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Abstract

Objectives: Large language models (LLMs), such as Open-
AI’s GPT-4o, have demonstrated considerable promise in
transforming clinical decision support systems. In this study,
we focused on a single but crucial task of clinical decision-
making: laboratory test ordering.
Methods: We evaluated the self-consistency and perfor-
mance of GPT-4o as a laboratory test recommender for 15
simulated clinical cases of different complexities across pri-
mary and emergency care settings. Through two prompting
strategies – zero-shot and chain-of-thought – the model’s
recommendations were evaluated against expert consensus-
derived gold-standard laboratory test orders categorized into
essential and conditional test orders.
Results: We found that GPT-4o exhibited high self-
consistency across repeated prompts, surpassing the con-
sistency observed among individual expert orders in the
earliest round of consensus. Precision was moderate to high
for both prompting strategies (68–82 %), although relatively
lower recall (41–51 %) highlighted a risk of underutilization.
A detailed analysis of false negatives (FNs) and false posi-
tives (FPs) could explain some gaps in recall and precision.

Notably, variability in recommendations centered primarily
on conditional tests, reflecting the broader diagnostic un-
certainty that can arise in diverse clinical contexts. Our
analysis revealed that neither prompting strategy, case
complexity, nor clinical context significantly affectedGPT-4o′s
performance.
Conclusions: Thiswork underscores the promise of LLMs in
optimizing laboratory test ordering while identifying gaps
for enhancing their alignment with clinical practice. Future
research should focus on real-world implementation, inte-
grating clinician feedback, and ensuring alignment with
local test menus and guidelines to improve both perfor-
mance and trust in LLM-driven clinical decision support.
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laboratory test utilization; clinical decision support

Introduction

Healthcare delivery resembles an intricate puzzle, where
each medical test represents a crucial piece, and the
completed image reflects a patient’s comprehensive care
pathway. Clinical laboratory testing is the most frequently
performed medical activity in healthcare with 80 % of clin-
ical practice guidelines recommending the use of laboratory
tests as the standard of care for establishing a diagnosis,
screening for or managing diseases [1–3]. However, there
are substantial concerns regarding laboratory test misutili-
zation, with underutilization, although less studied, occur-
ringmore frequently than overutilization, at 45 % compared
to 21 % [4].

The root causes of laboratory test misutilization are
multifaceted, including the rapid evolution of medical
knowledge and the expansion of laboratory test menus,
which necessitate ongoing education for healthcare pro-
viders [5, 6]. This complexity is highlighted by surveys
showing primary care physicians’ uncertainty regarding
15 % of their laboratory test orders and 8 % of their
interpretations [5]. Improving laboratory test utilization is
essential for improving the quality of clinical care, reducing
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diagnostic errors, and ensuring the cost-effectiveness of the
care delivered [4].

In response to these challenges, Clinical Decision Sup-
port (CDS) systems have emerged as vital tools for optimizing
laboratory test utilization [7, 8]. Recent advancements in
Artificial Intelligence (AI), big data analytics, and Machine
Learning (ML) have further enhanced the capabilities of CDS
systems, paving the way for more effective interventions [9].
At the forefront of this technological revolution are large
language models (LLMs) such as OpenAI’s GPT-4 or Google’s
Gemini models, which have demonstrated human-level
performance across various professional and academic
evaluations [10, 11]. These models have showcased remark-
able abilities in understanding, recall, and applying medical
knowledge, as evidenced by their proven capabilities in
passing medical licensing exams, interpreting lab results,
and diagnostic reasoning [12–17]. Such capabilities indicate
the potential of LLMs to mimic the clinical reasoning pro-
cesses, ensuring ordering the right laboratory test for the
right patient at the right time. This advancement promises
to enhance the healthcare landscape with Next-Generation
CDS systems, fostering personalized, evidence-based
patient care.

In this study, we sought to investigate OpenAI’s GPT-4o
model’s utility as a clinical decision support tool to recom-
mend laboratory tests. By simulating the intricate process of
clinical reasoning that combines patient data analysis with
clinical guidelines across a variety of simulated clinical case
scenarios in primary and emergency care, our evaluation
provides insight into the model’s potential. These laboratory
test orders recommended by GPT-4o were evaluated against
gold-standard laboratory test orders, established through
expert consensus for each case.

