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Article 

Use of Artificial Intelligence Chatbots in 
Interpretation of Clinical Chemistry and Laboratory 
Medicine Reports: A Standardized Approach  
Fabiana D’Urso and Francesco Broccolo 

Department of Experimental Medicine (DiMeS), University of Salento, 73100 Lecce, Italy; fabiana.durso@unisalento.it (F.D.); 
francesco.broccolo@unisalento.it (F.B.) 

Abstract: Laboratory medicine plays a crucial role in clinical decision-making, yet result interpretation often 
remains challenging for patients. This study evaluates the effectiveness of AI-powered conversational systems 
in interpreting laboratory test results, utilizing a closed-box training approach for Claude-based virtual 
conversational chatbot, focusing exclusively on laboratory data interpretation without clinical diagnosis. The 
system was tested using 30 laboratory reports from two different Italian laboratories, encompassing various 
biochemical parameters and measurement standards. The laboratories utilized different analytical platforms and 
methodologies, allowing us to evaluate the chatbot's ability to interpret results across diverse instrumental 
settings. The interpretation accuracy of Claude AI chatbot was rigorously evaluated through a peer review 
process involving three independent medical reviewers with extensive experience in laboratory medicine. 
Significantly, the Claude model showed zero hallucinations. The excellent performance was attributed to the 
closed-box training environment, high-quality domain-specific prompts, and pure generation mechanisms 
without external data access. This study suggests that carefully designed AI models can effectively bridge the 
gap between raw laboratory data and patient understanding, potentially transforming laboratory reporting 
systems while maintaining high accuracy and avoiding diagnostic territory. These findings have important 
implications for patient empowerment and healthcare communication efficiency. 

Keywords: artificial intelligence; laboratory medicine; patient communication; medical interpretation; healthcare 
technology 
 

1. Introduction 
Laboratory medicine plays a fundamental and decisive role in every physician's decision-

making process by providing essential test results that guide diagnosis and treatment [1-3]. However, 
laboratory reports often present raw numerical data with little to no contextual interpretation, leaving 
clinicians with the task of interpreting these results. [4]. Moreover, patients frequently receive their 
laboratory results with limited explanations, beyond indicating whether values are within or outside 
the reference range. 

Laboratory reporting comments are a crucial communication tool between the laboratory, the 
report holder, and the requesting physician. These comments, formulated in various ways, are 
generally aimed at clarifying interpretative aspects and suggesting possible diagnostic implications. 
In most of these applications, the reporting comment represents a kind of diagnostic complement 
necessary to increase the meaning and clinical use of a single result or, more frequently, of multiple 
results that are linked by pathophysiological interrelationships. 

Without adequate guidance, patients frequently turn to online resources, such as search engines 
or AI-based tools like ChatGPT, to interpret their results [5,6]. This often creates more confusion and 
leads to incorrect information [7]. Many recent studies have integrated clinical data into post-
analytical interpretations [8,9], leading to inaccurate conclusions (or hallucinations) due to the 
complexity of clinical information [10,11]. In contrast, our approach focuses on interpreting 
laboratory test results in isolation, ensuring that the conversational chatbot remains focused on 
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explaining the data presented in the report without attempting to diagnose or evaluate specific 
clinical conditions.  

This study aims to bridge the gap between patients and primary care physicians by offering AI-
guided clear explanations of laboratory test results [12,13], improving patient understanding without 
straying into diagnostic territory [14,15]. We have developed, trained, and validated a virtual 
conversational chatbot capable of interpreting a wide range of blood chemistry parameters, making 
information more accessible and meaningful for patients while avoiding the common pitfalls 
associated with integrating complex clinical data. 

