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Abstract

Background The Script Concordance Test (SCT) is an assessment tool for clinical reasoning that incorporates
uncertainty and depends on expert judgment to identify valid responses. Accurate calibration of expert judgment
is important for maintaining validity and reliability; however, the literature has rarely addressed this issue and only
through statistical methods. This study aimed to compare calibration strategies using statistical moderation and
qualitative inspection.

Methods Sixteen experts (n=16) were recruited to complete 21 clinical vignettes, providing justification for each
response. Seven calibration strategies—quantitative, qualitative, and mixed—were then analyzed using the Rasch
Facet Model, with particular attention to expert homogeneity, data—model fit, and the quality of expert responses.

Results None of the strategies improved expert homogeneity. However, mixed strategies enhanced data-model fit

and response quality, and helped address issues related to response process and content validity.

Conclusions Calibrating expert judgment using a mixed strategy appears valuable for improving the quality of
expert-generated data within an SCT framework. This calibration may address specific psychometric limitations of
SCTs and enhance training quality through Learning by Concordance methods.
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Background

Clinical reasoning is regarded as the cornerstone of
patient care by healthcare professionals. Higgs defines it
as “a complex process in which critical analysis and reflec-
tion take place in the context of action and interaction
with the patient” [1]. This reasoning process, whose pri-
mary purpose is decision-making, combines resources—
including knowledge [2, 3]—that can be structured into
action-oriented knowledge networks, known as scripts
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[4]. Health sciences education must teach and assess stu-
dents’ clinical reasoning using situations that are often
complex, contextualized, and uncertain to reflect clini-
cal reality as accurately as possible [5]. Uncertainty, an
essential aspect of clinical reasoning, involves recogniz-
ing one’s own ignorance [6] and not knowing what to
do, think, or feel [7]. These situations present significant
challenges because our ability to develop and assess these
concepts remains incomplete [8].

Several instruments are available to develop or assess
clinical reasoning, with some specifically designed to
address uncertainty. For assessment, Daniel’s [9] system-
atic review provides an overview of various approaches
to evaluating clinical reasoning, analyzing their validity
and feasibility, and highlighting their respective advan-
tages and limitations. These instruments aim to clarify
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students’ reasoning through scores that may be dichoto-
mous or polychotomous. In polychotomous scoring, par-
tial credit may be given for partially relevant reasoning,
which is possible, for example, with the Script Concor-
dance Test (SCT). The SCT is distinctive because it can
be computerized, remote, asynchronous, and scalable; it
enables automated grading and requires fewer resources
than clinical activities such as Objective Structured Clini-
cal Examinations (OSCEs). Additionally, it allows for the
deliberate introduction of uncertainty inherent to clini-
cal practice, making it a more authentic learning activity.
This feature makes the SCT a unique tool: resource-effi-
cient, scalable, and capable of simulating real-world
uncertainty.

In an SCT [10-12], respondents are presented with a
clinical vignette and a hypothetical diagnosis, investiga-
tion, or intervention. After receiving additional informa-
tion, they indicate on a five-point scale (- 2, - 1, 0, + 1,
+2) the extent to which this new information affects the
hypothesis. A + 2 means the hypothesis is strongly rein-
forced, + 1 moderately reinforced, 0 neither reinforced
nor weakened, — 1 weakened, and - 2 strongly weakened.
To identify valid responses, a panel of experts completes
the activity, and each response category is weighted
based on their judgment. While complete agreement
among experts is not expected and some variation is
natural, a high level of agreement is necessary. This bal-
ance is essential for the SCT: minimal variance suggests
little uncertainty and makes the test similar to a multiple-
choice question, whereas excessive variance can com-
promise validity, particularly regarding inference. Expert
judgment is crucial, because their responses directly
inform the scoring key.