Additionally, as advised by Perlis and Fihn, we exam-
ined two distinct aspects of the model’s performance: first,
the effectiveness of various prompt engineering strategies,
including zero-shot prompting and chain-of-thought (CoT)
reasoning, in optimizing the model’s recommendations; and
second, the variability in model outputs when the same
prompt was used repeatedly for the same clinical case [18].
zero-shot prompting uses no examples or reasoning steps,
while CoT prompting includes step-by-step reasoning, which
has been shown to improve LLM performance on complex
tasks [19, 20]. By investigating both the impact of different
prompting strategies and the consistency of the model’s
outputs, this study aims to establish best practices for
interfacing with LLMs in clinical settings to maximize the
utility and reliability of LLMs as clinical laboratory test
recommenders.

Materials and methods

Simulated clinical cases

Fifteen simulated clinical cases were generated using
GPT-4o, including 10 cases from General Practice (GP) visits
and five cases fromEmergency Room (ER) admissions. These
cases represented diverse clinical contexts that end up with
a challenging lab test order. Each case included compre-
hensive patient information: demographics (age, gender),
past medical history, presenting symptoms, physical exam-
ination findings, and any relevant prior diagnostic data. The
complexity of cases was classified as simple, moderate, or
complex based on clinical reasoning requirements. The
prompt used to generate the cases and the full list of
resulting simulated cases are available in Supplementary
Appendix 1. To minimize potential bias, the clinical case
generation was conducted using GPT-4o on the web rather
than through APIs to ensure being completely separated
from the test recommendation phase. Since this study did
not involve real-world patient data, no Ethical Approval was
required.

Establishment of gold-standard lab test
orders

To define the gold standard for necessary laboratory tests,
three expert panels were formed, each comprising three
clinicians (GPs or ER specialists) and one laboratory medi-
cine specialist. At least one clinician in each panel was at a
mid-senior or senior level with a minimum of eight years of
clinical experience.

The Delphi method was employed to achieve expert
consensus on categorizing laboratory tests for each clinical
case as essential, conditional, or unnecessary [21]. Essential
tests were defined as those critical for diagnosis or man-
agement, conditional tests as those that provide useful but
non-critical information, and unnecessary tests as those that
add no value to patient care, as detailed in Supplementary
Table 1.

The consensus process included three rounds of inde-
pendent evaluations and feedback, followed by a final
consensus meeting to resolve any remaining disagreements.
The consensuswas defined as at least 75 % agreement among
the panellists, with three out of four experts agreeing on the
categorization of a test. Test recommendations were guided
by evidence-based clinical guidelines, clinical judgment,
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cost-effectiveness, and patient safety considerations. The
laboratory test menu available for ordering was based on
the Leuven University Hospitals’ (UZ Leuven) laboratory test
menu [22].

Prompting the model for lab test
recommendations

With the public release of ChatGPT in November 2022,
numerous LLMs have been introduced. For this study, we
selected GPT-4o due to its advanced ranking on the Public
LLMs leaderboard, as assessed by Vectara’s Hughes Hallu-
cination Evaluation Model [23, 24]. At the time of model
utilization, GPT-4o was identified as the model with the
lowest hallucination rate, making it well-suited for clinical
decision-support tasks.

We accessed GPT-4o model using OpenAI’s Assistant
Application Programming Interface (API), which enables
interactions with models, tools, and files to respond to user
queries [25]. Through OpenAI’s enterprise API platform, we
created two assistants that utilized the same tools and
model configurations but differed in their instructions to
represent the two prompting strategies tested; zero-shot
and CoT. zero-shot prompting means that the prompt used
to interact with the model does not contain examples,
demonstrations, or reasoning steps [19]. We directly
instructed the zero-shot assistants to perform the task of
recommending laboratory test with clarifying the input
and the required output with the predefined criteria of
different laboratory test order categories.

On the other hand, CoT prompting includes stepwise
intermediate reasoning steps, which showed to improve the
performance of LLMs on complex reasoning tasks [20]. We
instructed the CoT assistant to break down the task into
smaller, logically ordered reasoning steps, explicitly out-
lining the rationale for each step in the decision-making
process. The steps included systematically processing the
case information, using step-by-step hypothesis deduction to
establish a differential diagnosis, and applying logical and
sequential decision-making to differentiate between essen-
tial and conditional tests while minimizing unnecessary
tests. In the CoT instructions, we incorporated approaches
and examples for establishing a diagnosis based on labora-
tory tests as described by Wians [3]. The prompts used to
instruct both zero-shot and CoT assistants are detailed in
Supplementary Appendix 2.