2. Materials and Methods 
2.1. Clinical Chemistry Analysis Reports  

The goal was to identify laboratory parameters relevant to the patient-focused scenario. After 
discussions, consensus was reached on a core set of laboratory tests that included the following: Red 
Blood Cells (RBC), Hemoglobin (HB), Hematocrit (HCT), MCV (Mean Corpuscular Volume), MCH 
(Mean Corpuscular Hemoglobin), MCHC (Mean Corpuscular Hemoglobin Concentration), White 
Blood Cells (WBC), complete blood count (CBC) with differential (leukocyte subsets), gamma-
glutamyl transferase (GGT), glucose, total cholesterol, high-density lipoprotein (HDL), low-density 
lipoprotein (LDL), creatinine, aspartate aminotransferase (AST), alanine aminotransferase (ALT), and 
total bilirubin. In addition to this core set, a second group of tests was identified, including ferritin, 
prostate-specific antigen (PSA), thyroid-stimulating hormone (TSH), free thyroxine (FT4), alkaline 
phosphatase, activated partial thromboplastin time (aPTT), prothrombin time (PT), and glycated 
hemoglobin (HbA1c). eGFR (Glomerular Filtration Rate), BUN (Blood Urea Nitrogen); protein electrophoresis 
(Total Proteins, Albumin, Alpha 1, Alpha 2, Beta 1, Beta 2, Gamma, A/G Ratio). 

Laboratory A employed the Roche cobas® 8000 modular analyzer series for clinical chemistry 
and immunoassay testing, and the Sebia CAPILLARYS 3 system for protein electrophoresis [15,16]. 
Laboratory B utilized the Abbott Architect ci16200 integrated system and the DiaSorin LIAISON® XL 
for specialized immunoassay testing. This heterogeneity in analytical platforms provided an 
opportunity to assess the AI system's robustness in handling results from different manufacturers' 
reference ranges and measurement units [2,20]. 

2.2. Prompts and Claude AI chatbot 
The prompts, which are brief sets of instructions designed to guide the chatbot's responses, were 

crafted following best practices established in recent literature [5,16,17] to reduce the likelihood of 
'hallucinations' and avoid overly simplistic recommendations. This prompts were designed following 
best practices to reduce the likelihood of "hallucinations" (i.e., irrelevant or inaccurate responses) and 
to avoid overly simplistic recommendations, such as advising the user to consult a doctor. 

The system was tested using 30 laboratory reports from two different Italian laboratories, 
encompassing various biochemical parameters and measurement standards [2,12]. The laboratories 
utilized different analytical platforms and methodologies, allowing us to evaluate the chatbot's ability 
to interpret results across diverse instrumental settings. 

2.3. Interpretation Accuracy of Claude AI Chatbot 
The interpretation accuracy of Claude AI chatbot was rigorously evaluated through a peer 

review process involving three independent medical reviewers with extensive experience in 
laboratory medicine [4,8]. Each reviewer independently assessed the chatbot's interpretations 
without knowledge of the others' evaluations, using a standardized scoring system to evaluate 
accuracy, completeness, and clinical relevance of the generated interpretations [12,19]. 

The reviewers evaluated several key aspects: 
Technical accuracy of result interpretation 
Appropriateness of reference range contextualization 
Clarity and accessibility of language for patient understanding 
Consistency of interpretations across different analytical platforms 
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Identification of clinically significant patterns and interrelationships 
This structured validation process allowed us to quantify the reliability and consistency of the 

AI interpretations across different laboratory settings and instrumental platforms [2,15]. The peer 
review process was particularly crucial in validating the chatbot's ability to maintain accuracy while 
translating technical data into patient-friendly explanations [6,7]. 

Importantly, the reviewers also assessed the chatbot's performance in handling platform-specific 
variations in reference ranges and units of measurement [16,17]. This evaluation was essential given 
that different analytical platforms may produce slightly different reference intervals for the same 
analyte, requiring the AI system to contextualize results appropriately based on the specific 
methodology used [15,19]. 

• To ensure standardization of the review process, the medical reviewers used a detailed evaluation 
rubric that included specific criteria for assessing: 

• Accuracy of numerical value interpretation 
• Appropriate contextualization of platform-specific reference ranges 
• Correct identification of out-of-range values 
• Proper handling of unit conversions when necessary 
• Consistency in interpretation across different analytical systems [8,12,20] 

The evaluation process was conducted over a three-month period, allowing sufficient time for 
thorough assessment of each report and its corresponding AI interpretation. This comprehensive 
validation approach helped establish the reliability and clinical utility of the AI system across 
different laboratory settings and analytical platforms [2,4,15]. 