Although widely used in education since the 2010s,
several studies have identified major shortcomings in
the SCT regarding validity and reliability, particularly
because certain variables may influence or bias expert
judgment. The main concerns relate to response pro-
cess validity, such as: (1) experts may find the proposed
hypothesis unsuitable and must engage in reasoning they
would not normally consider [13], (2) the “0” point on
the scale may be interpreted inconsistently or used as a
default when experts are unsure how to respond [14], (3)
the extreme values (- 2 and + 2) on the response scale are
often underused [15], (4) the selected response scale may
not accurately reflect the expert’s actual reasoning [14—
17]. These variables may also affect reliability, specifically
when experts identify valid responses and when respon-
dents choose the correct options.

Given these shortcomings, most studies on SCT design
have focused only on analyzing the reliability of respon-
dents’ scores, often removing or adding items to achieve
acceptable reliability (e.g., Cronbach’s alpha > 0.80).
However, they have not considered the quality of experts’
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responses, despite these responses forming the basis for
calculating respondents’ scores. However, there is a strat-
egy that first calibrates experts’ judgments before consid-
ering respondents’ scores [18, 19]. Calibration involves
ensuring that experts, under identical conditions, pro-
vide the same information when presented with the same
questions [19], and that this information remains consis-
tent across experts. To achieve calibration, a moderation
process may be used. Crisp [20] identified three types of
moderation: statistical, inspection-based, and social. Sta-
tistical moderation uses quantitative analysis to adjust
scores for differences in expert severity. Inspection-based
moderation qualitatively examines experts’ scores and
adjusts them as needed to address various errors. Social
moderation brings together a new panel of experts who
iteratively review the information and make adjustments
through consensus. However, social moderation is highly
demanding and generally impractical in standard SCT
development.

Given the structural variance inherent in the SCT, who
can be defined as the variation in responses that is natu-
rally present due to the construction of the SCT, and the
importance of expert judgment, it is important to investi-
gate the effects of different moderation methods, or their
combination, on the calibration of judgment. To the best
of our knowledge, only Blais et al. [21]. have examined
the moderation process in calibrating expert judgment,
relying exclusively on statistical moderation using the
Rasch model and focusing on expert severity and agree-
ment. No study has examined the effects of combining
statistical and inspection-based methods. To address this
gap, this exploratory study aimed to compare statistical
and inspection-based moderation strategies for calibrat-
ing expert judgment in SCT administration.

Method

Sample

This study was conducted within an entry-level physio-
therapy training program focused on the upper quad-
rant in the musculoskeletal field. Sixteen experts (1 =16),
each with more than five years of clinical experience,
membership in a recognized professional society, and a
weekly patient caseload in the field under evaluation,
participated. All had completed at least 60 h of additional
field-specific training. Participants were trained using
a detailed 25-minute video and a test case before com-
pleting the test. All participants were informed about
the ethical aspects of the study and gave their consent to
participate. This study has been performed in accordance
with the Declaration of Helsinki and has been approved
by the Grenoble Alpes Regional Ethics Committee under
number CERGA-Avis-2023-10-A1-2023-5.
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Instrument

An SCT consisting of 21 clinical vignettes was developed
using the reference methodology [12]. The scenarios
addressed three domains: diagnosis, investigation, and
intervention. Each scenario included a clinical situation,
a hypothesis, additional information, and a five-category
response scale. Based on studies that combined SCT
with think-aloud techniques to capture clinical reason-
ing [22, 23], a space was incorporated into the test design
for experts to justify their responses, allowing the inves-
tigation of qualitative variables for inspection-based
moderation.

Data collection

The experts received online training on SCTs, including
their operation and the process for justifying answers.
They then completed the SCT online, selecting a
response for each question from the provided scale and
briefly justifying their choice.