To ensure consistent and reliable outputs, we config-
ured a key model hyperparameter, sampling temperature,
which controls the determinism of the model’s responses
and ranges between 0 and 2 [26]. Lower temperature values

favor deterministic outputs by prioritizing the highest
probability tokens, while higher values increase random-
ness and diversity in responses. Given the context of our task
as clinical decision support, we set the sampling tempera-
ture to 0.1 to maximize the generation of exact and reliable
answers.

For each clinical case, the assistants were repeatedly
prompted across 10 distinct threads to evaluate consistency.
A thread represents a conversation session with the assis-
tant, retaining context for seamless interaction [25]. Both
assistants were instructed to provide the list of recom-
mended tests in JavaScript Object Notation (JSON) format to
be stored as a database. Each recommended test included
fields for the case ID, thread ID, test type (essential or
conditional), test name, and test code from the test menu.
Additional fields included the order category (screening,
monitoring, or diagnosis), and clinical reasoning, which
provided an explanation for ordering the test in the specific
case. The output also included an evidence-based rule citing
guidelines from reputable medical associations and refer-
ences pointing to relevant clinical guidelines or publications.
This structured output facilitated the systematic evaluation
of the model’s recommendations.

Preprocessing of model recommendations

To ensure alignment with the local laboratory test menu, the
UZ Leuven Test Menu, we utilized OpenAI’s File Search tool
to attach the samemenu that was used by experts. However,
during initial trials, the model’s outputs did not fully adhere
to the attached menu. To address this limitation, we devel-
oped a third assistant designed to automatically correct and
standardize test codes in the recommendation outputs of the
two recommender assistants.

Following this step, the recommended tests generated
by the zero-shot and CoT assistants, post-correction by the
third assistant, underwent further preprocessing. This
included both automated and manual validation to ensure
complete alignment with the test menu. As a result, 91.6 % of
the recommendations corresponded to valid tests listed in
the UZ Leuven Test Menu. Instances of recommendations
with missing or incorrect codes (3.3 and 2.5 %, respectively)
were either codified or corrected for inclusion in the eval-
uation. Conversely, recommendations for non-laboratory
tests (e.g., Chest X-rays) or tests not part of themenu (0.7 and
1.9 %, respectively) were excluded from the evaluation. This
meticulous preprocessing step ensured that the final dataset
was robust and strictly adhered to the defined laboratory
test local menu.
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Evaluation of laboratory test
recommendations

We employed statistical methods to quantitatively evaluate
the concordance between GPT-4o′s recommendations and
the gold-standard laboratory test orders. The assessment
was conducted across individual test categories (essential
and conditional) as well as for the combined set of all rec-
ommended tests, regardless of category. Figure 6 in the
result illustrates how numbers of true positive (TP), true
negative (TN), false negative (FN) and false positive (FP) tests
were calculated.

Given the extensive test menu (1,259 tests), a dispropor-
tionately large number of unnecessary tests (TNs) were
identified, resulting in a highly imbalanced distribution of
class labels. This imbalance disproportionately inflated met-
rics dependent on TNs, such as specificity and overall accu-
racy, which primarily reflected the abundance of correctly
excluded tests rather than the model’s actual discriminative
capabilities. To address this, we prioritized the use of preci-
sion and recall as evaluation metrics.

Precision measured the correctness of the recom-
mended tests, crucial for avoiding overutilization. On the
other hand, recall measured the proportion of gold-standard
tests identified by the model, ensuring critical tests are not
missed, minimizing the risk of underutilization. The F1 score
combines precision and recall to provide a balanced evalu-
ation of the model’s performance in clinical decision-
making.

Statistical analysis and implementation tools

The interaction with OpenAI APIs was executed using
Python (version 3.12.6) to operate the zero-shot and CoT
assistants, leveraging the OpenAI library. The generated
recommended tests was evaluated using statistical analyses
conducted in R (version 4.4.2).