3. Results 
In this study, we used 30 laboratory reports covering a variety of laboratory medicine tests. These 

reports included clinical biochemistry panels, protein electrophoresis profiles, electrolyte levels, and 
urinalysis results. The data came from two different laboratories, each using distinct equipment and 
varying units of measurement. This diversity allowed us to evaluate the virtual conversational 
chatbot's ability to handle heterogeneous data formats and measurement standards. 

Each report was uploaded to the chatbot in PDF format, and the AI was tasked with interpreting 
the results. To ensure the reliability of the machine learning model's performance, prompts were 
repeated at different times to verify the consistency of the interpretations provided. By using reports 
from different laboratories and varying instrumentation, we aimed to test the chatbot's robustness in 
handling a wide range of laboratory data, ensuring that its interpretations were accurate regardless 
of the source or format of the input. 

Here, we presented 5 emblematic analysis reports to challenge the Claude -powered AI chatbot.  
Complete Clinical Chemistry Analysis reports of the cases are presented in Table 1. 

Table 1. Complete clinical chemistry analysis reports. 

Case Sex/Age Lab report results (out-of range value) 

#1 M/65 

RBC: 5.1 mil/µL; HB: 14.0 g/dL; HCT: 42%; MCV: 82 fL; MCH: 28 pg; MCHC: 34 g/dL; 
WBC: 7.2 mil/µL; Neutrophils: 55%; Lymphocytes: 35%; Monocytes: 7%; Eosinophils: 
2%; Basophils: 1%; Glucose: 55 mg/dL; HbA1c: 8.2% ; Total Cholesterol: 270 mg/dL; 
LDL Cholesterol: 180 mg/dL; Triglycerides: 220 mg/dL; Creatinine: 1.3 mg/dL; 
Ferritin: 10 ng/mL; GGT: 30 U/L 

#2(a) F/35 

AST: 2 U/L; ALT: 9 U/L; GGT: 8 U/L; Serum iron: 27 mch/dL; Ferritin: 29 ng/mL ; Folic 
Acid: 2,4 ng/mL; Homocysteine: 43 Umol/L; Vit D3: 24 ng/L; Vit B12: 314 pg/ml; HDL 
Cholesterol: 64 mg/dL; LDL Cholesterol: 37 mg/dL; Total Cholesterol: 114 mg/dL; 
Triglycerides: 66 mg/dL ; eGFR: 78.58 ml/min/1.73m^2 ; BUN: 43 mg/dL 

#2(b) F/35 

RBC: 4.03 mil/µL; HB: 10.2 g/dL; HCT: 32.6%; MCV: 80.9 fL; MCH: 25.3 pg; MCHC: 
31.3 g/dL; WBC: 4.5 mil/µL; PLT: 278 10^3/uL; Neutrophils: 55%; Lymphocytes: 37%; 
Monocytes: 6.3% 
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Eosinophils: 1.1%; Basophils: 0.4%; Serum iron: 27 mch/dL; Ferritin: 26.6 ng/mL; Folic 
Acid: >20 ng/mL; Homocysteine: 16.2 Umol/L 

#3 M/54 

Albumin 56.61%; Alpha 1 3.62%; Alpha 2 9.14%; Beta 1 8.76% ng/ml; Beta 2 5.36%; 
Gamma 16.5%; A/G Ratio 1.30; Total Proteins 7 g/dl; Ferritin 424 ng/ml; Serum Iron 
116 mcg/dl; Gamma GT 29U/dL; ESR 2mm/h; CRP 0.9 mg/dL; AST 19 u/dL; ALT19 
u/dL; Total Cholesterol 233 mg/dL; Triglycerides 104 mg/dL; HDL Cholesterol 72 
mg/dl; Uric Acid 5.9 mg/ml; Creatinine 1.07 mg/dL; BUN: 24mg/; Glucose: 103 mg/dl; 
WBC 8.91 x10^3/uL; RBC 5.61 x10^6/uL: Hb 16 g/dL; RBC: 5.6 mil/µL; HCT: 47 %; 
PLT: 227x10^3/uL; Urine Test: yellow; Ph: 5; Sediment : rare transitional cells 