The multifaceted Rasch model (MRM)

When calibrating expert judgment through statistical
moderation, it is important to consider the main vari-
ables, hereafter referred to as “facets,” that are likely
to influence it. In this study, four facets were selected:
clinical reasoning of the experts, area of care (diagnosis,
investigation, intervention), item difficulty, and position
of each response category. To account for all this infor-
mation, the Many-Facet Rasch Model (MFRM) [24] was
used because it allows integration of all variables. This
model also enables estimation of the parameters for each
facet on a single measurement scale expressed in logits.
The specific MFRM model applied was as follows:

68"7 DifijTk

1 _j’_ 63"7 D,;fFj*Tk :

Poijr =

In this equation, P, represents the probability that sub-
ject n will select category k for item i in domain j, B, is
the ability of expert n, D; is the difficulty of item i, F; is
the difficulty of domain j, and T} is the threshold for cat-
egory k (difficulty associated with moving from category
K — 1 to k). The analyses were conducted using version
4.2.4 of the Facets software [25]. The Rasch model is fre-
quently used to estimate the psychometric properties of
measurement instruments. In calibrating expert or judge
assessments, as in Blais et al. [21]., the information exam-
ined includes the data’s fit to the model, measurement
error, person separation index, and parameter targeting
on Wright’s map. The fit statistics (infit and outfit) iden-
tify scores that fit the model less well, indicating cases
where an expert’s score diverges significantly from the
model-predicted score for that expert. The Facets soft-
ware enables identification of misfitting responses for
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each data point (e.g., expert 1 on item 4), which can be
removed from the model. Through an iterative process,
the raw scores can be re-modeled to assess whether the
psychometric properties improve. This analytical identi-
fication of problematic responses is a major advantage of
this model compared with classical test theory, which, for
example, provides a single “common” measurement error
for all items [26] and does not account for the nonlinear-
ity of raw scores [27].

Process of developing and analyzing the strategies

The development and analysis of the different strategies
followed three steps. First, a quantitative analysis iden-
tified problematic responses for statistical moderation.
Second, a qualitative analysis identified problematic
responses for inspection-based moderation. These data
then formed the basis for the third step, which involved
creating and analyzing the different calibration strategies.

Step 1: quantitative analysis - quantitative identification of
problematic responses

The raw data (RAW) were analyzed using Facets software
to identify statistically unexpected responses, applying a
partial credit parametrization.

Step 2: qualitative analysis - qualitative identification of
inconsistent expert responses

This step aimed to identify inconsistencies between an
expert’s selected answer and its justification through
qualitative analysis. The 336 expert responses (21 ques-
tions x 16 experts) comprising the RAW data set were
analyzed. Identified inconsistencies were classified into
three categories (strong, moderate and weak) based
on their level of evidence, with criteria established by
researcher consensus. A strong level of evidence indi-
cated irrefutable proof of inconsistency between the
expert’s response and justification, or a clear statement
of inability to justify the answer. A moderate level of evi-
dence indicated an inconsistency between the answer
and its justification. A weak level of evidence referred to
justifications that were incompletely formulated, making
them potentially consistent or inconsistent.

Step 3: creation and analysis of the strategies

Creation of the strategies This step involved develop-
ing various strategies from the RAW data by excluding
specific expert responses identified in steps 1 and 2, fol-
lowing defined rules. Three main strategy categories were
proposed. The first category removed responses using
only a quantitative method (Quanti), as identified by the
quantitative Rasch analysis in step 1. The second category
relied solely on inspection from a qualitative perspective
(Quali), with the progressive exclusion of inconsistent
responses identified in step 2, based on their level of evi-
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Table 1 Creation of strategies - Presentation of the excluded data according to the strategies

Excluded data: RAW Quanti

Quali-1

Quali-2 Quali-3 Mixed-1 Mixed-2  Mixed-3

Inconsistent responses identified through the X
quantitative Rasch analysis conducted in step 1
Strong level - inconsistent responses identified
through the qualitative analysis conducted in
step 2

Moderate level - inconsistent responses identi-
fied through the qualitative analysis conducted
instep 2

Weak level - inconsistent responses identified
through the qualitative analysis conducted in
step 2