Statistical Methods included calculating Jaccard similar-
ity to assess the consistency of repeated model outputs, fol-
lowed by pairwise comparisons using theWilcoxon rank-sum
testwithHolm’smethod for p-value adjustment to account for
multiple comparisons. These comparisons evaluated differ-
ences in mean Jaccard similarity between recommenders
within each test category and between test categories within
each recommender. Metrics such as precision, recall, and the
F1 scorewere computed to quantify the concordance between
the model’s recommendations and the gold-standard orders.
Additionally, a linear mixed-effects (LME) model was fitted
using restricted maximum likelihood (REML) to evaluate the

influence of fixed and random effects on F1 scores, while
accounting for the hierarchical structure of the data.

Results

Figure 1 summarizes the study design and key findings.

Model consistency in repeat prompting

Before evaluating the model’s responses against the gold
standard, we first assessed the consistency of model’s out-
puts across repeated prompts (Figure 2). The analysis of
mean Jaccard similarity revealed overall high agreement in
the model’s combined list of recommended tests using both
recommenders: CoT (66.5 %, SD: 16 %) and zero-shot (62 %,
SD: 13 %). For comparison, we calculated the same metric to
evaluate the consistency of human experts’ individual re-
sponses during the first Delphi round of the consensus
process to establish the gold-standard orders, which showed
substantially lower consistency (41.4 %, SD: 11 %).

Both recommenders demonstrated significantly higher
consistency than the individual experts’ responses across
both the combined list and individual test categories
(p<0.005), while there were no statistically significant differ-
ences in consistency between CoT and zero-shot. The condi-
tional test category showed greater variability across both
recommenders and human experts compared to other cate-
gories, with significantly lower consistency than both the
essential test category and the combined list (p<0.001). This
highlights the intrinsic variability of recommendations in
conditional tests, even among human experts.

Modelling evaluation outcomes: fixed and
random effects

The evaluation of GPT-4o′s laboratory test recommendations
against gold-standard orders used the F1 score as a key
metric, revealing variability across different clinical cases
and prompting conditions (Figure 3). This variability was
observed at both intra-case and inter-case levels. Intra-case
variability referred to fluctuations in F1 scores within a
single case across different threads generated by the same
recommender, while inter-case variability highlighted dif-
ferences in average F1 scores between cases.

To quantify these influences while appropriately
modelling correlated observations within and across cases,
we employed an LME model. This model included fixed
effects (predictors of interest) for recommender, context,

Zayed et al.: Evaluating LLMs for lab test recommendations 2189



complexity, and test category as well as random effects to
accommodate variability at three hierarchical levels: case
ID, thread ID, and repeated prompting ID; a specific variable
that groups all repeated threads belonging to the same

conditions (i.e., specific combinations of case ID, recom-
mender, and test category).

Fixed effects analysis of the LMEmodel showed that the
prompting strategy (recommender) exerted a minor but

Figure 1: Overview of the study design and key findings evaluating GPT-4o, a large languagemodel (LLM), for clinical laboratory test recommendations.
The study simulated 15 clinical cases— 10 from primary care and 5 from emergency room settings— and used two prompting strategies (zero-shot and
chain-of-thought) to assess GPT-4o’s test recommendation performance. Model outputs were compared against expert consensus-derived gold-
standard test orders, developed through the Delphi method (3 expert panels, 3 rounds each). The evaluation focused on self-consistency, precision, and
recall. GPT-4o demonstrated higher self-consistency than individual experts, with moderate-to-high precision (68–82 %) and lower recall (41–51 %),
indicating a potential risk of underutilization. Test recommendations were categorized as essential, conditional, or unnecessary.

Figure 2: Consistency of model recommended
tests in repeat prompting. The mean Jaccard
similarity between lists of recommended lists
in each category is shown for both prompting
strategies (zero-shot and CoT) compared to
individual responses from human experts.
Both prompting strategies showed
significantly higher consistency than individual
experts across the combined list and both test
categories (p<0.005), with no statistically
significant difference between CoT and zero-
shot. The conditional test category had greater
variability than both the essential category and
the combined list, highlighting the inherent
variability in conditional recommendations,
even among human experts.
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marginally significant effect, with CoT underperforming
zero-shot by ∼0.05 (p<0.05) (Figure 4). In contrast, the test
category showed the strongest impact. Conditional tests
underperformed significantly, with F1 scores ∼0.39 lower
than the combined list of tests (p<0.001), while essential tests
performed slightly better (∼0.04 higher, though not signifi-
cant). Case complexity and clinical context did not signifi-
cantly alter performance, once variability across cases and
threads was accounted for. Random effects analysis was
detailed in Supplementary Figures 1 and 2.