#4 F/50 

WBC: 11.2 x10^9/L; RBC: 4.1 x10^12/L; Hemoglobin: 11.8 g/dL; Hematocrit: 35%; 
MCV: 85 fL  
MCH: 28.8 pg; MCHC: 33.7 g/dL; Platelets: 385 x10^9/L; Glucose: 105 mg/dL; BUN: 25 
mg/dL; Creatinine: 1.3 mg/dL; eGFR: 58 mL/min/1.73m²; Sodium: 141 mEq/L; 
Potassium: 3.4 mEq/L; Chloride: 102 mEq/L; CO2: 25 mEq/L 

3.1.1. Case #1: Diabetic Patient with Critical Glucose Levels (figure 1) 
Patient Profile: Male, 65 years  
Key Findings: 
Critical hypoglycemia (55 mg/dL) ↓ 
HbA1c (8.2%) ↑ 
Dyslipidemia with total cholesterol (270 mg/dL) ↑ 
Creatinine (1.3 mg/dL) ↑ 
Ferritin (10 ng/mL) ↓ 
Potential Interpretation Pitfalls: 
Focusing solely on the critical glucose without noting the contradictory HbA1c 
Overlooking the combined cardiovascular risk factors 
Missing the relationship between elevated creatinine and diabetes management 
AI ChatBot interpretations: 
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Figure 1. AI ChatBot Interpretation of complete clinical chemistry analysis report (Case #1). 
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3.1.2. Case #2a: Iron and Folate Deficiency  
Patient profile: female, 35 years  
Key Findings: 
Serum iron (27 mch/dL) ↓ 
Folic acid (2.4 ng/mL) ↓ 
Homocysteine (43 Umol/L) ↑ 
Vitamin D3 (24 ng/L) ↓ 
Potential interpretation pitfalls: 
Focusing on individual deficiencies without considering their interrelations 
Overlooking cardiovascular risk from elevated homocysteine 
Missing the potential underlying malabsorption syndrome 
AI ChatBot interpretations: 
While some parameters are optimal (particularly the lipid profile), there are several areas 

requiring immediate medical attention, especially the critically elevated homocysteine and multiple 
nutritional deficiencies. The combination of these findings suggests the need for a comprehensive 
medical evaluation. 

3.1.3. Case #2b: Follow-Up Analysis  
Patient profile: same female, 35 years  
Key Findings: 
Hypochromic microcytic anemia 
Serum iron (26.6 mch/dL) ↓ (persistent) 
Homocysteine (16.2 Umol/L) ↑ 
Potential interpretation pitfalls: 
Failing to connect with previous results 
Missing the progression of anemia 
Overlooking the persistent elevated homocysteine despite normal folate 
AI ChatBot interpretations: 
The primary concern is iron deficiency anemia (confirming at the second sampling) requiring 

prompt attention. While other blood components are normal, the combination of low iron studies 
and anemia suggests the need for comprehensive evaluation and treatment. 

3.1.4. Case #3: Complex Metabolic Profile (table 4) 
Patient profile: male, 54 years  
Key Findings: 
Ferritin (424 ng/ml) ↑ 
Total cholesterol (233 mg/dL) ↑ 
Normal liver function tests 
urine pH ↓ 
Potential interpretation pitfalls: 
Missing the connection between elevated ferritin and potential inflammation 
Overlooking the need for iron overload assessment 
Failing to consider metabolic syndrome indicators 
AI ChatBot interpretations: 
Overall, these results indicate generally good health with a few areas requiring attention. The 

primary focus should be on cholesterol management and monitoring ferritin levels. The excellent 
inflammatory markers and normal organ function tests are very positive indicators. 

3.1.5. Case #4: Complex Metabolic Profile (figure 2) 
Patient profile: female, 50 years  
Key Findings: 
WBC: 11.2 x10^9/L ↑ 
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RBC: 4.1 x10^12/L ↓ 
Hemoglobin: 11.8/dL ↓ 
Hematocrit: 35% ↓ 
BUN: 25 mg/dL ↑ 
Creatinine: 1.3 mg/dL ↑ 
eGFR: 58 mL/min ↓ 
Potential interpretation pitfalls: 
Missing the connection between kidney function and electrolytes 
Missing mild anemia 
AI ChatBot interpretations: 
The results show several areas requiring medical attention, particularly regarding kidney 

function, electrolyte levels, and blood count parameters. Some values suggest the need for prompt 
medical evaluation.  
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Figure 2. AI ChatBot interpretation of complete clinical chemistry analysis report (Case #4). 

