commentaries all exist in textual form, so GAI mod-
els may acquire representations that support expert-
like judgments to some capacity. However, this
possibility does not permit the scoring inference.
For most general-purpose GAI systems, users can-
not directly verify whether the relevant expertise
was encoded, whether it was encoded adequately,
or whether it is being invoked appropriately during
scoring. The epistemic backing for GAI scoring
is thus weaker than it may initially appear: the
model’s fluency and use of expert language provide
the appearance that it has the requisite expertise,
but not necessarily that it has acquired or applied
the judgmental competence that gives expert scores
their intended meaning (a structural phenomenon
that has been called Epistemia; see Quattrociocchi
et al. 2025). Even when a model produces a score
that matches an SME’s score, the agreement is un-
derdetermined—the human-model score agreement
is compatible with multiple explanations, and only
some of these explanations support the intended
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scoring inference.
In Kane’s framework, this uncertainty functions

as a potential rebuttal to the scoring warrant when
a GAI system is used for automated scoring. The
proposed warrant may be that the GAI system can
apply relevant professional standards to evaluate
the performance, and the backing may include ev-
idence that the system produces scores that align
with expert ratings. The rebuttal is that it is unclear
whether the system has acquired the relevant do-
main expertise or is instead approximating SME
judgments through surface-level or indirect textual
cues. The qualifier, then, is that confidence in the
scoring inference should depend on the stakes of
the decision, the explicitness of the construct as
represented in the text of the rubric and assessment
output, and the consequences of erroneous scores.

1.3 Text-Proximal and Expertise-Dependent
Scoring Tasks

I distinguish between text-proximal and expertise-
dependent scoring tasks to further motivate the dis-
cussion. Text-proximal scoring tasks are those in
which much of the construct-relevant evidence is
expressed in the observable text itself (a low infer-
ential distance, in the language of Messick 1989
and Kane 2013). An example is middle-school
writing fluency, which includes aspects like basic
composition quality, grammar and mechanics, or-
ganization, clarity, and response completeness. For
these tasks, a GAI scoring system may perform
well because the relevant features are linguistically
encoded, commonly described in training data, and
often captured by rubrics that can be clearly com-
municated in natural language. The level of exper-
tise required to accomplish these tasks may reason-
ably be inferred to have been transmitted through
the training data and processes. Score agreement
alone is again insufficient, but the underlying claim
is more plausible because the scoring task is closely
aligned with what language models are designed to
process: text.

By contrast, expertise-dependent scoring tasks
are those where the response artifact is only one
piece of evidence and must be interpreted through
specialized professional judgment. In medical
education, examples may include scoring clini-
cal reasoning performances, evaluating entrustable
professional activities, or determining readiness
for unsupervised practice. For these tasks, the
construct-relevant features may be tacit, context-
dependent, locally defined, or tied to standards of

practice—visible only to someone who understands
the broader system in which the performance oc-
curs. The warrant must address whether the model
has access to, represents, and can appropriately ap-
ply the domain-specific standards and judgmental
competence that human experts develop through
traditional pathways. It takes more faith on the part
of the user to infer that this level of expertise has
been inherited by the GAI model. The less explicit
and more expertise-dependent the judgment, the
stronger the validity threat for GAI scoring, and
the less sufficient numeric agreement becomes.

Figure 1: Relationship between scoring system expertise
and scoring rule context-dependency, with illustrative
examples at varying levels of calibration.

Figure 1 relates the expertise available within a
scoring system to the context-dependency of the
scoring rules. The diagonal represents combina-
tions in which the two are appropriately calibrated.
Point A represents a customized automated scor-
ing system where the training data and model have
been engineered to be calibrated for the level of
expertise to score the assessment. Above the diag-
onal, a system brings more expertise than the rules
strictly require; these combinations are resource-
inefficient but can still function as intended and
support strong validity arguments. Point B might
represent the use of a GAI model to score a simple
task where the model training can reasonably be
inferred to be more than sufficient; Point C repre-
sents the use of SMEs to score an elementary task
where their expertise far exceeds what is necessary.
The combinations of concern in this manuscript
fall below the diagonal, where there is insufficient
validity evidence to support claims that the sys-
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tem can apply the scoring rules. Point D is one
such system, such as where a GAI system is being
used to score an assessment that is highly context-
dependent and the information necessary to score
the assessment is less text-proximal. The farther a
system strays below the diagonal line, the stronger
the validity threat.