Aggregated evaluation of GPT-4o
recommenders

Building on the variability analysis and mixed-effects
modelling of GPT-4o′s laboratory test recommendations,
we aggregated performance metrics to assess the recom-
menders at a broader level. Specifically, we analysed both
the combined list of tests and individual test categories
provided by both recommenders, using precision, recall, and
accuracy in addition to the F1 score for a more nuanced
evaluation (Figure 5).

The aggregated analysis revealed consistently high
accuracy (>98 %) across all test categories for both

recommenders, highlighting the model’s ability to exclude
unnecessary tests effectively. However, as noted inMethods,
precision and recall more informative indicators.

Both recommenders achieved moderate to high preci-
sion rates for the combined list of tests: approximately 68 %
for zero-shot and 82 % for CoT. Recall rates were lower,
ranging from low to moderate: 41 % for CoT and 51 % for
zero-shot. Precision consistently outperformed recall across
categories, reflecting the recommenders’ strong focus on
minimizing the risk of overutilization but suggesting a
potential trade-off with recall. Additionally, the aggregated
precision and recall values showed variability across test
categories, with conditional tests exhibiting significantly
lower values than essential tests, aligning with patterns
observed in the fixed-effects modelling.

False negatives and false positives: insights
for performance optimization

The variability in the aggregated metrics underscored the
need to move beyond and explore the underlying lists of FN
and FP tests in detail. Understanding the nature of these
errors provided actionable insights into the clinical rele-
vance of the model’s recommendations and inform targeted

Figure 3: F1 scores of recommender GPT in all cases against gold-standard (combined list of tests). Box plots show the distribution of F1 scores across the
threads (10 repeated prompts) of all cases of different clinical contexts (GP or ER) and different complexities (simple, moderate, or complex) using both
prompting strategies (CoT and zero-shot recommenders). The average F1 score values for each case for each recommender are also shown.
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strategies to address the most impactful gaps to optimize the
balance between precision and recall and subsequent risks
of overutilization and underutilization (Figure 6). Table 1

also provides an illustrative example of a simulated complex
GP clinical case (GP-S8) with laboratory test recommenda-
tions from GPT-4o and expert consensus.

Figure 4: Fixed coefficient plot of fixed effects on recommender evaluation (F1 score). The intercept, representing the baseline F1 score for the reference
levels (recommender=zero-shot, test category=combined, context=GP, complexity=simple), was estimated at 0.615. The prompting strategy
(recommender) exerted a minor but marginally significant effect, with CoT underperforming zero-shot by ∼0.05 (p<0.05). In contrast, the test category
showed the strongest impact. Conditional tests underperformed significantly, with F1 scores ∼0.39 lower than the combined list of tests (p<0.001), while
essential tests performed slightly better (∼0.04 higher, though not significant). Case complexity and clinical context did not significantly alter
performance.

Figure 5: Aggregated evaluation metrics of GPT-4o Recommenders across different test categories.
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False negatives: understanding
underutilization

To evaluate the risk of underutilization by the GPT-4o
recommenders, we analyzed the false negative (FN) tests,
focusing on those included in the gold-standard orders for at
least three cases but frequently missed by the model.
Figure 7 highlights the frequency of these tests and their
missing rates as aggregated across various cases and
threads. A notable finding was the prevalence of tests from
the Comprehensive Metabolic Panel (CMP) among FNs, with
11 tests contributing substantially to the overall FN count and
the reduction in recall (sensitivity). This pattern suggests the
model’s limitation in recommending individual tests when
comprehensive panels are needed, likely due to the absence
of such panels in the local test menu. This discrepancy un-
derscores the importance of aligning models with local test
menus to fit clinical needs in different healthcare settings.

False positives: understanding
overutilization

We examined the potential for overutilization by identifying
false positive (FP) tests generated by the GPT-4o recom-
menders. Cross-checking these recommendations against

the first Delphi round of expert consensus revealed two
distinct groups. The first group included 66 tests recom-
mended in 433 threads (44 % of all FP occurrences) that were
also recommended by at least one human expert. In contrast,
the second group included 148 tests recommended in 547
threads (56 % of all FP occurrences) that did not appear on
any expert’s list. Notably, the two groups differed in their
average recommendation frequency (about seven threads
per test vs. 4 threads per test, respectively) suggesting that
the model more repeatedly (and possibly more confidently)
recommended those tests that had some expert support.