Inconsistent responses identified by both the
quantitative Rasch analysis and the qualitative
analysis (all levels)

Inconsistent responses, not identified in step 1
but with a residual greater than 2 logits* identi-
fied during the quantitative analysis

*A residual greater than 2 logits indicates a substantial discrepancy between the model’s expected response and the category selected by the expert, exceeding two response
categories. In such cases, the response meaning is effectively reversed (for example, an expected value of + 2 and an actual value of —1)

Table 2 Indicators and benchmarks used in the quantitative
analysis of strategies

Indicators Expect-
ed value
Homogeneity of experts
Expert separation index 0
Reliability index 0
Number of strata 1
Difference between expert’s abilities 0
Data-model fit
Outfit standardized (OutFit Stzd) [-2.0;2.0]
Infit standardized (IntFit Stzd) [-2.0;20]

Difference between actual and expected correlation 0
PTMEA - PTEXP

Quality of expert responses
Total number of unexpected responses 0

Maximum number of unexpected responses for a single 0
expert
Effect of the strategy on the data

Percentage of responses excluded 0

dence. The third category adopted a mixed perspective,
combining statistical and inspection methods to integrate
quantitative and qualitative approaches (Mixed). For the
qualitative and mixed strategies, several progressive strat-
egies were applied. Table 1 presents the different strate-
gies according to the excluded data.

Analysis of the strategies The comparison of the differ-
ent strategies used to address the research objective was
based on the number of problematic responses identified
regarding response process validity (steps 1 and 2), as well
as the results of a quantitative analysis using the Rasch
model (Table 2).

Quantitative analysis using Rasch modeling was con-
ducted with Facets software to assess the psychometric
properties of each strategy. The analysis examined expert
homogeneity, data-model fit, the statistical quality of
expert responses, and the effect of each strategy on the
data. Table 2 presents the indicators and expected values
used to compare the strategies.

The homogeneity of the experts was examined using
their ability values in logits (unit of measurement in
Rasch modeling), which quantified the differences
between the highest- and lowest-performing experts, the
separation index, the reliability of this separation, and the
number of response strata. Unlike typical test respon-
dents, experts are expected to be highly homogeneous.
Therefore, a minimal gap between expert abilities, very
low separation and reliability, and a number of response
strata close to 1 [28] are expected.

The fit of the data to the model was assessed using infit
and outfit statistics, with an interval of — 2 to + 2 indicat-
ing potential misfit [28—30]. Additionally, the difference
between the actual correlation statistic (PTMEA) and the
expected correlation (PTMEA-EXP) was expected to be
zero or very small, reflecting well-adjusted item—total
correlations and non-deviant expert behavior.

The statistical quality of the experts’ responses was
evaluated by counting unexpected responses, which
should be minimal.

The effect of strategies on the data referred to the num-
ber of excluded data points. A strategy that excluded
many data points would lose relevance; therefore, a
null or very small number of excluded data points was
expected.
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Results

Results of steps 1 and 2

Of the 336 data points, quantitative analysis of the initial
(RAW) data identified 11 unexpected responses (3.0%)
across the entire data set. These responses were distrib-
uted across nine items, with a maximum of two unex-
pected responses for items 10 and 16. Eight experts were
involved; seven had one unexpected response each, and
one expert (No. 12) had four unexpected responses.

The qualitative analysis in step 2 identified 37 inconsis-
tencies, accounting for 11% of the data. Among these, 6
responses were classified as strong evidence, 11 as mod-
erate, and 20 as weak. Table 3 presents the results.

Among the 11 unexpected responses identified by
the quantitative analysis, only three were also identified
by the qualitative analysis. Thus, eight responses were
considered problematic by the quantitative analysis but
showed no inconsistencies in the qualitative analysis.
Additionally, the quantitative analysis did not identify
any inconsistencies classified as having a strong level of
evidence in the qualitative analysis. The implementation
of qualitative analysis therefore provides added value by
detecting problematic responses that the quantitative
analysis does not identify. The Quali and Mixed strate-
gies are more effective in detecting responses with issues
affecting the validity of the cognitive process.