1.4 OSCE Note Scoring
The example of OSCE-note scoring in medical ed-
ucation is useful here because the same student
performance can be scored for different purposes
using different types of rubrics that place differ-
ent demands on the scorer (Sloan et al., 1995).
OSCE examinations are simulated clinical encoun-
ters with a standardized patient (a person trained
to portray a specific illness) that require students
to integrate medical knowledge and clinical prac-
tice, demonstrating their clinical reasoning. Often
these assessments are evaluated through several
lenses, including feedback from the standardized
patient. A typical target of the assessment is the
post-encounter note, which is a summary of the rel-
evant information learned about the patient, along
with a diagnosis and initial steps in treatment.

An analytic rubric may ask whether the student
included a relevant history element, documented a
key physical finding, identified an appropriate diag-
nosis, or included a reasonable management step.
In this setting, much of the cognitive work occurs
upstream, when the OSCE case designer identifies
the evidence that should be present in the note if
the learner engaged in the intended clinical reason-
ing. The scoring task then becomes, at least in part,
determining whether that evidence is present in the
student’s written response, including lexical vari-
ants of these elements (i.e., using different words
to report the same information), a task that GAI
systems are well designed to accomplish.

For example, an analytic rubric criterion may be
that a student note includes “two-week history of
progressively worsening cough.” For a GAI model
prompted to scan an OSCE note to see whether
this information is present, the contextual depth of
an experienced physician is not required (evidence
suggests that nonclinicians can effectively apply an-
alytic rubrics to clinical assessments; Berger et al.,
2012; Yudkowsky et al., 2019). The GAI model
processes the instructions, the analytic rubric, and
the student note as language, creating context-
sensitive representations of what the student wrote
and what the criterion is asking for. The model

then predicts a string of tokens that reflects the re-
lationship between the student response, the rubric
criterion, and learned patterns of how such judg-
ments are expressed. For example, it might identify
“the cough has been getting worse over the last 10
days” as a match but “the patient has been coughing
for a while” as insufficiently specific.

Now consider a holistic rubric for the same
OSCE note, which asks the scorer to judge whether
the note is coherent and reflects appropriate pri-
oritization, or whether the learner’s performance
suggests readiness for a particular level of supervi-
sion. Here, the scorer is doing more than detecting
whether specific text is present in the note. The
scorer must interpret the performance in context,
which requires the requisite level of contextual ex-
pertise.

When clinicians apply a holistic rubric to an
OSCE note, they are drawing on knowledge devel-
oped through education, clinical experience, feed-
back, and other traditional clinical training. This
developmental history functions as part of the epis-
temic backing for trusting the expert’s judgment.
The expert connects the words in the note to a
broader network of pathophysiological pathways,
patient encounters, standards of care, and devel-
opmental expectations for learners. They notice
not only what is present but what is missing, dis-
tinguish a minor omission from a dangerous one,
recognize when a note appears organized but does
not follow standards of practice, and gauge how
much uncertainty is tolerable for a learner at a given
level of training.

Case-specific information could be added to the
holistic rubric prompt to supply context, but the va-
lidity challenge remains: the scoring inference still
assumes that this additional information, combined
with whatever expertise the model has inherited
through training, is sufficient for the requisite ex-
pert judgment. To make such scoring defensible,
concepts like “reflects appropriate prioritization”
and “readiness for supervision” would need to be
operationalized into prompt language that leads the
GAI system’s language representations to approxi-
mate the requisite expertise. Even then, the validity
argument must assume that the GAI system has in-
herited the contextual expertise to identify relevant
information omitted from a learner’s performance.
Such boundaries around relevant omissions are es-
pecially challenging for GAI-powered scoring in-
ferences when contextual expertise is required.