Discussion

In this study, we evaluated the performance and consis-
tency of GPT-4o in recommending laboratory tests for
diverse simulated clinical scenarios in primary and emer-
gency care settings. Unlike previous studies on LLMs has
often focused on diagnostic reasoning capabilities in “one-
shot” formats [14, 16], this study focused on a critical yet
distinct component of clinical decision-making: laboratory
test ordering. The real-world clinical environment is a dy-
namic process where decisions are refined over multiple
encounters, making this aspect of model evaluation
particularly relevant.

Figure 6: Proportional venn diagram illustrating the overlap between gold-standard orders, zero-shot, and chain-of-thought (CoT) recommendations.
Each circle represents the set of test recommendations by each group. True positives (TP) indicate correct test recommendations that overlap between
the respective recommenders and the gold standard. False positives (FP) highlight incorrect tests recommended by the respective recommenders
(zero-shot or CoT) that do not align with the gold-standard. False negatives (FN) represent necessary tests identified by the gold-standard but missed by
both recommenders. The bottom-left true negatives (TN) region outside the circles represents all other tests in the lab test menu that were correctly
excluded by all groups.
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Strengths

A distinguishing feature of our study was its benchmarking
approach. Rather than relying on expert evaluation of the
model’s recommendations, we evaluated these against
independently established gold standard test orders. This

design choice minimized bias and ensured a more objective
reference point.

Notably, while some studies have leveraged published
case scenarios with known “correct” answers [16, 27, 28], we
instead simulated fictional clinical cases tailored to our task
and derived consensus-based gold standards specific to

Table : Illustrative example of a simulated complex GP clinical case (GP-S) with laboratory test recommendations from GPT-o and expert consensus.

GP-S: Progressive fatigue, pallor, and dark stools (complex case)

Clinical context details A -year-old man presents with progressive fatigue, pallor, and shortness of breath on exertion for the past two months.
He has also noticed dark stools and occasional dizziness.

Past medical history – Chronic diseases: hypertension, gastroesophageal reflux disease
(GERD)

– Previous investigations: colonoscopy two years ago, which was
normal

– Medications: lisinopril 20 mg daily – omeprazole 20 mg daily

– Allergies: none
– Lifestyle factors: former smoker (quit

15 years ago), drinks alcohol occasionally,
works as an accountant, sedentary lifestyle

Presenting symptoms – Progressive fatigue
– Pallor

– Shortness of breath
on exertion

– Dark stools

– Occasional dizziness
– No significant weight loss or fever

Physical examination findings – Vital signs:
– Temperature: 36.9 °C
– Blood pressure: 110/70 mmHg
– Heart rate: 95 bpm
– Respiratory rate: 18/min

– General appearance: appears pale and fatigued

– Skin: pallor, no rashes or bruising
– Cardiovascular: regular rhythm, no murmurs
– Respiratory: clear breath sounds
– Abdominal: soft, non-tender, mild epigastric tender-

ness, no palpable masses
– Rectal examination: dark, tarry stool

Gold standard tests (with TP rates) Other test recommendations (with FP rates)

Test Zero-shot CoT Test Zero-shot CoT Experts, n

Essential CRP (blood)   Occult blood in stool   

Complete blood count, incl. WBC differ-
ential count

  Folate (blood)   

Iron and transferrin (incl. Transferrin
saturation) (blood)

  Urea (blood)   

Creatinine (blood)   Sodium (blood)   

Gamma GT (blood)   Potassium (blood)   

Ferritin (blood)   Chloride (blood)   

Conditional NT-proBNP (blood)   Bicarbonate (blood)   

Reticulocyte count (blood)   Prothrombin time (PT)
(blood)

  

Bilirubin total and direct (blood)   aPTT (blood)   

ALT (GPT) (blood)   AST (GOT) (blood)   

Alk. Phosphatase (blood)   Haptoglobin (blood)   

Vitamin B (blood)   TSH, free T, free T
(blood)

  

F score (median) Zero-shot CoT Precision (median) Zero-shot CoT Recall (median) Zero-shot CoT
.% .% .% .% .% .%

This Table provides the clinical case details including patient context, presenting symptoms, examination findings, and gold-standard laboratory tests derived
through expert consensus. The table displays how frequently each essential or conditional test was correctly recommended (true positives, TP) by GPT-o
under zero-shot and chain-of-thought (CoT) prompting strategies across  threads. It also lists other tests recommended by the model that were not part of
the gold standard (false positives, FP), along with the number of experts (n) who independently recommended them during the first Delphi round. Summary
performance metrics (median F score, precision, and recall) are presented at the bottom to reflect the model’s performance on this case.
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laboratory test ordering. This approach also reduces the
likelihood of overlap with the model’s training data,
strengthening the validity of our results.