Results of step 3

The initial results showed that one expert responded
more inconsistently than the others. Specifically, for the
RAW, Quali-1, and Mixed-2 analyses, Expert 12 had
standardized Outfit and Infit adjustment values (Stzd)
greater than 3, as well as four unexpected responses. A
detailed review of Expert 12’s response pattern was con-
ducted. This analysis indicated that Expert 12’s choices
differed significantly from those of the other experts
for five vignettes, including the four identified in the
quantitative analysis. Although the justification ini-
tially appeared consistent with the selected answers, the
working hypothesis was that Expert 12 might hold erro-
neous conceptions regarding these specific questions.
An in-depth analysis based on the theoretical and clini-
cal foundations of physiotherapy was conducted inde-
pendently and blindly by two researchers (YP and ML).
Both researchers judged the responses to be invalid, with
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complete agreement. Consequently, the results of Expert
12 for these questions were excluded from the Mixed-2
strategy, which was then re-analyzed quantitatively.
These data were not excluded from the RAW data set to
preserve its original state, nor from the Quali-1 strategy,
which cannot benefit from quantitative analysis. At this
stage, only the Mixed strategies appear capable of detect-
ing responses with content validity issues. The results of
the analyses of the different expert calibration strategies
are presented in Table 4.

Homogeneity

Regarding the homogeneity of the RAW scores, the
expert separation index was 0.44, the reliability index was
very low (0.16), the number of strata was close to 1.00,
and the expert scores (n=16) ranged from minimum to
maximum within 0.93 logit. These values were within the
expected range.

For the other calibration strategies, the results show
that the Quanti strategy significantly changes expert
homogeneity: the separation index increased from 0.44
to 0.99, the reliability index rose from 0.16 to 0.50, the
number of strata increased from 0.92 to 1.65, and the
score range widened by approximately 50% (from 0.93
to 1.51). For the Quali and Mixed strategies, the data are
relatively similar, with homogeneity values close to or
slightly higher than those of the RAW strategy. However,
the Quali-2 strategy produced values very similar to the
RAW strategy.

Data-model fit

Across all strategies, results show minimal differences in
both Outfit and Infit indices, indicating that the MFMR
Rasch model was appropriate for modeling scores for
all strategies, despite the small sample size (n=16). The
logit difference between the actual item—total correla-
tion (PTMA) and the expected value (PTMEX) should
approach zero if the data and model are well aligned. For
the RAW strategy, only eight correlation values had dif-
ferences smaller than 0.10. The Quali strategies produced
broadly similar results. In contrast, the Quanti and Mixed
strategies performed better, with 11-14 values showing
differences smaller than 0.10.

Table 3 Results of the quantitative and qualitative analyses in steps 1 and 2

Quantitative Analysis Subtotal Total
Unexpected Expected
Qualitative Analysis Inconsistencies - Strong evidence 0 6 6 37
Inconsistencies - Moderate evidence 1 10 11
Inconsistencies - Weak evidence 2 18 20
Consistent responses 8 291 299
Total 1 325 336
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Table 4 Results of the analyses of the different expert calibration strategies

