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Article Info Abstract

Introduction: Artificial intelligence (AI) has been 
progressively incorporated into the clinical analysis 
laboratory, optimizing data management, detection of 
complex patterns, and image-based diagnostic support. 
Among emerging tools, Large Language Models (LLMs) 
represent a significant advance by enabling natural language 
processing for clinical, analytical, and academic tasks. 
However, their performance is heterogeneous and depends 
on model architecture, training, and contextual fine-tuning. 
Objective: To compare the performance of eight openly 
accessible large language models (LLMs) applied to the 
biomedical domain by assessing their output quality and 
inter-rater consistency.  

Materials and Methods: A cross-sectional comparative 
study was carried out. Eight LLMs (ChatGPT-4, DeepSeek 
V3.1, Gemini, Copilot GPT-5, Claude 3.5 Haiku, Perplexity 
AI, DeepAI, and Poe) were queried using six standardized 
questions regarding the analytical evolution of blood 
glucose measurement. Responses were evaluated by two 
independent automated systems (Text Cortex AI and 
Grok Code Fast 1) using a Likert scale from 1 to 10 and 
considering eight criteria of textual and scientific quality. 
Friedman and Wilcoxon–Holm tests were used for global 
and pairwise comparisons, and Pearson and Spearman 
coefficients were calculated to assess inter-rater agreement. 

Results: Significant differences were identified among 
models (p < 0.001). The LLMs Gemini, DeepSeek, and 
ChatGPT-4 obtained the highest scores (medians > 8.5), 
whereas DeepAI and Poe showed lower performance. Inter-
rater correlation based on median scores showed a markedly 
strong linear association (r = 0.91; p = 0.0019) and a robust 
ordinal agreement (ρ = 0.83; p = 0.011). The least-squares 
regression line (E2 = 1.37·E1 – 3.25) indicated a sustained 
positive relationship between the two systems, with 
balanced dispersion around the linear model. These findings 
confirm the stability of the evaluation pattern and support 
the reproducibility of the method. 
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Conclusion: The LLMs with greater complexity and contextual 
fine-tuning demonstrated superior accuracy, coherence, and 
reproducibility; however, it is suggested that LLMs may serve 
as complementary tools depending on the clinical or research 
context. Their use in healthcare requires methodological 
validation and expert oversight to ensure safety and clinical 
applicability within established ethical and regulatory 
frameworks.

Introduction
Artificial intelligence (AI) has become a key pillar in the 
clinical laboratory due to its ability to analyze large volumes 
of data, identify complex patterns, and support both clinical 
and operational decision-making [1,2]. Its applicability extends 
across all three phases of the diagnostic process. In the pre-
analytical phase, recognized as the most vulnerable stage of 
the diagnostic process, AI and data analytics help to reduce 
frequent errors (such as those related to patient identification 
or sample handling), optimize simple traceability, and promote 
the standardization of procedures [3-5]. In the analytical phase, 
machine learning approaches have been applied to quality 
control, outlier detection, and automated validation, thereby 
improving the reliability and consistency of reported results 
[2,6]. In the post- analytical phase, integration with EHR 
systems enables risk stratification and clinical decision support; 
for instance, predictive models for sepsis can anticipate septic 
shock with robust performance (AUC ≈ 0.83) prior to clinical 
onset [7]. Additionally, the use of indirect data-driven methods 
to estimate reference intervals has expanded. A recent study in 
a Puerto Rican population applied unsupervised learning and 
demonstrated age- and sex-specific variations [8]. Outside the 
strictly analytical setting, AI-based triage systems in emergency 
departments show potential for improving prioritization 
and process consistency, however, they require multicenter 
validation and standardized reporting [9,10]. Finally, large 
language models (LLMs) provide a natural-language interface 
that is useful for documentation, synthesis, and diagnostic 
support. Recent literature and systematic reviews describe their 
applications, limitations, and safety considerations as well as 
ongoing clinical trials evaluating their implementation [11-13]. 
In this context, it is crucial to systematically and critically 
assess the performance of these tools in tasks that require 
historical knowledge, factual accuracy, and clarity of 
exposition. This study aims to compare the performance of 
eight language models by analyzing their responses to six 
standardized questions addressing the historical evolution 
and methodological development of glucose measurement. 
The evaluation includes an assessment of historical accuracy, 
the reliability of verifiable sources, and the precision, clarity, 
and comprehensiveness of the generated content. It also 
examines originality, factual coherence, argumentative depth, 
and adherence to academic style based on predefined criteria. 
Inter-rater agreement will be quantified using correlation 
coefficients to ensure methodological rigor. In summary, this 

approach intends to provide a robust estimation of the utility 
and limitations of large language models as supportive tools in 
clinical, educational, and research settings.