This is where FAKE SME becomes most con-
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sequential. A GAI model may generate the same
holistic score as an SME. But the same numeric
score does not necessarily carry the same meaning
if the score was produced through a different pro-
cess. For the SME, a score of 4 may mean that the
performance reflects a clinically acceptable but in-
complete demonstration of reasoning for a learner
at a particular level. For the GAI system, a score of
4 may reflect learned associations among common
medical assessment phrases or irrelevant matched
patterns of language from medical texts. These
processes may often converge on the same score,
but the convergence does not by itself establish
equivalence in score meaning.

The validity issue becomes clearer when evaluat-
ing differences between SME and GAI scores. Hu-
man–human interrater reliability is often reported
alongside human–AI agreement, with similar or
better human–AI agreement taken as favorable ev-
idence that the automated system is working ap-
propriately. But what if the GAI system is system-
atically producing scores that correlate with fea-
tures of the response that themselves correlate with
the required expertise—representing the rubric and
applying scores in a way that is not based on the
construct of interest, yet close enough to appear so?
At least with human–human agreement, the source
of a disagreement can often be identified, and in
some cases the disagreement can be shown to be
justified. With an opaque GAI system, all we have
is faith that the relevant expertise was transmitted
through training.

GAI models’ internal representations are likely
more sophisticated than their characterization in
this argument: GAI models process complex lan-
guage, represent semantic relationships, and gener-
ate outputs that appear sensitive to context. But the
validity concern remains. Users still need evidence
that the scoring protocol elicits representations at
the depth the scoring task requires, not merely the
appearance of contextual judgment.

1.5 Implications for Validation and Use
In Kane’s validity framework, any validity threat
present in the scoring inference propagates down-
stream to the subsequent inferences of generaliza-
tion, extrapolation, and use; weaknesses in one
inference do not remain isolated. This propagation
is particularly important for GAI-powered scoring
systems in highly contextualized fields such as med-
ical education. A GAI system may produce scores
that resemble expert judgments with apparently suf-

ficient numerical agreement, while still failing to
apply the clinical, developmental, or contextual ex-
pertise that gives those scores their intended mean-
ing. If this occurs, the problem may not be imme-
diately visible in the scoring data. The score may
correlate with expert ratings, reliability indices may
appear acceptable, and model-generated rationales
may sound clinically plausible. The consequences
of a weak scoring inference may instead emerge
later, when learners enter clerkships, residency, or
unsupervised practice.

This creates a difficult validation problem. In
principle, one might compare students scored by
experts with students scored by an independent
GAI-powered system and evaluate downstream out-
comes years later. In practice, such a study is likely
infeasible. Even if researchers could link GAI-
scored OSCE notes to clerkship performance, resi-
dency evaluations, or patient-care outcomes years
later, too many intervening variables would prevent
isolating the GAI scoring process as a contributing
factor.

Counterintuitively, I argue that this inability to
definitively observe downstream effects is precisely
why the backing for the scoring inference is so
important. Because it is often impossible to wait
for, isolate, or causally attribute downstream con-
sequences, the validity argument must be strength-
ened at the point where the score is produced. The
more difficult it is to observe downstream conse-
quences directly, the more important it becomes
to establish that the scoring process is construct-
relevant at the outset.

Although this paper has used OSCE-note scoring
as a running example, the issue of inherited exper-
tise extends well beyond this specific use case. The
same concern applies whenever a GAI system is
used in place of an SME whose judgment is valued
because of domain-specific or contextual exper-
tise. This caution is therefore not limited to OSCE
notes or even to assessment. When GAI substi-
tutes for human judgment, score agreement is not
enough. Unless we can show that the system’s out-
put reflects the expertise the task requires, we risk
mistaking the appearance of expertise for expertise
itself. We risk a FAKE SME.
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