Indicators RAW  Quanti Quali-1 Quali-2 Quali-3 Mixed-1 Mixed-2 Mixed-3
Homogeneity of experts
Expert separation index 0.44 0.99 0.71 042 053 0.67 0.65 0.59
Reliability index 016 050 0.29 0.15 0.22 0.31 0.30 0.26
Number of strata 0.92 1.65 1.28 0.89 1.05 1.23 1.20 .11
Difference between expert's abilities 0.93 151 1.26 1.00 1.18 1.04 1.16 1.28
Data-model fit
OutFit Stzd between —19and 1.9 14 16 15 14 13 14 16 16
IntFit Stzd between —1.9and 1.9 14 15 15 14 13 12 16 16
PTMEA - PTExp between 0 and 0.09 8 12 10 9 9 " 12 14
PTMEA - PTExp between 0.1 and 0.19 7 4 6 6 5 4 3 2
PTMEA - PTExp greater than 0.2 1 0 0 1 2 1 1 0
Quality of expert responses
Percentage (N) of unexpected responses 311 1(5) 3(9) 3(10) 3(9) 3(11) 3(11) 3(9)
Maximum number of unexpected responses for a single expert 4 2 1 4 4 4 2
Effect of the strategy on the data
Percentage (N) of responses excluded 0(0) 3(11) 3(11) 5017) 1137 10) 4(14) 4(15)

N Number, Stzd Standardized, PTMEA Actual correlation, PTMEX Expected correlation, max Maximum, min Minimum

Expert’s response quality

The number of unexpected responses ranged from 5
(1.5%) to 11 (3%), which was relatively low compared
to the total number of expert decisions. The RAW data
showed 11 unexpected responses, with a maximum of
4 for a single expert, accounting for 25% of that expert’s
responses. The Quanti strategy significantly improved the
total number of unexpected responses compared to the
RAW data, while other strategies had no effect or only
a slight favorable effect. For the maximum number of
unexpected responses per expert, some Quali or Mixed
strategies had no effect compared to RAW, whereas oth-
ers reduced this number by half, improving response
quality from a statistical point of view.

Effect of the strategies on the data

Results show that five strategies (Quanti, Quali-1, Quali-
2, Mixed-2, Mixed-3) excluded a similar proportion of
responses, ranging from 3.0% to 5.0%. Mixed-1 excluded
the fewest responses (1%), while Quali-3 excluded the
most (11.0%).

The results of this study show that mixed strategies
appear to be slightly better than the RAW, Quanti, and
Quali strategies. This advantage is not mainly due to
improved expert homogeneity, which remains similar
across strategies, but results from the combination of
other factors, such as data—model fit, the quality of expert
responses, and the detection of problematic responses
related to response process validity and content validity.

Discussion

In this study, the RAW data indicated good overall expert
homogeneity. None of the developed strategies improved
homogeneity. This contrasts with Blais et al. [28], who

found that calibrating experts (z = 50) and excluding
certain data improved homogeneity. Notably, our RAW
data (separation = 0.44, reliability = 0.16) were signifi-
cantly better than those reported by Blais (separation
= [1.45-1.63], reliability = [0.68-0.73]), and also better
than Blais’s best calibration strategy (separation = 0.56,
reliability = 0.24). We hypothesize that our expert sam-
ple was initially very homogeneous, likely because of our
recruitment criteria, resulting in a floor effect that lim-
ited further improvement in homogeneity.

Conversely, the RAW data showed weaknesses in fit
statistics and expert response quality. Different calibra-
tion strategies improved these parameters, significantly
in some cases (Mixed-2 and Mixed-3). Therefore, the
effect of data calibration strategies appears to be primar-
ily in enhancing response quality and data—model fit,
rather than increasing expert homogeneity.

Qualitative analysis was conducted during Step 2 to
assess response process validity and again at the begin-
ning of Step 3, although this was not originally planned
in the methodology. Analysis of unexpected responses
to the strategies revealed a content validity issue for
one expert and identified five additional inconsistent
responses. This demonstrates a notable complementar-
ity between the two approaches, which benefits mixed
strategies. Quantitative analysis can detect problematic
responses, while qualitative analysis can identify the
nature of these problems.

The Quanti strategy relied on statistical modeling of
RAW data with the Rasch Multi-Facet Model. It identi-
fied only 8% of the inconsistencies found in the qualitative
analysis and failed to detect any high-level inconsis-
tencies. Additionally, the eight unexpected responses
missed by the qualitative analysis did not compromise
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the validity of the response process or content, and would
have been incorrectly excluded. This highlights a major
limitation of using quantitative strategies alone and dem-
onstrates a disconnect between mathematically based
quantitative approaches and content- or process-based
qualitative approaches. Moreover, the Quanti strategy
significantly reduced experts’ performance indicators,
supporting the need for caution when applying quantita-
tive calibration methods.