4. Discussion 
Our study demonstrates the remarkable potential of AI systems, particularly the Claude-based 

conversational chatbot, in transforming how laboratory results are interpreted and communicated 
[18,19]. This success stems from several key factors that address current challenges in laboratory 
reporting practices while opening new possibilities for patient care [20] 

The controlled training environment of our AI model proved crucial in achieving consistent and 
reliable interpretations, completely eliminating the risk of hallucinations, while maintaining strict 
adherence to privacy and security requirements [11,18]. This approach is particularly relevant given 
our finding that while 96% of Italian laboratories use interpretative comments, most lack 
standardized procedures within their teams. The implementation of high-quality, domain-specific 
prompts enabled the model to provide accurate interpretations of laboratory parameters without 
venturing into broader clinical assessments, effectively addressing the current inconsistencies in 
laboratory reporting practices. 

The success of this AI-based interpretation system points toward a transformative opportunity 
in laboratory medicine. Currently, laboratory reports are primarily designed for healthcare 
professionals, often presenting complex numerical data and specialized terminology that patients 
find difficult to comprehend. Our research suggests that integrating AI interpretation systems could 
enable laboratories to automatically generate patient-friendly versions of reports alongside 
traditional technical ones. This dual-reporting approach would include clear explanations of each 
parameter, intuitive graphical representations of results within reference ranges, and contextual 
information about general health implications, all while carefully avoiding diagnostic conclusions. 

The implementation of such an AI-guided interpretation system offers multiple advantages 
across the healthcare ecosystem [2,5]. For patients, it provides unprecedented access to 
understandable information about their health status [4], fostering greater engagement in their 
healthcare journey. This improved comprehension can significantly reduce anxiety related to test 
results and decrease reliance on potentially misleading online sources. Healthcare professionals 
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benefit from this system as well, as it allows them to focus their expertise on more complex aspects 
of patient care, such as developing comprehensive treatment plans and discussing nuanced clinical 
implications. 

Perhaps most significantly, this system has the potential to transform the doctor-patient 
relationship. When patients arrive at consultations with a better understanding of their laboratory 
results, discussions can become more productive and focused on treatment decisions rather than 
basic result interpretation. This enhanced communication pathway creates a more collaborative 
healthcare environment, potentially leading to improved health outcomes through better-informed 
decision-making and increased patient compliance with treatment plans. 

The evolution toward AI-assisted laboratory reporting represents a significant step forward in 
patient-centered healthcare delivery. By bridging the gap between technical medical data and patient 
understanding, while maintaining high standards of accuracy and reliability, this approach addresses 
multiple challenges in current laboratory medicine. The system not only streamlines healthcare 
delivery but also promotes a more effective and collaborative healthcare environment, ultimately 
contributing to better health outcomes through improved communication and patient engagement. 

Our findings suggest that the future of laboratory medicine lies in this harmonious integration 
of AI technology with traditional reporting systems, creating a more accessible, efficient, and patient-
centered approach to healthcare delivery. This evolution in laboratory reporting could serve as a 
model for other areas of healthcare where technical information needs to be effectively communicated 
to patients while maintaining professional standards and accuracy. 

5. Conclusions 
This evolution in laboratory reporting, made possible by artificial intelligence, represents a 

significant step toward more patient-centered medicine [3,15] and could contribute to improving 
health literacy in the general population. Future studies should explore the practical implementation 
of these evolved reporting systems [6,8] and their impact on patient satisfaction, treatment adherence, 
and overall health outcomes. 

Our study not only demonstrates the potential of carefully designed AI models to improve 
patients' understanding of laboratory results but also paves the way for a potential revolution in 
laboratory reporting systems. As AI continues to evolve, it promises to bridge communication gaps 
in healthcare, ultimately contributing to improved patient outcomes and more efficient healthcare 
delivery. Future studies should explore the practical implementation of these evolved reporting 
systems and their impact on patient satisfaction, treatment adherence, and overall health outcomes. 
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