Our findings underscore the importance of evaluating
repeat prompting. GPT-4o displayed higher self-consistency
across multiple threads than was observed among individual
human experts during their first Delphi round, confirming
results from other studies [29]. Interestingly, despite prior
research suggesting that different prompting strategies can
significantly affect model performance in medical tasks [16,
30], no significant differences between zero-shot and CoT
were observed in this study. This contrast raises the

possibility thatmore advancedmodels likeGPT-4omaybe less
sensitive to traditional prompt engineering strategies [31].

Beyond prompting strategies, we used an LME model to
disentangle various fixed and random effects on F1 scores.
Our analysis revealed that case complexity and clinical
context did not significantly alter performance, indicating
the broad applicability of general-purpose LLMs across
diverse medical scenarios.

Moreover, distinguishing between essential and condi-
tional test order categories was instrumental in localizing a
substantial amount of variability to the conditional test
category, as confirmed by self-consistency results and the

Figure 7: List of aggregated false negative tests. Bars represent the number of threads in which each test was missed, grouped by recommender
(zero-shot and CoT). Red diamonds indicate the FN percentage relative to the total number of recommendations for each test according to the gold
standard. Tests are categorized as essential, conditional, or included in both test categories. Shaded rows highlight tests from the comprehensive
metabolic panel (CMP), which account for a substantial portion of the FN count.
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LME model’s findings. The intrinsic variability of this cate-
gory reflects the wide diagnostic landscape of clinical cases.
Additionally, distinguishing conditional tests may aid in
designing and recommending automated reflex-testing
laboratory orders. However, for some aggregated perfor-
mance metrics, we chose to highlight the combined list of
recommended tests as it considers the overall model
recommendation capability and accounts for necessary tests
recommended (TPs) but assigned to a different category than
the gold-standard test orders.

Limitations

Despite these strengths, certain limitations underscore the
need for cautious interpretation and future work. First, the
clinical scenarios employed here, while crafted to be real-
istic, remain simulated rather than based on real-world
patient data, a choice largely driven by ethical and regula-
tory constraints preventing clinical data sharing with third-
party APIs. Consequently, whether the model would handle
the complexities, data gaps, and nuances of authentic clinical
environments remains an open question. Additionally, we
did not evaluate the model’s evidence-based rationale – an
aspect crucial for clinicians’ trust and safe implementa-
tion. Finally, while moderate-to-high precision was
observed, lower recall rates may lead to underutilization
of necessary tests.

Balancing underutilization vs. overutilization

While bothmodels demonstratedmoderate to high precision
(68 % for zero-shot and 82 % for CoT), their lower recall rates
(41 and 51 %, respectively) suggest a cautious approach that
limits excessive testing but risks omitting necessary ones.

The FN analysis identified missing tests commonly
included in the CMP panel as a substantial contributor to
underutilization, highlighting the model’s challenges in
recommending individual tests that are typically ordered as
part of a larger panel. This underscores the need to align
recommendations with local test menus and standardized
panels. However, since these tests are routine in clinical
practice, real-world omissions are unlikely.

On the FP side, recommendations were categorized
into two groups: those overlapping with expert-provided
individual responses (44 %) and those unsupported by any
expert (56 %). This distinction helps differentiate between
reasonable clinical reasoning and potential overutilization.
Further evaluation of the model’s references and rationale

is needed to confirm the appropriateness of these
recommendations.

Conclusions

The findings suggest targeted strategies for improvement,
which include finetuning model outputs to align recom-
mendations with local test menus and guidelines and veri-
fying model’s justifications. A key next step involves
evaluating LLMs in real-world clinical settings to assess their
performance, considering patient data variability, guide-
lines, and user inputs. These studies should include clinician
feedback, examine medicolegal implications, and measure
patient outcomes to ensure LLM-driven clinical decision
support is effective and safe [32].
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