To the best of our knowledge, this is the first study to
use a mixed-method approach to calibrate expert judg-
ments. Based on our findings, several calibration strate-
gies can be considered following expert responses to an
SCT:

1) No calibration: no calibration may be possible if
experts are consistent due to strict recruitment
criteria; however, this consistency can only be
confirmed after calibration analysis. Additionally,
issues with content validity and response processes
are likely, so this strategy should be avoided.

2) Statistical calibration only: statistical calibration

alone can improve the quality of expert responses

and data—model fit, but it may reduce consistency.

Problems with content validity and response

processes may still occur.

Inspection-based calibration only: inspection-based

calibration alone may be feasible if experts are

sufficiently homogeneous and could improve the
validity of the response process, but it does not fully
address content validity issues.

4) Implementing a mixed calibration that combines
statistical and inspection-based approaches offers
several advantages. The statistical component
enables verification and, if necessary, correction of
expert homogeneity, as in the Blais study, and helps
identify unexpected expert responses or target
content validity analysis. The qualitative component
allows identification and exclusion of responses with
validity issues in the response process, as well as
targeted content validity analysis based on responses
flagged by the quantitative step. Although a full
content review of all responses is possible, it would
require greater resources.

3

=

We recommend mixed calibration, which combines sta-
tistical and qualitative inspection, as essential in SCT
contexts. This approach addresses several key limitations
reported in the literature and provides more reliable and
valid data for student scores. Although mixed calibra-
tion requires slightly more resources than other methods,
it would seem to offer a favorable cost—benefit balance
regarding accuracy and validity.
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In this study, the number of experts was selected to
achieve minimum statistical power while remaining small
enough to allow for qualitative data processing within the
available resources.

Although this study focuses on SCT, its findings may
also be relevant to Learning by Concordance (LbC).
Combining quantitative analysis to identify problem-
atic responses with targeted analysis of content validity
appears to be a promising approach to improving LbC
quality, which depends heavily on response content.

Future research is important to confirm these findings,
particularly regarding the floor effect on homogeneity,
and to examine related perspectives, such as the effect
of calibration on the reliability of respondents’ scores,
qualitative analysis of the nature of experts’ errors, and
the value of using artificial intelligence to automate quali-
tative analysis. Future studies should also investigate this
type of analysis in a more heterogeneous expert panel.
Additionally, studying the effect of social moderation
would help objectively assess the cost—benefit balance
and move beyond assumptions.

Limitations

These results are based on a relatively small sample, with
21 items and 16 experts, and are limited to the specific
disciplinary context of upper quadrant musculoskeletal
physiotherapy. Moreover, the expert panel in this study is
somewhat atypical, as it is highly homogeneous, in con-
trast to what is typically observed in SCTs. Consequently,
caution is warranted when considering the transferability
and applicability of the findings to more heterogeneous
panels.

Conclusion

This study examined expert judgment calibration in SCTs
by introducing qualitative variables. The results show
that mixed calibration achieves the best calibration when
both quantitative and qualitative indicators are consid-
ered. The use of a Rasch Multi-Facet Model was relevant
for achieving high analytical precision. This study offers
a new perspective for addressing weaknesses identified
in the literature and may contribute to improving both
SCTs and LbC in health professions education. However,
further studies are needed to confirm these results.

Abbreviations

LbC Learning by Concordance

Max Maximum

MFRM Many-Facet Rasch Model

MRM The Multifaceted Rasch Model

Min Minimum

N Number

OSCE Objective Structured Clinical Examinations
PTMEA  Actual correlation

PTMEX  Expected correlation

SCT Script Concordance Test
Stzd Standardized
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