Materials and Methods
Study Design
A cross-sectional comparative study with non-parametric 
statistical analysis was conducted to evaluate the performance 
of eight LLMs. 

Analyzed Models
The models included in the analysis were selected because they 
represent the main architectures and technological families of 
freely accessible LLMs available at the time of the study:
M1: ChatGPT-4 (OpenAI)
M2: DeepSeek V3.1
M3: Gemini (Google DeepMind)
M4: Copilot Smart GPT-5 (Microsoft)
M5: Claude 3.5 Haiku (Anthropic)
M6: Perplexity AI
M7: DeepAI
M8: Poe (Quora)
Each model was queried on October 10, 2025, under 
standardized conditions using a set of six sequential questions 
designed to assess knowledge of the historical evolution, 
analytical foundations, and technological applications of blood 
glucose measurement. These questions addressed, among other 
aspects, the initial description of the colorimetric method, 
the introduction of the enzymatic method, key milestones 
in laboratory automation, and recent innovations in portable 
devices and integrations with artificial intelligence.
The responses obtained were compiled in text format and 
evaluated automatically and independently by two AI-based 
systems: E1: Text Cortex IA and E2: Grok Code Fast 1. 
Both are freely accessible tools that function as independent 
evaluators, assigning scores on a Likert scale from 1 to 10 
(with 10 being the highest rating) based on eight predefined 
criteria: historical accuracy, exhaustiveness, narrative clarity, 
verifiable sources, originality, factual coherence, argumentative 
depth, and academic style.

Statistical Analysis
Non-parametric methods were applied, as they are suitable 
for ordinal data and asymmetric distributions. Descriptive 
measures included the median and interquartile range (IQR). 
Overall comparisons of model scores were conducted using 
the Friedman test. Post-hoc analyses were performed with the 
paired Wilcoxon test, applying Holm’s correction to control for 
multiple-comparison error.
Inter-rater consistency was assessed using Pearson (r) and 
Spearman (ρ) correlation coefficients. The significance level 
was set at α = 0.05.
All analyses were performed using SPSS Statistics version 
20.0.
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Results
The comparative analysis demonstrated statistically significant 
differences among the evaluated models for both scoring 
systems (E1 and E2), with Friedman test p-values < 0.001. 
This supports the presence of true variability in the models’ 
performance when addressing standardized blood glucose 
measurement queries.  
According to the scores assigned by evaluator E1, models M3, 
M2, and M1 constituted the highest-performing group (Table 
1). Their medians and interquartile ranges (IQR: Q3–Q1) were 
8.9 (0.9), 8.7 (1.0), and 8.6 (1.0), respectively, reflecting a high 
degree of narrative consistency, argumentative clarity, and 
historical accuracy (Figure 1). Models M4 and M5 showed 
intermediate performance, whereas M6, M7, and M8 ranked in 
the lower tier, with scores below 7 points on the Likert scale.
The post-hoc Wilcoxon analysis with Holm correction 
confirmed significant differences between the top-performing 
group (M3–M2–M1) and the lower-performing group (M7–
M8–M6), validating the robustness of the resulting ranking.
Evaluator E2 identified a similar pattern, although with slight 
variations in internal ordering (Table 1). In this case, M1 
achieved the highest median—9.4 (0.7)—followed by M2 with 
8.6 (0.7) and M3 with 8.0 (1.4) (Figure 2). Models M4 and 
M5 maintained acceptable values, whereas M6, M7, and M8 

exhibited significantly lower performance (p < 0.05 in pairwise 
comparisons M1 > M8; M2 > M7; M2 > M8).
Inter-rater correlation calculated from median scores 
demonstrated a very high linear association (r = 0.91; p = 
0.0019) and a robust ordinal agreement (ρ = 0.83; p = 0.011). 
The least-squares regression line (E2 = 1.37·E1 – 3.25) 
indicated a sustained positive relationship between the two 
systems, with balanced dispersion around the linear model 
(Figure 3). These results confirm the stability of the evaluation 
pattern and support the reproducibility of the method.
The joint analysis of the assessments provided by both 
evaluators indicates that models M1, M2, and M3 constitute 
the group with the highest overall performance. This group 
is characterized by producing coherent and well-structured 
responses, demonstrating strong contextual command of 
scientific information, maintaining high levels of narrative 
clarity, exhibiting low dispersion (reflected in a narrow 
interquartile range) and showing a high degree of consistency 
across independent evaluators.
In contrast, models with simpler architectures (M6–M8) 
exhibited limitations in factual precision, use of verifiable 
references, and argumentative development—critical aspects in 
biomedical applications (Table 3).

Values are expressed as median [interquartile range, IQR] on a Likert scale of 1 to 10, where 10 represents the highest possible score (maximum clarity, 
coherence, and analytical precision).
The Friedman and Wilcoxon–Holm tests were applied to identify global and pairwise differences among models, respectively.

Table 1: Comparison of Model Performance: Text Cortex vs. Grok Code Fast 1.

Model Median [IQR] 
Text Cortex *

Interpretation (Text Cortex)
Median [IQR] 

Grok Code Fast 1
**

Interpretation (Grok Code Fast 1)

M1 8.6 [1.0] Robust and well-balanced performance 9.4 [0.7] Highest overall performance

M2 8.7 [1.0] Stable coherence and depth 8.6 [0.7] High coherence

M3 8.9 [0.9] Maximum narrative clarity 8.0 [1.4] Slight variability

M4 8.1 [0.9] Good intermediate performance 8.1 [0.9] Good stability

M5 7.3 [1.2] Moderate variability 6.9 [1.3] Moderate dispersion

M6 6.8 [1.2] Lower but acceptable performance 6.9 [0.9] Intermediate performance

M7 6.6 [0.7] Limited accuracy 5.6 [1.2] Low accuracy

M8 6.4 [0.7] Low and homogeneous performance 4.8 [1.4] Significantly lower performance

Results

* Text Cortex evaluator: χ² (7) = 46.97; p < 0.001 → significant 
differences. Post-hoc (Wilcoxon–Holm): significant differences between 
the top-performing group (M3–M2–M1) and the lower group
(M7–M8–M6).

** Grok Code Fast 1 evaluator: χ² (7) = 53.88; p < 0.001 → highly 
significant differences. Post-hoc (Wilcoxon–Holm): M1 > M8 (p = 
0.0413); M2 > M7 (p = 0.0210); M2 > M8 (p = 0.0108).
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Table 2: Inter-Rater Correlation Between E1 and E2.

Figure 1: Comparative Performance Ranking.

Figure 2: Inter-Rate-Correlation. Text Cortex vs Grok Code Fast 1.

Table 3: Comparative Summary of Overall Performance by Evaluator.
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Parameter Value Interpretation

Pearson's r 0.91 Very high linear correlation (quantitative consistency)

Spearman's ρ 0.83 Robust ordinal correlation (agreement in ranking order)

Evaluator Overall Median Overall IQR Significance (Friedman)

E1 7.7 [6.6–8.8] p < 0.001

E2 7.6 [6.3–8.7] p < 0.001
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Discussion
The results of this study demonstrate that the evaluated 
LLMs - particularly models M1, M2, and M3 - exhibit a 
clear advantage in both analytical capacity and narrative 
generation compared with general-purpose or minimally 
trained models. This superiority may be attributed to three key 
factors: (a) the multimodal scale of training (text and possibly 
additional modalities), (b) biomedical contextual calibration, 
and (c) optimization of semantic understanding. Overall, 
these components enhance stability and accuracy in clinical 
reasoning tasks, giving specialized models a more robust 
capacity to process complex information and generate coherent 
responses within the biomedical domain.
The use of non-parametric tests - such as the Friedman and 
Wilcoxon–Holm tests - was particularly appropriate for 
comparing non-normal distributions and minimizing the 
influence of outliers. Reporting medians and interquartile 
ranges (IQR) provided a bias-resistant characterization of 
central tendency, offering an accurate representation under 
conditions of high variability. Additionally, the incorporation 
of two independent automated evaluators strengthened the 
objectivity of the analysis and reduced the risk of subjective 
bias, demonstrating that automated systems can faithfully 
reproduce scientific evaluation criteria.
The high inter-rater correlation observed in this study confirms 
the reproducibility and consistency of the evaluation process. 
The observed linear concordance (r = 0.91; p = 0.0019) 
indicates that both systems largely agree on the magnitude of 
assigned scores, while the ordinal correlation (ρ = 0.83; p = 
0.011) demostrates strong agreement in the relative ranking of 
models. These values fall within the range considered strong 
evidence of validity and stability in reproducibility studies, as 
reported in methodological literature [14].
The adjusted regression line (E2 = 1.37·E1 – 3.25) exhibited 
a pronounced positive slope, suggesting that variations in 
scores assigned by Text Cortex are proportionally reflected 
in the scores assigned by Grok Code Fast 1. The balanced 
distribution of points around the fitted line confirms the absence 
of systematic evaluator-specific biases and indicates that the 
observed dispersion arises from inherent variability in LLM 
performance. These results reinforce the methodological rigor 
of the study, demonstrating that evaluation was consistent, 
stable, and free of systematic scoring effects.
Our findings are consistent with recent evidence showing 
that LLM performance depends significantly on model 
architecture, training volume, and the degree of fine-tuning to 
the biomedical domain. For instance, one review study reported 
that LLMs can answer free-text medical queries with promising 
levels of aptitude but still show heterogeneous results [15]. In 
another study, which evaluated an LLM on the United States 
Medical Licensing Examination a performance exceeding 
85% accuracy was reported, highlighting the model’s capacity 
for contextualized clinical reasoning [16]. Similarly, recent 
methodological reviews indicate that factual accuracy and 

narrative consistency in advanced models depend not only 
on training corpus size but also on hallucination control and 
reinforcement with clinically verified data via Reinforcement 
Learning with Human Feedback [17]. These factors may 
explain the observed superiority models M1 and M3 over less 
specialized models such as M6 and M8, which lack systematic 
biomedical fine-tuning.
The integration of LLMs with structured knowledge bases 
(e.g., UMLS, SNOMED CT, PubMedQA) has been shown 
to improve factual coherence and reduce interpretive errors, 
reinforcing the contextual validity of their responses [15]. 
This observation aligns with the results of the present study: 
the models with greater semantic integration and medical 
contextualization - M1 and M3 - achieved the highest clarity 
and accuracy scores.
From a statistical standpoint, the choice of non-parametric 
methods is well supported in the AI evaluation literature, given 
the frequent non-normality of score distributions between 
models [18]. Likewise, the high inter-rater correlation obtained 
is consistent with values reported in previous studies as 
markers of reproducibility in automated evaluation contexts 
[14].
From a broader perspective, our results reinforce the premise 
that the quality of AI in healthcare depends not only on 
algorithmic scale but also on ethical, regulatory, and human 
supervision frameworks. In this regard, the findings align with 
conclusions established in other works [15,19]. Consequently, 
the integration of AI into clinical laboratory workflows requires 
prospective validation, documentation traceability, and expert 
review before implementation in critical medical decisions.
From an applied perspective, the results confirm that LLMs 
can play a complementary role in the generation, analysis, 
and interpretation of biomedical knowledge, provided their 
performance is validated through objective, reproducible, and 
comparative criteria. In particular, model M1 emerges as the 
most consistent in precision and conceptual clarity, suggesting 
potential applications in clinical laboratory support, scientific 
writing, and medical education.
Nevertheless, their use should be conceived as a form of 
cognitive assistance intended to complement, not to replace 
professional human judgment and critical review. In high-
stakes settings, the presence of biases, inaccuracies, or errors 
may carry serious consequences.
Among the main limitations of this study, it should be noted 
that the analyzed responses represent a single temporal 
snapshot of performance; therefore, potential variations due 
to model updates or architectural modifications were not 
evaluated. Future research should incorporate longitudinal 
analyses to examine performance evolution across new 
versions or training adjustments. Additionally, we recommend 
including further metrics of semantic coherence, expert 
cross-validation, and thematic sensitivity testing in specific 
biomedical areas such as oncology, genetics, or molecular 
diagnostics, in order to strengthen the evaluative framework 
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and consolidate clinical applicability.

Conclusions
The results of this study indicate that M1 achieved the highest 
overall performance, followed by M2 and M3. However, it is 
suggested that LLMs may operate in a complementary manner, 
as one model may outperform another in specific criteria, 
providing differentiated strengths depending on the evaluation 
conducted. The correlation analysis revealed a high level of 
consistency between the two automated evaluators (r = 0.91; ρ 
= 0.83), reinforcing the methodological robustness of the study. 
The fitted regression line, E2 = 1.37·E1 – 3.25, showed a stable 
positive relationship between the systems, with no evidence of 
differential bias. Taken together, these findings confirm that the 
inter-model comparisons were carried out under reliable and 
reproducible evaluation conditions.
These results suggest that LLMs represent promising tools for 
analytical and documentary support in the clinical laboratory 
context, provided their use is accompanied by appropriate 
ethical, regulatory, and methodological safeguards.
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